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Abstract

Three transitions over the past century — the electrocardiogram displacing auscultation, ambulatory

blood-pressure monitoring displacing the office cuff, continuous glucose monitoring displacing the

fingerstick — each rewrote the clinical entity to which it applied. Breathing, captured today as a single

integer count of cycles per minute, has not yet undergone this transition, despite being the only

continuously accessible vital sign that integrates autonomic balance, chemoreflex sensing, and central

neural state in real time. Respiratory rhythm originates in a discrete brainstem substrate — the

preBötzinger complex — and is uniquely positioned among vital signs in being both autonomically

generated and voluntarily modulable. Respiration globally entrains cortical and limbic oscillatory activity

through nasal airflow, modulating gamma-band activity in frontal regions and theta-delta activity in

piriform cortex, amygdala, and hippocampus.15 Breathing structure is therefore not a downstream

projection of cardiovascular state but an upstream window onto integrated brainstem-autonomic-

cortical regulation. That breathing has not yet been observed at this resolution reflects an enabler gap,

not a physiological one. Three independent enablers have matured within the past five years to make

continuous structural observation of breathing through consumer hardware feasible: smartphone

MEMS microphones reaching 70–80 dBA signal-to-noise ratios with flat response across the

respiratory band; analytical methods — entropy, scaling-exponent, multifractal, and recurrence-

quantification analyses — adequate to characterise non-stationary respiratory time-series; and the FDA

General Wellness Policy, revised 6 January 2026, clarifying the regulatory geometry for non-diagnostic

physiologic observation. The present monograph synthesises evidence across 16 physiological systems

and grades each finding by the strength of the supporting literature. Breathing-structure deviations are

observable across temporal windows spanning seconds to years: mean nocturnal respiratory rate at or

above 16 breaths per minute predicts cardiovascular and all-cause mortality independently of

established risk factors over approximately ten years of follow-up,53 while slow respiratory drift in the

hour preceding spontaneous panic attacks, captured by continuous ambulatory cardiorespiratory

monitoring, contradicts the lay characterisation of panic as occurring without prodrome.214 The

architecture this scientific foundation describes is an observation layer: it surfaces departures from

individualised breathing-structure baselines and leaves clinical interpretation to clinicians and

downstream clinical systems. It does not diagnose, alert, or define thresholds. Three deployment

verticals are addressed — wellness, sleep health, and clinical research — each with its own evidence

base, regulatory pathway, and dataset requirements; what they share is the underlying observation

channel.

1. Introduction

The history of clinical medicine over the past century has been, in considerable measure, the history of

moving from snapshots to streams. Three transitions stand out: from the auscultated heart to the
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continuous electrocardiogram, from the office sphygmomanometer to ambulatory blood-pressure

monitoring, and from the intermittent fingerstick to continuous glucose sensing. Each transition was

made possible by a specific technological enabler, each rewrote the clinical evidence base for the

underlying physiology, and each redefined what could be observed about a vital sign that had previously

been seen only in fragments. This chapter argues that breathing — a vital sign captured today

predominantly as a single scalar count of cycles per minute — is now entering the same kind of

transition. Three concurrent developments, none of them speculative, have made continuous structural

observation of breathing technically feasible, computationally tractable, and addressable within

established regulatory pathways. The remainder of this monograph is a synthesis of what is now known

about that observable.

1.1 The pattern of continuous-monitoring transitions

The pattern is recognisable rather than inevitable. It has three concrete prior instances over the past 110

years, each separated by roughly half a century, and each grounded in a different physiological domain.

The first transition is the electrocardiogram. Einthoven’s 1912 description of the string-galvanometer

recording established that cardiac electrical activity could be captured as a continuous waveform rather

than inferred from the percussed and auscultated chest1. Within decades, ambulatory continuous ECG

— Holter monitoring, telemetric monitoring, and now consumer wearables — demonstrated that

arrhythmias, ischaemic episodes, and conduction abnormalities are predominantly intermittent

phenomena that single time-point recordings systematically miss2. Modern cardiology rests on the

assumption that the ECG is a continuous observable; the snapshot is now the exception, not the rule.

The second transition is ambulatory blood-pressure monitoring. Office sphygmomanometry — the

snapshot — became epidemiologically inadequate once it was shown that white-coat hypertension,

masked hypertension, nocturnal non-dipping, and morning surge are each prognostically distinct

entities, and each is invisible to a single in-clinic measurement3. The 24-hour ambulatory record

subsequently redefined the diagnostic thresholds, the prognostic stratification, and ultimately the

guideline architecture of hypertension care4. The clinical entity called hypertension in 2025 is not the

entity that was called hypertension in 1965, and the difference is largely traceable to continuous

capture.

The third transition is continuous glucose monitoring. The fingerstick paradigm of the Diabetes Control

and Complications Trial gave way, after the 2008 JDRF study of intensive treatment with continuous

monitoring, to a model in which glycaemic management is conducted against a continuous record of

glucose excursions rather than against periodic averages5. The 2019 international consensus on time-in-

range, time-below-range, and glycaemic variability codified what was already operationally true: HbA1c

is a snapshot summary of an underlying continuous trajectory, and that trajectory carries prognostic

information that the summary does not6, 5. The clinical entity called type 1 diabetes in 2025 is not the

entity it was in 1995.

In each of these three instances, the transition required three things in parallel: a sensor capable of

capturing the signal at adequate fidelity in an ambulatory setting; an analytical infrastructure capable of
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converting raw signal into clinically interpretable structure; and a regulatory and reimbursement

environment willing to recognise the new modality as legitimate. None of these was sufficient alone.

The clinical urgency for the next transition is substantial. Approximately half of US adults live with at

least one chronic condition, and roughly one in four with two or more — and the progression of these

conditions unfolds over months and years rather than minutes7. The healthspan-lifespan gap — the

difference between average years of life and average years of life lived in good health — is now

estimated at approximately 9.6 years globally, with the gap widening rather than narrowing across most

member states8, 9. Both observations imply that the clinically informative phenomena are increasingly 

trajectories and deviations from individual baselines, not single time-point measurements; they imply, in

other words, that the most informative next vital sign is one that captures structural change before the

categorical clinical event the change foreshadows.

Breathing has not yet undergone this transition. The vital sign captured today as respiratory rate —

twelve to twenty cycles per minute, recorded as a single integer in a triage record — is the snapshot

equivalent of office blood pressure in 1965. The continuous, structural observation of breathing is the

candidate for the next instance of the pattern.

Figure 1.1. Continuous-monitoring pattern timeline

1.2 Three concurrent enabling developments

What was missing for the breathing transition was not the physiological case for it. The mechanistic

basis for breathing as a multi-system observable has been characterised across the past four decades

of pulmonary, autonomic, and neuro-respiratory research, and is the subject of Chapter 3 and Chapter 5

of this document. What was missing was the convergence of three specific technical and regulatory

enablers, each of which has matured within the past five years.
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Smartphone MEMS sensor maturity

The first enabler is the maturation of the microelectromechanical-systems (MEMS) microphone

embedded in contemporary smartphones. Premium MEMS microphones now achieve signal-to-noise

ratios of approximately 70 dBA — and as high as 80 dBA on flagship designs — with dynamic ranges

extending to ~132 dB and with flat frequency response across the 100 Hz – 15 kHz band relevant to

respiratory acoustics10, 11. This specification envelope is sufficient to capture the acoustic structure of the

full respiratory band, from the low-frequency airflow turbulence of inspiration and expiration through to

the high-frequency components of nasal sibilants and cough transients10, 12. Empirical demonstrations of

smartphone-microphone capture of respiratory rate and respiratory waveform now report mean

absolute errors below 1 breath per minute against gold-standard respiratory inductive

plethysmography13, 14; the full validation argument, including the predicate-device clearance history, is

given in Chapter 9. The mechanistic relevance of capturing this signal is anchored in the recent

demonstration that respiration globally entrains cortical and limbic rhythms, and is therefore a window

into central as well as peripheral state15. The behavioural enabler runs alongside the technical one:

sustained smartphone proximity is now near-universal in adult populations across high- and middle-

income settings, and the smartphone microphone is, in absolute numerical terms, the most widely

deployed acoustic sensor in human history.

Maturity of computational methods for time-series structure

The second enabler is the maturation of computational methods for learning structural representations

from physiological time-series data. This development is treated here at category level only; the specific

architectural choices any observation-layer system makes are technical-implementation questions

outside the scope of this scientific foundation. At the category level, three classes of methods have

reached operational maturity. First, foundational entropy- and complexity-theoretic methods —

approximate entropy16, sample entropy17, multiscale entropy18, and detrended fluctuation analysis19 —

provide the mathematical primitives for quantifying structure in non-stationary physiological signals.

Second, structured state-space architectures exemplified by S420, together with decoder-only and

encoder time-series foundation models including TimesFM21, Chronos22, and contemporaneous systems

such as MIRA and Moirai, have demonstrated that the representation-learning paradigm23 extends to

long, irregularly sampled biological sequences. Third, acoustic-domain foundation models — notably

HeAR (Health Acoustic Representations)24, 25 and the OPERA benchmark for respiratory-acoustic

foundation models26 — provide pre-trained encoders calibrated specifically to the respiratory acoustic

domain. The point relevant to this monograph is not which method is preferred but that, for the first time,

a learnt structural representation of a respiratory waveform — segmentation into inspiratory and

expiratory phases, extraction of phase-asymmetry and variability features, and projection into a state

representation comparable across recordings and across individuals — is computationally tractable on

commodity hardware. This matters for the breathing case in particular because heart-rate variability —

the most common comparator signal — is a downstream projection of respiration via respiratory sinus

arrhythmia, and the structural features of breathing that carry prognostic information across systems

are not reconstructible from the heart-rate variability record alone27.
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Regulatory clarity

The third enabler is regulatory. The U.S. Food and Drug Administration’s General Wellness Policy for

Low-Risk Devices, last updated 6 January 2026, explicitly delineates the conditions under which non-

invasive sensors that observe physiologic parameters — including respiratory parameters — may be

marketed as general-wellness products without premarket submission, provided the established

guardrails are observed: no disease labels, no diagnostic thresholds, no clinical alerts28. This brings the

regulatory pathway for continuous respiratory observation, in its non-diagnostic configuration, into a

settled and well-understood category. Full treatment of the regulatory pathway, including the 510(k)

screening predicates that have been cleared in the respiratory-acoustic domain, is given in Chapter 12.

Each of these three developments — sensor maturity, computational maturity, regulatory clarity — is

itself the endpoint of a multi-decade trajectory. What is novel is their simultaneous arrival at the

threshold of practical deployability for continuous structural observation of breathing.

Figure 1.2. Three concurrent enabling developments: MEMS sensitivity, deep-learning time-series model size and capability, and

regulatory-clarity timeline

1.3 Organisation of this manuscript

The remainder of this document is organised into thirteen substantive chapters and a synthesis. Chapter

2 situates the present moment within two centuries of respiratory observation, characterising the

volume era, the gas-composition era, the oxygenation era, the events era of polysomnography, and the

wearable rate era as successive slices of an underlying continuous signal. Chapter 3 develops the

convergent-physiological-signal argument: breathing as a brainstem-generated rhythm modulated by

autonomic balance, chemoreflex coupling, metabolic demand, and limbic-cortical activity, with structural

information not reconstructible from heart-rate variability or other downstream signals.
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Chapter 4 formalises the Breathing State construct — the temporal object whose structure rather than

whose mean rate is the proper unit of observation — and surveys the families of analytical methods

relevant to its characterisation. Chapter 5 is the substantive evidence chapter: a system-by-system

review of breathing-structure deviation across 16 body systems, each treated at the level of effect sizes,

study designs, and the strength of supporting evidence. Chapter 6 addresses the temporal-advantage

question: across which systems and on what time scale do breathing-structure deviations precede the

clinical events with which they co-vary? Chapter 7 develops the case for personalised baselining as the

proper analytical frame for individualised observation, given the very high inter-individual variance in

breathing structure within healthy populations. Chapter 8 maps the dataset gap: where high-quality,

contextually annotated, longitudinal breathing-acoustic recordings exist, and — more often — where

they do not. Chapter 9 reviews the smartphone-acoustic feasibility argument in technical detail,

including the predicate-device validation history. Chapter 10 describes the architecture of an

observation layer: what such a layer commits to, what it deliberately does not commit to, and what its

three initial deployment verticals are — wellness, sleep health, and clinical research. Chapter 11

enumerates the open questions that remain, scientific and methodological. Chapter 12 describes the

regulatory pathway in detail. A concluding chapter follows.

This document is a scientific synthesis. It is not a technical specification of any particular

implementation. It is not a commercial brief and does not advocate for any specific product. It is not a

clinical guideline and contains no diagnostic recommendations. It is an argument that breathing — long

observed but rarely as structure, and rarely continuously — has now entered the historical pattern that

the electrocardiogram, ambulatory blood-pressure monitoring, and continuous glucose sensing each

entered before it, and that the scientific case for treating breathing structure as a multi-system

upstream observation signal is, on present evidence, sufficient to merit the synthesis presented here.

2. Two centuries of respiratory observation: a history of slices

The instruments through which medicine has observed breathing have, over the past 175 years, traced a

sequence of distinct paradigms. Each paradigm answered a defined clinical question with the

technology available at the time: how much air a patient could move; how much carbon dioxide left the

body during a procedure; how much oxygen reached the periphery; what discrete events disturbed

sleep; what rate marked the line between stability and deterioration. The sequence is intelligible as a

history of slices. Each slice was clinically successful within its scope. None, taken alone or together, has

yet captured breathing as a continuous structural object in the conditions of ordinary life. This

monograph takes that observation as its starting point; this chapter establishes the historical record on

which the rest of this scientific foundation rests.
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Figure 2.1. Five-era timeline (1840s–2020s)

2.1 1840s–1950s: Volume

The volume era opened in 1846 with John Hutchinson’s invention of the spirometer and his

accompanying monograph in Medico-Chirurgical Transactions.29 Hutchinson reported measurements on

more than 2,000 individuals, defined “vital capacity” as the maximal volume expelled after maximal

inspiration, and observed that vital capacity declined with age and varied with stature; he proposed —

and the subsequent literature confirmed — that this quantity carried prognostic information about life

expectancy.29, 30, 31 The instrument itself was elegant: a calibrated bell submerged in water rose as the

subject exhaled, and the displaced volume was recorded on a graduated scale. A century later, the same

operating principle still anchored bedside lung function testing, and historical syntheses have traced the

unbroken methodological line from Hutchinson’s apparatus to the modern flow-volume loop.30, 32

What made spirometry powerful as a clinical paradigm was the formalisation of the forced manoeuvre. In

the decades following Hutchinson, the field accumulated standardised volumes and flows — vital

capacity (VC), forced vital capacity (FVC), forced expiratory volume in one second (FEV1), and the

Tiffeneau ratio (FEV1/VC) — each obtained by asking the patient to inhale maximally and then exhale

as forcefully and completely as possible into the instrument.30, 32 The output was a single number, or a

small set of numbers, derived under conditions deliberately removed from ordinary breathing. This was

not a limitation of the era; it was its design.

The forced manoeuvre served two scientific and clinical purposes that nothing else could yet serve.

First, it provided a reproducible operating point — independent of the subject’s effort moment-to-

moment, dependent only on maximal effort once — and so it permitted comparison across patients,

across visits, across populations, and across decades.30 Second, the resulting volumes and ratios

mapped cleanly onto the two great pulmonary phenotypes: obstructive disease (reduced FEV1/VC

ratio, prolonged exhalation, low I:E) and restrictive disease (proportionate reduction of FEV1 and VC

with preserved ratio).30, 31 This dichotomy founded pulmonology as a specialty. By the mid-twentieth
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century, spirometric thresholds anchored the classification of chronic obstructive pulmonary disease,

the staging of pulmonary fibrosis, the certification of occupational lung disease, and the longitudinal

monitoring of asthma. Forced spirometry remains, at the time of writing, the regulatory anchor of every

drug development programme in respiratory medicine.

The volume era’s relationship to time was deliberate. A spirometric measurement was a snapshot

obtained under controlled effort — a medical-imaging analogue in the time domain rather than the

spatial domain. Repeating the manoeuvre a year later revealed a year of decline; repeating it a week

later revealed within-week variability. What lay between the snapshots — the breath-by-breath structure

of ordinary, unforced respiration — was not the object of measurement and was not, with the available

instrumentation, accessible. The same conceptual move governed the parallel sciences of cardiac and

circulatory physiology in the same century. Einthoven’s 1912 description of the human electrocardiogram

in The Lancet captured rhythmic structure in a detail unmatched by any prior method, but the resting

twelve-lead ECG remained, in clinical practice, an episodic recording.33 Continuous cardiac observation,

when it eventually arrived, did not displace the resting ECG; it added a different axis of measurement

entirely. The volume era for respiration occupied an analogous historical position.

The era thus established a model of respiratory measurement that the field has elaborated rather than

replaced: episodic, effort-defined, instrument-specific, and clinic-bound. The spirometer’s enduring

contribution was the discipline of pulmonology itself.

2.2 1940s–1970s: Gas composition

The gas-composition era extended what could be measured from breathing — but kept the

measurement, with rare exceptions, inside the operating theatre and the intensive care unit. The decisive

technical advance was the integrated blood-gas analyser developed in the late 1950s. In 1958,

Severinghaus and Bradley described an instrument combining a pH electrode (Stow), a carbon-dioxide

electrode (Severinghaus), and an oxygen electrode (Clark) in a single benchtop unit; the design

defined the standard configuration of arterial blood-gas analysis for the half-century that followed.34 Two

years later, Astrup and colleagues presented in The Lancet the acid-base nomogram and base-excess

concept that became the operating language of intensive-care metabolism over the same period.35 The

retrospective accounts published by Severinghaus and Astrup in Journal of Clinical Monitoring in the

mid-1980s, and by Severinghaus alone in Anesthesiology in 2002, trace the parallel work — Stow at

Western Reserve, Clark at Antioch, Severinghaus at the National Institutes of Health and UCSF, Astrup

at Rigshospitalet — that converged on the integrated analyser between 1956 and 1960.36, 37, 38

End-tidal capnography, the continuous measurement of carbon-dioxide concentration in expired gas,

emerged shortly thereafter as the bedside extension of arterial blood-gas analysis. Where the arterial

puncture remained intermittent and invasive, the capnograph — built on the same Severinghaus CO2

electrode that anchored the integrated analyser — sampled expired air through a sidestream or

mainstream sensor and produced a breath-by-breath waveform that could be displayed in real time.

End-tidal CO2 approximated arterial PCO2 (with a typical 2–5 mmHg gradient under normal

conditions), and the shape of the capnogram itself carried information about ventilation-perfusion

mismatch, airway obstruction, and circulatory adequacy.34, 36, 37, 38
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In one important sense, capnography was the first continuous observation of breathing in clinical use.

Each breath produced a distinct expiratory wave; rate, pattern, and end-tidal-to-arterial gradient could

be tracked across hours; alarms triggered on apnoea, hypoventilation, or oesophageal intubation. The

contrast with spirometry was structural: the spirometer captured a defined manoeuvre under maximal

effort; the capnograph captured every breath as it occurred. In a second important sense, however, the

deployment was narrow. Capnography served procedural safety — confirmation of endotracheal tube

placement, monitoring of ventilator-dependent patients, surveillance during anaesthesia, escalation of

care in critical-care settings — and did so successfully enough to become a standard of care in the

operating theatre and the ICU, codified into anaesthesia guidelines from the late 1980s onward and

embedded in resuscitation protocols thereafter.39

What the gas era did not produce — and what the available technology, with its sampling tubing,

calibration requirements, and patient-tethered architecture, could not produce — was respiratory

observation of the ambulatory adult in ordinary life. Capnography required an airway interface (mask,

endotracheal tube, or nasal cannula), an analyser with regular zero-point calibration, and continuous

power; the cost and form factor of the instrumentation kept it within the hospital. The evidence base

accumulated by the gas era was therefore an evidence base for peri-procedural and peri-acute

respiratory observation, not for everyday physiology. This served the clinical purposes for which the era

was responsible. Procedural mortality fell. Ventilator management became a quantitative science. The

infrastructure of modern critical care rests on this foundation.

2.3 1970s–1990s: Oxygenation

The oxygenation era began with a single inventor and a single insight. In Tokyo, around 1972, Takuo

Aoyagi at Nihon Kohden recognised that the pulsatile component of light absorption through tissue

carried information about arterial oxygen saturation, separable from the static component contributed

by venous blood and surrounding tissue.40, 41, 42 The two-wavelength pulse oximeter — red and near-

infrared light through a finger or earlobe, ratio-based extraction of arterial saturation — was first

commercialised in Japan in the mid-1970s and entered Western clinical practice through the early

1980s.40, 43, 42 By the 1990s, SpO2 had become a routine vital sign in operating rooms, recovery rooms,

emergency departments, paediatric and neonatal wards, and home oxygen-therapy programmes.43

Quaresima and colleagues’ 2024 ninety-year synthesis traces the full arc, from Matthes’s 1935 two-

wavelength oximeter, through the Hewlett-Packard ear oximeter of the 1970s, to the modern reflectance

and transmission designs used in contemporary wearables and clinical monitors.43

The clinical significance of pulse oximetry was that it took respiratory observation out of the laboratory

and out of the procedural environment, and placed it at the patient’s bedside as a routine vital sign.

SpO2 joined heart rate, blood pressure, temperature, and respiratory rate as the canonical “vital signs”

used in early-warning scoring systems and standard nursing observations across care settings.43 Long-

term oxygen therapy, prescribed for severe COPD and chronic hypoxaemia, became a quantifiable

home-care intervention rather than an empirical one. Neonatal oxygen titration, previously a frequent

source of retinopathy of prematurity in over-supplemented infants, gained an objective monitor.40

Continuous postoperative pulse oximetry, often coupled with capnography in higher-risk patients, was
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associated in subsequent meta-analyses with reductions in respiratory depression events and

unplanned escalations of care.39

Pulse oximetry shared with capnography the property of breath-by-breath continuity, but unlike

capnography its sensor was non-invasive, low-cost, and tolerated by ambulatory patients indefinitely. By

the 2000s, finger pulse oximeters were available over the counter; by the 2010s,

photoplethysmographic optical paths had been miniaturised into the underside of consumer wristworn

devices, recording both heart rate and — with appropriate signal processing — respiratory rate from the

modulation of the cardiac waveform by intrathoracic pressure changes.40, 43 The oxygenation era thus did

two things at once. First, it standardised a respiratory-adjacent measurement across every layer of

clinical infrastructure, from the neonatal intensive care unit to the patient’s home. Second, it began the

process — accelerated in the rate era described in 3.5 — of moving respiratory-relevant measurement

off the clinic floor and onto the patient’s body in ordinary life.

What pulse oximetry did not observe is, in retrospect, instructive. SpO2 tracks the downstream

consequence of ventilation — arterial oxygen saturation — rather than the act of breathing itself. Under

most conditions, oxygen saturation is buffered by haemoglobin’s sigmoid dissociation curve, so

substantial decrements in alveolar ventilation produce only small SpO2 changes until the curve’s steep

portion is reached. Apnoeic events, hypoventilation episodes, and altered breathing patterns are

detected by pulse oximetry only after they have produced sufficient desaturation; the breathing

structure that preceded them is not part of the SpO2 record. This is a property of the oxygen-

haemoglobin physiology, not a defect of the instrument.

2.4 1960s–2000s: Events

The events era was the era of polysomnography. Its foundational publication, issued in 1968, was a small

monograph from the UCLA Brain Information Service and the Brain Research Institute — Rechtschaffen

and Kales’s A Manual of Standardized Terminology, Techniques and Scoring System for Sleep Stages of

Human Subjects.44 The manual codified the visual scoring of EEG, EOG, and EMG channels into discrete

sleep stages (Wake, NREM 1–4, REM) over thirty-second epochs, and in doing so it created the

operating framework within which respiratory disturbances of sleep could be defined, identified, and

counted. In 1976, Guilleminault, Tilkian, and Dement published “The Sleep Apnea Syndromes” in Annual

Review of Medicine, naming the clinical entity that came to dominate the field for the next half-century.45

Polysomnography integrated respiratory channels — chest and abdominal effort belts, nasal-oral airflow

sensors, pulse oximetry, and (by the 1990s) end-tidal CO2 — into the multi-channel sleep recording.

The respiratory output of PSG was a sequence of events: apnoeas (cessations of airflow ≥ 10

seconds), hypopnoeas (reductions of airflow with associated desaturation or arousal), respiratory

effort-related arousals, central versus obstructive subtyping, and oxygen desaturation indices.46, 47 These

events were aggregated into the apnoea-hypopnoea index (AHI), a count per hour of sleep, and into

derived severity categories that anchored the diagnostic and treatment infrastructure of sleep medicine

for several decades.
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The events framework was clinically generative. It supported the identification of obstructive sleep

apnoea as a public health problem, the development of continuous positive airway pressure as the

principal therapy, and the documentation that treated obstructive sleep apnoea was associated with

reductions in daytime sleepiness, motor-vehicle-accident risk, and, in selected populations,

cardiovascular morbidity. Sleep medicine was founded as a discipline on this scaffold. The American

Academy of Sleep Medicine produced and maintained its scoring manuals — Iber and colleagues’ 2007

first edition and successive updates including Berry and colleagues’ 2017 Version 2.4 — to standardise

event definitions, sensor specifications, and acceptable signal sources across an international

laboratory network.48, 46

Pevernagie and colleagues’ 2020 historical review, On the rise and fall of the apnoea-hypopnoea index: a

historical review and critical appraisal, traced both the ascendancy of the AHI as the operative metric of

sleep medicine and the accumulating evidence that the metric, as a count of events per hour, captures

only part of the relevant respiratory information.47 Patients with similar AHIs differ markedly in symptoms,

in cardiovascular outcomes, and in treatment response; events of identical duration carry different

prognostic weight depending on desaturation depth, arousal architecture, and breath-to-breath

structure surrounding them. The review framed this not as a critique of the events paradigm but as a

description of the historical record: the AHI served the foundational decades of sleep medicine and

remains its operating metric, while the field continues to develop additional structural descriptors of

nocturnal respiration. The boundary condition flagged in the source — that the AHI is now understood

as a partial summary of nocturnal respiratory physiology rather than its full description — is consistent

with the broader thesis of this chapter: each historical era extracted what its instrumentation permitted,

and what the instrumentation did not permit was deferred.

The era’s contribution to respiratory observation was therefore the discrete-event vocabulary itself —

apnoea, hypopnoea, arousal, desaturation, periodic breathing — and the clinical infrastructure

(laboratories, scoring conventions, severity thresholds, reimbursement codes) that allowed this

vocabulary to operate at scale. Respiration, in the events framing, was a sequence of countable

disturbances of an otherwise quiescent default state, observed for one or two laboratory nights under

sensor conditions designed for that environment. The structural variation of the default state itself —

the breath-to-breath organisation of unobstructed sleep, across many nights, in the patient’s own bed —

was not the object of measurement in this era.

2.5 2010s–2020s: Rate

The rate era arrived through the consumer wrist. From the early 2010s, photoplethysmography on

wristworn devices, electrocardiography on multi-lead patches, and accelerometry on torso sensors

made it possible to derive a continuous estimate of respiratory rate from physiological signals that were

already being recorded for other reasons.49, 50 The dominant approach used the modulation of the

cardiac PPG waveform by intrathoracic pressure changes during breathing — respiratory sinus

arrhythmia and the related amplitude- and frequency-modulation channels — to extract a per-minute

breathing rate without any dedicated respiratory sensor. Validation studies against polysomnography

and respiratory inductance plethysmography across consumer devices reported breath-rate errors
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typically in the range of approximately one breath per minute under resting conditions, with

characteristic degradation during motion and at the extremes of physiological respiratory rate.51, 52, 49, 50

Continuous, unattended respiratory rate at population scale produced its own evidence base. Baumert

and colleagues, analysing pooled data from the MrOS Sleep Study and the Study of Osteoporotic

Fractures (n = 2,686 community-dwelling older adults), reported that a mean nocturnal respiratory rate

at or above 16 breaths per minute was independently associated with cardiovascular and all-cause

mortality, with hazard ratios of 1.57 to 2.58 across stratifications, after adjustment for established risk

factors and concurrent vital signs.53 The Sepsis-3 consensus, published in JAMA in 2016, retained

respiratory rate ≥ 22 breaths per minute as one of three quickSOFA criteria for the bedside

identification of patients at elevated risk of in-hospital mortality outside the intensive care unit.54 Earlier

and complementary evidence — Fieselmann and colleagues’ demonstration in 1993 that respiratory rate

predicted cardiopulmonary arrest in internal-medicine inpatients — had been available for two decades

but was not, until the wearables era, embedded in the data infrastructure of ordinary daily life.55

The era served the integration of respiration into consumer health. Wearable manufacturers added

respiratory rate to dashboards alongside heart rate, sleep duration, and step counts; the metric became

a daily variable for general wellness and fitness tracking, and a relevant input for early symptom-

detection signals during respiratory illness outbreaks.50 Boundary conditions on the era are recognised

within its own validation literature: device-to-device differences in algorithm and sensor placement

produce systematic biases; accuracy degrades during motion and at the extremes of respiratory rate;

and one randomised crossover trial reported that wearables themselves can perturb the sleep

behaviour they aim to record.51, 52, 49

What the rate era observes is, by design, a single scalar per averaging window — typically per minute,

per night, or per session. Within-breath structure (inspiration-to-expiration ratio, timing variability, depth

modulation, pause distribution) is below the temporal resolution of most consumer respiratory-rate

algorithms, and the breathing acoustic structure, when present in the underlying signal, is not part of

PPG- or ECG-derived rate. The rate era extended continuous observation of breathing further than any

previous era; it did so by reducing the observation to a rate.

2.6 Synthesis: five slices, one missing axis

Across the historical record, each era produced one slice of respiratory observation. The volume era

produced effort-defined volumes and flows, captured episodically in the clinic. The gas-composition era

produced breath-by-breath continuity, but only within the operating theatre and the intensive care unit.

The oxygenation era produced a peripheral, non-invasive, ambulatory measurement, but tracked the

downstream consequence of breathing rather than the act of breathing itself. The events era produced

a vocabulary of discrete respiratory disturbances, observed during one or two laboratory nights under

sensor conditions that did not generalise to ordinary life. The rate era produced continuous, unobtrusive

observation of a single scalar — respiratory rate — across millions of users in everyday conditions.56, 57

Each slice was clinically successful within its scope; together, the five eras founded pulmonology,

intensive care, sleep medicine, and the emerging field of consumer respiratory health. The historical
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record contains, however, a recurring observation about the trajectory of clinical evidence in adjacent

physiological domains. In other organ systems, the transition from episodic to continuous measurement

has, characteristically, rewritten the underlying evidence base. Twenty-four-hour ambulatory blood-

pressure monitoring revealed phenomena — nocturnal non-dipping, masked hypertension, white-coat

hypertension — that were invisible to the office cuff and that carried independent prognostic

information.58 Continuous glucose monitoring revealed time-in-range, glycaemic variability, and post-

prandial structure that HbA1c summarised but did not represent, with associated changes in clinical

decision-making and demonstrated cost-effectiveness in type 1 diabetes.59 Continuous

electrocardiography — Holter recording, ambulatory event monitors, and now consumer wrist-based

ECG — produced an arrhythmia evidence base unattainable by the resting twelve-lead recording from

which the field began.33

The respiratory record contains a parallel observation that has been documented for decades but not

yet exploited at the structural level. Respiratory rate has been described as “the neglected vital sign” —

the most predictive and the most poorly recorded of the canonical vital signs — for at least three

decades.55, 60 Systematic syntheses of early-warning scores find respiratory rate to be among the single

most informative vital signs for the detection of clinical deterioration on general wards, and yet it

remains, in routine inpatient practice, the vital sign most often missing or estimated rather than

measured.60 The rate era partially closed this gap for ambulatory adults; it did so for the rate alone.56, 57

The slice that the historical record does not yet contain is the structural observation of breathing — the

breath-by-breath organisation, the inspiration-to-expiration architecture, and the variability and stability

of timing — captured continuously, in ordinary life, outside the clinic, the laboratory, and the operating

theatre. The volume, gas, oxygenation, events, and rate eras each occupied a different combination of

axes — episodic versus continuous, clinic-bound versus ambulatory, scalar versus structural — but the

structural-continuous-natural quadrant has not yet been filled by any prior generation of instrumentation.

This is the gap addressed by the present work.
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Figure 2.2. Each historical era of respiratory observation is plotted by its dominant observational properties along two axes:

episodic (forced manoeuvre) versus continuous (passive longitudinal) on the horizontal, and metric-reduced (scalar projection)

versus structural (multidimensional) on the vertical. A third dimension — clinic-bound versus natural setting — is encoded by marker

fill: solid for clinic-bound, grey for mixed, hollow for natural. All five eras lie below the structural axis, each yielding a single

dimension or event-level reduction of breathing, and — with the partial exception of modern wearable-PPG-derived rate — all are

clinic-bound. The continuous-and-structural quadrant remains the open observation gap addressed by smartphone-acoustic

respiratory observation in natural settings.

3. Breathing as a convergent physiological signal

Chapter 2 traced two centuries of episodic respiratory observation — Hutchinson’s spirometer,

Smalhout’s capnograph, the Severinghaus and Astrup pulse oximeter, the Rechtschaffen and Kales

polysomnogram. Each device established that respiration carries clinical information; none

demonstrated why respiration, among all candidate physiological signals, should occupy a privileged

structural position. Chapter 3 develops this argument from neurobiology and integrative physiology, not

analogy. The thesis advances on three pillars and closes on a boundary condition. First, respiratory

rhythm originates from a discrete anatomical substrate in the brainstem — a network of neurons whose

properties are now mapped at single-cell resolution. Second, that substrate receives convergent input

from autonomic balance, chemoreflex sensing, and metabolic demand, integrating three otherwise-

separable regulatory loops in real time. Third, breathing is the only continuously accessible vital sign that

is both autonomically regulated and voluntarily modulable, embedding a hybrid behavioral channel into

an otherwise involuntary signal. The chapter closes with a non-redundancy boundary: respiration
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carries information about physiology that is not reconstructible from heart rate variability or aggregated

multimodal sensors alone. None of these findings requires evidence-by-body-system — that argument is

developed in Chapter 5. Chapter 3 establishes mechanism; Chapter 5 demonstrates application.

3.1 Brainstem oscillator architecture: preBötzinger complex, parafacial respiratory
group, retrotrapezoid nucleus

The modern neurobiology of breathing has a single discovery moment. In 1991, Smith, Ellenberger,

Ballanyi, Richter & Feldman localised, in Science, a small region of the ventrolateral medulla whose

isolated slice continued to generate rhythmic inspiratory bursts in the absence of any peripheral input.61

They named it the pre-Bötzinger complex (preBötC), and demonstrated that targeted lesion of this

region in vivo abolished eupneic breathing. The discovery established, for the first time, that mammalian

respiratory rhythm has a discrete and lesionable neuroanatomical generator — not a distributed

emergent property of brainstem activity, but a circumscribed network whose ablation extinguishes the

rhythm. This shift, from rhythm-as-emergent-property to rhythm-as-localisable-circuit, is the foundation

on which the rest of this chapter rests. If respiration were a diffuse network output, the convergent-

signal proposition would be metaphorical. Because respiration has an identifiable oscillator, the

proposition becomes neurobiological.

The two-oscillator model that organises modern respiratory neurobiology was synthesised by Feldman

& Del Negro in their 2006 Nature Reviews Neuroscience review, Looking for inspiration: new

perspectives on respiratory rhythm.62 The inspiratory rhythm is generated in preBötC; expiratory activity,

particularly active expiration during exercise or hypercapnia, is generated in the parafacial respiratory

group (pFRG), spatially adjacent but functionally distinct. Subsequent work has refined this two-

oscillator architecture into a network in which preBötC and pFRG interact with the retrotrapezoid

nucleus (RTN), the principal site of central chemoreception.63, 64 Feldman, Del Negro & Gray’s 2013 

Annual Review of Physiology synthesis, Understanding the rhythm of breathing: so near, yet so far, sets

out the canonical formulation: respiratory rhythm is generated by an interacting network of brainstem

oscillators whose individual neurons exhibit cell-autonomous bursting properties, modulated by

recurrent excitatory and inhibitory connections, and tuned by chemosensory input.63 Forster’s 2012 

Comprehensive Physiology chapter on the control of respiration locates this network within the broader

framework of duty-cycle control, distinguishing inspiratory time (Ti), expiratory time (Te), and the Ti/

Ttot duty ratio as the elementary observables of brainstem rhythm output.65

Mechanistic depth has accumulated rapidly. The molecular basis of central CO2 chemosensation has

been resolved at receptor-level resolution: Kumar et al. demonstrated in Science that CO2-driven

breathing requires the proton-activated receptor GPR4 in RTN neurons, with GPR4-knockout mice

showing markedly attenuated ventilatory responses to hypercapnia.66 Van de Wiel et al. complemented

this finding by identifying connexin26 hemichannels in the medulla oblongata as direct CO2 sensors that

regulate breathing through ATP release.67 The peptidergic control of sighing — the spontaneous, low-

frequency, augmented inspirations that punctuate eupneic breathing — was traced by Li, Janczewski,

Yackle and colleagues in Nature, who identified two neuropeptides expressed in a small population of

preBötC neurons whose ablation eliminates sighs without disrupting eupnea.68 The implication is
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structural: distinct breathing patterns — eupnea, sighing, gasping, sniffing — map onto distinct preBötC

neuronal subpopulations, each with its own molecular identity and projection targets.

Two further findings extend the brainstem oscillator beyond pure rhythm generation into broader

integrative physiology. Yackle and colleagues, also in Science, identified approximately 175 preBötC

neurons that project directly to the locus coeruleus, the principal noradrenergic nucleus regulating

arousal; selective ablation of these neurons left breathing intact but rendered the animals abnormally

calm in conditions that ordinarily evoke arousal.69 The brainstem rhythm generator thus carries a direct

anatomical channel into ascending arousal circuits, providing a substrate for the breathing-arousal

coupling that re-enters this monograph in 4.3 and Chapter 5. Finally, Tort, Laplagne, Draguhn &

Gonzalez’s 2025 Nature Reviews Neuroscience review, Global coordination of brain activity by the

breathing cycle, synthesises a decade of evidence that respiration-coupled oscillations are present

throughout the rodent and human brain — not only in olfactory areas, but in limbic, frontal, and parietal

regions — and that the source of this coupling is nasal airflow through the olfactory epithelium,

abolished by tracheotomy.15 The brainstem oscillator is not isolated; it is the entry point of a coordinated

system that extends from medullary chemosensors to cortical gamma oscillations.

Figure 3.1. The three nuclei generating and modulating respiratory rhythm cluster within the rostral ventrolateral medulla. The Pre-

Bötzinger complex (preBötC) is the inspiratory rhythm kernel; the parafacial respiratory group (pFRG) drives active expiration

during high metabolic demand; the retrotrapezoid nucleus (RTN) provides central CO
2

 chemoreception. Integrated output drives

phrenic and intercostal motoneurons. Anatomical reference: Patrick J. Lynch (Yale), CC BY 2.5.

The takeaway for this document is structural. Respiratory rhythm is not metaphorically “central”; it is

anatomically central, with a discrete generator, mapped chemosensory inputs, and identified projection

targets. This grounds the convergent-signal argument that follows in 4.2 and the hybrid-control
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argument in 4.3 in primary neurobiology rather than in functional analogy. The remainder of the chapter

develops what flows into and out of this oscillator.

3.2 Autonomic balance, chemoreflex coupling, metabolic demand

The convergence proposition is quantitative: respiration is the unique continuously accessible

physiological signal that integrates three otherwise-separable regulatory streams — autonomic balance,

chemoreflex sensing, and metabolic demand — at the same temporal resolution as the signal itself. This

subsection develops each input stream, then closes on the volitional channel that bridges into 4.3.

Autonomic balance and respiratory sinus arrhythmia

The autonomic input to respiration is bidirectional. Respiration receives vagal afferent traffic from

pulmonary stretch receptors and chemoreceptor projections, and respiration outputs autonomic

modulation through respiratory sinus arrhythmia (RSA) — the cyclical acceleration of heart rate during

inspiration and deceleration during expiration. The directional structure of this coupling has been a

subject of forty years of mechanistic dissection, and the modern consensus is unambiguous. The

mechanistic foundation was laid by Eckberg’s 1983 Journal of Applied Physiology paper, Human sinus

arrhythmia as an index of vagal cardiac outflow, which established that beat-to-beat heart-period

changes follow cardiac vagal efferent activity quantitatively with nearly fixed latencies — making RSA a

quantitative readout of central vagal mechanisms rather than a non-specific oscillation.70 Eckberg’s

2003 Journal of Physiology topical review, The human respiratory gate, formalised the broader gating

framework: respiration phasically alters the membrane potentials of preganglionic vagal and

sympathetic motoneurones and continuously modulates their responsiveness to baroreceptor and

chemoreceptor inputs, with RSA as the most visible manifestation of this respiratory gating.71 Yasuma &

Hayano’s 2004 review, Respiratory sinus arrhythmia: why does the heartbeat synchronize with

respiratory rhythm?, then synthesised the directional canonical formulation: RSA is the mechanism by

which respiration generates heart rate variability, not the reverse.72 Respiratory drive in brainstem

networks gates vagal efferent activity to the sinoatrial node, producing beat-to-beat heart rate

fluctuations whose amplitude and frequency are direct readouts of respiratory phase and cardiovagal

tone. Wehrwein, Critchley, Yasuma, Hayano and colleagues formalised this position in their 2025 Nature

Reviews Cardiology statement, proposing that RSA be renamed respiratory heart rate variability (RHRV)

precisely to make the directional dependency explicit in the terminology.73 The clinical implication of this

directionality is foundational for the boundary-condition argument in 4.4: any wearable that measures

HRV is, in mechanistic terms, sampling a downstream projection of breathing.

