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Abstract

Acute Respiratory Distress Syndrome (ARDS) is associated with lung inflammation and fluid
filling, resulting in a stiffer lung with reduced intrapulmonary gas volume. ARDS patients are
admitted to the Intensive Care Unit (ICU) and require Mechanical Ventilation (MV) for
breathing support. Positive End Expiratory Pressure (PEEP) is applied to aid recovery by
improving gas exchange and maintaining recruited lung volume. However, high PEEP risks
further lung injury due to overstretching of healthy lung units, and low PEEP risks further
lung injury due to the repetitive opening and closing of lung units. Thus, selecting PEEP is a
balance between avoiding over-stretching and repetitive opening of alveoli. Furthermore,
specific protocols to determine optimal PEEP do not currently exist, resulting in variable
PEEP selection. Thus, ensuring an optimal PEEP would have significant impact on patient
mortality, and the cost and duration of MV therapy.

Two important metrics that can be used to aid MV therapy are the elastance of the lungs as a
function of PEEP, and the quantity of recruited lung volume as a function of PEEP. This
thesis describes several models and model-based methods that can be used to select optimal
PEEP in the ICU. Firstly, a single compartment lung model is investigated for its ability to
capture the respiratory mechanics of a mechanically ventilated ARDS patient. This model is
then expanded upon, leading to a novel method of mapping and visualising dynamic
respiratory system elastance. Considering how elastance changes, both within a breath and
throughout the course of care, provides a new clinical perspective. Next, a model using only
xv

the expiratory portion of the breathing cycle is developed and presented, providing an
alternative means to track changes in disease state throughout MV therapy. Finally, four
model-based methods are compared based on their capability of estimating the quantity of
recruited lung volume due to PEEP.

The models and model-based methods described in this thesis enable rapid parameter
identification from readily available clinical data, providing a means of tracking lung
condition and selecting optimal patient-specific PEEP. Each model is validated using data
from clinical ICU patients and/or experimental ARDS animal models.

xvi

xvii

xviii
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Chapter 1 – Introduction

1.1

RESPIRATORY SYSTEM ANATOMY AND PHYSIOLOGY

Cells are the basic structural and functional units of an organism and require a continuous
supply of oxygen (O2) to perform metabolic reactions to release energy. These reactions
produce carbon dioxide (CO2), which, in excessive amounts, can be toxic to cells and must be
removed quickly. The respiratory system provides the means for gas exchange to occur,
while the cardiovascular system transports the blood containing these gases between the
lungs and the body cells. Thus, the respiratory system and the cardiovascular system
cooperate to efficiently supply cells with O2 and eliminate CO2 (Tortora and Derrickson,
2006).

The respiratory system can be divided into two physiological zones. The first is the
conducting zone, consisting of a series of interconnecting cavities and tubes that filter, warm,
and moisten air as it is transported to the lungs. The second is the respiratory zone, where gas
exchange occurs between the air and the blood. The respiratory system can also be divided
into two anatomical regions. The first is the upper respiratory system consisting of the nose,
pharynx, and associated structures. The second is the lower respiratory system consisting of
the larynx, trachea, bronchi, and lungs (Tortora and Derrickson, 2006). These structures are
shown in Figure 1.1.
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Figure 1.1 – Anterior view of the respiratory system (Tortora and Derrickson, 2006).

The lungs are paired organs situated within the thoracic cavity which is formed by the ribs,
the muscles of the chest, the sternum, the thoracic portion of the vertebral column, and the
diaphragm. The two lungs are located lateral to the heart with the left lung smaller than the
right lung due to a concavity to accommodate the heart. Each lung is enclosed and protected
by two layers of serous membrane, one lining the inner wall of the thoracic cavity, and the
other lining the outer surface of each lung. Between these two membranes is a small space,
known as the pleural cavity, containing pleural fluid that acts to reduce friction between the
two membranes during breathing (Tortora and Derrickson, 2006).
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During inspiration, air travels into the nasal cavity or oral cavity, through the pharynx and
larynx, and into the trachea. The trachea is surrounded by horizontal hoops of cartilage, as
shown in Figure 1.2, which act to support the tracheal wall from collapse. The inferior end of
the trachea bifurcates into two primary bronchi, one for each lung. Upon entering the lungs,
each primary bronchi branches to form smaller secondary bronchi, one for each lobe, where
the right lung has three lobes and the left lung has two lobes. Secondary bronchi branch to
form smaller tertiary bronchi that branch into smaller bronchioles, which, in turn, branch
repeatedly, ultimately branching to form terminal bronchioles. The cartilage hoops are
gradually replaced by cartilage plates in the primary bronchi and disappear completely in the
distal bronchioles. The terminal bronchioles branch to form microscopic respiratory
bronchioles, finally branching to form alveolar ducts. Approximately 25 generations of
branching occurs between the trachea and the alveolar ducts (Tortora and Derrickson, 2006).

Figure 1.2 – Major proximal airways (Sebel, 1985).
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Surrounding the alveolar ducts are numerous alveoli and alveolar sacs which consist of two
or more alveoli sharing a common opening. Clusters of alveoli, known as lung units, are
shown in Figure 1.3. The walls of alveoli consist of two types of epithelial cells. Type I cells
are the primary sites of gas exchange, while type II cells secrete alveolar fluid that keeps the
surface between the cells and the air moist. Included in the alveolar fluid is surfactant, a
mixture of phospholipids and lipoproteins that lowers the surface tension of the alveolar fluid.
Surface tension produces a force directed inward, reducing the diameter of the alveoli, and
must be overcome to expand the lungs during inspiration. Therefore, a lower surface tension
reduces the inspiratory effort by reducing the tendency of alveoli to collapse (Tortora and
Derrickson, 2006).

Figure 1.3 – Alveoli, alveolar sacs, and lung units (Tortora and Derrickson, 2006).

The lungs receive deoxygenated blood via the pulmonary arteries and oxygenated blood via
the bronchial arteries. Return of oxygenated blood to the heart occurs via four pulmonary
veins. The exchange of O2 and CO2 between the air in the lungs and the blood takes place in
4

available, or recruited, alveoli. Gas exchange is determined by the respective partial pressures
of O2 and CO2 on either side of the alveolar and capillary walls, which together form the
respiratory membrane. The respiratory membrane is very thin to allow for rapid diffusion of
gases (Tortora and Derrickson, 2006).

1.2

PULMONARY VENTILATION

Pulmonary ventilation results in airflow between the atmosphere and the alveoli of the lungs
due to pressure differences created by contraction and relaxation of respiratory muscles. The
rate of airflow and the amount of effort required for breathing is also influenced by alveolar
surface tension, stiffness of lung tissue, and airway resistance. Air travels into the lungs when
the pressure inside the lungs is less than atmospheric pressure. Air travels out of the lungs
when the pressure inside the lungs is greater than atmospheric pressure. These two scenarios
define inspiration and expiration, respectively.

Pressure changes within the lungs are generated by changing the volume of the thoracic
cavity. For inspiration, the lungs must expand in volume, thereby decreasing the alveoli
pressure below atmospheric pressure. This negative pressure gradient is generated primarily
by the diaphragm, which forms the base of the thoracic cavity, while the remainder is due to
contraction of the external intercostals, which elevate the ribs and increase the anteroposterior
and lateral diameters of the thoracic cavity. There is no physical connection between the
lungs and the diaphragm or rib cage, so a negative pressure gradient must be created across
the pleural cavity. Thus, movement of the lungs is completely passive.
5

Expiration begins when the inspiratory muscles relax. The recoil of elastic fibers stretched
during inspiration, and the inward force of the surface tension due to the alveolar fluid,
causes a decrease in lung volume. Thus, during quiet breathing, expiration is a passive
process (Tortora and Derrickson, 2006). Figure 1.4 shows how movement of the diaphragm
and ribs results in airflow between the atmosphere and the lungs.

Figure 1.4 – Movement of the diaphragm and ribs during inspiration and expiration (Sebel,
1985).

1.3

ACUTE RESPIRATORY DISTRESS SYNDROME

Acute Respiratory Distress Syndrome (ARDS) (The ARDS Definition Task Force, 2012) is a
condition where the lung is inflamed and fills with fluid, thereby losing the ability to
exchange gas effectively. Inflammation leads to reduced surfactant production causing
alveoli and/or bronchial passages to collapse and fill with fluid (Gattinoni and Pesenti, 2005).
6

Additional alveolar collapse is facilitated by an increase in pressure caused by the excess
fluid in the lung (Ware and Matthay, 2000). Furthermore, injury to alveolar epithelial walls
results in increased permeability between the blood and airspace, leading to pulmonary
oedema, where the lungs flood due to excess build up of fluid.

ARDS affects the lungs heterogeneously, causing alterations in a patient‟s breath-to-breath
respiratory mechanics (Puybasset et al., 2000, Gattinoni et al., 2001, Stenqvist et al., 2008).
Injured lung tissue, combined with a build up of fluid, results in a stiffer, or less compliant
lung (Gattinoni and Pesenti, 2005). Thus, an ARDS affected lung requires a higher pressure
gradient to inflate, resulting in increased breathing effort, or Work of Breathing (WoB)
(Chiew et al., 2011). Furthermore, loss of functional lung units reduces the intrapulmonary
gas volume and results in O2 deficient blood, reducing O2 supply to tissues and increasing the
risk of further organ failure and death.

Direct lung injury in the form of pneumonia, pulmonary aspiration/near drowning, inhalation
lung injury, or lung contusion can lead to the onset of ARDS. Indirectly, ARDS can develop
from a number of causes including sepsis, shock, major trauma, or massive blood transfusion
(Ware and Matthay, 2000, Burleson and Maki, 2005). The annual number of ARDS
incidences is reported to be between 5 and 74 cases per 100,000 people. The overall mortality
rate has been reported to be between 34 % and 66 % (Reynolds et al., 1998, Luhr et al., 1999,
Bersten et al., 2002, Manzano et al., 2005) and increases significantly with age (Manzano et
al., 2005).
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There are no specific criteria or tests to diagnose ARDS because there are no uniquely
distinguishable disease symptoms (Artigas et al., 1998, Chew et al., 2012). However, the
severity of ARDS is typically measured as the ratio of the arterial partial pressure of O2
divided by the fraction of inspired O2 (PaO2/FiO2 or PF ratio). The PF ratio assesses the
ability of the lungs to oxygenate blood. ARDS is defined into three categories of severity
(The ARDS Definition Task Force, 2012). A PF ratio ≤ 300 mmHg, but > 200 mmHg is
characterised as mild ARDS. A PF ratio ≤ 200 mmHg, but > 100 mmHg is characterised as
moderate ARDS, and a PF ratio ≤ 100 mmHg is characterised as severe ARDS. The acute
time frame is also specified to be within one week. Severe hypoxemia (or low PF ratio) can
prove fatal to vital organs if not treated immediately (Petty and Ashbaugh, 1971, Dunkel,
2006).

1.4

MECHANICAL VENTILATION

Patients suffering from ARDS are admitted to the Intensive Care Unit (ICU) where clinicians
offer a supportive environment to aid recovery. Mechanical Ventilation (MV) is applied to
partially or completely support the patients‟ breathing efforts. Modern ventilators, such as the
Puritan Bennett 840 mechanical ventilator shown in Figure 1.5, use a wide range of positive
pressure ventilation modes. Air is delivered to the lungs invasively through an endotracheal
(ET) tube or a face mask.

8

Figure 1.5 – Puritan Bennett 840 mechanical ventilator.

1.4.1

Mechanical Ventilation Parameters

There are several important parameters that define the breathing cycle of a mechanically
ventilated patient. These parameters include:

1.

Positive End Expiratory Pressure (PEEP) is the remaining pressure within the
lungs at the end of expiration and is an important parameter in MV therapy.
ARDS affected alveoli are vulnerable to collapse due to inflammation and build
up of fluid. Thus, PEEP maintains recruited lung units, improving gas exchange
(Amato et al., 1998, The Acute Respiratory Distress Syndrome Network, 2000,
McCann et al., 2001, Halter et al., 2003). However, there is a risk of
overstretching healthy lung units during high PEEP (Bersten, 1998). Furthermore,
if the PEEP is too low, injury is induced by the repetitive opening and closing of
9

alveoli units (Bates and Irvin, 2002, Retamal et al., 2013). Optimal PEEP remains
highly debated with no conclusive results (Amato et al., 1998, Chiew et al., 2011,
Sundaresan and Chase, 2011), and setting this parameter is thus a balance
between avoiding over-stretching and repetitive opening of alveoli.
2.

Peak Inspiratory Pressure (PIP) is the maximum pressure applied to the
patient‟s proximal airway. However, high pressures can lead to further harm in
the form of a pulmonary barotrauma.

3.

Functional Residual Capacity (FRC) is the volume of the lungs at atmospheric
pressure at the end of expiration and is shown schematically in Figure 1.6.
Application of PEEP maintains additional lung volume above FRC known as
dynamic FRC (dFRC) (Sundaresan et al., 2011b), increasing oxygenation.

4.

Tidal Volume ( ) is the net volume of air that enters the lungs with each normal
breathing cycle, above the FRC, and is shown schematically in Figure 1.6. The
FiO2 of the air, together with the applied

, must be sufficient to provide

adequate oxygenation (Allardet-Servent et al., 2009). However, the applied
transferred from collapsed lung regions to healthy lung units. Thus, if the

is

is too

high, the lungs can overinflate, leading to high PIPs and further harm in the form
of a pulmonary volutrauma.

These parameters must be correctly managed to obtain maximum oxygenation, while
avoiding excessive pressure, which is a balance that has proven difficult to obtain clinically.
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Figure 1.6 – Schematic of lung volumes and capacities with associated terminology (Tortora and
Derrickson, 2006).

1.4.2

Mechanical Ventilator Control Modes

There are two basic modes of ventilation control (Mireles-Cabodevila et al., 2009):

1.

Pressure control mode requires the PEEP and the PIP to be set directly by the
clinician. The

is an indirect result of these settings. Thus, the volume change

during inspiration is a passive process.
2.

Volume control mode requires the PEEP and the
clinician. The

to be set directly by the

is set using the volumetric flow rate since volume is the integral

of volumetric flow rate with respect to time. The volumetric flow rate can be
constant or varied during inspiration and the PIP is an indirect result of these
settings. Thus, the pressure change during inspiration is a passive process.
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MV should be applied for the shortest period of time necessary to prevent impairment of
diaphragmatic function and other complications (Anzueto et al., 1997, Dries, 1997, Forel et
al., 2012). Muscle atrophy can occur after as little as 18 hours of MV therapy (Levine et al.,
2008), and prolonged MV requires a significant period of subsequent weaning (Anzueto et
al., 1997). A reduced duration of MV also leads to substantial reductions in cost (Dasta et al.,
2005).

1.5

PROBLEM SUMMARY

Currently, there is a lack of standardised protocols to base MV therapy in the ICU. In
particular, difficulty arises in obtaining regular patient-specific insight into lung condition
and disease progression (Malbouisson et al., 2001, Talmor et al., 2008, Zhao et al., 2009,
Zhao et al., 2010b). Hence, ventilator settings and protocols are strongly dependent on the
experience and intuition of the clinicians, resulting in variable protocols with limited
effectiveness over broad cohorts (Grasso et al., 2007, Meade et al., 2008, Briel et al., 2010,
Hodgson et al., 2011a). In addition, suboptimal MV can lead to Ventilator Induced Lung
Injury (VILI) (Ware and Matthay, 2000). VILI can increase the mortality rate (Gajic et al.,
2004, Carney et al., 2005) and is difficult to diagnose due to similarities with ARDS (Villar,
2005), providing a further incentive to improve control with minimum added pressure.

The heterogeneity of ARDS and variation in patient-specific response to MV means there is a
need to determine optimal patient-specific MV parameters to maximise gas exchange and
improve recovery time, while minimising the risk of VILI. Thus, it is clear that generic
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solutions will have limited effectiveness, particularly over broad or diverse patient cohorts.
Therefore, an optimal solution would see regular real-time adjustment of patient-specific MV
parameters over clinically relevant time frames to provide continuous optimisation of
therapy.

