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Analysis of the Respiratory Dynamics During
Normal Breathing by Means of Pseudophase
Plots and Pressure—Volume Loops

Clara M. Ionescu, Member, IEEE, J. A. Tenreiro Machado, Senior Member, IEEE, and Robin De Keyser

Abstract—This paper reports on the analysis of tidal breath-
ing patterns measured during noninvasive forced oscillation lung
function tests in six individual groups. The three adult groups
were healthy, with prediagnosed chronic obstructive pulmonary
disease, and with prediagnosed kyphoscoliosis, respectively. The
three children groups were healthy, with prediagnosed asthma,
and with prediagnosed cystic fibrosis, respectively. The analysis
is applied to the pressure-volume curves and the pseudophase-
plane loop by means of the box-counting method, which gives a
measure of the area within each loop. The objective was to verify
if there exists a link between the area of the loops, power-law
patterns, and alterations in the respiratory structure with disease.
We obtained statistically significant variations between the data
sets corresponding to the six groups of patients, showing also the
existence of power-law patterns. Our findings support the idea that
the respiratory system changes with disease in terms of airway
geometry and tissue parameters, leading, in turn, to variations in
the fractal dimension of the respiratory tree and its dynamics.

Index Terms—Correlation, delay, forced oscillation, fractal
dimension, geometrical mapping, homothety factor, lung function
test, phase plot, respiratory impedance.

I. INTRODUCTION

HE study of fractional order systems has received con-

siderable attention lately [40], due to the fact that many
physical systems are well characterized by fractional models
[36]. With the success in the synthesis of real noninteger dif-
ferentiators, the emergence of new electrical elements, and the
design of fractional controllers [31], [39], fractional calculus
has been applied in a variety of dynamical processes [42]. The
advantage of fractional order mathematical models is that they
can be used to make a more accurate description and to give
a deeper insight into the physical processes underlying long-
range memory behaviors. In previous works, it was demon-
strated that the respiratory system has fractal dynamics and
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constitutes a good test-bed for their study [19], [22]. Further-
more, long-range (power law) correlations have confirmed the
presence of fractal scaling and dependence on the respiratory
dynamics much in the past (i.e., several breathing periods
earlier) [17], [18]. It has been shown that such fractal scaling
exponents of long-range correlations in breathing dynamics are
varying with age and gender [35]. These probing studies are
the pioneering steps taken toward a full understanding of these
complex nonstationary characteristics of the respiratory signals.

Previous work has shown that the lung parenchyma behaves
as a long-memory system with viscoelastic properties [4], [38].
The typical structure of the healthy respiratory system has
also been shown to be well captured by lumped models with
fractional order integrals and derivatives [20], [22]. Intrinsi-
cally, fractional calculus incorporates a memory-time property
because it captures the dynamic phenomena involved during all
the time history of a system [42]. A delay differential equation
is a description where the evolution of a system at a certain time
depends on the state of the system at an earlier time [9], [11],
[15]. Such a relation is usually graphically analyzed by means
of phase plots. Hence, intuitively, there must exist a relationship
between the information extracted from the phase plots and
fractional calculus. This motivates our interest in evaluating the
dynamic patterns of the breathing, since it may provide useful
insight into relating the changes in airway structure and tissue
properties with the changes in the respiratory dynamics.

The pseudophase space is used to analyze signals with
nonlinear behavior. For the 2-D case, it is called pseudophase
plane (PPP) [30]. To reconstruct the PPP, it is necessary to
find the adequate time lag between the signal and one delayed
image of the original signal. Since PPP proved successful in
various technical applications, we propose the use of PPP tools
to analyze data from lung function tests in healthy subjects
and in patients with respiratory disorders. The novelty of the
proposed methodology is to combine the information from PPP
with the corresponding fractal dimension computed using the
box-counting method. In this way, the fractal dynamics of the
respiratory system can be assessed and further analyzed.

One of the most common clinical features extracted from
lung function tests is the air-pressure and the airflow variations
during forced breathing or during breathing at rest. A standard
measure of the work of breathing in lung function analysis is
obtained by means of pressure—volume (PV) loops acquired
during spirometry (i.e., by means of forced breathing maneu-
vers). The data used in this application have been acquired in
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TABLE 1
BIOMETRIC AND SPIROMETRIC PARAMETERS OF THE INVESTIGATED
ADULT SUBJECTS. VALUES ARE PRESENTED AS MEAN == STANDARD
DEVIATION; % PRED: PREDICTED ACCORDING TO THE ASYMPTOMATIC
SUBJECTS OF THE PRESENT STUDY; F'V C': FORCED VITAL CAPACITY;
FEV;: FORCED EXPIRATORY VOLUME IN 1 s. KS—-KYPHOSCOLIOSIS;
COPD-CHRONIC OBSTRUCTIVE PULMONARY DISEASE

