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I. INTRODUCTION
LEEP apnea-hypopnea syndrome (SAHS)—with a
Sprevalence estimated in 4% adult males and 2% adult
females [1]—is the most common and dangerous condition of
sleep breathing disorders. SAHS is characterized by recurrent
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abnormal episodes of cessation (apnea) or considerable
reduction (hypopnea) of respiratory flow during sleep, which
can last from a few seconds to minutes. The presence of these
episodes leads oxygen desaturation (hypoxia), CO; retention,
and sleep fragmentation. The common manifestation of
suffering SAHS is excessive sleepiness, and other symptoms
are depression, decreased cognitive performance, and fatigue
during the day [2]. Untreated SAHS is strongly related with
severe comorbidities, such as cardiovascular disease, cardiac
failure, aortic dissection, and stroke [3], [4]. In addition,
growing evidence suggests SAHS epidemiologic relationship
to metabolic syndrome, a combination of metabolic distur-
bances as hypertension, insulin resistance, increased triglyc-
erides, abdominal obesity, and low high-density lipoprotein
cholesterol. This combination increases the risk of
development of type-2 diabetes mellitus and cardiovascular
diseases [5], [6]. Apneas and hypopneas are -classified
according to their cause in three different types: 1) obstructive;
2) central; and 3) mixed. Obstructive episodes appear as a
result from complete or partial collapse of the upper airway,
which generates an increase in the thoracic and abdominal
efforts to produce airflow. The central sleep apnea arises
from the reduction in central respiratory drive, and in these
episodes, the respiratory movements are absent or attenuated.
Mixed sleep apnea events are caused by the combination of
both central and obstructive factor; the episode is initially
caused by the lack of respiratory effort and continues despite
the resumption of the inspiratory efforts, which indicates an
upper airway obstruction.

Polysomnography (PSG) is the standard method of clinical
sleep medicine for the assessment of sleep quality and sleep
disorders. PSG consists of continuous and simultaneous
monitoring of several physiologic parameters in a special
equipped sleep laboratory. An expert technologist scores the
PSG to identify the sleep stages and detect the significant
sleep events. The episodes of apnea and hypopnea are
detected in the airflow signal, while the information derived
from electroencephalography and oxygen saturation (SpO2)
provides supportive evidence, and the thoracic and abdominal
respiratory efforts are used for type event classification. The
events are accounted in the apnea—hypopnea index (AHI),
which has been regarded as the standard indicator of disease
severity, and is calculated as the number of apneas and
hypopneas per hour of sleep. Current accepted criteria consider
mild, moderate, and severe categories, with 5 < AHI < 15,
15 < AHI < 30, and AHI > 30 events/hour, respectively [2].



The growing demand and the recognition of adverse effects
of SAHS have encouraged researches for the development of
novel methods for robust and nonintrusive measurements and
to overcome drawbacks of the expensive and time-consuming
PSG procedure. Simplifying the clinical practice of sleep
medicine has the potentiality to enhance the feasibility of
measurements in more natural environments like home mon-
itoring. For SAHS detection, several studies have analyzed
various physiological signals, such as ECG [7]-[9], oxygen
saturation [10], [11], respiratory patterns [12]-[15], breath
sounds [16], among others. Some studies have investigated
how to increase the performance of detection, while other
studies have been performed to overcome the inconvenience
of PSG. As a result, different kinds of portable and wearable
systems have been proposed [17]-[19], reducing the needed
number of physiological signals, increasing patient comfort,
and decreasing the complexity and costs of the procedure.
However, most of these systems still need to be placed on the
patient’s body and can interfere with the normal sleep habits.

