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Abstract 

The primary function of the lungs is the transport and exchange of oxygen and removal 

of carbon dioxide that is critical in supporting normal function of vital body organs. 

Various modelling studies have attempted to investigate and capture aspects of the gas 

exchange process and its regulation with different levels of complexity and detail. The 

aim of this thesis is to assess the trade-off between gas exchange model complexity 

and feasibility and within a respiratory system modelling framework, and its 

applications to facilitate understanding of lung physiology during normal function and 

pathology.  

 

An integrated comprehensive modelling framework that allows gas exchange 

prediction within anatomically based lung geometry is presented. Structural and 

functional simplifications are assessed to result in a class of models with increasing 

complexity in their description of gas exchange in the human lungs, which span from 

simple steady state prediction, to fitting empirical equations that capture characteristic 

behaviour, to complex equations derived from underlying physiological principles; and 

the model can be scaled from a few compartments to distributions of approximately 

32,000 compartments in the whole lung. The classes of gas exchange models are 

assessed for their applicability in modelling key pulmonary functions and appropriate 

models are used to investigate three questions relating to physiology, 

experimentation/imaging, and gas exchange during clinical therapy.  

 

First, the simplest steady state model is used to study structure-function relationships 

in the normal lung and reconcile differing experimental observations on the relative 

importance of passive ventilation-perfusion matching mechanisms. Simulation results 

show that during quiet supine breathing, the effects of gravity introduce significant 

heterogeneity in ventilation and perfusion but also provide spatial correlation, while 
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the effects of ‘matched’ airway and arterial structure play a relatively minor role. 

 

Second, the model at its highest resolution is validated through simulations of two 

well-established experimental protocols: the gold standard multiple inert gas 

elimination technique, and high resolution specific ventilation imaging (SVI). The 

model is able to mimic the two experimental protocols and can give accurate O2 

predictions of global and regional function in normal and abnormal lung states. 

Furthermore, an in-silico examination of the assumptions of the specific ventilation 

imaging technique are performed, which pointed to the confounding influence of 

venous blood flow and image misalignment on experimental obtained SVI maps. 

 

Third, the feasibility of model application to a clinical setting is examined by applying 

the simplified model to systematically investigate several mechanisms of efficacy for 

nasal high flow therapy in a cohort of 20 post-cardiac surgery patients. Results showed 

that this generic model can be parameterised to represent individualised patient 

respiratory response. Moreover, model predictions show that flow induced 

nasopharyngeal washout largely reduce respiratory efforts without improving 

oxygenation, when arterial carbon dioxide is within the normal range. The highly 

debated mechanism of pressure induced alveolar recruitment is required to produce 

model predictions that are consistent with clinical measurements for some individuals 

in this patient cohort.   

 

The models and studies presented here provide a basis for extension and application to 

future research in studying interaction of underlying physiology mechanisms, 

biomedical imaging of pulmonary function, and clinical problems of gas exchange.  
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Chapter 1  

Introduction 

 

1.1. Motivation  

All of the complexities of structure and intricacies in regulation of the lung 

contribute towards its primary functions: the transport and exchange of oxygen (O2) 

from the atmosphere to the blood to allow internal respiration, and removal of the 

byproduct carbon dioxide (CO2) from the body to the atmosphere. The ability of the 

lungs to maintain the balance in the transport and exchange of these respiratory gases 

- even in the face of altered metabolic changes - is essential for survival, and is of 

particular interest in this thesis.  

 

Recent advances in both computational power and the wealth of data generated from 

improved experimental and imaging techniques have allowed for the construction of 

sophisticated mathematical models that can mimic respiratory system structure, 

function and response (Burrowes et al., 2014; Clark et al., 2014; Das et al., 2011; 

Hedges et al., 2015; McCahon et al., 2008; Spencer et al., 2001; M. H. Tawhai et al., 

