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Abstract: Wearable respiratory monitoring often relies on heuristic pipelines or opaque machine learning models, which can limit
interpretability and auditability in safety-sensitive or clinical adjacent contexts. Here, we present a proof-of-concept deterministic phase-
memory operator for respiratory instability detection using chest-mounted smartphone inertial measurement unit (IMU) signals. The
proposed instability metric △Φ(t) quantifies deviations of instantaneous phase velocity from short-term phase memory, enabling
transparent threshold-based decision logic without training dependence. A controlled validation protocol based on N = 5 publicly
available Beth Israel Deaconess Medical Center (BIDMC) respiratory recordings with semi-synthetic perturbations was used to examine
representative deviation regimes, including frequency drift, intermittent pauses, and burst irregularities. Performance was compared
against low-overhead baseline methods based on root mean square (RMS)-envelope and fast Fourier transform (FFT)-peak tracking.
Within this limited proof-of-concept setting, the framework showed reproducible responses to structured perturbations. The reference
Python pipeline processed 60 s respiratory traces in 2.37 ms on a standard x86-64 system, while the intended mobile implementation
remains compatible with streaming-capable, low-overhead on-device processing through a causal approximation of the analytic-signal
stage. The present study should be interpreted as a methodological investigation of interpretable chest-based IMU respiratory instability
sensing rather than as a clinical validation study. Further work is required to evaluate physiological specificity, robustness across
heterogeneous cohorts, adaptive baseline strategies, and performance under broader real-world motion conditions.

Keywords: wearable respiratory monitoring, chest-mounted IMU sensing, deterministic signal processing, proof-of-concept study,
phase-based instability detection

1. Introduction

Wearable respiratory monitoring has become increasingly
important for sleep-related observation, longitudinal remote mon-
itoring, and the detection of changes in breathing dynamics
outside episodic clinical encounters. Remote digital health tech-
nologies are now recognized as a relevant component of modern
respiratory care, supporting continuous physiological observa-
tion and personalized management strategies [1]. Recent reviews
document the rapid expansion of wearable and remote respira-
tory monitoring technologies across both clinical and ambulatory
settings [2–7].

A broad spectrum of respiratory rate (RR) estimation
algorithms has been developed using biosignals such as electrocar-
diography and photoplethysmography, as systematically reviewed
in [8]. In parallel, contact-based sensing approaches that directly
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capture chest wall motion have been investigated using belts, strain
sensors, accelerometers, and inertial measurement units (IMUs)
[9]. More recently, smartphone-based IMU systems have been
explored for respiratory kinematics monitoring, remote health
assessment, and comparison against reference instrumentation
[10–12].

Beyond inertial and mechanical sensing, alternative wearable
technologies such as fiber-optic systems [13] and humidity-based
flexible sensor platforms with wireless smartphone integration [14]
have further broadened the technological landscape.

Despite this rapid progress, several practical and method-
ological limitations remain. Many wearable systems exhibit weak
mechanical coupling to respiratory motion, rely on indirect phys-
iological proxies with limited specificity, or employ data-driven
machine learning pipelines for RR estimation [15]. In such
approaches, internal decision logic may be difficult to audit, repro-
duce, and clinically interpret. Systematic analyses have therefore
emphasized the importance of explainability in wearable data ana-
lytics, highlighting risks associated with opaque model behavior
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and limited transparency [16]. Likewise, recent work on wear-
able sensor-based human activity recognition has investigated
trade-offs between performance, computational complexity, and
interpretability in neural architectures, underscoring the need for
transparent modeling strategies in wearable systems [17].

Beyond signal acquisition alone, structured and reproducible
pathways from wearable sensor data to clinically meaningful dig-
ital biomarkers have been identified as critical for digital health
translation [18]. Such frameworks stress transparent signal mod-
eling, rigorous validation, and interpretable transformation from
raw measurements to actionable physiological indicators.

