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Study Objectives: Given the detailed respiratory waveform signal provided by the nasal cannula in polysomnographic (PSG) studies, to quantify
sleep breathing disturbances by extracting a continuous variable based on the coefficient of variation of the envelope of that signal.

Design: Application of an algorithm for envelope analysis to standard nasal cannula signal from actual polysomnographic studies.

Setting: PSG recordings from a sleep disorders center were analyzed by an algorithm developed on the Igor scientific data analysis software.
Patients or Participants: Recordings representative of different degrees of sleep disordered breathing (SDB) severity or illustrative of the
covariation between breathing and particularly relevant factors and variables.

Interventions: The method calculated the coefficient of variation of the envelope for each 30-second epoch. The normalized version of that coefficient
was defined as the respiratory disturbance variable (RDV). The method outcome was the all-night set of RDV values represented as a time series.
Measurements and Results: RDV quantitatively reflected departure from normal sinusoidal breathing at each epoch, providing an intensity scale
for disordered breathing. RDV dynamics configured itself in recognizable patterns for the airflow limitation (e.g., in UARS) and the apnea/hypopnea
regimes. RDV reliably highlighted clinically meaningful associations with staging, body position, oximetry, or CPAP titration.

Conclusions: Respiratory disturbance variable can assess sleep breathing disturbances as a gradual phenomenon while providing a
comprehensible and detailed representation of its dynamics. It may thus improve clinical diagnosis and provide a revealing descriptive tool for
mechanistic sleep disordered breathing modeling. Respiratory disturbance variable may contribute to attaining simplified screening methodologies,
novel diagnostic criteria, and insightful research tools.

Keywords: Signal envelope analysis, polysomnography, nasal cannula / pressure, transducer, medical informatics applications, upper airway
resistance sleep apnea syndrome, sleep apnea syndromes

Citation: Diaz JA; Arancibia JM; Bassi A; Vivaldi EA. Envelope analysis of the airflow signal to improve polysomnographic assessment of sleep

disordered breathing. SLEEP 2014;37(1):199-208.

INTRODUCTION

Given the drastic impact on morbidity and mortality,'”
increasing prevalence,>'*!"* and efficient treatability of sleep
disordered breathing (SDB),>*'® improving its diagnostic
procedures is a relevant health goal. SDB includes obstructive
sleep apnea (OSA)' and upper airway resistance syndrome
(UARS)."”!® Currently, both diagnoses are assessed through
polysomnography by detecting and counting abnormal respi-
ratory events such as apneas, hypopneas and respiratory
effort-related arousals (RERAs). The apnea-hypopnea index
(AHI)'"120 is considered the standard measure for case identifi-
cation, severity quantification, and prevalence assessment.'”!%2!
Nonetheless, defining respiratory events has remained a contro-
versial subject, particularly with hypopneas.

The search for event thresholds that differentiate normal
from abnormal breathing in a physiologically and clinically
meaningful manner entails several issues. Firstly, signals
obtained from standard PSG airflow sensors, including nasal
cannula pressure transducers and thermistors," are uncalibrated
and prone to scale fluctuations, yielding nonlinear relationships
with pneumotachography data, the gold standard for airflow
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measurement.!?22 Accordingly, event definitions based on
a given decrease of signal amplitude are inherently arbitrary.
This uncertainty prompted the use of corroborative data such
as oxhyhemoglobin desaturation or EEG arousal to judge the
pathophysiological relevance of assumed hypopneas or even
more subtle airflow limitation episodes. These additional vari-
ables fall short of solving the issue; the threshold of pathophysi-
ological relevance for a desaturation event remains a matter of
disagreement, as does the reliability of EEG arousal detection.?!
As a consequence there is still much inter-laboratory disparity
over the criteria used to measure sleep breathing disruption in
PSG.2*232% Several reports conclude that different hypopnea
definitions lead to marked discrepancies in AHL.?>?° This lack
of consistency hampers disease identification, severity grading,
and inter-laboratory report agreement.

