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Recognition of breathing patterns helps clinicians to understand acute and chronic adaptations during exercise
and pathological conditions. Wearable technologies combined with a proper data analysis provide a low cost
option to monitor chest and abdominal wall movements. Here we set out to determine the feasibility of using
accelerometry and machine learning to detect chest-abdominal wall movement patterns during tidal breathing.
Furthermore, we determined the accelerometer positions included in the clusters, considering principal com-
ponent domains. Eleven healthy participants (age: 21 + 0.2 y, BML: 23.4 + 0.7 kg/m? FEV;: 4.1 = 0.3 L,
VO,: 4.6 = 0.2mL/min kg) were included in this cross-sectional study. Spirometry and ergospirometry as-
sessments were performed with participants seated with 13 accelerometers placed over the thorax. Data col-
lection lasted 10 min. Following signal pre-processing, principal components and clustering analyses were
performed. The Euclidean distances in respect to centroids were compared between the clusters (p < 0.05),
identifying two clusters (p < 0.001). The first cluster included sensors located at the right and left second rib
midline, body of sternum, left fourth rib midline, right and left second thoracic vertebra midline, and fifth
thoracic vertebra. The second cluster included sensors at the fourth right rib midline, right and left seventh ribs,
abdomen at linea alba, and right and left tenth thoracic vertebra midline. Costal-superior and costal-abdominal
patterns were also recognized. We conclude that accelerometers placed on the chest and abdominal wall permit
the identification of two clusters of movements regarding respiration biomechanics.

1. Introduction

Three patterns have been described for chest-abdominal wall
movements during breathing: costal-superior, costal-abdominal, and
mixed; the costal-abdominal pattern is more common among healthy
individuals (Ratnovosky et al., 2008, Bianchi et al., 2007; Stendardi
et al., 2007; Massaroni et al., 2017). Despite this, different patterns still
are observed among individuals without pathology, e.g., unlike the
pattern in men, women usually show a costal-superior pattern during
deep breathing (Ragnarsdéttir and Kristinsdéttir, 2006). The recogni-
tion of chest and abdominal wall movements is important because in
many cases these patterns can be related to specific characteristics of
populations and dysfunctions, like the costal-superior and costal-
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abdominal patterns in bronchial obstruction syndrome and quiet
breathing, respectively (Bianchi et al., 2007; Takashima et al., 2017).
Changes in chest and abdominal wall movements aim to maintain a
stable tidal volume through the modification of the breathing rate
(Ratnovosky et al., 2008; Sarkar et al., 2015). These modifications in-
crease recruitment of respiratory muscles to create a pressure gradient
by upward and downward movements of the rib cage and/or posture
(Takashima et al., 2017; Mesquita Montes et al., 2017) in combination
with the activity of inspiratory and expiratory muscles (Ratnovosky
et al., 2008; Maarsingh et al., 2000). The recognition of pattern through
movement analysis might help to monitor changes in cardiorespiratory
responses during rehabilitation, for example, in cases of dyspnea during
respiratory exercises (Stendardi et al., 2007; Ziegler et al., 2015).
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Identifying patterns of chest and abdominal wall movements using
traditional methods like optoelectronic plethysmography (Aliverti
et al, 2009; Takashima et al., 2017) and tridimensional photo-
grammetry (Takashima et al., 2017; Massaroni et al., 2017; De Groote
et al., 1997) is difficult in the context of rehabilitation and clinical
practice, mainly due to the environmental conditions and limitations in
providing quick data collection and analysis. Therefore, pattern re-
cognition tools that permit quick data collection and analysis are of
interest to clinicians. In this regard, wearable non-invasive technologies
such as accelerometers are useful (Kavanagh and Menz, 2008). Accel-
erometers placed on the abdominal wall were successfully used to
monitor the diaphragmatic activity while under anesthesia (Drummond
et al., 2013), and wearable accelerometers placed on the abdominal
wall and rib cage helped to identify normal, bradypnea, tachypnea,
kussmaul, apneustic, Biot’s respiration, sighing and Cheyne-Stokes
patterns (Fekr et al., 2016). This suggests that breathing movements can
be quantified and monitored through accelerometers, which may pro-
vide a good framework for identifying patterns of movements. Despite
of this, the use of accelerometry to quantify chest movements that can
help to describe respiratory movements and postures still lacks in the
literature. Specific postures are known to influence patterns of chest
and abdominal wall movements (Reifferscheid et al., 2011; Takashima
et al., 2017). For example, the seated position favors a better action of
diaphragm in increasing the transverse diameter of the lower rib cage
(costal-diaphragmatic pattern). The excursion of diaphragm is more
related with the descending of its central tendon and consequently with
the abdominal wall movement (Takazakura et al., 2004).