ADULTS Healthy KS COPD
female 12 2 0
male 30 22 39
Age [years] 27 £ 2 62 + 10 64 + 3
Height [m] 173 £0.27 155 4+008 1.73 +0.14
Weight [kg] 69 + 5.6 63 £ 15 79 £ 12
FVC [%pred] - 33 + 14 84 £+ 12
FEV) [%pred] - 31 + 11 38+ 6

lung function tests during breathing at rest, namely, the forced
oscillation technique (FOT) [33]. We aim to analyze six sets of
patient data: healthy adults, adults prediagnosed with chronic
obstructive pulmonary disease (COPD), adults prediagnosed
with kyphoscoliosis (KS), healthy children, children prediag-
nosed with asthma, and children prediagnosed with pulmonary
cystic fibrosis (CF).

This paper is organized as follows. Section II introduces the
materials and methods employed in this paper. The breathing
recordings from patients in time domain are presented for
one patient in each group, along with information upon the
various sets of data, biometric details of the population sets,
and measurement protocol. A short description of the PV loops
and the PPP technique employed here is given in the same
section. Next, the processing of the information extracted from
the PV loops and the PPP plots and the calculus of the fractal
dimension follows, along with a power-law model structure.
Section III presents the results and the feature analysis, while
Section IV discusses the geometrical and clinical interpretation
of the emerged results. Finally, a conclusion section summa-
rizes the main outcome of this paper.

II. MATERIALS AND METHODS
A. Patients

There are six sets of patients available for analysis. We have
both children and adult subjects, for each class of healthy and
respiratory disorders. The biometric and spirometric details are
given in Tables I and II for adults and children, respectively.
Part of these groups of patients have been previously employed
in a study on classification tools by means of multidimensional
scaling [25], where we successfully mapped obstructive and
restrictive pathologies in adult population. In the present study,
we shall investigate a similar pool of patients, in our quest to
find complementary tools to assess respiratory dynamics.

Some of the most commonly used lung function test mea-
surements are performed during forced inspirations and forced
expirations, i.e., spirometry. A person’s vital capacity can be
measured by a spirometer [32]. The combination of several
physiological measurements can help make a diagnosis of
the underlying lung disease. Forced vital capacity (FVC) is
the maximum volume of air that a person can exhale after
maximum inhalation. Another important measure in spirometry
is the forced expired volume in 1 s (FEV}). The FEV, /FVC

TABLE 1II
BIOMETRIC AND SPIROMETRIC PARAMETERS OF THE INVESTIGATED
CHILDREN SUBJECTS. VALUES ARE PRESENTED AS MEAN + STANDARD
DEVIATION; % PRED: PREDICTED ACCORDING TO THE ASYMPTOMATIC
SUBJECTS OF THE PRESENT STUDY; F'V C': FORCED VITAL CAPACITY;
FEV7: FORCED EXPIRATORY VOLUME IN 1 s; FEF: FORCED
EXPIRATORY FLOW; CF-CYSTIC FIBROSIS

CHILDREN Healthy Asthma CF
female 9 35 8
male 24 9 30
Age [years] 9+£1 11 +4 14+6
Height [m] 1.35 £ 005 140 +£02 149 +£0.15
Weight [kg] 32+6 36 £ 15 40 £ 11
FEF/FVC [%pred] - 85 £ 31 8 £ 9
FEVL/FVC [%pred] - 97 £ 1.2 95 £ 0.9

ratio is used in the diagnosis of obstructive and restrictive
lung diseases, and normal values are approximately 80% [32].
In obstructive lung disease, the F'E'V; is reduced due to ob-
struction to air escape. Thus, the FEV;/FVC ratio will be
reduced. In restrictive lung disease, the F'EV; and FVC are
equally reduced due to fibrosis or to other lung pathology (not
obstructive pathology). Thus, the F'E'V; /F'V C ratio should be
approximately normal.

In this paper, all patients were a priori diagnosed based on
standard lung function tests (spirometry, body plethysmogra-
phy, and bronchoprovocation) and their medical history. How-
ever, for the sake of clarity, in this paper, we provided some of
the most important spirometric parameters.

All measurements with the forced oscillation lung function
testing device were done by the same person, applying the same
protocol. For the other pulmonary tests, the existing trained
clinical staff on each location was employed.

The measurements were approved by Ethical Committee
Commissions at each location. The measurements in adult
subjects were approved by the Ghent University Hospital in
Belgium and Leon Daniello Hospital in Cluj-Napoca, Romania,
for adults. The measurements in children were approved by
the University Hospital Antwerp in Belgium. Written and/or
oral consent was obtained from all participants and, in case of
children, from both children and their parents.