Departing from event-oriented paradigms, we have devel-
oped an alternative method for quantifying sleep respiratory
disturbance. In our approach a continuous variable repre-
sents the main morphological features of the airflow signal
monitored by a nasal-pressure cannula. The method takes full
advantage of the sensitivity of this device which, although
non-calibrated, provides a respiratory waveform whose
morphology approximates that obtained by direct airflow
measurements.>>*' Moreover, the method circumvents instru-
mental liability, a major shortcoming of the current approach.
These properties are at the basis of the reliability of our tech-
nique and of its suitability for computer-assisted analysis.
This report provides illustrative examples of its application to
actual SDB records.
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METHODS

Data Collection

The data presented in this report to illustrate the procedures
and results of the proposed method were obtained from routine
clinical PSGs in the database of project FONIS SA10120034,
CONICYT, Chile, Automated analysis of bioelectric signals:
application to polysomnography in the diagnosis of OSA
(www.conicyt.cl/fonis/). The database contained 71 PSGs that
included 15 non OSA studies (AHI < 5). The mild, moderate,
and severe OSA categories determined by AHI standard break-
points of 5, 15, and 30, included 19, 19, and 18 PSGs, respec-
tively. The project was approved by the Human Research Ethics
Committee of the Faculty of Medicine, University of Chile.

Standard PSG Procedures

Routine clinical PSGs had been recorded using Alice
5 Sleepware (Respironics, Pennsylvania, USA). The variables
monitored were: electroencephalogram (F3/M1, F4/M2, C3/
M1, C4/M2, O1/M1 and O2/M2); left and right electrooculo-
gram; submental electromyogram; nasal pressure signal (pres-
sure transducer airflow [PTAF]) and nasal/ oral thermistor;
oximetry; unipolar electrocardiogram; thoracic and abdominal
excursion (piezoelectric strain gauges); body position; and
eventually, CPAP pressure. Electrode placement complied with
the 2007 AASM standards."

Expert PSG Scoring

Sleep staging and respiratory disturbance scoring for
each PSG had been performed by an expert, following the
2007 AASM standards.!” These outputs were conventionally
summarized in hypnograms and AHIs.

Data Visualization and Analysis

A software for PSG visualization and analysis was imple-
mented in IgorPro V6.22 data analysis and programming envi-
ronment (Wavemetrics, Lake Oswego, OR). All PSG signals
were loaded directly from native binary files readily exported
from the Alice 5 System. Among those signals were the 6 EEG
channels, nasal cannula (PTAF), oxygen saturation, body posi-
tion, and CPAP pressure.

Spectrogram Computation

Central EEG channel (C3/M1) underwent FFT processing
according to Welch method using Hanning-tapered 4s-windows
with 50% overlapping. Frequencies > 30 Hz were discarded.
The resulting spectrogram was log scaled and aggregated
in 30-s epoch averages. The spectrogram was normalized by
subtracting a model of background noise, which corresponds to
the 5% lower percentile of the log power distribution for each
frequency bin.

RDV Computation

The nasal-cannula (PTAF) signal was analyzed using a
sliding window procedure with 30-s span and 10-s steps.
Each 30s-window was band-filtered (0.05 Hz-5 Hz) using a
built-in fourth-order digital Butterworth filter implemented in
IgorPro. From that filtered signal (fs), the Hilbert transform
was obtained (H7fs) using the built-in operation implemented
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and documented in IgorPro. The filtered signal envelope
(fse) was then computed following a standard calculation:
fse = \(fs* + HTfs*). The mean () and standard deviation (sd)
of fse as well as their ratio, the coefficient of variation of the
envelope (CVE = sd/p), were calculated for each 30-s window.
We defined RDV as a normalized version of CVE, dividing
it by V(4/r - 1) = 0.523. In addition, we obtained an alterna-
tive version of RDV from a smoothed fse, by a convolution
with a Gaussian kernel that spanned 3 s. We defined the RDV-
spread as the span between both RDVs. The RDV data that had
been originally calculated in 30-s windows using 10-s steps
was down-sampled, selecting the highest RDV every 3 points,
resulting in one RDV value (and its corresponding spread) for
each 30-s epoch.

Relating RDV to AHI

RDV was calculated for 24 all-night PSG studies, 6 from
each of 4 categories: none, mild, moderate, and severe OSA.
Respiratory events and their duration were determined for each
study. The full length PSG studies were segmented according
to RDV values. The RDV range 0.50-4.00 was subdivided into
14 categories using 0.25-unit grouping intervals. For each RDV
category the specific AHI was calculated as events per hour,
just as in routine PSG reports this calculation is performed for
subsets within the full-night study representing categories such
as sleep stage or body position. In addition to specific AHI,
a time-in-event fraction was calculated to reflect the fraction
of the total time spent in a given RDV category that had been
occupied by hypopneas or apneas. Since there were 14 possible
RDV categories in 24 PSG studies, up to 336 groups could be
configured to provide data points for specific AHI and time-in-
event fraction analysis. Only groups > 10 epochs were kept for
further analysis—a criterion that resulted in 197 validated data
points. Simple linear regression models were calculated with
RDV as the regressor and either specific AHI or time-in-event
fraction as the regressand. The coefficient of determination
(R-squared) assessed the goodness-of-fit of the regressions.