Most of previous studies addressed the quantification of different
patterns of chest and abdominal wall movements without considering
anatomical references. In previous studies, one, two or multiples ac-
celerometers were placed arbitrarily on sites of the chest and abdominal
wall to perform the recognition (Drummond et al., 2013; Fukakusa
et al., 1998; Fekr et al., 2016; Liu et al., 2017). We considered that
placing the sensors on sites based on anatomical references from the
chest and abdominal wall could provide relevant information regarding
the costal-superior or costal-abdominal regions. In this regard, specific
sites related to clinical practice would also be useful in facilitating the
placement of sensors when assessing different individuals. How to
process this information is also a matter of discussion. Cluster analysis
permits the assignment of variables to specific homogeneous groups
that were different from other groups and may also permit the dis-
covery of patterns behind the data. K-means is a popular cluster algo-
rithm to perform the partition of n observations into k clusters that are
representative of the objects associated with the cluster. However, re-
sults from large or high dimensional datasets may not be accurate if the
dimension is not reduced previously, which can be performed by ap-
plying a principal component analysis technique that reduces the
number of dimensions without significant loss of information (Prabhu
and Anbazhagan, 2011). Such data processing approaches can be useful
to determine regional patterns of motion from the chest and abdominal
wall.

There is a lack of evidence regarding the use of accelerometry sig-
nals from sensors placed on the thorax and abdominal wall to recognize
chest-abdominal wall patterns during breathing exercises in a typical
clinical posture (i.e., seated position) as suggested by Price et al.
(2014). Here we set out to determine the feasibility of using accel-
erometry and machine learning algorithms to detect chest-abdominal
wall patterns during tidal breathing. The memberships of sensors in the
principal component domain between the identified clusters were also
determined. We hypothesized that two respiratory patterns could be
recognized using principal components in combination with k-means.
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Table 1
Characteristics of the participants included in the study.

Demographic characteristics Mean (standard deviation)

Sex, male/female 6/5

Age, years 21.0 (0.2)
Height, m 1.70 (0.21)
Weight, kg 67.9 (3.2)
BMI, kg/m? 23.4 (0.7)
Spirometry characteristics

FEV,;, L 4.06 (0.29)
FEV,, % 94.0 (3.6)
FVC, L 4.77 (0.34)
FVC, % 93.6 (2.9)
FEV,/FCV, L/L 85.3 (2.1)
FEFas.75, L/s 4.32 (0.43)
FEF;s5.75, % 91.0 (7.1)
Ergospirometry characteristics

breathing rate, rpm 11.6 (1.49)
VC, L 0.81 (0.10)
VE, L/min 8.63 (0.47)
relative VO,, mL/min/Kg 4.63 (0.15)

314.55 (20.32)
240.66 (15.12)

absolute VO,, mL/min
VCO,, mL/min

BMI = body mass index. FEV; = forced expiration volume at the end of first
second. FVC = forced vital capacity. FEFo.5 75 = forced expiratory flow be-
tween 25 and 75 percent. VC = vital capacity. VE = exhaled volume.
VO, = relative volume of consumption. absolute VO, = absolute volume of
consumption. VCO, = carbon dioxide consumption.