Simple analytical models incorporating engineering principles, lung physiology, and MV
parameters can provide insight into a patient‟s condition, not readily available by other
means. These model-based methods can provide real-time identification of optimal patientspecific MV parameters. Thus, the premise of this thesis is to present the development and
application of models and model-based methods to optimise PEEP selection for mechanically
ventilated patients in the ICU. In particular, models that capture patient-specific lung
elastance (1/compliance) and recruitment can provide insight into otherwise un-measurable
metrics of lung condition, thereby aiding clinical decision making. (Chase et al., 2006,
Sundaresan et al., 2009, Chiew et al., 2011, Sundaresan et al., 2011b, Mishra et al., 2012).
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Chapter 2 – Lung Mechanics

2.1

INTRODUCTION

Lung mechanics considers the respiratory system as a mechanical system to quantify
clinically relevant mechanical properties. MV generates pressures that allow a volume of air
to flow from the environment into the lungs. This pressure must be sufficient to overcome the
superimposed pressure, the elastic tendencies of the tissues within the lungs and chest wall,
and the resistance within the conducting airways (Bates, 2009). Thus, the mechanical
properties of the lungs determine how pressure, airflow, and the resulting lung volume are
related. This chapter describes the relevant properties of lung mechanics and how these
properties can be used to gain insight into patient-specific lung condition. In turn, these
properties can be used to develop relevant metrics to guide MV therapy.

2.2

PRESSURE, VOLUMETRIC FLOW RATE, AND VOLUME

Lung mechanics are generally developed using measurements of airway pressure and
volumetric flow rate. These measurements are sampled together at essentially the same
location, typically at the mouthpiece or directly at the ventilator (Karason et al., 1999). The
volume of air entering the lungs is obtained by integrating the volumetric flow rate data with
respect to time. Figure 2.1 shows a typical example of airway pressure, volumetric flow rate,
and volume data for three breathing cycles. In this case, the ventilator is set to volume control
mode with the volumetric flow rate set to a square-wave profile and a PEEP of 0 cmH2O.
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Figure 2.1 – Typical example of data from three breathing cycles. (Top) Airway pressure data.
(Middle) Volumetric flow rate data. (Bottom) Volume data (Bersten, 1998).

For each breathing cycle, it is assumed that the volume of air that enters the lungs is equal to
the volume of air that exits the lungs. However, small discrepancies often occur due to effects
such as calibration error, dynamic pulmonary hyperinflation (Haberthur et al., 2009), changes
in PEEP, measurement noise, leaks in the conducting tubes, differing rates of CO2 production
and O2 consumption, and thermal expansion of air within the lungs. Therefore, integrating
volumetric flow rate with respect to time leads to drift in the volume data. A typical example
of volume drift is shown in Figure 2.2. However, volume data can be calibrated by assuming
linear volume drift across each individual breathing cycle (Lauzon and Bates, 1991).

The transition from expiration to inspiration, and inspiration to expiration, involves the
establishment of a new flow direction and is a rapid and dynamic process. Figure 2.3 shows a
typical example of volumetric flow rate data for three breathing cycles sampled at 50 Hz. The
15

dynamic transition regions clearly show a reduction in the density of the sampled data.
Therefore, these transition regions are more prone to errors, potentially reducing accuracy.

Figure 2.2 – Typical example of volume drift (Chiew et al., 2012a).

Figure 2.3 – The density distribution of volumetric flow rate data (Bersten, 1998).
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2.3

THE PRESSURE-VOLUME RELATIONSHIP

Lung mechanics can be assessed by examining the patient-specific relationship between
airway pressure and lung volume. Plotting airway pressure verses lung volume for a complete
breathing cycle results in a distinctly unique plot known as the Pressure-Volume (PV) loop
(Venegas et al., 1998, Harris, 2005, Albaiceta et al., 2007). PV loops represent a composite of
pressure and volume for the entire lung, and are used by clinicians to estimate a patient‟s
recruitment status, lung condition and response to MV.

PV loops are highly dependent on the volume history of the lungs. Thus, care must be taken
when comparing data from different days, different patients, or different studies (Harris,
2005). Furthermore, there is much debate surrounding the clinical interpretation of PV loops
due to the lack of a clear, well accepted explanation of lung mechanics at the alveoli level,
where recruitment, aeration, and gas exchange take place (Maggiore et al., 2003, Cagido and
Zin, 2007, Albaiceta et al., 2008). Hence, there is a need to provide an objective framework
around interpreting this data by assessing the mechanics that relate airway pressure and lung
volume.

Inspiration begins with increasing pressure in the proximal airways. The rigid cartilage hoops
surrounding the proximal airways do not expand or stretch significantly, so no appreciable
change in lung volume occurs. Furthermore, lung units experience a superimposed pressure
from the weight of the lung units above them, which must be overcome before an increase in
volume can occur. This superimposed pressure is especially prominent in ARDS patients
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where there is additional weight from excess fluid in the lungs (Ware and Matthay, 2000).
This initial process establishes airflow into the lungs and corresponds to an initial region of
higher elastance (lower compliance).

Once sufficient pressure is achieved, air flows to the distal airways resulting in an increase in
volume as pressure increases, corresponding to a lower, linear region of elastance (higher,
linear region of compliance). At the end of inspiration, the lungs may be inflated to near
maximum capacity. Stretching of lung tissues, especially at the distal airways, where there is
no supporting cartilage, corresponds to a final region of higher elastance (lower compliance).
Thus, the inspiratory curve of the PV loop typically forms a sigmoid shape, with a point of
minimum inspiratory elastance (maximum inspiratory compliance) located within the linear
region. The Lower Inflection Point (LIP) is defined as the point where the slope of the curve
increases and the Upper Inflection Point (UIP) is defined as the point where the slope of the
curve decreases.

Expiration occurs when the ventilator‟s expiratory valve is opened and the recoil of elastic
fibers stretched during inspiration, and the inward force of the surface tension due to the
alveolar fluid, cause a decrease in lung volume (Tortora and Derrickson, 2006). Thus,
expiration is essentially the passive unloading of the inspired tidal volume,

, over a

resistance at a constant ventilator applied pressure (Moller et al., 2010a, Moller et al., 2010b).
As the lungs do not act as a perfect elastic system, the applied energy is not immediately
returned. Thus, there is unrecoverable, or delayed recovery, of energy applied to the system,
resulting in hysteresis between the inspiratory and expiratory curves of the PV loop (Harris,
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2005, Andreassen et al., 2010). Healthy lungs have a lower elastance and less hysteresis,
while ARDS affected lungs have a high elastance and significantly more hysteresis.

2.3.1

The Static Pressure-Volume Loop

The static PV loop has been regarded as the gold standard tool for assessment of lung
mechanics (Stenqvist and Odenstedt, 2007), and is measured across the entire inspiratory
capacity of the patient. The term static refers to the fact that there is no airflow within the
respiratory airways. Thus, there is no resistive component of pressure loss. In addition, all
viscoelastic forces are equilibrated (Henderson and Sheel, 2012), resulting in reduced
hysteresis. Static, or semi-static PV loops are generally obtained using the super-syringe
technique, the constant flow method, or the multiple-occlusion method (Harris, 2005,
Sundaresan and Chase, 2011). The gradient of the static PV loop is equal to

, i.e. the

compliance (1/elastance) of the respiratory system. Figure 2.4 (Left) shows a schematic of a
typical static PV loop with the LIP and UIP indicated.

2.3.2

The Dynamic Pressure-Volume Loop

Under normal breathing and MV, plotting airway pressure against volume for a complete
breathing cycle results in the dynamic PV loop. Dynamic PV loops are more frequently used
than static PV loops as they are more readily available at the bedside. A typical example of
three dynamic PV loops, taken at three separate PEEPs, is shown in Figure 2.4 (Right).
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Figure 2.4 – PV loops. (Left) Schematic of a static PV loop. (Right) Typical example of three
dynamic PV loops (Bersten, 1998).

Dynamic PV loops are limited by the resistive effects of the conducting airways. ARDS
patients are ventilated through an endotracheal (ET) tube or face mask, where the ET tube
provides significant airway resistance under certain flow patterns. A typical example of the
effect of the ET tube on airway pressure measurements is shown in Figure 2.5, where data
measured at the Y-piece, prior to the ET tube, is compared to data measured at the trachea
(Karason et al., 2000). In addition, the physiological conducting airway further extends the
total conducting airway. Thus, dynamic airway pressure measurements may contain
considerable resistive pressure losses that can obscure the true mechanics of the lungs.
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Figure 2.5 – Typical example of the resistive pressure loss associated with the ET tube. The
outer loop shows measurements taken at the Y-piece, prior to the ET tube. The inner loop
shows measurements taken at the trachea (Karason et al., 2001).

2.4

RECRUITMENT AND DERECRUITMENT

ARDS results in pulmonary oedema and inflammation, causing lung units to collapse due to
additional pressure (Ware and Matthay, 2000, Gattinoni and Pesenti, 2005). Lung recruitment
occurs when an applied pressure overcomes the superimposed pressure, and the pressure
required for recruitment, causing the lung units to abruptly open. This pressure is referred to
as the Threshold Opening Pressure (TOP). Above the TOP, lung units show very small
isotropic expansion with further increases in pressure (Carney et al., 1999, Schiller et al.,
2003). Derecruitment occurs when an applied pressure becomes lower than the minimum
pressure required to maintain lung units at a non-zero volume. This pressure is referred to as
the Threshold Closing Pressure (TCP). Below the TCP, lung units effectively assume a
volume of zero. The TOP distribution and the TCP distribution for individual lung units are
normally distributed with pressure across the entire pressure range (Crotti et al., 2001, Pelosi
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et al., 2001, Harris, 2005). Thus, recruitment occurs continuously throughout the inspiratory
static PV curve (Jonson et al., 1999, Sundaresan and Chase, 2011).

The in vivo microscopic study by Schiller et al. (Schiller et al., 2003) characterised lung units
into three categories based on the level of injury:

1.

Type I alveoli do not change in volume significantly during tidal ventilation.
These alveoli are already recruited at the beginning of inspiration and do not
collapse at the end of expiration.

2.

Type II alveoli undergo a slight, but significant, change in volume during tidal
ventilation and may collapse at the end of expiration.

3.

Type III alveoli undergo a significant change in volume during tidal ventilation
and collapse at the end of expiration. In severe cases, some alveoli may remain
collapsed for the entire breathing cycle.

Healthy lungs contains only Type I alveoli. Type II and Type III alveoli are associated with
ARDS, where Type III alveoli are the most severely injured.

2.5

LUNG VISCOELASTISITY

Lung tissues can stretch, especially in the distal airways where there is no supporting
cartilage (Sebel, 1985), contributing to the increase in lung volume during inspiration. The
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energy imparted to the lungs is initially stored elastically, but dissipates with time as lung
tissue elements gradually rearrange themselves toward a state of lower global energy (Bates,
2007). Bates (Bates, 2007) proposed that stress relaxation in lung tissue occurs via a sequence
of micro-rips that propagate stresses from one region to another. A typical example of this
effect is shown in Figure 2.6, where the PEEP has been increased from 10 cmH2O to
15 cmH2O. Each successive breath shows a reduced Peak Inspiratory Pressure (PIP),
indicating the time-dependent nature of the lung‟s viscoelastic properties. This effect
highlights the importance of continuous monitoring in the ICU as lung mechanics vary
continuously over various time scales.

Figure 2.6 – Airway pressure data showing a time-dependent PIP (Chiew et al., 2012a).
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2.6

SUMMARY

Lung mechanics is the use of engineering principles to describe lung physiology.
Determining relationships between airway pressure, airflow, and the resulting lung volume
allows lung properties and characteristics to be established. However, insight into clinically
relevant metrics of patient condition and MV therapy can be limited by the quality of the
measured data. Additionally, the circumstances under which the data is obtained, such as
during dynamic breathing or a static manoeuvre, must be known to provide context and
clinical meaning to parameters of lung mechanics.

24

Chapter 3 – Model-Based Decision Support

3.1

INTRODUCTION

Currently, optimal patient-specific ventilator settings are difficult to determine. This chapter
describes the need for a model-based approach to guide patient-specific MV therapy for
ARDS patients in the ICU. Physiological modelling is used to provide clinical insight into the
behaviour of the lungs where it is impractical or impossible using direct measurements
(Sundaresan and Chase, 2011). The mechanical properties of the lungs are described using
mathematical models, such that clinically relevant aspects of patient condition are captured.
In addition, the clinical and experimental data sets used for validating the models presented in
this thesis are described in detail.

3.2

DIRECT IMAGING OF LUNG CONDITION

3.2.1

Computed Tomography

Computed Tomography (CT) scans, or Computer Axial Tomography (CAT) scans, are
considered a gold standard for determining lung condition (Lu et al., 2001, Malbouisson et
al., 2001, Gattinoni et al., 2006b). In particular, CT scans can determine if alveoli are
recruited, de-recruited or overinflated (Sundaresan and Chase, 2011). However, regular CT
scans are costly, impractical for continuous monitoring, and expose the patient to radiation
and other risks (Wiest et al., 2002, Lee et al., 2004). Thus, CT scans are clinically and
ethically unrealistic as a bedside tool for continuous monitoring of MV therapy.
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3.2.2

Electrical Impedance Tomography

Electrical Impedance Tomography (EIT) generates a cross-sectional image of the lungs using
the spatial distribution of electrical conductivity (Denai et al., 2010, Luecke et al., 2012).
Although EIT produces a lower resolution than CT scans, it is non-invasive, radiation-free,
and can be used as a bedside tool for continuous monitoring of MV therapy (Cheney et al.,
1999, Frerichs, 2000, Zhao et al., 2009, Denai et al., 2010, Zhao et al., 2010b). However, EIT
scans have limited spatial resolution, require complex image reconstruction algorithms, and
require skilled operators to implement. Furthermore, EIT scans are usually acquired in only
one electrode plane and changes in other lung regions may not be captured (Lionheart, 2004,
Hahn et al., 2007, Frerichs et al., 2010).

3.2.3

Vibration Response Imaging

Vibration Response Imaging (VRI) measures vibration energy of lung sounds during MV
therapy (Cinel et al., 2006, Jean et al., 2006). The effect of lung vibration on regional lung
distribution shows a strong correlation with CT scans. However, the image resolution of VRI
is much lower than that obtained from either CT scans or EIT. Furthermore, current VRI
recordings are limited to patients that are near sitting and may prove to be unsuitable for
patients who need to be in a supine position (Vincent et al., 2007). Thus, to date, VRI has
only been used as a research tool (Sundaresan and Chase, 2011).
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3.3

STANDARDISATION OF PRESSURE AND VOLUME

Current methods to determine ventilator settings are based on trial and error, and the intuition
and experience of the clinicians (Bernstein et al., 2013). The resulting variability in MV
protocols has an adverse effect on the quality of care offered to patients (Sundaresan and
Chase, 2011). The primary MV parameters identified to lower the mortality rate of ARDS
patients are a low tidal volume,

(Amato et al., 1998, Villar et al., 2006, Malhotra, 2007,

Terragni et al., 2007), and the application of appropriate PEEP (Gattinoni et al., 2001, Rouby
et al., 2002, Takeuchi et al., 2002, Brower et al., 2004, Gattinoni et al., 2006a, Villar et al.,
2006).

3.3.1

Standardisation of Volume

Under normal circumstances, optimal

allows maximum gas exchange to occur at minimum

breathing effort (Otis et al., 1950). However, ARDS patients experience heterogeneous lung
collapse (Puybasset et al., 2000, Gattinoni et al., 2001, Stenqvist et al., 2008). Therefore,
where damaged alveoli are surrounded by healthy alveoli, the applied

may be transferred

to healthy lung units, resulting in variations in local strains and overdistension (Dreyfuss and
Saumon, 1998). Hence, the use of low

is thought to reduce the amount of induced lung

stain (Brochard et al., 1998, The Acute Respiratory Distress Syndrome Network, 2000,
Parsons et al., 2005, Kallet et al., 2006). However, not all studies have shown that a lower
lowers the outcome mortality rate (Brochard et al., 1998, Stewart et al., 1998, Brower et al.,
1999, Schultz et al., 2007, Briel et al., 2010). Despite these conflicting results from different
studies, the use of low

throughout MV is becoming increasingly accepted and common

place within the medical community.
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3.3.2

Standardisation of Pressure

Standardisation of pressure settings throughout MV focuses on the PEEP as the lower limit,
and the Peak Inspiratory Pressure (PIP), or peak plateau pressure,
where

, as the upper limit,

is the resulting airway pressure after an End-Inspiratory Pause (EIP) is performed

(Fuleihan et al., 1976). The EIP is a period of no airflow at the end of inspiration, allowing
the inspired

to distribute evenly throughout the lungs. The

will be lower than the PIP

as it is a static measure that is not affected by airway resistance.