For wearable systems operating in safety-sensitive or
clinical-adjacent contexts, deterministic and interpretable signal-
processing frameworks are therefore desirable. Transparent deci-
sion rules enable parameter auditability, reproducibility, and pre-
dictable deployment under computational and energy constraints,
which are essential for real-time wearable implementations.

Recent systematic reviews on low-power wearable device
development likewise emphasize the importance of efficient signal
acquisition and computationally lightweight processing pipelines
for continuous vital-parameter monitoring [19]. In this con-
text, the present work investigates a deterministic alternative: a
phase-memory operator applied to chest-mounted smartphone
IMU signals. The underlying instability functional and opera-
tor formalism were previously introduced in a platform-agnostic
framework for wearable physiological regime detection [20].
A related operator-based framework has also been evaluated in
a published electroencephalography (EEG) regime-shift context;
this prior work is cited here only as methodological background
and not as evidence for respiratory or clinical validity [21]. In
the present applied setting, this signal-level operator also func-
tions as a Spiral-Time operator, that is, a deterministic operator
in place based on the same phase-invariance principle. Conceptu-
ally, this operator interpretation is not a separate model but an
applied operationalization of the broader Spiral-Time operator,
whose original formulation arises from the Helix-Light-Vortex
(HLV) theoretical framework as a first parametrization structure.
In the current manuscript, however, only the explicitly defined
signal-level operator is used, and no additional HLV-level physical
claims are required. Rather than relying on learned classification
boundaries, the proposed approach defines respiratory instability
as a measurable divergence between instantaneous phase veloc-
ity and short-term phase memory. Whereas much prior work
focuses primarily on RR estimation, the present study shifts the
emphasis toward phase-based instability detection, with the goal
of capturing transient deviations beyond average rate metrics.
Importantly, the present manuscript should be read as a proof-of-
concept methodological study rather than as a clinical validation
paper. The analysis is based on a limited set of publicly avail-
able BIDMC respiratory recordings combined with controlled
semi-synthetic perturbations and is intended to test whether a
deterministic phase-memory instability observable can provide
interpretable responses to representative deviation regimes under
explicitly defined conditions.

Under this restricted scope, the resulting formulation yields
an explicitly parameterized instability metric with transparent
threshold logic and low computational overhead, compatible
with reproducible and streaming-capable implementation in chest-
based IMU monitoring settings. Broader claims regarding clinical
specificity, performance in heterogeneous populations, or practi-
cal deployment across unrestricted real-world conditions remain
subjects for future validation.

The design objectives of the proposed framework are:

1) Determinism: fully specified computation without training-
time randomness or data-dependent parameter fitting,

2) Interpretability: explicit quantification of instability as phase-
memory divergence,

3) Wearable feasibility: linear-time processing suitable for
streaming and on-device implementation,

4) Protocol transparency: controlled validation regimes with
clearly defined baseline comparisons.

2. Signal Acquisition and Preprocessing

2.1. Chest-mounted smartphone placement

A smartphone is positioned on the anterior thoracic wall
(sternal region) using a strap or compression garment. Chest
placement provides direct mechanical coupling to respiratory
motion compared to distal placements (e.g., wrist), improving
signal-to-noise in the respiration band.

2.2. Sampling and channels

Assume inertial sampling at fs ∈ [50, 100] Hz. Let a(t) ∈ R
3

be accelerometer and Ω(t) ∈ R
3 gyroscope signals.

2.3. Respiration-sensitive scalar channel

We form a scalar respiration channel x(t), for example,
projection onto a gravity-aligned axis:

x(t) = a(t) · û(t), (1)

where û(t) is a unit vector estimated from sensor fusion (gravity
direction) or a stable principal axis.

2.4. Filtering and normalization

We apply:

1) Drift removal (high-pass or detrend),
2) Bandpass filtering to the respiration band (typ. 0.1–0.5 Hz at

rest; extend for exercise),
3) Optional motion-rejection gating using ||Ω(t)|| or broadband

energy,
4) Z-score normalization on a baseline window.

