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Abstract—High-frequency percussive ventilation (HFPV) is
a non-conventional mechanical ventilatory strategy which has
proven useful in the treatment of a number of pathological
conditions. HFPV usually involves the usage of endotracheal
tubes (EET) connecting the ventilator circuit to the airway of
the patient. The pressure of the air flow insufflated by HFPV
must be controlled very accurately in order to avoid barotrauma
and volutrauma. Since the actual tracheal pressure cannot be
measured, a model for estimating such a pressure based on the
EET properties and on the air flow properties that can actually
be measured in clinical practice is necessary. In this work we
propose a novel methodology, based on Genetic Programming,
for synthesizing such a model. We experimentally evaluated our
models against the state-of-the-art baseline models, crafted by
human experts, and found that our models for estimating tracheal
pressure are significantly more accurate.

I.

I NTRODUCTION

High-frequency percussive ventilation (HFPV) is a nonconventional ventilatory strategy which associates the beneficial aspects of conventional mechanical ventilation (CMV)
with those of high-frequency ventilation HFV [1]. HFPV acts
as a rhythmic cyclic ventilation with physically servoed flow
regulation, which produces a controlled staking tidal volume
by pulsatile flow [1], [2]. Over the years, HFPV has proven
highly useful in the treatment of several widely differing pathological conditions: closed head injury [3], patients with acute
respiratory distress syndrome (ARDS) caused by burns and
smoke inhalation [4], [5], newborns with hyaline membrane
disease and/or ARDS [6], patients with severe gas exchange
impairment [7]. The efficacy of HFPV has been demonstrated
also in removing bronchial secretions under diverse conditions [8], [9].
Usage of HFPV in clinical practice involves endotracheal
tubes (EET) for connecting the ventilator circuit to the airway
of the patient. The pressure measured by the ventilator consists
of the sum of the EET pressure drop and of the tracheal
pressure dissipated to inflate lung. In order to evaluate correctly
the respiratory function, in particular, to avoid barotrauma
and volutrauma [10], it is mandatory to take into account
precisely the real amount of pressure dissipated by these
components [11], [12]. While the pressure at the ventilator
end of the EET can be measured easily, measuring the tracheal
pressure of a patient is more difficult and, in every day clinical
practice, such a measure cannot be done invasively. For this
reason, HFPV requires a model for accurately estimating the
tracheal pressure value based solely on non-invasive pressure
and flow measurements.
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In this paper, we describe the synthesis of such model by
means of Genetic Programming (GP). GP is a method for
automatically generating solutions—in the form of computer
programs, formulas, and so on—inspired by biological evolution. We experimentally evaluated our approach by comparing
our GP-generated model against two different models largely
used in previous works [13], [14] on a dataset of in vitro
measures. The outcomes are very important: the GP-generated
models exhibit an estimation accuracy which is sensibly higher
than those of the existing models which has been crafted by
human experts and have been largely used in previous works.
II.

R ELATED WORK

The pressure drop during mechanical ventilation
∆PEET (t) = Paw (t)–Ptr (t)—where Paw (t) is the airway
pressure measured by ventilator and Ptr (t) is the unknown
tracheal pressure—has been widely studied both in adult and
pediatric endotracheal tubes [10]–[19]. In general, ∆PEET
depends on flow regime, on geometric characteristics of the
tube and on physical properties of the gas. The flow regime
can be either laminar or turbulent with a small transitional
region between these two regimes. In order to estimate ∆PEET
and derive tracheal pressure accordingly, a model for the
pressure-flow relationship characterizing EET is necessary.
This model may be considered linear in the presence of
laminar flow [15], [16]:
∆PEET (t) = Rtube V̇ (t)

(1)

where V̇ (t) is the flow and Rtube is the flow resistance
coefficient. In most cases, though, a nonlinear pressure-flow
model turns out to be more appropriate due to the presence of
turbulent flow [10], [14], [17]–[19]:
∆PEET (t) = K1 V̇ (t) + K2 V̇ (t)|V̇ (t)|

(2)

where and K1 and K2 are the Rohrer’s constants [20].
The above approaches may not be sufficiently accurate during high frequency oscillatory ventilation. Further models have
been developed for such scenarios by taking into account an
additional pressure drop ∆PI (t) due to mechanical inertance
I and depending on the volume acceleration V̈ (t) [13], [14]:
∆PI (t) = I V̈ (t)
III.