2. Methods
2.1. Study design

This cross-sectional observational analytic study was approved by
the IRB from Pontificia Universidad Catélica de Chile and conducted
according to the Helsinki declaration.

2.2. Participants

To explore the feasibility of using accelerometers to recognize
breathing patterns without the influence of pathology, eleven healthy
participants (5 women and 6 men) were included in this research.
Table 1 summarizes the characteristics of the participants. The inclu-
sion criteria were: (i) age between 18 and 25 years old, (ii) physically
active profile (more than 150 min of physical activity per week) and
(iii) normal lung function assessed by spirometry values. The exclusion
criteria were: (i) smoking, (ii) thoracic structure abnormality, (iii)
presence of pain, (iv) infection episode within the last month, (v) elite
or recreational sport practice (specific performance training during the
last 6 months), (vi) presence of allergic signs and symptoms, (vii)
bronchodilator use or dependence, (viii) recent pharmacological
treatment and (ix) chronic cardiorespiratory disease.

2.3. Instruments

A portable spirometer ML3500 model (Carefusion, Inc., San Diego,
USA), a Carefusion ergoespirometer (JagerTM, Wiirzburg, German),
and a Trigno™ accelerometry system (Delsys inc., USA) were employed
for data collection. The accelerometers sensors had 3 degrees of
freedom, range of + 3g, sampling resolution of
20 + 5Hz, > 40dB*dec™ ' and 450 * 50Hz > 80dB*dec ', basal
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noise (rms) of 0.016 g for range + 1.5g and 0.032 g for range + 6 g,
bandwidth of DC — 50 + 5Hz with 20 dB*dec™?, offset error of +
0.21 g for XY axis and —0.42 g for Z axis, and accelerometer resolution
depth of 10 bits.

2.4. Procedures

Before accelerometry data collection, a senior health professional
performed all spirometry assessments using the portable spirometer
according to the criteria established by the American Thoracic Society
and the European Respiratory Society (Miller et al., 2005). Results were
interpreted according to the reference values from Knudson et al.
(1983). At the start of the analysis, each participant adopted a relaxed
seated posture and performed tidal respirations for 10 min. The parti-
cipants were assessed using a disposable paperboard spirometry nozzle
on the mouth, with nose clamped and a disposable filter in the spiro-
metry. Then, the participants performed five tidal ventilations before a
maximal inhalation with pauses of 2s to expire all air that they could
(Gutierrez et al., 2007). The three best attempts were recorded for each
participant.

After spirometry assessment, participants were seated with hip,
knee and ankle at 90° of flexion, trunk vertically aligned to the gravity
vector and arms resting along the thigh. As described by Price et al.
(2014), this posture was assumed to improve the postural stability
during the test and to better control the weight and height of connec-
tion with the ergospirometer. Participants were connected to the er-
goespirometer through a mouth-adapter and using a nasal clip (J&-
gerTM, Wiirzburg, German), and visual feedback of their respiration
(oxygen uptake flow) was provided while maintaining a normal tidal
volume for 10 min. Data were collected at 0.2 Hz through J-Lab soft-
ware (Jager™, Wiirzburg, German) and samples of VO, data were re-
corded each second in tidal breathing (~12 breaths per minute) as
recommended by Robergs et al. (2010). During the spirometry assess-
ment, 13 wireless accelerometers sampled data at 148.15 Hz (Delsys,
Inc., Boston, USA). The accelerometers were attached to the participant
thorax and abdominal skin over 10 auscultations points and 3 non-
auscultation points from the anterior front plane of thorax: (i) midline
from right and left second rib, (ii) body of sternum, (iii) midline from
right and left fourth ribs, (iv) right and left seventh ribs and (v) at the
abdominal level at linea alba. Five sensors were placed on the posterior
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front plane of the thorax at (i) midline from right and left second
thoracic vertebra, (ii) fifth thoracic vertebra and (iii) midline from right
and left tenth thoracic vertebra. The selection of these sites permitted
the use of familiar clinical landmarks known by respiratory clinicians
and tracked different zones of the thorax and the abdominal wall, also
ensuring a symmetrical distribution of accelerometers. A fourteenth
sensor was placed on a table and remained at rest to serve as a control,
as Fig. 1 illustrates. All accelerometer data were collected using EMG
works 4.1.1. (Delsys, Boston, USA) and analyzed using custom-made
scripts written in Matlab 2016a software (Mathworks Inc., Massachu-
setts, USA).