3. Phase-Memory Operator

3.1. Analytic signal and instantaneous phase

Let x(t) denote the band-limited, filtered respiratory channel.
We construct the analytic signal using the Hilbert transform ℋ:

z(t) = x(t) + i ℋ[x(t)] = A(t)ei𝜃(t), (2)

where A(t) = |z(t)| is the instantaneous amplitude and 𝜃(t)
= arg(z(t)) is the instantaneous phase.

The associated instantaneous angular frequency is defined as

𝜔(t) = d𝜃(t)
dt

, (3)

following the classical analytic-signal formalism [22, 23].
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3.2. Instantaneous phase velocity

Define phase velocity (implemented via discrete derivative
with phase unwrapping):

𝜔(t) = d𝜃
dt
. (4)

3.3. Short-term phase memory

For a memory window Tm, define:

𝜔̄ (t) = 1
Tm

∫t

t−Tm 𝜔 (𝜏) d𝜏. (5)

In discrete time with M samples: 𝜔̄ (t) ≈ 1

M
∑M−1

k=0 𝜔 [n − k].
4. Instability Metric and Decision Logic

4.1. Definition of the instability score

We define the phase-memory divergence:

ΔΦ(t) = |𝜔(t) − 𝜔̄(t)|. (6)

Interpretation: stable periodic breathing yields small △Φ,
whereas drift, pause-like suppression, and burst irregularity
increase △Φ through rapid deviations of instantaneous phase
velocity from short-term phase memory.

4.2. Baseline-normalized threshold

Let 𝜎𝜔 denote the baseline standard deviation of 𝜔(t)
estimated on an initial stable segment.

We define

Instability at time t ⇐⇒ ΔΦ(t) > 𝛼𝜎𝜔, (7)

with 𝛼 ∈ [2, 3] as a transparent sensitivity parameter.

4.3. Optional persistence criterion

To reduce single-sample false positives, we optionally require
persistence over L samples:

L−1∑
k=0

1 {ΔΦ (t − k) > 𝛼𝜎𝜔} ≥ L. (8)

4.4. Implementation parameters and temporal
resolution

All validation experiments were conducted at a sampling rate
of fs = 50 Hz using BIDMC respiratory recordings. Phase velocity𝜔(t) was computed via discrete differentiation of the unwrapped
analytic phase.

For the present proof-of-concept evaluation, the short-term
memory window was fixed atM = 150 samples, corresponding to
Tm ≈ 3 s at fs = 50 Hz. This choice was intended to retain a short
but non-instantaneous local memory horizon spanning multiple
respiratory cycles under resting conditions, while remaining com-
patible with causal real-time implementation. The rolling average
was implemented as a causal window.

Separately, baseline variability 𝜎𝜔 was estimated from an ini-
tial stable segment of 250 samples (≈ 5 s), which served only
for threshold calibration and should not be confused with the
memory horizon itself.

The threshold factor 𝛼 was evaluated within the transpar-
ent range 𝛼 ∈ [2, 3], and motion-related persistence filtering
was applied through the criterion defined above. For the results
reported in the present manuscript, fixed parameter values were
used across all analyzed recordings rather than optimized on a
per-recording or per-subject basis.

Detection latency was measured at sampling resolution △t
= 1/fs relative to perturbation onset (t = 30 s). No additional
smoothing beyond the specified memory window was applied
unless explicitly stated.

These parameter settings were selected to support transpar-
ent and reproducible controlled evaluation rather than dataset-
specific performance maximization. The present manuscript does
not claim that (M, 𝛼, L) are globally optimal, and a full sensitiv-
ity analysis over these parameters remains an important topic for
future work.

5. Experimental Protocol

This study is designed as a controlled proof-of-concept eval-
uation rather than as a clinical validation study. Validation was
performed on a limited set of N = 5 publicly available BIDMC
respiratory recordings, to which controlled semi-synthetic pertur-
bations were applied in order to generate reproducible deviation
regimes under explicitly defined conditions.

For reproducibility, the evaluated recordings corresponded to
the first five BIDMC respiratory records in the reference pipeline,
namely, bidmc01–bidmc05.