The level of appropriate PEEP over a given cohort has never been properly established
(Sundaresan and Chase, 2011). Amato et al. (Amato et al., 1998) reported a decrease in the
mortality rate when the PEEP was set 2 cmH2O higher than the Lower Inflection Point (LIP)
of the static Pressure-Volume (PV) loop. Conversely, Villar et al. (Villar et al., 2006)
reported a decrease in the mortality rate at high PEEP. Although high PEEP can improve
oxygenation, setting the PEEP above the Upper Inflection Point (UIP) presents a risk of
overstretching lung units, particularly healthy lung units (Brower et al., 2004, Mercat et al.,
2008, Sundaresan and Chase, 2011). However, setting the PEEP too low results in cyclic
recruitment and derecruitment of lung units, which is also potentially injurious (Bates and
Irvin, 2002, Schiller et al., 2003, Ferguson et al., 2005, Retamal et al., 2013).

Clinicians typically set PEEP such that it is between the LIP and UIP. However, this offers a
large range of potential values, where a single optimal and patient-specific PEEP value
cannot be determined (Sundaresan and Chase, 2011). Furthermore, studies have suggested
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that PEEP should be set according to the deflation curve instead of the inflation curve since
unwanted derecruitment of lung units occurs during deflation (Hickling, 2001, Girgis et al.,
2006). In any case, obtaining patient-specific static PV loops are generally invasive, time
consuming, and cause interruption to therapy (Karason et al., 2001, Harris, 2005). In addition,
the location of the LIP and UIP, as used clinically, are typically not identifiable during
normal tidal ventilation (Lichtwarck-Aschoff et al., 2000). Thus, PEEP selection based on the
static PV loop is limited in clinical use, and a dynamic method is required.

Studies have shown that PIP should not exceed 45 cmH2O (Gattinoni et al., 2006a), or that
should not exceed 30-35 cmH2O (Slutsky, 1993, Barberis et al., 2003, Agarwal and
Nath, 2007). Fundamentally, excess applied pressure that does not recruit lung volume will
lead to lung damage. Thus, to prevent barotrauma, or long term negative effects,

should

remain below this upper bound (Gattinoni et al., 2003, Borges Sobrinho et al., 2006,
Gattinoni et al., 2006a). However, other studies have found that a PIP of up to 60 cmH2O
may be beneficial in some circumstances (Borges et al., 2006, de Matos et al., 2012). High
applied pressure may be beneficial provided significant lung volume is recruited. Thus, once
more, a patient-specific approach is required.

3.3.3

Limitations

Lower mortality rate can be attributed to either high PEEP or low

because of the trade-off

that exists between these two parameters in setting MV (Jonson and Uttman, 2007). Current
MV protocol for preventing lung injury is achieved with a low

, an adequate PEEP, and a
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limited

(Villar et al., 2006). However, this approach tends to compromise oxygenation.

Another significant issue with the use of these protocols is that they do not account for the
unique condition of individual patients, such as age, gender, or pre-existing medical
conditions. Furthermore, since the condition of a patient evolves with time, the use of simple,
or simplified, standardised protocols may not be effective for all patients under all
circumstances. Thus, there is a clear need for a real-time, patient-specific approach to guiding
MV therapy. In particular for determining optimal PEEP, as it is one of the most important
parameters in MV therapy.

3.4

MODEL-BASED APPROACHES

Model-based methods represent a novel means to assess patient-specific condition and guide
therapy. The overall goal is to determine the optimal MV settings without the complications
associated with direct imaging methods or the static PV loop (Sundaresan and Chase, 2011).
Hence, an optimal solution would not introduce any significantly new hardware or systems
into the ICU, nor would it require excessive cost, clinical time, or effort to implement.
However, few modelling approaches have been rigorously tested (Carvalho et al., 2007,
Sundaresan et al., 2011a), and their potential applicability in the ICU is not yet validated.

3.4.1

Finite Element Models

Ultimately, the behaviour of the entire respiratory system must be traceable to each individual
component and their associated interactions. Finite element models of pulmonary gas flow
have been developed that offer detailed resolution and realistic simulation of lung behaviour
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(Tawhai et al., 2004, Burrowes et al., 2005, Swan et al., 2008, Tawhai and Burrowes, 2008,
Werner et al., 2009, Swan et al., 2012). However, a patient-specific geometry still requires a
CT scan, which carries additional costs and risk. Furthermore, model creation, and the high
computational effort associated with these models, means that they are not feasible for realtime clinical application.

3.4.2

Lumped Parameter Models

In practice, a model cannot incorporate every aspect of the complete respiratory system since
it is clinically unachievable to obtain all the data required to identify every parameter
(Schranz et al., 2012). However, a model requires only enough adjustable parameters such
that relevant details of global behaviour are adequately captured (Bates, 2009). Thus, models
do not have to be complicated to be useful (Lucangelo et al., 2007). Lumped parameter
models offer a simple and relatively inexpensive method of assessing lung mechanics and
capturing essential dynamics. Furthermore, simple models, having a small number of
parameters, are a necessary consequence of the fact that such models have to be matched to
clinical data, which can typically only support a limited number of free parameters (Bates,
2009). Thus, these simpler models are easily implemented in the ICU, but at the expense of
physiological detail.

ARDS affects the lungs heterogeneously, causing alterations in a patient‟s breath-to-breath
respiratory mechanics (Puybasset et al., 2000, Gattinoni et al., 2001, Stenqvist et al., 2008).
Therefore, ARDS affected lung units will exhibit different mechanical properties to healthy
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lung units. Since measurements of pressure and volumetric flow rate are obtained at a single,
exterior location, the respiratory system is effectively treated as a single compartment. Thus,
healthy lung units cannot be differentiated from injured lung units, and clinically relevant
information, such as the location and extent of ARDS affected lung units, cannot be directly
extracted.

3.5

CLINICALLY RELEVANT METRICS

3.5.1

Lung Elastance

Lung elastance is a physiologically important metric since injured lung tissue, combined with
a build up of fluid, directly influence the elastance of the lungs (Gattinoni and Pesenti, 2005).
Lung elastance is also used to assess the level of lung injury (The ARDS Definition Task
Force, 2012). Optimal MV occurs when the lungs are inflated at the minimum inspiratory
elastance (Carvalho et al., 2007, Suarez-Sipmann et al., 2007, Lambermont et al., 2008). At
this point, maximum intrapulmonary volume change is achieved, providing maximum
oxygenation, at a minimum change in pressure, or stress. Therefore, PEEP should be set such
that the dynamic PV loop is located at the minimum inspiratory elastance (maximum
inspiratory compliance) of the static PV loop (Lichtwarck-Aschoff et al., 2000, Stenqvist and
Odenstedt, 2007). Thus, there is a need for a simple, non-invasive method to determine lung
elastance as a function of PEEP, preferably in a dynamic sense over a single breath.
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3.5.2

Lung Recruitment

In ARDS, the percentage of potentially recruitable lung units is extremely variable and is
strongly associated with the response to PEEP (Gattinoni et al., 2006a). CT scans have
confirmed that the end expiratory lung volume is higher when PEEP is applied (Amato et al.,
1998, The Acute Respiratory Distress Syndrome Network, 2000, Gattinoni et al., 2001,
McCann et al., 2001, Halter et al., 2003). Furthermore, studies have shown that mortality and
length of stay in the ICU are reduced by recruiting available lung units to increase
oxygenation (Gattinoni et al., 2006a). Therefore, since recruitment occurs continuously,
optimal patient-specific PEEP can also be described as producing maximum alveolar
recruitment while retraining the greatest number of lung units at the end of expiration
(Gattinoni et al., 2006a). Thus, there is a need for a simple, non-invasive method to determine
the quantity of recruited lung volume as a function of PEEP.

3.6

DATA AND PROTOCOLS

In this thesis, two clinical data sets and two experimetnal data sets are used for the purpose of
model development and validation.

3.6.1

Retrospective Clinical Data

Two retrospective clinical cohorts are considered, each consisting of ten fully sedated
patients diagnosed with ARDS:
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1.

Cohort 1 (Sundaresan et al., 2011a): The demographics and cause of ARDS for
each patient is presented in Table 3.1. The criteria for ARDS was acute onset of
respiratory failure, observation of bilateral infiltrates on chest radiographs,
absence of left heart failure, and a PaO2/FiO2 (PF ratio) between 150 and
300 mmHg. Patients were ventilated using a Puritan Bennett PB840 ventilator
(Coviden, Boulder, CO, USA) under volume control mode (

= 400-600 mL).

Each patient underwent a staircase Recruitment Manoeuvre (RM) from Zero End
Expiratory Pressure (ZEEP), with PEEP increments of 5 cmH2O (Hodgson et al.,
2011b), until a PIP limit of 45 cmH2O was reached (Gattinoni et al., 2006a).
Airway pressure and volumetric flow rate data were acquired using a heated
pneumotachometer (Hamilton Medical, Switzerland). The PEEPs at which data
was obtained are presented in Table 3.2. These clinical trials and the use of this
data has been reviewed and approved by the South Island Regional Ethics
Committee of New Zealand.
Table 3.1 – Characteristics of the patients in Cohort 1.

Patient

Sex

1
2
3
4
5
6
7
8
9
10

Female
Male
Male
Male
Male
Male
Male
Female
Male
Male

Age
[years]
61
22
55
88
59
69
56
45
37
56

Cause of Lung Injury
Peritonitis
Trauma
Aspiration
Pneumonia
Pneumonia
Trauma
Legionnaires
Aspiration
H1N1
Legionnaires
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Table 3.2 – PEEPs at which data was obtained for patients in Cohort 1.

Trial

PEEP [cmH2O]

2.

1
2
3
4
5
6
7
8
9
10
11
12

0
●
●
●
●
●
●
●
●
●
●
●
●

5
●
●
●
●
●
●
●
●
●
●
●
●

10
●
●
●
●
●
●
●
●
●
●
●
●

15
●
●
●
●
●
●
●
●
●
●
●
●

16

20
●
●
●
●
●
●
●
●

22

25
●

27
●

28

29

30

●
●
●
●
●
●

●
●
●

●
●
●
●

●
●
●

●

●
●

●

Cohort 2 (Bersten, 1998): The demographics and cause of ARDS for each patient
is presented in Table 3.3. Patients were ventilated using a Puritan-Bennett 7200ae
ventilator (Puritan-Bennett Corp., Carlsbad, CA, USA) under volume control
mode (

= 8-10 mL/kg). Trials were initially performed at baseline PEEP. Trials

were then repeated at 30 min intervals following random PEEP changes between
5 and 15 cmH2O. The final 60 s of data from each PEEP was recorded. Airway
pressure data was acquired using a (water manometer) strain gauge transducer
(Bell and Howell 4-327-I; Trans America Delaval, Pasadena, CA, USA).
Volumetric flow rate data was acquired using a heated, Fleisch-type
pneumotachograph (HP-47034A, Hewlett-Packard, Palo Alto, CA, USA). The
PEEPs at which data was obtained are presented in Table 3.4. These clinical trials
were approved by the Committee for Clinical Investigation at Flinders Medical
Centre.
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Table 3.3 – Characteristics of the patients in Cohort 2.

Patient

Sex

1
2
3
4
5
6
7
8
9
10

Male
Male
Female
Male
Female
Male
Male
Male
Male
Male

Age
[years]
74
24
72
48
68
54
73
72
81
47

Cause of Lung Injury
Ruptured abdominal aortic aneurysm
Lung contusion
Legionnaires
Pancreatitis
Pulmonary embolus
Aspiration
Aspiration
Pneumonia
Aspiration
Liver transplant

Table 3.4 – PEEPs at which data was obtained for patients in Cohort 2.

PEEP [cmH2O]

Trial

0

3.6.2

1
2
3
4
5
6
7
8
9
10
11
12

●

5
●
●
●
●
●
●
●
●
●
●
●

7
●
●
●
●
●
●
●
●
●

10
●
●
●
●
●
●
●
●
●
●

12
●

●
●
●
●
●
●

15

●

●

Retrospective Experimental Data

Two retrospective experimental ARDS animal models are considered, each consisting of
fully sedated pure piétrain piglets ventilated through a tracheotomy under volume control
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mode (

= 8-10 mL/kg) with an inspired oxygen (O2) fraction (FiO2) of 0.5 and a respiratory

rate of 20 breaths/min. The criterion for ARDS was limited to hypoxemia monitoring with
the PF ratio less than 300 mmHg:

1.

Oleic Acid Models (Chiew et al., 2012a): Nine subjects were sedated and
ventilated using an Engström CareStation ventilator (Datex, General Electric,
Finland). The Arterial Blood Gas (ABG) was monitored as ARDS was induced
using oleic acid (Ballard-Croft et al., 2012). However, only three subjects reached
ARDS due to difficulty in reproducing experimental ARDS using oleic acid
(Chiew et al., 2012a). Airway pressure and volumetric flow rate data were
acquired using the Eview module provided with the ventilator across three
experimental phases:

1.1

Phase 1: A healthy state staircase RM with PEEP settings at 5 – 10 – 15 –
20 – 15 – 10 – 5 cmH2O (Hodgson et al., 2011b). Breathing was maintained
for approximately 10-15 breathing cycles at each PEEP.

1.2

Phase 2: Progression from a healthy state to an oleic acid induced ARDS
state at a constant PEEP of 5 cmH2O.

1.3

Phase 3: An oleic acid induced ARDS state staircase RM with PEEP
settings at 5 – 10 – 15 – 20 – 15 – 10 – 5 cmH2O (Hodgson et al., 2011b).
Breathing was maintained for approximately 10-15 breathing cycles at each
PEEP.
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2.

Lavage Models: Three subjects were sedated and ventilated using a Drager
Evita2 ventilator (Drager, Lubeck Germany) with intermittent positive pressure
ventilation. Each subject underwent surfactant depletion using lavage methods as
shown in Figure 3.1 (Ballard-Croft et al., 2012). The ABG was monitored and
once diagnosed with ARDS, each subject underwent a staircase RM with PEEP at
1 – 5 – 10 – 15 – 20 – 15 – 10 – 5 – 1 mbar (Hodgson et al., 2011b). Breathing
was maintained for approximately 10-15 breathing cycles at each PEEP. Airway
pressure and volumetric flow rate data were acquired using a 4700B
pneumotachometer (Hans Rudolph Inc., Shawnee, KS).

Figure 3.1 – An experimental ARDS piglet undergoing surfactant depletion using
lavage methods.
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These experimental procedures, protocols and the use of this data, for both ARDS animal
models, has been reviewed and approved by the Ethics Committee of the University of Liège
Medical Faculty.

3.7

SUMMARY

The major problem with MV lies with the lack of standardised protocols for treating ARDS
patients in the ICU. Determining optimal PEEP throughout MV provides the greatest benefit
to the patient at the lowest risk. This outcome can be achieved through the development of
simple mathematical models that incorporate the mechanics of the lungs and relevant MV
parameters. A model-based approach to guiding MV provides a low cost, non-invasive, and
continuous means to gain insight into patient-specific condition and response to MV therapy.

Two important metrics that clinicians can use to effectively guide MV therapy are the
elastance of the lungs as a function of PEEP, and the quantity of recruited lung volume as a
function of PEEP. This thesis is aimed at using the metrics of lung elastance and recruited
lung volume to develop and validate models and model-based methods to optimise PEEP
selection in the ICU. These simple, real-time, dynamic, and patient-specific physiological
models represent the first steps into a potential future clinical practice. In this thesis, these
models and model-based methods are validated using the clinical and experimental data
presented in this chapter.
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Chapter 4 – Lung Elastance

4.1

INTRODUCTION

Lung elastance is an important parameter used to quantify the condition and response to MV
therapy of a patient suffering from respiratory failure (Khirani et al., 2010, Chiew et al.,
2012b). In particular, ARDS patients have relatively high elastance compared to healthy
people (The ARDS Definition Task Force, 2012). This chapter introduces several methods to
estimate lung elastance from clinically available data. Furthermore, the effect of PEEP on
lung elastance, and its potential for guiding therapy, is also introduced.