2.5. Variables and data processing

The magnitude of acceleration, which was determined from accel-
erometer data, was defined by the Euclidean distance of three ortho-
gonal vectors that were periodically acquired by the tri-axial accel-
erometers that performed measurements at 13 anatomical positions
distributed on the chest, thorax and abdominal wall. It was a con-
tinuous variable expressed relative to the gravity acceleration (g). As
part of the pre-processing procedures, the magnitudes of acceleration
were obtained to reduce the tri-axial accelerometer data. One thousand
central samples were extracted to pre-process and analyze, and a
smooth method was performed using a simple moving average of 100
samples, with passes occurring sample-to-sample to improve the peak-
to-peak breath of the accelerometry signals. Then, a second-order, zero
lag, low-pass Butterworth filter with a cut-off frequency of 0.5 Hz was
applied to attenuate artifacts that were not smoothed by the mean
average. Finally, the data were standardized by z-scores. All procedures
were conducted using Matlab 2016a software (Mathworks Inc.,
Massachusetts, USA).

A principal component analysis (PCA) was performed in the time
domain, using the covariance matrix to reduce the dimensionality of the
dataset. This method maximized the variance of data by orthogonal
transformation. The covariance matrix was used to obtain a square
matrix 1009100 Then, an eigendecomposition, satisfying Eq. (1)
(where A is the eigenvalues matrix, v the eigenvector matrix and A the
obtained covariance matrix), was solved by finding multiple eigenvalue
equations (Eq. (2), where I is the identity matrix). Then, the principal
component matrix was created by multiplying the original raw matrix

Fig. 1. Setup of accelerometer positioning. Ergospirometer mask and accelerometry sensors were placed on specific body sites of the participants. The accelerometers
were placed on the anterior frontal plane of the thorax at: (i) the midline from the right and left second rib, (ii) the body of the sternum, (iii) the midline from right
and left fourth rib, (iv) midline from right and left seventh rib, and (v) at the abdominal level at linea alba. Five sensors were placed in the posterior frontal plane of
the thorax at: (i) the midline from right and left second thoracic vertebra, (ii) the fifth thoracic vertebra, and (iii) the midline from the right and left tenth thoracic
vertebra. A fourteenth sensor stayed at rest on a table to serve as a control sensor.
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Table 2
Mean, RMS and variance of segmented acceleration by participants.
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Normalized acceleration respect to the reference sensor no.14 (at rest on a table)