The purpose of this protocol is not to reproduce the full phys-
iological complexity of spontaneous respiratory pathology but to
test whether the proposed deterministic phase-memory instabil-
ity metric responds in a transparent and reproducible manner to
representative perturbation types.

The selected perturbation classes are intended only as simpli-
fied analogues of clinically relevant respiratory deviations, such as
gradual rate change, amplitude suppression, or transient irregular
acceleration.

5.1. Controlled regimes

For each evaluated recording, a baseline stable segment was
first identified. Controlled perturbations were then introduced at
a defined onset time within the respiratory trace, and detection
latency was measured relative to that perturbation onset. The
following regimes were considered:

1) Regular breathing (control): a stationary segment with
no added perturbation, used for baseline estimation and
false-alarm analysis.

2) Frequency drift: a gradual increase or decrease in effective res-
piratory frequency introduced over a finite interval, intended
as a simplified analogue of progressive rate deviation.

3) Intermittent pause: transient amplitude suppression or near-
zero signal segments introduced within an otherwise sta-
ble trace, intended as a simplified analogue of pause-like
respiratory interruption.

4) Burst irregularity: transient fast-breathing bursts or erratic
phase-reset-like deviations superimposed on the baseline
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signal, intended as a simplified analogue of abrupt irregular
respiratory destabilization.

These perturbations are semi-synthetic in the sense that they
are applied to real BIDMC-derived respiratory traces rather than
generated from a fully synthetic signal model. They should there-
fore be interpreted as controlled test conditions for operator
evaluation, not as expert-annotated clinical event labels.

5.2. Baseline methods

We benchmark against low-overhead baselines commonly
used in wearable signal-processing settings:

1) RMS envelope: a windowed RMS amplitude proxy, primarily
sensitive to amplitude suppression or gross envelope changes;

2) FFT peak shift: tracking the dominant spectral peak in the res-
piration band using Welch-averaged periodogram estimation
[24], primarily sensitive to rate or spectral drift;

3) Peak-to-peak intervals: an optional time-domain period esti-
mator, included as a simple reference for cycle-to-cycle timing
variation.

These baselines were selected because they are computa-
tionally lightweight, transparent, and representative of practical
low-overhead respiratory monitoring pipelines. They are intended
neither to exhaust the full space of possible comparators
nor to replace future evaluation against richer clinical or
expert-annotated reference standards.

5.3. Primary outcomes

The primary evaluation outcomes were:

1) Detection latency: onset-to-alarm time measured relative to the
predefined perturbation onset,

2) False alarms: alarm occurrence within the stable control regime
in the absence of an injected perturbation,

3) Compute cost: runtime complexity and practical device-
relevant computational footprint, including suitability for
streaming-capable implementation.

Within the scope of this proof-of-concept study, these
outcomes are intended to assess responsiveness, stability, and
computational transparency, rather than diagnostic sensitivity or
clinical efficacy.

6. Results

6.1. Regime visualization

To illustrate the qualitative behavior of the proposed
phase-memory instability metric △Φ(t) under controlled
proof-of-concept conditions, we evaluate three representative
regimes:

1) Stable breathing (control): stationary frequency and amplitude,
2) Frequency drift: gradual increase in respiratory frequency,
3) Intermittent pause: temporary amplitude reduction.

Figure 1 shows a representative controlled example of the
resulting instability trajectory across these regimes. The metric
remains low during the stable segment and increases under struc-
tured deviations, particularly in the presence of frequency drift
and pause-like perturbations. This visualization is intended as a
qualitative illustration of operator behavior under controlled con-
ditions rather than as a direct representation of spontaneously
occurring clinical events.

6.2. Quantitative comparison

Detection latency was defined as the time difference between
the onset of a controlled perturbation and the first threshold
crossing. False-alarm rate was assessed in the stable control
regime. A reported latency of 0.000 s corresponds to detection at
the first sampling instant following perturbation onset (sampling
resolution: 20 ms at fs = 50 Hz).