The main sources of the motor activity during a relaxed
sleep are the cardiac and respiratory cycles; therefore, several
noninvasive and unrestrained sensing techniques have been
explored for measuring the dynamic pressing force under the
sleeping subject to extract these vital signals [20]. One of the
first attempts for such sleep monitoring systems is the static
charge sensitive bed (originally developed in 1981) [21], which
is composed of two metal plates placed in a special foam
plastic mattress allowing short-term monitoring. The static
charge sensitive bed has been used to assess sleep quality,
partial upper airway obstruction, obstructive apnea, periodic
leg movements, or just to localize individual heartbeat pulse
for heart activity [22]-[25]. Recently, taking advantage of the
computational tools and the rise of new sensor technologies,
different approaches with capacitive or piezoelectric sensor
films [26], a pressure sensor array [27], [28] or a pressure
sensor embedded on an air mattress [29], [30], and even
a pneumatic-tube-like sensor have been proposed [31].
Nevertheless, the analysis of these bed-based devices has
been limited to detect simulated apneas [27], [29], [31] or just
central apneas in a small-scale test [28]. Thus, an extended
evaluation of these systems is needed to propose their clinical
or home use. In addition, a disadvantage of air mattress-based
devices is the requirement of calibration in each location
change, which impacts their portability.

To improve the accuracy and robustness of the signal extrac-
tion, the technical research center of Finland (VTT) developed
the multichannel pressure bed sensor (PBS) composed of eight
polyvinylidene fluoride (PVDF) piezoelectric film sensors to
measure the dynamic change of pressure under the thoracic
and abdominal regions [33]. Because the PVDF film sensors
are very thin and flexible, the existence of the sensor is hardly
perceptible and it may not affect the sleep of the person
under measurement. The multichannel pressure recordings
allow the extraction of different physiological signals, such
as heart interbeat interval, respiratory effort, and movement
activity.

The purpose of this paper is to validate PBS as a device
capable of accurately estimating the AHI. To analyze the

PBS recordings, we developed an automatic algorithm for the
respiratory event (RE) detection based on the measurement
of the respiration motion. Then, the algorithm computes a
RE index (REI), calculated as the number of REs per hour
of sleep.

The full PSG includes two elastic belts to measure thoracic
and abdominal breathing effort through the lungs volume
changes [respiratory inductive plethysmogram (RIP)]. As these
signals provide an indirect measurement of the respiration air-
flow in a similar way as PBS, the automated analysis was also
applied to them for the comparison. Consequently, this paper
evaluates the diagnostic performance of PBS, and thoracic and
abdominal RIP signals in detecting various severity levels of
SAHS, by comparing REI against AHI obtained by the sleep
specialist through a full PSG.

II. MEASUREMENT SYSTEM
A. Pressure Bed Sensor

The developed PBS includes eight PVDF piezoelectric film
sensors to measure the dynamic change of pressure induced
by the vital functions under the torso of the sleeping subject.
PVDF films are lightweight, thin, and highly flexible, and
they self-generate the electrical charge signal by the pressing
or bending force. The eight sensor films are placed into
four rows and two columns covering a measurement area of
64 cm x 64 cm, installed in between two foamed rubber
sheets, and covered with hygienic fabrics. The final overall
dimensions are 100 cm x 72 cm and 2 cm thickness when
not compressed. The shielded wire leads the electrical charge
signals of the sensor to the commercial IC DDCI118 from
Texas Instruments, which is used for the signal acquisition.
This device includes current-to-voltage conversion, continuous
integration, A/D conversion, and digital filtering. The integrat-
ing cycle with an exact time period provides a notch-type
low-pass filtering, which was utilized to suppress the mains
interferences before the A/D conversion [32]. The sensors data
were digitalized at the sampling rate of 50 Hz for each mea-
surement channel. Fig. 1 shows a picture of the PBS device,
the overall structure, and individual components of the system.

B. Signal Extraction

Physiological functions such as respiration and heartbeat
differ in manner of occurrence and frequency. The heart mus-
cle motion and blood pulsation is found in the high-frequency
component of the PBS signals, while the respiratory movement
is found at the lower frequency band. Respiratory signal
is extracted from each sensor channel using weighted
averaging with 2-s-long sliding Hanning window function,
corresponding approximately with a low-pass filter with a
corner frequency of 0.5 Hz. The extraction of the heartbeat
interval was done via spectral averaging using Fourier-
transform-based cepstrum method [33]. Body movements
cause the strongest signal components for the PBS, and are
calculated as an average value between the standard deviations
for each measurement channel, named in here Activity_PBS.
The channel-wise standard deviations are calculated using
a sliding raised cosine window with a length of 4 s.
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Fig. 1. Overall structure of the PBS assembly with eight PVDF sensors.
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Fig. 2. Respiration signals extracted from each PBS sensor channel, the corresponding instantaneous amplitude, and the calculated Activity_PBS signal.