1) Measurements in Adults: The healthy adult group eval-
uated in this study consists of 42 Caucasian volunteers (stu-
dents) without a history of respiratory disease, whose lung
function tests were performed in our laboratory.! Their se-
lection was based on a questionnaire. Table I presents their
biometric parameters. The respiratory impedance derived from
the forced oscillation lung function test was validated against
typical prediction values [34], [37]. The identified values from
our measurements remained close to the predicted values and
within the 95% confidence interval. The measurements were
done over the period 2010-2011.

COPD denotes any disorder that persistently obstructs the
bronchial airflow [2]. However, it mainly involves two re-
lated diseases: chronic bronchitis and emphysema. Both cause
chronic obstruction of air flowing through the airways and
in and out of the lungs. The obstruction is irreversible and
progresses (becomes worse) over time.

IGhent University, Ghent, Belgium.
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The COPD group consisted of 39 Caucasian COPD-
diagnosed patients under observation at the “Leon Daniello”
Hospital. The majority of the patients were former coal miners
from the Petrosani area in Romania. Their selection to the study
was done based on the medical history and the recommendation
from the clinical supervisor. Their biometric and spirometric
parameters are given in Table I. The data presented from these
patients have been collected in 2006 and, in part, analyzed by
means of respiratory impedance in [21].

KS is a disease of the spine and its articulations, mostly
beginning in childhood [29]. The deformation of the spine
characteristically consists of a lateral displacement or curvature
(scoliosis) or an anteroposterior angulation (kyphosis) or both
(KS). The angle of the spinal curvature called the angle of Cobb
determines the degree of the deformity and, consequently, the
severity of the restriction.

The study on the KS group was approved by the local Ethics
Committee of the Ghent University Hospital, and informed
consent was obtained from all volunteers before inclusion in
the study. It involved 24 data sets from adults diagnosed with
significant KS (C'obb angle = 75°), and their corresponding
biometric and spirometric values are given in Table I. Their
selection to the study was done based on the medical history
and the recommendation from the clinical supervisor. The
measurements were effected during 2008-2009.

2) Measurements in Children: The measurements on the 33
healthy children were performed at the St. Vincentius Basis
School in Zwijnaarde, Belgium, during 2009; the biometric
details are given in Table II. The children had no history of
pulmonary disease and were selected using a specific ques-
tionnaire provided by the clinical supervisor of the study.
The questionnaire verified the absence of dyspnoea, chronic
cough, wheeze in the chest, etc. The measurements performed
on healthy children have been used to derive the respiratory
impedance, and its values were compared against predicted
values [13], based on their height. All measured data included
in the study were validated within the 95% confidence interval
values.

Asthma denotes a pulmonary disease in which there is an
obstruction to the flow of air out of the lungs, but the obstruction
is usually reversible, and between attacks of asthma, the flow of
air through the airways is usually good [8]. Asthma is caused
by chronic (ongoing, long term) inflammation of the airways,
making them highly sensitive to various triggers. Asthma can
be controlled using specific medication (inhaled steroids). The
data for this study were recorded at the University Hospital
Antwerp, during 2008-2009, from 44 asthmatic children whose
corresponding biometric and spirometric values are given in
Table II. Their selection for the study was based on their med-
ical history and recommendation from the clinical supervisor.
The data presented in this study have been analyzed in terms of
respiratory impedance in [24].

CF is one of the most common severe (genetic) diseases,
characterized by the production of abnormal secretions, leading
to mucous buildup and persistent inflammation in a variety of
organs [7], [14]. Inflammation and infection also cause injury
and structural changes to the lungs, originating a variety of
symptoms and, eventually, respiratory failure. The data used in
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Fig. 1. (a) Schematic overview and (b) photograph of the device with a patient
performing the FOT lung function test. Legend: LS—Iloudspeaker; BT—bias
tube; PN—pneumotachograph; PT—pressure transducer; bf—biological filter
with mouthpiece; Q—flow; P—pressure; U (t)—driving signal (test input).

this study were recorded at the University Hospital Antwerp
during 2008-2009 from 38 data sets from children diagnosed
with CF whose biometric and spirometric values are given in
Table II. Their selection for the study was based on their medi-
cal history and recommendation from the clinical supervisor.