4.2

EFFECT OF THE CHEST WALL

The human respiratory system can be divided into the conducting airways, the lungs, and the
chest wall. The conducting airways can be described by a resistive component, whereas both
the chest wall and the lungs are described by an elastic component. The chest wall is
separated from the lungs by the pleural cavity, which contains pleural fluid. During
inspiration, movement of the diaphragm and contraction of the external intercostals results in
unique dynamics, specific to the chest wall, potentially concealing relevant aspects of lung
elastance. Therefore, the measured airway pressure and volumetric flow rate data are
immediately limited in their ability to provide direct insight into the true elastance of the
lungs, instead providing an overall respiratory system elastance,
the chest wall elastance,

, and the lung elastance,

, consisting of the sum of

, as shown in Equation 4.1 (Bates,
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2009). Other conditions, such as obesity and external injuries, can also alter the
characteristics of the chest wall and may contribute to the complete respiratory system
mechanics (Pelosi et al., 1996).

Equation 4.1

One method to determine the chest wall elastance is to estimate the pleural pressure.
Oesophageal pressure, measured using a balloon catheter (Karason et al., 1999, Bates, 2009),
is used as a surrogate for the pleural pressure since measuring oesophageal pressure is easier
and less invasive compared to measuring the pleural pressure directly. However, despite its
potential to guide MV, this technique requires additional equipment, is considered
uncomfortable for the patient, interrupts breathing and therapy, and is still additionally
invasive. Thus, its application is limited in daily monitoring (Talmor et al., 2008, Khirani et
al., 2010). Furthermore, a single oesophageal pressure measurement does not take into
account the pressure gradient present throughout the thoracic cavity, which means its
relevance is at least partly limited.

Generally

is lower than

, especially in ARDS patients (Chiumello et al., 2008). In

addition, the effect of the chest wall for a fully sedated patient, who is completely dependent
on the ventilator for breathing support, will be entirely passive. Thus, for a fully sedated
patient,

can be assumed constant, and changes in

can be attributed directly to

(Gattinoni and Pesenti, 2005).
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4.3

CONVENTIONAL TWO-POINT METHODS

The static Pressure-Volume (PV) loop is regarded as the gold standard tool for assessment of
lung mechanics (Stenqvist and Odenstedt, 2007). The majority of the inspiratory compliance
(1/elastance) curve of the static PV loop consists of the linear region. Thus, in this approach,
lung elastance can be assumed constant throughout inspiration.

4.3.1

Dynamic Elastance

Dynamic elastance,

, is determined directly from the dynamic PV loop. A typical

example of dynamic compliance (1/elastance) can be seen in Figure 4.1, where the dynamic
compliance, shown by the red line, is calculated over the inspired tidal volume,

, between

the PEEP and the Peak Inspiratory Pressure (PIP). This method is comparatively simple.
However,

is often overestimated since the resistive effects of the conducting

airways are included in the estimation (Storstein et al., 1959, Barberis et al., 2003, Lucangelo
et al., 2007).
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Figure 4.1 – A two-point method of estimating lung elastance. The estimated lung compliance
(1/elastance) is indicated by the red line (Bersten, 1998).

Thus,

can be expressed symbolically:

Equation 4.2

4.3.2

Static Elastance

Static elastance,

, is determined using an End-Inspiratory Pause (EIP) (Fuleihan et al.,

1976) where there is no airflow, allowing the inspired

to distribute evenly throughout the

lungs. The resulting airway pressure after the EIP is called the plateau airway pressure,

.

Since there is no airflow, the resistive effects of the conducting airways are reduced to some
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extent. However, when the automated EIP is too short, static conditions are not achieved, and
airway pressure is not able to reach the true

, greatly modifying the estimation of

(Barberis et al., 2003). In addition, the EIP interrupts care and breathing, and thus adds some
invasiveness. A typical example of an EIP is shown in Figure 4.2 (Left). In Figure 4.2
(Right), the associated static compliance, shown by the red line, is calculated over the
inspired

, between the PEEP and the

.

Figure 4.2 – A two-point method of estimating lung elastance with an EIP. (Left) Airway
pressure data with an EIP. (Right) Dynamic PV loop where the estimated lung compliance
(1/elastance) is indicated by the red line (Chiew et al., 2012a).

Thus,

can be expressed symbolically:

Equation 4.3
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4.4

SINGLE COMPARTMENT MODEL-BASED METHOD

4.4.1

Model Summary

Simple two-point methods are fundamentally limited since they consider only the end data
points, neglecting the majority of available data. Thus, a method that uses all relevant and
available data can be used to determine a more robust estimate of lung elastance. This method
requires the formulation of a mathematical model to describe the behaviour of the lungs,
relating airway pressure, airflow, and lung volume data.

The most commonly used model in clinical practice is the lumped parameter single
compartment lung model (Mead and Whittenberger, 1953). In this model, the respiratory
system is modelled as a combination of an elastic component and a resistive component, as
shown schematically in Figure 4.3, where

is the airway pressure,

is time,

is the

overall respiratory resistance consisting of the series resistance of the conducting airways,
is the volumetric flow rate,

is the lung volume, and

is the offset pressure (Bates, 2009).

Figure 4.3 – Schematic of the single compartment lung model.
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A real lung is significantly more complicated than the simple model shown in Figure 4.3. In
particular, the model does not capture some specific physiological aspects, such as
cardiogenic oscillations or regional differences in mechanical properties (Bates, 2009).
However, it is clear that this model is anatomically and functionally analogous to a real lung.
The pipe represents the conducting airways and the piston connected to an elastic spring
represents the lungs, with the associated elastic tissues, that can be inflated and deflated
through the pipe in the same way that the lungs inspire and expire (Bates, 2009).
Furthermore, measurements of pressure and volumetric flow rate are obtained at a single,
exterior location. Thus, based on the available clinical data, the respiratory system is already
effectively treated as a single compartment.

The single compartment equation of motion describing the airway pressure as a function of
the resistive and elastic components of the respiratory system is defined:

Equation 4.4

where

comprises the sum of the pressure required to overcome airway resistance

(

), the pressure required to overcome the elastic tendencies of the lung tissues

(

), and the offset pressure ( ).

Inspiration and expiration are different physiological processes, as described in Chapter 1 and
Chapter 2. Thus, each process must be considered separately when determining lung
properties (Moller et al., 2010a, Moller et al., 2010b). Furthermore, if expiratory airway
pressure data is measured downstream of the ventilator‟s expiratory valve, it is expected to
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contain no physiologically useful information (van Drunen et al., 2013c). Thus, the single
compartment model, presented in the form of Equation 4.4, is limited to the inspiration
process only. This issue is further discussed in detail in Chapter 6.

Respiratory resistance is due to the geometry of the conducting airways, and is typically
dominated by the endotracheal (ET) tube, which is effectively constant during therapy
(Karason et al., 2000). Thus, lung elastance provides significantly more variation with PEEP
and time than airway resistance, allowing enhanced monitoring of lung overstretching and
sub-optimal MV (van Drunen et al., 2013c).

4.4.2

Parameter Identification

In this research, the integral-based method (Hann et al., 2005) is used to identify the breathspecific parameters

and

that best fit Equation 4.4. Integral-based parameter

identification is similar to multiple linear regression, where using integrals significantly
increases robustness to noise (Hann et al., 2005, Chiew et al., 2011). Thus, integrating
Equation 4.4 yields:

Equation 4.5

where

,

system elastance (
time interval from

,

, and

are known or measured quantities, and the respiratory

) and respiratory system resistance (
to

) are unknown. Over a given

, two or more such integrals, over different time ranges, may be

calculated and reorganised to yield a linear system of equations, which can be easily solved:
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Equation 4.6

Based on the simplicity of the single compartment lung model, the predicted airway pressure
will never exactly match the measured airway pressure. However, optimising the
identification of

and

will result in the predicted and measured airway pressures

matching as closely as possible. The quality of the parameter identification is dependent on
the signal-to-noise ratio of the airway pressure and volumetric flow rate data (Zhao et al.,
2012).

The sensitivity of

and

to measurement noise is investigated by adding white Gaussian

noise to an ideal arbitrary square-wave volumetric flow rate signal and an ideal airway
pressure signal. The ideal airway pressure signal is generated from the ideal volumetric flow
rate signal using Equation 4.4 with arbitrary values for

,

, and

. The volumetric flow

rate signal is generated with a uniform data distribution of 50 data points over an inspiratory
time of 1 s. The signal-to-noise ratio is gradually reduced over 10,000 increments such that
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the level of noise relative to the signal increases from 0.1 % to 100 %, well beyond what
would be expected clinically or considered usable.

Obviously, less noise should result in more accurate parameter identification. However, with
added noise, identification of

is generally overestimated, while identification of

is

generally underestimated, as shown in Figure 4.4. In clinical practice, the signal-to-noise ratio
is expected to be high enough such that the estimation error shown in Figure 4.4 is minimal.

Figure 4.4 – Parameter sensitivity to noise. The red dotted line indicates exact parameter
identification. (Left)
. (Right)
.

Accurate parameter identification is also limited by the square-wave profile of the volumetric
flow rate data. From Equation 4.4, a constant volumetric flow rate effectively results in a
constant term,
changes in

. Thus, identification of the relative contributions of

and

to

, particularly in real clinical and/or experimental data, is limited.
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4.4.3

Validation of

The offset pressure,
expiration. Thus,

, represents the remaining pressure within the lungs at the end of

represents the PEEP, yielding:

Equation 4.7

However, in patients with obstructive airway disease, gas can remain trapped in alveoli,
resulting in an increased alveoli pressure at the end of expiration (Eberhard et al., 1992, Rossi
et al., 1995, Ninane, 1997, Carvalho et al., 2007). This remaining pressure, known as intrinsic
PEEP or auto-PEEP, has the effect of a sudden change in the level of recruitment once the
PEEP exceeds the auto-PEEP. Thus, more generally,

may represent the difference between

the PEEP and the auto-PEEP, yielding:

auto-PEEP)

Furthermore, since application of PEEP recruits lung volume,

Equation 4.8

can also be considered as

the pressure required to increase baseline FRC. Thus, alternatively, the effect of
accounted for by the addition of

may be

, the additional lung volume increase due to PEEP:

Equation 4.9
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The validity of the interpretations and definitions of

in Equation 4.7-Equation 4.9 are

assessed using retrospective clinical data from 10 patients where auto-PEEP was present
(Sundaresan et al., 2011a). The associated protocols are described in detail in Chapter 3. The
integral-based method is used to estimate breath-specific values of respiratory system
elastance (

), respiratory system resistance (

), and offset pressure (

) that best fit

Equation 4.7-Equation 4.9.

The difference between the estimated

(

) and the measured

is shown in Figure 4.5.

The maximum, minimum, median and Inter-Quartile Range (IQR) are used as summary
statistics. Clearly, the case described by Equation 4.7 (

= PEEP) produces the lowest

deviation and is thus the best choice given this representative clinical data.

Figure 4.5 – Validation of the offset pressure, , in the single compartment lung models of
Equation 4.7-Equation 4.9.
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4.5

EFFECT OF PEEP ON LUNG ELASTANCE

The inspiratory curve of the static PV loop typically follows a sigmoid shape, where a higher
lung elastance is expected at the beginning and at the end of the inspiratory curve, and a
lower lung elastance is expected in the middle. Optimal ventilation occurs when the lungs are
inflated at the minimum inspiratory elastance (Carvalho et al., 2007, Suarez-Sipmann et al.,
2007, Lambermont et al., 2008). At this point, maximum intrapulmonary volume change is
achieved, providing maximum oxygenation at a minimum change in pressure. A method of
determining the point of minimum inspiratory elastance, and consequently the optimal
patient-specific PEEP, is to plot lung elastance as a function of PEEP. Figure 4.6 shows
as a function of PEEP for retrospective clinical data from three patients (Sundaresan et al.,
2011a) (Trials 1-3). The associated protocols are described in detail in Chapter 3. An optimal
PEEP would be at or near the minimum

, which can be easily identified.

Figure 4.6 – Three examples of the effect of PEEP on lung elastance.
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4.6

SUMMARY

Lung elastance is an important clinical metric used to gain insight into a patient‟s condition
and response to therapy. The effect of PEEP on lung elastance provides a means of guiding
PEEP selection. However, the methods presented in this chapter are limited in that they only
provide single „average‟ values of lung elastance, reducing the insight gained into the
dynamics of lung elastance throughout inspiration. The single compartment lung model,
combined with integral-based parameter identification, provides the most robust method of
estimating parameters of lung mechanics. However, the physiological relevance of the
identified parameters depends on the simplifying assumptions of the model.
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Chapter 5 – Time-Varying Elastance Mapping

5.1

INTRODUCTION

This chapter presents a clinical application of dynamic respiratory system elastance (
proposed by Chiew et al. (Chiew et al., 2011).
system elastance (

)

is a time-varying extension of respiratory

) with the aim of providing a higher resolution metric for use in guiding

optimal PEEP selection. A novel method of visualising

is presented using two separate

experimental data cohorts. The bulk of this work has been submitted as a journal article (van
Drunen et al., 2013d), and this method has been presented as a conference paper (van Drunen
et al., 2013e).

5.2

BACKGROUND

Detrimental overstretching of healthy lung units can occur from high applied pressure.
However, the heterogeneity of ARDS means that there is potential for overdistension even at
low applied pressure. Dynamic respiratory system elastance (

) is a breath-specific time-

varying lung elastance (Chiew et al., 2011) and provides unique insight into a patient‟s
breathing pattern, revealing lung recruitment and overdistension (Karason et al., 2001,
Carvalho et al., 2006, Chiew et al., 2011, Zhao et al., 2012). In addition, identifying when
is a minimum during PEEP titration can aid in identifying an optimal patient-specific
PEEP to minimise Work of Breathing (WoB) and maximise recruitment without inducing
further lung injury (Otis et al., 1950, Marini et al., 1985).
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5.3

MODEL SUMMARY

As described in Chapter 4, a fully sedated, mechanically ventilated patient will have a near
constant chest wall elastance,

. Thus, changes in the overall respiratory system elastance,

, are attributed directly to the patient‟s lung elastance,

, as shown in Equation 5.1,

providing insight into lung condition and ARDS severity (Gattinoni and Pesenti, 2005, Bates,
2009).

Equation 5.1

The single compartment equation of motion describing the airway pressure as a function of
the resistive and elastic components of the respiratory system for a fully sedated patient is
defined (Bates, 2009):

Equation 5.2

where

is the airway pressure, is time,

is the overall respiratory resistance consisting

of the series resistance of the conducting airways,
volume, and

is the volumetric flow rate,

is the lung

is the offset pressure.

The integral-based method (Hann et al., 2005) is used to estimate breath-specific values of
respiratory system elastance (

) and respiratory system resistance (

) that best fit

Equation 5.2:
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Equation 5.3

Studies have shown that

can vary with PEEP and time due to opening or closing of

airways (Mols et al., 2001, Carvalho et al., 2007, Suarez-Sipmann et al., 2007, Chiew et al.,
2011), but is assumed constant throughout inspiration (Chiew et al., 2011). Thus, once
is determined for a particular breath using Equation 5.3, it is substituted into Equation 5.4
where dynamic respiratory system elastance,
varying elastance, such that

(Chiew et al., 2011), is defined as a time-

is effectively the average of

.

Equation 5.4

Equation 5.4 can be rearranged for

, yielding:

Equation 5.5

Equation 5.5 determines a unique value of elastance for every available value of airway
pressure and volumetric flow rate. In this way, significantly more insight is gained into the
dynamics of lung elastance over the course of inspiration than can be provided by a single
average value of

. Furthermore, during a PEEP increase, recruitment of new lung volume

outweighs lung stretching provided

decreases breath-to-breath (Chiew et al., 2011).
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Hence, the dynamic trajectory of

captures the overall balance of volume (recruitment)

and pressure (risk) within the lung.

5.4

MODEL VALIDATION

5.4.1

Data

This model is assessed using retrospective experimental data from six fully sedated ARDS
induced piglets. In this chapter, Subjects 1-3 refer to those subjects induced with ARDS using
oleic acid (Chiew et al., 2012a), while Subjects 4-6 refer to those subjects induced with
ARDS using lavage methods. The associated protocols are described in detail in Chapter 3.
The model is assessed across an ARDS state staircase Recruitment Manoeuvre (RM).