1 2 3 4 5 6 7 8 9 10 11 12 13
#1 Mean 1.7589 2.1902 1.8331 1.6984 1.8583 1.7560 1.5605 1.7407 1.5484 1.4534 1.5289 1.7361 1.6286
RMS 1.7589 2.1903 1.8331 1.6984 1.8584 1.7560 1.5605 1.7407 1.5484 1.4534 1.5290 1.7362 1.6286
Variance*10 ™3 0.0023 0.1562 0.0252 0.0292 0.4508 0.0217 0.0048 0.0203 0.0007 0.0008 0.0159 0.0458 0.0169
#2 Mean 1.4583 1.7992 1.5035 1.4004 1.5898 1.3832 1.2409 1.3457 1.3394 1.2229 1.2931 1.1742 1.1433
RMS 1.4583 1.7993 1.5036 1.4004 1.5899 1.3832 1.2409 1.3457 1.3394 1.2229 1.2931 1.1742 1.1433
Variance*10 ™3 0.0007 0.1491 0.0600 0.0626 0.4543 0.0074 0.0007 0.0056 0.0027 0.0048 0.0131 0.0242 0.0019
#3 Mean 1.6107 2.0576 1.6437 1.5416 1.6654 1.6274 1.3760 1.5076 1.4571 1.4388 1.5024 1.5903 1.4337
RMS 1.6107 2.0576 1.6437 1.5416 1.6654 1.6274 1.3760 1.5077 1.4571 1.4388 1.5024 1.5903 1.4337
Variance*10~3 0.0013 0.0437 0.0298 0.0072 0.1110 0.0009 0.0078 0.0246 0.0009 0.0100 0.0134 0.0078 0.0021
#4 Mean 1.9251 2.3528 1.9908 1.8862 2.1576 1.8791 1.7178 1.9342 1.7431 1.5923 1.6604 1.7951 1.6051
RMS 1.9251 2.3528 1.9908 1.8862 2.1576 1.8791 1.7178 1.9342 1.7431 1.5923 1.6605 1.7951 1.6051
Variance*10 ™3 0.0008 0.0297 0.0159 0.0057 0.1466 0.0275 0.0166 0.0825 0.0042 0.0247 0.0157 0.0173 0.0112
#5 Mean 1.5546 1.9677 1.5811 1.4635 1.5170 1.5221 1.3784 1.5501 1.3697 1.3048 1.3208 1.5073 1.3113
RMS 1.5546 1.9677 1.5811 1.4635 0.5170 1.5221 1.3784 1.5501 1.3697 1.3048 1.3208 1.5073 1.3113
Variance*10 ™3 0.0094 0.4541 0.1539 0.0456 0.2273 0.0080 0.0505 0.0706 0.0859 0.0192 0.3622 0.1881 0.0426
#6 Mean 1.6637 2.0306 1.7136 1.6365 1.9212 1.5305 1.3406 1.4161 1.4542 1.3574 1.3624 1.7191 1.4603
RMS 1.6637 2.0306 1.7136 1.6365 1.9212 1.5305 1.3406 1.4161 1.4542 1.3574 1.3624 1.7191 1.4603
Variance*10~3 0.0022 0.0552 0.0195 0.0184 0.0510 0.1283 0.0414 0.0145 0.0164 0.0047 0.0440 0.0345 0.1547
#7 Mean 1.5221 1.9042 1.5264 1.3990 1.4262 1.5121 1.3546 1.4542 1.2530 1.2490 1.3077 1.4708 1.3920
RMS 1.5222 1.9043 1.5264 1.3990 1.4262 1.5121 1.3546 1.4542 1.2530 1.2490 1.3077 1.4708 1.3920
Variance*10 ™3 0.4617 0.3549 0.0104 0.0076 0.0300 0.0018 0.0019 0.0139 0.0066 0.0084 0.0056 0.0071 0.0029
#8 Mean 1.8497 2.2067 1.9278 1.7781 2.0035 1.7684 1.6078 1.7982 1.5923 1.5249 1.5073 1.9148 1.6436
RMS 1.8497 2.2068 1.9278 1.7781 2.0037 1.7684 1.6078 1.7982 1.5923 1.5249 1.5073 1.9148 1.6437
Variance*10 ™3 0.0019 0.1562 0.0279 0.0779 0.8479 0.0031 0.0132 0.0837 0.0109 0.0014 0.0670 0.0567 0.2042
#9 Mean 1.5808 1.8986 1.6494 1.5452 1.7804 1.5029 1.3256 1.4231 1.3826 1.3103 1.3449 1.5621 1.3704
RMS 1.5808 1.8987 1.6494 1.5452 1.7805 1.5029 1.3256 1.4232 1.3826 1.3103 1.3449 1.5621 1.3704
Variance*10~3 0.0679 0.0380 0.0049 0.0085 0.1335 0.0102 0.0292 0.0760 0.0046 0.0056 0.0085 0.0240 0.0025
#10 Mean 1.9560 2.4689 1.9677 1.8750 2.1093 1.8867 1.6328 1.7754 1.7484 1.6598 1.7617 1.8687 1.7830
RMS 1.9560 2.4689 1.9677 1.8750 2.1093 1.8867 1.6328 1.7754 1.7484 1.6598 1.7617 1.8687 1.7830
Variance*10 ™3 0.0395 0.1031 0.0309 0.0096 0.0753 0.0221 0.0038 0.0057 0.0016 0.0029 0.0021 0.0011 0.0207
#11 Mean 1.9258 2.4870 1.8997 1.8110 2.0085 1.8355 1.5092 1.5630 1.6038 1.5120 1.7974 1.6760 1.5794
RMS 1.9259 2.4870 1.8997 1.8114 2.0085 1.8355 1.5092 1.5630 1.6038 1.5125 1.7974 1.6761 1.5795
Variance*10 ™3 0.0004 0.0001 0.0000 0.0014 0.0001 0.0000 0.0000 0.0000 0.0000 0.0013 0.0000 0.0002 0.0004

