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Abstract: Optimizing the positive end-expiratory pressure remains challenging for any clinician
treating a patient with acute respiratory distress syndrome. This paper presents an approach to
automate a PEEP titration maneuver and identify the best PEEP according to maximal com-
pliance. The respiratory system was modeled by a single-compartment model, and parameters
were estimated using multiple linear regression. A classifier identified the best PEEP using the
scaled relative change in compliance between PEEP levels based on empirical data from previous
manual PEEP titrations. An experimental system allows the in vivo testing of the automated
PEEP titration, including additional safety measures. The complete system was tested in a
single animal experiment and correctly identified the best PEEP. The introduced system is a
step closer towards an automated, standardized PEEP optimization and closed-loop control of
mechanical ventilation.
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artificial intelligence

1. INTRODUCTION

Acute Respiratory Distress Syndrome (ARDS) is a severe
form of respiratory failure with a high mortality rate
(Bellani et al., 2016). Patients suffering from ARDS have
insufficient oxygen in their blood, a stiffer lung (reduced
lung compliance), and collapsed lung regions (atelectasis).
Positive pressure mechanical ventilation is the current
therapy of choice, which supplies supplementary oxygen
and ventilation to improve gas exchange. A positive end-
expiratory pressure (PEEP) is applied to keep the lung
open, thereby reducing atelectasis and increasing the func-
tional residual capacity of the lung, which can lead to
improved oxygenation. Conversely, PEEP can also lead
to overdistension of lung regions and increase right heart
load. Hence, choosing an optimal PEEP level remains a
challenging task for any clinician.

Different approaches for optimizing PEEP have been pro-
posed, but there is currently no consensus on the optimal
method (Hess, 2015). An early landmark study by Suter
et al. (1975) proposed titrating PEEP such that the oxygen
delivery is maximized. However, the calculation of oxygen
delivery requires invasive measurement of cardiac output
and oxygen tension. The respiratory system compliance
was proposed as a substitute, since it correlated well with

oxygen delivery. As such, many PEEP optimization meth-
ods include titrating the PEEP until maximum compli-
ance is reached. Suarez-Sipmann et al. (2007) showed that
compliance could identify the beginning of collapse after
recruitment and confirmed these findings with oxygenation
and computed tomography scans. Other methods include
finding the lower point of inflection in the pressure-volume
curve in a low-flow inflation maneuver or calculating a
stress index, as described in Hess (2015). A model-based
PEEP optimization based on intra-breath compliance was
proposed by Chiew et al. (2011).

Imaging techniques, such as Computed Tomography (CT)
Scan and Electrical Impedance Tomography (EIT), have
also been used for offline PEEP optimization. Gattinoni
et al. (2006) considered lung density from CT scans at
different PEEP levels. Different EIT features, such as
the global in-homogeneity and hyperdistension indices
(Hochhausen et al., 2017) or the overdistended and col-
lapsed zones (Zhao et al., 2020) were also used to adjust
the PEEP.

Optimizing PEEP by finding the maximum compliance
remains a widely researched method; it requires no addi-
tional devices (CT and EIT), specialized mechanical ven-
tilators (low-flow method), and is not limited to volume-



controlled ventilation (stress-index). The standard pro-
cedure for finding the maximum compliance, as shown
in Fig. 1, involves first increasing the level of the end-
expiratory pressure to a specific value and then step-
wise reducing, or titrating, the PEEP and observing the
compliance at every level. Hickling (2001) argued that
due to the known hysteresis of the respiratory system,
a decremental PEEP titration should be used instead of
an incremental titration. This type of PEEP optimization
method was used in a clinical study performed by the
Writing Group for the Alveolar Recruitment for Acute
Respiratory Distress Syndrome Trial (ART) Investigators
(2017).

Despite its simplicity, such a PEEP optimization maneu-
ver is not performed routinely in the clinical setting, as
it is time-consuming and requires the full attention of
the clinician. The clinician needs to manually adjust the
PEEP while closely observing the dependent variable (the
compliance). At the same time, adjusting PEEP can lead
to critical events, such as hypoxemia and hypercapnia, due
to reduced tidal volumes caused by small lung compliance.
Contrarily, large lung compliance can lead to very large
tidal volumes, possibly inducing volutrauma (Acute Respi-
ratory Distress Syndrome Network, 2000). Finally, varying
the level of PEEP will affect the patient’s hemodynamic
stability and needs to be closely observed by the clinician.

An automated PEEP titration method would reduce the
clinician’s workload during such maneuvers, allowing more
focused monitoring of the patient. It would also benefit
the patient, as it could lead to the more routine use of
titrations and superior, standardized choices of PEEP. We
will introduce an algorithm to automate the titration and
optimize PEEP according to maximal compliance. Data
from 21 manual PEEP titrations, performed in a porcine
model of ARDS, are used to design the algorithms. The
system is evaluated online in a single animal experiment.