B. Lung Function Testing: The FOT

The respiratory impedance was measured using the FOT
standard setup, commercially available, assessing respiratory
mechanics from 4 to 48 Hz in steps of 2 Hz. The subject is
connected to the typical setup from Fig. 1 via a mouthpiece,
suitably designed to avoid flow leakage at the mouth and dental
resistance artifact. The oscillation pressure in most recent FOT
devices is generated by a loudspeaker (LS) connected to a
chamber, namely, the SPH-165KEP MONACOR, with a range
from 3 to 1000 Hz. The LS is driven by a power amplifier fed
with the oscillating signal generated by a computer, namely, a
Hewlett Packard Pavilion dv1000 with a Pentium M processor,
1.5 GHz, 512 MB, with 266-MHz SDRAM. The movement of
the LS cone generates a pressure oscillation inside the chamber,
which is applied to the patient’s respiratory system by means of
a flexible respiratory tube of 1-m length and 2-cm diameter,
connecting the LS chamber and the bacterial filter (bf). A side
opening [bias tube (BT)] of the main tubing allows the patient
to decrease the total dead space rebreathing (i.e., 40 mL). This
bias tube exhibits high impedance at the excitation frequencies
to avoid the loss of power from the LS pressure chamber [5].
During the measurements, the patient wears a nose clip and
keeps the cheeks firmly supported to reduce the artifact of upper
airway shunt.

Pressure and flow are measured at the mouthpiece, respec-
tively, by means of the following: 1) a pressure transducer (PT)
and 2) a pneumotachograph (PN) plus a differential PT. The
high-precision PTs are BSDX0050D4D, with a bipolar pressure
range from O to 1 kPa, accuracy of 0.004 kPa, and a common-
mode rejection ratio of 80 dB over the frequency range of
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Fig. 2. (a) Typical measured signals from one subject: Oscillatory driving

pressure, transrespiratory pressure, and airflow. The breathing of the patient
(low frequency) can be observed superimposed on the multisine signals.
(b) Typical recorded airway pressure signal from the patient and filtered
breathing signal.

interest. The working range is a peak-to-peak size between 0.1
and 0.3 kPa, in order to ensure optimality and patient comfort
and for the size to stay within a narrow range in order to assume
linearity [33]. The flow is measured using a Hans Rudolph PN,
covering a range of 0—400 L/min (6.6 L/s), 4830B series, with
a dead space volume between 0 and 6.66 mL.

Averaged measurements from 3-5 technically acceptable
tests were taken into consideration for further signal processing
(i.e., coherence function above 0.8). The signals were acquired
using a PCMCIA DAQ card 4026E series, 12 b, from Na-
tional Instruments, sampled every 1 ms for periods of 15-40 s
(depending on the patient’s breathing limitations). Notice that
the sampling time (i.e., 1 ms) is much above the highest
frequency in the excitation signal (i.e., 48 Hz), providing a
good measurement accuracy. Typical time records are shown
in Fig. 2(a). All patients were tested in the sitting position, with
cheeks firmly supported and elbows resting on the table. This
lung function test has been employed in several of our earlier
studies [20]-[22], [24], [25].

The output of the system is the airway pressure and flow,
where both the low-frequency component (i.e., breathing) and
the excitation signal (i.e., multisine) are superimposed. Since
the breathing frequency is one decade below the first excited
harmonic, a low-pass filter can be applied, and the breathing
signal in terms of pressure and flow can be extracted. An
illustrative example is shown in Fig. 2(b) in terms of breathing
pressure. For the purpose of this investigation, we applied a
Butterworth filter of order four and cutoff frequency at 1 Hz.
For the further use of the breathing signal by means of its
pressure or flow (or volume) component, an average of the
full measured breathing cycles has been used. A minimum of
three breathing cycles has been ensured (visually) during the
measurement time, in order to have reliable information (i.e., to
avoid high fluctuations from breath-to-breath variability).

C. PV Curve

In clinical terms, the air-pressure and air-volume variations
in one breathing cycle plotted against each other form a closed
loop known as the PV loop [32]. The area inside this loop and
the slope of the axis of the minimal-to-maximal points in the
PV loop are used to evaluate the respiratory mechanics of the
patient. The interpretation of the PV loop is then made with

respect to inspiratory and expiratory parameters, such as airflow
resistance and work of breathing.
The PV loops are defined by

T

T
Area = / V(t)dP(t) = O/ P(t)dV (t) )

0

with P(t) as the pressure and V' (¢) as the volume at time
instants t. The airflow is related to the air volume by Q(t) =
dV (t)/dt, and using this in (1), we obtain that the area is the
integral of the power

T
Area = /P(t)Q(t) dt 2)
0

which is, by definition, the work (energy) of breathing to
perform the cycle over the period 7'. With disease, the work of
breathing is increased, and the ratio between peak pressure and
peak volume is altered. However, for the purpose of this study,
the area within the PV loop is of interest to us within a geomet-
rical context. The volume has been obtained by integrating the
measured airflow signal.