Relating RDV to the Evolution of Other PSG Variables

To assess the relationship between RDV and factors poten-
tially determinant for SDB, RDV was calculated separately for
the categories of those factors: sleep state REM and NREM,
body position supine and lateral, oxygen saturation in 3 catego-
ries using 90% and 95% as breakpoints, and CPAP pressure.
Results are expressed as mean =+ standard error of mean (SEM),
and categories of the explanatory variable are compared by
one-way ANOVAs and Bonferroni post hoc analysis.

RESULTS

Application of Envelope Analysis to Respiratory Assessment in
Humans

Visual inspection of the PSG airflow signal can be conceived
as the assessment of its amplitude modulation. This task can in
turn be seen as the perceptual equivalent to the extraction of the
signal envelope, analytically performed using the Hilbert Trans-
form. Previous work has shown that the coefficient of variation
of the envelope (CVE) is a particularly informative descriptor
for differentiating several envelope profiles generated by
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Figure 1—Signal analysis based on the coefficient of variation of the
envelope (CVE). Signals are presented as gray traces and envelopes
as black traces. Scales for the CVE and the respiratory disturbance
variable (RDV = CVE/0.523) are color coded in a rising gradient from
green to yellow to red. The value 0.523 (black arrowhead) corresponds to
the coefficient of variation of the Rayleigh distribution. Insets on the left:
signals and envelopes generated by different dynamical system models:
(A) Unsteady synchronization, one of the complex dynamic system
behaviors reported by Matthews et al.%® (B) Random phase oscillators.
(C) Synchronous behavior of the Kuramoto model® with an overcritical
coupling constant. Insets on the right: 30-second representative segments
of the airflow signal and its envelopes. (D) Apnea. (E) Hypopnea. (F)
Normal breathing. Each inset points to the CVE or RDV value of the
signal envelope in the scale.

dynamic systems (Figure 1A-C).>> CVE is the quotient between
the standard deviation and the mean of the signal envelope.
In the CVE scale the lower end takes the value zero, which
describes perfectly sinusoidal oscillations (of any frequency)
given that their envelopes are totally flat. The upper end is
given by a single impulse signal (Dirac delta), in which the rela-
tive dispersion of the envelope is maximum. Another referential
value in the CVE scale emerges from randomly generated noise
signals (Gaussian noise or any filtered sub-band), which takes
the value 0.523.%2 This constant theoretically corresponds to
sqrt(4/m - 1), which is the coefficient of variation of the Rayleigh
distribution.*® This value is also the reference that discerns
2 other categories: regular synchronous oscillations with CVEs
below 0.523, and unsteady pulsating oscillations with CVEs
greater than 0.523.%2 The work reported here was prompted by
the observation that archetypical normal respiratory patterns
exhibit morphological similarities with synchronous oscilla-
tions just as disturbed respiration does with pulsating oscilla-
tions (Figure 1D-F). In order to use the CVE scale to evaluate
the breathing signal, we define the respiratory disturbance vari-
able (RDV) as the result of normalizing the CVE in a scale
having as unit the constant 0.523, i.e., RDV = CVE/0.523. In
the RDV scale, the value that distinguishes regular synchronous
oscillations from unsteady pulsating oscillations is 1.0.

Breathing Patterns Assessed by RDV

Figure 2 illustrates how RDV accounts for key morpholog-
ical aspects of the breathing signal by displaying 15 represen-
tative traces of actual airflow recordings. For every trace the
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Figure 2—Characterization of breathing signal morphology by RDV.
Representative examples of respiratory airflow recording are displayed as
gray traces. The signal envelope is graphed as a black trace, boxed in a
central 30-second window. The actual calculated RDV for each envelope
is indicated on the right. Each panel is labeled as “no-event,” “hypopnea,”
or “apnea,” according to how it would have been scored following AASM
criteria.”® Cases are ranked by their RDV. (A-F) Respiratory patterns
that would have not been considered as respiratory events. Note that
D, despite its regularity, exhibits a characteristic airflow limitation pattern
that yields a relatively high RDV. (G-O) Respiratory patterns related to
hypopneas and apneas of increasing severity.