2009). Whereas experimental techniques and biomedical imaging are limited by 

technical and ethical issues when used in animals or humans, mathematical models 

do not have the same limitations. Mathematical methods have facilitated 

investigation of underlying mechanisms of respiratory function and dysfunction, and 

have been used to estimate otherwise hard-to-access measures. More importantly, 

validated models can be used to simulate respiratory system status and response of 

clinical patients under different types of disease and treatment.  
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Depending on the perspective taken, the gas exchange and transport process has been 

modelled with different levels of detail and complexity (A. Ben-Tal, 2006). Simple 

models often represent the lung as a single or several compartments and can give 

almost ‘real-time’ prediction of lung gas exchange function (Karbing et al., 2011; 

Larraza et al., 2015; Rees et al., 2010). The simplicity and modular features of these 

models allows straightforward incorporation into respiratory system modelling 

frameworks that are used to study respiratory control (Carley et al., 1988; Khoo, 

1990; Khoo et al., 1991; Trueb et al., 1971) and interaction with body systems such 

as cardiovascular (Cheng et al., 2010; Suder et al., 1998), brain and tissue (Alona 

Ben-Tal et al., 2008; Grodins et al., 1967), or to predict patient respiratory 

status/response in the clinical setting (Karbing et al., 2010; Karbing et al., 2011; 

Larraza et al., 2015; Rees et al., 2006, 2010). However, many assumptions and 

generalisations are made in these simplified representations of lung gas exchange, 

such as the treatment of the lung as a system of resistors and capacitors (Liu et al., 

1998)  or as ‘fish-gills’ receiving constant flow of air and blood (Hahn et al., 2003), 

the assumption of equilibrium between the diffusive and chemical processes of gas 

exchange (Kapitan et al., 1986), and the generalisation of the highly complex 

branching structure of the lung (which occupies a third of the body torso) into single 

or several lumped compartments (Hardman et al., 1998; McCahon et al., 2008; Rees 

et al., 2006, 2010; Yem et al., 2006).  

 

High resolution imaging has elucidated significant spatial heterogeneity in lung 

function in both healthy and diseased lungs (Musch et al., 2002; Musch et al., 2005). 

Concurrent with the development of high resolution imaging techniques are the 

construction of more complex and detailed mathematical descriptions of lung gas 

exchange processes, which are formulated in accordance with fundamental laws. 

Recently, anatomically realistic models have been constructed based on high 

resolution computed tomography (CT) (Howatson Tawhai et al., 2000; Spencer et al., 

2001), and have been used to study structure-function relationships in normal lung 
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function (Clark et al., 2011; Kabilan et al., 2007; Swan et al., 2012). Moreover, 

studies using these anatomically structured models have revealed the importance of 

asymmetric structure on asthmatic ventilation pattern (Yang et al., 2006), and 

location of pulmonary defects on perfusion distribution (Burrowes et al., 2011; Clark 

et al., 2014). These structure-function relationships are key determinants of regional 

and global lung gas exchange (Cherniack et al., 1995; Weibel, 1983; Weibel et al., 

1991). However, inclusion of these additional structural and physiological details in 

order to capture specific phenomena adds to model complexity and computational 

expense. Representations of the lung as a ‘black-box’ are often insufficient to capture 

regional lung function, and in particular the heterogeneous nature of lung 

dysfunction. However, detailed multi-scale models can require mass data for 

preconditioning and can rapidly become computationally expensive, which hinders 

their suitability for adoption into clinical decision making for individual patients.   

 

The balance between providing a comprehensive description for the lung gas 

exchange process and feasibility of model simulations is best summarised by Hahn & 

Farmery (Hahn et al., 2003), using the words of Einstein ‘everything should be made 

as simple as possible, but not simpler’. The quest to assess and achieve this balance 

in the modelling of lung gas exchange function, and more importantly, utilisation of 

the most appropriate model to aid understanding of lung physiology in health and 

pathology, is the motivation behind the body of research presented in this thesis.  

 

1.2. Thesis Objectives 

The overall aim of this thesis is the extension and development of a set of 

mathematical models of gas exchange that retain the simplicity and modular features 

of simpler ‘black-box’ models, but are based on a quantitative understanding of the 

underlying physiology. These models allow quantitative information regarding lung 

function to be predicted and validated through established experiments. Additionally, 



4   

 

 
 

this thesis aims to contribute to the broader goal of the development of a 

comprehensive respiratory system model, which can be used for investigation of lung 

pathophysiology, and adapted to individual subjects to aid clinical diagnostics and 

treatment. 

