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ALTERATIONS IN SIGNAL DYNAMICS DURING REGULATION

OF AIRWAY REFLEX RESPONSE

Regulatory airway mechanisms were studied on the basis of phrenic nerve activity which was compared during eupnea and aspiration
reflex (AspR). Due to changing degrees of signal stationarity, discrete wavelet transformation enabling multiresolution analysis was performed,
Jollowed by calculation of wavelet energy and wavelet entropy parameters.

The higher rate of wavelet energy was detected in lower frequency components during AspR in contrast to eupnea. Moreover, quiet inspi-
ration is characterized by higher wavelet entropy comparing to the AspR, indicating the probability of its random character and varying degree
of system disorder during transient between different respiratory responses.
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1. Introduction

Since the early days of neuroscience research, understanding
the regulation of physiological processes has become a fully mul-
tidisciplinary task, highly dependent on the usage of principles from
mathematics, physics and computer science in many aspects of view.
As a question resulting from the information theory, regulation on
respiratory reflex responses is conditioned by a degree of synergy
related to complex multilevel and multibehavioral neuronal net-
works in the rostral ventrolateral medulla. Generation of respiratory
activity and its modulation towards the organism’s requirements
remains still not fully explained.

Information resulting from the control mechanisms is carried
through nerves and muscles to achieve desired response and ex-
pressed in neurogram qualities, including timing, intensity, frequency
composition and many others. Thus, the principal thesis of this
approach is to suggest an optimal processing method considering
fundamental irregular nature of biological signals.

Electrical signals resulting from different airway reflex responses
have been traditionally analyzed via simple frequency analysis
derived from the Fourier transformation. Power spectral analysis
proved differences presented in power spectrum during eupnea
(quiet inspiration) and other forms of inspiratory activity [1, 2].
However, Fourier transformation has many limitations in the case
of electrophysiological data analysis [3], thus method involved in
activity determination both in time and frequency domain appears
to be necessary [4].

The intent of this work is to extract differences in phrenic
neurogram between normal quiet inspiration and aspiration reflex
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(AspR) - strong inspiratory activity, without subsequent active
expiration that could be, contrary to other airway defense reflexes,
elicited in any phase of respiratory cycle and characterized by
ability to interrupt severe functional disorders [5]. Thus, this spe-
cific reflex response could probably represent a model of the brain-
stem neuronal network reconfiguration [6].

In this paper, the motor behavior of different respiratory
responses was described as a function of energetic distribution over
time - frequency domain. The action potentials recorded from
respiratory nerve output were analyzed during quiet inspiration
and aspiration reflex to describe changes of dynamics related to its
spectral features. Discrete wavelet transformation allowing mul-
tiresolution analysis was used to decompose original phrenic nerve
recording into particular scale rates enabling determination of
wavelet energy relating to separate frequency components. More-
over, the wavelet entropy parameter was calculated to illustrate
a degree of system order/disorder, reflecting merits of respiratory
activity generation and control.

2. Material and methods
2.1 Data recording and preprocessing

Phrenic nerve activity was recorded from five adult cats of
both genders anesthetized by pentobarbital (initial intraperitoneal
dose (35-40) mg.kg ). Aspiration reflex was elicited mechanically
by touching the nasopharyngeal mucosa. An elastic nylon fibre
(0.4 mm) was introduced through a pharyngostomy to elicit appro-
priate reflex. The electrical activity from right phrenic nerve was
scanned using bipolar silver electrode which was connected to
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Fig. 1 Air flow and phrenic nerve recordings during quiet inspiration
bursts followed by short strong inspiratory activity of AspR.

a low-noise amplifier. Neurograms were digitalized and sampled
using minimum sampling rate of 2 kHz. These procedures have

been described previously in details [2,7].

COMMINICTIONS

Nerve recordings (Fig. 1.) were pass-band filtered and frequency
components from interval (30 - 1000) Hz were analysed. 50 Hz
frequency was cut off through a stop-band elliptic filter to reduce
impact of power supply noise on energy of correspondent frequency
bands. The wavelet energy and entropy were calculated in 10 eupneic
and 10 AspR bursts, only the single bursts of electrical phrenic
nerve activity were considered.