middle 30-s window has been framed with the computed enve-
lope overlaid and highlighted. For each envelope the calcu-
lated RDV is displayed. A label was added to indicate how the
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Figure 3—Scatter plots illustrate the relationship (A) between RDV and
specific AHI and (B) between RDV and time-in-event fraction. Dashed
lines delimit segments of a given RDV category, as explained in Methods.
Each data point in (A) represents the specific AHI value obtained from the
cumulated time that each of the 24 subjects spent in a given RDV category.
The same occurs in (B) for variable time-in-event fraction. Symbols indicate
the OSA case severity, based on the all-night AHI score of the case. Cases
with none or mild OSA do not contribute with data points to the higher RDV
categories. Almost all respiratory events occur with RDV > 1.0. Simple
linear regressions were estimated and the fitted lines were displayed. In
these calculations, only RDV > 1.0 were considered.

windowed trace was scored according to standard criteria.'” We
chose 30 sec as the window span because this has the advan-
tage of being the standard epoch length for staging human poly-
somnograms. However, we explored different epoch lengths,
obtaining consistent results in the range between 20 and 90 sec
(not shown). Cases are ranked by their RDV to make evident
the parallel between RDV increment and the visual assessment
of respiratory disruption both in amplitude and duration.

Normal breathing such as that of Figure 2A, which is almost
regular and with rounded contours, displays little envelope fluc-
tuations and yields a low RDV. At the other extreme, Traces
2K-O display marked envelope fluctuations associated with
apneas, thus the longer the apnea, the greater the value of RDV.
Figure 2A-F presents respiratory patterns below the hypopnea
or apnea threshold criteria. Nonetheless, differences in calcu-
lated RDVs suggest actual heterogeneity. The subtle pertur-
bations seen in Figure 2B compared to Figure 2A result in a
RDV increment. In Figure 2C, a brief and isolated narrowing in
signal amplitude yields a further noticeable increase in RDV. As
a matter of fact, Figure 2C-F features RDVs that progressively
depart from zero. These correspond to breathing patterns that,
although irregular, do not meet apnea or hypopnea definition
criteria. Standard rules ascribe traces 2F and 2G to different
categories, although both are quite similar, as appropriately
reflected by their proximity in RDV values. The same occurs
with traces 2J and 2K.

Figure 2D deserves special attention because, although
it displays a very regular pattern, at the same time it departs
markedly from the rounded contour of normal breathing. The
rising inspiratory waveform is systematically interrupted by a
notch. In clinical practice, this pattern suggests an underlying
airflow limitation indicative of upper airway resistance, even
in the absence of hypopneas.’*3! Stable and recurrent airflow
limitation pattern is a prominent feature of UARS, a condition
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that drastically affects sleep quality.'®**3¢ This distortion in
inspiratory waveform becomes an additional source of enve-
lope fluctuation that will be reflected in RDV. The implication
is that RDV can increase either because of apnea and hypopnea-
like patterns in which the breathing envelope changes through
several cycles or because of the contour flattening linked to
airflow limitation patterns where the envelope fluctuates within
the breathing cycles. We refer to these situations as intercyclic
or intracyclic envelope variability, respectively.

The relationship between RDV and qualitatively assessed
disordered breathing severity was presented in Figure 2. This
relationship can be statistically quantified by relating RDV to
AHI, the conventional metrics of disturbed sleep breathing.

Figure 3 displays the relationship between RDV and specific
AHI and between RDV and time-in-event fraction for 24 studies,
6 from each OSA group as explained in Methods. Note that,
expectedly, while all groups contribute with data points to the
lower RDV categories, only moderate and severe cases do so to
the higher ones. Note also that for the 2 RDV categories below
1.0 (the threshold for breathing disruption of the method) both the
specific AHI and the time-in-event fraction are always near zero.
At the other end, the highest RDV categories concentrate the data
points with both the highest incidence and the longest duration
of disturbed breathing. Simple linear models using as regressor
RDV in the range 1.0-4.0 explain a high proportion of the vari-
ability for both specific AHI and time-in-event ratio, with adjusted
R-squared of 0.777 and 0.812, respectively (both P << 0.001).

Understanding RDV Dynamics

When RDV is calculated over consecutive epochs, its
dynamics can reveal several respiratory regimes. Each panel of
Figure 4 shows in the left side graph a 25-min RDV analysis to
illustrate different situations concerning intracyclic and inter-
cyclic envelope variability. The right side graphs highlight the
airflow signal and its envelope for a short representative frag-
ment. As stated, an increase in RDV may be caused either by
greater intercyclic or greater intracyclic envelope variability.
To distinguish between these situations, a smoothing procedure
was applied, aimed at removing the effect of intracyclic enve-
lope dispersion. The second RDV thus obtained is sensitive only
to intercyclic variability and therefore its curve is always lower
than that of the RDV calculated over the original envelope. By
following the temporal profile of the spread between the curves
(RDV-spread), a more detailed insight of the complexity of
respiratory dynamics is obtained.