The vagal substrate underlying RSA has been mapped at functional-anatomy resolution by Neuhuber &

Berthoud in their 2022 Autonomic Neuroscience review, which emphasises the somatic and

parasympathetic afferent components of the vagus and clarifies how respiratory phase modulates

parasympathetic outflow at the level of the nucleus ambiguus.75 Porges’ 2009 Cleveland Clinic Journal of

Medicine statement of polyvagal theory provides the broader framing within which RSA is interpreted as

a marker of cardiovagal regulation across stress and behavioural states.76 The European Society of

Cardiology and North American Society of Pacing and Electrophysiology 1996 Circulation statement on
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heart rate variability — the foundational measurement-standards consensus — codifies the spectral and

time-domain conventions used to quantify RSA in clinical and research practice.77

The transdiagnostic implications of RSA reduction across psychopathology have been mapped in three

converging meta-analyses and a programme of cohort studies. Beauchaine’s 2015 Current Opinion in

Psychology synthesis frames reduced resting RSA as a transdiagnostic biomarker of emotion regulation

deficits across depression, anxiety, externalising disorders, and developmental psychopathology.27

Beauchaine, Bell, Knapton, McDonough-Caplan, Shader & Zisner’s 2019 Psychophysiology meta-

analysis of 37 studies confirmed that reduced RSA reactivity is observable across empirically-defined

structural dimensions of psychopathology, not localised to a single diagnosis.78 Brush et

al. demonstrated prospectively, in Biological Psychology, that lower resting RSA predicts subsequent

depressive symptoms in initially-healthy adults.79 Rottenberg’s 2007 critical analysis in Biological

Psychology synthesised 13 studies on cardiac vagal control in depression, and Kemp et al.’s 2010 

Biological Psychiatry review documented that depression and antidepressant treatment exert

measurable effects on heart rate variability.80, 81 Bradshaw and colleagues extended the RSA-as-

biomarker frame into developmental psychiatry, demonstrating in Autism Research that elevated RSA

from 9 to 24 months of age is associated with autism risk — extending the framework into the opposite

direction of effect, with developmental specificity.82

The prognostic information carried in RSA extends beyond psychopathology into cardiovascular

outcome. Sinnecker, Dommasch, Barthel and colleagues, in the Journal of the American College of

Cardiology, demonstrated that expiration-triggered sinus arrhythmia is independently associated with

mortality after acute myocardial infarction in a cohort of 941 patients (hazard ratio 3.41); this finding

was subsequently replicated in the INVADE cohort (n = 1,788) in 2025.84 Hoyer, Friedrich, Frank and

colleagues, in Medical & Biological Engineering & Computing, demonstrated that cardiorespiratory cross

mutual information — a joint signal incorporating both respiration and HRV — outperforms standard

HRV alone for post-MI risk stratification, providing direct quantitative evidence that the joint signal

carries information not captured by HRV in isolation.85 At the population level, Jarczok and colleagues’

2022 systematic review and meta-analysis in Neuroscience & Biobehavioral Reviews, covering 32

studies and 38,008 participants, demonstrated that lower HRV indices are independently associated

with all-cause mortality, with a pooled hazard ratio of 1.56 (95% CI 1.32–1.85) for low-HRV vs reference

contrasts.86

Chemoreflex coupling

The chemoreflex input to respiration is two-tier. Central chemoreception, mediated principally by the

RTN and its molecular sensors, monitors brain interstitial pH as a proxy for arterial PCO2; peripheral

chemoreception, mediated by the carotid and aortic bodies, monitors arterial PO2, PCO2 and pH

directly. The molecular substrates of central chemoreception are now resolved with single-receptor

specificity: GPR4 proton-activated signalling in RTN neurons,66 connexin26 hemichannels in the

medulla,67 and the broader RTN integrative architecture established by Guyenet.64 Peripheral

chemoreception couples to long-term metabolic and oxidative regulation: Nanduri, Makarenko, Reddy

and colleagues demonstrated, in the Proceedings of the National Academy of Sciences, that epigenetic

regulation of hypoxic sensing in carotid body chemoreceptors is sufficient to disrupt cardiorespiratory
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homeostasis — placing respiration’s chemosensory loop within the broader frame of gene-regulatory

control of physiological set-points.87

Metabolic demand and cardiorespiratory coupling

Ventilation is matched to metabolic rate at a fundamental thermodynamic level: alveolar gas exchange

must export CO2 at the rate of metabolic production and import O2 at the rate of metabolic

consumption. Khoo’s 2018 textbook Physiological Control Systems: Analysis, Simulation, and Estimation

provides the canonical engineering treatment of this coupling, formalising the feedback loops linking

VO2, VCO2 and minute ventilation.88 Cardiorespiratory coupling — the broader phenomenon of common

rhythms in cardiac, sympathetic, and respiratory activities at multiple time scales — has been quantified

at directional resolution by Borovkova, Prokhorov, Kiselev and colleagues in Frontiers in Network

Physiology, who demonstrated, across sleep and wakefulness in healthy subjects of different ages, that

respiration drives parasympathetic control of heart rate at characteristic time-domain phase lags —

framing respiration as a coordinator of cardiovascular and autonomic dynamics rather than as an

isolated rhythm.89 The clinical reframing of cardiorespiratory fitness as a vital sign was formalised by

Ross, Blair, Arena and colleagues in the 2016 American Heart Association scientific statement in 

Circulation, Importance of assessing cardiorespiratory fitness in clinical practice — a position that

anchors the broader argument, developed across this scientific foundation, that breathing structure is

observable at the same level of clinical centrality as the four traditional vital signs.90
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Figure 3.2. Three input streams converge on the brainstem oscillator network and shape its rhythmic output. Autonomic balance

(sympathetic and parasympathetic via vagus) modulates inspiratory drive and shapes respiratory sinus arrhythmia; chemoreflex

sensing through carotid bodies and RTN reports PaCO
2

, PaO
2

, and pH; whole-body metabolic demand (VO
2

, VCO
2

, RER) entrains

rhythm. The integrating node — preBötC/pFRG/RTN complex — produces a single rhythmic respiratory drive descending to

phrenic and intercostal motoneurons.

Volitional and contemplative modulation

Beyond autonomic, chemoreflex, and metabolic input, respiration receives an additional input stream

that no other vital sign possesses at this resolution: continuous voluntary modulation. The structure of

this volitional channel is foreshadowed here and developed mechanistically in 4.3. Van Diest,

Verstappen, Aubert and colleagues, in Applied Psychophysiology and Biofeedback, demonstrated that

the inhalation/exhalation ratio (I:E) modulates the cardiovagal effect of slow breathing on heart rate

variability and subjective relaxation: prolonging the expiratory phase (low I:E, e.g., 1:3 or 1:4) shifts

autonomic balance toward parasympathetic dominance, while equalising inspiration and expiration (I:E

approaching 1:1) is associated with sympathetic activation and stress states.91 This phase-asymmetry

effect is mechanistically continuous with the directional RSA finding: prolonged expiration extends the

vagal-gating window during which heart rate decelerates. Gerritsen & Band’s 2018 Frontiers in Human

Neuroscience synthesis, Breath of life: the respiratory vagal stimulation model of contemplative activity,

frames this volitional channel within the broader literature on contemplative practice and vagal

modulation.92 Lehrer & Gevirtz’s 2014 Frontiers in Psychology review of HRV biofeedback consolidates

the clinical evidence that resonance-frequency breathing — typically near 0.1 Hz, or six cycles per

minute — produces robust and reproducible amplification of RSA.93 Kox, van Eijk, Zwaag and colleagues’
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2014 Proceedings of the National Academy of Sciences study of the Wim Hof method demonstrated that

voluntary breathing protocols can produce measurable activation of the sympathetic nervous system

and attenuation of inflammatory responses to endotoxin challenge — establishing that volitional

breathing modulates not only autonomic but also immunological state.94

The convergence loop closes on hormonal and ageing-related modulators. Bayliss & Millhorn’s 1992 

Journal of Applied Physiology paper on central neural mechanisms of progesterone action established

that gonadal hormones modulate respiratory drive at the brainstem level, with implications for sex

differences in chemosensitivity and ventilatory response.95 Standard endogenous stress paradigms —

Kirschbaum, Pirke & Hellhammer’s Trier Social Stress Test,96 Buchheit, Peiffer, Abbiss & Laursen’s cold-

water immersion protocol,97 Laukkanen and colleagues’ systematic review of sauna exposure98 —

provide reproducible perturbations of the autonomic-chemoreflex-metabolic triangle that allow the

convergence to be probed experimentally. At longer time scales, the metabolic-demand channel

intersects with the broader biology of ageing: López-Otín, Blasco, Partridge, Serrano & Kroemer’s Cell

synthesis of the hallmarks of ageing,99 Basu’s review of DNA damage, mutagenesis, and cancer,100 and Li,

Pan, Wang and colleagues’ Circulation analysis of healthy lifestyle factors and life expectancy in the US

population101 place the convergence triangle within the broader systems-biology context developed in

Chapter 5.

The takeaway is the structural argument. No other continuously accessible physiological signal

integrates autonomic balance, chemoreflex sensing, metabolic demand, and a volitional channel at the

temporal resolution of breathing itself. Heart rate integrates autonomic and metabolic input but is largely

opaque to chemoreflex modulation and lacks a continuous voluntary access channel. Body temperature

and blood pressure are slower variables, dominated by autonomic regulation, with no real-time

chemoreflex coupling. Breathing is, mechanistically, the integration node. This is the convergence

proposition.

3.3 Limbic and cortical interactions; the hybrid autonomic–behavioural nature of
breathing

Respiration is the only vital sign that combines continuous autonomic regulation with continuous

voluntary access. Heart rate, blood pressure, and core body temperature are autonomically regulated

and effectively closed to voluntary modulation in the absence of biofeedback training extending over

weeks; even then, voluntary modulation remains indirect, bounded, and context-dependent. Breathing

operates simultaneously on two channels — an autonomic channel that maintains gas exchange across

sleep, exercise, and metabolic demand without conscious attention, and a behavioural channel through

which speech, breath-holds, sniffing, sighing, and contemplative practice continuously modulate the

same signal. The hybrid is structurally consequential: a single observable carries both physiological

state and behavioural self-regulation events.
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Figure 3.3. Voluntary access across the four classical vital signs. All four vital signs are autonomically generated; among them, only

breathing additionally admits continuous direct voluntary access, mediated by cortical projections from M1 and the supplementary

motor area onto brainstem respiratory premotor neurons. This hybrid autonomic–behavioural architecture is the structural premise

developed mechanistically through the remainder of Chapter 3.3

The neurobiology of this hybrid character has been clarified by a decade of intracranial-recording and in

vivo electrophysiology work. Tort, Laplagne, Draguhn & Gonzalez’s 2025 Nature Reviews Neuroscience

synthesis demonstrates that respiration-coupled oscillations are not confined to olfactory or limbic

regions but extend across the entire rodent and human cerebral cortex, modulating gamma-band

activity (70–120 Hz) most strongly in frontal areas; the source of this coupling is nasal airflow through

the olfactory epithelium, since tracheotomy abolishes the cortical respiratory rhythm.15 Zelano, Jiang,

Zhou and colleagues’ 2016 Journal of Neuroscience study established the human evidence: in epilepsy

patients with intracranial electrodes implanted for clinical monitoring, nasal respiration entrained

oscillatory activity in the piriform cortex, amygdala, and hippocampus, with amplitude peaking at

inhalation and decaying during exhalation; the effect disappeared during oral breathing, and the phase

of inhalation modulated both fear recognition (faster on inhale) and memory retrieval (more accurate on

inhale).102 Karalis & Sirota’s 2022 Nature Communications paper extended this finding into murine offline

states, showing that breathing coordinates cortico-hippocampal dynamics during quiet wakefulness and

sleep — periods previously assumed to be governed by intrinsic hippocampal rhythms alone.103 Heck,

Kozma & Kay’s 2017 Frontiers in Neural Circuits synthesis frames the broader architecture: respiratory

rhythm-coupled brain oscillations operate as a bridge between cognitive and emotional processing.104

Yackle and colleagues’ demonstration of the preBötC → locus coeruleus arousal channel69 —

Research Framework

24

https://www.nature.com/articles/s41583-025-00920-7
https://doi.org/10.1523/JNEUROSCI.2586-16.2016
https://doi.org/10.1038/s41467-022-28090-5
https://doi.org/10.3389/fncir.2016.00115
https://doi.org/10.1126/science.aai7984


introduced in 4.1 — provides a complementary route by which brainstem respiratory rhythm propagates

into ascending arousal circuits.

The volitional channel has been mapped at human cortical resolution. Herrero, Khuvis, Yeagle and

colleagues, in the Journal of Neurophysiology, used intracranial EEG in patients with epilepsy to

demonstrate that volitional breath-holds and attentional modulation of breathing are associated with

characteristic cortical activity patterns extending well beyond brainstem rhythm-generating areas.105 The

hybrid character is not metaphorical: voluntary breathing engages identifiable cortical circuits,

autonomic breathing engages brainstem oscillator networks, and the same physical observable —

airflow at the airway opening — carries both signals continuously.

The behavioural-state coupling extends into emotion and affect. Bloch, Lemeignan & Aguilera’s 1991

study in the International Journal of Psychophysiology demonstrated that specific respiratory patterns

distinguish among basic emotions in trained actors and naive participants — different emotional states

produced reproducibly different inspiratory and expiratory profiles, sigh frequencies, and breath-cycle

durations.106 Philippot, Chapelle & Blairy’s 2002 Cognition and Emotion paper extended this finding into a

feedback model: respiratory pattern not only reflects emotional state but is sufficient, in part, to

generate it.107 Kreibig’s 2010 Biological Psychology review of autonomic nervous system activity in

emotion synthesises the full evidence that respiration, alongside cardiac and electrodermal indices,

carries emotional-specificity information.108 Vlemincx, Taelman, De Peuter and colleagues, in 

Psychophysiology, established that sigh rate and respiratory variability during normal breathing are

modulated by negative affect — sighs cluster around state transitions and shifts in emotional tone,

providing event-level readouts of affective regulation embedded in continuous breathing.109

The implication of the hybrid frame for an observation layer is direct. A signal that carries both

autonomic state and voluntary behavioural events is, in principle, observable across a wider range of

physiological and behavioural conditions than any signal carrying only one of the two. Speech,

conversation, contemplative practice, breath-holds, sleep, exercise, and ordinary resting all leave

structural traces in the same observable. Other vital signs are silent during behavioural acts that

breathing actively encodes. The hybrid character is therefore not only a neurobiological curiosity — it is

a structural argument for why breathing, among continuous physiological signals, is uniquely suited to

carry an observation layer that bridges autonomic regulation and behavioural state. The mechanistic

case for breathing as a convergent signal is now complete; the remaining question is whether this

convergence is non-redundant with respect to existing measurement infrastructure. That question is the

subject of 4.4.

3.4 Boundary conditions: where breathing complements rather than substitutes other
signals

The structural case developed in 4.1, 4.2, and 4.3 establishes that breathing has a discrete

neuroanatomical generator, integrates three otherwise-separable regulatory streams, and uniquely

combines autonomic and voluntary control. None of this answers the most direct objection to breathing

as the substrate of an observation layer: that its information content is already captured by heart rate

variability, by aggregated multimodal sensors, by capnography, or by polysomnography. This subsection
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addresses each of these candidate substitutes in turn, and closes on the formal information-theoretic

statement that anchors the non-redundancy proposition.

Cardiorespiratory coupling: HRV is downstream of breathing, not parallel to it

The HRV-as-substitute objection is the strongest version of the redundancy challenge, since wearable

HRV is the most widely deployed continuous autonomic-state signal in consumer health. The objection

fails on directional grounds. Yasuma & Hayano’s 2004 mechanistic synthesis72 and Wehrwein, Critchley,

Yasuma, Hayano and colleagues’ 2025 Nature Reviews Cardiology statement73 together establish that

respiration drives the dominant high-frequency component of HRV through respiratory sinus arrhythmia.

Wehrwein et al.’s proposal to rename RSA as respiratory heart rate variability (RHRV) is precisely a

terminological correction: the signal previously labelled “HRV” is, in mechanistic terms, a downstream

readout of respiratory phase modulation of vagal outflow. This makes HRV, in principle, partially

reconstructible from respiration; it does not make respiration reconstructible from HRV.

Three structural features of breathing are not reconstructible from HRV alone. First, the inhalation/

exhalation ratio (I:E): Van Diest, Verstappen, Aubert and colleagues demonstrated that I:E modulates

the HRV response to slow breathing in directionally specific ways, with low I:E (prolonged expiration,

e.g., 1:3 or 1:4) shifting cardiovagal balance toward parasympathetic dominance and high I:E

(approaching 1:1) associated with sympathetic activation and stress states.91 The directional relationship

runs respiration → HRV, and HRV cannot disambiguate between, for example, two recordings with

identical mean RR-interval and HF power but different underlying I:E phase structures. Second, the

inhalation and exhalation airflow profile itself — the morphology of single breaths — is invisible to HRV

measurement. Third, sigh frequency, breath-hold events, sniff bursts, and other event-level respiratory

features leave no characteristic HRV signature.

Quantitative limits of HRV-as-substitute are well documented. Billman’s 2013 Frontiers in Physiology

analysis demonstrated that the LF/HF ratio, despite widespread use, does not accurately measure

cardiac sympatho-vagal balance — the interpretive construct that motivates HRV monitoring is

mathematically underdetermined by the spectral indices used to instantiate it.110 The European Society

of Cardiology measurement-standards consensus codifies the methodological constraints under which

HRV indices are interpretable,77 and Beauchaine & Thayer’s 2015 International Journal of

Psychophysiology statement on HRV as a transdiagnostic biomarker frames HRV as one component of

a broader autonomic-physiological assessment rather than as a stand-alone substitute for direct

respiratory observation.111 Wearable-grade HRV is further constrained by sensor and motion-artefact

considerations: Charlton and colleagues’ 2017 European Respiratory Society Breathe review documents

the methodological boundaries of PPG-derived HRV in non-laboratory conditions,112 and Dial and

colleagues’ 2025 Physiological Reports validation of consumer-grade HRV from Garmin, Oura, Polar, and

WHOOP devices against the Polar H10 chest strap establishes a current empirical baseline.113 Even

where wearable HRV is faithfully sampled, the projection remains downstream of respiration.

The exercise-physiology context anchors the same directional structure. Heart-rate recovery after

exercise is a long-established mortality predictor (Cole et al. 1999114) and is vagally mediated,

accelerated in athletes and blunted in chronic heart failure (Imai et al. 1994115); Plews et al. 2013 codified
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ln(RMSSD) conventions for HRV in endurance training-load monitoring.116 Locomotor-respiratory

coupling — established as a mammalian principle by Bramble & Carrier’s 1983 Science paper,117

developed mechanistically by Daley, Bramble & Carrier in PLoS ONE,118 and demonstrated to develop

with training by Mahler et al.’s rowing cohort119 — encodes training-state information directly in breathing

dynamics that HRV indices alone do not access. At the lung-volume and gas-exchange side, Rasch-

Halvorsen et al.’s 2019 HUNT-cohort analysis of dynamic lung volume and peak VO2
120 and Levine’s

2008 Journal of Physiology synthesis of VO2max121 bridge respiration directly to cardiorespiratory

fitness — the same observable framed as a vital sign by the AHA scientific statement.90 A clinically

significant emerging case is Long COVID dysautonomia. Fedorowski, Fanciulli, Raj, Sheldon & Sutton’s

2024 Nature Reviews Cardiology review Cardiovascular autonomic dysfunction in post-COVID-19

syndrome: a major health-care burden established that post-acute SARS-CoV-2 sequelae include

reduced HRV, impaired vagal activity, and a high prevalence of postural orthostatic tachycardia

syndrome — collectively framed as a major emerging health-care burden.122 Kranck, Ståhlberg,

Andersson, Lundin & Fedorowski’s 2025 European Heart Journal — Case Reports study extended this

framework to wearable monitoring: in a 35-year-old patient with Long COVID, POTS, and chronic fatigue

syndrome, 328 standardised smartwatch ECG recordings over six months revealed worsening RSA in

the standing posture, with the joint cardiorespiratory desynchrony index tracking self-reported fatigue

trajectories more sensitively than either component alone.123 The case-report scale of the wearable

demonstration is acknowledged; large-cohort validation of the joint respiration–HRV signature in Long

COVID remains pending. The signal direction is consistent with the broader non-redundancy proposition

— joint cardiorespiratory features carry information not present in either signal in isolation.

The integrated population-level argument follows from joining Jarczok et al.’s 2022 mortality meta-

analysis86 — which established a pooled hazard ratio of approximately 1.56 (95% CI 1.32–1.85) for low-

HRV vs reference-HRV all-cause mortality across 32 studies and n = 38,008 — to Hoyer et al.’s

demonstration85 that joint cardiorespiratory cross mutual information outperforms HRV alone for post-MI

risk stratification. HRV carries prognostic information; the joint respiration-HRV signal carries strictly

more.

EEG and central nervous activity

Tort 202515 and Zelano 2016102 establish that breathing entrains specific cortical rhythms — gamma in

frontal regions, theta and delta in limbic regions — but the entrainment is partial and frequency-band-

specific. Direct neural recording (EEG, MEG, intracranial EEG) accesses cortical activity that respiration

does not modulate at all, particularly in the alpha and beta bands and in cortical regions outside the

breathing-coupled network. The relationship is one of partial overlap: breathing carries rhythmic

information that propagates into limbic and frontal cortex, but it does not substitute for direct cortical

recording.

Capnography and gas exchange

Capnography measures alveolar gas composition — end-tidal CO2, capnogram morphology — at a

chemical-composition level of description. Respiratory acoustics measures airflow structure — phase,

asymmetry, transition dynamics — at a mechanical level of description. The two are partially overlapping
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(both reflect ventilation and gas exchange) but not interchangeable: capnographic indices are

insensitive to airflow morphology and to the upper-airway acoustic events (sigh, sniff, breath-hold,

snore, cough) that respiratory acoustics encodes natively. Brinkman, Fens & Sterk’s 2024 American

Journal of Respiratory and Critical Care Medicine synthesis, Fulfilling the promise of breathomics,

develops the broader case that exhaled-breath chemical analysis is complementary to, not a substitute

for, structural respiratory observation.124 Müller-Maatsch and colleagues’ 2024 Communications Biology

paper on non-volatile metabolome analysis of exhaled breath extends the breathomics frame into the

molecular composition of expirate — a domain orthogonal to airflow structure.125

Polysomnography and event-level sleep architecture

Polysomnography provides event-level sleep architecture through multimodal channels (EEG, EOG,

EMG, ECG, airflow, oximetry, body position) sampled in clinical or home-PSG settings, typically in single-

night recordings. Respiratory acoustics provides continuous structural observation across all states,

sampled passively across days, weeks, and months. The temporal resolutions differ; the modalities

differ; the contexts of capture differ. PSG accesses event-level labelling that respiratory acoustics does

not (sleep-stage transitions, arousals, leg movements); respiratory acoustics accesses longitudinal

structural drift that PSG does not (months-scale baseline shifts, ambient context variation, behavioural-

state coverage). The two are complementary — Chapter 5 develops this complementarity at the

empirical level for sleep-stage classification and apnoea detection.

Individual-level structural identity

A direct empirical demonstration of respiration’s irreducible structural information was provided by

Soroka and colleagues’ 2025 Current Biology paper, Humans have distinct nasal respiratory fingerprints:

in a Weizmann-led cohort of 97 participants, 24-hour nasal airflow recordings yielded individual-

identification accuracy of 96.8% — comparable to fingerprint-level individual specificity, and

substantially exceeding what HRV time series of equivalent length permit.126 The implication is direct:

respiratory structure carries an individual-level signature that is not present in aggregated multimodal

sensor data at the same temporal resolution. This is structural irreducibility at the level of identity.

The non-redundancy statement

The convergent argument of 4.4 can be expressed as a conditional information-theoretic inequality:

I (Respiration ; Physiology | HRV, Multimodal) > 0

— respiration carries information about physiological state that is not contained in heart rate variability

and aggregated multimodal sensor channels combined. The supporting evidence developed through

this chapter consists of three convergent lines. First, respiration is upstream of HRV by mechanism,

established at primary-literature depth by Eckberg 198370 and 200371, synthesised by Yasuma & Hayano

200472, and re-formalised by Wehrwein, Critchley, Yasuma, Hayano and colleagues’ 2025 Nature

Reviews Cardiology renaming statement73. Second, the structural features of breathing — phase

asymmetry, I:E ratio, airflow morphology, event-level acoustics — are not reconstructible from HRV
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alone, established by Van Diest 201491 and the broader RSA-mechanism literature. Third, respiration

carries individual-level structural identity not present in aggregate multimodal data at equivalent

temporal resolution, established by Soroka 2025126. The finding is anchored in the broader frameworks

of fractal physiology developed by Goldberger, Peng and colleagues127 and the early-warning-signal

architecture for critical transitions developed by Scheffer and colleagues128 and applied to chronic

disease by Trefois and colleagues129 — frameworks that re-enter this monograph substantively in

Chapter 4 (formalisation of Breathing State) and Chapter 6 (temporal advantage).

Figure 3.4. Respiration carries information neither HRV nor multimodal sensors recover. Three independent lines of evidence

support the structural non-redundancy of respiration relative to derived cardiac and aggregated wearable signals: (i) the directional

asymmetry of cardiorespiratory coupling, where respiration drives heart-rate modulation through respiratory sinus arrhythmia rather

than the reverse, making HRV a downstream projection of respiration [72,73]; (ii) the structural irreducibility of phase, inhale–exhale

asymmetry, and intra-cycle airflow dynamics, which are compressed away when respiration is observed only through HRV-derived

scalars [91]; and (iii) the individual-level distinctiveness of breathing structure, with 96.8% subject identification accuracy from 24

nasal-airflow parameters, stable across recordings separated by months to two years [126, n = 97]. Formally, the figure depicts the

condition I(Respiration;Physiology∣HRV,Multimodal)>0 — a falsifiable statement examined in Chapter 3.4.

The non-redundancy proposition is presented here as a falsifiable hypothesis with three convergent

supporting lines, not as an established quantitative result. The strict information-theoretic inequality is

empirically testable via head-to-head comparison studies in synchronised respiration + HRV +

multimodal cohorts; the present chapter establishes the mechanistic basis for the proposition, not its

definitive empirical confirmation. This is the appropriate observation-layer framing: respiration is

associated with physiological state at a level of structural detail not captured by existing continuous-
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monitoring signals, and the boundary of this association is itself a research programme — one that

Chapter 11 (open questions and methodological frontiers) develops at the level of experimental design.

The chapter has established, through the convergent argument of 4.1–4.4, that breathing is structurally

suited to be the substrate of a continuous physiological observation layer. Respiration has a discrete

brainstem rhythm generator with mapped chemosensory inputs and identified projection targets; it

integrates autonomic balance, chemoreflex coupling, and metabolic demand at a single observable; it is

the only vital sign with continuous voluntary access alongside autonomic regulation; and the information

it carries about physiological state is not reducible to HRV, multimodal aggregation, capnography, or

polysomnography taken individually. The next chapter formalises what this signal becomes when treated

not as an instantaneous quantity but as a temporal object — Breathing State as the formal observable

on which the architecture of an observation layer is built.

4. Breathing State: from signal to temporal object

The preceding chapter established that breathing is a convergent physiological signal — that respiratory

rhythm is generated by an identifiable brainstem substrate and is subsequently modulated by

autonomic, metabolic, limbic, and cortical inputs in continuous superposition. This chapter takes the next

step. It moves from what breathing is, biologically to what breathing is, formally — from a regulated

rhythm produced by neural circuits to a temporal object that can be defined, computed, and validated

independently of any specific measurement modality. The argument that follows is methodological

rather than mechanistic. Its goal is to establish that the structure of breathing over time — not the mean

rate at which it occurs — is a well-defined formal object, that this object loses essential information

when collapsed onto scalar summaries, and that an extensive body of canonical literature in nonlinear

dynamics, time-series statistics, and acoustic foundation modelling already provides the analytical

instruments needed to instantiate it. The exact computational stack used to instantiate the state in any

specific application is an engineering detail beyond the scope of this synthesis; the synthesis itself is

the contribution.

4.1 Definition: Breathing State as a temporal object

A Breathing State St at time t is defined as a function of the current observed signal Xt and the prior

state St-1:

St = f(Xt, St-1)

This is a state-space formulation in the canonical sense developed across half a century of statistical

and dynamical systems literature130, 131, 132. The signal Xt is the raw breathing observation in any modality

that preserves temporal phase — most directly an acoustic recording from a smartphone microphone,

but the formulation is modality-agnostic. The function f is some computable transformation that

combines current observation with prior state to yield a representation that can be carried forward in
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time. The state St has three properties that together justify treating it as a temporal object: continuity,

computational existence, and structural identity. Each property is empirically anchored.

The state-space form is not a metaphor borrowed from engineering. It is the standard formalism used to

describe physiological systems whose current condition cannot be fully read off any single

instantaneous measurement and whose evolution is partially constrained by recent history. Bayesian

filtering and smoothing, sequential Monte Carlo methods, structured state-space models, and Kalman-

class approaches all share the same underlying object — a latent variable St that propagates through

time according to a transition law and emits observations Xt according to an observation law132, 130, 131. The

substantive argument made here is not that this formalism is novel — it is decades old — but that

breathing is one of the physiological signals to which it most cleanly applies, and that respiratory

observation has been slow to take advantage of it.

Continuity

A Breathing State must be defined for all t within the observation window, not only during forced

respiratory maneuvers, voluntary breath-holds, or supervised laboratory protocols. This is the property

that distinguishes structural breathing observation from the classical snapshot tradition of pulmonary

function testing. Spontaneous breathing at rest is not a homogeneous baseline; it carries persistent

breath-to-breath variability that has been documented since Priban’s 1963 analysis of short-term

patterns in healthy adults133 and later quantified in a large body of variability literature in clinical

physiology134, 135. Modern reviews of breathing variability in anaesthesiology and intensive care confirm

that resting breathing is characterised by structured fluctuations in cycle duration, tidal excursion, and

inhale–exhale asymmetry — fluctuations that carry prognostic information even in the absence of overt

respiratory disease83, 136. The classical respiratory phenotyping that emerged from Hutchinson-era

spirometry compresses these fluctuations into derived means and forced-maneuver volumes; what is

lost is precisely the temporal structure that the continuity property requires. Continuity is therefore not a

mathematical convenience but an empirical finding: there is structure to be observed at every t, and the

structure changes with state. Reviews of the temporal-variability tradition spanning six decades make

this point explicitly, characterising spontaneous breathing as exhibiting endogenous variability of

comparable magnitude to heart-rate variability and as carrying information that is invisible to maneuver-

based testing135, 136.

Computational existence

A Breathing State must be extractable from the observed signal via a defined transformation — the

function f in the state-update equation must be specifiable, reproducible, and validatable. This is the

property that converts a physiological intuition into a formal object. The canonical instruments for

instantiating f on physiological time series have been available for more than three decades. Pincus

introduced approximate entropy (ApEn) in 1991 in the Proceedings of the National Academy of Sciences

as a measure of system complexity defined for short, noisy clinical recordings16. Richman and Moorman

extended ApEn to sample entropy (SampEn) in 2000 to remove the self-counting bias that limited the

original definition for the recording lengths typical of physiological monitoring17. Costa, Goldberger, and

Peng generalised these instruments to multiple time scales via multiscale entropy in 2002, addressing
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the limitation that single-scale entropy underestimates complexity in signals that exhibit structured

behaviour at scales longer than the immediate inter-event interval137. These instruments are

parameterised — the embedding dimension m, the tolerance r, and the recording length N together

define the operating point — and the parameter selection itself is part of the methodological apparatus

that has been established across the variability literature. None of these instruments was developed

specifically for breathing — they were developed for heart rate variability, for EEG, for any physiological

time series that exhibits nonlinear regulation — and that generality is precisely what makes them

suitable. The computational existence of a Breathing State does not depend on a bespoke breathing-

specific transformation; it depends on the application of well-validated instruments from nonlinear

dynamics to a signal that is itself a continuous time series. Cross-domain validation in the heart-rate

variability literature provides a built-in credibility argument: the same instruments that have been shown

to discriminate physiological states across decades of cardiovascular research are directly applicable to

respiratory time series136, 127, 83.

Structural identity

A Breathing State must carry a person-specific signature that is distinguishable from other persons

across recordings — and, critically, this signature must be stable across time at scales relevant to

longitudinal observation. The empirical anchor here is recent and unusually clean. Soroka and

colleagues at the Weizmann Institute, working with a custom 24-hour nasal airflow recorder,

demonstrated that 24 parameters extracted from spontaneous nasal breathing in 97 healthy adults were

sufficient to identify individuals with 96.8% accuracy126. The parameters spanned phase structure

(inspiratory and expiratory durations, their ratio), cycle-level variability (coefficient of variation of cycle

period), thoraco-abdominal coupling, sniff frequency, pause duration and variability, peak-flow timing,

and inter-nostril airflow asymmetry. The identification accuracy was preserved at re-test intervals of

weeks, months, and approximately two years; test-retest accuracy at the longest interval remained

95.24%. The breathing fingerprint was furthermore associated with body-mass index, sleep–wake

regularity, and validated measures of anxiety and depressive symptoms — the structural signature is not

a noise artifact but is co-varying with characterised individual phenotypes. This finding is convergent

with the older acoustic biometric literature, which has demonstrated equal-error rates of 1.4% for

breathing-based verification across multimodal acoustic capture138 and >97% true-confirmation rates

for exhaled breath physics applied to user verification in independent cohorts139. Inter-cycle interval

analyses of breathing sounds have likewise shown that individual signatures are extractable from purely

acoustic capture in unconstrained conditions140. Together these results establish that structural identity

is not a theoretical desideratum but an empirically observed property of the signal itself.

The mechanistic plausibility of structural identity is straightforward. Each individual carries an

idiosyncratic combination of upper-airway anatomy, lower-airway compliance, neural pattern-generator

set-points, and autonomic balance — and these combine to produce breathing that differs

systematically across persons in ways that are measurable but not reducible to any single dimension.

This is consistent with the Goldberger research programme’s broader finding that the complexity of

physiological regulation is itself a fingerprint, varying across individuals in ways that are stable when the

individual’s regulatory state is stable and that change in characteristic ways under stress, disease, or
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intervention127. The Soroka finding is therefore not anomalous; it is a particularly clean instance of a

more general property of physiological signals.

Figure 4.1. Breathing State as a continuous temporal object. S
t
, a structured representation of respiratory dynamics, is recurrently

updated as S
t
 = f(X

t
, S

t-1
), where X

t
 are observed features in window t. Three defining properties: continuity, computational

existence, structural identity. Atum observes S
t
; it does not diagnose or assign clinical scores. Schematic; curve is illustrative, not

measured data.

The three properties together yield a formal definition that does not depend on any particular

implementation. A Breathing State is a temporal object because it is defined at every t, computable from

the signal, and carries information that distinguishes one observed person from another. It is not a

derived metric like mean respiratory rate. It is not a physiological construct like minute ventilation. It is

the underlying structural object of which scalar metrics are projections — a point developed formally in

5.2.

4.2 Why structural representation supersedes scalar metrics

The standard approach to respiratory observation, both clinically and in commercial wearables, treats

breathing as a scalar measurement problem: report a respiratory rate, optionally report tidal volume,

occasionally report minute ventilation, and treat the resulting time series as a thin one-dimensional trace.

The reasoning behind this approach is operational, not informational — scalar metrics fit cleanly into

electronic health records, into early-warning scores, and into wearable summary dashboards. The cost

of the approach, however, is substantial, and it can be stated formally: every scalar respiratory metric is
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a projection of the underlying Breathing State onto a single axis, and every such projection discards

quantifiable structure.

The framing of representation versus projection is central to modern machine learning, where the

canonical statement is given in Bengio, Courville, and Vincent’s 2013 review on representation learning23.

In their formulation, a representation is good to the extent that it preserves the explanatory factors of

the data; a representation is bad to the extent that it conflates them. The same logic applies to

respiratory observation. The explanatory factors that produce a given breathing recording include

autonomic balance, brainstem rhythm-generator output, upper-airway resistance, lower-airway

compliance, behavioural state, emotional state, recent metabolic demand, and individual anatomy —

each of which has been documented in earlier chapters as separately identifiable through different

aspects of breathing structure. A respiratory rate of 16 breaths per minute is a single number. The

Breathing State that produced that rate could be regular and metronomic, could be irregular with

sustained inhale–exhale asymmetry, could contain frequent micro-arousals, could exhibit slow drift

across the recording, or could be the result of any combination of these — and the scalar rate cannot

distinguish among them. The lost dimensions are not abstractions. They are well-characterised

physiological features that have been documented to carry prognostic information.

Phase structure is the first dimension lost. The ratio of inspiration to expiration is a textbook autonomic

indicator: low I:E ratios (prolonged expiration, on the order of 1:3 or 1:4) reflect obstructive or

parasympathetic-dominant patterns; high I:E ratios (approaching 1:1) reflect stress, anxiety, restrictive

patterns, or sympathetic activation83. The asymmetry between inhale and exhale phases is invisible to

mean-rate reporting. So is the secondary structure within each phase — the time to peak inspiratory

flow, the relative duration of pause between exhale and the next inhale, the consistency of these

intervals across cycles. Sniff frequency, sigh distribution, and the irregularity of pause duration are all

phase-level features that have been characterised in the breathing-fingerprint literature as individually

informative and stable across recordings126. Inter-cycle interval analysis of breathing sounds has shown

that phase-level structure is extractable directly from acoustic capture and varies systematically across

individuals140. The standardisation of computerised respiratory sound analysis under the CORSA

framework formalised this acoustic vocabulary three decades ago141, 142, 143; the structural information has

been documented and accessible since then.

Nonlinear dynamics is the second dimension lost. Breath-to-breath variability is not white noise. It

carries long-range temporal correlations, multifractal scaling, and structured complexity — properties

that have been documented across the variability literature for two decades136, 83, 135. Reduced breathing

variability is itself a clinical signal. In mechanical ventilation weaning, reduced breath-to-breath variability

predicts unsuccessful separation from the ventilator123; the converse — preserved variability — predicts

successful weaning and shortened ventilator dwell time70. In asthma, fluctuation analysis applied to

airway function predicts severe exacerbations weeks in advance — Frey and colleagues’ 2005 Nature

paper established this prediction window, demonstrating that the fluctuation structure of peak

expiratory flow over a four-week observation period carried prognostic information for severe episodes

that scalar mean values did not71. In hospitalised patients transferred to intensive care, respiratory rate

variability carries prognostic information independent of mean rate144. The nonlinear-dynamic properties
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of breathing are not laboratory curiosities; they are documented prognostic markers, and they are

entirely absent from any scalar summary.

The information loss is not a matter of degree; it is structural. A scalar projection of a high-dimensional

state cannot, in principle, be inverted to recover the joint distribution of the dimensions that were

collapsed. This is a basic result of linear algebra and applies regardless of how clever the downstream

interpretation might be. Two recordings that yield the same mean respiratory rate but differ in phase

structure, variability, and individuality signatures will produce identical scalar reports — and downstream

inference that operates on those reports has no access to the differences. What this implies for

respiratory observation is that any monitoring framework that treats breathing exclusively in terms of

scalar metrics has, by construction, discarded the structural object that carries the multi-system

regulatory information described in Chapter 3. The framework may still be useful — a mean rate in the

high 20s with an oxygen saturation of 88% remains clinically actionable — but it is not a complete

observation of the signal that produced it. The point is not that scalar metrics are wrong; it is that they

are radically incomplete relative to what the signal contains.

The non-invertibility argument can be sharpened. Information-theoretically, the residual information that

Breathing State carries about regulatory status — beyond what is captured by a scalar projection of

breathing alongside the standard multimodal vital-sign panel — is provably non-negative, and the

empirical evidence reviewed in Chapter 3 and across the variability literature is consistent with it being

substantively positive. Even after conditioning on heart-rate variability, oxygen saturation, mean

respiratory rate, and the rest of the standard vital-sign aggregate, the structural object St continues to

carry information that those other channels do not capture. This proposition is developed formally in the

non-redundancy framework and is consistent with the observation in Chapter 3 that breathing is a

hybrid autonomic–behavioural signal whose phase structure, inhale–exhale asymmetry, and airflow

dynamics are not reconstructible from any combination of HRV-derived metrics. The implication is that

scalar respiratory reporting is not a compression of structural information; it is a discard. The

mechanical-ventilation weaning literature provides the cleanest controlled comparison of this finding.

Patients ready for ventilator separation exhibit preserved breath-to-breath variability; patients who are

not exhibit reduced variability prior to spontaneous-breathing-trial failure, and the prognostic difference

holds even when mean respiratory rate is similar between the two groups70, 123. The historical literature on

respiratory variability and associated cardiovascular changes in adults at rest had foreshadowed this

finding decades earlier134, but it was not until variability-as-biomarker frameworks matured in the 2000s

that prognostic findings based on the structural object became operational.

Individuality signatures are the third dimension lost. As 5.1 established, a Breathing State carries a

person-specific structural fingerprint that is stable across months and years and is sufficient to identify

individuals with high accuracy126. The fingerprint is compositional — it lives in the joint distribution of

phase parameters, cycle-level variability, sniff frequency, pause structure, and amplitude modulation, not

in any single one of these. The acoustic biometric verification literature has demonstrated this in

independent cohorts: the academic phrase breathing signature in this context refers specifically to the

multimodal acoustic representation that supports verification at equal-error rates of approximately

1.4%138, and to the exhaled-breath-physics signatures that support user verification at >97% true-
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confirmation rates in cohorts of n=94139. None of these results is recoverable from mean rate alone. A

scalar projection erases the individual.

Why, then, does the scalar tradition persist? The answer is operational. Mean respiratory rate fits in a

single column of an electronic health record; it is amenable to threshold-based alerting; it composes

cleanly with other vital signs into early-warning aggregates; and it is reproducible across measurement

modalities — chest-belt, camera-based, radar-based, and acoustic instruments will all converge on a

similar mean value for a given recording. None of these operational properties makes the scalar a good

representation; they make it a convenient representation. The convenience trade-off has been visible in

the failure modes of remote monitoring trials in heart failure, where population-threshold scalar

approaches did not yield outcome improvements that personalised structural-baseline approaches

subsequently achieved — the empirical detail belongs to Chapter 7, but the underlying methodological

point is 5.2’s: scalar reduction of a structurally rich signal is the proximate mechanism for the failure.

The implication for monitoring system design is that scalar reporting and structural representation are

not substitutes. They are different layers, with different roles, and a system that intends to capture the

multi-system regulatory information that breathing carries cannot rely on the scalar layer alone.

This connects directly to the structural argument that Chapter 7 develops empirically. Personalised

baselines are well-defined only over a structural representation — there is little to personalise about a

single scalar threshold beyond moving the cutoff up or down, and the major remote-monitoring trials in

heart failure that operated on this kind of population-threshold scalar logic did not yield outcome

improvements. Trials that operated on individualised structural baselines did. The methodological

precondition for the empirical record reviewed in Chapter 7 is therefore the structural-representation

argument made here: structural representation is what makes meaningful personalisation possible, and

personalisation is what makes deviation detection actionable. The argument runs in only one direction. A

monitoring framework that begins from scalar reporting cannot retrofit personalisation; it must begin

from a representation rich enough to support it.
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Figure 4.2. Information loss from scalar projection. Every scalar respiratory metric — mean RR, tidal volume, minute ventilation — is

a projection of the high-dimensional Breathing State S
t
 onto a single axis, recovering only central tendency. Phase structure, inhale–

exhale asymmetry, nonlinear dynamics, individual signature, and moment-to-moment variability are discarded by construction. The

reduction is structural and non-invertible: two recordings with RR = 14 bpm can differ in every dimension carrying prognostic

information (Chapter 3).

The validation framework for treating Breathing State as a structural object rather than a scalar

projection is developed elsewhere in this document as a project-internal representation-validity

framework with five requirements (R1–R5). The detailed enumeration is not reproduced here because

the detailed tests are validation criteria for any specific implementation, not academic-monograph

content. The framework anchors a single principle: a representation that meets representation-validity

requirements is sufficient to support cross-individual generalisation, longitudinal stability, and the multi-

system co-variation characterisation developed in subsequent chapters. A representation that does not

meet them — including any scalar projection — is not. The requirements are independent of any specific

implementation; they are evaluation criteria that any candidate Breathing State representation must

satisfy to be admissible.

Standardisation efforts in respiratory acoustics provide an independent line of support for the same

conclusion. The European Respiratory Society Task Force on lung sound nomenclature145 and the

CORSA standardisation framework141, 142 together established that respiratory sounds carry structured,

well-defined acoustic content that requires structural rather than scalar characterisation to be analysed

reproducibly. These efforts predate the modern foundation-model literature by two decades. Their

continued relevance is itself an argument: respiratory acoustic content is not amenable to scalar

Research Framework

37

https://doi.org/10.1183/13993003.01132-2015
https://err.ersjournals.com/content/10/77/585
https://err.ersjournals.com/content/10/77/585


reduction without information loss, and the field has known this for thirty years. The contribution of

contemporary work — including the foundation models discussed in 5.3 — is not to replace structural

representation with something simpler. It is to make structural representation tractable at scale.

The transition from 5.2 to 5.3 is therefore from what is at stake to how it is computed. The remainder of

this chapter addresses the second question.

4.3 Families of analytical approaches

The instruments needed to compute and validate a Breathing State are distributed across six families of

analytical approaches, each anchored by canonical foundational papers. No family is sufficient on its

own. Their convergence on the same physiological state from different mathematical perspectives is

what establishes Breathing State as a robust formal object — and what justifies the methodological

taxonomy presented here. The families are described at category level only. The exact computational

stack used to instantiate St in any specific application — the specific weighting, ordering, and

integration of these families — is an engineering detail beyond the scope of this synthesis.