with the three most weighting eigenvectors, diminishing the original
dimensionality of :}1°0%%143 to |33 thus improving the computa-
tional cost and accuracy (Prabhu and Anbazhagan, 2011). The criteria
to determine the number of the eigenvalues used included the nearest
value greater than or equal to 0.90 of cross-correlation coefficient be-
tween the non-standardized and reconstructed signal. The variance of
each component also was determined. All procedures were conducted
using Matlab 2016a software (Mathworks Inc., Massachusetts, USA).

Av = Av (€8]

(A= LDv=0 )

To determine what accelerometry information was related to the pat-
terns of chest-abdominal wall, a machine learning K-means clustering
algorithm was performed in the principal components domain. The
algorithm grouped data into smaller groups by Euclidean distance si-
milarities. The algorithm partitions n samples (x; = 1,..., n with j di-
mensions corresponding to the number of principal components) into k
clusters in a random manner to find the position p of the cluster,
minimizing the square Euclidean distance d’ from the samples within
each cluster until convergence, as Eq. (3) summarizes. All procedures

108

were conducted in Matlab 2016a software (Mathworks Inc., Massa-
chusetts, USA).

k k
min 3 3} d 0, ) = min 37 37 I/ — gyl

i=1 xeq i=1 xecq

3

To assess whether the features of mean, root mean square and variance
of normalized magnitude of accelerations (comparing all sensors using
one-way ANOVA and multiple comparison with p < 0.05) result in
similar recognition, the outcomes of PCA with dimension reduction
were compared to outcomes from K-means. As shown in Fig. 3, K-means
from the magnitude of accelerations give outcomes similar to PCA with
dimension reduction.

2.6. Statistical analysis

Data are reported as mean and standard deviation. The Shapiro-
Wilk test confirmed the normality of data distribution.
Homoscedasticity was confirmed using Levene’s test. To determine
which of the sensors belonged to each cluster, cluster one and two re-
cognized in the PCA domain were compared. Statistical significance
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Fig. 2. Principal component analysis. The image shows each accelerometer in the principal component domain. (A) Weight coefficient of first vs. second principal
components. (B) Weight coefficient of first vs. third principal components. (C) Weight coefficient of second vs. third principal components. (D) Tridimensional
organization of two clusters with their centroids in the principal component domain: the first cluster is in light gray, the second cluster in dark gray, and the centroids

of clusters are in asterisk.