Figure 4A shows normal breathing with low intracyclic
and low intercyclic dispersion. Consequently, RDV values are
below 1.0 and display a narrow spread along the entire graph.
The higher intracyclic variability of Figure 4B as compared to
Figure 4A, is reflected by an RDV that, also being steady, is set
at an appreciably higher level, close to 1.0, and presents a wider
spread. Note that the respiratory signal accompanying Figure 4B
displays a stable flattened airflow contour, as expected when
upper airway resistance is increased. Figure 4C and Figure 4D
illustrate the occurrence of intercyclic variability due to hypop-
neas and apneas, respectively. In both cases the RDV fluctuates
drastically, reaching values well above 1.0 and displaying sharp
breaks, reflecting the different disturbed morphologies encoun-
tered from epoch to epoch. These variants encompass a wide
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range of airflow signal profiles, from pure decrease of signal
amplitude to a mixture of amplitude changes and contour flat-
tening throughout the epoch.

Displaying RDV as All-Night Time Series

Sleep architecture, conventionally condensed in the hypno-
gram, refers to the occurrence throughout the night of the
3 behavioral states: wakefulness, REM sleep, and NREM sleep;
NREM sleep being further subdivided into the lighter stages
N1 and N2 and the deeper stage N3." Figure 5 displays data
from actual all-night recordings where RDV time series are
plotted along with corresponding hypnograms and EEG spec-
trograms. The 4 cases represent increasing degrees of respi-
ratory disturbance. EEG spectral analysis aims at identifying
subtle respiratory-related cortical activation, which rather than
being associated with standard visually detected EEG arousals
are identified as variations in power density.*”** Short segments
of airflow signal and envelope are also shown. The histograms
on the right side of each graph show the distribution of RDV.
A red line is shown at 1.0, so that the fraction of the histogram
above that line and the right side shoulder directly indicate the
incidence of epochs with high RDV.

Figure 5A exemplifies a normal respiratory pattern within
normal sleep architecture. RDV is under 1.0 practically
throughout the entire study, a fact confirmed by a narrow histo-
gram barely exceeding that reference value. Baseline respiration
is not necessarily homogeneous. For example, if we examine
closely the interval between epochs 60 and 280, RDV consis-
tently shows a low level during N3, while the observed spread
reflects the intracyclic envelope variability (central inset) due
to the physiologically expected increase in upper airway resis-
tance in the transit from wakefulness to sleep.*** However, in
transitions from N3 to N2 and during REM sleep in that same
interval, due to some added intercyclic and intracyclic envelope
variability (left and right insets), the RDV displays more fluc-
tuations and reaches its highest values, occasionally exceeding
1.0. This is in agreement with results showing that highest
increases in airflow resistance are observed during N2 and
REM sleep.’® In the 110-min segment just analyzed, RDV is
significantly lower (P < 0.001) for N3 (0.692 + 0.010) than for
N2 (0.781 + 0.014) and REM (0.797 + 0.016).

In Figure 5B the all-night RDV curve is centered on 1.0, a
fact confirmed by the corresponding histogram. Several regimes
can be recognized throughout the night. During quiet wakeful-
ness, the RDV, although not perfectly stable, is always below
1.0 and displays a narrow spread. Afterwards, as transition
from W to N2 occurs, the RDV curve becomes jagged, rising
towards 1.0. Next, as N3 sleep ensues, RDV stabilizes around
1.0 while its spread widens, reflecting a sustained airflow limi-
tation pattern (central bottom inset). Once NREM sleep returns
to lighter stages, RDV remains near 1.0, but now it presents
fluctuations and a slight decrease of its spread. This RDV insta-
bility obeys to recurrent interruptions of flow-limited breathing
by more sinusoidal patterns (right bottom inset). This transient
airflow limitation pattern is associated with RERA events,*
conventionally defined as an arousal followed by a decrease in
respiratory effort. Expectedly, this RDV dynamics coincides
with electrocortical instability, detected on the EEG with cyclic
alternating pattern (CAP) analysis.*>* The increase in the rate
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Figure 4—RDV time courses for representative examples of major SDB
respiratory regimes. The left side graphs show 25-min spans of RDV and
their spread. The right side graphs illustrate the airflow signal and its
envelope for a short fragment whose temporal position is indicated by an
arrowhead. (A) Normal breathing shows low RDVs, well below 1, with a
narrow spread. (B) A sustained airflow limitation pattern shows a steady
RDV around 1 with a wider spread. (C) A hypopnea-rich regime shows
a jagged RDV curve approximately fluctuating between 1 and 2. (D) An
apnea-rich regime shows sharp RDV peaks far above 2.