2.2 Data analysis
Discrete Wavelet transformation (DWT)

The basic principle of the discrete wavelet function consists in
signal decomposition into set of wavelets, small oscillations with
limited duration and mean value equal to zero. DWT exploits
a wavelet basis functions and exhibits zero redundancy. DWT
coefficients could be calculated using the following formula:

1 1!r(t - nmposg),
Vsi 5o

where m, n € Z.

¥, (p) = (1

Integers m and n control the wavelet dilation and/or transla-
tion; s, is a fixed dilation step parameter set at a value greater than
1 and p,, is the location parameter set at a value greater than zero.
Usually, a common choice for discrete wavelet parameters s, and
Do is 2, known as the dyadic grid arrangement.

During DWT, lower frequencies of original signal (approximate
coefficients) are separated from higher frequencies (detail coeffi-
cients) via low and high pass filtration. Number of data is then
doubled. Approximate coefficients could be filtered again (Fig. 2.)
to obtain approximate and detail coefficients at a higher frame
(Fig. 3.) resulting in scale accommodation (scale 2" for n - frame).
In this study, decomposition at 8 level of approximate and detail
coefficients was used. During this procedure, daubechies 3 was
employed as a mother wavelet.
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Fig. 2 Discrete wavelet decomposition of original phrenic signal at 8 level approximate and detail coefficients
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Fig. 3 Result of discrete wavelet decomposition of original activity (blue) during AspR (A) and eupnea (B).
a - approximate coefficients, d - detail coefficients

Daubechies 3 is often used in biosignal analysis for detection
of transient oscillations. Daubechies wavelet showed profitable
properties for pattern classification during analysis of brain func-
tion [8]. Dynamical changes of the phrenic nerve electrical activ-
ity in time and frequency analyzed in this study probably reflect
information about specific neuronal components involved in the
generation of inspiratory activity.

Wavelet energy and wavelet entropy

For wavelet coefficients ¢ (k) at each resolution level s, the
wavelet energy at each time sample k is obtained as:

E(k) = Zi)

¢ (K )

The total wavelet energy is then computed as:

B = Y 3JCWF = XE 3)

s=1k=1 s

Relative wavelet energy parameter quantifying the distribution
of energy over appropriate scales is:

P = E 4)
! E'OT
Thus, the wavelet entropy is defined as:
N
WE = — 2 plog.[p] (5)
s=1

2.3 Statistics

All analyzed parameters were compared between two groups
- phrenic bursts during aspiration reflex and quiet inspiration. 10
eupneic and 10 AspR bursts of phrenic electrical activity were
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considered. The statistical evaluation of data was realized through
unpaired t- test and Mann-Whitney test. Suitable test (parametric
or nonparametric) has been chosen due to the fulfilment of con-
dition for normal data distribution. Differences were considered
significant for p < 0.05.

3. Results

Discrete wavelet transformation disclosed significant differences
in time - frequency energetic distribution between both behaviors.
During eupnea, the energy was distributed uniformly over the burst
duration. However, energy of AspR was cumulated especially around
the maximal intensity interval (p < 0.05).

Prominent energetic differences were detected in frequency
domain. While AspR was characterized by strong energetic accu-
mulation at lower frequencies corresponding to the approximate
coefficients (p < 0.0001, Fig. 3), the eupneic activity showed increas-
ing wavelet energy at higher frequency components (p = 0.0022),
corresponding to interval (125 - 250) Hz.

Parameter wavelet entropy showed significant differences

between analyzed groups (Fig. 4.). AspR resulted in its decreasing
(p = 0.0023).

1004

nommalized wavelet entropy[%o]

AspR quiet inspiration

Fig. 4 The wavelet entropy measure normalized to averaged entropy of
quiet breathing (mean * standard deviation). AspR results in wavelet
entropy decreasing (p = 0.0023).

4. Discussion

The most important finding of this study is that the time - fre-
quency distribution of energy derived from phrenic nerve activity
shows differences between two inspiratory activities. Lower fre-
quencies are markedly involved in energy creation during aspiration
reflex under comparison with eupnea. Moreover, eupnea results in
increasing of wavelet entropy parameter.