Family 1 — Entropy-based complexity measures

The first family quantifies the regularity, predictability, or complexity of a physiological time series, on the

principle that healthy regulation produces moderate complexity and that pathology often manifests as

complexity loss. The canonical instruments are approximate entropy (ApEn), introduced by Pincus in

1991 in the Proceedings of the National Academy of Sciences16; sample entropy (SampEn), introduced

by Richman and Moorman in 2000 to correct the self-counting bias of ApEn for short physiological

recordings17; and multiscale entropy (MSE), introduced by Costa, Goldberger, and Peng in 2002 to

extend the entropy framework across multiple temporal scales137. The instruments are parameterised —

the embedding dimension m, the tolerance r (typically a fixed fraction of the signal’s standard deviation),

and the recording length N — and the parameter-selection literature has converged on stable defaults

for clinical recordings of the lengths typically achievable in continuous monitoring. The core empirical

finding of this family is the complexity-loss-with-disease-and-aging hypothesis developed across the

Goldberger research program, which has been documented across heart-rate variability, gait dynamics,

and respiratory variability over more than a thousand publications since the 1990s127. The family applies

directly to respiratory time series; reduced sample entropy of respiratory variability has been

documented in mechanical ventilation weaning failure123, in asthma instability71, and in critical-care

variability cohorts136, 83. The R-package ecosystem has consolidated the family into reproducible open

tooling, including the RespirAnalyzer package which implements multiscale entropy on respiratory

signals as a reference open-source benchmark146.

Family 2 — Scaling exponents and detrended fluctuation analysis

The second family quantifies long-range temporal correlations and self-similarity in physiological time

series. Detrended fluctuation analysis (DFA) was introduced by Peng and colleagues in Chaos in 1995

as a method for extracting scaling exponents from nonstationary heartbeat time series19. The same

framework was subsequently developed across the broader Goldberger corpus of fractal dynamics in

physiology — the canonical synthesis being Goldberger and colleagues’ 2002 PNAS paper on
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alterations of fractal dynamics with disease and aging127. The Scheffer 2009 Nature paper on early-

warning signals for critical transitions extended the scaling-exponent framework into a universal pre-

symptomatic signal — critical slowing down, the loss of resilience that precedes regime shifts in

dynamical systems128. The relevance of critical slowing down to respiratory observation is direct: Frey

and colleagues’ 2005 Nature demonstration that fluctuation analysis applied to airway function predicts

severe asthma episodes weeks in advance71 is, mechanistically, an instance of the same family of

phenomena — a measurable loss of resilience in a regulated system before it transitions into a clinically

apparent state. The canonical multifractal extension applied specifically to physiological data is

associated with Ihlen 2012 in Frontiers in Physiology147. Within respiratory observation, the family

supports two distinct propositions: that the breathing signal exhibits long-range correlations

characterised by stable scaling exponents in healthy regulation, and that deviations in scaling structure

carry prognostic information for transitions toward pathological states.

Family 3 — Multifractal characterisation

The third family is a specific extension of the scaling-exponent family. Where DFA and similar methods

extract a single scaling exponent under the assumption of monofractal scaling, multifractal methods

relax this assumption and characterise the full spectrum of scaling exponents present in a signal. The

canonical multifractal detrended fluctuation analysis (MF-DFA) framework was introduced by

Kantelhardt and colleagues in Physica A in 2002148. The methodological application to physiological data

is anchored on the Ihlen 2012 Frontiers in Physiology tutorial in MATLAB147. The width of the singularity

spectrum produced by multifractal analysis quantifies the degree of scale-dependent regulatory

diversity in a signal — broad spectra indicate that different scales of variability are governed by different

scaling laws, narrow spectra indicate scale-uniform behaviour. The empirical relevance of multifractal

characterisation for respiratory observation is that healthy breathing variability is multifractal — different

time scales exhibit different scaling — while disease states often show monofractal collapse, the loss of

scale-dependent regulation. The Pham 2024 RespirAnalyzer R package has consolidated multifractal

DFA implementation alongside multiscale entropy, providing a reference open-source toolchain for both

Family 1 and Family 3 instruments146.

Family 4 — Dynamical systems methods and recurrence quantification

The fourth family characterises the trajectory of the signal in reconstructed phase space, on the

dynamical-systems principle that any time series can be embedded in a higher-dimensional state space

whose recurrence structure encodes the underlying attractor. The canonical instrument is recurrence

quantification analysis (RQA), introduced for physiological systems by Webber and Zbilut in Journal of

Applied Physiology in 1994149. The comprehensive methodological synthesis of recurrence plots and

RQA across physics and physiology is Marwan 2007 in Physics Reports150. RQA produces a panel of

state-characterising statistics: determinism (the fraction of recurrent points that form diagonal lines,

indicating predictable trajectory segments), laminarity (the fraction forming vertical lines, indicating

intermittent slowing), trapping time (the average length of laminar episodes), and Lyapunov-spectrum

approximations from divergence rates — each of which captures a distinct aspect of the system’s

dynamical regime. RQA is particularly suited to respiratory observation because it captures recurrence

of patterns of breathing — the return to similar dynamical configurations across time — rather than
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recurrence of specific values; this property makes it more robust to slow drift and amplitude scaling

than scalar variability measures. Determinism, laminarity, and trapping-time measures derived from

recurrence plots have been applied across HRV, EEG, and respiratory signals as state-characterising

statistics. Adjacent dynamical-systems frameworks — Koopman operator approaches that linearise

nonlinear dynamics in physiological signals151 — have entered the literature more recently and provide a

complementary perspective on the same family. The methodological foundations are continuous with

the broader complexity literature in physiology127, 136.

Family 5 — Topological data analysis

The fifth family is the most recent. Topological data analysis (TDA) — and persistent homology

specifically — applies algebraic-topology instruments to time-series data, characterising the shape of

the data in a sense that is robust to noise and parametrisation choices. The application of TDA to

physiological time series is recent; one application is to sleep staging via airflow signals152. The

methodological maturity of TDA for respiratory observation lags behind the entropy and scaling families

by approximately three decades, and the empirical body is correspondingly smaller. The family is

included here because it provides a class of structural descriptors that are invariant to certain classes of

confound — including amplitude scaling and slow drift — that confound scalar metrics. Manifold-

learning instruments adjacent to TDA in the data-shape characterisation tradition — UMAP for

dimension reduction153 and PHATE for visualising structure and transitions in high-dimensional biological

data154 — are part of the broader toolchain that operates on the structural representation produced by

Family 1 through Family 4 instruments.

Family 6 — Foundation models for time series and respiratory acoustics

The sixth family is the most recent in the literature and the most dynamic at the time of writing.

Foundation models for time series and respiratory acoustics are large pre-trained neural networks that

encode physiological signals into learned representations on which downstream tasks — classification,

anomaly detection, signal completion — can be built with reduced data requirements per task. The

category includes HeAR (Health Acoustic Representations), released by Google Health in 2024 as a

respiratory-and-cough acoustic encoder by Baur, Nabulsi, Weng and colleagues24, with field deployment

reported in tuberculosis screening contexts25; OPERA, an open benchmark and acoustic foundation

model framework for respiratory sounds released by Zhang and colleagues at NeurIPS 202426; and the

broader category of universal time-series foundation models — Chronos by Amazon Science22,

TimesFM by Google Research21, Moirai by Salesforce AI155 — that pre-train on heterogeneous time-

series corpora and provide transferable representations to physiological domains. Structured state-

space models, including S4 introduced by Gu, Goel, and Ré in 2022, represent a parallel modelling

tradition optimised for long-sequence efficiency20.

These foundation models are named at category level only. They are introduced here to establish that

the analytical infrastructure for representation learning on respiratory time series is now mature, that

pre-trained acoustic encoders for cough and breathing exist and have been deployed in field settings,

and that the methodological gap between the canonical complexity literature of the 1990s and the

foundation-model literature of the 2020s has narrowed substantially. The integration of foundation-
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model encoders with classical complexity instruments — entropy, scaling, multifractal, recurrence —

into a unified pipeline is itself a non-trivial methodological challenge: learned representations and

classical complexity measures operate on different mathematical principles and emit different kinds of

evidence about the underlying state, and their combination requires careful attention to the failure

modes of each. The specific architecture, training objectives, embedding dimensions, and integration

choices that constitute any particular implementation are not described in this synthesis, because they

are not part of the synthesis. They are part of an implementation.

The respiratory acoustics literature, as a parallel methodological tradition, provides an independent body

of validation. The standardisation of computerised respiratory sound analysis in the CORSA

framework141, 142, 143 and the European Respiratory Society Task Force nomenclature standardisation145

together established the acoustic vocabulary on which contemporary deep-learning approaches

operate. Foundational lung-auscultation reviews, including Bohadana and colleagues’ New England

Journal of Medicine synthesis, formalise the clinical taxonomy of lung sounds against which automated

systems are evaluated156. Recent work has applied modern neural architectures — convolutional,

recurrent, transformer-based — to respiratory sound classification on the ICBHI 2017 challenge

dataset157, with reported accuracies for normal/wheeze/crackle classification reaching the high 80s and

into the 90s across multiple architectures158, 159, 160, 161. Comprehensive reviews of AI techniques applied to

respiratory sound classification document the field’s progression from hand-crafted feature engineering

toward end-to-end deep learning, and identify the remaining methodological gaps including domain shift,

label noise, and limited longitudinal data162. The Pasterkamp lung-auscultation tradition156, the formant-

and-energy frameworks for spectral characterisation163, and the broader audio-pattern-recognition

ecosystem represented by PANNs164 together support the proposition that respiratory acoustics is a

tractable signal domain for structural analysis. Smartphone-grade self-auscultation has been

demonstrated in the iMedic system with explicit cross-device generalisation through MixStyle domain

adaptation165, and explainable-AI analyses have begun to characterise which acoustic features carry

classification signal166. Cough-classification work using VGGish transfer learning and Grad-CAM

interpretability has demonstrated that pre-trained audio embeddings transfer effectively to respiratory

acoustic events with reported AUC of approximately 0.99 for cough detection and 0.84–0.87 for cough-

type classification167. Adjacent acoustic-event recognition for swallowing — a signal class that overlaps

with breathing in upper-airway acoustic capture — has been demonstrated in high-resolution cervical

recordings via deep learning, indicating that the acoustic classification toolchain extends across

respiratory and adjacent oropharyngeal signal classes168. The HRV standards from the joint Task Force

of the European Society of Cardiology and the North American Society of Pacing and

Electrophysiology169 remain the methodological reference point for any time-series characterisation that

crosses into cardiorespiratory coupling. Speech-enhancement frameworks, including conformer-based

metric GAN approaches to denoising170 and the JMIR AI 2025 work on robustness and clinical

applicability of automatic respiratory sound classification with audio enhancement171, address the

practical signal-quality conditions under which any of these analytical families must operate. Sleep

staging from electrocardiography and respiration with deep learning172 establishes that respiratory time-

series structure alone carries information sufficient for non-trivial state classification — a direct

empirical demonstration that scalar metrics are not the limit of what the signal supports.
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Figure 4.3. Six analytical families for characterising breathing structure. Six complementary classes of methods extract distinct

structural properties from respiratory time-series: entropy measures (1) quantify regularity, scaling exponents (2) and multifractal

analysis (3) capture long-range correlations and their scale-dependence, dynamical-systems approaches (4) and topological data

analysis (5) describe the geometry of state-space trajectories, and foundation models (6) embed signals into learned acoustic

representations. The methodological landscape is mature — the historical bottleneck has been data access, not analytical capability.

The convergence across the six families is the core argument. Entropy instruments characterise

complexity. Scaling exponents characterise long-range correlation. Multifractal methods characterise

scale-dependent regulation. Recurrence quantification characterises trajectory structure in phase

space. Topological data analysis characterises invariant shape. Foundation models characterise learned

representations on large corpora. No single family is sufficient to instantiate a Breathing State that

meets the three properties developed in 5.1 — continuity, computational existence, and structural

identity. Their joint application is sufficient. And — importantly — which combination of families, and how

they are weighted, integrated, and applied to any specific operational task, is an engineering choice that

admits multiple valid implementations. This document does not adjudicate among them. It establishes

only that the analytical infrastructure is mature, the canonical literature is settled, and the formal object

is well-defined.

What makes Breathing State a robust formal object is precisely this redundancy. A finding about

respiratory complexity that holds under entropy-based analysis but fails under DFA, or that holds under

DFA but fails under recurrence quantification, would be a fragile finding. The substantive findings about

respiratory observation that recur across the variability literature — reduced complexity in critical illness,

scaling-exponent shifts in disease progression, recurrence-structure changes preceding clinical
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deterioration, individual-stable structural fingerprints — recur because they are detectable through

multiple instruments operating on different mathematical principles. This convergence is what licenses

the formal definition introduced in 5.1. The Breathing State is not an artefact of any particular method; it

is what multiple methods, applied to the same signal, agree they are observing.

The next chapter takes this formal object — a continuous, computable, structurally identifying temporal

representation of breathing — and reviews the empirical evidence that its trajectory carries information

about regulation across 16 body systems. The instruments developed here are the means by which that

evidence is read.

5. Evidence review: breathing structure across 16 body systems

The preceding chapters established the theoretical case for treating breathing structure as a

continuous health observable: Chapter 3 reviewed the mechanistic convergence of cardiovascular,

autonomic, neurological, metabolic, and limbic regulation onto the respiratory channel; Chapter 4

argued that the practical observability of this signal depends on personalised baselines rather than

population norms. The empirical question that follows is whether breathing-structure deviations, in the

published literature, carry prognostic information for adverse outcomes across the body’s principal

physiological systems.

This chapter reviews that evidence in 16 mini-arcs, one per body system, in canonical order. Each arc

follows the same structure: prognostic strength of the breathing-structure observable, temporal

dynamics relative to clinical events, principal open questions where evidence is sparse or contested, and

a brief note on cross-system co-variation that prepares the closing synthesis paragraph at the end of

the chapter. Effect sizes (AUC, hazard ratio, odds ratio, Cohen’s d, Hedges’ g, correlation coefficient,

sensitivity / specificity), cohort sizes, and study designs are reported per finding wherever the

underlying source provides them. Counter-evidence and boundary conditions appear as contextual

qualifiers. Throughout, deviations are described as associated with, predictive of, or carrying prognostic

information for outcomes — never as diagnoses or clinical decisions, in keeping with the observation-

layer convention established in Chapter 1.
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Figure 5.1. Cross-system evidence summary: breathing structure across 16 body systems. Each row corresponds to a physiological

system reviewed in Chapters 6.1–6.16; columns show the evidence tier, the dominant prognostic metric per system, the temporal

lead of breathing-structure deviation with respect to the clinical event of interest, and the cohort-size range across the underlying

source literature. Tier assignment reflects evidence depth — PROVEN where ≥ 2 peer-reviewed references converge on the

association, SUPPORTED where ≥ 1 reference establishes it; claims at HYPOTHESIS level are excluded. The cross-system

convergence (five PROVEN tiers across cardiovascular, sleep, autonomic, limbic, and swallowing observables; eleven SUPPORTED

tiers across the remainder) is the chapter's structural argument: breathing carries prognostic signal in distinct regulatory contexts,

not in one.

5.1 Cardiovascular

Cardiovascular evidence is the most mature of the 16 systems reviewed and provides the canonical

examples for the prognostic strength of breathing-structure observables.

Periodic breathing in heart failure — Cheyne-Stokes respiration and central sleep apnoea — is

associated with mortality independent of left ventricular ejection fraction.173, 174, 175, 176 Corrà and

colleagues, in chronic heart failure outpatients (n=156), identified periodic breathing during exercise as

an independent predictor of cardiac mortality on multivariate analysis (p<0.01).173 Lanfranchi and

colleagues had earlier reported nocturnal Cheyne-Stokes respiration as a strong predictor of cardiac

mortality at 28-month follow-up.176 Giannoni and colleagues extended the finding to upright (waking)

Cheyne-Stokes respiration in ambulatory heart failure outpatients, where the pattern independently

predicted adverse outcomes.175 The SERVE-HF trial177 showed that adaptive servo-ventilation, while

normalising the breathing pattern, was associated with increased cardiovascular mortality in heart

failure with reduced ejection fraction (HR 1.34, 95% CI 1.09–1.65),178 reframing periodic breathing as a
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marker of disease severity rather than a treatment target — the prognostic association persists; the

therapeutic implication does not.

Nocturnal respiratory rate is an independent predictor of cardiovascular mortality. Baumert and

colleagues, in the Sleep Heart Health Study and MrOS Sleep Study cohorts (combined n=8,150),

reported mean nocturnal respiratory rate ≥16 breaths/min associated with cardiovascular mortality

independent of age, sex, body mass index, and conventional cardiovascular risk factors over

approximately 10-year follow-up.53 Dommasch and colleagues replicated this in survivors of acute

myocardial infarction (n=941),179, 180 and Boon and colleagues, with under-mattress nocturnal respiratory-

rate sensing, reported predictive utility for hospitalisation in a community cohort.181

Reduced respiratory sinus arrhythmia following myocardial infarction is associated with sudden cardiac

death risk: Peltola and colleagues reported the association,182 while Huikuri and colleagues, in the beta-

blocker trial cohort, reported attenuated effect sizes — medication background modifies the predictive

utility of vagally-mediated heart-rate variability after myocardial infarction.183

Expiration-triggered sinus arrhythmia (ETA), which requires simultaneous ECG and respiratory-phase

measurement, has been reported to predict 5-year mortality after acute myocardial infarction (n=941,

ETA cutoff <2.5%, HR 3.41, 95% CI 1.73–6.71).84 Dirschinger and colleagues replicated the finding in the

elderly cohort of the INVADE study, with the optimal cutoff at approximately 0.8% in older adults.184 The

ETA observable remains single-centre with one independent replication; broader multi-cohort validation

is the principal open question.

Respiratory rate has been characterised as the most accurate single vital sign for predicting clinical

deterioration on hospital wards, and simultaneously the most neglected.185, 186, 187 Churpek and colleagues,

in 269,999 ward admissions, reported that respiratory-rate trends carried more prognostic information

for clinical deterioration than heart rate or blood pressure.185 Cretikos and colleagues identified

respiratory rate as a strong predictor of cardiac arrest, intensive care unit admission, and inpatient

mortality, yet the most poorly recorded vital sign in routine practice.186, 187 Bates and colleagues

subsequently demonstrated that increases in respiratory-rate variability — rather than rate alone —

precede intensive care unit transfer.188

The temporal dynamics of cardiovascular breathing-structure observables span days to weeks for

heart-failure decompensation, hours to seconds for acute ward deterioration, and minutes for

myocardial ischaemia provoked by autonomic imbalance — a span examined in Chapter 6. The principal

open question is whether ETA, quantifiable in single-cohort ECG-plus-respiratory-band studies, can be

observed at adequate precision via smartphone microphone audio; that is a Chapter 9 feasibility

question.
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Figure 5.2. Cardiovascular respiratory observables: rhythm, distribution, autonomic coupling. Three canonical breathing-structure

observables associated with cardiovascular outcomes, each replicated in independent cohorts. (A) Cheyne–Stokes periodic

breathing — nocturnal pattern carrying prognostic information for cardiac death independently of ejection fraction (n = 133, HR

5.66; n = 574, HR 2.39; SERVE-HF reframed it as severity marker, not treatment target). (B) Nocturnal RR ≥ 16 bpm predicts

cardiovascular mortality over ~10-year follow-up (pooled MrOS/SHHS, n = 8,150; replicated post-MI n = 1,538). (C) Respiratory

sinus arrhythmia (RSA) reduction post-MI predicts adverse outcomes (n = 941, HR 3.41). Values shown are illustrative.

5.2 Neurological

Neurological observables of breathing structure span temporal scales from seconds to years.

Among the most striking are seizure-precursor patterns. Lacuey and colleagues, in epilepsy monitoring

unit recordings, demonstrated that ictal central apnoea — when it occurs — precedes EEG-detectable

ictal onset by 8±4.9 seconds.189 The conditional scope is critical: ictal central apnoea occurred in

36.5% of focal seizures monitored (103/312), and preceded EEG onset in 54.3% of those events

(56/103); the temporal lead therefore applies to approximately 20% of all focal seizures with

electrographic onset, not to seizures generally.189

The Mortality in Epilepsy Monitoring Units (MORTEMUS) study examined sudden unexpected death in

epilepsy (SUDEP) cases captured during inpatient monitoring.190 In the n=10 monitored SUDEP cases

meeting the analysis criterion, terminal apnoea preceded asystole — a sequence that argues for primary

respiratory failure as the proximate mechanism rather than primary cardiac arrhythmia. The “147

epilepsy monitoring units” sometimes cited refers to the survey-respondent denominator, not the case

count.190

Research Framework

46

https://doi.org/10.1111/epi.14006
https://doi.org/10.1111/epi.14006
https://doi.org/10.1016/S1474-4422(13)70214-X
https://doi.org/10.1016/S1474-4422(13)70214-X


A more recent and methodologically distinct contribution comes from Magana-Tellez and colleagues,

who reported that variability of the inter-breath interval (IBI) during sleep — a respiratory-variability

measure, not an ECG-derived inter-beat-interval measure — is the strongest single predictor of SUDEP

risk identified to date, with AUC 0.80 in their epilepsy cohort.191 This finding builds on the framework of

Ryvlin and colleagues, who systematically characterised cardiorespiratory arrests during epilepsy

monitoring and identified centrally-mediated respiratory failure as a recurring proximate event.192 The

Magana-Tellez observation is the first respiratory-variability measure to surpass conventional

electrographic and cardiac-autonomic markers for SUDEP risk stratification, and it relies on a quantity

directly observable through respiratory monitoring.

Beyond seizures, breathing structure has been associated with prodromal neurodegenerative disease.

AI-based analysis of nocturnal breathing patterns has been reported to detect Parkinson’s-disease-

associated patterns with AUC 0.85–0.91.193 The original Yang and Katabi 2022 Nature Medicine

contribution that anchors this finding used radio-frequency contactless sensing rather than acoustic

recording; explicit acoustic-modality validation of the nocturnal-breathing Parkinson’s observable is a

Chapter 11 open question.

Reduced parasympathetic modulation of heart rate — which is in part a respiratory-driven observable

through respiratory sinus arrhythmia72, 77, 169 — has been associated with cognitive decline at long latency.

Nicolini and colleagues, drawing on a Whitehall-cohort-relevant analysis of mild cognitive impairment,

reported that autonomic dysfunction predicts cognitive decline over a 17-year follow-up.194

The temporal dynamics of neurological breathing-structure observables therefore span seconds (ictal

central apnoea preceding electrographic seizure onset), nights (IBI variability and SUDEP risk), and

years to decades (parasympathetic modulation and dementia, prodromal Parkinson’s nocturnal

patterns). The principal open question for ambulatory monitoring is whether the Magana-Tellez IBI-

variability finding generalises beyond polysomnography-quality recordings to less-controlled overnight

smartphone audio. The cross-system co-variation hint is that several of the same respiratory-rhythm

observables that index cardiovascular risk (6.1) also index neurological risk, suggesting a shared

underlying instability rather than independent system-specific signals — an argument developed in the

closing synthesis.
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Figure 5.3. Neurological temporal lead. (A) Ictal central apnea precedes scalp EEG seizure onset by 8 ± 4.9 s in 54.3% of focal

seizures with ICA (Lacuey 2018; n = 126 patients, 312 seizures). (B) Cardiorespiratory instability emerges ~47 min before

spontaneous panic onset (Meuret 2011; n = 43, 13 attacks captured in 1,960 h ambulatory recording). Schematic; curves are

illustrative, not measured data.

5.3 Sleep and circadian regulation

Sleep is the temporal context in which breathing structure is most continuously observable — eight or

more hours of relatively standardised body-position, environmental, and arousal conditions during which

the respiratory channel becomes a uniquely high-yield observation window.53, 195

Imamura and colleagues demonstrated that breathing structure during sleep encodes sleep-stage

information sufficient for automated classification.196 Their deep-learning model, applied to

cardiorespiratory and body-motion signals, achieved κ=0.760 for three-stage classification (wake /

REM / NREM), comparable with manual scoring on the same task. The same model produced only

κ=0.585 for clinical five-stage classification (wake / REM / N1 / N2 / N3), reflecting the intrinsic

difficulty of distinguishing N1, N2, and N3 from cardiorespiratory signals alone.196 The three-stage

performance corresponds to the resolution at which most population-scale sleep-health observables

operate; the five-stage clinical scoring remains the domain of polysomnography.
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Mean nocturnal respiratory rate has been reported as a mortality-relevant observable independent of

other sleep-architecture measures. Baumert and colleagues, in the Sleep Heart Health Study and MrOS

Sleep Study cohorts (combined n=8,150), reported mean nocturnal respiratory rate ≥16 breaths/min

associated with cardiovascular and all-cause mortality over approximately 10-year follow-up.53 Sleep

regularity — the consistency of sleep-onset and sleep-end timing — has independently been reported

as a stronger predictor of mortality than sleep duration.197, 198, 195 Windred and colleagues, in a UK Biobank

actigraphy analysis (n=88,975), reported that the Sleep Regularity Index outperformed sleep duration

for predicting all-cause mortality.195

Sleep-disordered breathing — obstructive and central — is the principal class of observables in this arc.

Smartphone audio has been validated against polysomnography for detection of sleep-disordered

breathing, with reported AUC values of approximately 0.987 in the high-prevalence cohort of Ding and

colleagues199, 200 and AUC values approaching 0.94 in the JAMA Network Open validation by Kim and

colleagues (n=409 against polysomnography).201, 202 Frija and colleagues replicated the framework in a

separate sleep cohort.203 The Withings Sleep Analyzer and its follow-up validation cohort provide the

under-mattress sensor-modality counterpart.204, 205 The framing here is observational and screening-

relevant rather than diagnostic — the role of these devices as screening tools that complement, rather

than substitute for, full polysomnography is developed in Chapter 6.

Long-term cognitive consequences of sleep-disordered breathing are substantial. Recent meta-

analyses report relative increases in dementia risk among adults with untreated obstructive sleep

apnoea,206, 207, 208, 209 with the Ungvari 2025 meta-analysis aggregating 39 prospective cohorts.208

Continuous positive airway pressure has been investigated as a modifier of this risk; the Wang 2025

cohort study reported a non-significant CPAP effect on dementia incidence (HR 0.99, 95% CI 0.74–

1.32),210 indicating that CPAP normalisation of dementia risk is not yet established. The mechanistic links

between sleep-disordered breathing and dementia operate through intermittent hypoxia, sleep

fragmentation, and disrupted clearance pathways.211, 212

The temporal advantage of sleep-context breathing-structure observation operates not within a single

night but across nights and weeks: nightly observations accumulate into trajectories that capture drift

before any single-night value would. The cross-system co-variation hint is that many of the

cardiovascular (6.1), neurological (6.2), and ageing-related (6.5) observables converge on the sleep

window as their natural observation context.
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Figure 5.4. Sleep stage classification from cardiorespiratory signals — agreement with PSG reference. Deep-learning sleep staging

applied to cardiorespiratory and body-movement signals reaches Cohen's κ = 0.760 (95% CI ±0.019) for three-stage

classification (wake / NREM / REM) and κ = 0.585 for clinical five-stage classification (wake / N1 / N2 / N3 / REM). Expert-to-

expert EEG-based inter-rater agreement on the same tasks is κ = 0.78 and κ = 0.63 respectively — the cardiorespiratory three-

stage performance therefore corresponds to approximately 97% of expert inter-rater agreement. The three-stage operating point

matches the resolution of most population-scale sleep-health observables; five-stage clinical scoring remains within the

polysomnography domain.

5.4 Autonomic nervous system and stress

The autonomic nervous system is the physiological substrate that most directly couples breathing

structure to moment-to-moment regulatory state. The mechanism reviewed in Chapter 3 — vagal

modulation of cardiac rhythm phase-locked to inspiration and expiration, the phenomenon termed

respiratory sinus arrhythmia72, 77, 169 — makes the breathing channel a continuous, non-invasive

observable of parasympathetic-sympathetic balance. The clinical-prognostic question developed here is

whether observed deviations from individual baseline in this autonomic-respiratory coupling carry

prognostic information for adverse outcomes.

Decreased respiratory-rate variability has been associated with mortality in mechanically-ventilated

intensive care unit patients. Gutierrez and colleagues, in a single-centre cohort of mechanically-

ventilated patients (n=178), reported that decreased respiratory-rate variability over the 24 hours

preceding extubation was independently associated with subsequent in-hospital mortality (HR 4.81),

after adjustment for severity of illness scores213. The original Seely 2014 work, sometimes cited

alongside this finding, examined breathing-rate variability in relation to extubation outcomes rather than

mortality directly, and the comparative finding that breathing-rate variability outperforms heart-rate

variability for prognostication has not been demonstrated by direct comparison; the Gutierrez finding

stands on its own as a single-centre association requiring multi-cohort replication. The observational
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framing here is critical: a deviation from individual baseline in respiratory-rate variability is a flag for

closer assessment, not a clinical decision in itself.

Cardiorespiratory instability has been reported to precede panic attacks by approximately 47 minutes.

Meuret and colleagues, applying continuous ambulatory cardiorespiratory monitoring (1,960 hours of

recording in 43 panic-disorder participants), captured 13 panic attacks during the recording window214.

In the 60 minutes preceding each attack, slow drift in respiratory and cardiovascular parameters

(including respiratory-rate variability and tidal-volume variability) emerged with statistically significant

deviation from the participant’s own pre-attack baseline window, after Bonferroni correction for multiple

comparisons. The cohort is small — n=13 captured attacks limit the statistical power for moderate

effect sizes (approximately 40% power for d=0.5) — but the long total recording duration and the

within-participant baseline design strengthen the inference. The clinical implication is not that the attack

is predicted in real time but that the attack is preceded by an observable physiological trajectory,

contradicting the lay characterisation of panic as occurring “out of the blue”.214

Slow-paced breathing at the resonance frequency (approximately six breaths per minute in most

adults) modulates heart-rate variability in the high-frequency and 0.1 Hz bands, and serves as the

methodological foundation for heart-rate-variability biofeedback.215, 216 Lehrer and Vaschillo characterised

the resonance-frequency phenomenon as a measurable amplification of cardiovascular oscillations

during slow breathing,215 and Ma and colleagues subsequently reported associations between

diaphragmatic-breathing practice and changes in attention, negative affect, and stress markers in

healthy adults.216 The breathing channel is here both the observable and the modulator — a feature of

the autonomic-respiratory coupling that distinguishes it from passively-observed signals such as resting

heart rate or blood pressure. A randomised trial of heart-rate-variability biofeedback for substance-use

outcomes is reviewed in 6.9.217

The chronic-stress and depressive-symptom literature reports cumulative reductions in heart-rate

variability with sustained stress exposure.218 Lutin and colleagues, in an ambulatory cohort, reported that

the combination of chronic stress and depressive symptoms produced larger heart-rate-variability

reductions than either alone — a cumulative-effect pattern that is consistent with the broader

autonomic-dysregulation model of stress-related morbidity.218

Inspiration-expiration ratio (I:E ratio) is the clinical observable in this domain that most directly reflects

autonomic state. Low I:E ratios — prolonged expiration relative to inspiration, in the range of 1:3 to 1:4

— are typical of obstructive respiratory mechanics and parasympathetic dominance. High I:E ratios —

approaching 1:1 — are typical of stress, anxiety, restrictive mechanics, and sympathetic activation. The

I:E ratio is not a single-cohort prognostic finding but a structural breathing parameter that contributes

to the broader autonomic observation. The deep-breathing E:I ratio test for diabetic cardiac autonomic

neuropathy — a separate clinical observable in which the ratio of the longest expiratory R-R interval to

the shortest inspiratory R-R interval is computed during deep breathing — is reviewed in 6.8, where it

serves as one of the strongest examples of a respiratory parameter functioning as a clinical-grade test.

A cross-system mention is warranted: vagal tone exerts effects on visceral sensitivity, gastrointestinal

motility, and inflammatory regulation,219 and is observable through the same respiratory-modulated heart-
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rate-variability channel that indexes panic, stress, and post-myocardial-infarction risk in 6.1. Continuous

opioid-induced respiratory depression detection in inpatient wards (the PRODIGY framework)220, 221 and

depression of respiratory rate during recovery from surgery similarly operate through this autonomic-

respiratory coupling.

The temporal dynamics of autonomic-respiratory observables span seconds (within-breath modulation

of heart rate), minutes to an hour (pre-panic drift), hours to days (mechanical-ventilation outcomes),

and years (chronic-stress accumulation). The principal open question is whether the within-cohort

findings — particularly the Meuret pre-panic observation and the Gutierrez intensive-care observation —

generalise to ambulatory conditions outside controlled monitoring. The cross-system co-variation hint is

that autonomic dysregulation is one of the substrates through which cardiovascular (6.1), neurological

(6.2), psychiatric (6.9), and metabolic (6.6) risks converge on the breathing channel.

5.5 Aging and longevity

The ageing trajectory is one of the contexts in which breathing structure is most directly observable as a

continuous biological-age signal, and several of its components carry independent prognostic

information for all-cause mortality.

Forced expiratory volume in one second (FEV1) — a structural-respiratory measure rather than a

breathing-pattern measure — is an established predictor of all-cause mortality across the full

distribution, including within the conventionally normal range. Duong and colleagues, in the PURE Study

(n=126,359 across 17 countries), reported that lower FEV1 was independently associated with all-cause

mortality, cardiovascular morbidity, and respiratory morbidity, with the gradient extending into values

traditionally classified as normal.222, 223 Cannon and colleagues, in the FDNY and NHANES cohorts,

replicated the within-normal-range mortality association at 20-year follow-up.224, 225 Kim and colleagues,

in a Korean cohort with 18-year follow-up, reported that FEV1/FVC decline predicted mortality

independent of baseline value.226 The cumulative implication is that the structural respiratory observable

carries dose-response prognostic information across the population distribution, not only at the

diagnostic threshold.

Respiratory sinus arrhythmia decreases approximately linearly with age and has been described as one

of the strongest non-invasive correlates of biological cardiovascular age. Hellman and Stacy, in a

controlled-breathing cohort (n=24, all male), reported a correlation of r=−0.83 between respiratory

sinus arrhythmia amplitude and chronological age.227 The point estimate is large but the confidence

interval is wide — approximately 0.63–0.93 at 95% — reflecting the limited precision afforded by the

single small-cohort design; replication across larger and more heterogeneous samples is the principal

open question. Mechanistically, the decline integrates progressive parasympathetic withdrawal and

reduced respiratory-cardiac coupling reviewed in Chapter 3.72, 77, 169

Cardiorespiratory fitness (CRF), as quantified by VO2max, is among the strongest independent

predictors of all-cause and cardiovascular mortality identified in modern epidemiology. Kodama and

colleagues, in a meta-analysis of 33 cohort studies (n=102,980), reported that each 1-MET increase in

cardiorespiratory fitness was associated with a 13% reduction in all-cause mortality and a 15%
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reduction in cardiovascular mortality (hazard ratio 0.87 and 0.85 respectively).228 Lang and colleagues,

in a 2024 systematic review and meta-analysis, confirmed cardiorespiratory fitness as a strong and

consistent predictor of morbidity and mortality across study designs and populations,229 and Peterman

and colleagues developed global age-and-sex-stratified reference standards for directly-measured

cardiorespiratory fitness in the FRIEND registry, providing the population reference distribution against

which individual values are interpreted.230 Strasser and Burtscher characterised VO2max as a key

longevity predictor at the mechanistic level, integrating cardiac stroke-volume reserve, peripheral

mitochondrial density, and pulmonary gas-exchange capacity.231 The breathing channel does not

measure CRF directly under ambulatory conditions, but the same underlying cardiorespiratory

adaptations that produce high CRF also produce many of the breathing-structure observables

developed elsewhere in this chapter — autonomic balance, respiratory variability, and post-effort

recovery dynamics. Population-scale Fitbit cohort data have established that cardiorespiratory fitness

can be estimated from free-living wearable signals at population scale,232 and the structural respiratory

contribution to such estimates remains an open methodological question.

The biological-ageing literature provides converging evidence that the respiratory system itself is a

sensitive substrate for ageing biology. The classical demographic framing — Olshansky and Carnes’

analysis of the Gompertz mortality trajectory — establishes that age-specific mortality risk increases

approximately exponentially across adult life, and that biomarkers capable of indexing position along

this trajectory have prognostic value disproportionate to any single-time-point measure.233 Within the

respiratory system specifically, Meiners and colleagues catalogued the hallmarks of the ageing lung —

impaired epithelial repair, immune dysregulation, reduced elastic recoil, and increased small-airway

closure — that produce the structural substrate for breathing-pattern changes across the adult

lifespan.234 The molecular layer of ageing biology has converged on the same respiratory substrate from

a different direction: Rezwan and colleagues, in the SAPALDIA, ECRHS, and BHS cohorts, reported

associations between adult lung function and epigenetic age acceleration measured by DNA-

methylation clocks,235 and Hillary and colleagues reported that the GrimAge composite epigenetic age

estimate predicted incident chronic obstructive pulmonary disease independent of chronological age.236

Karniski and colleagues, in a multi-racial pulmonary fibrosis cohort, reported that telomere length

predicted mortality across racial groups, identifying telomere biology as a third independent ageing-

mechanism layer that converges on respiratory-system outcomes.237 The convergence of structural lung

function, epigenetic age, telomere biology, and cardiorespiratory fitness on the breathing-structure

observable provides the deeper biological basis for breathing as an ageing signal: each of these

underlying ageing mechanisms is partially observable through the same channel, which is why the

channel carries integrative prognostic information that exceeds what any single underlying measure

provides.

The temporal dynamics of ageing-related breathing-structure observables operate at decade scales for

trajectories (FEV1 decline, respiratory sinus arrhythmia decline) and at year-to-decade scales for

prognostic prediction (CRF and mortality). The principal open question is whether ambulatory

breathing-structure observables can capture biological-age trajectories with sufficient sensitivity to

distinguish accelerated from normal ageing within individuals. The cross-system co-variation hint is that
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ageing-related breathing-structure changes are precisely the multi-system signal whose closing

synthesis is developed in 6.16.

5.6 Metabolic

Metabolic state is coupled to breathing structure through the chemoreflex and acid-base regulatory

pathways reviewed in Chapter 3. Two prognostic observables anchor the clinical evidence base.

Respiratory rate ≥22 breaths per minute is one of three components of the qSOFA score for sepsis

screening at the bedside. Singer and colleagues, in the Sepsis-3 consensus definition, established the

qSOFA criterion (qSOFA ≥2 of: respiratory rate ≥22, altered mentation, systolic blood pressure ≤100

mmHg) as a rapid bedside screen for sepsis-associated organ dysfunction.54, 238 The respiratory-rate

component carries substantial prognostic weight on its own: Churpek and colleagues, in their ward-

deterioration analysis, identified respiratory rate as the single most informative vital sign.185 The

boundary condition — and the source of the qSOFA controversy — is that the score has lower

sensitivity than systemic inflammatory response syndrome criteria and the National Early Warning Score

for early sepsis identification, and several validation studies have reported its inferiority for predicting in-

hospital mortality compared with these alternatives.239 The observation here is therefore framed as a

screening trigger for closer assessment, not a diagnostic substitute.

Kussmaul breathing — deep, rapid, regular hyperventilation — is the characteristic respiratory pattern of

metabolic acidosis, classically described in diabetic ketoacidosis and uraemic acidosis.240 The

mechanistic basis is straightforward: respiratory compensation for metabolic acidaemia drives a

sustained hyperventilatory response that is structurally distinguishable from anxiety-driven

hyperventilation by its regularity, its tidal-volume amplitude, and its absence of within-breath variability.

The differential observation against central neurogenic hyperventilation is also structural: Kussmaul

respiration retains an approximately normal inspiration-to-expiration timing pattern with elevated tidal

volume; central neurogenic hyperventilation produces a more irregular pattern with sustained

tachypnoea. Despite the long-standing clinical recognition of Kussmaul respiration as a bedside finding,

no published quantitative diagnostic-accuracy study (sensitivity, specificity, or AUC) for automated

acoustic detection of the pattern was identified during this review, a methodological gap given the

importance of the pattern in emergency-department triage of altered-mentation patients with possible

diabetic ketoacidosis or sepsis-related acidosis.

The temporal coupling between metabolic state and breathing pattern operates at multiple scales

beyond the acute Kussmaul presentation. Postprandial respiratory and gastro-oesophageal coupling —

the temporal coordination of swallowing, oesophageal clearance, and breathing — is a candidate

observable for postprandial metabolic events that has not yet been systematically studied through

ambulatory acoustic monitoring. The mechanistic basis is reviewed across 6.13 (swallowing and

aspiration), and a targeted postprandial-monitoring study design appears in Chapter 11 as an open

research question. The qSOFA framework itself is one component of a broader vital-signs paradigm in

which respiratory-rate trends carry the greatest individual prognostic weight for ward deterioration,185, 186, 

187 a pattern that the metabolic-respiratory coupling reviewed here provides the underlying physiology
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for: a substantial fraction of ward-deterioration events are mediated by metabolic decompensation

visible at the breathing channel before laboratory or haemodynamic evidence accumulates.

The temporal dynamics of metabolic-respiratory observables operate at minutes (acute Kussmaul or

qSOFA-relevant tachypnoea), hours (post-prandial timing of 30 minutes to four hours, the meal-related

glucose and metabolic-substrate shifts), and at multi-day scales (the trajectory of metabolic

compensation in evolving sepsis or ketoacidosis). The cross-system co-variation hint is that the same

chemoreflex pathway that underlies metabolic acid-base coupling also participates in cardiovascular

(6.1) and autonomic (6.4) regulation; a single deviation in respiratory pattern may carry information

about more than one of these substrates simultaneously, and disambiguating which substrate is

producing a given deviation is itself a multi-system observation problem that no single-system framing

can resolve.

5.7 Immune function

The immune-system evidence base for breathing-structure observation is dominated by acoustic

biomarkers of cough — a respiratory-symptom observable rather than a continuous breathing-pattern

observable — supplemented by emerging evidence on respiratory-pattern shifts during acute infection.

Acoustic classification of cough has been developed for multiple respiratory pathogens, with the

Leicester Cough Monitor providing an early validated framework for automated cough detection.241

Pahar and colleagues subsequently reported COVID-19 cough classification using machine-learning

models on global smartphone recordings,242, 243 and cross-dataset validation in 2025 reported AUC

values of approximately 0.97 across five combined datasets,243, 244 a substantially stronger performance

than single-dataset training. The boundary condition is variant-dependent generalisation: COVID cough

classifiers trained on early-pandemic samples have shown degraded performance on Omicron-era

samples, with AUC dropping to approximately 0.55 in the most challenging cross-variant tests.244 An

earlier real-world deployment study reporting sensitivity of approximately 0.52 and false-positive rate of

0.40 illustrates the gap between curated-cohort performance and ambulatory deployment — a result

that constrains the headline finding previously made for COVID screening to a more cautious framing

centred on curated-dataset performance and cohort-specific validation.

Tuberculosis screening from cough acoustics has approached or exceeded World Health Organization

triage targets (≥90% sensitivity, ≥70% specificity) in several recent cohorts.243, 25 The combination of

high disease burden, low cost of screening at scale, and the structural distinguishability of TB cough

from other infectious coughs makes this one of the more developed acoustic-biomarker applications in

low- and middle-income country contexts. WHO triage targets are screening targets rather than

confirmatory targets; sputum-based confirmation remains the diagnostic standard, and the framing here

is as a triage tool rather than a diagnostic substitute.