of A2 and A3 subtypes of CAP (exemplified in the upper inset
by a sequence of phasic K-alpha complexes) is quantitatively
reflected in the spectrogram as sustained increases in power
density from the high and middle frequencies. It is worth noting
that the A2 CAP phase is not included in the standard arousal
scoring system, but the association of an increased rate of
A2 phases with a recurrent flattening of the nasal cannula signal
as seen here strongly supports UARS diagnosis.!”** When the
second N3 episode begins, the lowest sleep RDV is observed,
as airflow disturbance temporarily fades out.

Figure 5C displays state-dependent sleep breathing distur-
bances. During NREM the RDV fluctuates below 2.0, due to
different degrees of intercyclic envelope variability that result
from hypopneas (left inset). REM sleep episodes that appear in
the second half of the night are accompanied by major increases
in intercyclic variability due to prolonged apneas (right inset).
Hence RDV in REM sleep presents a jagged regime, with values
often going over 4.0. RDV decreases again as sleep returns to
NREM. RDV is highly state dependent, being significantly higher
(P<0.001)inREM (2.719+0.091) than in NREM (1.209+0.022).
The corresponding specific AHI values were 58.3 and 29.8.

Figure 5D exemplifies an OSA case of uninterrupted high
severity. The jagged RDV curve stays mostly over 2.0. The
histogram displays a mode near 3.0 with a considerable number
of epochs out of scale on the abscissa. The airflow inset exem-
plifies intercyclic envelope variability due to extremely long-
lasting apneas (> 60 sec). Note that RDV dips only when sleep
is interrupted by wakefulness episodes.
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Figure 5—RDV in the context of polysomnographic analysis. How the informative power of RDV enhances polysomnographic analysis is exemplified by one
control case and three representative cases of SDB of increasing severity. Each panel shows the all-night RDV time course in the same time axis of an EEG
spectrogram and its corresponding hypnogram. The insets on the right show the distribution of RDV for the whole study. Note that the more severe the case,
the more right-shifted the RDV distribution. Bottom insets show airflow fragments whose temporal positions and corresponding RDV values are indicated by
dashed lines. (A) Control case (AHI = 0.3) exhibiting normal sleep architecture and normal breathing. (B) UARS case (AHI = 3.6) with segments of flattened
contour airflow profile. Three different respiratory regimes are highlighted: breathing in wakefulness, a sustained airflow limitation pattern, and transient
airflow limitations associated to arousals. The upper inset is a segment of EEG featuring CAP activity, a marker of the electrocortical instability of UARS.

(C) A state-dependent OSA case (AHI = 38.7) where apneas relate specifically to REM sleep. (D) A severe OSA case (AHI = 72.3) with long-lasting apneas.
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Figure 6—Relation of RDV to relevant polysomnographic variables. (A)
RDV provides a global appraisal of the correlation between breathing
disturbance and body position, with high values detected while the patient
is in a supine position. (B) RDV confirms the respiratory origin of oxygen
desaturation by remarkably mirroring the oximetry. (C) RDV allows an
effective monitoring of breathing improvement during a CPAP titration
with pressures going from 3 to 13 cm H,0.

There is an increasing degree of severity in the 4 cases
presented, with AHI values of 0.3, 3.6, 38.7, and 60.6. The
corresponding mean £ SEM of RDV are 0.788 + 0.006,
1.066 + 0.009, 1.425 + 0.027, and 3.312 + 0.042 (P << 0.001).
The histograms to the right provide an at-a-glance perception
of RDV distributions. This visual impression can be reinforced
and summarized by a single index, such as the just mentioned
mean or some other statistic that can better account for positive
skewness, such as p90. Percentile 90 for cases A to D is 0.970,
1.391, 2.515, and 4.929. Note that for the UARS case, the AHI
is within normal range, whereas the RDV statistics are not.

Co-evolution of RDV and Other Variables

Figure 6 displays three cases that illustrate how RDV fluc-
tuations relate to the dynamics of other PSG variables plotted in
the same time axis. Note that in Figure 5 co-variations of RDV
and sleep staging were already pointed out.