D. PPP Plot

Usually, it is not possible to sense all the states in a system
during the experimental study of its dynamics. The classical
phase-plane analysis provides information upon the dynamics
of a system by means of one measured output and its derivative.
However, other signals may be used to plot the phase dynamics,
and these planes are then called PPPs. The PPP reconstruction
mitigates some lack of information about the system [1], [12],
[26]. The goal of the pseudophase space reconstruction is to
view the signal in a higher dimensional space taking a sample
measurement of its history. In order to achieve the phase space,
the proper time lag T, for the delay measurements and the
adequate dimension d € N (/V natural numbers) of the space
must be determined. In the pseudophase space, the measured
signal s(t) forms the pseudovector y(t) according to

y(t) = [s(t),s(t+Tyq),...,s(t+(d—1Ty)]. (3)
The vector y(t) can be plotted in a d-dimensional space form-
ing a curve in the pseudophase space. There is a one-to-one
relationship between the data in the pseudophase space and the
associated data in the true state space. If d = 2, we have a 2-D
time-delay space (i.e., the PPP). Therefore, using the shifted
signal instead of its derivative will not affect substantially the
result, since the signal {s(t),s(t + T4)} is related by a time
shift with the model {s(t), $(¢) }. More precisely, the signal ()
is calculated using the sampling period of the measurements,
whereas s(t 4+ Ty) requires a time-delay value. In resume, the
PPP preserves the properties of the state space representation
and characterizes the system dynamics.

Among other methods to extract PPP [30], the method of
time delays is the most common method. Several techniques
have been proposed to choose an appropriate time delay [1],
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[26]. Usually, the average mutual information (I, ) is referred
as the preferred alternative to select the proper time delay Ty
[12]. For the application presented in this study, we found that
I,y presents a certain degree of noise and oscillations. Con-
sequently, in order to use I, in our study, an algorithm must
be applied for smoothing the function values. Nevertheless,
practice reveals that, in some cases, it is difficult to find the first
minimum of I, due to noise. Hence, a simpler low-complexity
alternative solution is proposed to select the best delay Ty based
on the autocorrelation of the breathing signal [12].

A better value for T is the value that corresponds to the
first local minimum of the mutual information. On the other
hand, the mutual information is a measure of how much in-
formation can be predicted about one time series point giving
full information about the other. The values of 7T,; at which
the mutual information has a local minimum are equivalent to
the values of T,; at which the logarithm of the correlation sum
has a local minimum. Optimal time-delay values based on the
linear Pearson correlation function is a straightforward and low
computational method adopted in our experiments.

Since the value of the correlation is between —1 and 1, in
order to have only positive values, we take its squared value.

From the correlation function, the first local minimum is
detected and denoted as the delay value T};. Consequently, the
PPP 2-D plot results from plotting the breathing pressure signal
P(t) on the z-axis (in volts) and the shifted breathing pressure
signal P(t + T}) on the y-axis (in volts).

E. Physical Interpretation of the PV and PPP Loops

The area inside the PV loop and the slope of the axis of the
minimal-to-maximal points in the PV-loop are used to evaluate
the respiratory mechanics of the patient. The interpretation
of the PV loop is then made with respect to inspiratory and
expiratory parameters, such as airflow resistance and work of
breathing.

In the phase-plane representation, we have that

T
Area = /P(t) -P(t+7)dt “4)
0

with P(t) as the breathing pressure signal and 7 as the time
delay estimated for each patient. One may notice that (4) is
nothing else but the definition of the correlation function of two
signals in time [27]. Since pressure and volume are related, the
position of the air in the lungs is determined by each of these
signals. Assuming that the pressure is a measure of the position
of the air in the lungs, its delayed component is also related to
the position. In this framework, we conclude that the PPP plot
provides information on the position of air in the lungs between
two time instants.

F. Fractal Dimension and Power-Law Model

The fractal dimension F}; is a quantity that gives an indication
of how completely a spatial representation appears to fill the
space. There are many specific methods to compute the fractal
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Fig. 3. Illustrative example for a healthy adult. (a) Correlation function (time

delay: 355 samples). (b) Mutual information (time delay: 350 samples).

dimension. The most popular and simple methods are the
Hausdorff dimension and the box-counting dimension [3]. The
box-counting method is an iterative method. For each box size
value € follows a corresponding number of boxes N (¢) which
will be needed in order to cover the area of the PPP loop. At the
next iteration, another (bigger) size of the box is assumed and
again used to cover the area in the PPP loop. The sequence of
box sizes and their corresponding total number used cover the
area of the PPP loop and will deliver a straight line on a log—log
graph
In[N(e)] — In(C)

Fa= In(1/e) )
where C' is a constant related to the total area and N (e)
represents the minimal number of covering cells (e.g., boxes) of
size € required to cover the PPP graph. The slope of the straight
line in the log-log plane provides the estimate of the fractal
dimension Fj

N(e) = C(1/e)F. (6)

Since we have a straight line in the log—log plot, from theoret-
ical principles of fractional calculus, it follows that a power-
law model can be fitted to each group of patients [36], allowing
deriving a model for each pathology

C=A-FP (7

with A and B as identified constants.