2. METHODS

2.1 Data and Experimental Setup

The available PEEP titration data was gathered from
eight adolescent pigs (German landrace, male, approx.
40 kg). All animals were put under general anesthesia
and respiratory failure was induced either by surfactant
depletion using saline-based lung lavages, see Russ et al.
(2016), or surfactant depletion combined with injurious
ventilation, as shown in Russ et al. (2021). The animals
remained deeply sedated throughout the experiment and
had no spontaneous breathing. Both models produced a
severe form of ARDS according to the Berlin definition
(PaO2/FiO2 of less than 100). In this work, no differenti-
ation was made between the two models and all data was
pooled together.

Following the induction of respiratory failure, a PEEP
titration was performed manually, followed by a three-
hour phase of protective ventilation, according to the
autoARDSNet protocol introduced by Pomprapa et al.
(2014). This process was repeated up to three times per
animal. The settings for the manual PEEP titrations are
given in Table A.1. A total of 21 PEEP titrations from
eight animals were used in the subsequent analysis.
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Fig. 1. A decremental PEEP titration. The best PEEP and
maximum compliance are shown in red.

An experimental system was developed that contains all
the sensors and actuators required for automated con-
trol of a mechanical ventilator. All algorithms ran on a
real-time PC (MicroLabBox, dSPACE GmbH, Paderborn,
Germany) which communicated with a medical panel
PC (THA.leia³, MCD Medical Computers Deutschland
GmbH, Mönchengladbach, Germany) running MATLAB
2017b (The MathWorks Inc., Natick, USA) and dSPACE
Control Desk ver. 7.1 (dSPACE GmbH, Paderborn, Ger-
many). A modified respirator (EVE, Fritz Stephan GmbH,
Gackenbach, Germany) received remote commands and
sent all measurement data via a custom RS232 protocol
to the real-time PC. The respirator has a built-in pulse
oximeter (MASIMO Rainbow, Irvine, USA) and capno-
graph (MASIMO IRMA CO2, Irvine, USA). All venti-
lation data (pressure and flow) were sampled at 100 Hz,
whilst the other variables, such as oxygen saturation
(SpO2), heart rate, and end-tidal carbon dioxide concen-
tration (etCO2) were sampled at 1 Hz. The data were
recorded and processed on the real-time PC.

2.2 Estimation of Lung Mechanics

The respiratory system can be modeled as a single-
compartment, comprising a resistance and a compliance.
More complex respiratory system models exist, such as the
non-linear single-compartment model (Morton et al., 2018)
or multi-compartment models (Bates, 2009) that achieve
higher accuracy in modeling the respiratory system. How-
ever, the current manual PEEP titrations also use a single-
compartment model, and as such, the definition of best
PEEP, as used here, was based on that assumption. If a
more complex model were used, the physiological meaning
of the different respiratory parameters would need to be
re-evaluated and a new definition of best PEEP would need
to be found. We, therefore, used the single-compartment
model to retain clinical acceptance and physiological trans-
parency.

The differential equation for the single-compartment
model is given by:

Paw(t) = Rrs · V̇aw(t) +
1

Crs
· Vaw(t) + P0, (1)
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Fig. 2. Measured and estimated data for one breath.

where Paw is the airway pressure, V̇aw is the flow, Vaw is
the volume found by integrating the flow, and P0 is the
end-expiratory pressure. The parameters resistance (Rrs)
and compliance (Crs) were estimated using multiple linear
regression on a breath-by-breath basis, as described in
Bates (2009). An exemplary measured breath, along with
the estimate and the residual, is shown in Fig. 2.

The coefficient of determination (CD) presents the goodness-
of-fit of the estimate, see Bates (2009), and is given by:

CD = 1 −

∑N
i=1

(
Pi,aw − P̂i,aw

)2
∑N

i=1

(
Pi,aw − P̄aw

) , (2)

where P̄aw is the mean pressure over one breath, Pi,aw is

the measured and P̂i,aw the estimated airway pressure at
sample i. The closer the CD is to one, the better the model
accounts for the variation in the data, see Bates (2009). A
low CD value for a given breath, therefore, expresses a
poor fit. For all available data the CD was found to be
0.9863 ± 0.0055, which is a sufficiently good fit for the
automated PEEP titration.

2.3 Classification of Best PEEP

The large signal hysteresis behavior of the lung needs to
be considered regarding the direction of the titration and
in determining the best PEEP.