Figure 6A illustrates the frequent association between
respiratory disturbance and body position.**® RDV markedly
increases when the patient assumes the supine position and it
immediately falls under 1.0 when the patient adopts a lateral
position, remaining stable at that level while this position is
maintained. RDV is significantly higher (P < 0.001) in the
supine (1.787 + 0.031) than in the lateral (0.996 + 0.022)
position. The corresponding specific AHI values were
38.8 and 0.3.
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Figure 7—RDV invariance to amplitude scaling. The three curves
displayed are RDV, the root mean square (RMS) amplitude of the airflow
signal and oximetry. At epoch 370 there is a marked airflow signal change,
a common instrumental problem in polysomnography. This change is
not reflected in the oximetry, suggesting its artifactual origin. Note that
RDV remains unaffected by these signal variations, whereas actual
airflow disruption, occurring within the epoch and caused by apneas and
hypopneas, do co-vary with RDV as they do with oximetry.

Figure 6B displays another major parallel, that between
respiratory disturbance and oximetry. Throughout the study
RDV remarkably mirrors the oximetry. Note also that when
the patient falls asleep there is a conspicuous increase in the
RDV spread in correspondence with a drop in oximetry. RDV
is significantly higher (P <0.001) in the <90% (2.521 + 0.093)
than in the > 90% to < 95% (2.001 + 0.044), which is in turn
significantly higher than the > 95% (1.523 + 0.036) oxygen
saturation ranges.

CPAP titration is a particular application of polysomnog-
raphy aimed at determining its required therapeutic pressure
level. Figure 6C illustrates a study testing pressures from 3 to
13 cm H,O. The RDV descends from its initial high level pari
passu with pressure increments. RDV falls below 1.0 when the
appropriate pressure level is achieved. RDV is significantly
higher (P < 0.001) in post hoc comparisons between all contig-
uous descending pressure step categories. CPAP pressure ranges
expressed in cm H,0O, and the corresponding RDV values were:
3-5(2.503 £ 0.063), 6-7 (2.200 + 0.042), 8-9 (1.652 + 0.022),
10-11 (1.193 £ 0.019), and 12-13 (0.767 £ 0.008).

RDV Invariance To Signal Scale

Frequently, changes in airflow signal scale during prolonged
monitoring can originate in the sensors or in changes of body
position and sleep state.!*! When applying apnea and hypopnea
conventional criteria, experts must infer those changes and adapt
definitions accordingly. The upper trace of Figure 7 displays the
amplitude of the respiratory signal as measured by its local root
mean square. The lower trace shows that RDV remains unaf-
fected when those changes occur. It is also observed that RDV
accounts only for local (within the epoch) amplitude fluctua-
tions etiologically related to actual respiratory disturbances as
strongly suggested by concomitant drops in oximetry.

DISCUSSION

Currently, SDB assessment is operationally based on the
definition of respiratory events.'”" In standard PSG these
events are detected in the respiratory signals recorded with
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devices intended for clinical use. The recommended devices,
thermal based sensors and nasal cannula pressure trans-
ducers, do not measure airflow directly and are susceptible to
changes in signal scale.'”?'?> Consequently, the actual inten-
sity of airflow reduction cannot be accurately quantified.
Respiratory event definitions based on thresholds are thus
questioned from the outset.

Challenging the event-oriented paradigm, our feature extrac-
tion method generates RDV, an epoch-based, normalized CVE
analysis that characterizes the breathing signal. The analysis
is performed on the nasal pressure cannula recording, a signal
sensitive enough to reflect disturbances in respiratory wave-
forms even in the case of mild upper airway obstruction.’®3!
Our results show the ability of RDV to synthesize and quantify
this rich morphological detail, representing it in a continuous
scale of respiratory disturbance, in contrast to the all-or-nothing
event detection approach (Figure 2). Remarkably, by shifting
the focus to the local signal morphology, RDV defines a metric
that is invariant to changes in signal scale (Figure 7), and hence
particularly suited for non-calibrated sensors.

The relationship between RDV and the occurrence of
conventional respiratory events was tested by calculating in
24 all-night recordings the specific AHI within the cumulative
time of a given RDV category. Results yielded a remarkable
correlation between RDV and both specific AHI and vari-
able time-in-event fraction (Figure 3). This outcome supports
the proposition that RDV, by reflecting changes in incidence,
amplitude, and duration of respiratory disturbances, appropri-
ately quantifies the severity of the disturbances.