COMMINICTIONS

As stated in Material and methods, we considered neural
activities within the range of (30- 1000) Hz. With regard to analy-
sis of the respiratory nerve outputs, the most interesting frequency
range is above 30 Hz, including the high frequency oscillations in
cat. These activities were described as the most distinguished signs
of respiratory neurogram spectra, significantly contributing to the
total power of inspiration [9].

In every sense, there is a lack of information regarding to
spectral characteristics in AspR and their comparison with other
defensive airway reflexes. Moreover, frequency components of res-
piratory outputs depend markedly on different experimental con-
ditions and methodical approaches and major part of papers deals
with different animal model, type of anesthesia or filtering methods
significantly affecting the signal spectra. Previous studies of the cat
phrenic nerve activity confirmed markedly different power spectra
in AspR and eupnoe using Short Fast Fourier Transform [2]. This
important identification was based on detection of typical high fre-
quency oscillations and their position in power spectra as a solitary
spectral characteristics. Therefore, analysis based on determination
of wavelet entropy and time - frequency distribution of whole energy
involved in phrenic bursts provides complementary findings in
the field of spectral behavior of defensive airway reflexes.

The method of wavelet transformation, widely used for analy-
sis of nonstationary and fast transient signals, represents effective
alternative towards Fourier transformation. The most important
advantage of the wavelet transformation consists in continuous
changes of the mother wavelet (an alternative of window in Fast
Fourier Transformation) according to its scale and time position.
With regard to adapting length of the weighing function, wavelet
transformation provides an adequate time and frequency localiza-
tion of signal features by using short windows at higher frequencies
and long windows at lower frequencies. An optimal time-frequency
resolution [10] is reached by scaling and translation of mother
wavelet function - a short duration oscillatory curve with zero-mean
value [11]. Consequently, analyzed signal is decomposed into mod-
ified version of mother wavelet [12]. Therefore, lower frequencies
(slow oscillations) are better distinguishable in frequency domain
while higher frequencies (fast oscillations) are a better time dis-
tinguishable because of narrower window function [13].

Relative energy associated with different frequency segments
of neurogram exhibits significant differences in analyzed record-
ings. Approximate coefficients representing lower frequency com-
ponents are dominant in creation phrenic signal during aspiration
reflex. Similar findings were observed in adult decerebrate rats [ 14]
during gasp - aborted breath, accompanied by strange vocaliza-
tions and muscles twitching. Loss in high frequency oscillations
could suggest possible reconfiguration of the respiratory network
when switching from eupnea. Relationships between aspiration
reflex and gasping have been previously studied because of their
similar manifestation and possible implications in clinical practice,
especially potential for resuscitation effect [6]. Presented method
of wavelet energy computation acknowledged other behavioral
similarities, including distribution of energy over different scale/
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frequency segments related to phrenic neurogram in aspiration
reflex and gasping development.

Wavelet entropy is a measure estimated by the wavelet coeffi-
cients to provide quantitative information about the order/complex-
ity of analyzed signals [ 15]. As a method of time - series processing,
entropy can describe dynamical cause associated with manifesta-
tion of different neurogram stages. Higher wavelet entropy value
detected in eupneic activity reflects higher probability of system
disorder comparing to AspR. From this point of view, quiet breath-
ing sounds like more random, irregular behavior. Probably, the
total wavelet entropy may reflect synchrony level of neural firing
[16]. Other investigators suppose that entropy could be an effec-
tive tool for measuring diffusion energy over neurons or degree of
synaptic activity.

Decreased signal complexity during coughing and swallowing
reflex in contrast to eupnea was investigated on the basis of the
phrenic approximate entropy determination [ 17]. Similarly, impli-
cation of wavelet entropy analysis in this study certified random
eupneic mode. Thus, reduced signal complexity probably results
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from synchronous activity of a homogeneous group of neurons
during airway reflex response.

5. Conclusion

An important conclusion derived from this study is a pres-
ence of different time - frequency distribution of energy related to
both analyzed respiratory behaviors. Lower wavelet entropy is
resulting from transient from eupneic activity to aspiration reflex.
This decreasing could be explained as a changing degree of neural
firing synchronization. Finally, these findings indicate specific
processes at a level of central integration of aspiration reflex with
potential impact on understanding the running of respiratory control
mechanisms.
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