5.4.2

Visualisation of Dynamic Elastance
varies within a breath as recruitment and/or overdistension occurs. Similarly,

will

evolve with time as recruitment is time dependent (Bates and Irvin, 2002, Albert et al., 2009),
disease state dependent (Pelosi et al., 2001, Halter et al., 2003), and MV dependent (Barbas et
al., 2005, Albert et al., 2009). Arranging each breathing cycle‟s
bounded by the

curve such that it is

curve of the preceding breath and the subsequent breath leads to a three-

dimensional, time-varying, breath-specific

map. This method of visualisation provides

new insight into how the breath-to-breath lung mechanics change with time throughout the
course of care. In a similar manner, the corresponding change in airway pressure from the
PEEP to the Peak Inspiratory Pressure (PIP) is also displayed for each subject.
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Each subject has approximately 160-360 recorded breathing cycles over the course of the
RM. All breathing cycles are normalised to their total inspiratory time to provide clarity and
to ensure consistency between breaths with different inspiratory times. Thus, each breath
effectively begins at 0 % and ends at 100 %.

The dynamic elastance for each breath is calculated by dividing the numerator of Equation
5.5 by the inspiratory lung volume data vector. Therefore, at the beginning of inspiration,
when the inspired volume is small,

approaches physiologically unrealistic values. Since

overdistension is unlikely to occur at low input volumes at the beginning of the breath, the
initial 20 % of the inspiratory time for each breath is neglected for clarity. During this time,
lung volume increases by approximately 0.04-0.06 L (less than 20 % of the total tidal
volume,

) for each subject.

The time-varying breath-specific

maps of the RM for Subjects 1-6 are shown in Figure

5.1-Figure 5.6 respectively, where blue indicates low

and red indicates high

. The

corresponding airway pressure data and PEEP are shown in grey. The PaO2/FiO2 (PF ratio)
for each subject is stated in the corresponding caption.
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Figure 5.1 – Variation in
across a normalised breath during a RM for Subject 1 (PF ratio =
126.6 mmHg). The change in airway pressure for each normalised breathing cycle is shown in
grey. The model assumes a constant
across each breath.

Figure 5.2 – Variation in
across a normalised breath during a RM for Subject 2 (PF ratio =
183.6 mmHg). The change in airway pressure for each normalised breathing cycle is shown in
grey. The model assumes a constant
across each breath.
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Figure 5.3 – Variation in
across a normalised breath during a RM for Subject 3 (PF ratio =
113.6 mmHg). The change in airway pressure for each normalised breathing cycle is shown in
grey. The model assumes a constant
across each breath.

Figure 5.4 – Variation in
across a normalised breath during a RM for Subject 4 (PF ratio =
155.2 mmHg). The change in airway pressure for each normalised breathing cycle is shown in
grey. The model assumes a constant
across each breath.
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Figure 5.5 – Variation in
across a normalised breath during a RM for Subject 5 (PF ratio =
85.9 mmHg). The change in airway pressure for each normalised breathing cycle is shown in
grey. The model assumes a constant
across each breath.

Figure 5.6 – Variation in
across a normalised breath during a RM for Subject 6 (PF ratio =
110.4 mmHg). The change in airway pressure for each normalised breathing cycle is shown in
grey. The model assumes a constant
across each breath.
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5.4.3

Validity of Constant Respiratory System Resistance

The effect of the resistive term in Equation 5.5 is mathematically limited in its impact (Chiew
et al., 2011). However, there is evidence to suggest that in some cases
throughout inspiration (Mols et al., 2001). The determination of

may vary

accommodates any

value that is chosen such that the model perfectly fits the available airway pressure data.
Therefore, the assumption of constant

The magnitude of the variation in

may limit the accuracy of the

model.

can be quantified, to some extent, by dividing the

inspiratory portion of each breath into multiple sections, or slices, and determining a unique
value of

(

) for each slice (Zhao et al., 2012). This is known as the SLICE method

(Guttmann et al., 1994). Thus, any variation in

throughout inspiration can be

approximated by a piecewise model. The SLICE method is applied to each subject and the
number of volume slices increased iteratively from one to five. Integral-based parameter
identification is applied, in turn, to each slice to determine a unique value for
and Inter-Quartile Range (IQR) values of

. Median

are presented in Table 5.1.
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Table 5.1 – The SLICE method of identifying in-breath

.

(Median, [IQR]) across ARDS RM [cmH2Os/L]
Subject
1

2

Number of Slices

3

4

5

1
14.5
[11.0-17.1]
15.2
[13.6-16.3]
10.0
[0.0-24.8]
14.5
[12.9-15.9]
13.6
[8.4-18.3]
7.4
[0.0-22.7]
14.0
[12.8-15.4]
14.7
[12.1-17.7]
10.7
[1.4-22.2]
3.7
[0.0-20.7]
13.7
[12.5-14.9]
15.9
[13.2-18.5]
13.2
[7.6-18.4]
10.3
[0.0-23.7]
2.4
[0.0-18.9]

2
12.8
[6.0-16.6]
12.2
[9.6-14.2]
19.3
[1.7-27.1]
12.1
[10.1-13.9]
9.7
[0.5-14.9]
27.6
[6.3-33.1]
12.0
[10.7-13.5]
12.4
[6.3-14.9]
11.4
[0.0-21.4]
29.4
[9.8-34.1]
12.3
[11.0-13.3]
12.7
[7.8-15.2]
8.8
[0.0-15.1]
19.6
[1.0-28.2]
28.1
[8.6-33.4]

3
43.6
[25.6-45.9]
29.1
[20.1-31.5]
61.6
[42.1-69.4]
24.9
[18.5-27.4]
55.8
[36.4-67.8]
61.6
[44.6-68.3]
21.7
[16.5-23.5]
46.4
[26.5-55.7]
60.2
[40.8-71.6]
57.5
[44.2-66.4]
20.0
[15.5-22.0]
41.0
[25.8-46.7]
54.8
[35.3-70.5]
57.9
[45.7-70.8]
55.1
[44.4-63.1]

4
7.6
[6.2-25.0]
9.0
[8.0-17.3]
4.7
[0.0-35.5]
9.4
[8.5-14.0]
6.5
[3.7-36.7]
4.9
[0.0-32.7]
9.5
[8.6-13.0]
8.4
[6.3-33.4]
4.0
[1.1-37.8]
5.8
[0.0-31.9]
9.7
[8.7-12.9]
8.7
[7.4-27.7]
6.5
[3.3-37.7]
3.9
[0.0-37.1]
6.2
[0.0-30.9]

5
10.0
[8.2-12.6]
11.5
[10.1-13.4]
4.2
[0.0-9.7]
11.7
[10.4-13.7]
9.6
[6.8-12.2]
1.5
[0.0-7.9]
12.0
[10.6-14.2]
11.0
[9.2-13.2]
7.0
[3.0-11.0]
0.0
[0.0-7.3]
12.2
[10.7-14.6]
11.2
[9.6-13.1]
9.5
[6.8-12.1]
5.1
[0.5-10.1]
0.0
[0.0-6.0]

6
14.4
[10.8-19.0]
14.8
[11.0-19.9]
11.6
[5.4-17.9]
13.8
[10.5-19.3]
14.6
[10.8-18.8]
9.6
[2.1-20.8]
13.0
[10.1-18.9]
16.2
[11.9-21.6]
12.7
[8.5-17.6]
8.0
[0.4-21.1]
12.6
[9.7-18.4]
16.3
[12.4-21.7]
14.1
[10.6-19.0]
11.4
[6.1-17.7]
7.3
[0.0-21.9]

63

5.5

DISCUSSION

5.5.1

General Observations

All subjects show, to some degree, an increase in elastance immediately following a PEEP
step increase of 5 cmH2O/5 mbar. Each successive breath has a reduced peak elastance,
indicating the time-dependent nature of recruitment and/or the lung‟s viscoelastic properties,
which cause hysteresis (Ganzert et al., 2009, Andreassen et al., 2010). More specifically,
there is a period of adaptation following an increase in PEEP that sees higher average
peak

and PIP before the beneficial effect of lower

,

is seen. Furthermore, the

trajectory within a breath generally decreases during inspiration, suggesting in-breath
recruitment.

Over the course of inspiration, and typically directly following a PEEP step increase, some
subjects show a decreasing

trajectory, followed by an increasing

trajectory. Rising

elastance indicates serious potential for lung damage due to overstretching, and may not be
captured by a single value of

(Chiew et al., 2011, Zhao et al., 2012). Thus, as a result of

this study, PEEP increments of 1 cmH2O/1 mbar, rather than increments of 5 cmH2O/5 mbar,
may avoid any damage due to the raised elastance in the early breaths and adaptation period
following an increase in PEEP. During a RM, smaller PEEP increments, each followed by a
short period of stabilisation, may substantially reduce the peak of the

spikes at the end of

inspiration. However, it is equally important to note that the occurrence of beneficial lower
elastance after stabilisation may also be a direct consequence of the initial high
overdistension immediately following an increase in PEEP. This finding warrants further
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investigation where staircase recruitment is performed using smaller PEEP increments.
Changes in ventilator pattern or mode also have the potential to modify the

The

trajectory.

map is significantly different between increasing and decreasing PEEP (using a

Wilcoxon rank sum test,

< 0.05 for each subject), where decreasing PEEP titration

generally results in lower overall elastance. When PEEP increases, recruitment, as well as
potential lung overstretching occurs. However, as PEEP is reduced, the lung remains
compliant and elastance drops to an overall minimum. Equally, this phenomenon is seen
where the Threshold Opening Pressure (TOP) of collapsed lung units is higher than the
Threshold Closing Pressure (TCP) (Crotti et al., 2001, Pelosi et al., 2001).

Considering increasing and decreasing PEEP separately, a local minimum elastance generally
occurs at the same PEEP, suggesting that optimal PEEP can be selected either way.
Recruitment is a function of PEEP and time (Barbas et al., 2005, Albert et al., 2009). Equally,
the ARDS affected lung is prone to collapse due to the instability of affected lung units
(Pelosi et al., 2001, Halter et al., 2003). Assuming that the severity of ARDS does not change
within a short period, lung elastance during increasing PEEP titration is expected to reduce as
time progresses to achieve stability. In contrast, lung elastance will increase with time during
decreased PEEP to achieve stability. Hence, it is hypothesised that PEEP can be titrated to a
minimum elastance either way, provided a stabilisation period is given at each PEEP to
obtain a true minimum elastance. Such a process could be readily automated and monitored
in a ventilator.
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Setting PEEP at minimum elastance theoretically benefits ventilation by maximising
recruitment, reducing WoB and avoiding overdistension (Carvalho et al., 2007, SuarezSipmann et al., 2007, Lambermont et al., 2008, Zhao et al., 2010a). However, selecting PEEP
is a trade-off in maximising recruitment, versus minimising lung pressure and potential
damage. The time-varying
PEEP than a single

map is a higher resolution metric of dynamic adaptation to

value.

The PIP can be seen to follow the

contour to some extent. However, it does not provide

the same degree of resolution. In some cases, the PIP is seen to stabilise quickly or remain
relatively constant following a change in PEEP, while

continues to change significantly,

indicating the occurrence of significant lung dynamics not readily apparent from monitoring
airway pressure alone. This result shows the greater sensitivity of using

, and that

captures more relevant dynamics than airway pressure alone.

5.5.2

Oleic Acid ARDS Models

5.5.2.1 Subject 1
The response of Subject 1 to PEEP titration is seen in Figure 5.1. Elastance drops to an
overall minimum at a PEEP of 15 cmH2O, suggesting that maintaining this PEEP provides an
optimal trade-off between maximising recruitment and reducing the risk of lung damage
(Carvalho et al., 2007).
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5.5.2.2 Subject 2
The response of Subject 2 to PEEP titration is seen in Figure 5.2 and is similar to that of
Subject 1. However, the magnitude of the

response to PEEP is reduced. Elastance drops

to an overall minimum at a PEEP of 15 cmH2O, implying optimal PEEP.

5.5.2.3 Subject 3
In Subject 3,

rises to a maximum near the beginning of each breathing cycle, before

rapidly decreasing, as seen in Figure 5.3. However, this trend is less pronounced at high
PEEP. Subject 3 had a higher severity of ARDS (PF ratio = 113.6 mmHg) than Subject 1 (PF
ratio = 126.6 mmHg) or Subject 2 (PF ratio = 183.6 mmHg), potentially resulting in the
substantially different response to PEEP. The airway pressure curves initially show a rapid
increase followed by a more gradual increase. Thus, it is possible that a different volumetric
flow rate profile may eliminate the initial rapid pressure increase, reducing the rise in

.

The most uniform minimum elastance across a breath occurs at a PEEP of 15 cmH2O (at both
increasing and decreasing PEEP), implying optimal PEEP.

5.5.3

Lavage ARDS Models

5.5.3.1 Subject 4
Elastance increases significantly in Subject 4 when PEEP is increased from 1 mbar to 5 mbar
as seen in Figure 5.4. The lowest elastance is encountered either side of the RM at a PEEP of
1 mbar. However, a local minimum elastance occurs at a PEEP of 15 mbar during decreasing
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PEEP. Thus, in this case, minimum elastance would suggest that the subject should be
ventilated at 1 mbar, rather than 15 mbar. However, it is important to note that ARDS
patients should be ventilated at higher PEEP (> 5 cmH2O/5 mbar) to prevent lung collapse
(Hedenstierna and Rothen, 2000, The ARDS Definition Task Force, 2012, Briel et al., 2010).
Thus, this

map outlines a potential drawback of guiding PEEP selection based solely on

minimum elastance, possibly resulting from a unique ventilation history prior to the RM.
Clinicians should consider an alternate PEEP value when an unrealistically low PEEP is
recommended by elastance alone. Alternatively, a modified elastance metric could be
developed.

5.5.3.2 Subject 5
The response of Subject 5 to PEEP titration is seen in Figure 5.5. Elastance drops to an
overall minimum at a PEEP of 10 mbar, implying optimal PEEP.

5.5.3.3 Subject 6
Unlike Subjects 4 and 5, the RM performed on Subject 6 was performed during an open chest
surgery, thereby neglecting the effect of

in Equation 5.1 and effectively capturing

directly. It is apparent that more noise is present in this trial when compared to closed chest
ventilation performed on Subjects 1-5, suggesting that the chest wall may provide some form
of damping to high frequency physiological or mechanical effects. It is observed that
minimum elastance occurs at a decreasing PEEP of 10 mbar, as shown in Figure 5.6.
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5.5.4

Effect of Constant Resistance

The results presented in Table 5.1 indicate that the variation in

across inspiration is

generally minimal. However, the final slice, capturing the end of inspiration, is generally
significantly different from the preceding estimates of
variable

on

. Thus, to investigate the impact of

, the SLICE method is extended to determine a piecewise

map

across inspiration as shown in Figure 5.7 for Subject 1. Both Figure 5.1 and Figure 5.7 show
similar in-breath

maps for higher, clinically relevant PEEPs. In addition, optimal PEEP

occurs at 15 cmH2O, regardless of the number of slices.
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Figure 5.7 – Variation in
across a normalised breath during a RM for Subject 1 with
changes in
identified using the SLICE method. The change in airway pressure for each
normalised breathing cycle is shown in grey. (Top left) Two slices. (Top right) Three slices.
(Bottom left) Four slices. (Bottom right) Five slices.

5.5.5

Limitations

The single compartment lung model used to derive the

model does not capture some

specific physiological aspects such as cardiogenic oscillations or regional differences in
mechanical properties. Furthermore, the effects of non-linear flow or variations in airway
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resistance over the course of inspiration are neglected (Bates, 2009). However, the SLICE
method has shown that variation in
changes in the trends of the

across inspiration generally results in minimal

map.

The SLICE method is not without limitation. Increasing the number of slices reduces the
quality of the parameter identification within a slice due to a decrease in the number of
available data points (Zhao et al., 2012). Thus, trend identification in Figure 5.7 is hindered
by an increase in noise as the number of slices increase. The clinical potential of
mapping requires a compromise between physiological accuracy and clarity. Assuming a
constant

across inspiration provides clearer trends that identify the same optimal PEEP as

the SLICE method. Therefore, based on this study, assuming a constant

across inspiration

aids clinical decision making and provides potential for implementation in the ICU.

Both experimental ARDS animal models differed in many aspects. Thus, statistically
significant comparisons between each model cannot be made. However, the main outcome of
this research is that

mapping of mechanically ventilated ARDS subjects can be

monitored to provide a high resolution metric to describe disease state and physiological
changes in response to PEEP. This outcome shows the robustness of both the model and the
method of visualisation for application in the ICU. However, higher inter-patient variability is
present in patients admitted to the ICU. Thus, application of this monitoring technique
warrants further investigation in both human and animal studies.