These algorithms are implemented on-board for a DSP, and location of the patient over the sensing area, by the sleeping
the final recordings are written into a memory card with the position, and by the sleep stage. The most heavily weighted
European data format. sensor exhibits a strong breathing signal, while the other sensor
elements (less loaded) show a weak signal. Furthermore, more
clear measurements are obtained in the supine position than

The eight channel respiration signals (PBS_channel 1, in the right-/left-side position. Fig. 2 shows a data segment of
PBS_channel 2, ..., PBS_channel 8) are obtained at different the respiratory signal extracted from each PBS channel, and
positions under the torso of the sleeping subject. The also the Activity_PBS signal. The segment initially contains a
amplitude of each respiratory signal channel may vary by the regular breathing interval, followed by an artifact caused by a

C. Signal Features



change of sleeping position, which leads to the saturation of
the sensor signals and can also be localized as a maxima in the
Activity_PBS signal. Some consecutive REs appear after the
strong movement, including two hypopneas followed by four
apneas. The periods of regular breathing and REs are pointed
with arrows in the fourth right-hand side graph of Fig. 2. For
comparison, the figure also illustrates in the lower right graph
the airflow measurement (flow PSG) included in the PSG.

D. Recording Protocol and Data Set

The database comprises the recordings of a total of 24 adult
patients referred to the sleep laboratory of Tampere University
Hospital for suspected sleep problems. It includes 12 women
and 12 men, with body mass index (BMI) of 29.33 4+ 5.34
and age between 48 and 63 years. All participants underwent
overnight full standard PSG study and a simultaneous
recording with PBS. The PBS was placed below a foam plastic
mattress with a thickness of about 12 cm and positioned under
the torso of the patient. Instruments for the PSG included
electrodes to measure cardiac (electrocardiogram), neuronal
(electroencephalogram), and muscular (electromyogram)
activity, two elastic bands for RIP on thorax and abdomen
position, a pulse oximeter for oxygen saturation in blood,
thermistor, and nasal cannula for airflow measurement, among
others. The overnight PBS recording data and result files
were written into a memory card, and are synchronized in
time with the reference PSG for the analysis.

The RE scoring on the PSG signals was done through Rem-
Logic software (Embla Systems limited liability company)
with an automatic procedure that detects REs from the nasal
airflow signal. Apneas are detected as a reduction greater or
equal to 90% from the baseline for a minimum duration of
10 s. Hypopneas are scored when the nasal pressure signal
deflections dropped by greater or equal to 50% and lesser
than 90% of the baseline with a minimum duration of 10 s,
associated with an oxygen desaturation greater or equal to
4% [34]. Classification of the apnea/hypopnea type is based
on the thoracic and abdominal respiratory effort. A sleep
expert examined the results and made manual corrections when
necessary. The reference AHI is then calculated accounting
for the total number of apneas and hypopneas divided by the
total analysis time for each patient recording. The patients
were clustered into four severity groups of the SAHS by the
resulted AHI: 1) normal; 2) mild; 3) moderate; and 4) severe.
The information of the data set is summarized in Table I,
where patients are sorted for increasing order according to the
AHI.

III. SAHS DETECTION
A. Algorithm

The signals acquired by the PBS are analyzed through a
developed algorithm that detects the number of REs over the
recordings of one sleep night. This multichannel algorithm
uses all the eight respiration signals (PBS_channel 1,
PBS_channel 2, ..., PBS_channel 8) and the activity signal
(Activity_PBS), as described in Section II. The algorithm was
designed to automatically detect decrements in the amplitude