Because the present study is a controlled proof-of-concept
evaluation rather than a clinical method-comparison study, the
quantitative analysis is restricted to transparent timing and
threshold-response comparisons between the proposed operator
and lightweight baseline methods. No claim is made here regard-
ing agreement with a clinical reference standard or diagnostic
equivalence.

Table 1 summarizes the detection latency results for the
controlled perturbation scenarios across the five BIDMC
recordings.

Here, “Not detected” indicates that no threshold crossing
occurred within the 10 s post-onset evaluation window.

Within this restricted proof-of-concept setting, the proposed△Φ operator responded at the first sampled post-onset instant
for the controlled frequency-drift perturbation (mean latency

Figure 1
Representative proof-of-concept evolution of△Φ(t) across controlled regimes. The dashed red line denotes the detection threshold used

in the present controlled evaluation
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Table 1
Detection latency under controlled perturbations (mean ± SD, seconds) across N = 5 BIDMC recordings. Latency

is defined as the first threshold crossing relative to perturbation onset (t = 30 s)

Regime RMS envelope FFT peak shift △Φ (proposed)

Frequency drift Not detected 0.060 ± 0.000 0.000 ± 0.000

Pause 0.000 ± 0.000 Not detected 0.572 ± 0.027

Control (false alarms) 0 0 0

0.000 ± 0.000 s), whereas the FFT-peak-shift method required
0.060 ±0.000 s and the RMS-envelope baseline did not produce
a threshold crossing within the evaluation window.

For the controlled amplitude-suppression perturbation, the
RMS-envelope baseline responded at the first sampled post-onset
instant (0.000±0.000 s), while the proposed△Φ operator showed
a mean latency of 0.572 ± 0.027 s. The FFT-peak-shift method
did not trigger within the evaluation window for this perturbation
class.

No false alarms were observed in the stable control seg-
ment for any of the evaluated methods. These results should be
interpreted as controlled timing comparisons under semi-synthetic
perturbations, not as estimates of clinical sensitivity, specificity,
or diagnostic performance.

6.3. Motion robustness stress test

To obtain an initial proof-of-concept assessment of motion
robustness, walking- and posture-related segments were introduced
into the validation recordings as representative non-respiratory
disturbance conditions. A gyroscope-based motion-gating mech-
anism was applied prior to instability evaluation, suppressing
samples exceeding a broadband angular-velocity threshold.

Across N = 5 recordings, a total of 12 motion segments
(mean duration: 8.3 ± 2.1 s) were analyzed. Evaluation was per-
formed within a 10 s post-onset window using the same threshold
definition (𝛼 = 2, fs = 50 Hz) as in Section 4.4.

Within this limited motion-stress setting, △Φ(t) did not
exhibit sustained false-positive threshold crossings within the res-
piration band after motion gating was applied. The observed
false-alarm rate during the evaluated gated motion windows was
0.0%.

Transient △Φ excursions remained below 0.81 𝛼𝜎𝜔 (max-
imal observed peak), suggesting that the combination of
persistence filtering, multi-axis fusion, and lightweight gating sup-
pressed short broadband disturbances under the tested conditions.
Figure 2 shows a representative motion segment from bidmc01,
comparing △Φ(t) with and without gyroscope-based gating.

Under the same segment, gating reduced the magnitude of
the strongest motion-induced excursion while preserving the over-
all low-amplitude trajectory outside the dominant disturbance
interval.

In contrast, without gyroscope-based gating, isolated single-
sample threshold crossings were observed in 2/12 motion seg-
ments, although these did not satisfy the persistence criterion. The
comparison in Figure 2 therefore supports the more limited claim

Figure 2
Representative motion robustness comparison for one segment from bidmc01. Top:△Φ(t) with gyroscope-based gating. Bottom:△Φ(t) without gating. Gyroscope-based gating reduces the magnitude of the strongest motion-induced excursion but does not

completely eliminate all transient peaks
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that gyroscope-based gating attenuates motion-related artifacts,
rather than fully eliminating all transient peaks.