71

A further limitation is that the findings of this research are based solely on observation of the
maps. The findings require further investigation with additional imaging and monitoring
tools such as in-vivo microscopy, Computed Tomography (CT) scans and/or Electrical
Impedance Tomography (EIT) for validation. High resolution imaging technology is
currently limited to regional investigation and clinically impractical for full and continuous
monitoring (Malbouisson et al., 2001, Zhao et al., 2009, Zhao et al., 2010b). However, this
analysis is predominantly based on the comparison of trends across a RM, where each subject
is their own reference. Thus, the best validation is the ability to track clinically expected
trends as shown here.

5.6

SUMMARY

Visualisation of dynamic respiratory system elastance (

) provides significantly more

insight into dynamic lung behaviour than can be provided by a single average value of
respiratory system elastance (

). Simultaneous monitoring of elastance across a breath and

during a RM provides a new clinical perspective to guide therapy and provides unique
patient-specific insight into the heterogeneous response to PEEP. The model is somewhat
limited by its simplicity. However, trends match clinical expectation and the results highlight
the inter-subject variability.
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Chapter 6 – Expiratory Time-Constant Model

6.1

INTRODUCTION

This chapter presents and evaluates a proof of concept study of an expiratory time-constant
model. Expiratory data is used to calculate a parameter, K, hypothesised to be a proxy for
lung elastance. K has the potential to offer insight into lung mechanics in situations where
conventional inspiratory metrics are not suitable. Furthermore, continuous monitoring of K
allows changes in disease state to be tracked over time, aiding clinical decision making. This
work has been published as a journal article (van Drunen et al., 2013c), and this method has
been presented as a conference paper (van Drunen et al., 2013b).

6.2

BACKGROUND

Conventional metrics of lung mechanics are estimated based on the mechanics of breathing
during inspiration, often neglecting expiratory data. However, passive expiration can be used
to determine a metric based on the expiratory volumetric flow rate profile (Al-Rawas et al.,
2013). Real-time monitoring of model-based lung mechanics throughout therapy can provide
unique descriptions of a patient‟s disease progression and response to MV (Carvalho et al.,
2007, Lucangelo et al., 2007, Suarez-Sipmann et al., 2007, Lambermont et al., 2008),
offering the ability to optimise patient-specific PEEP selection.
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6.3

MODEL SUMMARY

The single compartment equation of motion describing the airway pressure as a function of
the resistive and elastic components of the respiratory system for a fully sedated patient is
defined (Bates, 2009):

Equation 6.1

where

is the airway pressure, is time,

is the overall respiratory system resistance

consisting of the series resistance of the conducting airways,
is the overall respiratory system elastance,

is the volumetric flow rate,

is the lung volume, and

is the offset

pressure.

Inspiration and expiration are different physiological processes. Expiration is essentially the
passive unloading of the inspired tidal volume,
applied airway pressure (

= PEEP) with

, over a resistance at a constant ventilator
= PEEP (Moller et al., 2010a, Moller et al.,

2010b). Noting that volume is the integral of volumetric flow rate with respect to time,
Equation 6.1 in expiration becomes:

Equation 6.2

Differentiating Equation 6.2 yields:

Equation 6.3
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Dividing Equation 6.3 by

yields a simple ordinary differential equation:

Equation 6.4

Solving Equation 6.4 yields the expiratory time-constant model:

Equation 6.5

where

is the value of maximum expiratory volumetric flow rate and

is the system time-constant (Al-Rawas et al., 2013).

If

is assumed constant (Chiew et al., 2011), then K is directly proportional to

, where

an increasing K implies a stiffer lung as ARDS progresses, as shown in Figure 6.1.

Figure 6.1 – How changes in the expiratory volumetric flow rate profile over time can be used to
determine a patients’ disease state, assuming
is constant.
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6.4

MODEL VALIDATION

6.4.1

Data

This model is assessed using retrospective experimental data from three fully sedated ARDS
induced piglets. In this chapter, Subjects 1-3 refer to those subjects induced with ARDS using
oleic acid (Chiew et al., 2012a). The associated protocols are described in detail in Chapter 3.
The model is assessed across three experimental phases:

1.

Phase 1: A healthy state staircase Recruitment Manoeuvre (RM).

2.

Phase 2: Progression from a healthy state to an induced ARDS state at a constant
PEEP.

3.

Phase 3: An induced ARDS state staircase RM.

Each subject has approximately 1,600-3,500 recorded breathing cycles across all three
phases, with a combined total of 6,800 breathing cycles. Using a large number of breathing
cycles provides robust identification of trends.

6.4.2

Model Fitting

Values of K and

are determined from the least-squares best fit of Equation 6.5 to the

expiratory volumetric flow rate data. Determining

simultaneously with K leads to robust

parameter identification as the effect of outliers at, or near, the beginning of expiration is
reduced. During expiration, the density distribution of data increases because the rate of
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change of volumetric flow rate decreases. Therefore, towards the end of expiration, the model
fit becomes more constrained. When combined with the presence of a long portion of nearconstant volumetric flow rate at the end of expiration, caused by resistance in the ventilator‟s
expiratory valve (Al-Rawas et al., 2013), poor model fitting can occur. Hence, model fitting
is limited to the time span required for the respiratory system to reach 95 % of its equilibrium
value, as illustrated for a representative breath in Figure 6.2 (Top).

The expiratory airway pressure data recorded in this study shows a sudden decrease to just
above the applied PEEP, followed by a small trailing portion as shown for a representative
breath in Figure 6.2 (Bottom). This data is expected to contain no physiologically useful
information since it is measured downstream of the ventilator‟s expiratory valve.
Furthermore, the change in airway pressure from 1.12 s to the end of expiration is minor.
This outcome further justifies the approach of only considering volumetric flow rate data
throughout expiration.
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Figure 6.2 – A single representative breathing cycle. (Top) The expiratory time-constant model
fitted to expiratory volumetric flow rate data. (Bottom) Airway pressure data of a single
breathing cycle at PEEP = 5 cmH2O. In this case, airway pressure data after 1.12 s is
physiologically meaningless.

6.4.3

Validation Metrics

The expiratory time-constant model parameter, K, is determined continuously for every
breathing cycle for each subject across each phase. Validation is performed by comparing
trends in K to trends obtained using an End-Inspiratory Pause (EIP) method and trends
obtained using an integral-based method. Both methods determine unique inspiratory
estimates of respiratory system elastance and respiratory system resistance for each breathing
cycle, providing more insight into lung mechanics than the single lumped parameter, K. In
particular:
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1.

EIP method: Metrics of respiratory system mechanics are determined directly
from the Engström CareStation ventilator (Datex, General Electric Healthcare,
Finland) which automates a short EIP during controlled MV (Ingelstedt et al.,
1972, Fuleihan et al., 1976, Pillet et al., 1993). The pause during EIP omits the
resistance component in Equation 6.1 (

= 0) and prolongs inspiration,

allowing the inspired volume of air to distribute evenly throughout the lungs. The
resulting airway pressure after the EIP is called the plateau airway pressure,
and can be used to estimate static elastance,

, as shown in Equation 6.6.

Equally, the pressure difference between the PIP and the
calculate static resistance,

,

can be used to

, as shown in Equation 6.7.

Equation 6.6

Equation 6.7

2.

Integral-based method (Hann et al., 2005): The integral-based method is used to
estimate breath-specific values of respiratory system elastance (
respiratory system resistance (

) and

) that best fit Equation 6.1:

Equation 6.8
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Thus, K can be compared with,

and

aim to capture the true elastance (

, as well as,

) and resistance (

and

, both of which

) of the lung. This validation

process is summarised graphically in Figure 6.3.

Figure 6.3 – Graphic representation of the relationship between various metrics of lung
mechanics and the true elastance and resistance of the lung.

6.4.4

Analysis

For each breath, the expiratory time-constant model and both validation methods are
compared to recorded volumetric flow rate and airway pressure data respectively. In
particular, the parameters K and

are substituted into Equation 6.5 and the calculated

volumetric flow rate is compared to the measured expiratory volumetric flow rate data used
during model fitting. In the case of both validation methods, the estimated parameters,
and

, and,

and

, are substituted into Equation 6.1 and the calculated airway

pressure is compared to the measured inspiratory airway pressure data. Median and InterQuartile Range (IQR) absolute percentage fitting errors are presented in Table 6.1. The
integral-based method has the lowest overall median fitting error for each subject. The
expiratory time-constant model has the second lowest overall median fitting error for
Subjects 2 and 3. All overall median fitting errors are within likely measurement errors of 310 %.
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Table 6.1 – Model fitting errors.

Subject
1
Expiratory
Time-Constant
Model

2
3
1

EIP Method

2
3
1

Integral-Based
Method

2
3

Absolute Percentage Fitting Error
(Median, [IQR]) [%]
Phase 1
Phase 2
Phase 3
Overall
5.01
7.24
5.19
6.99
[2.24-9.89]
[3.74-12.58]
[2.50-8.96]
[3.55-12.21]
3.69
3.66
5.84
3.83
[1.68-7.58]
[1.59-6.78]
[2.77-9.62]
[1.67-7.12]
4.38
4.37
10.57
4.72
[1.90-8.71]
[2.00-8.41]
[5.11-17.29]
[2.13-9.34]
2.61
3.85
4.07
3.77
[1.25-4.87]
[1.85-6.99]
[1.75-7.83]
[1.80-6.92]
5.83
5.31
6.81
5.48
[3.28-10.26]
[2.69-9.13]
[3.84-9.91]
[2.83-9.34]
5.59
6.32
12.71
6.61
[3.58-9.91]
[3.51-11.04]
[6.51-24.32]
[3.65-11.69]
1.42
1.98
2.31
1.97
[0.59-3.18]
[0.92-3.84]
[1.03-4.12]
[0.90-3.81]
1.81
1.48
2.04
1.55
[0.85-3.27]
[0.71-2.86]
[0.93-3.43]
[0.73-2.97]
1.31
2.23
4.99
2.26
[0.68-2.36]
[0.95-4.95]
[2.14-8.59]
[0.96-5.11]

Continuous monitoring of K and the validation metrics,

and

, and,

and

, are shown for each Phases 1-3 in Figure 6.4-Figure 6.6 respectively. The
corresponding airway pressure data is also shown. Trend comparison was assessed by trend
correlation coefficient (R2). Comparison between K and

, and, K and

, for every

available breathing cycle across all three phases is shown in Figure 6.7.
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Figure 6.4 – Respiratory system mechanics monitoring during Phase 1, healthy state RM. (Top)
Subject 1. (Middle) Subject 2. (Bottom) Subject 3. Values of K are scaled for clarity and serve
only as an indication for trend comparison.
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Figure 6.5 – Respiratory system mechanics monitoring during Phase 2, disease progression.
(Top) Subject 1. (Middle) Subject 2. (Bottom) Subject 3. Values of K are scaled for clarity and
serve only as an indication for trend comparison.
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Figure 6.6 – Respiratory system mechanics monitoring during Phase 3, disease state RM. (Top)
Subject 1. (Middle) Subject 2. (Bottom) Subject 3. Values of K are scaled for clarity and serve
only as an indication for trend comparison.
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Figure 6.7 – Correlation between K and validation metrics
and
(Middle) Subject 2. (Bottom) Subject 3.

. (Top) Subject 1.
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6.5

DISCUSSION

6.5.1

Phase 1 – Healthy State Recruitment Manoeuvre

K closely follows the trends of both
Figure 6.4. Both

and

and

for all three subjects, as shown in

remain relatively constant across the RM, justifying the

use of the lumped parameter, K, during this phase.

6.5.2

Phase 2 – Disease Progression

Inter-subject differences in ARDS progression over time can be seen in Figure 6.5, and
indicate a variable response to oleic acid to induce ARDS, as well as a variable response to
MV for each subject (Schuster, 1994, Ware, 2008, Bastarache and Blackwell, 2009, BallardCroft et al., 2012). After oleic acid injection,

,

, and K in Subjects 1 and 2 all

follow similar trends. Each parameter shows a slow increase, followed by a rapid increase as
ARDS develops and the lungs become stiffer (Gattinoni and Pesenti, 2005, Chiew et al.,
2012a). However, in Subject 3, the trend of K does not follow either

or

. This

lack of correlation may be a subject-specific response due to the increasing severity of ARDS
collapsing airways within the lungs, thereby increasing the resistance of the conducting
airways (Gattinoni and Pesenti, 2005). Since

, an increasing airway resistance

would result in a decreasing K, consistent with that shown in Figure 6.5. In addition, because
is found to vary for Subject 3, no information about

can be directly gained from K

during this phase. This result highlights the importance of the assumption of constant airway
resistance for accurate tracking of disease progression when using this method.
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6.5.3

Phase 3 – ARDS State Recruitment Manoeuvre

Subject-specific responses during Phase 3 vary significantly as shown in Figure 6.6.
Subject 1 has the highest variation in
significant change in either

,

or K. Trends of

, and K, while Subject 3 does not show any
,

, and K for both Subject 1 and

Subject 2 agree, and show a definite response to the RM. Subject 3, and to a lesser extent
Subject 2, show a decrease in

during increasing PEEP titration and an increase in

during decreasing PEEP titration, suggesting that increasing PEEP is responsible for opening
airways (Mols et al., 2001, Carvalho et al., 2007, Suarez-Sipmann et al., 2007). This change
of airway resistance indirectly affects the estimated parameters determined by the integralbased method. Furthermore, Subject 3 has the highest PIP across all three phases. This is
because a higher inspiratory pressure is required to counter the effect of a larger body mass.
However, Subject 3 also has the highest severity of ARDS, as presented in Table 6.2 by a
lower PaO2/FiO2 (PF ratio). Thus, it is possible that factors aside from variations in

may

influence the response. This significant inter-subject variability highlights the need for a
patient-specific model-based approach.
Table 6.2 – Body mass and PF ratio (Phase 3) for each subject.

Subject

Mass [kg]

1
2
3

24.0
20.3
29.6

During PEEP titration in Phase 3,

,

PaO2/FiO2 (Phase 3)
[mmHg]
126.6
183.6
113.6

, and K drop to an overall minimum at a

specific PEEP for each subject (PEEP = 15 cmH2O for Subject 1, PEEP = 10-15 cmH2O for
Subject 2 and PEEP = 15-20 cmH2O for Subject 3). Because recruitment is a function of
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PEEP and time (Albert et al., 2009, Barbas et al., 2005), true minimum

,

, and K

can only be determined after a stabilisation period at each PEEP level. Decrease of elastance
over time to a specific minimum can be described by increasing recruitment and/or the lung‟s
viscoelastic properties, causing hysteresis (Ganzert et al., 2009, Andreassen et al., 2010).
Setting PEEP at minimum elastance theoretically benefits ventilation by maximising
recruitment, reducing Work of Breathing (WoB) and avoiding overdistension (Carvalho et
al., 2007, Suarez-Sipmann et al., 2007, Lambermont et al., 2008, Zhao et al., 2010a).
Furthermore, decreasing PEEP titration results in lower overall

,

, and K

compared to increasing PEEP titration, as shown in Figure 6.6. When PEEP is increased to a
higher level, recruitment, as well as potential lung overstretching, occurs. However, after
PEEP is reduced, the lung remains more compliant, as expected clinically after such a RM.

6.5.4

Trend Comparison

From Figure 6.7, it can be seen that Subject 3 has the lowest correlation coefficients across
both validation metrics, while Subject 2 has the highest correlation coefficients as expected
from observation of Figure 6.4-Figure 6.6. In this study, Subject 3 had the largest body mass
and reached the highest severity of ARDS while Subject 2 had the lowest body mass and
reached the lowest severity of ARDS. Thus, it is possible that increased body mass and/or
severity of ARDS may influence the physiological process of expiration, leading to a lower
observed correlation between K and the elastance validation metrics. However, due to the
small number of subjects in this study, this conclusion is limited in its impact and thus
warrants further investigation.
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6.5.5

Outcomes

The overall median fitting error of the expiratory time-constant model is comparable to that
obtained using the EIP method. However, variations in
between K and

may lead to a lower correlation

. Based on the results of the integral-based method, it was found that

airway resistance varies in Subject 3 during Phase 2 and Subjects 2 and 3 during Phase 3.
Thus, a larger study cohort is required to further validate this method. However, it should be
noted that if airway resistance is varying, it can be identified and accounted for. In general,
the expiratory time-constant model was able to provide clinically relevant physiological
insight not readily available at the bedside to guide MV therapy.