Table 3
Cluster proportion of PCA with dimension reduction and K-means.
Cluster one  Cluster two  z-score p-value

Anterior frontal plane
2nd right rib 11/11 0/11 —4.6904 < 0.0001
2nd left rib 11/11 0/11 —4.6904 < 0.0001
4th right rib 0/11 11/11 —4.6904 < 0.0001
4th left rib 11/11 0/11 —4.6904 < 0.0001
body of sternum 11/11 0/11 —4.6904 < 0.0001
7th right rib 0/11 11/11 —4.6904 < 0.0001
7th left rib 0/11 11/11 —4.6904 < 0.0001
abdominal at alba’s line 1/11 10/11 —3.8376  0.0001
Posterior frontal plane
2nd right thoracic vertebra  11/11 0/11 —4.6904 < 0.0001
2nd left thoracic vertebra 11/11 0/11 —4.6904 < 0.0001
5th thoracic vertebra 11/11 0/11 —4.6904 < 0.0001
10th right rib 11/11 0/11 —4.6904 < 0.0001
10th left rib 3/11 8/11 —2.1320 0.0332

Data are presented as proportions (identified case/sample). The control sensor
remained at rest and was always identified as part of cluster one.

(p < 0.05) was determined by performing a two-tailed test for two
population proportions. The null-hypothesis assessed was p;-p = 0,
where p was the proportions values. The numbers of cluster were de-
termined using the major silhouette coefficient, which assessed 1 to 10
clusters. The analyses were performed using the statistical toolbox from
Matlab 2016a software (Mathworks Inc., Massachusetts, USA). The
statistical power of the study was estimated by post-hoc analysis, con-
sidering the larger proportion obtained, using G*Power 3.1.9.2
(Universitit Kiel, Germany).

109

3. Results

Table 2 summarizes the mean, root mean square (RMS) and var-
iance obtained for each participant, and Fig. 2 shows the PCA out-
comes. The total variance explained by the first, second and third
principal component were 31.09%, 25.16% and 19.14%, respectively,
which explained 75.39% of the total variance. Three were chosen for
the eigenvalues due to the cross-correlation coefficient (r = 0.91) found
between the non-standardized and reconstructed signals from PCA. The
silhouette coefficient for two clusters showed the highest cross-corre-
lation coefficient (r = 0.89). Therefore, two clusters in the domain of
principal components were identified (see Table 2 and Fig. 3). Sensor
location in a particular cluster is summarized in Table 3. The first
cluster brought together sensors located at midline of the right and left
second rib, the body of the sternum, midline of the left fourth rib,
midline of the right and left second thoracic vertebra, and the fifth
thoracic vertebra. The second cluster brought together sensors located
at midline from right fourth rib, right and left seventh ribs, the ab-
domen at linea alba, and the right and midline from the left tenth
thoracic vertebra. Therefore, two clusters organized anatomically were
identified using principal components analysis and the K-means algo-
rithm. A post-hoc analysis showed a statistical power of 0.996 when the
proportion of tenth left rib was assessed, which was the highest pro-
portion found.

Fig. 3 summarizes results of sensor distribution using the mean,
RMS, variance and K-means on the magnitude of accelerations, non-
dimension reduction with PCA and K-means, and PCA with dimension
reduction.
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Fig. 3. Tidal breathing pattern recognition. Clusters are showed in gray scale, representing: (A) multiple comparisons of mean and RMS (p < 0.001) found 9 groups;
(B) multiple comparisons of variance (p = 0.088) found one group; (C) K-means applied for normalized data using two clusters; (D) K-means applied for principal
component domain without dimension reduction; (E) K-means applied on principal component domain with dimension reduction using three principal components.

4. Discussion

The main finding of our study is that accelerometers placed on skin
over the abdominal wall and thorax in healthy participants permits the
identification of two accelerometry patterns during tidal breathing in
the seated posture. The accelerometry patterns and the machine
learning algorithm employed here suggest that costal-superior and
costal-abdominal patterns can be detected by accelerometers localized
on upper and lower chest and abdominal wall.