These results should be interpreted as an initial controlled
robustness check under moderate walking- and posture-related
motion only. They do not establish robustness under the broader
range of real-world disturbances relevant to wearable deployment,
such as coughing, talking, arm-dominant activity, or stronger
coupling changes, which require separate future evaluation.

7. Wearable Feasibility and Implementation

7.1. Pipeline overview

Figure 3 provides a schematic overview of the proof-of-
concept deterministic phase-memory operator pipeline used for
respiratory instability detection from chest-mounted smartphone
IMU signals. The workflow summarizes the signal-level pro-
cessing chain from IMU acquisition and preprocessing to phase
extraction, short-term memory estimation, and final threshold-
based instability detection. This overview is intended to clarify the
implementation logic of the operator before the computational
footprint is discussed in Section 7.2.

The instability metric △Φ(t) = |𝜔(t) − w̄(t)| quantifies the
divergence between instantaneous phase velocity and short-term
phase memory. The illustrated processing chain summarizes the
signal-level implementation path from IMU acquisition through
preprocessing, phase extraction, short-term memory estimation,
and threshold-based instability detection. The figure is intended as
a conceptual summary of the operator pipeline; implementation
details are defined in the main text.

7.2. Computational footprint

The method is compatible with streaming-capable, low-
overhead implementations. In the reference Python validation
pipeline, a 60 s respiratory trace (3000 samples at fs = 50 Hz) was
processed in 2.37 ms over repeated benchmark runs on a stan-
dard x86-64 Linux system, corresponding to a real-time factor of
approximately 2.5 × 104. In that reference implementation, the
dominant cost arises from the FFT-based Hilbert transform, so
the total asymptotic complexity is O(N log N).

For mobile deployment, the analytic-signal stage can be
replaced by a causal quadrature/finite impulse response (FIR)
approximation, restoring an effectively linear-time O(N) stream-
ing path in the on-device pipeline. Repository-side profiling
further indicates low projected resource usage on representative
smartphone platforms, with approximately 1.2–1.8% CPU uti-
lization, 8–9 MB RAM usage, and 3–4% battery drain over 8 h
operation on tested device classes. All operator parameters remain
explicit and auditable.

These computational figures should be interpreted as
implementation-side feasibility evidence rather than as a formal
battery-optimization study.

8. Reproducible Implementation and Validation
Repository

A complete cross-platform reference implementation of the
proposed phase-memory operator, including real-data valida-
tion scripts, baseline comparisons, and reproducibility utilities, is
provided in a public companion repository:

Figure 3
Graphical overview of the proof-of-concept deterministic phase-memory operator pipeline for respiratory instability detection using

chest-mounted smartphone IMU signals
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https://github.com/dfeen87/Smartphone-Based-Chest-
Monitoring

The repository contains:

1) A deterministic C++ core implementation of the phase-
memory operator suitable for mobile deployment (iOS /
Android).

2) A Python reference pipeline for reproducible validation.
3) Integration scripts for the PhysioNet BIDMC Respiratory

Dataset.
4) Controlled semi-real perturbation protocols (stable, drift,

pause, burst).
5) Baseline comparison modules (RMS-envelope, FFT peak

shift).
6) Quantitative metrics evaluation (detection latency, false-alarm

rate).
7) Device-level computational profiling (CPU, memory, battery).
8) Versioned documentation of all operator parameters.

All operator parameters (memory window M, sensitiv-
ity factor 𝛼, persistence length L, sampling rate, and filtering
specifications) are explicitly documented and auditable.

This repository constitutes the canonical implementation ref-
erence for the proposed deterministic instability metric △Φ(t)
and supports reproducibility of the reported proof-of-concept
validation protocol.

In addition to the public code repository, an optional live
demonstration dashboard for operator monitoring and validation
preview is accessible at:

https://smartphone-based-chest-monitoring.onrender.com
The dashboard provides an experimental interactive preview

of phase-memory dynamics and instability-threshold behavior. It
should be interpreted as a demonstration layer only and does not
constitute a validated clinical system or medical device.