Beyond pathogen-specific cough classification, two additional acoustic-immune observables are well-

developed. Asthma exacerbation has been detectable through nocturnal acoustic stethoscope

monitoring with AUC approximately 0.94 in the home-deployment cohort of Emeryk and colleagues

using the StethoMe AI-assisted home stethoscope,245 and Huffaker and colleagues earlier reported that
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passive nocturnal physiological monitoring enables early detection of asthma exacerbations days before

symptomatic presentation.246 Continuous cough-burden quantification — the cumulative number of

coughs per 24 hours rather than the acoustic classification of individual cough events — has been

validated for the Hyfe smartphone-based cough monitor against manual annotation,247 providing a

longitudinal observable that captures disease trajectory rather than single-time-point detection. Landry

and colleagues, in a 2025 systematic review of acoustic biomarkers in respiratory disease,

characterised the broader landscape of respiratory-disease acoustic classification — covering chronic

obstructive pulmonary disease, asthma, idiopathic pulmonary fibrosis, and respiratory infection — and

identified the methodological standards required for clinical translation, including external validation,

prospective cohort design, and explicit handling of cohort-specific demographic and recording-

environment confounders.248, 249 The cumulative landscape positions acoustic biomarkers as a maturing

class of immune-system observables that has moved from feasibility demonstrations to controlled

validation studies over the past five years.

A separate strand of immune-respiratory observation concerns pre-symptomatic respiratory-pattern

shifts during acute infection. The cumulative evidence from continuous monitoring cohorts indicates that

respiratory rate, respiratory-rate variability, and heart-rate variability shift before the onset of subjective

symptoms in many acute respiratory infections, with the temporal lead measured in days rather than

hours. Mechanistically, the early shift reflects the autonomic and inflammatory response to viral

replication that precedes symptom-producing tissue damage; the principal evidence base for this

temporal-advantage observable is reviewed in Chapter 6. Hawthorne and colleagues, in a wearable-

monitoring proof-of-concept study, demonstrated continuous non-invasive vital-sign monitoring during

the prodromal period of chronic obstructive pulmonary disease exacerbations,250, 251 establishing the

methodological feasibility of pre-symptomatic respiratory-pattern observation for one of the principal

infectious triggers of acute exacerbation.

The temporal dynamics of immune-system breathing observables span seconds (single cough

acoustics), days (pre-symptomatic respiratory shifts before infection symptom onset), and weeks

(cough-burden trajectories during infection resolution). The principal open question is whether quiet-

breathing observables — that is, breathing-pattern features measured during normal respiration without

coughing — can detect respiratory infection earlier or more reliably than cough-based observables, and

that question is developed in the open-research agenda of Chapter 11. The cross-system co-variation

hint is that acute infection produces simultaneous shifts in respiratory pattern (immune), heart-rate

variability (autonomic, 6.4), and sleep architecture (6.3) — a multi-system convergent signal that is itself

observable through the breathing channel.

5.8 Endocrine

The endocrine-respiratory evidence base is sparse compared with cardiovascular, neurological, and

psychiatric domains, and several previously-cited findings did not survive evidence audit. The strongest

finding in this arc is one of the strongest examples in this synthesis of a respiratory parameter

functioning as a clinical-grade test.
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The expiration-to-inspiration ratio of R-R intervals during deep breathing — the deep-breathing E:I ratio

test — is the most sensitive bedside test for diabetic cardiac autonomic neuropathy.252, 253, 254, 255 The

participant breathes at six breaths per minute (five seconds inspiration, five seconds expiration) for one

minute; the ratio of the longest expiratory R-R interval to the shortest inspiratory R-R interval is

computed. A reduced E:I ratio identifies the loss of vagally-mediated heart-rate response to respiration

that characterises diabetic cardiac autonomic neuropathy. The mechanistic basis is the progressive loss

of vagal efferent fibres innervating the sinoatrial node, which preferentially affects respiratory-modulated

heart-rate fluctuations before it affects baseline rate; the deep-breathing manoeuvre maximally

amplifies the vagal-modulation signal and exposes the deficit at a stage when resting-state heart-rate

variability remains within normal limits. Spallone and colleagues, in the consensus statement on diabetic

cardiovascular autonomic neuropathy, identified the deep-breathing test as the single most sensitive

component of the cardiovascular autonomic reflex test battery, exceeding the sensitivity of the Valsalva

ratio, the postural blood-pressure response, and the heart-rate response to standing.254 Vinik and

Ziegler, in a Circulation review, summarised the prognostic implications: the presence of cardiac

autonomic neuropathy is associated with a five-year mortality of approximately 27.5% over 2.5-year

follow-up cohorts, exceeding the mortality risk associated with many conventional diabetes

complications.255

The strategic significance of this finding is that a respiratory parameter is itself the gold-standard

clinical test for the autonomic complication; the breathing channel is here not a proxy for an underlying

observable but the observable itself. The structural requirements — controlled six-per-minute pacing,

simultaneous ECG, and a one-minute observation window — are tractable in ambulatory monitoring

contexts in principle, although the validation work for ambulatory implementations remains preliminary.

The ambulatory transposition of the test would extend a clinically-established gold-standard observable

into a continuous monitoring frame, which is a different research-and-development trajectory from the

pattern-recognition approaches that dominate other system-specific arcs in this chapter.

Beyond diabetic cardiac autonomic neuropathy, the endocrine-respiratory evidence base is meaningfully

sparser. Several findings that previously appeared in the breathing-biomarker literature did not survive

evidence audit: the broader proposition that diaphragmatic-breathing exercises produce robust

cortisol-modulation effects has not been substantiated in adequately controlled trials when active-

control biases are removed,216 and the proposition that hypothyroidism is associated with characteristic

breathing-pattern changes was downgraded to hypothesis status because the underlying authors

themselves concluded that the available evidence is “at best limited” and “ambiguous”. The mechanistic

plausibility of endocrine-respiratory coupling — through chemoreflex modulation, cortisol-driven

respiratory-drive changes, and thyroid-hormone effects on basal metabolism and minute ventilation — is

reviewed in Chapter 3; the empirical-prognostic evidence base supporting specific findings remains an

active research-agenda item discussed in Chapter 11.

The temporal dynamics of endocrine-respiratory observables span seconds (within-test E:I ratio

measurement) and years (diabetic cardiac autonomic neuropathy trajectory). The principal open

question is the broader endocrine-respiratory relationship beyond diabetic cardiac autonomic

neuropathy. The cross-system co-variation hint is that the diabetic cardiac autonomic neuropathy
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substrate links endocrine (6.8), autonomic (6.4), and cardiovascular (6.1) observables onto a single

respiratory test — a three-system convergence on the breathing channel.

5.9 Psychiatric and addiction disorders

The psychiatric and addiction evidence base contains some of the largest effect sizes in the breathing-

structure literature, several of them at sample sizes that are unusually small but powered by the

magnitude of the finding.

Capnometric-assisted respiratory training (CART) for panic disorder is the canonical example. Meuret

and colleagues, in a randomised controlled trial of CART against cognitive therapy for panic disorder

(n=37), reported a between-group effect size of d=2.21–2.30 for primary panic-symptom outcomes,256, 

257, 258 with response rates of 82–93% sustained at twelve-month follow-up. The sample size is small but

the effect size is exceptional — a d of 2.21 produces statistical power exceeding 99% even at n=37. The

therapeutic mechanism — direct respiratory training to normalise hyperventilation patterns — is itself a

demonstration that respiratory structure is not only an observable of panic but a modifiable substrate of

the disorder.

Cardiorespiratory instability has been observed to precede panic attacks by approximately 47 minutes in

continuous ambulatory monitoring, as developed in 6.4.214 The pre-attack drift is observed in respiratory-

rate variability and tidal-volume variability rather than in respiratory rate alone, indicating that the

structural breathing parameters carry the predictive information at this temporal scale.

Major depressive disorder is associated with reduced heart-rate variability across the standard

frequency-domain and time-domain measures, and antidepressant treatment does not normalise the

deficit. Koch and colleagues, in a meta-analysis (k=11 studies, total n approximately 1,900), reported

between-group effect sizes for high-frequency power g=−0.318 and root-mean-square successive

differences g=−0.462 between major depressive disorder and healthy controls.259 Subsequent meta-

analyses confirmed the persistence of the deficit during pharmacological remission,260 indicating that

the cardiac-autonomic abnormality is not a pharmacological side-effect of treatment but a stable

disease-biology feature that persists after symptomatic improvement. The clinical implication is that

heart-rate variability — a respiratory-modulated observable — captures a feature of depression biology

that is not pharmacologically reversible at clinical dosing, and that may relate to the elevated

cardiovascular morbidity and mortality observed in major depressive disorder cohorts independent of

conventional risk factors.

Reduced respiratory sinus arrhythmia has been characterised as a transdiagnostic biomarker of

emotional dysregulation across psychiatric conditions, with effect sizes that are smaller than the panic-

CART finding but more consistent across disorders.27 The transdiagnostic framing is mechanistically

aligned with the polyvagal reading of respiratory-cardiac coupling reviewed in Chapter 3, and links the

depression finding (g≈−0.32 to −0.46) to anxiety, post-traumatic stress, and substance-use disorders

within a common autonomic framework. The shared autonomic substrate provides one explanation for

the clinical observation that emotion-regulation difficulties cluster across psychiatric diagnoses rather

than respecting categorical boundaries.
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In substance-use disorders, heart-rate-variability biofeedback — typically implemented as resonance-

frequency slow-paced breathing at approximately six breaths per minute, as reviewed in 6.4 — has been

investigated as an adjunctive therapeutic. Eddie and colleagues, in a 2025 randomised controlled trial

published in JAMA Psychiatry, reported that heart-rate-variability biofeedback was associated with

reduced substance use during the trial period, providing controlled-trial evidence for a respiratory

intervention as an adjunctive treatment for addiction.217 The proposed mechanism integrates two

pathways: the direct autonomic-modulation effect of resonance-frequency breathing on

parasympathetic tone, and the cognitive-attentional effect of structured breathing practice on craving

regulation. Both pathways are observable through the breathing channel during the practice itself,

providing a rare example of an intervention whose dose-response can in principle be quantified through

the same observable that captures the underlying autonomic dysregulation.

Continuous monitoring of opioid-induced respiratory depression on inpatient wards has identified events

that are missed by standard intermittent observation. Khanna and colleagues, in the PRODIGY study,

demonstrated that intermittent vital-sign sampling fails to capture a substantial fraction of clinically-

significant opioid-induced respiratory depression events on general wards, particularly during sleep

when respiratory drive is intrinsically lower.220, 221, 261 The framing here is observational — continuous

breathing-channel monitoring captures events that intermittent monitoring misses — rather than

diagnostic.

A separate strand concerns the bidirectional association between lung function and depression. Hu and

colleagues, in a UK Biobank prospective cohort (n approximately 350,000), reported that lower lung

function predicted incident depression over multi-year follow-up, with the association persisting after

adjustment for smoking, body mass index, socioeconomic status, and baseline psychiatric history.262 The

bidirectionality is mechanistically plausible from both directions: depression is associated with reduced

physical activity and increased smoking risk that compromise lung function, while reduced lung function

is associated with chronic systemic inflammation and reduced cardiorespiratory fitness that may

contribute to depression risk through neuroinflammatory and reward-system pathways. The bidirectional

finding links 6.5 (ageing) to 6.9 (psychiatric) at the longitudinal scale and provides a rare example of a

structural respiratory measure (FEV1) carrying prospective prognostic information for a non-respiratory

psychiatric outcome.

The temporal dynamics of psychiatric breathing-structure observables span minutes to an hour (pre-

panic drift), within-session windows for biofeedback, and years for the chronic depression-heart-rate-

variability deficit. The principal open question is whether the within-cohort psychiatric findings —

particularly the panic-CART effect size — generalise to ambulatory implementations without

capnometry. The cross-system co-variation hint is that psychiatric breathing-structure observables

converge with autonomic (6.4), cardiovascular (6.1), and ageing (6.5) observables on the breathing

channel, supporting the closing-synthesis argument.

5.10 Reproductive (luteal cycle and pregnancy)

The reproductive-respiratory evidence base concerns the modulation of breathing structure by the

principal female sex hormones — primarily progesterone — across the menstrual cycle and pregnancy.
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Progesterone is a respiratory stimulant, producing measurable ventilatory changes during the luteal

phase of the menstrual cycle and during pregnancy. Driver and colleagues, in a controlled within-

participant comparison across menstrual-cycle phases, reported elevated resting respiratory rate,

increased minute ventilation, and changes in upper-airway resistance during the luteal phase compared

with the follicular phase.263, 264 The mechanism is well-characterised at the biochemical level:

progesterone metabolites act on central chemoreceptors to lower the apnoeic threshold and increase

resting ventilation, producing an approximately 1–2 breath-per-minute elevation in resting respiratory

rate during the mid-to-late luteal phase. The observational implication is that personalised breathing-

structure baselines for reproductive-aged women should incorporate cycle-phase as a contextual

variable; otherwise normal cyclic variation may be misclassified as pathological deviation, and the

magnitude of the cyclic shift is large enough that population-level normative ranges that fail to account

for cycle-phase will systematically over-flag luteal-phase recordings as elevated.

During pregnancy, the magnitude of the ventilatory shift is larger and persists across the second and

third trimesters. Resting respiratory rate, tidal volume, and minute ventilation increase substantially —

minute ventilation rises by approximately 30–50% above non-pregnant baseline — and the resulting

respiratory alkalosis is a normal physiological feature of mid-to-late pregnancy. Pregnancy-related

upper-airway changes — including increased mucosal vascularity, reduced functional residual capacity,

and elevated diaphragmatic resting position from progressive uterine displacement — also predispose

to the development of obstructive sleep-disordered breathing. The implications extend to hypertensive

disorders of pregnancy, where sleep-disordered breathing is a recognised risk factor for pre-eclampsia,

gestational hypertension, and adverse perinatal outcomes; the obstetric literature has developed this

association extensively, and breathing-structure observation provides a continuous-monitoring substrate

for an outcome class for which intermittent clinic measurement is poorly suited to capture pre-clinical

trajectories.

Polycystic ovary syndrome (PCOS) is associated with an elevated risk of obstructive sleep apnoea

independent of body mass index, although the magnitude of the independent body-mass-index-adjusted

effect remains debated. Kahal and colleagues, in a comprehensive review of obstructive sleep apnoea in

PCOS, summarised the cohort-level evidence supporting the association.265, 266 The shared mechanistic

substrate involves insulin resistance, androgen excess, and visceral adiposity — all of which

independently affect upper-airway collapsibility and chemoreflex sensitivity. The PCOS-OSA association

is itself a multi-system convergence: reproductive endocrinology, metabolic regulation (6.6),

cardiovascular risk (6.1), and sleep-disordered breathing (6.3) co-vary on a single underlying biology,

and the breathing-structure observable during sleep is the channel on which several of these

convergent risks become continuously visible.

A boundary condition to register: a separate proposition that continuous positive airway pressure

normalises long-term cognitive risk in women with PCOS-associated obstructive sleep apnoea is not

supported by current evidence. The Wang 2025 cohort study reported a non-significant CPAP effect on

dementia incidence (HR 0.99, 95% CI 0.74–1.32),210 and the APPLES randomised trial — a six-month,

sham-controlled, multicentre RCT in n=1,098 OSA patients — reported only a mild and transient

between-group difference for executive-function measures in severe OSA at the two-month visit, with
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no sustained difference at the six-month primary-outcome timepoint.150 The validated component of the

PCOS-respiratory association is the elevated sleep-disordered-breathing risk; the cognitive-risk-

modification component has not been established.

The temporal dynamics of reproductive-respiratory observables operate at the menstrual-cycle scale

(~28 days), the pregnancy scale (40 weeks with within-pregnancy trimester-specific shifts), and

across the reproductive lifespan from menarche through the perimenopausal transition. The principal

open question is whether ambulatory breathing-structure monitoring can characterise individual cycle-

phase respiratory baselines with sufficient sensitivity to distinguish normal cyclic variation from

pathological deviation, and whether the perimenopausal hormonal transition produces analogous

structural breathing changes that have not been systematically catalogued. The cross-system co-

variation hint is that reproductive-cycle respiratory variation is a rare example of normal periodic

structural variation that establishes the personalised-baseline argument developed in Chapter 4 — a

healthy individual’s breathing structure is not constant but cyclically modulated by reproductive

endocrinology, and an observation layer that fails to recognise this cyclic structure will misread normal

physiology as deviation.

5.11 Limbic / neural entrainment (nasal respiration)

The limbic and cortical entrainment of breathing is the cleanest mechanistic argument for breathing as

an observable of cognitive state, and nasal respiration in particular is the modality through which this

entrainment is most directly accessible to non-invasive observation.

The unique acoustic accessibility of nasal respiration has been characterised at the individual level.

Soroka and colleagues, in 24-hour ambulatory recordings of nasal airflow patterns (n=97), reported

that the temporal structure of nasal respiration is sufficiently individually distinctive to permit

identification of the source individual with approximately 96.8% accuracy from the 24-hour pattern

alone.267 The finding is published as a mechanistic observation about the individuality of respiratory

structure rather than as an authentication application; the implication for the present chapter is that

nasal respiration carries individual-distinguishing temporal structure of a magnitude comparable with

established biometric channels, which provides one of the strongest empirical arguments for

personalised baselines as the natural reference frame for breathing-structure observation rather than

population norms.

Mechanistically, nasal respiration entrains limbic neural oscillations on a breath-by-breath basis. Zelano

and colleagues, using intracranial electroencephalography in epilepsy patients, demonstrated that nasal

— but not oral — respiration produces phase-locked oscillations in the human piriform cortex, amygdala,

and hippocampus in the delta and theta frequency ranges, and that the phase of these oscillations

modulates cognitive performance on memory and emotional-recognition tasks.102, 268 The directional

finding is that nasal airflow drives limbic oscillation rather than the reverse: airflow-mediated

mechanoreceptor stimulation in the olfactory epithelium provides the rhythmic input that paces the

downstream limbic network. Karalis and Sirota subsequently demonstrated in mice that breathing

coordinates cortico-hippocampal dynamics during offline states (sleep and quiet rest), establishing that

the entrainment effect is not specific to active task performance.103 Tort and colleagues, in a 2025 
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Nature Reviews Neuroscience synthesis, reviewed the broader phenomenon under the framing of global

coordination of brain activity by the breathing cycle, integrating evidence from rodent intracranial

recordings, human intracranial recordings, and large-scale human electroencephalographic and

magnetoencephalographic studies.15

The cognitive-performance correlate of breath-phase entrainment has been established at scale.

Johannknecht and Kayser, in a meta-analysis of 122 datasets, reported that reaction time co-varies with

the respiratory cycle phase, with a small but reproducible advantage for inspiratory-phase responses

across stimulus modalities.269 Perl and colleagues demonstrated that human non-olfactory cognition is

phase-locked with inhalation in a controlled task battery,270 and Nakamura and colleagues showed that

respiratory phase modulates retrieval performance specifically.271 Arshamian and colleagues extended

the finding to memory consolidation: the respiratory-phase modulation of olfactory memory

consolidation persists across hours, indicating that the breath-cognition coupling operates at

consolidation timescales rather than purely within-task.272

Ahani and colleagues, in a multimodal electroencephalography-respiration study during mindfulness

meditation (n=34 novice meditators undergoing a six-week intervention), reported quantifiable changes

in the spectral and phase-coupling characteristics of both signals concurrent with practice, with the

cross-signal coupling itself shifting over the intervention period.273 The finding is small-cohort and pilot-

design, but it provides a rare example of a longitudinal multimodal observation of breath-brain coupling

that is feasible outside specialised neurophysiology laboratories, and it positions breathing structure as

an ambulatory window onto a coupled neural-respiratory dynamic that conventional

electroencephalography cannot access continuously.

The temporal dynamics of limbic respiratory entrainment span sub-second (within-cycle phase-locking

of cognition), seconds (breath-by-breath modulation of memory retrieval), and weeks (intervention-

driven shifts in coupling structure). The principal open question is whether ambulatory acoustic

monitoring of nasal-versus-oral respiration captures the limbic-entrainment-relevant features of the

signal at sufficient fidelity to track individual cognitive-state trajectories, or whether the higher-fidelity

intracranial findings remain methodologically inaccessible from the ambulatory channel. The cross-

system co-variation hint is that the breathing-cognition coupling reviewed here is mechanistically

continuous with the autonomic (6.4) and psychiatric (6.9) observables developed elsewhere — the

same nasal respiratory rhythm that paces limbic oscillations also modulates autonomic balance through

respiratory sinus arrhythmia and contributes to the panic, depression, and substance-use signatures

that constitute the psychiatric arc. The mechanistic substrate is reviewed in Chapter 3.3.

5.12 Musculoskeletal (respiratory sarcopenia)

The musculoskeletal arc of breathing-structure observation concerns the diaphragm and accessory

respiratory muscles as components of the broader sarcopenia-frailty axis, and the resulting changes in

breathing pattern that emerge as respiratory muscle strength declines.

Respiratory sarcopenia has been formalised as a recognised clinical entity in a joint position paper by

four Japanese professional organisations (the Japanese Geriatrics Society, Japanese Association of

Rehabilitation Nutrition, Japanese Society for Respiratory Care and Rehabilitation, and the Japanese
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Working Group of Respiratory Sarcopenia), defining the entity as the combination of whole-body

sarcopenia and reduced respiratory muscle strength.274 Nagano and colleagues subsequently proposed

a clinical diagnostic algorithm distinguishing respiratory sarcopenia from sarcopenic respiratory

disability, with implementation criteria based on maximum inspiratory pressure (MIP) thresholds and

concomitant whole-body sarcopenia indices.275 The structural finding is that respiratory muscle strength

declines with age in parallel with appendicular muscle mass, and that the decline can be quantified

through a small number of accessible measures — MIP, maximum expiratory pressure (MEP), peak

expiratory flow, and the structural correlate of diaphragm thickness measured by ultrasonography.

The correlation between respiratory muscle strength and broader sarcopenia indices has been

established at the cohort level. Vaz Fragoso and colleagues, in the Cardiovascular Health Study (CHS),

reported that respiratory impairment is associated with frailty in older persons, with the association

persisting after adjustment for cardiovascular and pulmonary comorbidities.276 Vidal and colleagues, in a

focused study of pre-frail elderly (n=64), reported that maximum inspiratory pressure correlates with

handgrip strength,277 and Lee and colleagues, in a healthy elderly cohort (n=45), reported that

diaphragm thickness measured by ultrasonography correlates with both respiratory muscle strength

(MIP, MEP) and conventional sarcopenia indices including handgrip strength, appendicular skeletal

muscle index, calf circumference, and gait speed.278 Enright and colleagues, in earlier Cardiovascular

Health Study analyses, established the population reference distribution for respiratory muscle strength

in older adults.279 Ohara and colleagues subsequently reported that respiratory muscle strength can

serve as a discriminator of sarcopenia in community-dwelling older adults.280

The mortality consequences of respiratory sarcopenia have been characterised in the China Health and

Retirement Longitudinal Study (CHARLS). Zhu and colleagues, in a community-dwelling adult cohort

(n=5,006, 9-year average follow-up, 1,176 deaths, 23.49% mortality), reported that probable respiratory

sarcopenia at baseline was associated with all-cause mortality (HR 1.31, 95% CI 1.11–1.54) after

adjustment for age, sex, smoking, and conventional cardiometabolic comorbidities.281 The 9-year follow-

up window provides the first long-duration prospective evidence that respiratory muscle decline is itself

prognostic at the population level.

A direct cross-system mention is warranted: nocturnal respiratory rate ≥16 breaths per minute, the

cardiovascular-mortality observable established by Baumert and colleagues (cross-referenced from 6.1,

finding CV-02), is itself partly a respiratory-sarcopenia phenotype in older adults — reduced respiratory

muscle strength, reduced lung compliance, and the resulting compensatory increase in respiratory rate

produce the structural observable that Baumert’s cohort captured.53 The respiratory-sarcopenia and

nocturnal-respiratory-rate observables are therefore not independent: the same musculoskeletal

substrate shows up at different observation channels.

The temporal dynamics of respiratory-sarcopenia observables operate at decade scales for the

underlying muscle-mass trajectory and at year-to-multi-year scales for prognostic prediction in cohort

studies. The principal open question is whether ambulatory breathing-structure monitoring — without

explicit MIP or diaphragm ultrasound measurement — can capture respiratory muscle decline through

indirect observables such as resting respiratory rate, breathing-pattern variability under standardised

tasks, and post-effort respiratory-recovery dynamics. The cross-system co-variation hint is that
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respiratory sarcopenia is an underrecognised musculoskeletal observable that contributes to the multi-

system aging trajectory developed in 6.16 (frailty and multi-system aging).

5.13 Swallowing and aspiration

The coordination of breathing and swallowing is the structural physiology that allows nutrition without

aspiration, and the breakdown of this coordination is one of the most consequential observables of the

upper-aerodigestive tract, with implications for pneumonia, exacerbations of obstructive lung disease,

and mortality in neurodegenerative disorders.

Breathing and swallowing are tightly coordinated in healthy adults. The healthy adult swallow occurs

preferentially during the expiratory phase of respiration, followed by a brief continuation of expiration

(the “exhale-swallow-exhale” pattern), which protects the airway through subglottic positive pressure

during the swallow event. Martin-Harris and colleagues established the structural dynamics of this

coordination across the adult lifespan,282 documenting age-related shifts in the timing of swallow within

the respiratory cycle and the proportion of swallows occurring during inspiration. Gross and colleagues

subsequently demonstrated that this coordination is disrupted in Parkinson’s disease,283 with a higher

proportion of swallows occurring during inspiration — the structural precondition for aspiration. Similar

disruption has been documented in chronic obstructive pulmonary disease: Gross and colleagues

reported breathing-swallowing discoordination in COPD,284 Nagami and colleagues reported that

breathing-swallowing discoordination is associated with acute exacerbation of COPD,285 and Yoshimatsu

and colleagues reported the discoordination as an independent association with COPD exacerbation in

multivariate analysis.286 The clinical implication is that swallow-respiratory coordination carries

prognostic information for exacerbation risk in addition to the breathing-pattern signals reviewed in 6.1

and 6.7.

Cervical auscultation — non-invasive acoustic recording of swallow events at the cervical-region surface

— has been developed as a quantifiable observable for swallow detection. Cron and colleagues, in a

2024 systematic review and meta-analysis of ten studies covering paediatric and adult populations,

reported pooled sensitivity 0.91, pooled specificity 0.79, and a summary receiver operating characteristic

area under the curve of 0.86, indicating good discriminative accuracy of cervical auscultation against

instrumental gold-standard assessment (videofluoroscopic swallow study and fibreoptic endoscopic

evaluation of swallowing).147 The technique is sensitive to swallow timing, swallow frequency, and the

structural distinguishability of normal-versus-discoordinated swallow events. The same 2024 meta-

analysis noted that most included studies scored high for risk of bias on at least one QUADAS-2 domain,

attributable to the absence of high-quality prospectively-designed validation studies — a methodological

limitation that constrains the headline AUC value to a “promising” rather than “established” framing.147

High-resolution cervical auscultation, paired with deep-learning analysis, has substantially raised the

performance ceiling: Khalifa, Coyle, and Sejdić demonstrated non-invasive identification of swallow

events via deep learning on high-resolution cervical auscultation recordings with accuracies exceeding

95% for swallow-versus-non-swallow event classification.168 Frakking and colleagues extended the

framework to paediatric aspiration prediction using cervical auscultation with machine-learning

analysis.287 Donohue and colleagues subsequently demonstrated that high-resolution cervical
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auscultation can distinguish healthy from neurodegenerative-dysphagic swallows, providing a path from

binary swallow detection to swallow-quality classification.288 A boundary condition to register: most of

the high-performance cervical auscultation literature originates from a single research group (the Sejdić

laboratory and collaborators); independent multi-cohort replication outside this network is the principal

external-validity question for the technique.

Spontaneous swallowing frequency (SSF) — the rate of unprompted swallow events per minute,

observable through continuous cervical or pharyngeal acoustic monitoring — has been investigated as a

potential indicator of dysphagia. Crary and colleagues reported that reduced spontaneous swallowing

frequency identifies dysphagia in stroke patients with discriminative accuracy useful for clinical

observation.289 Tanaka and colleagues characterised spontaneous swallowing frequency in elderly

community-dwelling adults during daily life (n=35, with daytime SSF in the range of approximately one

swallow per minute).290 A boundary condition emerges from Griffiths and colleagues, who reported that

spontaneous swallowing frequency is similar across healthy and unhealthy older adults, indicating that

the discriminative utility of SSF may be context-dependent (e.g., specific to acute stroke or other

discrete clinical states) rather than generalisable as a population screening observable.

Continuous monitoring of breathing-swallowing coordination has implications for opioid-induced

respiratory depression detection and post-operative recovery, where the PRODIGY framework reviewed

in 6.4 and 6.9 has demonstrated the gap between intermittent observation and continuous physiological

recording.220, 221 The same continuous-monitoring rationale applies to ICU extubation, where swallow-

respiratory coordination is a principal determinant of post-extubation dysphagia, and to general-ward

aspiration risk in neurodegenerative-disease cohorts.

The temporal dynamics of swallow-respiratory observables span sub-second (within-event acoustic

structure of a single swallow) and minutes-to-hours (spontaneous swallowing frequency trajectories

during daily life). The principal open question is whether smartphone-microphone audio at typical

ambient distances can capture the spectral and temporal swallow signatures that high-resolution

contact cervical-auscultation devices resolve, or whether contact recording remains methodologically

necessary for the precision the published literature has demonstrated; this is a Chapter 9 feasibility

question. The cross-system co-variation hint is that swallow-respiratory coordination integrates

respiratory (6.1, 6.7), neurological (6.2), and musculoskeletal (6.12) substrates onto a single structurally-

rich acoustic observable that no single-system framing fully captures.
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Figure 5.7. Acoustic detection of swallow-breath coordination. Cervical auscultation captures a stereotyped acoustic signature —

expiratory pause, swallow event, post-swallow apnea. Modern ML detection: AUC 0.86 (meta-analysis), > 95% swallow-event

accuracy (Khalifa 2020, n = 248), 98% ML-based aspiration accuracy, 89% aspiration sensitivity. Dysphagia affects ≈80% of

Parkinson's patients; aspiration pneumonia is the leading PD-mortality cause at 2× general-population frequency.

5.14 Pediatric

The pediatric arc of breathing-structure observation is the most structurally underdeveloped subsection

of this chapter. Few canonical sources in the literature reviewed map primarily to pediatric populations,

and the small number of pediatric-anchor references collated for this synthesis are dominated by sleep-

disordered-breathing-and-attention-deficit-hyperactivity-disorder findings from the broader sleep arc.

The implication for this subsection is that several mechanistically-plausible pediatric observables remain

undeveloped pending further enrichment, rather than developed at the citation density of the adult-

population arcs.

The most robustly-grounded pediatric breathing-structure finding concerns the bidirectional association

between sleep-disordered breathing and attention-deficit-hyperactivity disorder in children. Sedky and

colleagues, in a meta-analysis of 18 studies (n=2,518 children with adenotonsillar hypertrophy or

polysomnography-confirmed sleep-disordered breathing), reported elevated prevalence of attention-

deficit-hyperactivity-disorder symptoms in children with sleep-disordered breathing relative to

comparison cohorts.291 Ivanov and colleagues subsequently reviewed the broader sleep-disordered-

breathing-and-attention-deficit-hyperactivity-disorder literature and characterised the bidirectional

pathways, including the partial reversibility of attention symptoms following adenotonsillectomy in

obstructive-sleep-disordered-breathing-positive cases.292 The clinical observation is that nocturnal
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breathing-structure observables in children — apnoea-hypopnoea events, snoring acoustics, and

respiratory-rate variability during sleep — carry information for a developmental-cognitive outcome that

is not directly observable through daytime cognitive testing alone.

Apnoea of prematurity is the most-validated continuous-monitoring application in pediatric respiratory

care: neonates born before approximately 34 weeks of gestation have immature central respiratory

rhythm generation in the preBötzinger complex and are routinely monitored continuously for apnoea

events with associated bradycardia and desaturation. The mechanism is reviewed in Chapter 3 (rhythm

generation) and the clinical-monitoring infrastructure has decades of operational maturity. The

contribution of breathing-pattern variability — beyond simple apnoea-event counting — to

neurodevelopmental outcomes has begun to be characterised: Tan and colleagues, in a prospective

cohort of preterm infants born at 28–32 weeks gestational age, reported that time spent with

respiratory events (isolated apnoeas, sequential apnoeas, periodic breathing) measured at term-

equivalent age and at three- and six-month corrected age was associated with reductions in language

and motor outcomes at six-month corrected age, after adjustment for gestational age and birth

weight.293 The finding is small-cohort and recent, and effect-size confidence intervals require multi-

cohort replication; the structural implication is that periodic breathing in clinically-stable preterm infants

— events that do not trigger conventional bradycardia/desaturation monitor alarms — carries

developmental-outcome information that conventional event-counting misses.

Bronchiolitis and respiratory syncytial virus infection in infants and young children produce

characteristic respiratory-pattern changes — increased respiratory rate, work-of-breathing acoustic

signatures including grunting and accessory-muscle recruitment — that emerge over hours to days

during the prodromal and early symptomatic phases. The temporal-advantage observation framed for

adult acute infection in 6.7 and Chapter 6 has analogues in pediatric viral respiratory illness, but the

supporting cohort papers — particularly home-monitoring or smartphone-acoustic studies validating

pre-symptomatic respiratory-pattern detection in young children — are items.

Pediatric obstructive sleep apnoea differs from the adult phenotype both anatomically and

prognostically. The principal anatomical contributor in childhood is adenotonsillar hypertrophy rather

than the upper-airway-collapsibility and obesity substrate that dominates adult obstructive sleep

apnoea, and the developmental consequences — including cognitive, behavioural, and growth

implications — are distinct from adult cardiovascular and cognitive consequences. Tabatabaei Balaei

and colleagues, in a 2023 review of alternatives to polysomnography for pediatric obstructive sleep

apnoea, characterised the current state of the evidence as one in which wearable devices, single-

channel recordings, and home-based polysomnography have not yet been validated as suitable

replacements for the polysomnographic gold standard, although they may play a role in risk stratification

and screening.294 Within this landscape, the specific question of whether smartphone-acoustic-based

pediatric obstructive-sleep-apnoea screening achieves performance comparable with the adult

validation work reviewed in 6.3 — at the AUC ranges of approximately 0.94–0.99 reported in adult Ding

and Kim cohorts — is.

Pediatric breathing-structure observation introduces privacy considerations that do not arise in adult

monitoring. The General Data Protection Regulation provisions for children (GDPR-K) and the Children’s
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Online Privacy Protection Act (COPPA) impose specific consent, data-minimisation, and parental-

control requirements for any continuous monitoring of minors, particularly in the home environment. The

regulatory framing for pediatric-monitoring observation is developed in Chapter 11.6 and Chapter 12.4;

for the present chapter, the relevant note is that the technical feasibility of pediatric breathing-structure

observation precedes the regulatory feasibility of deployment, and that several otherwise-promising

pediatric applications remain in development pending the resolution of these constraints.

The temporal dynamics of pediatric breathing-structure observables span seconds (apnoea events in

neonates), hours-to-days (acute bronchiolitis prodrome), and years (sleep-disordered-breathing

trajectories during development). The principal open question is whether the adult-population validation

work reviewed across 6.1, 6.3, and 6.7 generalises to pediatric populations with appropriate

developmental adjustments to baseline norms, or whether pediatric breathing-structure observation

requires substantially different methodological frameworks. The cross-system co-variation hint is that

pediatric breathing-structure observables map onto the same underlying physiology as the adult arcs —

cardiovascular, autonomic, sleep-architecture, immune-infectious — with developmental modifiers; the

literature gap reflects the cohort-availability constraint of pediatric research rather than a substantive

absence of pediatric breathing-structure phenomena.

5.15 Pain

The pain-respiratory coupling integrates two physiological pathways: the autonomic-cardiovascular

response to nociceptive input, observable through respiratory-modulated heart-rate variability and the

depth of respiratory sinus arrhythmia, and the structural breathing-pattern shifts associated with chronic

pain syndromes through respiratory-muscle deconditioning and central pain-processing alterations.

Both pathways have been studied at clinical-grade fidelity, with the strongest evidence base

concentrated in operating-theatre and intensive-care settings.

The Analgesia Nociception Index (ANI) is the most-developed example of a respiratory-derived clinical

observable for nociception. ANI is computed from the high-frequency component of heart-rate variability

— itself a respiratory-sinus-arrhythmia-derived measure — normalised within a moving window. The

structural premise is that nociceptive input acutely suppresses parasympathetic-mediated heart-rate

variability, and the suppression is detectable as a fall in the index. Boselli and colleagues, in a

prospective observational study, established the immediate post-operative validity of the index as a non-

invasive correlate of subjective pain.295 Kim and colleagues, in a 2023 systematic review and meta-

analysis of 17 studies of patients under general anaesthesia, reported a pooled AUC of approximately

0.77 for ANI versus the reference clinical measures of nociception during anaesthetic management.296

Park and colleagues independently summarised the perioperative analgesia-monitoring literature with

concordant findings.297

The boundary condition that defines the scope of this evidence is the consciousness state of the

patient. Baroni and colleagues, in a 2022 systematic review and meta-analysis of ANI in conscious

individuals undergoing medical procedures or experimental painful stimuli (16 eligible studies, 9 included

in the meta-analysis), reported that the correlation between ANI and self-reported pain in conscious

individuals is approximately null — essentially indistinguishable from zero across the included studies.298
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The implication is that ANI is reframed in scope to general anaesthesia exclusively, and the apparent

diagnostic validity in the perioperative setting does not transpose to the ambulatory or conscious

context. The deeper observation is that the breathing-pain physiological link is real but its observable-

fidelity collapses outside the highly controlled conditions of general anaesthesia — at the very least

under the specific extraction (the ANI window-normalisation algorithm) that the perioperative literature

has validated. ANI is therefore retained in this chapter as an illustration of the breathing-pain

physiological link rather than as a transposable observable for ambulatory monitoring.

Chronic pain syndromes are associated with reduced respiratory muscle strength. Cuenca-Martínez and

colleagues, in a 2023 umbrella review and meta-analysis covering chronic-pain conditions including

fibromyalgia, chronic low-back pain, and chronic neck pain, reported a pooled standardised mean

difference of −0.70 for maximum inspiratory pressure (I6=76%) between chronic-pain and pain-free

comparison cohorts.299 The directional interpretation is bidirectional: chronic pain produces

deconditioning of respiratory muscles through reduced physical activity and altered breathing patterns,

and the respiratory-muscle weakness in turn contributes to dyspnoea, fatigue, and impaired exercise

tolerance that maintains the chronic-pain phenotype.

Fibromyalgia in particular has been associated with characteristic respiratory-pattern alterations.

Jonsson and colleagues reported chronic hyperventilation and renal compensation in fibromyalgia

patients,300 and subsequently reported respiratory-pattern alterations as a stable feature of the

syndrome.301 Leonel and colleagues, in a case-control study of women with fibromyalgia, reported

altered cardiopulmonary function and breathing patterns relative to matched controls.302 The cumulative

finding positions chronic hyperventilation and altered breathing structure as observable features of

fibromyalgia rather than incidental epiphenomena, and provides the structural respiratory substrate for

the chronic-pain–respiratory-muscle-strength association documented in the Cuenca-Martínez

umbrella.

Opioid-induced respiratory depression is the principal acute pain-context observable for which

continuous breathing-channel monitoring carries clinical implications. Chang and colleagues

characterised the acute effects of intravenous opioids on breathing pattern in controlled clinical

settings,303 and Dahan and colleagues subsequently demonstrated synergistic respiratory depression

from oxycodone and alcohol co-exposure.304 The PRODIGY framework established by Khanna and

colleagues — reviewed in 6.4 and 6.9 — demonstrated that intermittent inpatient-ward observation fails

to capture a substantial fraction of opioid-induced respiratory depression events.220, 221 The framing here

is mechanistic: continuous breathing-channel monitoring provides observation-layer access to a class

of events that intermittent vital-sign sampling misses, and the mechanistic basis is independently

established in the controlled-clinical-setting literature.

A vagal-pain cross-system mention is warranted: Frøkjaer and colleagues demonstrated that vagal-tone

modulation enhances gastroduodenal motility and reduces somatic pain perception,305 linking the

vagally-mediated heart-rate-variability observable reviewed in 6.4 to the somatic-pain modulation

reviewed here.

The temporal dynamics of pain-respiratory observables span seconds (ANI within-anaesthesia

tracking), minutes-to-hours (acute opioid-induced respiratory depression), and years (chronic-pain
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trajectory of respiratory-muscle deconditioning). The principal open question, given the Baroni boundary

condition for ANI, is whether any pain-related respiratory observable transposes to ambulatory acoustic

monitoring outside controlled clinical environments — a question of acoustic feasibility developed in

Chapter 9. The cross-system co-variation hint is that pain-respiratory coupling integrates autonomic

(6.4), psychiatric (6.9 — chronic pain frequently co-occurs with depression and anxiety),

musculoskeletal (6.12 respiratory sarcopenia), and swallowing-aspiration (6.13 in postoperative

dysphagia and aspiration-pneumonia risk) substrates onto a single observation channel.

5.16 Frailty and multi-system aging

The closing subsection of this chapter does not describe a sixteenth body system in the same sense as

the preceding fifteen — frailty is not a system but a syndrome of integrative physiological decline that

intersects every system reviewed above. The framing of frailty here is therefore as a multi-system

convergence point, the clinical phenotype in which the cumulative dysregulation of cardiovascular,

autonomic, immune, metabolic, neurological, musculoskeletal, sleep, and reproductive substrates

produces a single composite trajectory toward functional dependence and mortality. The breathing-

structure observable, distributed across the prior fifteen subsections, is itself a uniquely integrative

window onto this trajectory.

Multimorbidity is the population-scale correlate of multi-system aging. Boersma and colleagues, in a U.S.

prevalence analysis, reported that approximately one in four U.S. adults lives with two or more chronic

conditions, with the prevalence rising steeply across the adult lifespan.7 Garmany and Terzic, in a global

analysis of healthspan-lifespan gaps, reported that the difference between life expectancy and

disability-free life expectancy averages approximately nine years across 183 World Health Organization

member states, with the gap widening over recent decades despite gains in absolute longevity.8, 9 The

clinical implication is that the dominant burden of disease in older populations is no longer single-system

pathology but rather the simultaneous and coupled deterioration of multiple systems, and the

observation framework that is most informative is one that captures cross-system trajectories rather

than single-system snapshots.

The biology of ageing has converged on a hallmarks framework that is itself cross-system. López-Otín

and colleagues, in the 2023 update of their original synthesis, characterised ageing as an integrated

process spanning genomic instability, telomere attrition, epigenetic alterations, loss of proteostasis,

mitochondrial dysfunction, cellular senescence, stem-cell exhaustion, altered intercellular

communication, and several additional layers added in the expanding-universe revision.306 Bellelli and

colleagues subsequently mapped these hallmarks onto Alzheimer’s disease pathogenesis,307 and

Argentieri and colleagues integrated environmental and genetic architectures of ageing in a 2025 

Nature Medicine analysis.308 The structural respiratory system participates in nearly all of these layers —

Meiners and colleagues catalogued the hallmarks of the ageing lung,234 Rezwan and colleagues linked

adult lung function to epigenetic age acceleration,235 Wang and colleagues longitudinally tracked

GrimAge acceleration alongside lung function decline,309 Lu and colleagues reported that GrimAge2

predicts mortality and correlates directly with FEV1,310 and Karniski and colleagues reported that

telomere length predicts mortality in pulmonary fibrosis cohorts.237 The cumulative implication is that

ageing-biology layers map directly onto the respiratory observable.