III. RESULTS
A. PV and PPP Loops

For each measured set of signals, we have extracted the
breathing signal from the pressure and flow signals by means
of filtering. The volume was obtained by integrating the flow,
and the PV loops were plotted for the entire signal length.

From the breathing signal extracted from the pressure sig-
nal, the time-delay value 7,; was determined via the Pearson
correlation function. For the sake of completeness, the mutual
information has also been calculated to check that similar time-
delay values are obtained as with the correlation function (e.g.,
355 and 350 samples, respectively). An illustrative example
for a healthy patient is shown in Fig. 3. Next, based on the
extracted time-delay value, the PPP plot can be obtained. The
corresponding values for the time delay are given in Table III.
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TABLE III
TIME DELAY IN SAMPLES; VALUES ARE GIVEN AS MEAN +
STANDARD DEVIATION; VALUES IN BRACKETS INDICATE
THE CORRESPONDING 95% CONFIDENCE INTERVALS

mean + std  Confidence Intervals
Healthy Adults 545 + 185 (487,603)
COPD 798 £ 208 (733,863)
Kyphoscoliosis 352+ 50 (330,373)
Healthy Children 373 + 96 (339,407)
Asthma 336 + 93 (308,365)
Cystic Fibrosis 377 + 96 (345,408)
+ 550 s
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1000 i £ 40 ; - T
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Fig. 4. ANOVA test for the calculated delay values. (a) Adult groups (p <
0.001). (b) Children groups (p < 0.0155).
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Fig. 5. Dependence of delay values with age in each group.

Fig. 4 shows the evaluation of the obtained values for the
time delay by means of analysis-of-variance (ANOVA) tests (p
was considered statistically significant for values lower than
0.05). Statistically significant variations have been observed
between the adult groups (p < 0.001) and the children groups
(p < 0.0155). These delay values were also verified against the
biometric values of each group in order to determine if any
correlation was present. The corresponding trends are shown
in Fig. 5 for age. Similar results were obtained for height and
weight, respectively. The dependence of the delay values with
the biometric values has not been observed consistently in all
the evaluated groups.

B. Fractal Dimension and Identification of Power-Law Trends

On each PV loop and PPP plot from each patient, the box-
counting method was applied to obtain the fractal dimension Fj
and the constant C' for each patient. The models are identified
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Fig. 6. Dependence with age for (a) the constant C' and (b) the fractal
dimension Fj. Blue stars denote the data extracted from PPP plots, while the
red circles denote the data extracted from the PV plots.

for each set of measurements using the least squares algorithm
[27]. Consequently, the box-counting values N (e) and the box-
size 1/e values are obtained for each patient, in each data set.
The resulting data have been analyzed against biometric values
in order to verify dependence, and an illustrative example is
shown in Fig. 6, for the age dependence. We found no consistent
dependence with age, height, and weight, respectively.

Next, the trends of the fractal dimension calculated for each
group are shown in Fig. 7 by means of PV loops and in Fig. 8
by means of PPP loops, respectively. Finally, the loci of the
identified power-law-model parameters from relation (7) are
shown in Fig. 9, and the values are listed in Table IV.

IV. DI1SCUSSION
A. Relation to Dynamical Changes

In its most simple representation, the respiratory system can
be represented as a series connection of a resistance R, and a
compliance C.. It assumes that the patient’s respiratory muscles
are inactive and the external equipment is driving the flow
into the lungs [6]. The driving pressure P(t) generates flow
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Fig. 9. Plot of the identified A and B values from model (7) for each set of
data.

Q(t) across the resistance, and the volume V' (¢) changes in
the compliance. If P,.(t) and P,(t) are the resistive and elastic
pressure drops, respectively, we have that

_P V@O -
b= “=pp PUO-FO+EH. O

It results that
P(t) =R, Q(t) + @ )

This represents the first-order equation in the motion
equation for a single compartment model of the respiratory

TABLE 1V
FITTED POWER-LAW MODELS (7) FOR EACH GROUP OF DATA.
COPD: CHRONIC OBSTRUCTIVE PULMONARY DISEASE.
KS: KypHOSCOLIOSIS. CF: CYSTIC FIBROSIS

DATA A B
source PV/PPP PV/PPP
Healthy Adults 0.632/70.848 0.094 / 0.062
COPD 0.75270.795 0.069 / 0.068
KS 0.882/0.844 0.062 / 0.067
Healthy Children  0.557 / 0.704  0.127 / 0.090
Asthma 0.624 /0.739  0.114 / 0.087
CF 0.478 /0.640 0.147 / 0.104

system: a single balloon with compliance C, on a pipeline
with a resistance R,.. This system can be studied using the
exponential decay of volume V'(¢) as resulting from a step
input Vp: V(t) = Voe /7, where t is time and 7 is the time
constant which characterizes the system, denoted by the
product of R,.C.. [19], [22], [33].