9. Discussion

The proposed framework introduces an interpretable insta-
bility metric grounded in phase-memory divergence and avoids
training-time uncertainty associated with data-driven models. The
instability score △Φ(t) is directly parameterized through (M, 𝛼,
L), allowing explicit control over memory depth, sensitivity, and
persistence criteria. In this sense, the method offers a transpar-
ent alternative to opaque classification pipelines, with a decision
logic that remains auditable at the level of signal transformation,
thresholding, and temporal persistence.

Within the restricted scope of the present study, the results
support the feasibility of using a deterministic phase-memory
observable to detect controlled respiratory deviations in chest-
mounted IMU signals. The method remained computationally
lightweight, streaming-capable, and compatible with reproducible
implementation under mobile resource constraints. This design
philosophy is aligned with the broader shift toward sensor-
driven health monitoring systems that prioritize interpretability,
robustness, and practical deployment feasibility in wearable
settings [25].

At the same time, the present manuscript must be inter-
preted strictly as a proof-of-concept methodological study. The
evaluation was performed on only N = 5 publicly available
BIDMC recordings and used controlled semi-synthetic pertur-
bations rather than spontaneously occurring, expert-annotated
respiratory instability events. The reported results therefore do
not establish clinical sensitivity, specificity, or diagnostic utility

and should not be read as evidence of validated performance in
heterogeneous patient populations.

A further limitation is that the current baseline compari-
son is restricted to lightweight signal-processing references such as
RMS-envelope and FFT-peak tracking. These comparators are
useful for controlled operator-level benchmarking, but they do
not substitute for evaluation against clinical reference standards
such as respiratory inductance plethysmography, polysomno-
graphic annotations, or expert event labels. Establishing such
reference-based validation remains an essential next step.

The physiological specificity of the instability score △Φ(t)
also remains to be established more rigorously. In the present
work, frequency drift, pause-like suppression, and burst irregular-
ity were used as controlled perturbation classes intended only as
simplified analogues of broader respiratory deviations. Whether
the same operator can reliably distinguish clinically meaningful
patterns such as apnea clusters, hypopneas, Cheyne–Stokes-like
dynamics, or hyperventilation episodes requires dedicated future
study.

The selected parameters (M, 𝛼, L) were fixed for the present
controlled evaluation and were not optimized on a per-subject
basis. Although this improves transparency, it also means that
the current study does not yet provide a full sensitivity analysis
across memory window length, threshold factor, and persistence
criterion. Their influence on latency, false alarms, and robust-
ness under broader conditions should therefore be examined
systematically in future work.

A compact controlled sensitivity analysis for 𝛼 and M has
been added in the Supplementary Material to document the
robustness of the present proof-of-concept parameter choices.

An additional practical limitation concerns baseline def-
inition. The current thresholding scheme relies on an initial
stable segment for estimating baseline variability. While this is
sufficient for a controlled proof-of-concept setting, longer-term
wearable deployment would require adaptive strategies for base-
line updating under drift, activity changes, posture transitions,
and inter-session variability.

Motion robustness was examined only under moderate
walking- and posture-related conditions, and the observed sup-
pression of sustained false positives should be interpreted
accordingly. The present results do not establish robustness under
the wider set of real-world disturbances relevant to wearable use,
including coughing, talking, arm-dominant motion, stronger sen-
sor placement variability, and more pronounced coupling changes
between device and thoracic wall.

Finally, the use of a chest-mounted smartphone should be
interpreted here as a methodological sensing configuration rather
than as a claim of immediate suitability for specific clinical sce-
narios such as sleep diagnostics or long-duration unattended
monitoring. The broader value of the present work lies in defining
a deterministic and reproducible operator framework for chest-
based IMU respiratory instability sensing, which can later be
tested on more realistic hardware platforms, larger cohorts, and
reference-validated respiratory datasets.