TABLE I
CLINICAL CHARACTERISTICS OF DATA SET

. Patient a b ¢ d
Severity ' AHI" BMI" TAT® TNE
S1 0.12 232 8.40 1
S2 0.13 218 7.64 1
S3 023 236 8.74 2
e S4 0.52 321 9.65 5
< S5 0.72 239 8.34 6
E S6 1.80  25.1 7.22 13
g S7 2.55 30.9 9.04 23
S8 330 273 8.18 27
S9 349 37 6.01 21
S10 402 242 7.46 30
S11 456  29.8 8.56 39
mean | - 194 2717 811 15.38
a S12 593 247 5.74 34
= S13 9.76 309 11.17 109
= S14 1287 275 769 99
mean | _ 952 2770 8.19 80.66
S15 15.01 273 9.66 145
=
E S16 17.90  29.9 9.05 162
= S17 22.00 32 7.32 161
g S18 2292 307 7.02 161
S19 2775 40.6 6.49 180
mean | _ 21.11 3210 7.90 161.80
S20 31.74 284 6.18 196
2 S21 41.00 27.8 8.98 368
~ S22 4697 363 6.79 319
@ S23 50.63 346 8.97 454
S24 5221 406 6.61 345
mean | _ 4171 3471 17.33 310.33

“AHI=Apnea-Hypopnea Index
"BMI= Body Mass Index
‘TAT= Total Analysis Time
4TNE=Total Number of Events

of the respiratory signal caused by SAHS events. The process-
ing approach involves six main stages that are described first,
and the selection of the parameters is given in the next section.

Stage 1: Determine the amplitude of each respiration signal
from PBS. The instantaneous amplitude is calculated by means
of the Hilbert transform, and smoothed with a third-order
Butterworth low-pass filter with a corner frequency of 0.1 Hz
(to maintain only the apnea frequency, founded in the very low
frequency band [35]). Next, the obtained respiration amplitude
signal is downsampled into 1 Hz with linear interpolation.

Stage 2: Remove movement artifact periods. These periods
are identified via the Activity_PBS signal, which is initially
normalized with the BMI, and then smoothed by a moving
average filter with a 20-s window length. The artifacts
are identified as those segments that exceed the predefined
threshold. Once identified, the segments are replaced by
the average respiration amplitude value of the previous and
posterior 10 s.

Stage 3: Extract the dominant patterns and synthesize the
information from the multiple respiratory measures coming
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Fig. 3.  Respiration signal form PBS_Channel 2 and the corresponding
instantaneous amplitude.

from PBS. We applied principal component analysis (PCA)
over the eight amplitude signals on data blocks using a
sliding window of 7-min length to handle the dynamics of
these time-varying multivariate data. As an average over the
whole data set, the first principal component reproduces about
80% of the respiration amplitude signal variance. Exploring
the information on the remaining principal components, we
concluded that they do not offer valuable information for
our purposes. Consequently, the respiration amplitude signal
PBS_mult is obtained from the scores associated with the first
principal component and is used for SAHS event detection.

Stage 4: Calculate the respiration amplitude baseline. Here,
PBS_mult signal is smoothed with a sliding median filter in the
forward direction, obtaining a bsl; signal. Then, the PBS_mult
is reversed and median filtered to obtain a bsl, signal. Finally,
the baseline is calculated by

baseline(n) = max[bsl; (n), bsl,(n)] (D

where n is the sample number.

Stage 5 (Detect REs): A potential RE is identified when the
calculated respiration amplitude PBS_mult is under the base-
line signal. If within the potential event PBS_mult decreases
at least below a threshold with respect to the 90% value of the
previous 15 s, and is kept under this level for more than 10 s,
then an RE is scored. However, if the duration of the RE
reaches 120 s or more, then it is considered not valid and
discarded. The decrease Amp_dec (percentage) on PBS_mult
is calculated by (2), where Apax is the 90% of the amplitude of
the 15-s preceding onset of the event and Apjp is the minimum
value found within the start and end of the event, which is
illustrated in Fig. 3

Amax — Amin

Amp_dec = x 100%. 2)

max
Stage 6: Calculate the REI. REI is calculated for each
recording as the sum of the detected RE divided by the analysis
time, which is the total analysis time subtracted with the
cumulated artifact periods.