The placement of the accelerometers seemed to be crucial to the
outcomes. Specific sites related to the clinical practice of auscultation
were selected to make it easier for clinicians when preparing the par-
ticipant for assessment. We also included a few other sites that can be
easily placed with the consideration of some anatomical references.
Sensors placed on the thorax and abdominal wall permitted the re-
cognition of two patterns based on the similitude of the Euclidean
distance found in the principal component domain, in which the data
were separated into two clusters. Our approach differs from methods
using one, two or more accelerometers to classify a breath pattern as-
sociated with a pathology (Fekr et al., 2016) because we consider that
our findings are more representative of the breathing movements, and
our approach permits the identification of these movements without the
need to use multiple reflective markers on chest and abdominal wall,
like the approach performed using kinematics described in Takashima
et al. (2017).

The two patterns recognized suggest the existence of regional dif-
ferences for tidal breath in the seated position. This is in accordance
with the different thoracic and abdominal wall movements, where the
thorax and abdominal diameters change more in the caudal than the
cranial direction (Takashima et al., 2017). This is also in agreement
with the lung weight leading to a regional effect on ventilation in a
seated position, which reflects the different distribution of inspired air
between the superior and inferior lung layers (Reifferscheid et al.,
2011). As the underlying lung tissue is distant from the diaphragm and
rib cage movement, and the changes in the cross-sectional area differ
between the cranial and caudal chest (Reifferscheid et al., 2011), our
method recognizes two different patterns of ventilation using non-su-
pervised data analysis that includes principal component analysis after
K-means clustering. The physiological meaning of our findings concerns
the possibility of exploring the regional differences between upper and
lower chest wall movement through the use of accelerometers in in-
dividuals breathing while seated.
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The two patterns recognized also suggest the coherence between the
regional movement measured by accelerometers and the physiology of
the sound of breathing (Sarkar et al., 2015). Air movement produces
vibrations that result in breathing sounds (Chen et al., 2014). While
seated, there is a higher sound intensity, making it possible to hear the
inferior portion of the thorax, which results from diaphragm move-
ments for inspiration (Sarkar et al., 2015). These patterns found co-
herence between the upper zone of the thorax (costal-superior) and the
lower zone of the thorax (costal-abdominal) (Ratnovosky et al., 2008;
Takashima et al., 2017).

PCA with dimension reduction indicated that the transformation of
the segmented magnitude of acceleration to the PCA domain by linear
decorrelation of data helped to recognize patterns through a clustering
technique, in contrast to the simplest normalizations of datasets with
and without applications of k-means, and PCA without dimension re-
duction (Fig. 3). This procedure is in accordance with data from Prabhu
and Anbazhagan (2011), who found better accuracy using PCA and K-
means, with K-means performing the worst when high dimensional data
existed, due to the presence of outliers. Nevertheless, the PCA with
dimension reduction did not show the best physiological distribution of
sensors, due to the right and left rib movements being incorporate in
different clusters. This limitation may require more advanced data
analysis algorithms in future studies, i.e., analysis with non-linear di-
mension reduction or other clustering.

We consider that the accelerometers localized on the thorax and
abdominal wall give important information for obtaining two clusters
of movements of the chest-abdominal wall. Furthermore, the pattern
found in this research suggests it is possible to measure the regional
differences in breathing patterns in a seated posture using accel-
erometers. Our findings may have clinical applications in rehabilitation
programs after acute cardiorespiratory problems by permitting assess-
ment in a seated position through biofeedback, telemedicine control of
respiratory exercises, and for chronic patients. However, the feasibility
for use in different populations, i.e., thorax abnormalities, children, and
others, needs to be further investigated. Future effort are needed to
establish the lowest number of sensors necessary to identify both pat-
terns, which also may suffer from the influence of pathological condi-
tions and remains to be compared with other instruments like ple-
thysmography. Another limitation was the relative quality of the signal
acquired, which required smoothing.
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5. Conclusions

Accelerometers placed on the chest and abdominal wall permit the
collection of two clusters of movement regarding respiration bio-
mechanics. Using a machine learning algorithm, we identified two re-
spiration patterns during seated posture, with one cluster related to the
superior-costal pattern and the other related to the abdominal pattern.
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