In the representation of the PPP plots, we have the breathing
signal expressed as pressure and its time-delayed derivative.
From (9), it can be observed that there exists a relation between
pressure and flow (Q(t) = dV/dt). In clinical terms, the PV
loop during one breathing period is able to tell the clinician
something about the dynamic compliance of the respiratory
system and its work. The area enclosed by the PV loop is called
the physiologic work of breathing, denoting the resistive work
performed by the patient to overcome the resistance present in
the airways. The mathematical description has been given in
Section II-E.

During cycling loading, the stress that develops in the vis-
coelastic body (respiratory tissue) displays the following:

1) a component in phase with strain, which is the elastic

stress contributing to the storage modulus E'g (elastance);

2) a component out of phase with strain, corresponding

to the viscous dissipation and contributing to the loss
modulus Ep (damping).

In [10] and [23], it was shown that the respiratory system can
be indeed modeled as a combination of series RC' elements in a
cascade arrangement of consecutive airways, by using their me-
chanical analog representation, springs K, and dashpots B,.;.
In this mechanical model, it follows that the PV relationship
equivalent to the stress—strain relationship is given by

o Krsgrs Brsgrs dV(t)

A’I’S

() A dt

V(t)+

(10)

with P as the air pressure, V as the air volume, /., and
A, as the changes in length and area of airways during the
breathing cycle, and K,; and B,s; as the constants of the
spring and dashpot, respectively [10]. This relation suggests
that the PPP loop is a measure of the mechanical properties
in the lung parenchyma and airways during breathing. The
respiratory mechanical properties have been shown to be related
to the structure of the lungs, which, consequently, is altered by
pathology [19], [23].

Normal quiet breathing (such as during the FOT lung func-
tion test) is accomplished by contraction of the diaphragm,
the parasternal muscles, and the scaleni. During inspiration,
the diaphragm pulls the lower surfaces of the lung downward.
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Expiration results from simple relaxation of these muscles.
Changes in the elastic recoil of the lungs (more, or less,
stiffness) will affect their normal function, in particular, total
lung volume and PV relationships.

B. Relation to Structural Changes

It has been recognized that the structure of the respira-
tory tree is strongly related to that of fractal structures [41].
Moreover, it has been shown that the particular dichotomous
structure is a necessity for optimality with respect to total
volume and resistance [16], [41]. The morphology of the human
tree provides maximal efficiency in assuring air distribution
with minimal viscous dissipation. The geometrical and mor-
phological structure of the healthy lung has been shown to lead
to lumped models of fractional order derivatives and integrals
[19], [22], which are, by definition, models for systems with
long-memory properties (e.g., the respiratory system).

In [28], it has been shown that the structure and its bifurcating
geometry play an important role in ventilation. Assuming a
ratio h between diameter and length between two consecutive
airway generations—the homothety factor—the authors have
shown that the volume and pressure drop can be written as

N
Vv =V, 1+Z(2h3)i1 (11
) i:lN ;
APy =RoQ 1+; (th)i] (12)

respectively, with Q as the global airflow, Ry and Vj as some
initial values for resistance and volume, respectively, ¢ as the
airway generation number, and N as the total number of
airway generations in the respiratory tree. The validity of these
relations has been shown to be true for the lower part of the
bronchial tree (i.e., generations 6—16). Since the same factor
(2h3)* appears in both equations, there is an interplay between
pressure and volume values. The fractal dimension in terms of
lung structure is given by
FD, = 1982
log(1/h)
For a realistic respiratory tree, the assumption of a fractal
structure does not hold. Nevertheless, it has been shown that,
although the structure is random, with different reduction ratios
in a dichotomous bifurcation, the total resistance is given by

N 1 i
14 ()
; h3 + h3 ]

with hy and hs as the homothety factors for the left and right
branches, respectively. The critical value for the lungs is given
by h = 0.85, corresponding to a low resistance and volume
higher than necessary [41]. This value is higher than the value
h = 0.79 for the symmetric model [28]. The relation (14) gives
the homothety factor of i = 0.76, which is close to that given
by the symmetrical structure model. Hence, it follows that the
resistance depends on the structure and not on the degree of

13)

Ry = Ry (14)

symmetry. Since the value of 0.85 > (.79, it follows that the
design of the lungs is made with a safety margin for breathing
in conditions of bronchial constriction [28].

The structural changes in the respiratory tree will change the
value of the homothety factor h, and one can analyze the dy-
namics of the respiratory tree in terms of pressure and volume
variations. If the homothety factor decreases from “optimal,”
then an increase in the pressure drop will occur (higher effort
to breath). If the homothety factor increases from “optimal,”
the resistance is small, i.e., the volume will increase for lower
pressure drop values.