B. Parameter Selection

The modifiable parameters in the algorithm are the length wi!
and the shift dt of the sliding window for the PCA in stage 3,
the length of the window wi_BL for the baseline calculation,
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Fig. 4. Bland—Altman plot of REI from P BS_mult against AHI. The upper
and lower solid black lines at 12.47 and —12.74, respectively, are the 95%
limits of agreement. The middle solid black line indicates mean difference
(bias) between the compared indexes. Each circle represents one subject.

and the event reduction threshold red_TH in stages 4 and 5,
respectively.

To select wl and dt, PCA-based algorithm was applied at
different values of these parameters. For each patient and each
parameter combination, the algorithm produces an amplitude
signal PBS_mult(wl, dt). We explore the complete data set
considering the annotations scored by the expert on the PSG
signals. Over each PBS_mult(wl, dt) signal, (2) was used to
calculate the Amp_dec presented on each scored event.

Separated in apneas and hypopneas (a total of 1503
and 1398 events, respectively), a probability distribution
of the Amp_dec data was calculated for each PBS_mult
[PD_PBS(wl, dt)] and for also the nasal airflow signal
(flow included in the PSG) as the reference (PD_Flow). For
robustness, the leave-one-out cross validation has been applied
to ensure the statistical validity. With N = 24 patients, the data
from N — 1 patients are used for training to obtain a PD_PBS
and conduct N separate operations. The events from one
patient are successively left out from the training group. The
correlation value (r) was calculated to quantify the strength
of the linear relationship between the reference PD_Flow and
each PD_PBS. To obtain an overall assessment, the values
of r are averaged. The final parameter selection—wl = 7 min,
updated each minute (df = 1 min)—is done by searching
the maximum median r and prioritizing the hypopnea events
since the PBS sensor presents a lower sensitivity during these
events.

To simultaneously select red TH and wl_BL, using
the baseline calculated with wl_BL set at 10 to 300 s in
nonequidistant steps, the REI was obtained through an RE
detection using red_TH, which varies from 2% to 90% in steps
of 2%. Once again, leave-one-patient-out cross-validation
procedure is carried out for the 24 recordings. The correlation
coefficient between REI and AHI is calculated and averaged
to produce the mean performance. The (wl_BI, red_TH) pair
values producing the highest mean performance was 30 s
associated with a percent decrease of 44%. The same analysis
is applied for RIP signals, resulting in red_TH equal to 48%
and wi_BI equal to 30 s for both thorax and abdomen signals.
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IV. RESULTS

The set of signals obtained from the PBS for each of the
24 patients is tested through the developed amplitude-based
algorithm with the selected parameters. The same algorithm
is applied to the thoracic and abdominal RIP signals of the
respiratory effort, provided by the PSG, to compare against
the performance of the proposed PBS device. The obtained
REI is compared in several ways with the reference AHI
(from the PSG manual scoring). The Bland—Altman plot used
to assess the agreement between REI from PBS and AHI is
shown in Fig. 4. The plot indicates the difference between each
REI and the corresponding AHI. The mean difference of the
indexes was almost zero, and the 95% of the number of events
differences were between —12.74 and 12.47 events/hour, the
confidential interval of mean difference. There is a good
agreement across a wide range of SAHS severity except in
two cases, where PBS underestimated the AHI by 16.88 and
14.25 events/hour.

The overall relationship of REI in relation to the AHI for
the analyzed signals is shown in the scatter plot of Fig. 5,
in which each point represents the REI of one patient; the
solid line is the identity line, and the dashed line corresponds
to the regression model. The graph in Fig. 5(a) shows the
REI from PBS_mult signal. The middle and right graphs
[Fig. 5(b) and (c)] show the REI from thoracic and abdominal
effort signals versus the reference. A better linear relation is
observed for PBS_mult with r = 093 than for RIP signals
with » = 092 and r = 090, for the thorax and abdomen,
respectively.