 

The specific objectives of this thesis are: 

 

Objective 1: To extend and develop a dynamic, predictive class of models of the 

interdependent processes contributing to lung gas exchange, taking into 

consideration the compromise between complexity and feasibility. To validate the 

models’ abilities to predict lung gas exchange qualitatively and quantitatively within 

a respiratory system modelling framework. 

 

Objective 2: To demonstrate the scalability of the gas exchange models to the whole 

lung and its applications to:  

1. integrate observations from different experimental studies and investigate 

how underlying physiological mechanisms contribute to the efficient gas 

exchange in human; 

2. corroborate and facilitate understanding of limits of physiological 

interpretation of experimental and imaging modalities; 

3. create a generalised modeling framework for respiratory system function that 

can be used to investigate the physiological mechanisms that determine the 

efficacy of Nasal High Flow therapy in patients.  

 

1.3. Thesis Overview 

Chapter 2:  A mathematical model is constructed to describe the dynamic process 

of interdependent O2 and CO2 gas exchange within the lung from cellular to organ 

level. Structural simplification and empirical representation of underlying 
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physiological processes is adopted for the model formulation. The adapted model is 

incorporated into an respiratory system modelling framework, which is used in 

subsequent chapters to predict lung gas exchange function. Additionally, the 

constructed model complements existing simple and detailed mathematical 

descriptions of gas exchange to form a hierarchy of models at different ends of a 

spectrum of trade-off between model complexity and feasibility. The modelling 

approaches have been presented as: 

 

 Kang, W., Clark, A.R., and Tawhai, M.H. (2014). An efficient computational 

model for respiratory gas exchange. 7th World Congress of Biomechanics, 

Boston, USA.  

 

The subsequent three chapters consist of four self-contained studies. Applying the 

hierarchy of models developed in Chapter 2, each of these chapters attempts to 

address a question related to physiology, experimentation or imaging. Taken together, 

they serve to illustrate the scalability of the gas exchange models to different levels 

of complexity depending on the requirements of the specific study; the studies also 

serve to validate the application of the gas exchange models to predicting lung 

physiology in both health and disease.  

 

Chapter 3: The steady-state gas transfer model, which is the simplest from the 

hierarchy of gas exchange models from Chapter 2 is nested within the respiratory 

modelling framework, to investigate the structure-function relationships that 

contribute to passive ventilation/perfusion (V/Q) matching. Results provide evidence 

to explain and reconcile apparently contradictory observations from different 

experiments regarding the relative contribution of passive V/Q matching mechanisms 

that contribute to normal gas exchange in healthy humans. The results from this 

chapter have been presented as: 
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 Kang, W., Clark, A.R., and Tawhai, M.H. (2016). Gravity outweighs the 

contribution of structure to passive ventilation-perfusion matching in the 

supine adult human lung. Journal of Applied Physiology, Submitted. 

 

 Kang, W., Clark, A.R., and Tawhai, M.H. (2013). Mechanism of passive 

ventilation and perfusion matching in normal human. American Thoracic 

Society, International Conference, Philadelphia, USA.  

 

Chapter 4: The modelling framework described is used to conduct in silico 

simulations of two established experimental protocols: the Multiple Inert Gas 

Elimination Technique and Specific Ventilation Imaging. Simulation results provide 

validation of the model’s ability to predict gas exchange at the global and regional 

level. And conversely, simulation of these experiments is used to inform in a 

quantitative manner, the validity of underlying assumptions of these imaging 

modalities. Parts of results from this chapter have been presented as: 

 

 Burrowes, K.S, Kang, W., Prisk, G.K, and Tawhai, M.T. (2016). Imaging a 

single slice provides a representative measure of specific ventilation in a 

normal lung: a computational modeling study. American Thoracic Society, 

International Conference. San Francisco, USA.  