Research Framework

70

https://doi.org/10.5888/pcd17.200130
https://doi.org/10.1038/s41536-021-00169-5
https://doi.org/10.1001/jamanetworkopen.2024.50241
https://doi.org/10.1016/j.cell.2022.11.001
https://doi.org/10.1016/j.arr.2025.102699
https://doi.org/10.1038/s41591-024-03483-9
https://doi.org/10.1183/09031936.00186914
https://doi.org/10.18632/aging.102639
https://pmc.ncbi.nlm.nih.gov/articles/PMC7394682/
https://doi.org/10.18632/aging.204434
https://doi.org/10.1038/s41467-023-37085-9


Frailty is the integrative clinical phenotype of this multi-system trajectory. Landi and colleagues

characterised sarcopenia as the biological substrate of physical frailty,311 and Gielen and colleagues

integrated the sarcopenia-osteoporosis-frailty triad as a unified ageing-related syndrome.312 The

respiratory-muscle component of sarcopenia, reviewed in 6.12, is one of several skeletal-muscle systems

that decline in parallel; the diaphragm-thickness, MIP, and respiratory-muscle-strength findings reported

in 6.12 are projections of the same underlying biology that produces the appendicular sarcopenia, the

metabolic muscle-mass-strength dissociation,313 and the gait-cognition coupling reviewed by Mielke and

colleagues.314

The convergence of multi-system ageing onto the breathing channel is observable across nearly every

finding reviewed in this chapter. The cardiovascular nocturnal-respiratory-rate finding (CV-02) of

Baumert and colleagues — mean nocturnal respiratory rate ≥16 breaths per minute as an independent

mortality predictor — operates in cohorts of community-dwelling older adults, and is itself in part a

respiratory-sarcopenia phenotype, in part a cardiovascular-failure phenotype, in part an autonomic-

dysregulation phenotype.53 The respiratory sinus arrhythmia decline with age, reviewed in 6.5, is

concurrently an autonomic finding and an ageing-biology finding.315, 316, 317 Cardiorespiratory fitness,

reviewed in 6.5, captures cardiovascular, pulmonary, and skeletal-muscle reserve simultaneously.228, 318, 231, 

319 Sleep regularity, reviewed in 6.3, integrates circadian, cardiovascular, and metabolic substrates.195 The

multi-cohort daily-step and physical-activity findings reviewed in cardiorespiratory-fitness contexts are

all partial projections of the same underlying multi-system biology.320, 321, 322

A recent finding warrants specific attention. Min and colleagues, in 2023, reported that slow-paced

breathing reduces plasma amyloid-β concentrations in healthy adults,323 linking a respiratory-pattern

intervention to a circulating ageing-biology biomarker. The mechanistic basis is preliminary but the

finding suggests that the breathing channel is not only an observable of ageing biology but also a

modifiable substrate of it — paralleling the within-channel intervention findings reviewed in 6.4

(resonance-frequency biofeedback) and 6.9 (CART for panic, HRV biofeedback for substance use).

The structural argument for breathing as a multi-system aging observable does not depend on any

single finding being maximally validated. It depends on the simultaneous truth of many findings at

moderate-to-high evidence levels across systems, and on the empirical observation that the same

channel — respiratory structure — is the natural observation point for many of them. The temporal-

advantage angle developed in Chapter 6 follows from this: respiratory-structure observation does not

predict any single outcome earlier because respiration is a privileged biomarker for that outcome, but

rather because cross-system shifts converge on the breathing channel before any single specialist

observable does. The principal open question for the closing arc is whether continuous ambulatory

observation of breathing structure can capture multi-system trajectories with sufficient sensitivity to

identify accelerated multi-system aging within individuals at the timescales relevant to intervention; that

is the open-research-agenda framing developed in Chapter 11.

The sixteen mini-arcs above are not sixteen isolated catalogues. The same underlying breathing-

structure observable shifts in cardiovascular, neurological, sleep, autonomic, ageing, metabolic, immune,

endocrine, psychiatric, reproductive, limbic, musculoskeletal, swallowing, pediatric, pain, and frailty

contexts — and the shifts are not coincidental. They reflect breathing’s structural position as a
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convergent signal: a single observable that integrates inputs from autonomic balance, chemoreflex

regulation, metabolic demand, limbic state, and skeletal-muscle reserve simultaneously, as developed

mechanistically in Chapter 3. The cross-system co-variation pattern is itself the prognostic information

that the chapter has documented; single-system signals are local projections of a multi-system

underlying biology onto specific observation channels, and a respiratory observation framework that

captures multi-system projections jointly carries information that any single specialist observable cannot

reconstruct from its own channel alone. The temporal advantage of respiratory observation, developed

in Chapter 6, is the consequence of this cross-system convergence rather than its cause: cross-system

shifts converge on the breathing channel before they converge anywhere else, because the breathing

channel is structurally upstream of nearly every system in which they ultimately become specialist-

observable.

6. The temporal advantage of respiratory observation

The argument of the previous chapters has been structural: that breathing occupies a privileged

position in physiology because the brainstem rhythm generators integrate autonomic, chemoreflex,

metabolic, limbic, and cortical inputs in real time, and that this convergence is observable through a

single signal (Chapter 3); that breathing structure can be formalised as a temporal object whose

deviations from a personal baseline carry information about state (Chapter 4); and that 16 body

systems each contribute independent empirical signatures to this object (Chapter 5). This chapter

takes the next step. It asks how early such deviations are observable, relative to the moment a

downstream clinical event becomes manifest in other signals or in the patient’s own perception.

The empirical answer, drawn from cohorts spanning epilepsy monitoring units, postoperative wards,

panic disorder samples, heart-failure registries, COPD home-monitoring trials, COVID-19 surveillance

studies, and large radio-frequency–sensor cohorts in Parkinson’s disease, is that the temporal lead of

respiratory observation spans approximately nine orders of magnitude — from seconds before

electroencephalographic seizure onset to years before the first motor sign of neurodegeneration. The

lead is not uniform, and the chapter ends with an honest examination of where it does not hold. But the

breadth itself is the finding: a single signal modality, structurally observable, carries advance information

about events at every relevant clinical timescale.

This chapter is organised in three parts. 7.1 presents the comprehensive temporal lead table — the

chapter’s hero figure — anchored on primary cohort studies. 7.2 returns to the mechanistic argument:

why this temporal advantage is not coincidental but follows from the upstream position of the brainstem

respiratory rhythm generators. 7.3 examines counterexamples — the boundary conditions where

breathing is not the leading signal — and closes with the bridge to Chapter 7 (personalised baselines),

via the cross-system temporal-advantage demonstration encoded in dynamic versus static early-

warning scores.
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6.1 Comprehensive temporal lead table

The hero of this chapter is a single table. Each row anchors a specific clinical event on a primary cohort

study, with explicit cohort size, study design, and effect metric. Rows are ordered by lead time, from the

shortest (seconds) to the longest (years), spanning approximately nine orders of magnitude.

Figure 6.1. Temporal lead of respiratory observation across clinical events. Each row anchors a specific clinical event on a primary

cohort study; columns report lead time, anchor reference, cohort size, and dominant respiratory metric. Rows are ordered by lead

time — from seconds (ictal central apnea before EEG seizure onset) to years (mean nocturnal RR as a 10-year mortality predictor).

The breadth itself is the chapter's argument: a single continuously observable signal carries advance information about clinical

events at every relevant timescale.

Event Lead time Anchor study Cohort Metric

Epileptic seizure

(focal with ictal

central apnea)

~8 s before

scalp EEG

onset

Lacuey

2018189

n=68, focal

seizures with

ICA

Pre-ictal central apnea preceded

EEG by 8 ± 4.9 s in 54.3% of

focal seizures with ICA; in 16.5%,

ICA was the sole clinical

manifestation

Cardiac arrest

on the wards

up to 48 h Churpek 2012,

2016324, 325

multicentre

case-control

+ ML cohort

RR rise as the most accurate

single component of MEWS /

multivariable warning models

Panic attack

(unexpected)

up to ~47 min Meuret 2011214
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n=43, 1,960 h

ambulatory

monitoring

Respiratory variability and minute

ventilation increased in the hour

preceding spontaneous attacks

Heart-failure

hospitalisation

5.5 days

(median)

Stehlik 2020

LINK-HF326

n=100,

multimodal

continuous

wearable

ML algorithm flagged

decompensation a median 6.5

days before adjudicated HF

hospitalisation

COPD

exacerbation

days (24 h

horizon AUC

0.79)

Yañez 2012;

Shah 2017327, 

328

n=89; n=110

(>35,000

monitoring

days)

RR rose from baseline over 5

days before hospitalisation; AUC

0.79 at 24 h prediction window

COPD

exacerbation

(multiparametric

ML)

days Wu 2021329 n=67,

wearable +

symptom data

Deep neural network achieved

AUC >0.9 on the development

cohort; awaits replication

Asthma

exacerbation

(paediatric /

adult, AI +

symptom

survey)

hours-to-days Emeryk 2023;

Park 2025245, 

330

n=149

(Emeryk);

pooled meta-

analysis 41

studies,

paediatric

(Park)

Combined AI-stethoscope +

survey AUC 92–94%; pooled

wheeze detection sensitivity

0.902 (95% CI 0.726–0.970)

and specificity 0.955 (paediatric

only)

OSA screening

(smartphone

acoustic)

screening, not

lead-time

Kim 2022226

[see prompt-

revision note]

meta-analytic

pooled cohort

Pooled diagnostic-odds-ratio

57.4 for AHI ≥15; sensitivity

0.906 / specificity 0.880; not a

substitute for polysomnography

Idiopathic

pulmonary

fibrosis (early

audible

signature)

months-to-

years before

functional

decline

Moran-

Mendoza

2021;

Manfredi

2021331, 332

n=290

prospective;

n=98 cross-

sectional

(CTD-ILD)

Fine “velcro” crackles present in

93% of IPF on first auscultation;

digital detection (VECTOR)

sensitivity 88%, specificity 79%

COVID-19 pre-

symptomatic

days cross-ref 6.7; varies Resting RR shift + cough

acoustic signature precede self-

reported symptom onset

Parkinson’s

disease

prodromal

years before

motor onset

Yang & Katabi

2022193

n=11,994

nights, multi-

cohort RF-

sensor +

sound

Nocturnal breathing pattern

features detected PD an average

of several years before clinical

diagnosis (AUC ≈ 0.90 on held-

out test sets)
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The universal-applicability anchor for this table is Cretikos 2008,333 Respiratory rate: the neglected vital

sign, which reported an odds ratio of 5.56 for respiratory-rate elevation in the hours before in-hospital

cardiac arrest and noted that, in the period before the introduction of structured bedside warning

instruments such as MEWS, RR was the least frequently recorded vital sign — documented in fewer than

30% of patients in many pre-MEWS ward audits. The combination is the framing argument of this

chapter: the signal with the strongest single-variable prognostic information was, until very recently, the

one most routinely omitted.

What follows is a walkthrough of the most prognostically informative rows.

Seconds: epileptic seizures

In a prospective cohort of patients monitored in the Cleveland-region epilepsy monitoring units, Lacuey

and colleagues189 identified ictal central apnea (ICA) in 68 of the focal seizures recorded —

representing 54.3% of the focal seizures monitored, the figure carried in the row above. Among the ICA-

positive seizures, the apnea preceded scalp EEG seizure onset by 8 ± 4.9 s on average, with leads of up

to 29 s in individual events. In a substantial fraction of the ICA seizures, central apnea was the earliest

detectable clinical manifestation of any kind — preceding not only EEG changes but all other observable

signs by up to ~50 s. In 16.5% of the ICA seizures, central apnea was the sole clinical manifestation:

without respiratory observation, those seizures would have been entirely invisible. The mechanistic

substrate is amygdala-driven inhibition of medullary respiratory output, established by intracranial

stimulation studies — providing the bridge from 7.1’s empirical observation to 7.2’s mechanistic

proposition.

Hours to days: cardiac arrest, panic, heart-failure decompensation, COPD

Churpek and colleagues324, 325 assembled the canonical demonstration that respiratory rate carries the

most prognostic information of any single ward-monitored vital sign for impending cardiac arrest. In a

nested case-control study of in-hospital arrests324 and a subsequent multicentre comparison of

machine-learning methods against logistic regression,325 the strongest individual prognostic feature

across model classes was the respiratory-rate trajectory in the hours before the event, with informative

lead times extending up to 48 h. This finding has been replicated under multiple statistical frameworks

and across heterogeneous ward populations, and forms the empirical foundation for the dynamic-

warning literature returned to in 7.3.

For panic disorder, Meuret and colleagues214 conducted ambulatory monitoring of 43 patients across

1,960 h, capturing respiratory rate, tidal volume, and end-tidal CO2 during 13 spontaneous panic attacks.

Respiratory instability — measured as cycle-to-cycle variability and minute-ventilation drift — rose

progressively during the ~47-min window before the patient reported attack onset. The finding has

implications beyond panic disorder: it demonstrates that a clinical event experienced by the patient as

instantaneous (“unexpected”) has, in fact, a measurable respiratory prodrome. The boundary between

“spontaneous” and “preceded by detectable change” is observation-dependent.

In the LINK-HF multicentre study, Stehlik and colleagues326 followed 100 patients with recently

decompensated heart failure using a continuous multimodal chest-patch sensor over 90 days. A
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machine-learning algorithm built on the multivariate signal — including respiratory rate, heart rate, and

activity — flagged impending hospitalisation a median 6.5 days before the adjudicated event, with

sensitivity 76% to 88% and specificity 85%. Respiratory rate was one of the strongest individual

contributors to algorithm output. The finding is robust to the recurrent confounder of telemonitoring

trials: that population thresholds applied to RR alone fail. LINK-HF succeeded by anchoring detection on

multivariate trajectory deviation from the patient’s own baseline — a design choice that connects

directly to Chapter 7.

For COPD exacerbations, two cohorts converge on a multi-day lead. Yañez and colleagues328 followed

89 patients with home RR monitoring; mean RR rose from 15.2 ± 4.3 to 19.1 ± 5.9 breaths/min over the

5 days before exacerbation-related hospitalisation. The 24-hour prediction-horizon AUC was 0.79

(sensitivity 66%, specificity 93%). Shah and colleagues, in the EDGE study,327 followed 110 patients

across more than 35,000 monitoring days, capturing 361 exacerbation events and reporting sensitivity

80%; specificity 36% in the deployment configuration — high false-alarm rate at population thresholds.

Wu and colleagues329 reported a multiparametric deep-learning model achieving AUC >0.9 on a 67-

patient development cohort; this finding awaits independent replication. The cluster of findings shows

that RR carries a multi-day prognostic signature for COPD exacerbations, but that the specificity of 

population-threshold alerts is limited — again pointing to the personalised-baseline argument of Chapter

7.

Hours to days: asthma, sleep-disordered breathing, fibrotic interstitial disease

Asthma exacerbations carry a multi-modal acoustic prodrome — wheeze incidence, nocturnal cough

rate, and inhale-to-exhale (I:E) ratio shift toward an obstructive (low I:E, prolonged expiration) pattern.

Emeryk and colleagues245 reported, in a 149-patient cohort, that the combination of an AI-stethoscope

acoustic feature set with a symptom survey achieved an AUC of approximately 92% for exacerbation

observation, with the survey contributing the largest incremental information for adults; the AI-acoustic

component contributed substantial value in paediatric subgroups. The Park 2025 systematic review and

meta-analysis330 pooled 41 paediatric studies and reported wheeze-detection sensitivity 0.902 (95% CI

0.726–0.970) and specificity 0.955 (95% CI 0.762–0.993) — high pooled performance, but with wide

confidence intervals and paediatric-only generalisability.

For obstructive sleep apnea, the 2022 Kim et al. meta-analysis226 reported a pooled diagnostic-odds-

ratio of 57.4 for smartphone acoustic screening against polysomnography reference standard at AHI

≥15, with sensitivity 0.906 and specificity 0.880. The authors emphasise that the device is a screening

tool, not a substitute for in-laboratory polysomnography — a positioning explicitly mirrored in

subsequent regulatory clearances (Chapter 12).

Idiopathic pulmonary fibrosis (IPF) presents a different temporal-advantage geometry. The lead is not

“days before exacerbation” but “months-to-years before functional decline becomes irreversible.”

Moran-Mendoza and colleagues331 reported, in a 290-patient prospective cohort referred to a tertiary

ILD clinic, that fine “velcro” crackles were present on first auscultation in 93% of patients with

subsequently confirmed IPF — the most sensitive single physical-examination finding in the disease.

Manfredi and colleagues332 evaluated the VECTOR digital crackle-detection system in 98 connective-
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tissue–disease patients screened for ILD against high-resolution CT reference, reporting diagnostic

accuracy 82.6%, sensitivity 88%, and specificity 79%. The temporal advantage is operational: in IPF,

antifibrotic therapy reduces FVC decline only on the lung function the patient retains at the moment of

treatment initiation; each month of diagnostic delay is irreversible.

Days: COVID-19 pre-symptomatic detection

The COVID-19 pandemic provided the largest natural experiment in pre-symptomatic respiratory

observation in the smartphone era. Multiple studies reported that resting respiratory rate, cough rate,

and cough acoustic features shift in the days before self-reported symptom onset. Cross-reference

Chapter 5.7 (immune function), where the primary citations for cough acoustic classification anchor the

broader argument.

Years: Parkinson’s disease prodromal observation

The longest temporal-lead row in this table is the Yang & Katabi 2022 demonstration193 that nocturnal

breathing patterns, captured via a contactless radio-frequency sensor, allow observation of Parkinson’s

disease (PD) over a horizon of years before motor onset. The cohort spanned 11,994 nights of

recording, and the deep-learning model — trained on respiratory waveform features without access to

other physiological signals — achieved high discrimination for PD on held-out test sets. Critically, the

model’s performance generalised across cohorts collected at different sites with different equipment,

and showed early-warning trajectories consistent with the prodromal PD literature: REM-sleep–

behaviour-disorder onset, autonomic dysfunction, and respiratory-pattern alterations preceding motor

diagnosis by years.

The PD signal is not acoustic in the Yang & Katabi study — it is RF-sensor breathing waveform. But the

architecture of the temporal advantage is identical: a respiratory observable, structured over time,

encodes information about a downstream neurological state. The translation from RF-waveform

features to smartphone-acoustic features is a research question (Chapter 9), not a structural barrier.

Synthesis of 7.1

The temporal lead of respiratory observation is not a single number. It spans approximately nine orders

of magnitude — from 8 s (Lacuey ictal apnea) to years (Yang & Katabi PD prodromal) — and is

observable from a single modality of physiological observation: the structure of breathing over time.

This range cannot be matched by any other continuously and non-invasively accessible biosignal. The

reason is the subject of 7.2.

6.2 Mechanism: brainstem convergence as the upstream node

The temporal advantage demonstrated in 7.1 is not coincidental. It follows from the structural position of

the brainstem respiratory rhythm generators within the autonomic-nervous-system architecture

established mechanistically in Chapter 3.

The argument has three steps.
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First, the central pattern generator for breathing is not a single nucleus but a coupled network of

brainstem oscillators. The pre-Bötzinger complex (preBötC) generates the inspiratory rhythm; the

retrotrapezoid nucleus (RTN) and parafacial respiratory group provide expiratory rhythm and central

chemoreception (CO2/H+ sensing). This network receives convergent inputs from autonomic balance

(via the nucleus tractus solitarii and the ventrolateral medulla), peripheral chemoreceptors (carotid

bodies, projecting via the glossopharyngeal nerve to the NTS), metabolic-demand signals (via vagal

afferents and circulating CO2/O2/pH), limbic structures (amygdala, insula, anterior cingulate), and

cortical pathways (motor cortex, supplementary motor area for voluntary breath control). The

convergence is anatomical, not metaphorical: respiration integrates these input streams continuously

and structurally encodes their state in the breath-by-breath waveform.

Second, the cardiovascular system is downstream of breathing in a specific, directional sense — not

metaphorically, but mechanistically. Yasuma & Hayano demonstrated in 200472 that respiratory sinus

arrhythmia (RSA) — the cyclical variation in heart rate locked to the breath — is generated by

respiratory modulation of vagal output to the sinoatrial node, with breathing as the driver of the rhythm

and HRV as the consequence. The 2025 Wehrwein review73 has formalised this directional asymmetry

by proposing the renaming of RSA as “respiratory heart-rate variability” (RHRV), to make explicit that

the variability belongs to the respiratory cycle, not to the heart in isolation. The implication for the

temporal-advantage argument is direct: any physiological perturbation that affects autonomic balance

through the chemoreflex, vagal, or limbic pathways alters breathing first, with HRV as a downstream

projection. The HRV measurement frameworks codified by the 1996 ESC/NASPE Task Force

standards77, 169 describe the consequence; the cause is upstream.

Third, breathing is the only vital sign with hybrid autonomic–behavioural control. Heart rate cannot be

voluntarily controlled without weeks of biofeedback training. Body temperature and blood pressure are

autonomically regulated only. Breathing alone admits continuous voluntary access alongside autonomic

regulation — which means that limbic and cortical state, including emotional arousal, cognitive load, and

behavioural intent, project directly into the respiratory waveform via the same brainstem network that

integrates autonomic and chemoreflex input. The empirical demonstrations in Chapter 3.3 (limbic and

cortical interactions) establish this for nasal-breathing entrainment of hippocampal theta and prefrontal

gamma rhythms.

The combined consequence is that breathing structure carries advance information about events at

every clinical timescale because it sits upstream of the observables that other monitoring modalities

track. Cardiac arrest on the wards is preceded by RR change for 24–48 h not because RR is a more

sensitive measurement than HR — RR is a measurement of a different physiological process, one that

responds earlier in the autonomic-decompensation cascade. Pre-ictal central apnea precedes EEG

seizure onset because the amygdala spreads electrical activity to the medullary respiratory network

before the cortical seizure generalises to the scalp. Panic-attack respiratory variability rises 47 min

before the patient’s perception because the limbic instability projecting to the breathing rhythm

precedes the conscious experience of the attack itself.
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The mechanism beat is not new physiology; it is the assembly of physiology that is otherwise dispersed

across textbook chapters. The contribution of this scientific foundation is to read the dispersed

evidence as a single architectural finding: a signal whose generators sit at the convergence point of

autonomic, chemoreflex, metabolic, limbic, and cortical pathways will structurally lead other observables

— provided one observes its structure, not only its rate.

Figure 6.2. The brainstem respiratory generator as upstream integrating node. The preBötzinger complex (inspiratory rhythm)

[61,62] together with the parafacial respiratory group and retrotrapezoid nucleus (expiratory rhythm and central CO
2

chemoreception) [62–64] forms a coupled oscillator that integrates five convergent input streams: autonomic balance (NTS,

RVLM), peripheral chemoreception (carotid bodies), metabolic-demand signalling (vagal afferents), limbic state (amygdala, insula,

ACC), and cortical control (M1, SMA). The signals tracked by parallel monitoring modalities — HRV, BP, SpO
2

, EEG, and movement-

related signatures — are projections of this integrated brainstem activity, not parallel inputs [72,73]. Direct observation of breathing

structure therefore accesses the integrating node itself.

6.3 Where the temporal advantage does not hold

The structural argument of 7.2 is not universal. There are clinical contexts where breathing is not the

leading signal, and intellectual honesty requires that they be made explicit. Identifying counterexample

boundaries strengthens the structural argument by sharpening it; it does not weaken it.
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Figure 6.3. Boundary conditions: where the temporal advantage does not hold. Five clinical contexts in which breathing is not the

leading signal: primary electrical cardiac events, haemorrhagic shock, cortical micro-arousals, ambient-noise–limited capture, and

inter-individual baseline variability. The brainstem-upstream argument (Chapter 6.2) bounds — rather than universalises — the

temporal-lead claims of Chapter 6.1; observation outside these bounds requires complementary modalities or personalised

baselines (Chapter 7).

Cardiac arrhythmias whose primary mechanism is electrical, not autonomic

In ventricular tachycardia, ventricular fibrillation, and sudden cardiac death secondary to monogenic

channelopathies (Long-QT syndrome, Brugada syndrome, catecholaminergic polymorphic ventricular

tachycardia), the inciting event is intracardiac re-entry or triggered automaticity, not a brainstem-

mediated autonomic shift. The respiratory observation is downstream of the arrhythmia (or is absent

altogether, in arrhythmic sudden cardiac death) rather than upstream. The temporal advantage in 7.1 —

cardiac arrest on the wards — refers specifically to the ward populations in whom arrest is preceded by

a multi-hour decompensation cascade (sepsis, respiratory failure, hypoperfusion); for primary electrical

events without such a cascade, breathing observation is not the lead.

Acute trauma and haemorrhagic shock

In trauma with major blood-volume loss, the cardiovascular response — tachycardia, narrowed pulse

pressure, eventual hypotension — precedes the respiratory adjustment. RR rise occurs as

compensation for metabolic acidosis once tissue perfusion has fallen, not as an early-warning lead. The

temporal hierarchy in haemorrhagic shock runs cardiovascular → metabolic → respiratory, the inverse of

the ward-deterioration hierarchy. The RR rise in trauma is downstream confirmation, not upstream

observation.
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Sleep architecture events whose primary observable is cortical

In polysomnography-defined cortical arousals — particularly those that do not result in a respiratory

event — EEG change precedes any respiratory pattern shift. The temporal hierarchy in PSG-scored

events is therefore EEG-first for the event class “cortical arousal without respiratory consequence.” For

respiratory-event–associated arousals (apnea-hypopnea–related), the order reverses, with the

respiratory event preceding the arousal, but the boundary case is real and is acknowledged in Chapter

5.3.

Confounders that limit lead-time reliability without negating the structural argument

Three are operationally important. Ambient noise (cross-reference Chapter 9.4): smartphone-

microphone–captured respiratory acoustics in real-world environments is corrupted by traffic,

conversation, HVAC noise, and recording-position artefacts; lead times reported in controlled cohorts

may degrade in deployment without context-aware noise modelling. Individual baseline variability (cross-

reference Chapter 7.3): population-threshold alerts on RR fail when individual baseline RR ranges from

10 to 22 breaths/min in healthy adults — a 4-breath/min change that is highly informative for one patient

is within-baseline for another. Recording-position artefacts: prone, supine, and lateral positions alter the

acoustic transfer function, and recording during speech or eating is qualitatively different from quiet-

breathing observation.

Counter-evidence on the COPD-RR-telemonitoring finding

The CHROMED trial (Walker 2018)334 randomised 312 older patients with COPD and comorbidities to

forced-oscillation–technique–based home telemonitoring (which included respiratory-rate trajectory)

versus standard care, with time-to-first-hospitalisation as the primary endpoint. The trial did not

demonstrate a benefit on the primary endpoint. The supporting evidence base — that RR rises

observably for several days before COPD exacerbation — is well-attested in the literature; the

CHROMED null result is treated here as a contextual qualifier rather than a refutation.

What CHROMED demonstrates is that the existence of an early-warning signal does not, by itself,

translate into a hospitalisation-reduction trial result. The translation requires architectural elements that

population-threshold telemonitoring lacks: personalised baselines (Chapter 7), actionable response

pathways (Chapter 12), and patient and clinician engagement protocols. The point is not that breathing

observation fails in COPD; it is that signal observation is necessary but not sufficient for outcome

change.

Closing synthesis: from temporal advantage to personalised baselines

The temporal advantage of respiratory observation is structurally grounded in the upstream position of

the brainstem rhythm generators (7.2) but not universal (7.3). It holds wherever upstream-convergent

autonomic, chemoreflex, or limbic disturbances precede measurable downstream events; it does not

hold in primary-electrical, primary-haemorrhagic, or primary-cortical scenarios. The honest framing is

therefore conditional: respiratory observation provides a multi-timescale lead in the majority of clinical

decompensation cascades — not in all of them.
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The counter-evidence from CHROMED introduces the chapter’s bridge to the next. The same signal —

RR trajectory — that rises observably 5 days before exacerbation in the Yañez and Shah cohorts327, 328

failed to reduce hospitalisations in CHROMED.334 The single largest difference in trial design is the

threshold structure: population-fixed thresholds in CHROMED versus patient-anchored deviation

detection in the cohorts that showed lead time. This difference is not a methodological footnote; it is

the central architectural choice in continuous physiological monitoring, and it is the subject of Chapter 7.

The cleanest empirical demonstration that personalised, dynamic warning outperforms static population

thresholds — for exactly the type of multivariate ward signal in which RR is the single most informative

component — comes from Zhu and colleagues’ DyniEWS study.335, 336 In a multicentre retrospective

cohort of 13,319 postoperative cardiac patients across four UK hospitals (442,461 vital-sign

observations, 4,234 adverse events), the dynamic individual vital-sign trajectory early-warning score

(DyniEWS) achieved an AUC of 0.80 for postoperative deterioration, compared with an AUC of 0.73 for

the snapshot National Early Warning Score (NEWS) on the same data. The 0.07 AUC gain is not an

incremental improvement; it is the operational signature of a structural design choice. Population

thresholds compute the score from the current vital-sign value; personalised dynamic warning

computes it from the trajectory of the patient relative to their own recent baseline. The same data, the

same vital-sign panel, the same outcome — a different architecture, and a measurably better prognostic

decision boundary.

This is the cross-system temporal-advantage demonstration. Churpek324, 325 established that respiratory

rate is the single most informative ward vital sign. Stehlik (LINK-HF)326 demonstrated that a multivariate

algorithm anchored on personal baselines flags HF decompensation a median 6.5 days before the

event. Zhu (DyniEWS)335, 336 showed that the architectural shift from population to personal thresholds

delivers a 0.07 AUC improvement on a postoperative cohort. The three findings cohere into a single

argument: the temporal advantage of respiratory observation, established in 7.1 and grounded in 7.2, is 

operationally accessible only through baseline-anchored detection. Static population thresholds — the

dominant paradigm of remote-monitoring trials in the 2010s — discard most of the lead-time information

by treating heterogeneous individuals as a homogeneous reference distribution.

The next chapter develops this argument empirically: it examines the BEAT-HF, TIM-HF, and TELE-HF

trials (population thresholds, null primary endpoints) in contrast to TIM-HF2, LINK-HF, and DyniEWS

(personalised baselines, positive findings), and establishes the empirical rule that the failure of the

2010s telemonitoring trials was not a failure of remote monitoring as a paradigm — it was a failure of

population thresholds applied to a structurally personalised signal.

7. Personalized baselines vs population thresholds

The story of remote physiological monitoring over the past fifteen years can be read as a single

dialectic. A first generation of telemonitoring trials, built around population-derived alert thresholds —

respiratory rate above 20 per minute, weight gain above two kilograms, heart rate above a fixed cut-off
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— failed, repeatedly and at scale, to produce the clinical benefits their effect sizes had been powered to

detect.337, 338, 339 A second generation, built around personalized baselines and trajectories of deviation,

succeeded.326, 340, 341 Between the two lies a structural rather than technological lesson: the prognostic

information in continuous physiological streams resides in the departure of an individual from their own

stable state, not in the crossing of any population-derived line. Chapter 7 develops that lesson, anchors

it to the empirical demonstration that breathing structure has fingerprint-like individuality at the 24-hour

scale,267 and traces the implications for any continuous observation system architected around

respiratory signal — including the architecture this monograph motivates in Chapter 10.

Figure 7.1. Population-threshold telemonitoring trials in heart failure: null primary endpoints. Four large RCTs of remote physiological

monitoring built around population-derived alert thresholds produced null findings on pre-specified primary endpoints across

~4,100 randomized participants — TELE-HF (n = 1,653), TIM-HF (n = 710, HR 0.97), BEAT-HF (n = 1,437), CHROMED (n = 320).

The convergent failure is explained not by intervention intensity or technology, but by the alerting logic: population thresholds

drawn from cohort distributions miss the substantial variation in individual healthy distributions. Personalized-baseline approaches

using the same physiological variables (LINK-HF, TIM-HF2, DyniEWS) achieved positive findings on the same outcomes (Chapter

7.2).

7.1 The failure of population thresholds in remote monitoring

Three large randomized controlled trials, conducted across the United States and Europe between 2010

and 2018, established the empirical baseline for what population-threshold remote monitoring can and

cannot achieve in heart failure. None of the three demonstrated clinical benefit on its primary endpoint.

TELE-HF (Telemonitoring to Improve Heart Failure Outcomes; Chaudhry et al., NEJM 2010, n=1,653)

randomized recently hospitalized heart-failure patients to a daily telephone-based interactive voice-

response system that prompted self-reported symptoms and weights, with population-threshold rules

triggering nurse contact.337 The trial was negative on its composite primary endpoint of readmission or
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death at 180 days; intervention and control arms were statistically indistinguishable. TIM-HF

(Telemedical Interventional Management in Heart Failure; Koehler et al., Circulation 2011, n=710) added

structured remote transmission of weight, blood pressure, ECG, and self-rated wellness via dedicated

telemedical hardware, with daily review by a specialized telemedical centre using population-threshold

alerting; the trial was again negative for its primary endpoint of all-cause mortality.338 BEAT-HF (Better

Effectiveness After Transition–Heart Failure; Ong et al., JAMA Internal Medicine 2016, n=1,437) tested a

multi-component remote-monitoring intervention — telephone coaching plus daily home transmission of

weight, blood pressure, heart rate, and symptom reports against population-threshold criteria — and

reported no reduction in 180-day all-cause readmission, the primary outcome.339

The convergent failure across three independently designed, well-powered trials, totalling almost four

thousand randomized patients, is not explained by intervention intensity, by fidelity of nurse follow-up, or

by the technology layer used to transmit measurements. Each trial, examined in isolation, had a

defensible biological rationale: respiratory rate, weight, and blood pressure are well-established

correlates of decompensating cardiac function, and elevations precede hospitalization by days. The

failure is explained instead by what those rationales were operationalized as. A respiratory rate of 22 per

minute, a weight gain of 2.3 kilograms, a systolic blood pressure of 165 mmHg — these are the alerts the

trials issued and the events to which clinical contact responded. They are not, in any of the three trials, 

individual departures. They are population thresholds, drawn from cohort distributions, applied to people

whose own healthy distributions vary considerably more than the threshold itself permits to be detected.

Two failure modes follow mechanically. At one end of the population distribution, individuals whose

physiological norms run high — an unremarkable resting respiratory rate of 19 per minute, a habitual

weight that fluctuates by a kilogram over days — generate constant nuisance alerts that contribute to

alert fatigue and degrade clinician response quality. At the other end, individuals whose norms run low

— a habitual resting respiratory rate of 13 per minute that drifts to 17 over five days — are not flagged at

all, because no population threshold has been crossed; yet the four-breath shift relative to that

individual’s stable baseline carries the prognostic signal the trial was designed to detect.326, 341 The trials

were not insensitive to physiological deterioration; they were applying a population-scale ruler to a

personally-scaled phenomenon, and the resulting signal-to-noise ratio was too poor for the downstream

clinical workflow to extract benefit. The pattern is reproducible in adjacent prognostic-modelling

literature: systematic reviews of cohort-derived prediction models repeatedly document that

performance deteriorates sharply on external validation when the model has no per-individual reference

frame to anchor its predictions.342

The same pattern is reproducible outside heart failure. CHROMED (Chronic Obstructive Pulmonary

Disease — Home Monitoring of Exacerbation Detection; Walker et al., AJRCCM 2018, n=312) tested

home telemonitoring of physiological and symptom variables against population-threshold alerting in

COPD, with no reduction in time to first hospitalization or mortality at 9 months.334 CHROMED is treated

as a boundary-condition reference for respiratory-disease prediction in Chapter 6 and is invoked here as

the COPD-domain analogue of the BEAT-HF / TIM-HF / TELE-HF triad: a fourth example of population-

threshold telemonitoring failing to translate plausible biology into clinical outcomes when the threshold

logic is built around cohort distributions rather than individual deviation.
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The pattern is empirical and structural, not contingent. Across cardiac and respiratory domains, across

continents, across hardware generations and intervention designs, population-threshold remote

monitoring has produced one statistically null outcome after another.337, 338, 339, 334 The natural inference is

not that remote monitoring is ineffective — the LINK-HF and DyniEWS results discussed in 8.2 establish

that monitoring can succeed when its alerting logic is restructured. It is that the alerting logic these trials

used was wrong.

7.2 The success of personalized approaches

The contrast appears in trials that, while continuing to draw on the same physiological variables,

replaced cohort-derived thresholds with individual reference frames.

Figure 7.2. Personalized-baseline trials succeed where population thresholds fail. Three convergent trials — TIM-HF2 (n = 1,538),

LINK-HF (n = 100), DyniEWS (n = 1,500+) — show that personal-trajectory comparators outperform population-derived

thresholds for deterioration prediction. Deviation from an individual's own stable baseline carries predictive signal even when

absolute values remain within "normal" population ranges. The unit of measurement is drift vs. self, not value vs. cutoff.

TIM-HF2 (Koehler et al., Lancet 2018, n=1,538) is the most instructive transitional case. The trial

enrolled higher-risk heart-failure patients than its predecessor TIM-HF, retained the same physiological-

transmission infrastructure, and added a structured nurse-led remote care intervention with closer

telemedical-centre integration and protocolized escalation. The primary endpoint — percentage of days

lost due to unplanned cardiovascular hospital admissions or all-cause death — was reduced (4.88 % in

the intervention group vs 6.64 % in usual care; ratio 0.80, 95 % CI 0.65–1.00, p=0.046).340 The result is

modest but real, and it sits inside the population-threshold paradigm: TIM-HF2 succeeded by
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intensifying the response to threshold crossings, not by changing the alerting logic. It establishes the

upper bound of what well-executed population-threshold remote monitoring can achieve when paired

with structured care delivery.

LINK-HF (Stehlik et al., Circulation: Heart Failure 2020, n=100) crossed the structural boundary. The

study deployed a multimodal adhesive chest patch that continuously sampled heart rate, respiratory

rate, activity, body posture, sleep, and skin temperature; for each enrolled participant, the analytic

engine constructed a personal physiological reference frame from the early monitoring period and

subsequently flagged individual deviations from that reference frame as candidate decompensation

signals. In the prospective cohort, the system anticipated unplanned heart-failure hospitalization at a

median of 6.5 days before admission, with sensitivity of 76–88 % and specificity of 85 %, and an overall

area under the receiver operating characteristic curve of 0.80 in cross-validated analysis.326 The signal

was not in any one variable in isolation; it was in the coordinated departure of a small set of

physiological streams from the individual’s stable multivariate baseline. Cross-reference to the temporal-

advantage analysis in Chapter 6, where LINK-HF anchors the heart-failure row of the cross-system

temporal-lead table, applies here.

DyniEWS (Zhu et al., Resuscitation 2020, n cohort >7,000) extended the same structural logic to

general inpatient deterioration. The dynamic individualized early-warning trajectory score, computed

from continuously updated patient-specific reference distributions across vital signs (including

respiratory rate), showed an area under the curve of 0.80 for predicting in-hospital deterioration,

against 0.73 for the population-threshold National Early Warning Score (NEWS) on the same cohort.341

The CROSS-01 Bridge finding, primary-mapped in Chapter 6, anchors DyniEWS as the cross-system

demonstration that personalized trajectory analysis improves prognostic discrimination over snapshot

population thresholds; Chapter 6 develops the temporal-advantage interpretation, and this document

does not restate those findings here.

A subsequent comparative methodology paper from a separate group reviewed dynamic and static

early-warning architectures across multiple inpatient cohorts and reached a convergent conclusion:

alerting systems that update their reference distribution to the individual outperform alerting systems

that compare each measurement to a fixed population cut-off, with effect sizes of comparable

magnitude across the studies reviewed.343

The mechanism beat is straightforward. The prognostic information in a continuous physiological stream

resides in the departure of an individual from their own stable state, not in the crossing of any cohort-

derived line. A nocturnal respiratory rate of 18 per minute is unremarkable for one individual whose

stable nocturnal rate sits at 17, and is a measurable deviation for another whose stable nocturnal rate

sits at 13. The same scalar value carries different prognostic content for the two individuals, and a

population threshold cannot recover that difference. A personalized reference frame can. The

mechanism does not require sophisticated mathematics — at the simplest level, a per-individual z-score

against a stable reference distribution discriminates better than a population threshold whenever inter-

individual variance exceeds within-individual variance, which is the empirical regime continuous

physiological signals appear to inhabit.136, 326, 341
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The transition from TIM-HF to TIM-HF2 to LINK-HF traces the gradient. TIM-HF failed at population-

threshold alerting. TIM-HF2 retained population-threshold alerting and improved outcomes by

intensifying the care-delivery response. LINK-HF replaced population-threshold alerting with

personalized-baseline trajectory analysis and produced lead times of clinical relevance at smaller cohort

scale. The structural step — from cohort threshold to individual reference frame — is associated with

the discriminative gain.

7.3 The structural individuality of breathing

The clinical evidence in 8.1 and 8.2 establishes that personalized baselines outperform population

thresholds for remote monitoring outcomes. The empirical evidence in this section establishes the

deeper finding that justifies the architecture: breathing structure itself is individuated — sufficiently

distinct between people, and sufficiently stable within a person, that the prognostic signal of departure

from individual baseline is recoverable in principle, not only in well-instrumented heart-failure cohorts.

Figure 7.3. Breathing structure as individual signature — empirical demonstration. Soroka and colleagues recorded continuous nasal

airflow over 24 hours from 97 healthy adults, extracted 24 structural parameters, and achieved 96.8% individual-identification

accuracy. The signature persisted across re-recording intervals of weeks, months, and approximately two years (test-retest

accuracy 95.24%). This finding establishes the empirical bar that any personalised respiratory observation architecture must meet

— joint intra-person consistency and inter-person separability — and identifies population averages as a discard of the signal.

The anchor is Soroka et al., Current Biology 2025.267 The investigators recorded continuous nasal

airflow over 24 hours from 97 healthy adults using a wearable pressure-based device, extracted a

structural representation of each individual’s respiratory pattern, and tested whether an individual could

be re-identified from a held-out segment of their own 24-hour recording against the cohort. The system

identified individuals with 96.8 % accuracy — a level of within-cohort discrimination conventionally

associated with biometric modalities such as fingerprints, gait, or iris pattern. The investigators

replicated the finding across recordings collected weeks apart, demonstrating that the individuating
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structure persisted across re-recordings rather than reflecting transient state. The result is, to date, the

strongest empirical demonstration that breathing pattern carries person-specific structural signature at

scales relevant to continuous monitoring.

The mechanistic interpretation runs through the architecture of the respiratory control system itself.

Nasal airflow at the 24-hour scale is a convolution of brainstem rhythm-generation properties, upper-

airway anatomy, neuromuscular drive characteristics, autonomic state distribution, sleep–wake

architecture, and habitual postural and behavioural patterns — most of which are individually stable on

the timescale of weeks to months and individually variable across the population. A representation that

integrates information across this convolution captures a high-dimensional signature that is harder to

share between two arbitrary humans than between two recordings of the same human, and the Soroka

result is the empirical confirmation of that structural prediction.

Convergent evidence comes from the breathing-biometric verification literature. Bui and colleagues

(Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 2021) demonstrated multimodal acoustic

breathing-signature verification with an equal-error rate of 1.4 %, derived from short breathing-pattern

recordings collected on consumer-grade microphones across multiple sessions per participant.138

Panchagnula and colleagues (2024, n=94) extended the demonstration to exhaled-breath physics,

confirming verification-grade discrimination from a separate signal channel in an independent cohort.139

Across these studies, the empirical regime is consistent: within-individual breathing structure is

sufficiently stable across sessions to support identity verification, and between-individual breathing

structure is sufficiently distinct to support identity discrimination. The biometric-task framing is

methodologically convenient — the task forces an explicit measurement of intra-individual versus inter-

individual variance — but the underlying physiological observation is the one that matters here.

Breathing structure satisfies the regime in which personalized baselines carry information that

population thresholds cannot.

The methodological literature on respiratory variability analysis converges on the same conclusion.

Bravi, Longtin, and Seely’s classification of variability-analysis techniques across physiological signals

identified respiration as one of the signal channels in which structured intra-individual variability —

patterned over time, non-random, and partly distinct from heart-rate variability — carries information not

recoverable from scalar summary statistics.136 Soroka’s 24-hour identification result establishes that the

requirement of within-individual variance smaller than between-individual variance is empirically met at

the 24-hour scale; Bui’s across-session verification result extends the supporting evidence to multi-

session timescales; multi-week and multi-month longitudinal stability remains an open empirical

question that this monograph positions as the central research agenda for any continuous breathing-

observation system, rather than as a settled property.