Several concrete next validation steps follow directly from
the present proof-of-concept scope. First, the current study is
based on only N = 5 BIDMC recordings, and broader per-
record and dataset-level contextualization remains important for
distinguishing aggregate performance from between-record vari-
ability. Second, although fixed parameters were intentionally used
here for transparency, broader sensitivity analysis over the mem-
ory horizon and threshold factor is required to characterize
robustness more systematically. Third, the current motion-stress
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analysis should be extended by direct with/without-gating visu-
alization and by broader disturbance classes beyond moderate
walking and posture change. Fourth, future revisions should con-
textualize the analyzed recordings more explicitly at the dataset
level, including concise per-record descriptive information where
appropriate. The underlying BIDMC respiratory dataset does
not provide per-record demographic metadata such as age, sex,
BMI, or clinical status; only approximate recording duration
(~8 min) is available from the dataset documentation. These
limitations do not invalidate the present framework, but they
do define the most immediate validation steps required before
stronger deployment-oriented claims can be made.

Taken together, the current study supports the feasibility of
a transparent operator-based approach to respiratory instability
sensing under controlled conditions. Whether this approach gen-
eralizes to clinically meaningful, heterogeneous, and motion-rich
real-world settings remains an open empirical question.

10. Potential Future Directions

The deterministic phase-memory operator introduced here
is not intended as a diagnostic medical device and should not
be interpreted as validated for clinical use. Rather, the present
proof-of-concept study defines a methodological basis for future
investigation of assistive or screening-level respiratory instability
sensing in chest-based IMU settings.

10.1. Sleep-related pattern screening

During sleep, changes in respiratory regularity may precede
clinically relevant disturbances. In principle, the instability metric△Φ(t) could be explored as a screening-level indicator of devia-
tions from baseline respiratory pattern stability or as a tool for
retrospective pattern analysis. However, the present work does
not establish suitability for sleep diagnostics, unattended sleep
monitoring, or replacement of polysomnography.

10.2. Stress and hyperventilation awareness

Acute stress and hyperventilation are associated with shifts in
respiratory frequency and phase dynamics. Because△Φ(t) quan-
tifies divergence from short-term phase memory, future work may
examine whether the framework is useful for biofeedback-oriented
monitoring in guided breathing exercises, stress-awareness tools,
or mindfulness-related respiratory training. Such applications
remain hypothetical until tested in dedicated datasets and
intervention protocols.

10.3. Respiratory rehabilitation and training

In respiratory physiotherapy or post-illness rehabilitation,
future studies may investigate whether tracking breathing sta-
bility can support adherence to controlled breathing protocols.
A potential advantage of the present formulation is that it remains
deterministic, parameter-auditable, and compatible with low-
overhead on-device implementation. The present study, however,
does not validate rehabilitation efficacy or patient benefit.

10.4. Chronic respiratory condition monitoring

For individuals with chronic respiratory conditions such as
asthma or COPD, the proposed framework could in principle
be explored as a trend-level instability indicator relative to a

personalized baseline. At present, however, no claim is made that
the operator is suitable for clinical monitoring, treatment guid-
ance, or replacement of established assessment methods such as
spirometry, oxygen saturation monitoring, or physician-directed
care.

11. Conclusion

We presented a proof-of-concept deterministic phase-
memory operator and a transparent instability score △Φ(t) for
respiratory instability detection in chest-mounted smartphone
IMU signals.

Rather than relying on opaque classification models, the pro-
posed framework uses explicit phase-based decision logic with
auditable parameters and streaming-capable computation. Under
the restricted conditions of the present controlled evaluation, the
operator showed interpretable responses to representative semi-
synthetic perturbation regimes and remained compatible with
lightweight implementation.

The present study should be read as a methodological
demonstration, not as a clinical validation study. Its main contri-
bution is to define a transparent and reproducible operator-level
framework for chest-based IMU respiratory instability sensing
under controlled proof-of-concept conditions.

Future work must determine whether the proposed instability
observable retains physiological specificity, robustness, and prac-
tical utility in larger cohorts, under broader motion conditions,
and against reference-standard respiratory instrumentation.
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