 

Chapter 5: The modelling framework is coupled to a simple description of 

respiratory control and a novel formulation of work of breathing. It is then used to 

predict respiratory status of patients with compromised lung function that require 

non-invasive respiratory support. This chapter evaluates the ability of the generalised 

model framework to be parameterised to represent and predict subject-specific 

patient response; and to investigate several mechanisms of action of Nasal High 

Flow therapy in improving the respiratory status of post-cardiac surgery patients.  

 

 Kang, W., Clark, A.R., and Tawhai, M.T. (2017). A ‘virtual patient’ model 
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prediction of response to Nasal High Flow Therapy. American Thoracic 

Society, International Conference. Washington D.C., USA.  

 

Chapter 6: Major findings of this thesis are summarised in this chapter, both in 

terms of the phenomenon-dependent use of gas exchange models and physiological 

implications from the application of the models. Potential future developments are 

also discussed. 
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Chapter 2  

A class of models for gas exchange 

 

Accurately simulating the influence of heterogeneous regional lung properties and the 

complex process of gas exchange requires mathematical representation of 

physiological processes by ordinary and/or partial differential equations in many 

individual ‘compartments’, or lung units. Equations are typically solved iteratively 

over time, which can be computationally expensive and time-consuming, particularly 

when one aims to simulate gas exchange coupled to other respiratory components. 

Simulating perturbations to the respiratory system (e.g. from disease) mandates 

re-parameterisation of variables and repetition of the computation, further adding to 

computational expense. Detailed computational models of the lung have a unique 

advantage in elucidating interactions in physiological processes and testing/examining 

treatment protocols in a controlled manner, compared to experiments. The ultimate 

goal of this chapter is to assess the trade-off between comprehensiveness of gas 

exchange description versus feasibility of the model to allow integration with 

multi-scale models of the lung and prediction of lung function under different 

conditions in a realistic computational timeframe.  

 

In this chapter, a multi-scale framework for whole lung gas exchange based on 

biophysical principles is presented, and is taken as a comprehensive ‘benchmark’ 

model. Then, various simplification strategies in terms of structural, numerical and 

physiological considerations are assessed, to construct a hierarchy of gas exchange 

models that are able to represent the heterogeneity of pulmonary gas exchange with 

different levels of detail. This hierarchy of models represents the progression in 

complexity of the gas exchange description, and an assessment of the conditions of 
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validity of these models. The selection of an ‘optimal’ gas exchange model requires 

consideration of the application of the models, and the trade-off between speed and 

accuracy/detail that is appropriate for that application. 

 

The aim of this chapter is two-fold: 

1. To assess the trade-off between gas exchange model complexity and 

expediency, and quantify under what conditions can the gas exchange 

description be simplified. 

2. To establish a set of models that can be used to investigate gas exchange 

function under different conditions. 

 

2.1. Whole lung gas exchange physiology and models 

2.1.1. Physiology of pulmonary gas exchange 

The lung has a complex structure with airway and blood vessels embedded within a 

delicate network of tissue (Ben-Tal et al., 2013). The airways and pulmonary vessels 

bifurcate in an intricate pattern to minimise anatomical dead space (wasted ventilation) 

and maximise entrance flow whilst also maximising gas exchange surface area (Hsia et 

al., 2016). Starting from the trachea, the airway successively bifurcates asymmetrically 

(i.e. with child branches of different sizes) to the level of the terminal bronchiole, 

where they feed air to the alveoli. A dense capillary network rests within the walls of 

the alveoli, which are connected to terminal branches of the pulmonary arteries and 

veins, which also branch in a similar fashion to the airways (Weibel et al., 2005). This 

successive bifurcating structure divides the lung into millions of tiny gas exchange 

compartments, and results in an enormous surface area (nearly the size of a tennis court) 

(Glenny et al., 2011b). Gas diffusion between alveolar air and capillary blood (O2 into 

capillary blood, and CO2 out to alveolar air) is driven by a partial pressure gradient 

across the air-blood barrier and depends on alveolar membrane properties, and 
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hemoglobin binding/unbinding dynamics.  