Three implications follow for monitoring system design. First, population-derived breathing reference

distributions waste the structural information that distinguishes the individual; they convert a fingerprint-

like signal into a smear of cohort statistics. Second, the same structural representation that supports

between-person identification can — at the appropriate scale of analysis — support detection of an

individual’s deviation from their own stable structural state, since both tasks reduce to comparison

against a personal reference distribution. Third, any system that proposes to operationalize personalized
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breathing observation must satisfy two minimum empirical tests, identified in the validation framework

outlined in this document’s Chapter 10 architectural treatment: that representations of the same

individual recorded across time cluster together (intra-person consistency) and that representations of

different individuals separate (inter-person separability). Soroka’s 96.8 % identification accuracy

operationalizes both tests jointly into a single empirical figure of merit; any candidate respiratory

observation architecture is evaluable against the same standard.

7.4 Implications for monitoring system design

The synthesis of 8.1, 8.2, and 8.3 yields three structural implications for any continuous physiological

observation system that proposes to operate on respiratory signal at population scale.

Figure 7.4. Baseline-first architecture: personal trajectory is the unit, population is the prior. Conventional respiratory monitoring

compares each measurement against population-level thresholds; Atum inverts this hierarchy. The individual's own breathing

structure — captured continuously across rest, activity, and sleep over a 4–7-day acquisition window — becomes the reference

distribution, with subsequent observations compared via z-score anomaly detection and Mann–Kendall trend testing. Population

priors retain a subordinate role (cold-start, plausibility bounds, cohort context) but never function as primary decision rules.

Implication 1: baseline-first architecture

The observation system is organized around a per-individual reference distribution acquired during a

defined initial monitoring period, against which subsequent measurements are evaluated as deviations

or trajectories. Population-derived reference distributions enter the architecture as priors and as similar-

individual reference cohorts, not as alerting thresholds. This organization is the architecture compatible

with the empirical evidence in 8.1 and 8.2 — population-threshold alerting failed across four large RCTs,
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personalized-baseline alerting succeeded in the trials that adopted it — and with the empirical evidence

in 8.3 that breathing structure carries person-specific signature at relevant timescales. The architectural

treatment is developed in this scientific foundation’s Chapter 10.

Implication 2: temporal stability as a design requirement

The acquisition of a meaningful personal reference distribution requires a minimum monitoring window

during which the individual’s habitual structural pattern is sampled across enough physiological and

behavioural contexts to support deviation detection. The within-session variance of structured

respiratory features, after context normalization, must remain smaller than the between-individual

variance for the personalized reference frame to be informative. Empirical evidence supports the

existence of structured within-session and across-session respiratory signatures;138, 267, 136 the

extrapolation to multi-week and multi-month longitudinal stability, in unconstrained real-world conditions,

remains the central open empirical question. A working acquisition window of approximately 4–7 days is

consistent with the stability evidence available at the time of writing and with the LINK-HF design,326 but

the parameter is properly an output of empirical validation, not an a priori design constant. Any

deployment that flags individual deviations before this acquisition is complete is operating on insufficient

reference distribution and should expect false-positive rates approaching those of population-threshold

systems.

Implication 3: population enrichment, not population substitution

Population data continues to play an irreplaceable role in personalized observation — but its role is to 

enrich the personal baseline through informative priors, similar-individual reference cohorts, and

population-distribution constraints on the plausibility of observed deviations. It is not to substitute for the

personal baseline. The methodological precedent is well-established in adjacent domains. Real-world

wearable heart-rate norms from the Health eHeart cohort showed that population distributions of

resting heart rate are wide enough that any single threshold imposes meaningful misclassification at

both tails;344 the same wide-distribution pattern recurs across instrumented physical-activity

measurements at population scale345, 346 and across body-composition reference data from large national

surveys,347 indicating that the wide-individual-variance regime is not specific to cardiac signals but a

general property of continuous physiological measurement at the cohort level. Cardiorespiratory-fitness

reference standards from the FRIEND registry and the Mayo cohort are most informative when used as

percentile contexts for an individual’s tracked trajectory rather than as binary cut-offs;230, 348

Spiegelhalter’s “effective age” methodology generalizes the same insight by mapping any single

individual’s risk profile onto a continuous population scale that is informative precisely because it is not

used as a threshold.349 The same population-as-prior logic underpins the long-running tradition in

epidemiology of using single-item self-rated health as a continuous individual indicator that carries

independent prognostic information for all-cause mortality, beyond what any binary cut-point

achieves.350, 351 The accompanying methodological literature on translating cohort hazard ratios into

individual-scale measures further reinforces the architectural point: the population distribution is the

context, the individual trajectory is the observable.352
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A related methodological caveat applies to how the population reference distributions themselves are

constructed. The literature on self-reported versus device-measured health metrics has documented

systematic biases, including in domains directly adjacent to respiratory monitoring: self-reported sleep

duration, for example, diverges meaningfully from objectively measured sleep duration in the same

individual, with the divergence varying by demographic and clinical strata.353 The same divergence

pattern reproduces in subsequent validation work using wrist-accelerometer reference, indicating that

the bias is not an artefact of the older polysomnography-based comparison but a structural feature of

self-reported versus instrumented physiological measurement.354 A further complication: population

reference distributions for the same physiological variable shift secularly over time, with self-reported

sleep duration in U.S. adults documented to have changed measurably across the period 1985–2012,355

implying that any single cross-sectional cohort distribution is a snapshot of a non-stationary process. A

personalized observation architecture that constructs its priors from instrumented continuous

measurement, rather than from self-report or single-snapshot clinic measurement, inherits a different

and generally tighter reference distribution; the same architecture, by anchoring on the individual rather

than on a fixed cohort, is also robust against the secular drift that erodes the validity of any time-fixed

population threshold. The downstream consequence is that the population-prior layer in the architecture

should be sourced from measurement modalities of the same instrumented type as the individual signal,

and refreshed against contemporary cohort distributions rather than a fixed reference —

methodological constraints with direct implications for dataset design, developed in this monograph’s

Chapter 8 treatment of the dataset gap.

A boundary condition from the prognostic-modelling literature reinforces the architectural requirement.

Wynants and colleagues, in a BMJ systematic review of COVID-19 prediction models, documented that

the great majority of population-derived prognostic models for the disease — built without per-individual

reference frames, evaluated without rigorous external validation — performed poorly or unreplicably

when tested in independent cohorts.342 The cautionary point generalizes: prognostic models built on

cohort distributions alone, without an individual reference frame to anchor deviation detection, are

systematically vulnerable to the same failure modes that BEAT-HF, TIM-HF, TELE-HF, and CHROMED

demonstrated empirically.337, 338, 339, 334 The architecture this document develops is structured to inherit a

different methodological lineage — the LINK-HF, DyniEWS, and Soroka lineage267, 326, 341 — in which

population data informs the prior and the individual is the reference frame.

The failure of BEAT-HF, TIM-HF, TELE-HF, and CHROMED was not a failure of remote monitoring as a

paradigm; it was a failure of population thresholds applied to a structurally personalized signal.

8. The dataset gap: why structural breathing data does not yet exist

The preceding chapters have assembled the conceptual and empirical case for breathing as a

continuous, structural observation surface (Chapter 4), reviewed the cross-system evidence base

across 16 physiological systems (Chapter 5), examined the temporal advantage of respiratory

observation (Chapter 6), and motivated personalized rather than population thresholds for individual-

Research Framework

91

https://doi.org/10.1097/EDE.0b013e318187a7b0
https://doi.org/10.1007/s11325-021-02542-6
https://doi.org/10.5665/sleep.4684
https://doi.org/10.1136/bmj.m1328
https://doi.org/10.1056/NEJMoa1010029
https://doi.org/10.1161/CIRCULATIONAHA.111.018473
https://doi.org/10.1001/jamainternmed.2015.7712
https://doi.org/10.1164/rccm.201712-2404OC
https://doi.org/10.1016/j.cub.2025.04.057
https://doi.org/10.1161/CIRCHEARTFAILURE.119.006513
https://doi.org/10.1016/j.resuscitation.2020.10.030


level interpretation (Chapter 7). What remains is a question of substrate. Each of those analyses

depends on data — specifically, on data that captures breathing in the form in which it is hypothesized

to carry information: as a continuous, naturally occurring, frame-resolved signal, recorded across both

healthy individuals and clinical populations, longitudinally over the timescales at which structural change

becomes visible. This chapter examines whether such data exists in the public domain. The conclusion

is observational, not accusatory: existing public respiratory datasets are scientifically valuable for the

purposes for which they were built; the structural-continuous-natural combination that the present

document requires has not yet been assembled, and the reasons it has not been assembled are

conceptual, instrumental, and operational in that order.

8.1 Existing public respiratory datasets and their structural limitations

The public respiratory dataset landscape, accumulated over roughly two decades of sustained

academic and consortium work, can be organized into five categories along the axes of acquisition

modality and recording paradigm. Each category has produced datasets of considerable utility for the

questions they were designed to answer; each illustrates, by virtue of its specific design choices,

properties that the structural-continuous-natural axis would require but does not currently obtain.

Stethoscope-based auscultation datasets

The most widely used resource in this category is the ICBHI 2017 Respiratory Sound Database,

published as part of the International Conference on Biomedical and Health Informatics challenge356 and

subsequently described in detail in Physiological Measurement357. The corpus contains 920 annotated

stethoscope recordings totalling approximately 5.5 hours from 126 participants, with crackle and

wheeze annotations at the cycle level, and has become the de facto benchmark for respiratory sound

classification161, 145. HF_Lung_V1, released by Hsu and colleagues358, extended the auscultation paradigm

with frame-level inhalation and exhalation phase annotations across 9,765 recordings — to date, the

most extensive public corpus of phase-annotated stethoscope auscultation data. Adjacent resources

include the SPRSound paediatric respiratory sound database359. These datasets are foundational for the

auscultation paradigm; they served — and continue to serve — the task of automated classification of

crackles, wheezes, rhonchi, and stridor against expert-annotated references161, 145. The acquisition

modality is by design clinical: stethoscope contact at the chest wall, short recording windows, postural

standardization, and patient cohorts skewed toward documented pulmonary conditions. None of these

properties are limitations of the datasets themselves; they are constitutive of the auscultation paradigm.

Cough-only datasets

A second category, developed largely in response to the COVID-19 pandemic, comprises smartphone-

acquired cough corpora. The Coughvid dataset293 released approximately 25,000 crowdsourced cough

recordings under permissive licensing. the Coswara cough subsets294 extended this work with operator-

recorded smartphone audio at scale. These datasets are smartphone-grade — the acquisition modality

is consumer hardware — but they capture cough events specifically, not the natural breathing that

surrounds them. Inhalation and exhalation are present in the recordings only incidentally; the annotation
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schema and use cases focus on cough characterization rather than on the structure of breath cycles

between coughs.

Forced-maneuver smartphone datasets

A third category includes Coswara’s deep-breath and count-aloud subsets294, the Cambridge / MIT

COVID-19 Sounds dataset360, and adjacent crowdsourced corpora collected during 2020–2022. These

datasets share two design choices with the cough-only category — smartphone acquisition modality,

distributed crowdsourced recruitment — but require participants to perform structured maneuvers:

deep inhalation, sustained vowels, counting from one to twenty, deliberate exhalation. The resulting

recordings carry rich acoustic information, but the breathing they capture is performed under instruction

rather than observed unprompted; the structural properties of natural breathing are not the recording

target.

Adventitious-sound and pathology-fragment datasets

A fourth category includes pathology-fragment collections curated for supervised-classifier

benchmarking against expert pathology labels. These datasets typically present excised acoustic

events — a wheeze segment, a crackle burst, a rhonchus — with associated pathology labels, and they

have been productive for supervised-classifier development. The recording modality varies

(stethoscope or contact microphone in most cases), and the temporal granularity is event-level rather

than continuous. The structural properties of the breathing context within which these events occur are

not part of the annotated signal.

Sleep and clinical polysomnography datasets

A fifth category comprises the polysomnographic cohorts released through PhysioNet361 and the

National Sleep Research Resource, including the Sleep Heart Health Study362, the Multi-Ethnic Study of

Atherosclerosis sleep cohort363, and other PhysioNet sleep databases361. These cohorts are large and

longitudinal — SHHS contains data from approximately 6,440 participants — and represent the most

substantial respiratory-event datasets in existence. They are, however, polysomnography-event

datasets: the recordings annotate apnea, hypopnea, and arousal events derived from airflow, oximetry,

and effort signals, not continuous acoustic respiration. PSG-Audio364 — released by Korompili and

colleagues — represents a meaningful step in the audio direction, providing 212 polysomnograms with

synchronized tracheal and ambient audio recordings; its scope, however, is the sleep-laboratory setting

rather than longitudinal natural recording. VitalDB365, the high-fidelity multi-parameter biosignal database

from Lee and colleagues, provides 6,388 cases of synchronized vital signs from surgical patients — an

exceptional resource for surgical-physiology research, but constrained by its operating-room context to

an acutely instrumented patient population rather than ambulant healthy individuals.

Each of these datasets is scientifically valuable for the specific purpose for which it was assembled. The

auscultation corpora support classifier development against expert respiratory pathology labels358, 356, 357.

The cough corpora support cough characterization and pandemic-surveillance modeling. The forced-

maneuver corpora support voice-and-breathing biomarker exploration. The pathology-fragment

datasets support targeted classifier benchmarking. The polysomnography cohorts support sleep-
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medicine epidemiology and event detection361, 364, 365. None of these datasets, individually or in

combination, was built to capture the structural-continuous-natural axis of breathing observation. The

structural absence is not an absence of effort or rigor in dataset construction; it is an absence at the

level of the specification itself.

Figure 8.1. Public respiratory acoustic datasets across five categories. The publicly available corpora cluster into five families:

stethoscope-based clinical recordings, cough-only collections, forced-maneuver smartphone studies, adventitious-sound libraries,

and sleep / clinical polysomnography cohorts. None combines all five properties required for a continuous breathing-structure

observation model — smartphone-grade capture, natural unstructured breathing, frame-level inspiration/expiration phase

annotation, longitudinal continuity, and healthy-population coverage. The structural-absence matrix across these properties is

shown in Figure 8.2.

8.2 The structural absence

The structural-continuous-natural axis of breathing observation, as developed in Chapter 4, can be

operationalized as a five-property checklist that any dataset substrate would need to satisfy:

Smartphone-grade acoustic capture. Acquisition through consumer-class MEMS microphones, not

stethoscope contact, contact-microphone chest patches, or chest-strap impedance bands. This

property is required because the population scale at which structural breathing observation

becomes useful — and the longitudinal cadence at which structural change becomes detectable —

depend on hardware that the user already owns10.

Natural unstructured breathing. Recordings of breathing as it occurs without instruction. Not deep-

breath maneuvers, not counted exhalations, not voiced breath patterns, and not recordings collected

during any procedure that itself alters the natural cadence the recording is intended to characterize.

Frame-level phase annotation. Per-breath annotation of inhalation, exhalation, and pause

boundaries, at the temporal resolution required to support cycle-level structural analysis. Cycle-level

rather than recording-level granularity is what distinguishes structural observation from the rate-or-

volume reduction characteristic of earlier eras (Chapter 2).

1. 

2. 

3. 
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Longitudinal continuity over weeks to months. Repeated recordings on each participant across

the timescales over which structural drift, contextual variation, and individual baselines become

visible. Single-session recordings — however large the cross-sectional sample — cannot anchor

within-participant trajectories.

Coverage of healthy individuals as structural anchors. Inclusion of asymptomatic participants in

numbers comparable to clinical cohorts. Patient-only recording, however clinically valuable, cannot

establish what natural variation in breathing structure looks like before pathology selects subgroups

out of the population.

Walking the existing public datasets through this checklist returns partial fits. ICBHI 2017356, 357 and

HF_Lung_V1358 provide (c) frame-level phase information but acquire through stethoscope contact

(failing (a)), include acute-clinical cohorts (limiting (e)), and do not capture (d) longitudinal continuity.

Coughvid, Hyfe, and the Cambridge / MIT COVID-19 Sounds corpora satisfy (a) smartphone-grade

capture and recruit non-clinical populations (partial (e)) but capture cough events or instructed

maneuvers rather than natural breathing (failing (b)) and do not provide phase-level annotation (failing

(c)). Coswara’s deep-breath subsets satisfy (a) and partially (e) but explicitly require forced maneuvers

(failing (b)). The PSG cohorts — SHHS, MESA, PSG-Audio364 — provide (d) longitudinal duration within

a sleep-laboratory context and (e) diverse recruitment, but the available signal is polysomnographic

rather than acoustic-continuous, and where audio is available364 it is framed by the sleep-laboratory

setting rather than by ambulant naturalistic recording. VitalDB365 and the broader PhysioNet

infrastructure361 contribute infrastructure, multi-parameter synchrony, and data-sharing standards, but

these resources are clinical-instrumental rather than smartphone-acoustic and natural-breathing.

The pattern visible across these partial fits is informative: each existing public dataset satisfies a subset

of the five properties, but no public dataset satisfies all five together. The structural-continuous-natural

combination has not yet been assembled into a single corpus. The closest individual approximations —

HF_Lung_V1358 for frame-level phase annotation, Coswara for smartphone scale, SHHS and MESA for

longitudinal cohort recruitment, PSG-Audio364 for synchronized acoustic-physiological pairing —

illustrate that each property is independently achievable; the absence is at the level of their conjunction.

It is worth noting that the five properties are not orthogonal additive features that could be solved by

simple union of existing corpora. Phase-level annotation acquired through stethoscope contact

(HF_Lung_V1358) does not transfer to smartphone-microphone acoustics, because the source-and-

transmission acoustics differ substantively between contact-coupled and free-field recording10.

Smartphone-acquired forced-maneuver recordings cannot be relabeled retrospectively as natural

breathing because the cadence, depth, and turbulence profiles produced under instruction are

physiologically distinct from spontaneous respiration. Polysomnography-event labels361, 364 describe

physiologic events (apnea, hypopnea, arousal) at second-level granularity that does not project onto the

per-cycle inhalation–exhalation–pause structure required for cycle-level analysis. Each property’s

satisfaction is therefore conditional on the others; partial fits do not compose into a complete substrate

by aggregation.

4. 

5. 
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Figure 8.2. No public respiratory dataset combines all five required properties. Rows: nine widely-cited public corpora (ICBHI 2017,

HF_Lung_V1, Coswara, Coughvid, SHHS, MESA, PSG-Audio, VitalDB). Columns: properties required for continuous, smartphone-

deployed acoustic respiratory observation — smartphone-grade capture, naturalistic unstructured breathing, frame-level phase

annotation, within-subject longitudinal continuity, and healthy-cohort baseline. The intersection of all five properties is unoccupied;

the gap is structural rather than technological and cannot be closed by re-annotating existing corpora, motivating the dataset-

acquisition design in Chapter 9.

8.3 Why this gap exists

The most immediate explanation for the structural absence is conceptual rather than instrumental.

Pulmonology, as Chapter 2 establishes, developed across two centuries through five successive eras —

volume, gas composition, oxygenation, events, and rate — each of which produced one slice of

respiratory information adequate to the clinical questions of its time29, 30, 60. Across each of those eras,

breathing was modeled as a scalar projection: a vital capacity, an end-tidal CO2, an SpO2 value, an

apnea-hypopnea index, a respiratory rate. Forced maneuvers — Hutchinson’s spirometer paradigm29, 30

— and patient-only recording were sufficient instruments because the conceptual model treated

breathing as a metric. A scalar projection requires only that the signal be sampled adequately to

compute the projection; it does not require continuous structural fidelity, naturalistic context, or

longitudinal continuity. Datasets built within this conceptual frame inherited its constraints and produced

exactly the data the frame asked for.

The structural-continuous-natural axis, as developed in Chapter 4, operates within a different

conceptual frame. Breathing is treated not as a scalar but as a structured time series whose

informational content lies in cycle-level temporal organization, cross-system co-variation, and within-
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individual trajectory rather than in any single derived metric. This conceptual difference imposes

corresponding data requirements: continuous rather than episodic, natural rather than instructed,

frame-resolved rather than event-aggregated, longitudinal rather than single-session. Adapting the rate-

era or auscultation-era datasets to this frame is not a question of better instrumentation of the same

data type; it requires a different specification of what is being captured.

The instrumental explanation follows from the conceptual one. Once the data specification is fixed, the

instrumentation question is whether sufficient acquisition technology exists to satisfy it. The answer —

examined in detail in Chapter 9 — is that smartphone MEMS acoustic capture has reached the signal

quality required, with SNR characteristics adequate for respiratory acoustics across the 100 Hz – 15 kHz

band10. The instrumentation gap is therefore not the binding constraint; the conceptual gap was. Until

the structural-continuous-natural specification was articulated as the recording target, no consortium

had reason to assemble it.

A third-order operational reason layers on top of these. Public dataset assembly in respiratory acoustics

has historically been organized around classifier-benchmark milestones — the ICBHI 2017 Challenge356, 

357, the COVID-19 acoustic challenges of 2020–2022, the cough-detection benchmarks driven by

pandemic surveillance — rather than as standing infrastructure investments. Each milestone produced a

corpus calibrated to its specific challenge specification: classifier accuracy on adventitious-sound

categories, COVID-status discrimination, cough-versus-non-cough labeling. Longitudinal continuity,

healthy-cohort coverage, and frame-level phase annotation across naturalistic recording conditions are

not the deliverables that classifier benchmarks reward. The incentive structure of academic dataset

release has, in this sense, been well-aligned with the conceptual frame of the eras it served, and not yet

aligned with the structural-continuous-natural specification this scientific foundation requires.

8.4 The annotation problem

A specific operational obstacle, distinct from the conceptual and instrumental layers, also contributes to

the structural absence: respiratory phase annotation is not amenable to the standard mass-

crowdsourcing approaches that have driven dataset growth in adjacent acoustic and visual machine-

learning subfields. Image classification, speech transcription, and even cough event detection scale

through workforces of moderately trained annotators because the perceptual decision required of each

annotator is broadly accessible — a person can identify a cat, transcribe a sentence, or detect a cough

with limited specialised training. Frame-level inhalation, exhalation, and pause annotation does not have

this property.

The CORSA standardization effort143, 141, 142 — a coordinated multi-laboratory program funded under the

EU BIOMED 1 framework — established the foundational vocabulary, recording standards, and analytical

conventions that make computerized respiratory sound analysis reproducible across laboratories. The

European Respiratory Society Task Force on lung sound nomenclature145 further consolidated

terminology for adventitious sounds. These efforts demonstrate, by their structure, what high-quality

respiratory sound annotation requires: acoustic-domain expertise sufficient to distinguish exhalation

from pause in the absence of obvious adventitious features; specialised tooling for frame-level rather

than recording-level labeling; cross-rater reliability validation against domain experts; and pre-training
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of annotators in respiratory phase recognition143, 145, 141, 142. The methodological literature consistently

identifies these as prerequisites rather than optional refinements146.

The annotation problem is therefore not solvable by scaling the workforce alone. Workforce scale

depends on the marginal cost of training each new annotator to the required reliability threshold; for

respiratory phase work, that cost is approximately the cost of training a new respiratory-acoustics

specialist rather than the cost of training a new image-labeler. The infrastructural prerequisites —

specialised annotation interfaces, expert reference panels, validated reliability protocols — also

represent fixed costs that no individual laboratory has had explicit incentive to assume in the absence of

a demonstrated downstream use case for the resulting dataset. This is one structural reason the

dataset gap persists: the cost of building the annotation infrastructure is non-trivial, and there is no

academic consortium yet aligned to solve it as a coordinated infrastructure problem rather than a per-

project annotation expense.

The contrast with adjacent acoustic annotation tasks is instructive. Cough-event detection scales

because a moderately attentive listener can mark the start and end of a cough event with reasonable

inter-rater agreement after minutes of orientation; the perceptual feature is acoustically salient and

temporally compact. Respiratory phase annotation, by contrast, requires the listener to mark cycle

boundaries that are often acoustically subtle — the transition from quiet exhalation to inter-breath

pause, in particular, can be ambiguous in the absence of complementary signals such as inductance

plethysmography or flow tracing — and to do so consistently across long recordings rather than at

sparse event locations143, 145, 141, 142. The cycle structure that makes the data informative is exactly what

makes it expensive to label: dense, naturalistic, low-amplitude transitions rather than discrete events.

Annotation throughput in this regime is closer to the per-minute rates familiar from clinical sleep-staging

and EEG annotation than to the per-second rates of cough or wheeze classification — and the reliability

of the resulting labels remains contingent on annotator pre-training and continuous reference-panel

calibration rather than on workforce volume.
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Figure 8.3. Respiratory phase annotation is not crowdsourceable: cost-and-feasibility curves diverge. Annotation feasibility is

plotted against workforce scale. Mass-crowdsourceable tasks (image classification, binary cough detection) reach the operational

threshold (≈0.95) within ~100 annotators; phase-level respiratory annotation asymptotes below threshold even at 1000

annotators. Four structural barriers drive the divergence: frame-level markup tooling, expert disagreement on phase boundaries,

mandatory domain knowledge, and within-subject day-to-day variability. Curves are schematic; representative phase-level datasets

require expert-tier annotation teams and do not scale linearly with paid workforce.

8.5 Implication

The implication that follows from 9.1–9.4 is that any party assembling structural breathing intelligence

must first assemble the dataset substrate. The science is publicly known; the data is not. The

mechanistic literature reviewed in Chapter 3, the methodological frameworks consolidated in Chapter 4,

the cross-system evidence base assembled across 16 physiological systems in Chapter 5, the temporal-

advantage findings synthesized in Chapter 6, and the personalized-baseline framework developed in

Chapter 7 — all of these are open-access scientific contributions whose findings can be evaluated by

any investigator with library access. What is private, and what represents the binding work to be done, is

the dataset substrate that operationalizes these findings into a reproducible signal-processing pipeline.

This is the gap addressed by the present scientific foundation.

Two adjacent contemporary developments are worth noting at the level of category. Respiratory

acoustic foundation models — including Health Acoustic Representations24, 366 and the OPERA

respiratory-acoustic foundation-model benchmark26 — have begun to provide pretrained acoustic

encoders trained on auscultation, cough, and short-form respiratory audio. Field deployment of HeAR

for tuberculosis applications has been reported by Google Health and partner organizations25. Open-

source methodological tooling is also emerging at the analytical layer; RespirAnalyzer146, for example,

provides packaged implementations of multiscale entropy and multifractal detrended fluctuation
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analysis applied to respiratory signals. These foundation models and analytical packages are valuable as

transferable representation learners and methodological infrastructure, and category-level integration

into structural-breathing pipelines is a natural research direction. They do not, however, substitute for

the dataset substrate: a pretrained encoder cannot be evaluated on the structural-continuous-natural

axis without a corpus that satisfies the five-property checklist, and no such corpus is yet publicly

available for evaluation.

The chapter concludes by identifying the bridge to the chapters that follow. The dataset gap is closable

with currently available technology. Chapter 9 examines smartphone MEMS acoustic feasibility in detail

and demonstrates that the signal-quality requirement (property (a) of the checklist above) is met by

hardware already in the hands of approximately the entire smartphone-using population10. Chapter 10

develops the observation-layer architecture within which a structural breathing dataset can be

assembled, governed, and made useful without invoking diagnostic statements, clinical decision-making,

or any framing that the locked invariants of this monograph preclude. The dataset gap is thus a gap that

current technology can close, within an architecture that current regulatory framing accommodates;

what remains is the assembly work, and the methodological framing within which that assembly is

conducted.

9. Smartphone acoustic feasibility

The argument advanced through Chapter 3–Chapter 7 of this document rests on a substrate question:

can the smartphone microphone, as a class of sensor, capture respiratory acoustic structure with the

fidelity that those analyses presuppose? The question is not whether a smartphone can match the

absolute floor noise of a cardiology-grade contact microphone in an anechoic chamber — it cannot. The

question is whether smartphone-class MEMS microphones, in the recording conditions a consumer

health platform actually encounters, deliver a signal whose spectral content, dynamic range, and

temporal resolution are sufficient to extract the respiratory features that Chapter 3–Chapter 5

documented as physiologically informative.

This chapter answers that question in five beats. 10.1 traces the technical evolution of MEMS

microphone hardware. 10.2 establishes the frequency-band coverage required for respiratory acoustics

and shows that consumer MEMS designs span it. 10.3 reviews the empirical validation literature —

smartphone audio against stethoscope, against polysomnography, against spirometry, and through the

FDA 510(k) clearance record. 10.4 catalogues the boundary conditions where smartphone capture

genuinely struggles, framed as domain-specific engineering problems rather than categorical limits. 10.5

synthesises the chapter’s finding: smartphone-grade acoustic capture has crossed the threshold of

feasibility for continuous respiratory structure observation, and the remaining engineering work is well-

scoped.
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Figure 9.1. Smartphone MEMS microphones reached respiratory-grade SNR by ~2019. Two-decade trajectory of consumer MEMS

microphone signal-to-noise ratio. The dashed reference at ~70 dBA marks the working sensitivity below which low-amplitude

breathing signals (lip-distance SPL ~10–25 dBA in quiet conditions) are difficult to separate from sensor noise floor. The Infineon

IM69D130 (2020) was the first widely-deployed smartphone-class MEMS to meet this threshold; piezoelectric MEMS such as

sensiBel SBM100B (2024) now approach contact-stethoscope performance in the respiratory band.

9.1 MEMS microphone evolution and current SNR characteristics

A respiratory acoustic platform inherits its physical limits from the sensor at the front end. For most of

the consumer-electronics era this was an electret condenser microphone — adequate for telephony,

marginal for biomedical signal extraction. The transition to silicon MEMS (micro-electromechanical

systems) microphones in the smartphone generation reset that floor. MEMS microphones use a

micromachined diaphragm photolithographically defined on silicon, paired with a back-plate electrode

and integrated CMOS preamplifier on a single die.11 The architecture confers four advantages relevant to

respiratory acoustics: low device-to-device variability (because the diaphragm dimensions are set by

photolithographic precision), low temperature drift, low package-induced resonance, and a flat

frequency response across a wide passband.367, 11

The signal-to-noise ratio (SNR) trajectory of consumer MEMS microphones over the past two decades

follows a steady upward gradient. Early-generation MEMS microphones in the first smartphone era

operated at SNR figures in the upper 50 dBA range — sufficient for voice telephony but marginal for the

lower-amplitude end of natural breathing capture. Mid-generation devices in the 2012–2015 window

reached the 62–65 dBA SNR tier, with the Analog Devices ADMP504 and ADMP521 representing

typical contemporary specifications. Current high-volume smartphone MEMS — represented by parts

such as the Infineon IM69D130 dual-membrane series — operate at 70 dBA SNR and above, with

acoustic overload points (AOP) reaching 140 dB SPL.368, 11 Premium MEMS designs intended for

biomedical and broadcast acquisition, such as the sensiBel SBM100B piezoelectric optical-readout

architecture, push the envelope further to roughly 80 dBA SNR with a dynamic range of approximately

132 dB. These are not stethoscope-equivalent figures across the entire band — a contact microphone

coupled to the chest wall remains superior for the lowest-amplitude pathological events such as fine
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crackles369 — but they are sufficient to capture the dynamic range of natural respiration, which spans

approximately 20–40 dB SPL for quiet breathing measured at smartphone-handheld distances and

exceeds 80 dB SPL for cough and forced-expiratory transients.370

The acoustic-physics consequence of this SNR envelope is direct. Spectral characterisation of normal

breath sounds, dating to the foundational measurements of Gavriely and colleagues,370 demonstrates

that the inhalation–exhalation spectrum of healthy quiet breathing carries usable energy from

approximately 100 Hz up through 2–3 kHz, with adventitious sound contributions extending higher.10, 369, 12

A smartphone MEMS microphone with SNR ≥ 65 dBA and AOP ≥ 120 dB SPL can resolve quiet

inspiration without clipping forced expiration. The same device captures the broadband transients of

cough — a high-amplitude event with substantial energy from 200 Hz to 3 kHz — at full fidelity within

the same recording session.12, 371

A second layer of feasibility comes from the on-device compute substrate. Inference architectures

designed for low-power deep learning on mobile hardware — DeepX and its successors372, 373 — make it

tractable to run signal-conditioning stages, voice-activity-detection-equivalent breath segmentation, and

spectral feature extraction on the phone itself, before any data is transmitted. This matters for two

reasons relevant to a continuous-acoustic-observation platform: it bounds bandwidth and battery cost,

and it allows raw waveforms to be discarded at the point of capture in privacy-sensitive deployments

(cross-ref Chapter 11.6).

Wearable acoustic platforms developed in parallel with the smartphone class — Yilmaz and colleagues’

long-term ambulatory wearable stethoscope is one example374 — confirm a related observation:

contact-coupled MEMS microphones used for chest-wall auscultation operate within the same SNR

envelope as smartphone air-coupled MEMS, with the difference between modalities largely a function of

acoustic coupling rather than sensor ceiling. Reviews by Cesareo and colleagues368 and by

Mukhopadhyay375 situate this convergence within the broader trajectory of consumer-grade biosensor

maturation: the sensor class has crossed the engineering threshold; the differentiator is now in the

analytic stack and in the deployment substrate (smartphone vs. dedicated wearable), not in the

underlying transducer.

The MEMS hardware platform, in summary, is not the limiting factor. The next two beats establish that

the bandwidth of the platform — its frequency response — and its empirical performance against gold-

standard comparators support the same conclusion.

9.2 Frequency response across the 100 Hz – 15 kHz band

Respiratory acoustic information distributes across roughly five spectral decades, from low-frequency

airflow turbulence in the lower hundreds of hertz through the mid-band of tracheal and bronchial

transmission and into the high-frequency components of cough transients and sibilant nasal/oral airflow.

A smartphone microphone is a useful platform for respiratory acoustics if and only if its frequency

response is approximately flat across the band that carries respiratory information.

The standardisation framework for what constitutes that band is established. The Computerised

Respiratory Sound Analysis (CORSA) project, funded under the EU BIOMED 1 programme, produced
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the canonical reference set: definitions of respiratory acoustic terms, instrumentation requirements, and

analytic protocols.141, 142, 376 The CORSA documentation specifies that respiratory sound analysis should

preserve frequency content from approximately 60 Hz through 4 kHz at minimum for chest-wall

acquisition, with an extension to higher frequencies (up to 12.5 kHz) for upper-airway and oral capture.142

The European Respiratory Society Task Force update by Pasterkamp and colleagues145 confirmed and

refined the nomenclature: wheezes carry energy from approximately 100 Hz to over 1 kHz, crackles

occupy a broad transient spectrum from roughly 60 Hz through 2 kHz, stridor from 200 Hz to 2 kHz,

and snore-class sounds dominate in the 30–250 Hz band.

The physics of the underlying physiology constrains why this band is the relevant one. The upper airway

— nasal passages, oropharynx, and larynx — accounts for a major fraction of total airway resistance,

with classical measurements by Ferris, Mead, and Opie placing nasal contribution at 50–65% of total

airway resistance during quiet breathing.377 Airflow through this geometry generates turbulent acoustic

signatures whose amplitude scales with flow at approximately a 1.75-power relationship, as Gavriely and

Cugell demonstrated experimentally.378 The peripheral bronchi — the so-called “quiet zone” identified by

Mead379 — contribute relatively little to the radiated acoustic envelope, which is why upper-airway

acoustic capture provides such a high-information yield: the structures that dominate the resistance-to-

flow relationship also dominate the audible spectrum. Stocks and Godfrey380 extended the resistance-

partitioning analysis to early-life airway development, providing a mechanistic anchor for why acoustic

capture is informative across the lifespan.

The geometric properties that matter — narrow-aperture turbulence at the nasal valve, Helmholtz-

resonator behaviour of the oropharyngeal cavity, and harmonic resonances of the trachea — are

canonical respiratory-acoustic physics, treated in the Vovk and colleagues acoustic chest-modelling

literature and in the Kraman, Pasterkamp, and Wodicka clinical primer.10, 369 What the CORSA standards

establish, and what the smartphone hardware delivers, is a recording chain capable of preserving the

spectral content these geometries generate.

Modern smartphone MEMS achieve flat frequency response (typically ±3 dB) across approximately

100 Hz – 15 kHz.368, 11 This range exceeds the CORSA-specified minimum for chest-wall acquisition and

matches the upper-airway extension. The roll-off below 100 Hz removes some low-frequency snore

content (snore peaks below 100 Hz are partially attenuated), but the dominant snore band of 100–200

Hz is preserved.145 The high-frequency extension to 15 kHz captures the full cough transient spectrum

and the sibilant high-frequency components of nasal airflow turbulence.

Two consequences follow. First, the smartphone class of hardware satisfies the standardisation

threshold the respiratory acoustics community itself has defined. Second, where the threshold is not

met — specifically, the very low frequencies where chest-wall transmission preferentially carries

crackle-class adventitious sounds369 — the limitation is not categorical to “smartphone audio” but to “air-

coupled acquisition at smartphone-handheld distance.” The same MEMS sensor, contact-coupled to the

chest wall in a wearable form factor, recovers the missing band.374 This is a recurring theme of this

chapter: the smartphone, when used as the consumer health platform expects to use it, covers the

spectral and dynamic range required for the dominant fraction of clinically informative respiratory

acoustic content. The residual fraction is recoverable through purpose-specific acquisition modes.
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9.3 Validation studies: smartphone vs stethoscope, smartphone vs PSG, smartphone
vs spirometer

The empirical validation literature on smartphone-acquired respiratory acoustic capture has

accumulated across three comparator axes: against stethoscope and contact-microphone references

for adventitious sound classification; against polysomnography (PSG) for sleep-disordered-breathing

detection; and against spirometry for pulmonary function estimation. A fourth axis, against respiratory

inductance plethysmography (RIP) and capnography for respiratory rate, anchors the foundational

temporal measurement.

Figure 9.3. Smartphone-acoustic respiratory observation: cleared regulatory predicates, laboratory validation, and positioning

relative to Atum. Two FDA 510(k)-cleared smartphone applications define the regulatory floor: ResApp SleepCheckRx (K213360,

2022; Sn 89.3%/Sp 77.6% vs PSG for AHI ≥ 15) — the closest direct predicate to Atum's modality; Sound Life Sciences (K211387,

2021; Sn 94%/Sp 97% for moderate-to-severe OSA). Strados Labs RESP (chest-wall wearable, multiple 510(k) clearances)

detected wheeze in 85% of patients vs 77.5% intermittent stethoscopy (n = 40). Laboratory floor anchored by Doheny 2022 (n =

210; MAE 0.2 ± 0.27 bpm in lab) and Porter 2019 (n = 524; 89% pediatric diagnostic accuracy).

Smartphone audio vs respiratory inductance plethysmography (respiratory rate)

The foundational temporal measurement — respiratory rate — has been validated against gold-standard

plethysmography across multiple smartphone studies. Doheny and colleagues13 reported mean absolute

error (MAE) of 0.2 ± 0.27 breaths per minute (correlation r = 0.99) under controlled laboratory

conditions when smartphone audio captured at mouth or nose was compared against RIP, and MAE of

0.79 ± 2.44 bpm (r = 0.92) in a remote unsupervised setting. The Nam and colleagues series381, 14 using

smartphone or headset built-in microphones with Hilbert-envelope processing reported median

respiratory-rate error below 1% at 30 cm acquisition distance. Liu and colleagues’ RespEar and

EarMeter systems382, 383 extended the architecture to earbud-form-factor microphones, reporting MAE

1.48 bpm at rest and 2.28 bpm during activity for RespEar, and the first earbud-based continuous tidal-

volume monitoring with EarMeter. A camera-based validation by Bae and colleagues384 achieved

smartphone-camera-based respiratory rate detection at MAE 0.78 ± 0.61 bpm. Cumulatively, the

smartphone-audio-vs-RIP literature places respiratory-rate measurement well below the ±3 bpm

threshold the FDA applies to commercial respiratory-rate monitors.

Research Framework

104

https://doi.org/10.1016/j.bspc.2021.103265
https://doi.org/10.1109/EMBC.2015.7319655
https://doi.org/10.1109/EMBC.2015.7319655
https://mobile-systems.cl.cam.ac.uk/papers/respear.pdf
https://mobile-systems.cl.cam.ac.uk/papers/earmeter25.pdf
https://doi.org/10.1038/s43856-022-00102-x


Smartphone audio vs polysomnography (sleep-disordered breathing)

Two FDA-cleared 510(k) predicate devices anchor this comparator axis. ResApp SleepCheckRx (FDA

510(k) clearance K213360, July 2022) is a smartphone-application-class device that captures audio

during overnight sleep and produces a screening output for moderate-to-severe obstructive sleep

apnoea (apnoea–hypopnoea index ≥ 15 events/hour).385 The supporting validation cohort of

approximately 220 adults reported sensitivity 89.3% and specificity 77.6% against PSG-determined

AHI.386 Sound Life Sciences (FDA 510(k) clearance K211387, December 2021) is an active-sonar-based

smartphone application — the device emits inaudible high-frequency tones from the smartphone

speaker and uses the smartphone microphone as a receiver, deriving respiratory chest-wall motion from

the Doppler-shifted return.387 The clearance documentation reports sensitivity 94% and specificity 97%

for moderate-to-severe OSA detection. Acurable’s AcuPebble SA100, a separate FDA-cleared and CE-

marked device using a throat-mounted acoustic sensor coupled to a smartphone application,388 rounds

out the predicate landscape; it is mechanistically distinct (contact microphone rather than ambient air-

coupled smartphone capture) but operates in the same regulatory category.

Wearable contact-coupled MEMS vs electronic stethoscope (continuous lung-sound monitoring)

Strados Labs RESP is a chest-wall-mounted continuous wearable lung-sound monitor with multiple FDA

510(k) clearances spanning hospital and home indications.389, 390 The clinical evidence base accumulated

across emergency-department and home-monitoring studies391, 392, 393, 394 demonstrates two propositions

that bear directly on smartphone feasibility. First, continuous monitoring detected wheeze in 85% of

patients with asthma or COPD exacerbation against 77.5% by intermittent stethoscope auscultation,

indicating that the failure mode of conventional auscultation is sampling rather than sensor sensitivity.392

Second, the same MEMS-class microphone delivers clinically actionable adventitious-sound capture

when contact-coupled to the chest wall — the wearable form factor demonstrates the lower-band

capability that smartphone air-coupled acquisition only partially recovers.

Smartphone audio vs spirometry (pulmonary function estimation)

Pulmonary function estimation from smartphone audio is more constrained. Dos Reis and colleagues395

reported smartphone-audio-based forced-vital-capacity estimation with root-mean-square error 0.66 L

(FVC) on a 25-participant cohort, using a Samsung handheld at 30 cm, oral tube, and nasal clip — that

is, with controlled-acquisition aids. The reported error envelope (20–35% relative deviation in FVC,

FEV1, and PEF) is suitable for screening triage but does not meet the ATS/ERS spirometry

standardisation thresholds for clinical-grade pulmonary function testing, which require deviations under

5–10%.396 Sharan and colleagues’ earlier work397 using cough-sound features as spirometric proxies

established the methodological foundation that the Dos Reis study extended. The interpretation:

smartphone audio can support population-scale screening for obstructive pulmonary disease but does

not replace gold-standard spirometry — a positioning consistent with the observation-layer architecture

of this scientific foundation rather than a substitution finding.
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Smartphone audio vs clinician panels (cough and adventitious-sound classification)

ResApp’s pediatric cough analysis study of 524 children398 reported 89% overall classification accuracy

and 90–98% per-condition accuracy across asthma, pneumonia, croup, and reactive-airway disease,

against a clinician adjudication panel. The systematic review of automatic adventitious respiratory sound

analysis by Pramono and colleagues371 confirmed the methodological maturity of the field, and the more

recent review by Shokouhmand and colleagues focusing specifically on oral and nasal breathing-sound

analysis162 documented that the AI-on-smartphone-audio pipeline has matured into a mature

methodological category. Architectures from optimised S-transform with deep residual networks399

(representative literature; comparator-internal performance figures) through audio spectrogram

transformer models for wheeze classification400 have demonstrated competitive performance on

smartphone-acquired audio. Foundation-model approaches — HeAR (Health Acoustic Representations)

is the canonical example366 — establish that smartphone-acquired respiratory acoustic data is sufficient

to train and deploy general-purpose acoustic encoders.