In the current manual methods, the PEEP is reduced until
a peak in the compliance curve becomes obvious; thereby
requiring going over the peak in order to be sure that the
maximum value has passed. However, simply re-setting the
PEEP to the (previously) identified best PEEP would not
return the compliance to the previous maximum value.
Instead, by moving from the expiratory limb (decreasing
PEEP) towards the inspiratory limb (increasing PEEP) of
the lung hysteresis curve, the obtained result would take
on an entirely different value. In the study by the Writing
Group for the Alveolar Recruitment for Acute Respiratory
Distress Syndrome Trial (ART) Investigators (2017), a
recruitment maneuver was performed after the maximum
compliance was found, but before setting the best PEEP.
Recruitment maneuvers, however, require clinical exper-
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Fig. 3. Normalized PEEP titration data from 21 titrations
from eight animals; centered around their individual
best PEEP.
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Fig. 4. Logistic model used for the classification of PEEP
levels.

tise and can lead to severe hemodynamic instability and a
possible pneumothorax.

In this work, we show that the best PEEP can be identified
with a large degree of accuracy and without surpassing the
compliance peak by using logistic regression.

All available PEEP titrations are first centered around
the best PEEP and subsequently normalized, as shown in
Fig. 3. Then, for each titration, the different PEEP levels
prior to and including the best PEEP are labeled. In total
there were 118 available PEEP levels, with 21 best and 97
not best PEEP levels, classified as a 1 or a 0, respectively.

Fig. 3 shows all 21 PEEP titrations having a similar shape.
Hence, the scaled relative increase in compliance (∆C) as
given by (3) is used as a predictor.

∆Ci =
C̄i − C̄i−1

C̄i−1
, (3)

where i is the index of the current PEEP level, C̄i is the
median compliance at the current level, and C̄i−1 is the
median compliance at the previous level.

Logistic regression models the probability that a measure-
ment (X) belongs to a certain class (Y ) (James et al.,
2013). In our case, we used the scaled relative compliance
as a predictor (∆C). The model was trained using the
labeled data above and a five-fold cross-validation method.
The resulting logistic regression model is shown in Fig. 4.
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Fig. 5. The continuous estimation of the compliance during a complete titration.

The threshold for predicting the best PEEP was set at 0.5
(p(∆C) > 0.5). The classifier achieved an accuracy of 95 %
for classifying a random PEEP level as either best PEEP
or not best PEEP.

If the prediction of the best PEEP fails and we have passed
the maximum compliance, the ∆C will be negative and the
PEEP should be increased again. This class is classified as
−1. The classifier is therefore combined into the following
form:

f(∆Ci) =


0, if ∆Ci ≥ 0.067

−1, if ∆Ci < 0

1, otherwise

(4)

2.4 Control of mechanical ventilator

The algorithm to perform the automated best PEEP iden-
tification was designed as a state machine. The conditions
to transition to the next state are shown in the flowchart
in Fig. 6.

A pressure-controlled ventilation mode was chosen for the
maneuver, with a constant driving pressure ∆P :

∆P = Pinsp − PEEP = 14 mbar, (5)

with Pinsp the set point for the inspiratory pressure. A
driving pressure of 14 mbar was chosen, as it was shown
by Amato et al. (2015) that keeping the driving pressure
below 15 mbar correlates with a reduced risk of mortality.
Other mechanical ventilator settings, such as the breathing
rate and inspiration to expiration ratio, are set by the
clinician prior to starting the maneuver and kept constant
throughout. The fraction of inspired oxygen (FiO2) is set
to 1.0 for the entire maneuver to prevent hypoxemia.
This is in line with current clinical ARDS treatment,
where periods with FiO2 equal to 1.0 are used during
interventions such as suction or disconnection, see Acute
Respiratory Distress Syndrome Network (2000).

Several automated safety measures were implemented as
well. Sufficient alveolar ventilation and gas exchange were
ensured by preventing very low tidal volumes, even with
severe decreases in compliance. The algorithm automat-
ically increases the driving pressure if the tidal volume;
scaled to predicted body weight (VT,pbw); drops below
a lower threshold of 4 ml kg−1. If a significant increase
in compliance causes the tidal volume to increase above
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Adapt ∆P s.t.
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End

No
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No
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Fig. 6. Flowchart for the automated PEEP titration.

the upper threshold of 8 ml kg−1, the driving pressure
automatically decreases. If the SpO2 drops by more than
3 % compared to the start of the downward titration, the
titration is automatically stopped. The clinician is alerted
and control is returned to the clinician.