Spontaneously breathing patients have individual breathing efforts aside from ventilator
support (Grinnan and Truwit, 2005), significantly altering the lung mechanics. In this case,
oesophageal pressure measurements are required to determine patient-specific lung
mechanics during inspiration (Bates, 2009). However, this technique is considered
uncomfortable for the patient and its application is limited in daily monitoring, despite its
potential to guide MV (Talmor et al., 2008, Khirani et al., 2010). Expiration is hypothesised
to be primarily or completely passive, regardless of whether the patient is sedated or
spontaneously breathing. Thus, muscle activity is assumed to be absent or relatively minimal
(Grinnan and Truwit, 2005, Al-Rawas et al., 2013). Therefore, one potential application of
the expiratory time-constant model is to determine real-time lung parameters for
spontaneously breathing patients without additional measuring tools, expanding the clinical
applicability of a model-based approach to guiding PEEP selection. Thus, application of the
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expiratory time-constant model in tracking lung mechanics in spontaneously breathing
patients warrants further investigation.

6.5.6

Limitations

The EIP method may be erroneous when the automated EIP is too short and does not allow
the PIP to drop to the true

(Barberis et al., 2003). In addition, this simple two-point,

static approach may be too simplistic to capture some finer aspects of lung mechanics. Hence,
no elastance metric is necessarily a gold standard. This study is predominantly based on the
comparison of trends where each subject is their own reference. Thus, the best validation of a
model is the ability to track clinically expected trends.

The estimation of airway resistance and the effect of ARDS on this parameter may be limited.
Airway collapse alters airway resistance (Mols et al., 2001, Carvalho et al., 2007, SuarezSipmann et al., 2007, Chiew et al., 2011). However, this change is less significant compared
to changes in lung elastance due to alveolar collapse. A collapsed airway will not have air
entering and thus, airway resistance on expiration will not exist. Equally, a nearly closed
airway will have higher airway resistance. Both hypotheses are potential effects from ARDS,
but result in contradiction.

The clinical merit of K relies on the assumption that
Significant variation in

remains constant throughout therapy.

will result in a poor correlation between K and

. However, the
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degree to which

varies with PEEP and disease state was different for each subject in this

study. A larger cohort may provide more consistency.

The expiratory time-constant model may not accurately capture regional differences in
mechanical properties (Bates, 2009). Passive expiration could be more accurately modelled
using a bi-exponential function, combining the effects of a slower and a faster time-constant,
to effectively model each lung separately (Chelucci et al., 1993, Chelucci et al., 2005, Bates,
2009). However, each time-constant cannot be uniquely distinguished. Thus, this method
cannot track disease progression within each lung separately, limiting its potential for use in
the ICU.

6.6

SUMMARY

Expiratory data is normally neglected when determining conventional metrics of lung
mechanics. However, the expiratory time-constant model parameter (K) provides an
alternative means to track changes in disease state throughout therapy. Setting PEEP at
minimum elastance, i.e. minimum K, theoretically provides optimal patient-specific PEEP.
The expiratory time-constant model demonstrates potential for continuous monitoring of lung
mechanics as disease state progresses. In particular, the trends obtained using the expiratory
time-constant model generally match those obtained using the EIP method and the integralbased method. However, the assumption of constant

leads to less physiological insight.
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These are the first results to track and identify clinically relevant and expected breath-tobreath pulmonary mechanics throughout a clinical RM. Such tracking offers insight beyond
the metrics and methods presented. Overall, further research is required to confirm the use of
such real-time methods in actual ARDS patients, both sedated and spontaneously breathing.
However, the ability to identify and track clinically relevant responses to disease progression
and MV in real-time shows significant new potential.
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Chapter 7 – Model-Based dFRC

7.1

INTRODUCTION

This chapter presents and evaluates four model-based methods of estimating the level of
PEEP induced Functional Residual Capacity (FRC) change, known as dynamic FRC (dFRC).
Recruitment models provide insight into the recruitment status of the lungs. Thus,
determining when maximum recruitment occurs provides an alternative metric for use in
guiding optimal PEEP selection. All four methods are assessed based on their predictive
capability using three separate clinical and experimental data cohorts. The bulk of this work
has been published as a journal article (van Drunen et al., 2013a).

7.2

BACKGROUND

PEEP improves gas exchange and ensures pulmonary volume above FRC, the pulmonary gas
volume of the lungs at Zero End Expiratory Pressure (ZEEP), i.e. after normal expiration.
Figure 7.1 shows a schematic of the lungs. An absolute value of FRC gives no information on
the number of potentially recruitable lung units that are available. A lung with an FRC of
1.4 L could be the result of a lung with 1.4 L of fully recruited healthy lung units or 1.0 L of
recruited lung plus an additional amount of recruited lung volume due to additional PEEP.
Knowing this difference would allow PEEP to be optimised to maximise recruitment and
ensure any increase in PEEP added recruited lung volume.
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Figure 7.1 – Schematic showing the limitation of an absolute FRC value.

Currently, there are few methods of measuring FRC at the bedside. Gas washout/washin
techniques are one method (Heinze et al., 2007), but are not necessarily available on most
ventilators. FRC can also be measured by using chest imaging methods, such as Computed
Tomography (CT) scans (Malbouisson et al., 2001) and Electrical Impedance Tomography
(EIT) (Zhao et al., 2009, Zhao et al., 2010b). Timed at the end of expiration, the lung volume
can be assessed at each CT or EIT slice and summed across all the slices to evaluate true lung
FRC. However, this type of measurement is clinically and ethically unrealistic for regular use
in guiding MV, or continuous monitoring in the ICU. Although specialised ventilators can
measure FRC and re-estimate FRC following changes in PEEP (GE, Engstrom, Carestation
ventilators), most standard ventilators cannot. Thus, there is motivation to estimate the PEEP
induced FRC change to avoid further lung injury.
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The level of additional lung volume due to additional PEEP is known as dynamic FRC
(dFRC) (Sundaresan et al., 2011b) and is shown schematically in Figure 7.2. The ability to
use standard ventilator data to simply and non-invasively estimate dFRC without interrupting
MV therapy would be a significant potential enhancement in ventilation management.
Although dFRC cannot by itself estimate the potential of lung recruitment, used with Arterial
Blood Gas (ABG) measurements it can provide the clinician with useful information on lung
recruitability as PEEP or other MV settings are modified. Thus, dFRC represents an aspect of
the primary clinical endpoint in ventilation management, with the potential to be
continuously tracked with changes in patient condition.

Figure 7.2 – Schematic showing the difference between FRC and dFRC.
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7.3

MODEL SUMMARY

7.3.1

Stress-Strain Multiple Breath Method (SSMB)

Chiumello et al. (Chiumello et al., 2008) proposed a stress-strain theory of lung dynamics
where transpulmonary pressure,

, is defined as the clinical equivalent of stress. The

clinical equivalent of strain is defined as the ratio of the change in volume,

, to the FRC,

yielding a stress-strain definition:

Equation 7.1

where the specific lung elastance,

, can be defined as the transpulmonary pressure at

which FRC doubles.

The relationship between the change in plateau airway pressure,

, and the corresponding

is defined (Chiumello et al., 2008):

Equation 7.2

Equation 7.3

where
value of

represents the ratio of the lung elastance,

, to the chest wall elastance,

indicates the severity of ARDS, where a larger value of

. The

indicates a higher

severity of ARDS (Gattinoni et al., 2004, Sundaresan et al., 2011b). Transpulmonary pressure
is not typically measured at the bedside. Thus, it is estimated using the airway pressure, based
on Equation 7.2.
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At the beginning of inspiration, when airflow is zero, the airway pressure (i.e. PEEP) is equal
to the plateau airway pressure. Thus, at this point, Sundaresan et al. (Sundaresan et al.,
= ΔPEEP, and

2011b) proposed that

Equation 7.2, and substituting for

and

= ΔdFRC. Combining Equation 7.1 and
, yields a formula for FRC:

Equation 7.4

Equation 7.4 defines FRC as a function of the volume responsiveness of the patient to the
specified change in PEEP,

, and

of the patient. Sundaresan et al. hypothesised that

dFRC follows a similar mathematical form to Equation 7.4:

Equation 7.5

Therefore, dFRC takes the form:

Equation 7.6

where

is a function of the PEEP at which dFRC is estimated.

, and

are relatively

constant parameters (Chiumello et al., 2008) so can be combined into one unknown
parameter, , yielding:

Equation 7.7

The assumption that

is constant is true only for the linear portion of the static Pressure-

Volume (PV) curve (Sundaresan et al., 2011b). The value of

for a single value of PEEP is
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assumed constant across all patients. Because FRC is not known for any patient,

is

analytically solved based on Equation 7.7 using measured dFRC values from the data. Once
values are evaluated for all patients at each PEEP, a median

is then evaluated at each

PEEP to serve as a population constant for that PEEP. The dFRC is then estimated using
Equation 7.7 and the median

value. The process can be summarised as follows:

1.

Analytically solve Equation 7.7 to find

for all patients at each PEEP.

2.

Evaluate the population based median

3.

Estimate the dFRC using Equation 7.7 and the population based median .

at each PEEP.

This method requires the patient to undergo a stepwise increase in PEEP to obtain multiple
PV loops at different PEEPs prior to analysis.

7.3.2

Stress-Strain Single Breath Method (SSSB)

Mishra et al. (Mishra et al., 2012) proposed a model to estimate ∆dFRC using only PV data
from a single PEEP. Once again, combining Equation 7.1 and Equation 7.2, and substituting
, yields a formula for FRC:

Equation 7.8

where

is the tidal volume. Equation 7.8 defines FRC as a function of the volume

responsiveness of the patient to the specified change in airway pressure observed during
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inspiration,

, and

of the patient. Mishra et al. hypothesised that ΔdFRC follows a

similar mathematical form to Equation 7.8:

Equation 7.9

Therefore, ΔdFRC takes the form:

Equation 7.10

Once again, combining ,

, and

into one unknown parameter, , yields:

Equation 7.11

As with the SSMB method, the assumption that

is constant is true only for the linear

portion of the static PV curve (Sundaresan et al., 2011b). The value of
PEEP is assumed constant across all patients. Calculated
dFRC can vary with the applied

for a single value of

values are normalised by

as

(Mishra et al., 2012).

Equation 7.12

Values of

and ∆dFRC are calculated through the same approach outlined for the SSMB

method.
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7.3.3

Single Compartment Single Breath Method (SCSB)

The single compartment equation of motion describing the airway pressure as a function of
the resistive and elastic components of the respiratory system for a fully sedated patient is
defined (Bates, 2009):

Equation 7.13

where

is time,

is the overall respiratory system resistance consisting of the series

resistance of the conducting airways,
respiratory system elastance,

is the volumetric flow rate,

is the lung volume, and

is the overall

is the offset pressure.

An alternative method of estimating dFRC without the use of a population constant assumes
is also the pressure to increase baseline FRC, as described in Chapter 4:

Equation 7.14

where,

is the additional lung volume increase due to PEEP. Thus:

Equation 7.15

From Equation 7.14,
Thus,

is expected to capture the change in FRC due to a change in PEEP.

∝ dFRC and Equation 7.15 can be rearranged for

:
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Equation 7.16

Equation 7.16 provides an alternative method of estimating dFRC using

(Stenqvist et al.,

2012).

The integral-based method (Hann et al., 2005) is used to estimate breath-specific values of
respiratory system elastance (

) and respiratory system resistance (

) that best fit

Equation 7.13:

Equation 7.17

7.3.4

Combined Method (CM)

This model-based approach is intended for real-time use in the ICU. Initially, when data at
only one PEEP is available, the model relies on the SSSB analysis (Mishra et al., 2012). As
additional higher PEEPs are introduced throughout the course of care, the model converts
from SSSB to SSMB analysis (Sundaresan et al., 2011b). Therefore, the model can predict
dFRC at any PEEP with the potential advantage of increasing accuracy as different PEEPs
are progressively introduced throughout the course of care. This approach presents a noninvasive method that utilises all available and prior data, and aims to combine the higher
accuracy of the SSMB method with the higher clinical feasibility of the SSSB method.
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7.4

MODEL VALIDATION

7.4.1

Clinical and Experimental Data:

The models are assessed using retrospective clinical and experimental data. In this chapter:

1.

Cohort 1: Clinical data from 10 patients (Sundaresan et al., 2011a).

2.

Cohort 2: Clinical data from 10 patients (Bersten, 1998).

3.

Cohort 3: Experimental data from 9 animal subjects (Chiew et al., 2012a).

The demographics and cause of ARDS for all patients and subjects, and the associated
protocols, are described in detail in Chapter 3. For Cohorts 1 and 3, the dFRC was measured
during post-processing of the volumetric flow rate data obtained by a pneumotachometer.
The difference in volumetric flow rate across a PEEP change was used to determine dFRC.
For Cohort 2, the dFRC was measured directly by deflation to ZEEP at the end of a breathing
cycle for each PEEP.

7.4.2

Analysis

The estimated dFRC is compared with the clinically measured dFRC to determine the
estimation error over each method and cohort. Performance is assessed by trend correlation
coefficient (R2), where comparisons between measured and estimated values are made. The
maximum, minimum, median and Inter-Quartile Range (IQR) are used as summary statistics.
The accuracy of each method is compared and evaluated in relation to the other methods.
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7.4.3
The

Stress-Strain Multiple Breath Method (SSMB)
values determined for each data cohort are presented in Table 7.1.
Table 7.1 – Median

PEEP
[cmH2O]
Cohort 1
Cohort 2
Cohort 3

values [cmH2O].

0

5

7

10

12

15

20

25

30

-0.0026
0.4825
-

3.0287
4.4890
0.0301

6.5108
-

7.4455
9.3080
3.7004

11.790
9-

12.613
0
13.797
9
8.7759

18.169
114.961
0

23.821
5-

28.731
3-

The linear trend in measured dFRC versus estimated dFRC across all PEEPs, and the
associated error for each cohort, is shown in Figure 7.3. Values of R2 are given, R2(i), for all
three cohorts i = 1, 2, 3 separately and combined.

Figure 7.3 – SSMB: (Left) Plot of measured dFRC vs. estimated dFRC for each cohort. (Right)
Box plot of errors between measured dFRC and estimated dFRC for each cohort.
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7.4.4
The

Stress-Strain Single Breath Method (SSSB)
values determined for each data cohort are presented in Table 7.2.
Table 7.2 – Median

PEEP
[cmH2O]
Cohort 1
Cohort 2
Cohort 3

values [cmH2O/mL].

0

5

7

10

12

15

20

25

30

0.0000
0.0015
-

0.0081
0.0140
0.0000

0.0241
-

0.0206
0.0362
0.0357

0.0611
-

0.0348
0.0796
0.0829

0.0586
0.1564

0.0802
-

0.0872
-

The linear trend in measured dFRC versus estimated dFRC across all PEEPs, and the
associated error for each cohort, is shown in Figure 7.4. Values of R2 are given, R2(i), for all
three cohorts i = 1, 2, 3 separately and combined. Values of R2 are also given for the cases
where outlying patients have been excluded.

Figure 7.4 – SSSB: (Left) Plot of measured dFRC vs. estimated dFRC for each cohort. Patient
specific trends are indicated for the cases of significant overestimation. (Right) Box plot of
errors between measured dFRC and estimated dFRC for each cohort. Errors larger than ± 1 L
are truncated for clarity.
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7.4.5

Single Compartment Single Breath Method (SCSB)

The linear trend in measured dFRC versus estimated

across all PEEPs, and the associated

error for each cohort, is shown in Figure 7.5. Values of R2 are given, R2(i), for all three
cohorts i = 1, 2, 3 separately and combined.

Figure 7.5 – SCSB: (Left) Plot of measured dFRC vs. estimated
for each cohort. (Right) Box
plot of errors between measured dFRC and estimated
for each cohort. Errors larger than
± 1 L are truncated for clarity.

7.4.6

Combined Method (CM)

The linear trend in measured dFRC versus estimated dFRC across all PEEPs, and the
associated error for each cohort, is shown in Figure 7.6. Values of R2 are given, R2(i), for all
three cohorts i = 1, 2, 3 separately and combined.
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Figure 7.6 – CM: (Left) Plot of measured dFRC vs. estimated dFRC for each cohort. (Right)
Box plot of errors between measured dFRC and estimated dFRC for each cohort.