 

Ventilation is the rate at which new air reaches regions of the lung, and perfusion is the 

rate at which blood is supplied to the corresponding lung region. Large regional 

variations in ventilation and perfusion distributions exist within the lung. There is a 

large topographical gradient, with more flow to the gravitationally dependent lung (the 

gravitationally lowest area of the lung) than the gravitationally independent lung region 

(West, 1962). Additional iso-gravitational variances that arise due to regional tissue 

variability and the lung structure are imposed on top of the gravitational gradient 

(Altemeier et al., 2004; Glenny et al., 2011b; Hlastala et al., 1996). Being highly elastic, 

gravity-induced compression of alveoli in the dependent lung region means they are 

generally more compliant (sit in the lower portion of the pressure-volume (P-V) curve), 

more easily expanded, and receive high ventilation, causing a gravitational gradient in 

ventilation (J. West, 2000). In addition, the weight of blood in the pulmonary vessels 

allows for the development of a hydrostatic gradient. Described by West’s ‘zonal 

model’ (J. B. West et al., 1964), alveolar pressures (generally assumed to be constant 

throughout the lung) interact with pulmonary arterial and venous pressures (which both 

fall along with gravitational lung ‘height’) resulting in varied gravitationally-dependent 

perfusion throughout the lung. Gravitational deformation of the highly compressible 

lung tissue under its own weight results in a higher air/blood to tissue ratio at the 

gravitationally dependent lung region (Hopkins et al., 2007; Petersson et al., 2007), and 

therefore this has more V and Q per unit volume than gravitationally independent 

regions. This is termed the ‘Slinky effect’. Due to the weight of blood in pulmonary 

vessels, which contributes a large proportion of total lung weight, the Slinky effect is 

most pronounced in perfusion. This Slinky effect is compounded by the hydrostatic 

pressure gradient (Hopkins et al., 2007). Flow resistance through the complex 

branching vascular tree structure (which varies with vessel size and pathlength from 

inlet) causes significant iso-gravitational heterogeneity in perfusion (Clark et al., 2011), 

and ventilation to a lesser extent (Altemeier et al., 2000; Robertson et al., 1997). This 

is seen in high resolution imaging (Kreck et al., 2001; Petersson et al., 2007, 2009) and 
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microsphere experiments (Altemeier et al., 2004; Glenny et al., 2013; Glenny et al., 

1999; Glenny et al., 2000; Glenny et al., 1990; Robertson et al., 1997). In addition, 

inherent variation in regional tissue properties and complex interaction between lungs, 

chest wall and heart also adds to the heterogeneity of V and Q distributions.  

 

The balance between the heterogeneously distributed V and Q is captured by the V/Q 

ratio, which describes the amount of air (O2 delivery and CO2 removal) relative to 

blood (O2 removal and CO2 delivery) that is provided to a unit, a key factor affecting 

gas exchange (Roach et al., 2010). A unit with low V/Q means less O2 is delivered per 

unit of blood (less CO2 is removed) in comparison to the normal O2 removal (CO2 

delivery) and would result in decreased alveolar and arterial partial pressures for 

oxygen (PAO2 and PaO2, respectively) and elevate the partial pressures of CO2 (PACO2 

and PaCO2). The converse occurs for a unit with elevated V/Q. Conditions where the 

V/Q ratio differs from the ‘ideal’ (V/Q=1) is referred to as a V/Q mismatch, and is 

important because of the resulting gas exchange impairment. V/Q mismatch is the most 

common cause of hypoxemia and a major component of all causes respiratory of 

failures (Petersson et al., 2014).   