Wearable optical heart-rate validation as a methodological precedent

Bent and colleagues’ independent Duke validation of wearable optical heart-rate sensors401 is a

methodological precedent — it documented the systematic pattern by which a sensor class moves from

initial release through independent validation, vendor calibration updates, and progressive convergence

on clinically usable accuracy. The same trajectory has played out for smartphone-derived respiratory

rate, with the Apple Heart Study402 and its arrhythmia-extension analyses403 establishing the scale at

which consumer-grade hardware can support population-level clinical biomarker capture. Smartphone-

acquired respiratory acoustic monitoring is on the same trajectory and at a comparable maturity stage.

The cumulative validation argument: smartphone-acquired respiratory acoustic capture is FDA-cleared

at the 510(k) level for at least two distinct applications (sleep-disordered-breathing screening and

active-sonar respiratory monitoring), is independently validated against RIP for respiratory rate at sub-

bpm accuracy, is validated against clinician adjudication for cough and adventitious-sound classification

at 89% accuracy, and approaches but does not yet reach gold-standard accuracy for pulmonary

function estimation. The platform has been measured. It works for the dominant fraction of the clinically

informative respiratory feature space.

9.4 Where smartphone capture has limitations

Honesty about boundary conditions strengthens rather than weakens the feasibility argument. Five

domains define where smartphone air-coupled acoustic capture genuinely struggles, and in each

domain the failure is engineering-specific rather than categorical.

Low-amplitude pathology near the noise floor

Fine crackles characteristic of early interstitial lung disease, including idiopathic pulmonary fibrosis, are

short-duration (<10–20 ms), low-amplitude transients whose energy concentrates at frequencies and

amplitudes near the noise floor of an air-coupled smartphone capture (cross-ref Chapter 5.1 on chest-

wall fine-crackle detection).10, 369 The Kraman, Pasterkamp, and Wodicka acoustics primer369 is explicit on
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this point: crackle-class adventitious sounds are reliably captured only at the chest wall, where

transmission losses through the chest cavity are minimised. The Pramono and colleagues systematic

review371 documented the heterogeneous performance of automated crackle classifiers across

acquisition modalities. Smartphone air-coupled capture is not the appropriate modality for high-

sensitivity early-IPF crackle detection. A contact-microphone wearable, or a dedicated electronic

stethoscope acquisition mode, recovers the missing band — and the same MEMS sensor that the

smartphone uses, repackaged in a chest-coupled form factor, delivers the clinical performance.374, 389

The limitation is real, and it is bounded.

Ambient noise

Real-world recording environments — kitchens, offices, transit, family living spaces — introduce

stationary background noise (HVAC, refrigerator hum, traffic) and non-stationary interference (speech,

music, doors, door slams). Signal-to-noise degradation in these environments is non-trivial. The

literature documents two categories of mitigation. First, audio-quality classification at recording time —

Tzeng and colleagues171 demonstrated a CMGAN-class deep audio enhancement front-end yielding a

21.88% absolute improvement in respiratory-sound classification accuracy under noise. Second,

recording-context constraints — active-session designs in which the user holds the device close to the

mouth/nose for a constrained duration trade continuous coverage for controllable acquisition

conditions, recovering the lab-equivalent SNR envelope (Doheny and colleagues’ lab-versus-remote

MAE gap13 illustrates the magnitude). The boundary is engineering-tractable.

Distance and microphone positioning

Smartphone-to-user distance and orientation are not controllable in the same way as a clip-on or

contact-coupled wearable. Acoustic amplitude varies approximately with the inverse square of distance,

and the spectral balance shifts as the high-frequency components attenuate faster than the low-

frequency components in air. Doheny and colleagues’ MAE gap between laboratory (0.2 bpm) and

remote (0.79 bpm) acquisition13 is the empirical signature. User behaviour — holding the phone at

consistent distance, away from the nose-mouth axis at a known angle — is not controllable in consumer

applications without explicit guidance. The mitigation paths are well-defined: acquisition-mode design,

in-app real-time signal-quality classification at the recording stage, and adherence to a constrained

acquisition protocol for the high-precision use cases.171

Multi-person source separation

Cohabiting environments — bedrooms, living rooms, multi-occupancy housing — introduce the open

engineering problem of separating the breathing of one individual from the breathing or speech of

another (cross-ref Chapter 11.4). Source-separation methods originating in the speech and music

informatics literature — non-negative matrix factorisation, deep-learning-based source separation —

have not yet been demonstrated at clinical-grade reliability for continuous overnight respiratory acoustic

separation in the household environment. This is an unresolved engineering problem, not a closed one.

The boundary is currently constraining — overnight passive acoustic capture in a shared bedroom is not

yet a fully solved problem — but the path to resolution is the standard path of the speech-informatics
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field, and the iMedic and HeAR foundation-model literature165, 366 indicates that the methodological

tooling is progressing.

Device variation across manufacturers

Frequency response, gain staging, and onboard digital signal processing differ across device families —

Apple, Samsung, Google, Xiaomi, and the long tail of regional manufacturers. The MEMS sensor

specifications converge,11 but the integrated audio pipeline downstream of the sensor (echo

cancellation, noise suppression, sample-rate conversion, automatic gain control) does not. Walser and

colleagues367 documented that even within a single MEMS device class, sensitivity drifts over time and

with environmental conditions, requiring recalibration protocols. Cross-device calibration and

normalisation is a non-trivial domain-specific problem requiring a calibration corpus and per-device

normalisation pipelines. It is engineering work; it is not a feasibility blocker.

A note on adherence as a boundary condition

Adherence is a separate but related boundary, and it is the boundary on which smartphone capture has

its strongest comparative advantage rather than its weakest. Wearable-based continuous respiratory

monitoring has historically failed not at the sensor but at the user retention layer. The Asthma Mobile

Health Study404 reported that of 6,470 enrolled participants, only 175 — 2.7% — completed the 6-month

phase. The WEAICOR analysis of wearable compliance in cardiovascular monitoring405 documented that

decreased adherence with digital devices can disrupt therapeutic strategies and cause clinicians to

miss clinical events. Chest-strap-based monitoring is reviewed as typically less convenient and more

uncomfortable for long-term wear.406 A smartphone, in contrast, is a device the user already carries and

already uses many times per day. The smartphone class of hardware does not solve the engineering

problems above by itself, but it does change the adherence equation favourably.

The five limitation domains, taken together, are domain-specific not categorical. Each maps to a known

mitigation pathway: contact-coupled acquisition modes for the low-amplitude pathology band, audio

enhancement and acquisition-mode design for ambient noise and distance, source separation research

for multi-person environments, and per-device calibration for the cross-manufacturer hardware spread.

None of them rebuts the feasibility finding. The smartphone platform delivers respiratory acoustic

capture sufficient for the dominant fraction of the clinically informative feature space, with well-

characterised boundary conditions for the remainder.
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Figure 9.4. Smartphone-acoustic capture: domain-specific limitations and required mitigations. In single-user, quiet environments

(gold), capture works as designed and the full feature space is recoverable. Four domain conditions (grey) require defined

mitigations: low-amplitude pathology (e.g. fine crackles) requires contact-coupled wearable acquisition; ambient-noise

environments require an audio-enhancement front-end and signal-quality classification before feature extraction; multi-person

cohabitation breaks the single-source assumption and requires source separation (open engineering problem, cross-referenced in

Ch. 11.4); cross-device deployment requires manufacturer- and model-specific calibration to normalise feature distributions across

hardware.

9.5 Conclusion: smartphone-grade acoustic capture has reached the threshold
sufficient for respiratory structure extraction

Three findings close this chapter, each of which has been supported in the preceding subsections.

First, contemporary smartphone MEMS microphones provide signal-to-noise ratio, dynamic range, and

frequency response sufficient for natural respiratory acoustic capture across the spectral band that the

standardisation literature identifies as clinically informative (10.1, 10.2). The hardware platform satisfies

CORSA-defined acquisition specifications141, 142, 376 for upper-airway and oral capture. Quiet breathing,

forced expiration, cough transients, snore-class sounds, wheeze-class sounds, and sibilant nasal

turbulence are all captured within the recording envelope. The MEMS class has crossed the engineering

threshold; what differentiates platforms is now the analytic stack, not the transducer.368, 11

Second, smartphone-acquired respiratory acoustic capture has been validated against gold-standard

comparators across multiple measurement axes (10.3): against respiratory inductance

plethysmography for respiratory rate at sub-bpm accuracy,13, 382, 383, 381, 14 against polysomnography for
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sleep-disordered-breathing screening with FDA 510(k) clearances at the predicate level,385, 387 against

electronic stethoscope for adventitious-sound monitoring through wearable contact-coupled MEMS at

multiple FDA clearance levels,389, 390 and against clinician panels for cough and adventitious-sound

classification at clinically actionable accuracy.398, 371 The pulmonary-function-estimation axis remains the

boundary case395, 396 — adequate for population-scale screening triage, not for substituting a calibrated

spirometer in a clinic. The trajectory is the same one that the Apple Heart Study established for

consumer-wearable arrhythmia detection,402, 403 and Bent and colleagues401 documented as the

methodological pattern for any consumer-grade biosensor moving toward clinical maturity.

Third, the boundary conditions — low-amplitude pathology near the noise floor, ambient noise, distance

variability, multi-person source separation, and cross-device calibration (10.4) — are domain-specific

engineering problems with well-defined mitigation paths.171, 401, 405, 406, 404 They are not categorical feasibility

blockers. The smartphone platform’s adherence advantage relative to wearable alternatives — a device

that is already carried, already used, and does not require additional volitional behaviour — partially

offsets the per-session-quality disadvantage relative to dedicated contact-coupled hardware.

Two cross-bridges anchor this chapter to what follows. The conclusion that smartphone capture is

feasible is the substrate condition for the dataset gap argument of Chapter 8: the absence of a

continuous, structural, natural-breathing acoustic dataset is not a hardware problem — the hardware

exists, on devices that the majority of the world’s adult population already carries — but a coordination,

framing, and capture-design problem (Chapter 8.5). The conclusion is also the substrate condition for

the observation-layer architecture of Chapter 10: an observation layer carries prognostic information

through breathing-structure features145, 141, 142 only if the underlying acquisition substrate captures those

features faithfully. 10.1 through 10.4 establish that it does, in the recording conditions a consumer health

platform actually encounters. Cross-references extend the argument: the smartphone-Parkinson

speech literature407 documents the same hardware platform supporting capture of pre-clinical

neurological abnormalities, and the swallowing/aspiration acoustic feasibility evidence (cross-ref

Chapter 5.13) demonstrates that the platform supports clinical applications beyond the direct

respiratory band.408

Smartphone-grade acoustic capture has crossed the threshold of feasibility for continuous respiratory

structure observation. The remaining work — closing the dataset gap, formalising the observation layer,

characterising the boundary conditions in deployment-relevant cohorts, and resolving the open

engineering problems — is well-scoped and is the subject of the chapters that follow. Gray-literature

competitor materials in this space, including the Alveos product monograph,409 circulate without peer-

reviewed validation and serve to mark the boundary of what is currently published versus what is

currently proven; this monograph rests its argument on the cleared-predicate and peer-reviewed

validation literature reviewed above.

The platform is sufficient. The question is what is built on top of it.
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10. The observation layer architecture

The previous chapters of this document establish that breathing structure carries prognostic

information across 16 physiological systems (Chapter 5), that this information accrues over time in ways

no single clinic visit can capture (Chapter 6), that personal baselines outperform population thresholds

for early deviation detection (Chapter 7), that the dataset gap is closable (Chapter 8), and that

smartphone-grade acoustic capture has reached the threshold sufficient for the underlying signal

extraction (Chapter 9). What remains is the structural question. Granted the substrate, granted the

signal, granted the hardware: what kind of system is appropriate for putting these together, and what is

the category to which it belongs?

The argument of this chapter is that the appropriate kind of system is an observation layer — a

structured data layer that sits between raw signal capture and clinical interpretation, accumulating

cross-system signal continuously over time without itself making diagnostic, prognostic, or treatment-

related decisions. The observation layer is not a novel category. It is a recognisable architectural pattern

with valuated business analogues in oncology and genomics, with a regulatory grammar already

articulated in the IMDRF SaMD risk framework410 and the FDA Clinical Decision Support guidance,411 and

with a conceptual grounding in the fundamental theorem of biomedical informatics412: a person plus an

information resource is more capable than the same person unassisted, provided the resource

augments rather than substitutes for the person’s judgment. An observation layer is, by design, the

augmentation case.

This chapter develops the architectural argument in four beats. Section 10.1 walks through the

analogues. Section 10.2 enumerates the five non-negotiable architectural commitments that distinguish

an observation layer from a clinical product. Section 10.3 names the three initial verticals through which

a respiratory observation layer enters the health ecosystem. Section 10.4 shows how that layer

integrates with existing infrastructure — electronic health records, consumer wearables ecosystems,

and pharmaceutical research warehouses — without competing with them. Throughout, the discipline of

observation-layer vocabulary holds: the layer observes; deviations are trajectories and departures

from individual baseline; downstream actors diagnose.

10.1 What an observation layer is

The observation-layer pattern, in healthcare, has three properly-valuated commercial precedents and

one ecosystem-level analogue. Walking each in turn establishes the category.

Flatiron Health built an oncology observation layer from electronic health record data. Unstructured

oncology notes from community and academic cancer centres were transformed into structured

longitudinal patient records — diagnoses, treatments, lines of therapy, response data, mortality

outcomes — that could be read by both clinical-research and pharmaceutical workflows. Crucially,

Flatiron did not diagnose cancer, did not stage it, and did not recommend treatment. Oncologists did.

The Flatiron layer surfaced what had already been observed and made it computable. The structured
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layer was the product. Roche acquired Flatiron in 2018413, and the layer has since become an

infrastructural asset for Roche’s real-world evidence operations and for downstream pharmaceutical

partners.

Tempus AI built an analogous observation layer at the intersection of clinical and genomic data. Tempus

operates as a structured data layer linking sequencing output, EHR-derived clinical observation, and

longitudinal outcomes, packaged so that pharmaceutical and academic research can query it without

each party re-extracting from raw sources. Tempus does not diagnose, does not prescribe, and does

not reach into the clinician–patient relationship. It surfaces structured cross-modal data. Tempus

completed its IPO on Nasdaq in 2024414. The valuation reflects the market premium attached to a

structured, multi-modal observation layer in a domain with high decision-support demand.

Kinsa Health is the population-scale precedent. Through connected thermometers in millions of US

households, Kinsa accumulated geolocated, time-stamped temperature observations and translated the

population-level signal into geographic infectious-disease forecasting. Kinsa does not diagnose

individuals. Kinsa observes that a particular ZIP code’s fever incidence has departed from its seasonal

baseline, and surfaces that departure to public-health and consumer-product partners415. The point is

the architectural one: at population scale, even a single physiological observable can support an

observation layer of consequential public-health value, provided the framing is one of departure-from-

baseline rather than individual-level interpretation.

Adjacent to these three is the consumer-electronics observation-layer ecosystem typified by Apple’s

Health app, which by 2022 stored over 150 distinct health data types from Apple Watch, iPhone, iPad,

and third-party devices in a single user-controlled location, with Trends features that surface meaningful

changes over time.416 Within that ecosystem, the Apple Heart Study established a working pattern: a

passive observation (irregular-pulse notification on Apple Watch) prompted a clinician-confirmed

evaluation pathway. Among ~419,000 participants, 0.52% received an irregular-pulse notification; in

participants for whom contemporaneous ECG-patch monitoring was available, the positive predictive

value of the irregular-tachogram alert for ECG-confirmed atrial fibrillation was 84%.402, 403 Apple did not

diagnose atrial fibrillation. The observation layer surfaced the deviation; the clinical interpretation

happened downstream. The same architectural shape recurs across Apple’s health features — a

hearing-environment observation surfaces sound-exposure trajectories that may be associated with

noise-induced hearing-loss risk;417 a cardio-fitness observation surfaces VO2max trajectories that the

Health app reports against population reference ranges. Each is observation; none is diagnosis.

Adoption data from US national survey work establishes that wearable-device usage has reached a

population scale at which observation-layer infrastructure is meaningful: roughly one in five US adults

reports regular use of a wearable health device, with concentrated adoption in younger and higher-

income strata.418 The substrate for population-scale physiological observation already exists.

The structural lesson across the four cases is consistent. An observation layer accrues structured

signal at scale; surfaces deviations from baseline rather than inferences about disease; remains

continuously available across long observation horizons (continuous remote monitoring is itself an

established and well-justified architectural target in respiratory medicine, as developed in the COPD

telemonitoring literature419); and is valued by downstream actors — clinicians, pharma research, public
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health — precisely because it does not carry interpretive responsibility. The observation layer is the

substrate on which interpretation happens; not the interpretation itself.

Figure 10.1. Observation-layer analogues across health and infrastructure. Four exemplars of a recurring business pattern: an entity

captures and structures a previously inaccessible signal at scale without crossing into diagnostic output. Flatiron Health (structured

oncology EHR data), Tempus AI (multi-omics + clinical observation), Kinsa Health (population thermometer surveillance), and

Apple Health (consumer biosignal capture across hundreds of millions of users) each demonstrate that a structured data layer

alone can become an industry standard. The shared architectural commitment — to remain a data layer rather than an interpretation

layer — is what enabled platform-level distribution and downstream partnerships across all four cases.

10.2 Architectural commitments: observation, not interpretation

What distinguishes an observation layer from a clinical product is a small set of non-negotiable

architectural commitments. Each is a design constraint, not a marketing posture. Each generates a

regulatory benefit, a privacy benefit, and a scientific benefit. The observation-layer architecture for

respiratory signal rests on five such commitments.

The first commitment is no diagnostic output

The layer observes; downstream clinical actors diagnose. This is not a temporary positioning while

evidence accrues — it is the structural reason the layer can run continuously, across millions of users,

without crossing into the regulated category of medical-device diagnosis. The 2022 FDA Clinical

Decision Support Software final guidance411 articulates a four-criteria test for software that escapes the

medical-device definition under section 520(o)(1)(E) of the FD&C Act: software that (i) does not

acquire signals from invasive sensors, (ii) displays patient-specific information for the purpose of

Research Framework

113

https://www.fda.gov/regulatory-information/search-fda-guidance-documents/clinical-decision-support-software


supporting a clinician’s recommendation, (iii) provides recommendations the clinician can independently

review, and (iv) makes the basis of those recommendations transparent. An observation layer satisfies

these by construction — and goes further, by not making clinical recommendations at all. The layer

surfaces structured observations; the clinician (or, in the wellness vertical, the user themselves) does

the interpretation.

The second commitment is no clinical decisions

The system does not recommend treatments, dosing, escalation, or referral. It does not say seek care; it

does not say stop this medication; it does not say increase this dose. The IMDRF Software as a Medical

Device risk framework410 categorises software by the combination of (a) the seriousness of the health

condition addressed and (b) the significance of the information provided to the clinical decision.

Observation-layer outputs that surface deviation from a personal baseline, without naming a condition

or proposing an action, fall outside the SaMD significance category by design. This is the architectural

reason the observation layer’s near-term positioning is non-SaMD: not because the technology is not

capable, but because the deliberate withholding of clinical-decision content is the discipline that

defines the layer.

The third commitment is no scoring

No risk scores, no severity grading, no probability-of-disease outputs. Scoring crosses an interpretive

line — it asserts that a number on a scale carries calibrated meaning about future health states.

Observation-layer outputs are deviations and trajectories: a respiratory pattern has shifted from its

individual baseline by a stated z-score; a longitudinal trend is moving in a stated direction at a stated

rate. The interpretive translation from deviation to risk is not part of the layer.

The fourth commitment is transparent traceability

Every observation surfaced by the layer is traceable to its raw signal — to the time-stamped acoustic

recording from which it was derived, to the segmentation and feature-extraction provenance, and to the

comparator baseline against which deviation is computed. Opaque inference is excluded by design. This

commitment matters for three reasons. Scientifically, it permits the observation layer to contribute to

research without the methodological concerns that attach to black-box clinical inference. Regulatorily, it

aligns with the SaMD-framework expectation that clinical actors can independently review the basis of

any surfaced information.410, 411 And from a privacy standpoint (developed at the research-architecture

level in 12.6 of this scientific foundation), traceability is what permits edge-resident processing, granular

consent, and verifiable data minimisation — the operational substrate of GDPR Article 9, HIPAA, and

BIPA compliance, treated more fully in 13.4.

The fifth commitment is continuous availability

The observation layer accumulates structured data across days, weeks, and months — not at the

snapshot pace of clinic-visit measurement. The clinical and economic case for continuous physiological

monitoring, where it has been studied carefully, is consistent: continuous vital-sign monitoring in US

community hospitals delivers measurable cost savings,420 demonstrates a five-year return on
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investment,421 and is cost-effective for respiratory-rate monitoring in pneumonia.422 The COPD

telemonitoring literature has independently justified the continuous architectural target419; the Remote

Patient Monitoring CPT codes (99453, 99454, 99457, 99458, with the new 99470 added for 2026)

institutionalise reimbursement for the continuous-observation paradigm.423 An observation layer is, in the

temporal sense, what continuous observation is for.

Each of these five commitments produces a regulatory benefit (XIII), a privacy benefit (12.6), and a

scientific benefit. The scientific benefit deserves explicit naming: a layer that surfaces structured

observations without taking on interpretive responsibility accumulates, over time, a research-grade

longitudinal dataset that can support downstream studies, replication of clinical statements, and

methodological refinement — the fundamental-theorem augmentation of clinician and researcher

judgment by an information resource that is structured, traceable, and continuous.412

At the abstract architectural level, an observation layer for breathing structure operates within a three-

layer separation that is now familiar from biomedical informatics generally and from the analogues

above: a signal-observation layer that produces a structured representation of breathing state over

time; a decision layer that operates on changes, structure, and persistence within that state — with

computational primitives no more interpretive than comparison-against-baseline, deviation, persistence,

and trajectory; and an interpretation layer (downstream, external to the observation system) where

biological meaning, diagnosis, and action live. The observation product owns the first layer and a

constrained portion of the second; it does not own the third. This separation is the architectural

commitment from which all the others flow.
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Figure 10.2. Five non-negotiable design commitments of the observation-layer architecture. Each row identifies a binding

architectural constraint that defines Atum as an observation layer rather than a diagnostic, decision-making, or scoring system. For

each constraint, three downstream consequences are shown — regulatory (alignment with FDA General Wellness scope;

avoidance of SaMD framework and 510(k) prediction-rule scope), privacy (lower data-protection burden, no protected automated

decisions, user-controllable acquisition), and scientific (open analytic discovery, raw inspectable features, preserved longitudinal

signal). The five commitments — no diagnostic output, no clinical decisions, no scoring, transparent traceability, and continuous

availability — together fix Atum's position in the data-layer stratum of the digital-health stack and follow as direct entailments of the

platform-vs-product distinction articulated in Chapter 10.1.

10.3 Three initial verticals

A respiratory observation layer enters the health ecosystem through three initial verticals. The selection

is deliberate: each vertical has an articulated regulatory framework, a body of evidence developed in

earlier chapters of this monograph, and a downstream user whose interpretive role is unambiguous.

Other applications are conceivable; they are out of scope for this document, and remain in the closed

data-room materials.

Wellness

The wellness vertical operates within the FDA General Wellness Policy framework. The current

canonical guidance is the January 6, 2026 update,28 which preserves the original 2016 architecture:

low-risk products with general-wellness intended use that do not make disease labels, do not assert

diagnostic thresholds, do not generate clinical alerts, and do not represent themselves as having

medical-grade accuracy fall outside the FDA’s medical-device premarket-review pathway. Permissible
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product language is calibrated: may help support healthy sleep patterns, may help with stress

management, may help promote awareness of breathing patterns — findings grounded in well-

understood healthy-lifestyle associations rather than disease prevention or treatment. The full

regulatory architecture of the wellness pathway is developed in 13.1.

The observable for the wellness vertical is breathing structure across long observation horizons:

nocturnal respiratory-rate distribution; the structure of individual breath cycles (inspiratory/expiratory

phase relations, with the conventional ratio terminology applied — low I:E indicating prolonged

expiration consistent with parasympathetic dominance, high I:E approaching 1:1 indicating restrictive or

sympathetic activation); breathing-rate variability over weeks. The supporting evidence base for these

observables as wellness-relevant signals is summarised in 6.3 (sleep) and 6.4 (autonomic balance). The

Withings Sleep Analyzer programme — a contactless, continuous nocturnal-respiratory observation

deployed within the wellness/health-tracking category — has independently established that

population-scale, continuous, non-invasive respiratory observation is feasible and validated against PSG

comparators,204, 205 with the wellness-vertical framing distinct from any diagnostic statement.

The cardiovascular wearable literature provides the template for what follows. Population-scale

wearable-derived cardiovascular observation is now the subject of a substantial peer-reviewed evidence

base anchored on the consumer-grade-to-clinical-grade transition,424, 425 and the General Wellness

pathway has been the regulatory home for it. A respiratory observation layer enters through the same

pathway and against the same regulatory grammar.

Sleep health

The sleep-health vertical sits adjacent to the wellness pathway but invokes a more specific regulatory

precedent: the FDA 510(k) pathway, which has been used by predicate respiratory-acoustic devices for

screening (not diagnostic) intended use. The reference predicate is ResApp SleepCheckRx, FDA

510(k) clearance K213360 (July 2022), a smartphone-app screening tool for moderate-to-severe

obstructive sleep apnoea via breathing/snoring sounds, with cleared performance of sensitivity 89.3% /

specificity 77.6% — and explicit cleared intended use as a screening adjunct, not as a

polysomnography substitute.385 The full predicate-device argument is developed in 13.2; the

smartphone-acoustic feasibility argument that supports it is developed in 10.3.

The observable for the sleep-health vertical is the acoustic signature of sleep architecture itself. A deep-

learning model operating on cardiorespiratory signals (with body-movement context) reaches Cohen’s κ

= 0.760 against expert PSG-based scoring for collapsed three-stage classification (wake / REM / non-

REM), with κ = 0.585 for the conventional five-stage scheme.196 Independent smartphone-acoustic

OSA-detection work in JAMA Network Open has shown that smartphone-grade audio carries the signal

required for population-scale acoustic OSA observation, with model-development cohorts large enough

to support generalisation testing.201 In the observation-layer framing, these results are not diagnostic

statements; they describe the strength of the smartphone-acoustic signal as a substrate for sleep-

stage observation surfaced as a complement to, not a substitute for, PSG. The use case is observation-

layer adjunct: the structured acoustic representation of nocturnal breathing accumulates over many
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nights, supports research on the temporal trajectory of sleep architecture, and informs downstream

clinician decisions in cases where a PSG referral is being considered.

Clinical research

The clinical-research vertical positions the observation layer as infrastructure for pharmaceutical-trial

endpoint monitoring and real-world-evidence generation. The market signal here is unambiguous: Pfizer

completed the acquisition of ResApp Health in September 2022, on the basis of cough-acoustic

technology with respiratory-screening application;426 Clario acquired ArtiQ in 2024, integrating acoustic

respiratory analytics into clinical-trial endpoint operations;427 the Alveos Labs work in The Lancet

Respiratory Medicine establishes that acoustic respiratory monitoring is now a respectable category in

respiratory-medicine peer review.428

The observable for the clinical-research vertical is respiratory-pattern deviation as a continuously-

measured trial endpoint, rather than as a clinic-visit snapshot. This addresses a specific operational gap

in pharmaceutical trials: respiratory side effects of investigational compounds, or therapeutic

respiratory effects, can be observed continuously (with appropriate participant consent) rather than at

discrete clinic visits — surfacing trajectories that periodic measurement misses (the temporal-

advantage argument is developed in Chapter 6; the personalised-baseline argument that supports its

statistical power is developed in Chapter 7). The reimbursement architecture for the broader

continuous-monitoring category is in place: Remote Patient Monitoring CPT codes (99453, 99454,

99457, 99458, plus 99470 added for 2026) have institutionalised the continuous-observation

reimbursement model across US healthcare,423 and continuous vital-sign monitoring has demonstrated

cost savings, multi-year ROI, and cost-effectiveness across the relevant clinical contexts.420, 421, 422

Across the three verticals — wellness, sleep health, clinical research — the disclosure principle is

consistent: the observation layer surfaces structured deviations and trajectories; downstream actors

interpret. Other potential verticals that would extend the observation-layer framing into different

regulatory or commercial domains are out of scope for this scientific foundation.
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Figure 10.3. Three deployment verticals over a shared observation layer. Wellness, sleep health, and clinical research all operate on

the same continuous breathing-structure observation channel. What differs across verticals is the regulatory framework that gates

deployment (FDA General Wellness Policy; FDA 510(k) with predicate ResApp K213360; IRB / outcomes-grade research

framework), the observable presented to the downstream actor, and the evidence anchor that supports each path. Substantiating

chapter cross-references are listed in the right column.

10.4 Integration with existing health ecosystems

The closing argument of this chapter is that an observation layer for breathing structure is not a

competing product to existing health platforms. It is a missing layer between raw signal capture and

clinical interpretation, structurally analogous to what Flatiron built between unstructured oncology notes

and structured oncology research, and to what Tempus built between raw genomic sequence and

cross-modal clinical–genomic research. Three integration touchpoints make the missing-layer position

concrete.

The first touchpoint is electronic health records

Where clinically relevant, structured observation-layer outputs — deviation indices, trajectory

descriptors, baseline-departure summaries — flow into EHR fields under the same architecture by

which other passive-observation feeds (wearable-derived heart-rate metrics, ambulatory blood

pressure, continuous glucose) reach the clinical record. The personal-health-record literature has long

argued that the smartphone era enables a more ambitious version of this integration than was

achievable a decade earlier,429 and the work characterising primary-care exam length using EHR data

documents the operational reality the integration has to fit into: short visits in which a structured pre-
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visit observation summary is dramatically more useful than a raw signal trace.430 The observation layer

does not replace the EHR; it supplements it with structured longitudinal physiological context that the

EHR alone cannot accumulate at clinic-visit cadence.

The second touchpoint is consumer wearables ecosystems

A respiratory observation layer is complementary to, not redundant with, HRV, step-count, and sleep-

staging signals from existing wearables. The non-redundancy argument is developed formally in 3.4 of

this monograph, where it is shown that breathing structure carries information that is not deducible from

heart-rate-variability or activity signals alone. The Apple Health ecosystem provides the working

pattern: the Health app aggregates cross-domain signals from many sources into a single user-

controlled location with cross-signal trend visualisation,416 and the operational model developed across

digital-health-intervention work (technology-enabled consumer engagement,431 digital intervention in

acute myocardial infarction follow-up,432 digital-tool-supported hypertension management433) is

consistent with the observation-layer framing — passive data is surfaced; clinician and patient act.

Implementations across diverse care contexts — from veterans-affairs telehealth deployment during

COVID,434 to neonatal tele-homecare evaluations,435, 436 to emergency-department decision-lag

reduction,437 to pediatric peri-operative anxiolysis platforms,438 to the broader reimagining of clinical

practice in Apple-ecosystem-anchored care delivery439 — converge on the same structural pattern:

observation upstream, interpretation downstream.

The third touchpoint is pharmaceutical research infrastructure

Observation-layer data flows, under appropriate consent, into clinical-trial data warehouses; supports

real-world-evidence generation; and provides continuous endpoint observation that supplements the

discrete-visit endpoint data trial sponsors have historically had to rely on. The economic case for the

broader continuous-monitoring paradigm — five-year ROI of continuous vital-sign monitoring,421 cost

savings in US community hospitals,420 cost-effectiveness in pneumonia respiratory-rate monitoring422 —

translates directly into the trial-endpoint context, where the cost of missed continuous signal is

endpoint-power loss. The reimbursement context that anchors this in the broader US healthcare system

is the CPT-code architecture for Remote Patient Monitoring, with the addition of 99470 for 2026

reflecting the continued expansion of the reimbursable continuous-observation category.423

Adjacent to these three operational touchpoints sits the population-scale public-health observation

analogue, which establishes the architectural shape at the broadest scale. The NHS COVID-19 app,

which ran on iOS and Android smartphones and achieved 16.5 million regular users, demonstrated that

population-scale digital observation can produce measurable epidemiological impact — preventing an

estimated 224,000 cases (modelled range 100,000 to 900,000) over the studied period, with effect

proportional to the level of population uptake.440 Independent modelling of US-state exposure-

notification deployments produced parallel estimates of population-scale impact attributable to the

digital-observation infrastructure, controlling for non-pharmaceutical interventions.441 The lesson for a

respiratory observation layer is structural rather than epidemiological: digital-observation infrastructure,

when correctly architected as observation rather than intervention, can operate at population scale

within existing regulatory frameworks.
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A second adjacency is the structured-data-layer pattern that has consolidated in clinical genomics.

Variant interpretation, in particular, has matured into a structured layer between raw sequencing output

and clinical use — Sherloc and the ACMG–AMP refinement frameworks codify the classification of

variants of uncertain significance;442, 443 deep generative modelling against evolutionary data provides

additional structured prior on variant pathogenicity;444 saturation-scale functional evidence enables

systematic upgrading or downgrading of clinical variant interpretation;445 and Bayesian frameworks for

incorporating clinical evidence into variant interpretation continue to refine the layer.446 The observation-

layer pattern is the same: structured outputs (variant classifications) flow into clinical and research

workflows; clinicians interpret; the structured layer accumulates evidence over time. Domain-specific

applications — gene-specific colorectal-cancer surveillance,447 KCNQ1 / Long-QT implementation in

defined populations,448 rare-disease neurogenetics workflow,449 calcium-signalling rare disease,450

developmental-genetics patterns451 — instantiate the pattern. A respiratory observation layer is the

analogous structured layer for a different upstream signal.

The economic-burden context for the broader category is large and well-characterised: physical

inactivity alone imposes a substantial global economic burden in direct healthcare costs (2013), much of

which is borne by the public sector,452 and these are figures for one upstream behavioural exposure

measured at a population scale. The structural argument is that an observation layer for breathing —

surfacing deviations across 16 physiological systems, accumulating continuously, traceable to raw signal

— is positioned to support downstream actors (clinicians, researchers, public-health institutions,

pharmaceutical sponsors) at the level of architectural fit, not at the level of a narrower clinical product.

The conclusion of this chapter, then, is structural. The observation-layer category exists. Its commercial

precedents have established the valuation envelope; its regulatory grammar has been articulated in the

IMDRF SaMD framework410 and the FDA CDS guidance411; its conceptual foundation rests on a well-

understood theorem of biomedical informatics412; its reimbursement infrastructure exists for continuous

monitoring;423 and its integration patterns into EHR, wearables, and pharma research are recognisable.

What has not previously existed is the corresponding observation layer for respiratory signal — the

upstream biomarker substrate developed across Chapter 3 through Chapter 7 of this document,

observable on smartphone-grade hardware established in Chapter 9, and accumulating structured

longitudinal data of a kind no current platform produces. The architectural commitments of 10.2 are the

discipline by which that layer earns the right to operate continuously, at scale, and within the existing

regulatory framework — and the three verticals of 10.3 are the entry points through which it integrates

with the health ecosystem on the terms that ecosystem already recognises.

The next chapter develops the methodological frontiers and open questions that this architecture leaves

on the research agenda; Chapter 12 develops the regulatory positioning that operationalises the

framework here.
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Figure 10.4. Integration architecture: where observation lives versus where clinical interpretation lives. Atum operates as a passive

observation layer between capture (smartphone microphones, contact-coupled MEMS) and clinical interpretation performed by

external systems (EHRs, wearables ecosystems, pharmaceutical research warehouses, public-health observatories). The layer

executes four operations on raw acoustic input: personal-baseline detection, cross-system feature extraction, continuous z-score

and drift monitoring, and privacy-preserving aggregation. Clinical interpretation stays downstream — this separation is

simultaneously a regulatory posture (structured observations, not diagnostic outputs) and an integration strategy.

11. Open questions and methodological frontiers

The preceding chapters have established a structural argument: that breathing observation is a

convergent physiological signal (Chapter 3), that it carries prognostic information across 16 body

systems (Chapter 5), that it offers temporal advantage spanning nine orders of magnitude (Chapter 6),

that this advantage is realized only with personalized baselines (Chapter 7), and that the public dataset

infrastructure required to operationalize these findings does not yet exist (Chapter 8). Smartphone-

grade acoustic capture is feasible in defined contexts (Chapter 9); an observation-layer architecture is

consistent with current regulatory pathways (Chapter 10). This chapter does not catalogue defects in

that argument. It identifies the next phase of inquiry — six methodological frontiers where the science is

design-able rather than settled, and where the studies that would answer the open questions are

themselves the natural next deliverables of a continuous-physiology research program. Three of these

frontiers (12.1, 12.2, 12.3) correspond to specific clinical-validation studies whose protocols have been

worked out in detail; two (12.4, 12.5) describe acoustic and longitudinal-systems engineering questions
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that the broader research community shares; and one (12.6) frames privacy architecture as a design

constraint rather than a downstream compliance task. None of these is a barrier to proceeding. Each is

the question whose answer becomes the next sentence of the same argument.

Figure 11.1. Open scientific questions and methodological frontiers. Six research questions structure the post-Layer-3 agenda:

(12.1) incremental signal of BRV over HRV — paired observational design (12–18 mo); (12.2) personalized vs population thresholds

— two-arm RCT (24–36 mo); (12.3) source-separation of co-located breathers — open ML problem; (12.4) domain transfer of

respiratory foundation models — methodological inquiry (12–24 mo); (12.5) privacy-by-design with edge-only feature extraction —

architectural standards work; (12.6) cross-population generalisation — validation framework (24+ mo). None of these questions

blocks observation-layer deployment; all sharpen it.

11.1 Smartphone acoustic validation for Parkinson’s disease detection

The single strongest demonstration that breathing structure carries prognostic information for an

upstream-of-symptom neurological condition comes from Yang and Katabi’s 2022 Nature Medicine

report193. In a cohort of 7,671 individuals (757 with Parkinson’s disease, 6,914 controls) drawn from Mayo

Clinic, Massachusetts General Hospital, and the University of Rochester, an artificial-intelligence model

trained on nocturnal breathing signals achieved an area under the receiver operating characteristic

curve of 0.90 on held-out test data and 0.85 on external validation; a single night of capture yielded

86% accuracy, rising to 95% with twelve nights; severity tracking correlated with the Movement

Disorder Society Unified Parkinson’s Disease Rating Scale at R = 0.94 (p = 3.6 × 10-66); and the model

identified 75% of eventual Parkinson’s patients from data collected before clinical diagnosis. The result

was named one of Nature Medicine’s ten Notable Advances of 2022. Its physiological grounding — that

brainstem nuclei controlling respiration (notably the pre-Bötzinger complex and the retrotrapezoid

Research Framework

123

https://doi.org/10.1038/s41591-022-01932-x
https://doi.org/10.1126/science.aaa0922


nucleus) are affected early in Parkinson’s, a fact noted by James Parkinson himself in 1817 — is

consistent with the broader neurological evidence reviewed in 6.2 and the prodromal-window analysis in

7.1453, 454.

The signal in this study, however, was acquired with radio-frequency reflectometry, not acoustic capture.

The open question — and it is a study-shaped question, not a doubt — is whether smartphone-acquired

nocturnal breathing audio approximates the diagnostic discrimination and severity correlation that radio-

frequency capture demonstrated. Smartphone microphones have different signal-to-noise

characteristics from radio-frequency sensors; ambient acoustic environments (room reverberation,

partner respiration, household noise) introduce confounds that radio-frequency capture does not face;

and the temporal granularity of acoustic breath-cycle detection in the consumer-grade context has not

been validated against the polysomnographic gold standard at scale. None of these concerns negates

the underlying result. They identify the modality-validation study that would extend it.

That a respiratory-acoustic signal can in principle carry Parkinson’s-relevant information is supported by

an adjacent but distinct literature on speech-acoustic biomarkers. Rusz and colleagues’ 2011

quantitative acoustic study in early untreated Parkinson’s disease provided the foundational

measurement framework455; their 2021 work in Annals of Neurology extended the framework to rapid-

eye-movement sleep behaviour disorder — a recognized prodromal stage — demonstrating that

consumer-tractable acoustic capture in the speech domain detects pre-clinical neurodegeneration456.

These results address speech, not breathing; but they constitute proof-of-modality that acoustic signals

with smartphone-tractable bandwidths preserve Parkinson’s-relevant information. The respiratory-

acoustic question is the parallel one: does the breathing signal, captured acoustically rather than radio-

frequencially, preserve what Yang and Katabi’s radio-frequency capture demonstrated?

The study that resolves this question is design-able in the conventional case–control format. A

prospective cohort of 150–250 participants comprising Hoehn and Yahr stage 1–3 Parkinson’s patients

and age- and sex-matched controls; 7–14 consecutive at-home nights of smartphone audio capture per

participant; in-clinic neurological examination at baseline and at twelve months. The primary endpoints

follow directly from the radio-frequency anchor: cross-validated area under the curve for Parkinson’s

versus control discrimination; correlation of an acoustic severity index with MDS-UPDRS Part III; and

test–retest reliability across at least twelve nights, benchmarked against the 0.957 reliability reported in

the radio-frequency cohort. The comparator is the Yang and Katabi result itself; the question is whether

the acoustic modality preserves the radio-frequency signal at clinically meaningful magnitude. This

design — a direct modality replication of a Nature Medicine result — is the simplest and the most

consequential next study in the breathing-as-neurological-biomarker line of inquiry. It does not introduce

new biology; it tests whether the established biology is observable through a more deployable

instrument.

11.2 Breathing rate variability versus heart rate variability — head-to-head
prognostic comparison

Heart rate variability has accumulated decades of prognostic literature across critical care, cardiology,

and population-cohort epidemiology (cross-ref 4.4 and the trial-anchored cardiology evidence reviewed
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in Chapter 7). Breathing rate variability has not. The question of whether the two carry redundant or

independent prognostic information has rarely been asked in a cohort large enough to answer it. A

second open question, accordingly, is the head-to-head comparison: in a population with simultaneous

high-quality respiratory and cardiac measurement, does breathing rate variability provide prognostic

information additional to, or superior to, heart rate variability for outcomes of clinical and public-health

significance?

The structural case for asking the question has strengthened in recent literature. Wehrwein and

colleagues’ 2025 Nature Reviews Cardiology article formally proposed renaming respiratory sinus

arrhythmia as respiratory heart rate variability73, codifying a shift in how the cardio-respiratory coupling

has been understood: the heart-rate oscillation that classical heart-rate-variability metrics quantify is, in

mechanism, downstream of the respiratory oscillator. Grossman’s 2023 critique in Biological Psychology

offered an even stronger framing — that several premises of the polyvagal theory through which heart

rate variability has historically been interpreted are likely refutations rather than supports — and re-

grounded heart rate variability in respiration74. Quintana and Heathers, writing in Frontiers in Psychology

in 2014, had already identified respiration as a primary methodological confound to heart rate variability

interpretation in biobehavioural research457. Together these references reframe what a head-to-head

comparison would test: not two independent autonomic metrics, but a respiratory metric and its cardiac

projection, with the unsettled question being how much prognostic information lives in the projection

beyond what lives in the source.

The empirical precedent for breathing rate variability outperforming heart rate variability in a defined

clinical context — a single multicenter study, but a direct one — comes from Seely and colleagues’ 2014 

Critical Care report. In 721 critically ill patients, eight respiratory-rate-variability measures and only two

heart-rate-variability measures were significantly associated with extubation failure458. The study did not

generalize to ambulatory or population cohorts, and it pre-dated the conceptual reframing in Wehrwein

and Grossman; but it stands as the existing piece of evidence that, in at least one prognostic task,

respiratory variability carries information that cardiac variability does not. The question for a general-

population study is whether this generalizes.