Deciding on the required duration of each PEEP step
was crucial. A compromise between evaluating each PEEP
level at a quasi-stationary point and reducing the total
time of the maneuver was required. Chiumello et al. (2013)
studied the time required to reach a steady-state for both
gas exchange and respiratory mechanics, among others,
after a PEEP change. They found that after a PEEP
decrease, the oxygenation had stabilized at 5 min, possi-
bly earlier, but this was not evaluated. The respiratory
mechanics could take up to 60 min to reach an equilibrium.
As can be seen in Fig. 5 the compliance on each step
had not reached a true steady-state after eight minutes
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Fig. 7. Result of the automated PEEP titration maneuver.
After the system had found the best PEEP, the PEEP
was reduced manually to confirm that the maximum
compliance had been found.

(160 breaths). However, the change in compliance between
steps is substantially more significant than the relative
compliance change on each step. An evaluation of the
best PEEP found using the median compliance of the first
two minutes compared to the median compliance of the
complete eight minutes showed no difference. Therefore,
a decrease in PEEP is programmed to occur every two
minutes until the best PEEP has been identified.

3. RESULTS AND DISCUSSION

The automated PEEP titration was tested during a single
animal experiment. First, a clinician ensures the animal
is hemodynamically stable and in deep anesthesia. Then,
using the available user interface, the clinician started
the automated PEEP titration protocol. Fig. 7 shows
the trajectory of the breath-by-breath compliance changes
during the maneuver. At 190 breaths the best PEEP had
been automatically determined and the control of the
mechanical ventilator was returned to the clinician.

To validate that this was the best PEEP, the clinician sub-
sequently manually reduced the PEEP even further, which
caused a reduction in compliance. As such, the automated
system correctly identified the best PEEP. The system
performed the maneuver without requiring the clinician
to intervene and adapt mechanical ventilator settings, al-
lowing him to focus on monitoring the patient and keeping
the hemodynamics stable during the maneuver.

Our implementation automates the currently applied clin-
ical procedure of PEEP titrations by finding the maximum
compliance. This procedure is understood and used by
clinical staff and may lead to faster acceptance. At the
same time, however, we made the assumption, based on
clinical feedback, that the PEEP with the maximum com-
pliance is the best choice. However, there is no consensus
on what the optimal PEEP truly is, see Hess (2015).
Benefits of finding the PEEP with maximum compliance
(or equivalently, the minimum elastance) have been shown
in experimental studies (Suarez-Sipmann et al., 2007). A

prospective study is proposed by Kim et al. (2020), but the
study is still ongoing and no results have been published.

The system incorporates artificial intelligence in the
decision-making process of adapting mechanical ventilator
settings. By using a single predictor and logistic regression
for the classification, the decision of the best PEEP is
comprehensible, transparent and can be easily retraced.
Furthermore, logistic regression performs well, even with
limited data. If clinical data on PEEP titrations becomes
available, further artificial intelligence algorithms could be
used to predict the best PEEP for a patient. A similar
approach was used to optimize other mechanical ventilator
settings for weaning (Prasad et al., 2017). A limitation
exists due to the available data being restricted to an
artificially induced ARDS in a porcine model. Before being
transferred to a patient, the classification requires adapta-
tion to real clinical data.

The current system is limited to performing an automated
PEEP titration if initiated by the clinician. Before and af-
ter the maneuver, the clinician or other automated system
(Platen et al., 2020) have to adapt the other mechani-
cal ventilator settings, such as the breathing frequency,
driving pressure or fraction of inspired oxygen. Once an
optimized PEEP level has been determined, it should
remain fixed for up to 24 h, as is outlined in the Acute
Respiratory Distress Syndrome Network (2000) guidelines.
Then the clinician could initiate another automated PEEP
titration if required.

The system can be extended to include further parameters
to evaluate the best PEEP online. Firstly, the single-
compartment model is a first approximation of the res-
piratory system, which was chosen for its simplicity and
clinical transparency. Higher order models could be used
to gain further insight into the changes in lug dynam-
ics during these titrations. Furthermore, the system only
considers the global lung mechanics; however, the benefit
of local information, by using EIT, for example, could
further improve the system. Finally, the goal of mechanical
ventilation is to provide sufficient gas exchange; therefore
physiological variables such as SpO2, end-tidal CO2, or de-
rived variables, such as shunt, dead-space and ventilation
efficiency, should be included in the decision process.

4. CONCLUSION

In this work, we presented an automated PEEP titration
maneuver that is able to identify the best PEEP. In
addition, a classifier was developed and trained using
empirical data to evaluate if the current PEEP level is
the best. Finally, the system was validated during a single
animal experiment, whereby it automatically performed
the entire titration and correctly identified the best PEEP
without clinician input.
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Appendix A. TABLES

Table A.1. Ventilator settings for the PEEP
titration

Setting Value

∆P 14 mbar
PEEP 24 mbar to 6 mbar
f 20 min−1

FiO2 1.0
I:E 1:1