(3)

O UR APPROACH

Our approach is based on Genetic Programming (GP). GP
is an automatic method for creating computer programs inspired by biological evolution [21]. GP has been used in a wide
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Figure 1. Tree representation of the “Paw (t) − Rtube V̇ (t) − I V̈ (t)” formula.
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range of applications such as web security [22], electricity
price prediction [23], text mining [24]. In GP, a population
of computer programs is generated at random starting from
a predefined set of building blocks. Each of these programs
constitutes a candidate solution for the problem and is called
an individual. The process is based on a predefined fitness
function for the problem to be solved. This function quantifies
the performance of any given candidate solution for that
problem. Usually, the fitness of an individual is computed on a
set of solved instances of the problem (the learning corpus) by
comparing—in terms of some predefined performance index—
the solutions provided by the individual against the known
correct solutions.
A GP execution consists in an evolutionary search structured as follows: (i) compute the fitness of each individual;
(ii) construct new individuals by applying certain genetic
operators (such as “crossover” and “mutation”) to the individuals with highest fitness; (iii) construct a new population
composed of individuals with highest fitness and new individuals as created at the previous step. These steps constitute
a generation. This process is iterated until either a solution
with perfect fitness is found or some termination criterion is
satisfied, e.g., a predefined maximum number of generations
have evolved. Usually, the population size is kept constant
across all generations.
In many scenarios of practical interest, each GP individual
represents a formula rather than a more general computer
program. The formula is represented as an abstract syntax tree,
where a branch node is an element taken from a predefined
functions set and a leaf node is an element taken from a
predefined terminal set (terminal set and function set constitute
the building blocks mentioned above). The function set may
contain mathematical functions like the arithmetic operators
whereas the terminal set usually contains constants and variables. An example of a GP tree individual which corresponds
to a formula is showed in Figure 1.
In this work, we aim at estimating the tracheal pressure
Ptr (t). To this end, we use a terminal set which consists of:
• the pressure measured by ventilator Paw (t),
• the flow V̇ (t),
• the volume acceleration V̈ (t),
Special Sessions
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Figure 2. Diagram of the experimental setup: measurement equipment is
denoted by blocks with rounded corners. Equipment parameters are shown
inside corresponding blocks.

• the percussive frequency fp ,
• the work pressure Pwork ,
• random constants uniformly distributed in [0.01, 10].
Note that we do not include the parameters of the lung
simulator (Rsim and Csim , see Section IV-A) because their
values are hardly estimable with precision during the clinical
practice.
The function set is composed by the mathematical binary
operators +, −, ×, ÷, exp and the exponentiation pow.
We used two fitness function to be minimized: (i) the Mean
Square Error (MSE) and (ii) the individual size, i.e., the total
number of nodes of the individual in its tree form:
n

1X
fMSE (T ) =
(P̂T (tn ) − Ptr (tn ))2
n i=1
fS (T ) = S(T )

(4)
(5)

where T indicates a GP individual, P̂T (tn ) is the value
assumed by the individual T at time tn and S(T ) is the number
of nodes in the individual T .
The choice to minimize the number of nodes is important
in order to enforce a principle of parsimony, i.e., to reduce the
possible proliferation of unnecessary sub-trees in individuals
(also known as bloat [25]). We minimize the resulting multiobjective fitness by means of NSGA-II [26]. We performed
our GP searches using a tool that we have developed in our
lab [22]–[24]. This tool is written in Java and can run different
GP searches in parallel on different machines.
IV.