Empirically, in the RDV metric, the value 1.0 separates
normal and apneic/hypopneic breathing patterns. RDV values
around 1.0 correspond to intermediate disruptions, mostly mild
hypopneas and flow limitation. They can be further differenti-
ated by using RDV spread. Airflow limitation patterns, whose
envelope variability is almost entirely intracyclic, display
higher RDV spread than hypopneas.

Condensing the epoch-by-epoch analysis into a single graph
facilitates the assessment of RDV dynamics and the visual
appraisal of the SDB time course. Some major breathing
regimes can be recognized as stereotyped RDV curves
(Figure 4). Apneic/hypopneic regimes translate into jagged
curves with values mostly above 1.0, whereas sustained airflow
limitation regimes gives rise to a stationary curve near 1.0 with
wide RDV spread. Regimes and transitions can be easily
recognized within the all-night overview, while SDB severity
can be further summarized by the RDV histogram (Figure 5).
The all-night RDV graph provides two main benefits. First, it
relates the time course of breathing patterns to those of many
other relevant PSG variables (Figure 6). Since RDV quanti-
fies departure from normal respiratory pattern as a continuous
variable, it provides an objective, handy regressand for correla-
tions with other informative variables throughout a complete
study or selected intervals. Better judgment on how breathing
disturbance is related to PLMs,* cyclic alternating patterns,*#
arousals interfering with sleep continuity, oximetry drops,
snoring, and thoracic or abdominal increased effort. Such corre-
lations, useful for decision making, are obtained much more
fluidly using a continuous variable like RDV than by using a
discrete variable like AHI. The latter can only set the time of
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occurrence and the incidence of predefined events, omitting
judgment on their severity and ignoring subthreshold cases.
Regressors may also be physiologic in nature, e.g., stage-
dependent characterizations of respiratory patterns, particu-
larly the description of REM patterns where covariates may
include eye movement density; or changes in respiration that
accompany body position. Secondly, RDV provides a detailed
representation of breathing, not requiring additional signals to
assess its disturbance. This parsimony has promising implica-
tions for simplifying ambulatory sleep studies, an area where
breakthroughs are so much sought after.

It is accepted that the current event-oriented paradigm AHI
correlates well with cardiovascular morbidity*?! but poorly with
cardinal SDB symptoms such as excessive daytime somnolence
and insomnia.>*'*¥ Seemingly, AHI limitations are more overt
in the milder side of the severity spectrum, as with UARS.
These limitations can be overcome by alternative clinical tools
based on RDV. For instance, once RDVs have been calculated
for each epoch and their distribution has been graphically
displayed in histograms such as those of Figure 5 for qualita-
tive visual assessment, indexes like the mean, mode, or some
percentile of the distribution, or perhaps the fraction of all
epochs with RDV values over 1.0 or can emerge as a statistical
summarizer. As customary in PSG reports, these indexes can be
calculated specifically for states, body position, and desatura-
tion categories.

Concerning SDB pathophysiology, it has been stated that
OSA occurs because ventilation during sleep is insufficient to
prevent ventilatory drive from reaching the arousal threshold,
thereby causing a respiratory effort-related arousal.*” Our
method, by displaying RDV along with the EEG spectrogram,
highlights the interrelation of breathing dynamics and cortical
activity. It could be readily ascertained whether the threshold
for triggering airflow resumption is above or below the arousal
threshold, a relevant aspect when evaluating breathing-related
sleep fragmentation and ventilatory stability.>’

Breathing stability has been assessed during resting wakeful-
ness by using the coefficient of variation for breath-to-breath
inspiration time and by using sample entropy, an informa-
tion theory-based metric of signal pattern.* Those metrics
account for apnea phenotypes of predominantly mixed, central,
or obstructive sleep apnea syndromes. The morphology of
breathing patterns assessed by those metrics provides an insight
on the central control system of respiratory rhythm. It has
also been demonstrated that these measurements can predict
CPAP compliance and acceptance.’*> The technique we are
presenting is aimed primarily at describing breathing dynamics
but can also be used to determine relevant patient phenotypes
and subsequent implications for both OSA pathophysiology
and clinical assessment.

Hence, our proposal can be contextualized within recent
approaches that aim at both categorizing patient phenotypes and
modeling how critical factors are involved in SDB pathogen-
esis. Quantitative models must emerge to define more precisely
how specific traits engage in complex interactions, in order to
foresee the triggering of SDB, i.e., how anatomic features and
neuromuscular output, expressed in upper airway collapsibility
and respiratory control stability, contribute to upper airway
obstruction.*-333¢62 These issues eloquently invite us to look
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beyond the restricted scope of AHI in the search for alternative
objective summarizing measurements.
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