As shown in Table I, patients are grouped through AHI
into severity categories of SAHS: normal (AHI < 5) with
11 patients, mild (5 > AHI > 15) with three patients,

moderate (15 > AHI > 30) with five patients, and severe
(AHI > 30) with five patients. Evaluating REI as severity
indicator of SAHS, the Cohen’s kappa coefficient (x) is
used to quantifying the intraclass agreement between REI
and AHI, and the results are shown in Table III. For PBS,
using official ratings (5, 15, and 30), k = 069 is obtained,
indicating a good agreement. However, considering the bias
presented for this surrogate signal (Fig. 5) adequate severity
ratings need to be established. Considering 11, 20, and
30 events/hour (almost twice the bias), REI shows a
kappa value equal to 0.76 which is an improvement in the
results. Fig. 6 shows the REI obtained for each patient; the
dashed lines at 5, 15, and 30 events/hour denote the official
thresholds established in the mentioned severity criteria. The
solid black lines are the new thresholds of events per hour
established for each the indirect measures. In Fig. 6(a), the REI
obtained from PBS for each patient, and in Fig. 6(b) and (c),
the REI obtained from thoracic and abdominal RIP respiratory
effort. Different markers were used to identify the patient
into the corresponding severity category according to the
information in Table I. We can observe that using REI, it is
difficult to find difference between mild and moderate groups;
then, by merging these middlemost categories to have normal,
mild-moderate, and severe groups, the corresponding kappa
coefficient improves to k = 086. A similar evaluation is
applied for the RIP signals with the results shown in Table II.
In Fig. 6, for RIP signals, it is possible to observe a complete
overlap between normal and mild categories, which indicates
that the correct separation between these categories is not
possible. By setting appropriated category ratings to 11 and 32,
the kappa coefficient for both thorax and abdomen signals is
k = 073 for the three categories: 1) normal-mild; 2) moderate;



TABLE II
KAPPA INDEX FROM THE DIFFERENT SIGNALS
FOR THE ANALYZED CASES

RIP RIP
K PBS_mult thorax abdomen
Casel: REI=[5 15 30] 0.56 0.39 0.39
Case 2: REI=[11 21 30] 0.75 - -
Case 3: REI=[11 30]/[12 32]*° 0.86 0.73 0.73

“REI for PBS and RIP signals respectively

TABLE III
SENSITIVITY, SPECIFICITY, AND ACCURACY FOR NORMAL
AND PATHOLOGICAL IDENTIFICATION

Normal/Pathologic
Index PBS mult | thorax/abdomen
REI>11 REI>12
Sensitivity [%] 100 100/93
Specificity [%] 92 90/90
Accuracy [%] 96 96/92

and 3) severe. Summarizing (Table II), three cases are
analyzed: using the official ratings to separate between four
categories, modifying the official by appropriated ratings to
separate between four categories, and finally modifying the
official by appropriated ratings to separate three categories.

Finally, the diagnostic ability of the REI to detect normal
and pathological subjects is evaluated in terms of sensitivity,
specificity, and accuracy. As shown in Table III, PBS_mult
signal presents a sensitivity of 100%, a specificity of 92%,
and an accuracy of 96%. For the thorax RIP signal, the
results are 100%, 90%, and 96%, respectively, while for
the abdomen RIP signal, the same indexes show 93%, 90%,
and 92%.

V. CONCLUSION

This paper evaluates the performance in SAHS detection
of a totally unobtrusive PBS system designed for sleep
monitoring. The PBS uses PVDF films, which are very
sensitive, thin, and flexible, thus the existence of the sensors
is hardly perceptible for the patient under measurement, and it
may not affect the sleep process. The performance of PBS is
compared with reference methods, the gold standard of PSG
manual scoring, and automatic detection from the RIP bands.
With the implemented algorithm that automatically detects
REs, the severity SAHS indicator REI is obtained. Our main
observations are as follows: 1) PBS signals convey useful
information for SAHS detection in an unobtrusive way and 2)
thorax, abdominal, and PBS signals have similar performance
for SAHS detection.