E XPERIMENTS

A. Experimental setup
Figure 2 shows the experimental setup to collect in vitro
measures for this study. HFPV was provided by a volumetric
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The examined EET was connected2 to the ventilator circuit
and to a single-compartment lung simulator (ACCU LUNG)3
that provides a physical model of the respiratory system.
Flow and pressures were acquired by a dedicated acquisition system [28]. The measurement of the flow signal V̇ (t)
was performed using Fleisch pneumotachograph4 connected
to a differential pressure transducer (0.25 INCH-D-4V5 ). The
pressure signals Paw (t) and Ptr (t) were measured with pressure
transducers (ASCX01DN6 ) placed respectively before the EET
connector and at the end of the EET, respectively. V̇ (t), Paw (t)
and Ptr (t) signals were acquired at a sampling frequency
of fs = 2000 Hz with 12 bit resolution (PCI-6023E7 ). The
volume acceleration V̈ (t) has been computed off-line as:
V̇ (tn+1 ) − V̇ (tn−1 )
V̈ (tn ) =
2Ts

(6)

where Ts = f1s = 0.5 ms and V̇ (tn ) is the n-th measured
sample of V̇ (t).
We experimented with two different EET8 with inner
diameter of DEET = 6.5 mm and DEET = 7.5 mm. For each
EET, we considered all the 108 combinations of the following
parameters:
• ventilator work pressure Pwork , from 20 cmH2 O to
45 cmH2 O with increasing steps of 5 cmH2 O ;
• ventilator percussive frequency fp , set to 300 cycle/min,
500 cycle/min and 700 cycle/min;
• lung simulator resistive load Rsim , set to 5 cmH2 O /(L s)
and 20 cmH2 O /(L s);
• lung simulator compliance load Csim , set to
10 mL/cmH2 O , 20 mL/cmH2 O and 50 mL/cmH2 O .
In each experiment we collected the values for V̇ (t), Paw (t),
Ptr (t) and V̈ (t) during a single inspiratory phase of a single
respiratory cycle, for a duration of 4 s. Hence, for each EET
and for each parameter combination, we collected a respiratory
signals set composed of 8000×4 samples. Figure 3 plots Ptr (t)
and Paw (t) of a single respiratory signal set, i.e., only two of
the four components of that signal set. Table I summarizes the
symbols used in this work.
B. Methodology
In order to generate a model for the unknown tracheal
pressure Ptr (t) for a given EET, we proceeded as follows.
1 Percussionaire

Corporation, USA.
a dedicated EET connector with inner diameter of 11 mm.
3 Fluke Biomedical, USA.
4 Type 2, Switzerland.
5 All Sensors, USA.
6 Honeywell, USA, with identical connectors with diameter of 20 mm.
7 National Instruments, USA.
8 I.D. 6.5, Rusch, Gremany and I.D. 7.5, Rusch, Gremany.

2 With
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50
Ptr (t), Paw (t) (cmH2 O )

diffusive respirator (VDR-4 R 1 ) which delivers mini-bursts
of respiratory gas mixtures in the proximal airways by the
Phasitron R , which is the heart of this kind of ventilation [1],
[27]. In this experimental setup, pulsatile flow was delivered
during inspiratory phase (In) while expiratory phase (Ex) was
completely passive. The VDR-4 R ventilator was set to deliver
a inspiratory/expiratory (In/Ex) duration ratio of 1:1, both for
the pulse and the overall respiratory cycle [1], [27].
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Figure 3.
Measurements Ptr (t) and Paw (t) for the EET with DEET =
6.5 mm and the parameters combination Rsim = 20 cmH2 O /(L s), Csim =
10 mL/cmH2 O , fp = 300 cycle/min and Pwork = 40 cmH2 O .

Table I.
Symbol
DEET
Rsim
Csim
fp
Pwork
Paw (t)
Ptr (t)
V̇ (t)
V̈ (t)

Type
parameter
parameter
parameter
parameter
parameter
sampled signal
sampled signal
sampled signal
computed signal

S UMMARY OF NOTATION
Description
EET diameter
lung sim. resistive load
lung sim. compliance load
HFPV percussive frequency
HFPV work pressure
ventilator pressure
tracheal pressure
flow
volume acceleration