In asthma, the inner diameters of the bronchioli, and not their
length, are reduced. In this case, the airway ducts are no longer
homothetic, and the diameter and length of the sequential
bronchioles are altered. This implies that the pressure drop is
given by

N

1 M
1 +22l<h4)2‘|

i=1

APy = RoQ

15)

with h; as the length reduction ratio and hy as the diameter
reduction ratio. The nonlinear effect of the constriction is more
pronounced, since a small reduction in k4 will have a manifold
effect in the total tree resistance.

The fractal dimension extracted from the PV and PPP loops
is indirectly related to the structure of the respiratory tree, since
it quantifies the work of breathing, a measure of the combined
effect of pressure and volume. This implies that, indirectly, the
proposed methods in this paper offer a measure of the degree of
homothety in the lungs. In other words, we indirectly evaluate
the degree of optimality in the respiratory process.

From Table IV, we observe that the values identified from
mapping the information obtained in the PV loops provide more
consistent results than those given by the PPP plots. Indeed,
from Fig. 9, one can observe that the identified values for (7)
are more dispersed in the context of PV loop, allowing a clearer
separation between the groups. The data for the adults and
the children do not overlap; thus, the validity of the results
is supported. In terms of the A parameter, its value for the
adult group seems to be correlated directly with the airway
resistance. Its values are increasing with COPD and KS, which
corresponds to the clinical pathology. For the children group,
its values are close to each other for healthy and asthma.
We suspect that the reason might be the medication taken
by the asthmatic patients, which had mostly normal-to-the-
exam spirometric values (i.e., controlled asthma). The values
for the children with pulmonary CF were lower than those in
healthy, indicating a lower resistance, either by means of lower
pressure drop or by means of higher volume. In terms of the
B parameter, its value seems to be correlated inversely with the
resistance or directly with the volume. The values in COPD and
KS were lower, indicating lower volumes, which corresponds
to the clinical pathology. In children, the values of healthy and
asthma were again close to each other, while in CF patients,
the values were higher (i.e., higher values). We conclude that
the values for the CF group might be subject to the weight and
height biometric parameters.
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C. Limitations

One of the limitations of the study is that the groups of
subjects and patients were not equally balanced in terms of
male/female distribution; hence, dependence with gender was
not determined. Similarly, dependence may exist for the adult
groups in terms of age. The healthy adult group had an averaged
age value significantly lower than those diagnosed with COPD
and KS. The dependence with height and weight was not con-
sistently observed in all groups; hence, we could not conclude
whether these biometric parameters will influence our results.
However, even if this is the case, the seminal ideas presented
in this work still hold, in the sense that there exists a link
between changes in the structure and dynamic patterns in the
breathing.

We have also concluded that the PV loop provides better
results than PPP loop in terms of separation of the groups.
However, the PV loop requires the recording of two signals:
pressure and flow or, similarly, pressure and volume. In the
context of FOT, there is a twenty-five-fold difference in the cost
of pressure sensors and flow sensors. Therefore, measuring only
one signal may be an interesting approach to support the use of
PPP plots instead of PV plots. The advantage would be that,
if the pressure is available (i.e., the cheapest measurement),
then the delayed derivative of pressure can be used to plot
the PPP.

From a clinical standpoint, we have shown that one of
the proposed parameters (i.e., A) is related to the resistive
components of the breathing dynamics as extracted from the
PPP loops. However, we do not yet have a parameter which
characterizes the elastic components. Also, there is no infor-
mation as to how the inhomogeneities in the lung affect the
results of the PPP loops. We conclude that, in order to provide a
concise interpretation and mapping of the short-term breathing
dynamics by means of PPP plots, a bigger database of patient
data must be analyzed.

V. CONCLUSION

In this paper, the analysis of tidal breathing patterns mea-
sured during noninvasive forced oscillation lung function tests
has been applied to adult and children groups. The adult groups
were healthy, with prediagnosed COPD, and with prediagnosed
KS, respectively. The three children groups were healthy, with
prediagnosed asthma, and with prediagnosed CF, respectively.
The fractal dimension has been evaluated from the area de-
termined by the PV curves and the PPP loop by means of
the box-counting method. The results indicate the existence of
a relation between the area of the loops, power-law patterns,
and alterations in the respiratory structure with disease. We
obtained statistically significant variations between the data
sets corresponding to the six groups of patients, showing that
classification between the groups can be obtained by means
of the proposed method. Our findings support the idea that
the respiratory system changes with disease in terms of airway
geometry and tissue parameters, leading, in turn, to variations in
the fractal dimension of the airway structure and of the dynamic
pattern of breathing.
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