One of the main advantages of PBS is the ability to
obtain three relevant physiological signals from one device:
1) respiratory effort; 2) heart rate; and 3) movement
activity. Thus, PBS could be used to evaluate different sleep
pathologies, such as SAHS, insomnia, periodic leg movement,

and cardiac dysfunctions. The proposed analysis is only based
on the respiratory effort in association with the activity
signal. It is reported that heart rate also contains useful
information for SAHS detection [7]-[9], and a multivariable
analysis could be done for improved results. In addition, due
to the multichannel nature of PBS, different information can
be computed, for example, the body position and weight.
Although the respiratory inductive plethysmography is a
widely accepted method for qualitative noninvasive respiratory
measurement [36], [37], PBS can offer a noninvasive and
unobtrusive way to obtain similar measures without the need
of contact sensors. This feature of PBS allows an evaluation
in a more comfortable way and within a daily environment.

The obtained results for this data set are comparable with
the previous studies presented by several research groups using
direct or indirect airflow measurement. Varady et al. [12]
proposed an automated method for the detection of the
presence or the absence of normal breathing based on the
direct airflow measurement from PSG records. Their algorithm
produced an average detection performance of over 90%.
Han et al [15] presented a similar approach for the
detection of obstructive apneas, and the overall agree-
ment rate was 92.0% (x = 0.78). In another way,
Yadollahi and Moussavi [16] used tracheal breathing sounds
and the blood oxygen saturation level; the results show a
correlation of 96% with PSG. Some of these investigations
detect just the apnea index, but the hypopneas have the same
clinical consequence and they should be considered (as in
this paper) to determine the SAHS severity. Furthermore, PBS
shows better performance compared with the results presented
for thoracic and abdominal RIP respiratory signal.

A similar device to PBS is described in [28], which
proposes the validation of a pressure sensor array for the
screening of central apneas; with six patients, the found
kappa value was 0.75, and the sensitivity and specificity were
87.6% and 99.9%, respectively. For those sensitive mattress
devices, central apneas are easily detected due the total lack
of respiratory movements in contrast to obstructive apneas
(the most common type of apnea), where the transducers
detect the persistent respiratory effort. On the other hand,
Shin et al. [31] used a sensitive air mattress for the
detection of simulated sleep apnea events and found a
sensitivity and positive predictive value of 93% and 88%,
respectively. It is important to note that in this paper, we
do not make distinction between apneas and hypopneas,
and even between different apnea types. We explored
PBS as a tool to indicate the presence and severity of
sleep breathing disorders. However, the information of
the type of the event (and consequently the cause) is
important to determine to define the possible treatment of the
patient.

In clinics, the percentage reduction in the nasal airflow
signal is 50% for hypopneas and 90%-100% for apneas.
Howeyver, those values should be taken as tunable factors for
the surrogate signals coming from PBS and RIP. For PBS,
the optimal value is 44%, while for RIP signals, it is 48% to
detect both hypopneas and apneas. In addition, severity ratings
are also modified to compensate the bias due to different



sources. For example, for the respiratory scoring based on
the PSG signals, the oxygen desaturation is used to validate
hypopnea events. Herein, the event detection is based only
on the respiratory measurement, and if such validation is
not included, then some false events can be detected. With
this, PBS shows a high accuracy in separate normal and
pathological subjects.

The proposed device enables portable recording at home,
providing a support tool especially for those patients with
limited mobility, or critical illness. According to the guidelines
of Task Force of Unattended Portable Monitors for sleep
disordered breathing [38], the current system would belong
to type 4, since only one signal type is measured. It must
fulfill some of the basic concerns dictated by the Task Force,
such as safety, easy use, reliability, durability, economy, and
diagnosis accuracy.

Finally, the main limitation of this paper is the small data set
that contains a high number of normal subjects with a reduced
number in the light and moderate categories. Thus, a large
data set is needed to validate the system for clinical purposes.
In addition, the study is focused on a general SAHS index
that includes all types of apneas, and further study is needed to
evaluate the possibility of differentiate among apnea types. The
developed algorithm uses PCA to compose information for the
respiratory effort from multiple movement signals and as such
the method is applicable to a multichannel sensor assembly
only. Even with the limitations, the results suggest that the
method could be used as pretest or posttest tool for SAHS
evaluation. In conclusion, PBS could be a noninvasive and
unobtrusive promise for home monitoring and clinical support
in SAHS diagnosis.
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