7.4.7

Summary

Table 7.3 presents a summary of the correlation coefficients for each method and cohort.
Table 7.3 – Summary of trend correlation coefficients (R2) for each method and cohort. Low R2
values are shown in red while high R2 values are shown in green.

Cohort 1

Cohort 2

Cohort 3

Overall
coefficient

SSMB

0.974

0.945

0.993

0.973

SSSB

0.862

0.453

0.824

0.584

SCSB

0.744

0.475

0.702

0.486

CM

0.991

0.911

0.991

0.971
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7.5

DISCUSSION

7.5.1

Stress-Strain Multiple Breath Method (SSMB)

There exists a strong, sustained linear trend in measured dFRC versus estimated dFRC over
all PEEPs and a wide range of dFRC for each cohort. Auto-PEEP, present in some patients
from Cohort 1, may affect the correlation coefficient for that cohort. Auto-PEEP has the
effect of a sudden change in the level of recruitment (ΔdFRC) once the PEEP becomes
greater than the auto-PEEP, as shown in Figure 7.7 for an auto-PEEP of 7 cmH2O. Although
Cohort 1 contains patients with auto-PEEP, the median error, as shown in Figure 7.3, is
consistently small across all PEEPs indicating no inherent tendency for overestimation or
underestimation.

Figure 7.7 – PV loops for patient 1 (Cohort 1) indicating a change in the compliance
(1/elastance) trend at an auto-PEEP of 7 cmH2O.
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A significant drawback with this method is that it assumes a linear compliance (1/elastance)
trend across all PEEPs which may not hold true for cases where auto-PEEP is present, or at
high PEEP where overdistension can occur. Another limitation with this model is that it
requires PV data from at least two PEEPs so it cannot be used for continuous tracking of
dFRC. Thus, its application in real-time dFRC measurement is limited without interrupting
MV therapy.

7.5.2

Stress-Strain Single Breath Method (SSSB)

The SSSB method proposed by Mishra et al. (Mishra et al., 2012) and applied to Cohort 2
results in the lowest overall correlation coefficient in the study. This result is specifically due
to the trends of Trials 4, 5 and 12, as shown in Figure 7.4, where the error reaches as high as
1.66 L. This large error is caused by two factors:

1.

All three trials exhibit a relatively low compliance (high elastance) trend when
compared to the majority of other trials in the cohort, resulting in a lower
calculated
of all

value. The population constant

value is calculated as the median

values at a given PEEP. Hence, a significantly higher median

value is,

in turn, applied to these patients, resulting in error.
2.

Several other trials also exhibit reasonably low compliance (high elastance)
trends, but did not result in overestimation. This difference in outcome occurs
because values of

are normalised by

. Generally, Trials 4, 5 and 12 have a
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higher

compared to other trials exhibiting the same trend in compliance

(1/elastance).

Combined, these two factors result in considerable overestimation of dFRC for these three
trials, potentially highlighting a significant limitation with this method. No patient-specific or
case-specific factor could be identified as the root cause of this difference. However, it should
be noted that measurements for patients in Cohort 1 and subjects in Cohort 3 were obtained
with no prior recruitment manoeuvre or stabilisation and had a far higher R2 value of 0.862
and 0.824 respectively, as presented in Table 7.3. In contrast, patients in Cohort 2 were
recruited and stabilised at each PEEP for 30 min. Thus, as a result, patients in Cohort 2 may
see a higher

despite low compliance (high elastance), which is a scenario not typically

seen clinically.

An advantage of the SSSB method over the SSMB method is that a unique value of

is

determined at each PEEP, which is independent of lung behaviour at other PEEPs. Thus,
values of

can account for the natural sigmoid shape of a patients‟ volume responsiveness

to PEEP. This outcome is important for cases where auto-PEEP is present, or at high PEEP,
where unintended overdistension can occur.

A disadvantage of the SSSB method is that the calculated values of

are dependent on the

method of data measurement. As previously mentioned, patients in Cohort 2 were stabilised
prior to measurement while those in Cohort 1 were not. Thus, the

values obtained from
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Cohorts 1 and 2 diverge as PEEP increases, as shown in Figure 7.8. Thus, combining both
human cohorts and determining new values of median

would result in poorer dFRC

estimation.

Figure 7.8 – Values of

7.5.3

for each cohort. The lowest available PEEP in each cohort provides
the reference PEEP for that cohort.

Single Compartment Single Breath Method (SCSB)

The correlation coefficients observed in Figure 7.5 and Table 7.3 for the SCSB method
indicate a possible linear relationship between measured dFRC and estimated
that

, indicating

may be linearly related to dFRC. This relationship is based on the assumption that
is the same in both Equation 7.13 and Equation 7.14. If this assumption is valid, it would

be expected that for each patient/subject, a strong correlation would result between the
calculated using Equation 7.13, and the

calculated using Equation 7.14, where the
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measured dFRC is substituted for

. For both cases, the integral-based method is used to

estimate breath-specific values of respiratory system elastance (
resistance (

) that that best fit each equation. The scatter in Figure 7.9, for patients in

Cohort 1, suggests that the assumption of identical
estimation errors in the calculation of

Figure 7.9 – Comparison between

The error in

) and respiratory system

may not be fully justified, leading to

.

when calculated using Equation 7.13 and Equation 7.14
for all patients in Cohort 1.

across a range of PEEPs can be seen in Figure 7.10 where the individual

patient specific trends between measured dFRC and estimated

from Cohort 1 in Figure

7.5 have been highlighted. The relationship is seen to be non-linear with a concave response
as PEEP, and consequently dFRC, increase. However, it is possible that some normalisation
of the data may correct for this effect.
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Figure 7.10 – Patient specific trends in Cohort 1 between measured dFRC and estimated
for
all patients and PEEPs. Patient specific trends are indicated to show general non-linearity.

7.5.4

Combined Method (CM)

The CM incorporates the higher linear correlation coefficient observed with the SSMB
method with the clinical applicability of the SSSB method. Because the combined method
considers a progressive increase in the number of available PEEPs, it can manage changes in
compliance (1/elastance) with less error than the SSMB method alone, which assumes linear
compliance (linear elastance) across all PEEPs, as well as versus the single breath methods.
Overall, this approach is clinically feasible, practical and accurate for the range of clinically
acceptable PEEPs seen in application.
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7.6

SUMMARY

Four model-based methods are evaluated based on their capability of estimating dynamic
FRC (dFRC) for mechanically ventilated ARDS patients and experimental ARDS subjects.
By using non-invasive model-based approaches, dFRC can be tracked continuously as it
changes with the evolution of the disease. Evaluating the potential of recruitable lung volume
may help to determine the optimal PEEP required during MV. The models can be
implemented in the ICU without the need for clinically and ethically unrealistic methods such
as CT scans.

The proposed methods have limitations in their predictive capability, since in some cases the
error observed between the measured and estimated values is exceptionally large. In
particular, auto-PEEP has the potential to affect the accuracy of the models. However, it can
be detected directly from PV loop responses and thus managed. The CM is found to be the
optimal method to estimate dFRC for real-time application.
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Chapter 8 – Conclusions and Clinical Potential

8.1

INTRODUCTION

MV is one of the most common treatments in the ICU, with significant implications for both
patient mortality and cost of treatment. However, the major problem with MV lies with the
lack of standardised protocols, resulting in variable ventilator settings that are strongly
dependent on the experience and intuition of the clinicians. Therefore, there is a clear need to
determine optimal patient-specific MV therapy that can provide the greatest benefit to the
patient at the lowest risk.

This thesis presented several unique and physiologically relevant models and model-based
methods to provide clinically useful information that captures patient-specific lung condition
and response to PEEP. The models provided rapid parameter identification, while retaining
important physiological information, and were validated using data from clinical ICU patients
and experimental ARDS animal models. These model-based approaches show potential to be
used as a diagnostic tool at the bedside in the ICU.

Chapter 4 presented a single compartment lung model and investigated its ability to capture
parameters of respiratory mechanics. This fundamental model provided the basis for several
of the models and model-based methods presented throughout this thesis, allowing in-depth
understanding of patient-specific response to PEEP, and disease state evolution over time.
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Chapter 5 presented a novel method of mapping and visualising dynamic respiratory system
elastance (

), providing significantly more insight into dynamic lung behaviour than can

be provided by a single average value of respiratory system elastance (

). Simultaneous

mapping of elastance, both within a breath and throughout the course of care, provides a new
perspective to guide therapy. The clinical potential of

mapping requires a compromise

between physiological accuracy and clarity. However, the trends obtained in this study
matched clinical expectations, providing unique insight into the heterogeneous response of
the ARDS affected lungs to PEEP.

Chapter 6 presented a method of using only the expiratory portion of the breathing cycle to
estimate a parameter (K) hypothesised to be a proxy for lung elastance. K provides an
alternative means to track changes in respiratory mechanics throughout therapy and showed a
high correlation with estimates of lung elastance obtained using alternative methods. Thus,
the expiratory time-constant model shows potential for continuous, real-time monitoring of
breath-to-breath pulmonary mechanics as disease state progresses. Furthermore, the model
shows potential to be used on spontaneously breathing patients.

Chapter 7 evaluated four model-based methods on their capability of estimating dynamic
Functional Residual Capacity (dFRC). Evaluating the potential of recruitable lung volume
aids optimal PEEP selection. The models enable dFRC to be tracked continuously as it
changes with the evolution of the disease. Based on a variety of clinical and experimental
datasets, the Combined Method (CM) was found to provide the optimal balance between
predictive capability and real-time bedside application in the ICU.
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8.2

CLINICAL POTENTIAL

The models presented in this thesis represent the first steps into a potential future clinical
practice. Results indicate that these models have the potential to be used to guide MV
decision making in the ICU, providing a consistent path to standardise PEEP selection. In
particular, this type of “next-generation” care would provide a quantitative, patient-specific
foundation for much more consistent clinical decision making.

A model-based approach to guiding MV therapy is not necessarily intended to override the
human component of clinical decision making in the ICU. Rather, models aim to provide an
alternative perspective, or second opinion, to reassure a clinician‟s decision. Thus, a modelbased approach to MV therapy is intended to support clinical decision making as there may
be many other factors involved with such decisions. Clinicians will always have the ability to
ignore a model-based recommendation if it is deemed necessary, but equally, typical cases
may become far more automated.

Each lung model uses different physiological principles to determine metrics to guide PEEP
selection. However, fundamentally, all of these models essentially monitor trends in patient
condition throughout the course of care. Thus, simultaneous application of all available
models will provide a more robust system, where the recommendation of each model can be
validated against the recommendations of the other models. Equally, since each model
provides a slightly different perspective, the range of recommendations, while narrow, would
provide clinicians with an acceptable foundation range within which to set PEEP.
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Chapter 9 – Future Work

9.1

INTRODUCTION

The models presented in this thesis have shown potential in guiding patient-specific PEEP
selection. However, there is a significant amount of additional research to be performed
before these models can become a regular clinical feature in the ICU. In particular, the use of
broader patient cohorts and Randomised Controlled Trials (RCTs) are required to further
validate the effectiveness of the models, particularly on patient outcomes such as mortality
rate and duration of MV. This chapter describes these validation processes in detail, as well
as describing additional work required to expand the capability of the models.

9.2

CLINICAL DATA

Pathogenesis of experimental ARDS animal models is more consistent where the methods of
developing ARDS are known and controlled. In contrast, ICU patients are more variable as
the causes of disease are different, and there is a greater inter-patient variability in response to
therapy. Thus, application of time-varying elastance mapping and the expiratory timeconstant model to clinical data warrants further investigation in ICU patients. Robust
validation requires additional clinical data from a variety of different patients with different
disease conditions.

117

A Randomised Controlled Trial (RCT), consisting of two matched clinical cohorts, is
required to evaluate the impact of a model-based approach on patient outcome. In particular,
one cohort acts as a control group, while the second patient cohort undergoes a clinical
protocol where PEEP is selected based on model derived metrics. Comparing the length of
stay and the mortality rates of the patients in each cohort provides a fair comparison between
standard MV therapy and a model-based approach in a clinical setting.

9.3

DIRECT IMAGING FOR MODEL VALIDATION

The models and metrics developed in this thesis have demonstrated clinical potential to guide
optimal PEEP selection. Model-based approaches guide MV therapy using patient-specific
parameters derived from measured data. However, validation of the clinical relevance and
physiological insight of a model-based approach is currently limited. In particular, some of
the findings of this research are based solely on observation of clinically expected trends.
Thus, model recommendations must be further investigated by additional monitoring tools
such as in-vivo microscopy, Computed Tomography (CT) scans (Lu et al., 2001,
Malbouisson et al., 2001, Gattinoni et al., 2006b) and/or Electrical Impedance Tomography
(EIT) (Denai et al., 2010, Luecke et al., 2012). These monitoring tools enable the recruitment
of collapsed lung regions to be observed in real-time, validating the predictive capability and
clinical potential of the models.
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9.4

EXTENSION OF THE MODELS

9.4.1

Time-Varying Elastance Mapping

Directly following a PEEP step increase, some subjects showed a decreasing dynamic
respiratory system elastance (

) trajectory, followed by an increasing

trajectory

towards the end of inspiration. Therefore, PEEP increments of 1 cmH2O, rather than the more
typical and much larger increments of 5 cmH2O, may avoid any damage due to the raised
elastance in the early breaths and adaptation period following a PEEP increase. Smaller PEEP
increments, each followed by a short period of stabilisation, may substantially reduce the
peak of the

spikes at the end of inspiration. This finding warrants further investigation

where staircase recruitment is performed using smaller PEEP increments. The added clinical
effect could be readily offset by automation. Changes in ventilator pattern or mode also have
the potential to modify the

9.4.2

trajectory, thus requiring further investigation.

Expiratory Time-Constant Model

The clinical merit of the expiratory time-constant model parameter (K) relies on the
assumption that the respiratory system resistance,
Significant variation in
system elastance,

, remains constant throughout therapy.

will result in a poor correlation between K and the respiratory

. However, the degree to which

varies with PEEP and disease state

was different for each subject in this study. A larger cohort may provide more consistency. In
addition, the relationship between airway resistance and PEEP could be determined by
designing a clinical protocol where the tidal volume,

, is varied between low and high

values at a constant PEEP, as shown in Figure 9.1. An associated End-Inspiratory Pause
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(EIP) would allow the static resistance,
airway pressure,

. Thus,

, to be determined at a corresponding plateau

is used as a proxy for PEEP, and the relationship between

and airway pressure can be established. Alternatively, developing and integrating a
database of the resistance characteristics of common breathing circuit tubes, under a variety
of different flow patterns, would increase the accuracy of bedside diagnosis.

Figure 9.1 – Outline of a clinical protocol to determine the relationship between airway
resistance and PEEP.

The effect of body mass and/or severity of ARDS may influence the physiological process of
expiration, leading to a lower observed correlation between K and

. However, due to the

small number of subjects in this study, this conclusion is limited in its impact and thus
warrants further investigation.
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For patients with impaired lung function, MV is used as a supportive means, rather than
completely taking over the breathing process. Thus, one potential application of the
expiratory time-constant model is to estimate real-time lung parameters of spontaneously
breathing patients, without additional measuring tools, opening up the clinical applicability of
a model-based approach to guiding MV therapy. However, further investigation is required.
In particular, continuous data from patients who transition between a fully sedated state and a
spontaneously breathing state, where the state of breathing is known throughout, must be
obtained. Continuous monitoring of K will allow for differences in trend to be observed
between the two breathing states. Minimal differences in trend would suggest that the model
can be extended to spontaneously breathing patients.

9.4.3

Model-Based dFRC

Ultimately, validation of the use of

and

as population constants in the ICU requires the

size of the sampled dataset to be large enough to warrant their applicability. The research
presented in this thesis suggests that
However, there is some variation in

and

and

are appropriate as population constants.

across different patient cohorts. Although this

variation is minimal across the majority of patients studied, some

values varied

significantly. Further clinical trials may indicate that more accurate prediction of dynamic
Functional Residual Capacity (dFRC) is achieved using different ARDS patient cohorts, each
with their own unique

and

values, unique to a specific disease condition or type of

ventilation history.
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9.5

CLINICAL APPLICATION AND AUTOMATION

Real-time application of the models presented in this thesis requires a full or semi-automated
system that features data acquisition, data processing, and analysis. Furthermore, the entire
system must be arranged such that it requires minimal effort from the ICU staff to operate.
The model recommendations and associated information must also be presented in an
intuitively clear manner. Hence, automation of the system provides further technical research
avenues based on clinical implementation.
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