 

Tight matching (close correlation) of regional V and Q is required to minimise V/Q 

variance in order to maintain efficient gas exchange1 (Gerbino et al., 2000; Glenny et 

al., 2011b; Melsom et al., 1997). The heterogeneously distributed acinar V and Q 

results in a V/Q distribution within the lung. Conditions that can cause a widening of 

this distribution can cause deterioration of gas exchange function of the lung, and 

result in widening of alveolar-arterial partial pressure difference (Petersson et al., 

                                                             
1Efficient gas exchange requires the amount of respiratory gas supplied and exchanged with the internal 

body environment to ideally meet the metabolic demand. Gas exchange efficiency can be assessed with 

many indices such as ratio of physiological deadspace to tidal volume, intrapulmonary shunt percentage, 

or more commonly as alveolar to arterial O2 partial pressure difference P(A-a)O2 (West et al., 2017; 

Duke et al., 2014; Tharion et al., 2011) or ventilatory equivalent measures of minute ventilation over O2 

consumption (Giardino et al., 2003; Ben-Tal et al., 2012). In this thesis, P(A-a)O2 is used. Under 

conditions of constant stroke volume, heart rate, tidal volume and respiratory rate, it is comparable to 

ventilatory equivalent proxies of gas exchange efficiency. 
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2014). Therefore, the ability of the lung to efficiently perform gas exchange critically 

depends on the properties of the alveolar capillary membrane (micro-structure of the 

lung) as well as a tight match between local air and blood flow to each gas exchange 

unit (V/Q matching). Under normal resting conditions, V and Q are thought to be 

highly correlated despite their heterogeneous distributions (Beck et al., 2012; Wilson et 

al., 1992). However, the relative contribution and importance of passive mechanisms in 

maintaining local V/Q matching in the normal lung is still debated (Glenny et al., 2013; 

Glenny et al., 2011b).  

 

Under exertion or disease, pathological changes such as airway constriction in asthma 

(increasing airway resistance), tissue degradation in emphysema (increasing acinar 

compliance), and obstruction of the pulmonary vasculature in pulmonary embolism 

(increasing vessel resistance) can exacerbate ventilation and perfusion heterogeneity 

and therefore V/Q heterogeneity (Barbera et al., 1997; Biello et al., 1979; Itti et al., 

2002; Rodriguez-Roisin, 1997; Rodriguez-Roisin et al., 2009). Active control 

mechanisms have also been reported to provide additional regulation of V and Q in an 

attempt to maintain V/Q matching (Glenny et al., 2011b). Local hypoxia stimulates 

hypoxic pulmonary vasoconstriction (HPV), where contraction of vascular smooth 

muscle reduces local perfusion in regions with low ventilation (Alpert et al., 1978; 

Burrowes et al., 2011; Swenson et al., 1994). Hypocapnic bronchoconstriction has been 

also reported to direct local ventilation away from poorly perfused areas to improve 

V/Q matching (Domino et al., 1995; Tsang et al., 2009). In diseases where often only 

local regions of the lung are affected, the importance of this structure-function 

relationship is emphasised. For example, a computational model of pulmonary 

embolism within anatomically realistic pulmonary vasculature has shown the 

importance of the location of the embolus in prediction of pulmonary function, where 

more centrally positioned emboli have more detrimental effect than distal emboli 

(Clark et al., 2014). 
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2.1.1. Modelling lung gas exchange 

To represent the dynamic behaviour of the lung during breathing, a single unit 

representation of the lung with artificially driven intra-pleural pressure has been used 

to model a ‘tidal-breathing’ lung, for examining interaction between gas exchange and 

factors such as lung volume and cardiac output, as reviewed in (Hahn et al., 2003). 

Examples are the works by Liu et al. (Liu et al., 1998) and Ben-Tal et al. (Ben-Tal, 

2006) that have used a ‘balloon-on-a-straw’ approach to model the lung as a single 

compliant unit (including hysteresis due to P-V effects) coupled to a rigid ‘straw’ 

representing the airway with a prescribed resistance. Both included biophysical 

equations for gas exchange (O2 binding), and a description of the chest wall, with 

artificially prescribed intra-pleural pressure to drive flow. These single unit 

representations of the lung are useful for coupling biophysical models of gas exchange 

with other components of the respiratory system such as tissue mechanics or 

ventilation. They have yielded valuable information on respiratory system function and 

allow for the examination of effect of lung volume, cardiac output, chest wall and 

deadspace and tissue properties on lung function. However, they are inherently limited 

by the description of the lung as a single homogenous unit. The lung is known to 

function heterogeneously, with heterogeneity in V/Q distributions that is exacerbated 

by aging as well as most forms of lung disease (Cardus et al., 1997; Rodriguez-Roisin 

et al., 2009; Stevens et al., 1970). This cannot be represented by a single unit model. 