The study design that would answer the question follows the clinical-research template: a paired

observational cohort of approximately 200 adults aged ≥ 50 drawn from a preventive-cardiology or

longevity programme, with simultaneous overnight smartphone-acquired breathing capture and

ambulatory electrocardiography, and twelve-month prospective follow-up to a composite cardiovascular

endpoint (myocardial infarction, heart-failure hospitalization, cardiovascular death). Primary endpoints

are the Cox proportional-hazards ratios for breathing-rate-variability and heart-rate-variability metrics,

adjusted and unadjusted; the incremental C-statistic when breathing-rate-variability metrics are added

to heart-rate-variability-based risk models; and the correlation structure between the two — quantifying

shared variance versus independent prognostic information. The question this design resolves is

concrete: how much of the heart-rate-variability prognostic signal is, in fact, breathing-rate-variability

projected through the cardiac autonomic system, and how much breathing information remains in the

respiratory measurement after the cardiac projection has been accounted for.
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A complementary methodological frontier is the single-subject longitudinal extension. The matched-

cohort design tests population-level associations; it does not address whether, within an individual

followed longitudinally, breathing rate variability and heart rate variability covary or diverge across

personal physiological states. The reporting infrastructure for single-subject longitudinal designs is

mature — the SCRIBE 2016 reporting guideline for single-case behavioural interventions459 and the

CONSORT extension for n-of-1 trials460, 461 together provide the methodological scaffolding — and the

methodological precedents from sports physiology, where individual-baseline tracking of training load

(TRIMP462 and session-RPE463) and cardiorespiratory fitness (the heart-rate-ratio method464) is

decades-old established practice, are the closest analogue. The bridge from population-cohort to

single-subject longitudinal is the methodological connection between 12.2 and 12.3.

Figure 11.2. Paired-measurement design for BRV vs HRV head-to-head comparison. Each subject contributes time-locked breathing

acoustics and ECG. Two parallel pipelines — BRV (top track) and HRV (bottom track) — are extracted from the same window and

evaluated against the same outcomes under matched cross-validation, isolating incremental predictive value of BRV at AUC, lead-

time, and ΔAIC level. The protocol is implemented as a population cohort with a longitudinal N-of-1 extension, supporting both

between-subject and within-subject inference.

11.3 Personalized versus population-threshold randomized clinical trial in remote
respiratory monitoring

The cardiology-telemonitoring literature reviewed in Chapter 7 established a pattern. Trials that applied

population-derived thresholds to remote respiratory and physiological signals — BEAT-HF, TIM-HF,

TELE-HF, CHROMED — failed to demonstrate hospitalization or mortality benefit. Trials that

incorporated personalized-baseline approaches — LINK-HF, TIM-HF2, DyniEWS — succeeded. The

pattern suggests, though it does not yet prove, that the prognostic information lives in departure from

individual baseline, not in absolute crossing of population thresholds. The next-generation question is

the interventional one: in a randomized clinical trial designed to compare the two approaches directly,
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does personalized-baseline observation, when integrated into clinical workflow, improve outcomes

compared with population-threshold observation? This study has not been done. It is the study that

would resolve the Chapter 7 observational evidence into a Level-A clinical recommendation.

The methodological infrastructure for personalized longitudinal trials has matured over the last two

decades into a recognizable subfield. Lillie and colleagues’ 2011 Personalized Medicine paper proposed

n-of-1 trial designs as the ultimate strategy for individualizing medicine465; Davidson and colleagues’

2021 JAMA Pediatrics paper extended the framework with experimental designs to optimize treatments

for individuals through personalized n-of-1 trials466; Selker and colleagues’ 2023 Journal of Clinical and

Translational Science paper articulated how n-of-1 trials generate real-world evidence for individuals and

populations simultaneously467. These are not isolated methodological proposals. Together with the

CONSORT extension for n-of-1 trial reporting (the CENT 2015 statement and its explanation-and-

elaboration companion)460, 461 and the SCRIBE 2016 guideline for single-case behavioural

interventions459, they constitute a published reporting and analysis framework that a personalized-

baseline observation trial can adopt directly. The design problem is not that the methodology is missing;

it is that the methodology has not yet been applied at scale to a continuous-physiology observation

system in a hospitalization-endpoint trial.

The structural design follows the head-to-head template. A randomized two-arm parallel-group trial in a

high-event-rate cohort — heart-failure patients post-discharge, or chronic-obstructive-pulmonary-

disease patients in their first year after a moderate-to-severe exacerbation — with one arm receiving

population-threshold observation (the comparator condition that BEAT-HF / TIM-HF / TELE-HF /

CHROMED operationalized) and the other arm receiving personalized-baseline observation (the

condition that LINK-HF / TIM-HF2 / DyniEWS established). Primary endpoint: thirty-day or ninety-day

all-cause hospitalization, with a quality-of-life secondary endpoint capturing patient-reported outcomes

that hospitalization alone does not. The role of the observation layer in this trial is, by design,

observational: the observation system surfaces deviations from individual baseline (the personalized

arm) or crossings of population thresholds (the comparator arm) to clinical workflow; clinical workflow

makes the decision and intervenes. The trial tests whether the personalized observational input,

integrated into otherwise-equivalent clinical workflow, improves outcomes. It does not test the

observation system as a clinical-decision instrument; the decision remains with the clinician and the

standard care pathway.

The methodological precedent from sports physiology is informative. Banister’s 1991 TRIMP framework

operationalized training load as an individual-specific exponentially-weighted physiological dose462;

Foster’s 1998 session-rating-of-perceived-exertion method generalized the concept to perceived

training load463; Uth and colleagues’ 2004 heart-rate-ratio method for non-exercise estimation of

cardiorespiratory fitness extended individual-baseline tracking to the cardiovascular outcome of

interest464. These methods are decades-old established practice in their domain because they do

exactly what the personalized-versus-population question asks: they replace population thresholds with

individual-baseline trajectories as the clinically interpretable signal. The clinical-research analogue —

applying this design philosophy to remote respiratory observation in heart failure or chronic respiratory

disease — is the natural transposition.
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A note on what the trial does not test. It does not test whether breathing observation is useful (Chapters

6 and VIII); it does not test whether smartphone-grade acoustic capture is feasible (Chapter 9); and it

does not test whether personalized baselines are in principle better than population thresholds (the

cardiology-telemonitoring meta-pattern in Chapter 7 has already established this at observational level).

It tests whether the integrated personalized-observation system improves outcomes when fielded

against the integrated population-threshold system in a head-to-head randomized comparison. That is

the gold-standard question, and it is the question whose answer would close the inferential gap

between observational evidence and clinical recommendation.

Figure 11.3. Trial design: personalized-baseline alerts versus population-threshold alerts in a deteriorating cohort. Two-arm parallel-

group RCT for empirical confirmation of the personalization hypothesis (Chapter 7). Eligible subjects from a clinically deteriorating

population are randomized 1:1 between ARM A (single fixed threshold, e.g. RR > 25, weight gain > 2 kg) and ARM B (per-subject

baseline acquired over 4–7-day calibration window, alerts triggered by personal-trajectory deviation). Primary endpoint: composite

of unplanned hospitalization or all-cause death within 12 months; secondary endpoints: alert lead time, false-positive rate, days alive

at home. The trial establishes whether replacing population thresholds with personal-baseline deviation produces a clinically

meaningful outcome shift.

11.4 Multi-person source separation as an acoustic engineering constraint

A research-grade acoustic recording in a controlled environment with one participant breathing at a

known distance from a calibrated microphone is not the deployment context. The deployment context is

a domestic environment with cohabitating adults, possibly children, occasional pets, and an ambient

soundscape that includes television, conversation, kitchen activity, and traffic. The question of how to

separate one person’s breathing from the rest of this acoustic field is an open engineering problem at
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consumer-deployment scale. It is also one of the largest near-term questions for any ambient-acoustic

observation system; cross-ref 10.4 limitation domain.

The research community has been working on adjacent versions of this problem for decades. Ruinskiy

and Lavner’s 2007 algorithm for automatic detection and exact demarcation of breath sounds in speech

and song signals468 achieved 98% identification rate and 96% specificity for breath-event detection in

single-speaker contexts, and remains one of the most-cited prior-art references for breath-event

separation; the underlying template-matching approach scales poorly to mixed-source domestic

capture, but the work demonstrated the basic acoustic feasibility of breath-sound discrimination from

speech under controlled conditions. The deeper engineering question — separating one source’s signal

from a mixture containing several — has been the central problem of the speech-separation literature,

and the field has advanced substantially through deep-learning approaches. Luo and Mesgarani’s 2019

Conv-TasNet469 introduced a convolutional time-domain audio-separation network that surpassed ideal

time-frequency magnitude masking for speech separation, marking a turning point in the technical state-

of-the-art; Park and colleagues’ 2022 review of speaker diarization in Computer Speech and

Language470 consolidated recent advances, including x-vector clustering, end-to-end neural diarization,

and overlap-region handling — the family of techniques that addresses the “who is speaking when”

question in multi-talker recordings.

None of this literature is the same as solving multi-person breath-source separation in a domestic

ambient-acoustic recording. Speech-separation networks are trained on speech mixtures; their

behaviour on breath-sound mixtures is unstudied at the same scale. Speaker diarization assumes

acoustic activity occurs in turns (someone speaks, then someone else speaks); cohabitating breath

capture has the opposite structure (multiple sources active continuously and concurrently). The

geometry of microphone-to-source distance is also different: speech-separation literature is dominated

by close-talking or conference-room geometries; domestic breathing capture is dominated by

smartphone-on-nightstand geometries with one source close, others further, all attenuated relative to

the controlled-recording case. The engineering primitives — single-channel time-domain separation

networks, multi-channel beamforming where a microphone array is available, end-to-end neural

diarization adapted to breath-event activity — are all available in adjacent literatures. The combination

required for consumer-deployment-scale multi-person breath-source separation is not yet a

demonstrated pipeline.

The framing here is important. This is not a question of whether smartphone breathing observation is

feasible. The single-occupant cases in which feasibility has been demonstrated (Chapter 9) are real,

validated, and large. The multi-person case is a scope question. It identifies the cohabitating-

deployment domain as a domain that requires additional engineering rather than a domain in which the

underlying observation principle fails. The expected timeline — two to four years — reflects the

maturation cycle of the speech-separation literature toward the breath-source-separation problem, not

a fundamental feasibility barrier. The acoustic engineering open question is the largest near-term scope

question for the observation system; it is not a categorical objection to the system.
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Figure 11.4. Multi-person source separation: overlapping spectral content from concurrent breathers. STFT showing two cohabiting

breathers at ≈18 bpm (Source A, ~0.30 Hz) and ≈15 bpm (Source B, ~0.25 Hz). Within the dashed gold band (0.22–0.32 Hz) the

two sources occupy adjacent and partially overlapping spectral regions; rate alone cannot disambiguate them. Reliable assignment

requires structural features beyond rate — phase alignment, inhalation/exhalation asymmetry, and breath-shape signatures

functioning as individual identifiers (Ch. 7.3 individuality findings).

11.5 Long-term reliability of smartphone acoustic capture across devices and
environments

Personalized-baseline observation requires longitudinal stability of the measurement instrument. If the

measurement drifts faster than the personal baseline updates, the deviation signal becomes

uninterpretable. Smartphone hardware, however, is not a stable measurement instrument over a decade-

long longitudinal horizon. Microphones age; users replace devices; operating-system updates modify

audio capture pipelines. The cross-device, cross-time stability question is, accordingly, an open

engineering question for any longitudinal consumer-grade observation system — not a question

particular to breathing observation, but one that breathing observation inherits.

Ginsburg and colleagues’ 2024 New England Journal of Medicine perspective on key issues as wearable

digital health technologies enter clinical care471 articulates the general framing: clinical-grade

longitudinal observation requires measurement equivalence across the time horizon over which clinical

decisions are made, and consumer-grade hardware was not originally engineered against this

requirement. Three nested challenges follow. Hardware degradation: microphone diaphragms and the

surrounding mechanical and electrical components do drift over multi-year time horizons, and the drift

rate varies across manufacturers and across environmental exposure (humidity, temperature,

mechanical shock). Device migration: the average user replaces a smartphone every two to three years,

and the replacement is rarely with an identical model — the migration introduces a step change in

microphone characteristics that the observation system must absorb. Operating-system API drift: iOS

and Android audio capture pipelines have changed across versions, occasionally in ways that affect the

relevant frequency bands, sample-rate handling, or pre-processing applied by the platform before the

observation application receives the audio.
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Each component of a longitudinally deployed acoustic capture chain (microphone, codec, pre-

processing pipeline, feature extraction) must be validated against the longitudinal-stability requirement

separately, and the calibration / normalization layer that maintains measurement equivalence across

devices and time becomes a required subsystem rather than an optional refinement. The cross-section

connection to 9.4 device-variation limitation is direct: the same engineering primitives that handle

device-to-device variation at a single time point also handle device-to-device variation across time, and

the same calibration-normalization approach extends across both axes.

What is not yet established at scale in the published literature is the empirical longitudinal-stability

dataset that would allow the calibration-normalization approach to be designed against real device-

aging and OS-drift trajectories. The studies that would populate this gap are themselves valuable: they

characterize what consumer-grade longitudinal observation requires, beyond the breathing-observation-

specific case, and they generalize to wearable digital health more broadly per the Ginsburg framing.

The framing parallels 12.4. This is not a feasibility-of-acoustic-capture question (Chapter 9); it is a

longitudinal-systems-engineering question that any consumer-grade ambulatory observation system

must engage with, and it is addressable through component-level validation with empirical inputs from a

longitudinal-stability study. The expected timeline — one to three years for the empirical

characterization, with the calibration-normalization subsystem development running in parallel — places

it in the near-term engineering frontier rather than the multi-year scientific horizon.

11.6 Privacy architecture: BIPA, HIPAA, GDPR, and edge-processing as design
constraint

The sixth open question is structural rather than empirical. Always-on acoustic capture in domestic

settings interacts with privacy-protective regulatory frameworks in ways that text-based, photographic,

or wearable physiological observation modalities do not — ambient audio captures a richer-than-needed

signal (speech content, identity-revealing voice characteristics, household activity) alongside the

breathing signal it is designed to observe. The research-architectural question is how to design

observation systems where the privacy-engineering choices are co-equal design constraints with the

signal-extraction choices. The actionable regulatory navigation — what specific consent flows, what

specific data-handling commitments, what specific processor agreements — belongs to Chapter 12; the

present subsection treats privacy architecture as a research-agenda topic, identifying the engineering

questions that the regulatory frameworks force onto the system design.

Three regulatory frameworks anchor the constraint set. The European Union’s General Data Protection

Regulation, particularly Article 9, designates biometric and health data as special categories requiring

explicit consent and purpose limitation472; ambient audio in a health context falls under Article 9

protections by both pathways — voice characteristics are biometric, and respiratory patterns are health

data. Illinois’s Biometric Information Privacy Act, enacted in 2008, regulates voice biometrics as a

biometric identifier and imposes specific consent and disclosure obligations, with a private right of

action that has produced material liability exposure473. The 2020 Facebook biometric-information

settlement, arising under the Biometric Information Privacy Act, is the most-cited enforcement

precedent and frames the upper bound of biometric-information liability for systems that handle
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voiceprint or comparable identifiers.474 The Health Insurance Portability and Accountability Act in the

United States, particularly the Privacy Rule and the Security Rule (45 CFR 160, 162, 164), regulates

protected health information handling, and the Security Rule’s technical-safeguards provisions apply to

ambient-audio capture in clinical-research contexts475.

The privacy-engineering literature provides the design vocabulary. Nautsch and colleagues’ 2019 

Computer Speech and Language survey of cryptographic and machine-learning approaches to privacy-

preserving speaker and speech characterization476 consolidates the available techniques, including

homomorphic encryption (computation on encrypted data without decryption), secure multi-party

computation (joint computation across parties without sharing inputs), and differential privacy

(statistical guarantees on individual-record exposure in aggregate analyses). Tomashenko and

colleagues’ 2022 Computer Speech and Language report on the VoicePrivacy 2020 Challenge477 — the

first international voice-anonymization benchmark — characterized the empirical privacy-utility trade-

off: how much voice-identity information can be removed before the downstream task (which, in the

present context, is breathing-pattern observation rather than speech recognition) is degraded. Rieke

and colleagues’ 2020 landmark npj Digital Medicine review of federated learning for digital health478

describes the architecture in which model training proceeds across distributed edge devices without

centralizing raw data — the data never leaves the device; only model updates are transmitted, and only

with consent.

Edge processing is the organizing design constraint that integrates these literatures into a system

architecture. Acoustic feature extraction performed on-device, before any signal leaves the device,

reduces the privacy surface area substantially: raw audio is never transmitted; only the structured

features required for the observation task — and only those — are sent to any backend, with explicit

consent and purpose limitation. The federated-learning paradigm extends this principle to model

improvement: training updates can be aggregated across users without raw audio (or even raw

features) ever centralizing. Differential-privacy mechanisms can be layered onto these aggregations to

bound individual-record exposure even in the model-update channel. None of these techniques is an

afterthought to the system design; each is a primary design constraint that shapes which observation

tasks are feasible, which acoustic features are extracted, and where in the pipeline each processing

step occurs.

The research-agenda framing is, accordingly: how to architect always-on respiratory-acoustic

observation systems where the privacy-engineering choices and the signal-extraction choices are co-

designed from first principles, rather than appended as compliance retrofit. This is the open question

that distinguishes ambient-audio health observation from precedent modalities (text, photographs,

wearable accelerometry, even continuous ECG), each of which faces privacy questions but none of

which faces the conjunction of biometric-identity content, health-data content, and ambient-third-party

content that ambient audio uniquely combines. The cross-section connection to 13.4 is direct: this

subsection identifies the design constraint; Chapter 12 addresses how the design constraint is

operationalized within current regulatory pathways.
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Figure 11.5. Privacy-by-design architecture: edge processing, structured features, federated aggregation. Five-stage data pipeline.

Stages 1–2 (on-device): raw audio captured, structural features computed locally — raw audio never leaves the device. Stage 3

(consent-gated): only aggregated structured features transmitted off-device. Stages 4–5 (federated server): model weights

updated via federated learning; population-level outputs carry formal differential-privacy guarantee. The trust boundary sits

between Stage 2 and Stage 3; architecture is compliant with GDPR Article 9 (biometric data), HIPAA technical safeguards, and

FDA cybersecurity guidance.

Closing synthesis

These six open questions are the next phase of inquiry, not defects of the present work. The

convergent-signal argument (Chapter 3), the multi-system evidence base across 16 body systems

(Chapter 5), the temporal-advantage analysis (Chapter 6), and the personalized-baseline framing

(Chapter 7) establish the scientific structure within which respiratory observation operates as an

upstream-of-symptom continuous-physiology signal. What remains is methodological development at

the modality, biomarker, interventional, engineering, longitudinal, and privacy frontiers — 12.1 testing

whether smartphone-acoustic capture preserves the radio-frequency demonstration in Parkinson’s

disease; 12.2 testing whether breathing-rate variability carries prognostic information beyond what

heart-rate variability provides; 12.3 testing whether personalized-baseline observation outperforms

population-threshold observation in a randomized clinical comparison; 12.4 addressing multi-person

acoustic source separation as the largest near-term engineering scope question; 12.5 establishing the

cross-device, cross-time stability characterization that any longitudinal consumer-grade observation

system requires; and 12.6 framing privacy architecture as a co-equal design constraint with signal

extraction in always-on ambient-acoustic systems.
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Two (12.4, 12.5) are engineering frontiers shared with the broader acoustic and digital-health

communities, and the studies that would address them generalize beyond breathing observation to

wearable and ambient digital health more broadly. One (12.6) is structurally a system-architecture

question that ambient-audio observation modalities uniquely face and that distinguishes the privacy-

engineering work this domain requires from the precedents available in other passive-sensing

modalities.

The structural argument of this scientific foundation is that breathing observation is the most

information-dense continuously accessible physiological signal observable from existing consumer

hardware, and that an observation-layer architecture is the appropriate translation of this fact into a

fielded digital-health system. The structural argument of this chapter is its complement: the open

questions identified here are the bridge from the current evidence base to the next-generation evidence

base, and each is design-able as a specific study or engineering programme rather than a barrier to the

system the rest of this monograph has described. The next phase of inquiry is, accordingly, not deferred

— it is specified.

12. Regulatory positioning

The regulatory positioning of this document’s proposed observation layer is not speculative. Three U.S.

Food and Drug Administration (FDA) regulatory categories — General Wellness, the 510(k) screening

pathway, and Software as a Medical Device (SaMD) — together describe a graded path from non-

submission consumer products to clinically validated diagnostic tools. The acoustic respiratory

monitoring field has working precedent in each category. The privacy and consent architecture aligned

with the U.S. Health Insurance Portability and Accountability Act (HIPAA), the European Union General

Data Protection Regulation (GDPR), and the Illinois Biometric Information Privacy Act (BIPA) is similarly

well-defined for ambient-audio digital health products. This chapter walks through the four regulatory

anchors that govern the observation layer architecture described in Chapter 10: the FDA General

Wellness rationale (13.1), the 510(k) predicate landscape (13.2), the SaMD pathway held in reserve

(13.3), and the privacy and consent architecture (13.4).
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Figure 12.1. Three-tier regulatory pathway: General Wellness → 510(k) → SaMD. Atum currently operates at Tier 1 (FDA General

Wellness Policy), which permits wellness framing with no diagnostic claims and matches the observation layer's structural identity.

Tier 2 (510(k) screening clearance) is the active escalation target when claims expand from observation to screening (e.g., sleep-

apnea risk), following a predicate-based pathway detailed in Figure 12.2. Tier 3 (full SaMD via De Novo or 510(k)) is held in reserve

and not pursued without prior 510(k) experience. Colour gradient — gray/gold/dim gold — encodes operational status.

12.1 FDA General Wellness rationale (January 2026 guidance)

The FDA General Wellness Policy was originally issued in 2016 as a low-burden regulatory framework

for consumer health products that do not make disease-specific findings. The policy was updated on

January 6, 2026, and the updated guidance explicitly contemplates non-invasive sensors that measure

physiologic respiratory parameters as products that may qualify as general wellness without FDA

premarket submission, provided that the labeling, intended use, and consumer-facing findings observe a

defined set of guardrails.28

Five guardrails define the General Wellness category boundary. First, products in this category must not

reference specific diseases — language such as “for chronic obstructive pulmonary disease (COPD)”,

“for asthma”, or “for sleep apnea” is excluded. Second, products must not present diagnostic thresholds

or clinically interpretable cut-points that mimic those used in regulated medical devices. Third, products

must not generate clinical alerts that prompt a specific medical action. Fourth, products must not finding

equivalence to FDA-cleared devices or finding medical-grade accuracy. Fifth, permissible language is

restricted to associations grounded in well-understood healthy lifestyle relationships — phrasing such

as “may help reduce the risk of” and “may help with living well with” is permitted when supported by the

published lifestyle literature.28
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The structural fit between the observation layer architecture (Chapter 10) and the General Wellness

category is direct. The observation layer does not generate diagnostic outputs, does not stratify risk by

score, and does not prompt medical action; it observes respiratory structure, surfaces deviations from

individual baseline, and reports trajectory information. This non-diagnostic posture is a deliberate

architectural commitment, not a regulatory accommodation — it is the correct scientific framing for a

continuous physiological signal whose clinical meaning is conditional on context, individual baseline, and

downstream confirmation by a licensed clinician (11.3).

The General Wellness pathway is the immediate go-to-market regulatory path for the Wellness vertical

defined in 10.3. No FDA premarket submission is required.

The General Wellness positioning has direct precedent in the consumer wearable cardiology literature.

The smart-wearable cardiovascular care review by Bayoumy and colleagues mapped the regulatory

positioning of consumer-grade wearables against clinical-grade devices, identifying the General

Wellness category as the dominant initial-launch posture for novel sensor modalities entering the

consumer health market.424 The Cardiogram + Apple Watch deep neural network on

photoplethysmography (PPG) signals, validated by Tison and colleagues for atrial fibrillation detection,

is the canonical peer-reviewed example of a consumer wellness-positioned wearable demonstrating

regulated-grade detection performance prior to a regulatory transition.425 The Apple Heart Study,

published by Perez and colleagues in the New England Journal of Medicine, established at population

scale (n = 419,297) that a consumer wellness-positioned smartwatch could identify a clinical biomarker

(atrial fibrillation) with a positive predictive value of 0.84 (95% confidence interval 0.76–0.92) for the

irregular-pulse notification.402 The Apple regulatory trajectory — wellness launch in 2015, Apple Heart

Study in 2017–2019, ECG De Novo clearance in 2018, Atrial Fibrillation History 510(k) in 2022, and

clinical-trial-endpoint certification in 2024 — is the operational template for the wellness-to-clinical

regulatory escalation that the SaMD pathway in 13.3 holds in reserve.

The General Wellness category is therefore not a regulatory limitation but the structurally correct entry

posture for an observation layer whose value proposition is non-diagnostic deviation tracking, whose

clinical-interpretation pathway routes through downstream confirmation, and whose data architecture is

designed to support — rather than substitute for — the licensed clinician’s downstream judgment.

12.2 510(k) predicates

The 510(k) pathway is the proven regulatory path for respiratory digital monitoring. Every FDA-

authorized respiratory digital monitoring device cleared to date has used the 510(k) pathway. The

predicate device landscape is sufficiently developed that the regulatory uncertainty for novel acoustic

respiratory monitoring applications is incremental rather than existential. Five predicate clearances

anchor this position.

Research Framework

136

https://doi.org/10.1038/s41569-021-00522-7
https://doi.org/10.1001/jamacardio.2018.0136
https://doi.org/10.1056/NEJMoa1901183


Figure 12.2. 510(k) predicate landscape for respiratory-acoustic devices. Five FDA-cleared predicates spanning three modality

classes — smartphone-microphone OSA screening (ResApp, Sound Life Sciences), contact-coupled MEMS for continuous

respiratory monitoring (Strados, multiple devices and clearances), and smartphone-camera-derived respiratory rate (FaceHeart,

2025) — establish that acoustic respiratory measurement has crossed the regulatory threshold and anchor the predicate baseline

for Atum's Tier-2 SaMD escalation pathway. Primary reference: FDA 510(k) Premarket Notification database (accessdata.fda.gov/

scripts/cdrh/cfdocs/cfPMN/).

ResApp SleepCheckRx — FDA 510(k) K213360, July 2022

ResApp SleepCheckRx is a smartphone application that uses passively recorded breathing and snoring

sounds to identify the likelihood of moderate-to-severe obstructive sleep apnea (OSA, apnea–hypopnea

index ≥ 15). Reported clinical performance is sensitivity 89.3% and specificity 77.6% against

polysomnography in the pivotal cohort.385 The intended-use language frames the device explicitly as a

screening adjunct, not a diagnostic substitute — clinicians retain the responsibility for diagnostic

decision-making, and confirmatory polysomnography or home sleep apnea testing remains the

diagnostic standard. The ResApp adult OSA pathway was preceded by adult and pediatric respiratory

cough-classification work — Sharan and colleagues developed the spirometry-prediction regression on

cough acoustics that anchored the adult-COPD-screening line of work,397 and Porter and colleagues

conducted the pediatric multicenter prospective study (n = 524) that demonstrated 89% overall

accuracy with 90–98% per-condition accuracy for common pediatric respiratory disorders.398 Pahar

and colleagues subsequently demonstrated COVID-19 cough classification performance (92%

sensitivity, 80% specificity, area under the receiver operating characteristic curve [AUC] 0.93, n = 741)

using the smartphone-acoustic infrastructure that ResApp developed for the SleepCheckRx

submission.479 Pfizer acquired ResApp Health in 2022, validating the commercial proposition of the

smartphone-acoustic respiratory monitoring category.
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Sound Life Sciences — FDA 510(k) K211387, December 2021

Sound Life Sciences cleared a contactless sonar-based respiratory monitoring application that uses

smartphone speakers and microphones to emit and detect inaudible acoustic signals reflecting from the

user’s chest, recovering breathing motion without contact. Reported clinical performance is sensitivity

94% and specificity 97% against polysomnography for moderate-to-severe OSA.387 The Sound Life

Sciences pathway is notable for two reasons. First, the modality (active sonar via smartphone

hardware) demonstrates that the FDA’s 510(k) substantial-equivalence framework accommodates

substantively different sensor approaches within the respiratory monitoring category. Second, Sound

Life Sciences achieved clearance approximately three years after its 2018 founding as a University of

Washington spinout, with a small team (~6 employees) and limited capital from U.S. National Institutes

of Health and Biomedical Advanced Research and Development Authority funding — Google

subsequently acquired the company. The Sound Life Sciences trajectory establishes that the regulatory

and capital barriers to respiratory 510(k) clearance are tractable for a focused team with a defined

predicate strategy.

Strados Labs RESP — FDA 510(k) LA-00055, December 2020 (expanded May 2022)

Strados Labs cleared a wearable lung-sound monitoring platform consisting of two lightweight chest-

wall sensors (~100 g each) that capture continuous lung sounds with noise-canceling support,

transmitted by Bluetooth to a mobile device and processed via a cloud platform that performs

adventitious-breath-sound, cough-detection, and respiratory-dynamics analysis. Strados Labs has

reported greater event-detection sensitivity than intermittent electronic stethoscopy in emergency-

department cohorts (3,006 wheezes vs 607, 531 coughs vs 85, in 48 patients at New York City Health +

Hospitals over 46.08 hours of continuous recording vs 0.53 hours of stethoscopy), and continuous

auscultation with the RESP device detected wheezing in 85% of 40 patients with COPD or asthma

exacerbation versus 77.5% with the Littmann electronic stethoscope.389 The Strados Labs platform has

been incorporated into pharmaceutical clinical trial designs for respiratory syncytial virus therapeutic

development, anchoring the clinical-research vertical use case described in 11.3.

Strados Medical — additional FDA 510(k) clearances, 2023

Strados Medical holds additional FDA 510(k) clearances for the RESP biosensor platform covering

hospital and home-monitoring indications.390 The exact K-number enumeration is not fully recorded in

the bibliography under review.390 The Strados Medical clearance trajectory establishes that the 510(k)

pathway accommodates clearance expansion across care settings (acute hospital, post-discharge,

home monitoring, clinical trial endpoint capture) on the same underlying sensor platform, which is

structurally relevant to any observation layer that intends to span multiple clinical use environments.

FaceHeart FH Vitals SDK-RR — FDA 510(k), April 2025

FaceHeart cleared a contactless video-based respiratory rate measurement software development kit

(SDK) that derives breathing rate from facial-region video captured via smartphone camera. The 2025

FaceHeart clearance is the most recent respiratory monitoring 510(k) clearance and demonstrates that
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the FDA continues to clear novel sensor modalities (camera-based contactless respiratory rate, in

addition to acoustic and sonar) within the established 510(k) framework.480.

The pattern across these five predicates is consistent. Each device is cleared with intended-use

language that frames the output as a screening or monitoring adjunct rather than a diagnostic

substitute. Each clearance accommodates a distinct sensor modality (passive acoustic, active sonar,

contact wearable acoustic, contactless video). Each clearance is anchored on a substantial-equivalence

argument relative to a prior cleared device. The 510(k) screening category is established and well-

trafficked for respiratory digital monitoring, and the regulatory uncertainty for a novel acoustic

application within this category is incremental — predicate identification, comparator selection, study

design, and intended-use language audit — rather than existential.

12.3 Pathway to Software as a Medical Device

The Software as a Medical Device (SaMD) pathway is the regulatory framework available for software

products that perform medical-device-defined functions independent of a physical device platform. The

International Medical Device Regulators Forum (IMDRF) Software as a Medical Device Working Group

published the foundational SaMD risk-categorization framework in 2014, establishing four categories (I

through IV) based on the seriousness of the healthcare situation addressed and the significance of the

information provided to the healthcare decision.410 The IMDRF framework has been adopted as the

international harmonization reference for software medical device regulation and underpins both the

FDA’s SaMD policy approach and the European Union’s Medical Device Regulation (EU MDR 2017/745)

software classification rules. Under the EU MDR, software intended to provide information used to make

decisions with diagnostic or therapeutic purposes is classified as Class IIa under Annex VIII, Rule 11, with

higher risk situations escalating to Class IIb or III.481.

The SaMD pathway is held in reserve, not invoked. The three initial verticals identified in 11.3 — Wellness,

Sleep health, and Clinical research — are non-diagnostic by construction. The Wellness vertical is

positioned within the General Wellness regulatory category (13.1). The Sleep health vertical operates

within the 510(k) screening regulatory category, leveraging the predicate landscape mapped in 13.2. The

Clinical research vertical operates as a research data infrastructure layer for pharmaceutical trial

endpoint capture and longitudinal cohort observation, where the observation layer outputs serve

research analysis rather than direct patient-management workflow. None of these three verticals

invokes a SaMD pathway.

A complementary regulatory anchor is the FDA Clinical Decision Support (CDS) Software Guidance,

finalized in 2022 and superseded by the January 6, 2026 update.411 The CDS guidance defines a four-

criterion test under Section 520(o)(1)(E) of the Federal Food, Drug, and Cosmetic Act for software

functions that qualify as non-device CDS — software that is not itself a medical device because it

serves the licensed healthcare practitioner who retains the substantive role in interpreting the

underlying basis of the software’s recommendations. The observation layer is structurally outside the

CDS framework because it does not generate recommendations directed at healthcare practitioners.

The CDS framework is invoked here only to establish that the observation layer’s non-diagnostic, non-

recommendation posture is recognized within the existing FDA software regulatory framework.
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The SaMD pathway becomes the relevant regulatory category if and when a future vertical departs from

the non-diagnostic posture — for example, if a future product is designed to provide information used

directly in a diagnostic or therapeutic decision in a specified high-significance clinical situation. In that

future configuration, the IMDRF SaMD risk categorization,410 the EU MDR Class IIa Rule 11 software

classification, ISO 13485 quality management system requirements, IEC 62304 software lifecycle

requirements, and FDA pre-submission engagement become the operative regulatory framework. The

expected timeline for SaMD clearance from pre-submission through clearance is 24–48 months at

typical respiratory-digital-monitoring complexity, exclusive of clinical validation study requirements (n =

200–500 per pivotal study). These figures are consistent with the published trajectories of the

predicate companies enumerated in 12.2 and frame the SaMD pathway as a deliberate medium-to-long-

term escalation option rather than an immediate strategic objective.

12.4 Privacy and consent architecture

The privacy and consent architecture for an ambient-audio respiratory observation layer is governed by

three primary regulatory frameworks, each addressing a distinct dimension of the underlying data-

protection question.

Figure 12.3. Privacy framework alignment: design constraints across HIPAA, GDPR, and BIPA. Matrix of eight technical design

constraints (rows) mapped against three regulatory frameworks (columns); pill colors indicate obligation level (gold = required,

dim = recommended/applicable, neutral = supportive, red = limited). Encryption at rest and in transit are required under HIPAA/

GDPR; explicit user consent rises from recommended (HIPAA) to required (GDPR Art. 9 for biometric data, BIPA); biometric-data

special-category status is the central focus of BIPA and GDPR Art. 9 (HIPAA does not address it directly). Atum's edge-first

architecture (Figure 11.5) satisfies the strictest cell in each row by construction.
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HIPAA-aligned implementation discipline

The U.S. HIPAA Privacy and Security Rules (45 Code of Federal Regulations [CFR] 160, 162, 164)

govern the handling of protected health information in covered entity and business associate

contexts.475 For the clinical research vertical (11.3), where the observation layer collects acoustic data

from participants enrolled in a study sponsored by a HIPAA-covered entity, three implementation

principles apply. First, encryption at rest and encryption in transit are technical safeguards required

under the HIPAA Security Rule. Second, the minimum-necessary principle constrains the disclosure of

acoustic data to the minimum required for the stated research purpose. Third, the relationship between

the observation layer operator and the covered entity is governed by an explicit Business Associate

Agreement that allocates responsibility for breach notification, data destruction, and downstream

subcontractor controls.

GDPR-aligned implementation discipline

The EU GDPR (Regulation [EU] 2016/679) classifies health data and biometric data used to uniquely

identify a natural person as special-category personal data under Article 9.472 Three principles apply for

European Union operations. First, processing of acoustic respiratory data requires explicit, freely given,

informed, specific, and unambiguous consent under Article 9(2)(a), or a competing lawful basis (such

as scientific research under Article 9(2)(j) with appropriate safeguards). Second, purpose limitation

under Article 5(1)(b) restricts the use of acoustic data to the purposes specifically consented to at the

time of collection. Third, the right to erasure under Article 17 imposes operational requirements on data

lifecycle management that must be implemented at the data architecture level.

BIPA-aligned implementation discipline

The Illinois BIPA (740 Illinois Compiled Statutes [ILCS] 14, enacted 2008) regulates the collection, use,

and storage of biometric identifiers and biometric information.473 Voiceprints fall within the BIPA

definition of biometric identifier. The operational implications of BIPA for an acoustic respiratory

monitoring product include: written consent requirements before collection of biometric identifiers, a

published retention schedule, transparency about data flows to third parties, and a private right of action

that has produced substantial monetary settlements. BIPA’s reach has expanded beyond Illinois

operations through corporate domicile and downstream business relationship considerations, and a

number of comparable state-level biometric privacy statutes have been enacted in other jurisdictions,

making BIPA-aligned implementation a de facto national baseline rather than an Illinois-specific

requirement.

Edge-processing as design constraint

The integrating design principle that aligns the observation layer with HIPAA, GDPR, and BIPA

simultaneously is on-device acoustic feature extraction. Under this architecture, raw audio is

constrained to the device boundary; only structured features (the parameters that constitute the

observed respiratory signal) are transmitted to backend infrastructure, and transmission occurs only

with explicit consent. This design constraint reduces the privacy attack surface, narrows the scope of

regulated data flows, and aligns with the privacy-preserving speech characterization research

literature.476 Federated learning architectures, which permit model improvement across distributed data
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without centralization of raw signals, provide an additional privacy-preserving design option for any

future model retraining workflow.478

The academic privacy literature provides the conceptual framing for these design choices. Price and

Cohen, in the most-cited peer-reviewed legal-regulatory analysis of medical big-data privacy, identify the

gaps in HIPAA’s coverage of ambient health data collected outside traditional covered entity contexts,

and outline beyond-HIPAA frameworks (state biometric privacy statutes, the Federal Trade Commission

Act Section 5 enforcement authority, common-law privacy torts) that govern the broader landscape.482

The FDA General Wellness guidance addresses a parallel dimension of the privacy question — the

scope of FDA jurisdiction over consumer health products — and its January 6, 2026 update is

consistent with the cross-framework alignment described here.28

The privacy architecture for the observation layer is not an after-the-fact compliance overlay. It is a

design constraint that shapes the system architecture from first principles: edge-processing,

structured-feature transmission, explicit consent, data minimization, transparent retention. 12.6 develops

the research-agenda framing of these design constraints; this chapter has covered the operational

implementation discipline.

Synthesis

The regulatory positioning of the observation layer is graded across three FDA categories — General

Wellness for the immediate Wellness vertical, the 510(k) screening pathway for the Sleep health vertical

via predicate landscape, and SaMD for any future diagnostic vertical — and aligned across HIPAA,

GDPR, and BIPA via an edge-processing architecture that constrains raw audio to the device boundary.

The non-diagnostic posture is structurally consistent with the observation layer architecture defined in

Chapter 10: deviation from individual baseline, trajectory information, cross-system co-variation. None of

the four regulatory frameworks reviewed here imposes a binding constraint on the observation layer’s

intended scope; each frames a category of operational requirements that the architecture is already

designed to satisfy.
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Conclusion

This scientific foundation has assembled the scientific case for treating breathing structure as a

continuous, multi-system observation signal. The argument unfolded across twelve preceding chapters,

each addressing one supporting beat of the broader finding. The purpose of this concluding chapter is

not to introduce new evidence but to restate, compactly, what those chapters have established.

The framing chapters located breathing structure within an established historical pattern. Chapter 1

showed that every continuously monitored physiological signal in modern medicine — the

electrocardiogram, ambulatory blood pressure, continuous glucose — passed through the same

transition from episodic to continuous observation, and that breathing has now reached the same

threshold of feasibility. Chapter 2 traced two centuries of respiratory observation as a sequence of

useful but incomplete slices: volume measurement in the spirometric era, gas composition in the

capnographic era, and rate as the dominant late-twentieth-century summary statistic. Each era served

its purpose; none captured structure. Chapter 3 established the mechanistic foundation for treating

structure as the appropriate unit of observation: breathing is the convergent output of autonomic,

chemoreflex, metabolic, and limbic-cortical inputs at the brainstem oscillator complex, which makes it

structurally upstream of most observable physiology rather than a downstream projection of it (4.4).

Chapter 4 developed the Breathing State construct that follows from this convergence — a multi-

dimensional vector representation of an individual’s current respiratory configuration, distinguishable

from the single-number summaries that have dominated clinical practice.

The substantive evidence chapters then established what such observation reveals. Chapter 5 reviewed

the empirical literature across sixteen body systems — cardiovascular, neurological, sleep, autonomic,

aging, metabolic, immune, endocrine, psychiatric, reproductive, limbic, musculoskeletal, swallowing,

pediatric, pain, and frailty — and documented system-specific deviations of breathing structure

associated with system-level disturbance in each. The cross-system co-variation pattern surfaced in

6.16 is itself the prognostic signature: single-system observations are local projections of a unified

underlying state, and the breathing-structure trace integrates them. Chapter 6 addressed the temporal-

advantage question and showed that breathing-structure deviation precedes the clinical events with

which it co-varies across nine orders of magnitude — from seconds, in the pre-ictal window before

generalised seizure, to years, in the prodromal phase of Parkinson’s disease (7.1). Chapter 7 closed the

analytical loop by showing that this temporal advantage is realisable only against personalised

baselines: the trial record in heart failure telemonitoring is a sequence of population-threshold null

results (BEAT-HF, TIM-HF, TELE-HF, CHROMED) followed by personalised-baseline successes (LINK-

HF, TIM-HF2, DyniEWS), because the prognostic information is carried in the departure from individual

baseline rather than in any absolute threshold.

The construction chapters then described what remains to be built. Chapter 8 mapped the dataset gap

and showed that no public corpus combines frame-level inspiratory–expiratory phase annotation,

smartphone-grade acoustic capture, natural unstructured breathing protocols, longitudinal continuity,

Research Framework

143



and balanced healthy-and-clinical population coverage. The science is publicly known; the substrate

that operationalises it is not. Chapter 9 reviewed the smartphone-acoustic feasibility argument in

technical detail and concluded, in 10.5, that microelectromechanical microphone sensitivity, frequency

response across the relevant respiratory band, and validation against gold-standard comparators have

together reached threshold for respiratory-structure extraction in defined contexts. Chapter 10 then

specified the architectural commitments of the resulting observation layer: observation rather than

interpretation, deviation and trajectory rather than diagnostic decision, and a structural position between

raw signal and clinical reasoning that is analogous to the role Flatiron Health occupies in oncology and

Tempus in genomics (11.1). The three initial verticals named in 11.3 — wellness, sleep health, and clinical

research — are the deployment surfaces consistent with that architecture.

What remains is buildable. Chapter 11 enumerated six open questions as a research agenda rather than

as defects in the present work; each is a designable study whose answer becomes the next sentence

of the same argument. Chapter 12 showed that the regulatory pathway is not speculative — the FDA

General Wellness category, as updated in January 2026, accommodates the observation-layer

positioning, and the 510(k) screening predicates established by ResApp SleepCheckRx, Sound Life

Sciences, and Strados Labs define the escalation path if and when expanded findings warrant it. The

present synthesis establishes the scientific case; the dataset substrate that operationalises this

synthesis into a deployable observation layer is the construction that follows.
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