Unit
mm
cmH2 O /(L s)
mL/cmH2 O
cycle/min
cmH2 O
cmH2 O
cmH2 O
L/s
L/s2

1) We randomly selected 7 respiratory signals sets and
used them as training set. We randomly selected 3 other
respiratory signals sets and used them as validation set.
We used the remaining respiratory signal sets as testing
set.
2) We executed a GP search as follows: (i) we ran 32
different and independent GP evolutions (jobs), each on
the training set (without the examples in the validation
set) and with the GP-related parameters set as in Table II;
(ii) for each job and for each generation, we selected the
individual with the best multi-objective fitness (according
to NSGA-II) on the training set; (iii) among the resulting
set of 32 × 500 = 16000 individuals, we selected the
individual T ∗ with the lowest fMSE on the validation set;
(iv) we used the formula P̂T ∗ (t) represented by T ∗ as a
model for Ptr (t).
3) We repeated steps 1 and 2 five times.
In other words, for each EET, we constructed five models for
Ptr (t) using five different learning sets.
Each GP search has been executed in parallel on 4 identical
machines powered with a quad-core Intel Xeon X3323 (2.53
GHz) and 2GB of RAM.
In order to assess our results, we considered two baseline
models widely used in the literature and crafted by human
experts [13], [14]. The models are defined in accordance
with Eq. 1 and Eq. 2 and with the addition of the volume
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GP PARAMETERS

Table III.
DEET

6.5

7.5

Repetitions (MSE
GP
LM
1.01
3.44
0.78
3.47
0.76
3.57
0.82
3.48
0.84
3.29
0.90
3.33
1.06
3.35
1.03
3.24
3.21
3.27
1.03
3.25

100

Settings
500
500
Tournament of size 7
1–5
15
10%
80%
10%

% of individuals

Parameter
Population size
Number of generations
Selection
Initialization depths
Max. depth after crossover
Reproduction rate
Crossover rate
Mutation rate

E XPERIMENT RESULTS
%)
NM
1.94
1.92
1.98
1.89
2.06
1.94
1.95
1.90
1.89
1.94

Average (MSE %)
GP
LM
NM
0.84

3.45

1.96

Time
(min)

80
60
40
20
0
0

263

0.5

1

1.5
2.5
2
Testing MSE

3

3.5

4

3

3.5

4

(a) DEET = 6.5 mm
1.44

3.29

1.91

257

acceleration V̈ (t) (Eq. 3), as follows:
LM: Ptr (t) = Paw (t) − Rtube V̇ (t) − I V̈ (t)

NM: Ptr (t) = Paw (t) − K1 V̇ (t) − K2 V̇ (t)|V̇ (t)| − I V̈ (t)

We selected the parameter values for these baseline models by
means of Least Squares method applied on the same learning
data available to each GP search. That is, we used a different
parameter calibration for each GP search, based on the union
of the training and validation sets randomly selected for that
search.
The accuracy of the GP-generated models and the baseline
models LM and NM was quantified by the respective mean
square error MSE exhibited on the testing set.

100
% of individuals

Table II.
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Figure 4. Cumulative distribution of the MSE on the testing set for the final
individual of each job. Vertical lines indicate the MSE for the two baseline
models NM and LM.

C. Results
The salient results are summarized in Table III. The execution time indicates the average time required for generating
one of the GP-based models.
The key result is that the GP-generated model performs
significantly better than the baseline in all the experiments,
with the only exception of the fourth repetition for DEET =
7.5 mm in which the GP-generated model performs slightly
better than LM but worse than NM.
In order to gain further insights into the ability of GP to
generate accurate models, we report in Figure 4 the cumulative
distribution of the MSE on the testing set of all the best
individuals selected on the validation set—i.e., at the end of
each job. The baseline models are reported as vertical lines.
It can be seen that the good performances exhibited by our
approach are not caused by a single lucky individual: GP is
instead able to systematically produce a large set of models
which perform better than the baseline models.
Figure 5 plots, for each of the 5×32 = 160 best individuals
found at the end of each job and each repetition, the MSE
on the validation vs. the MSE on the testing set. The figure
shows how the performance of an individual on the validation
set is a good predictor of the performance on the testing
set, which hence suggests that the proposed method could
Special Sessions
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be applied successfully also for different EET and parameter
combinations.
V.

C ONCLUDING REMARKS

We proposed a novel approach for estimating the tracheal pressure during High-frequency percussive ventilation
(HFPV), a problem of uttermost importance in clinical pratice.
Our approach is based on genetic programming (GP) which
synthesizes a model for the tracheal pressure automatically,
based on a collection of respiratory signals.
We assessed our proposal on a dataset consisting of in vitro
measured respiratory signals. The results in terms of Mean
Square Error are very good: the GP-generated models for the
tracheal pressure perform significantly better than two other
existing models—generated by human experts—largely used
in earlier proposals.
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