 

Yem et al. (Yem et al., 2003; Yem et al., 2006) modelled the lung as eight 

compartments located in three-dimensional (3D) space (3 for V/Q, 2 for V/local 

volume, 1 shunt and 1 deadspace) connected to parallel and series components 

representing the branching conducting airway. Continuous perfusion was assumed, 

with a forcing function used to simulate tidal breathing. V/Q was fitted to Multiple 

Inert Gas Elimination Technique (MIGET) data to predict global measures of lung 

function such as PaO2 and PaCO2 in normal, emphysema and chronic obstructive 

pulmonary disease (COPD) lung. Reynolds et al. (Reynolds et al., 2010) developed a 
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multi-compartment model of gas exchange for acute lung injury induced inflammation. 

Each model unit consists of biophysical equations for O2, CO2, and bicarbonate (HCO3
-) 

along with a model of inflammation that is scaled to the whole lung through a 

prescribed description of V/Q. The Nottingham Physiological Simulator (NPS) (Das et 

al., 2011; Kathirgamanathan et al., 2009; McCahon et al., 2008) represents the 

state-of-the art in terms of providing an integrated representation of subject-specific 

respiratory system response for clinical purposes. Up to 100 parallel pulmonary 

components each with independent resistance are connected to gas exchange units with 

non-linear properties. Biophysically based equations for gas exchange are solved, and 

constant perfusion is assumed. V/Q distributions in this model are determined through 

matching to patient respiratory data (PaO2，PaCO2, pH and base excess). The model 

has been validated against patient data in its ability to predict patient response (global 

PaO2 and PaCO2) to mechanical ventilation (Hardman et al., 1998). The limitation of 

these multi-compartment models of gas exchange lies in 1) their dependence on V/Q 

being fitted to data involving invasive experiments, and often without spatial 

distribution, rather than being predicted from physiology and 2) their simplified 

representation of lung structure and lung tree structure into lumped representations 

without asymmetry. Additionally, acinar function is not coupled to upstream 

conducting airway structure. 

 

In an era of personalised medicine, the emphasis has shifted from prediction of global 

function to subject-specific prediction of spatial distribution of lung function in various 

diseases (Hawkes, 2016; Ju et al., 2014; Radiology, 2011). Highly sophisticated 

anatomically based models of the lung have been constructed to model heterogeneous 

subject-specific distribution of ventilation and perfusion during normal function (Clark 

et al., 2011; Swan et al., 2012), as well as to study physiological processes in 

underlying regional lung dysfunction such as hypoxic pulmonary vasoconstriction 

(Burrowes et al., 2014) and bronchoconstriction (Hedges et al., 2015). An example is 

the use of models with realistic asymmetric airway geometry coupled to visco-elastic 

acinar units, to illustrate the importance of local alterations and interaction with lung 
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geometries in predicting airway constriction patterns seen in patchy ventilation 

distribution in asthmatic patients (Campana et al., 2009). Predictive models of V/Q 

distributions and gas exchange coupled to local changes in lung properties is essential 

to capture regional lung function. 

  

In order to provide an accurate model description of regional gas exchange throughout 

the lung, it is necessary to first capture the key factors that contribute to bringing air 

and blood together to the alveolar-capillary interface, namely: the geometry of the lung, 

effects of the complex airways and vasculature, inherent variations in tissue properties, 

and gravitational effects. However, these comprehensive descriptions of gas exchange 

are complex and if one includes all biophysical reactions, the models become 

computationally expensive when solved within the structural detail of full geometric 

lung models. The aim is to construct simpler models that are rooted in, and utilise the 

understanding from, more comprehensive biophysically-based models, such that these 

simpler models include sufficient detail to reflect correct qualitative and quantitative 

behavior of the respiratory system in terms of its gas exchange function, but are more 

manageable in terms of computational expense and time with the ideal model being 

suitable in real-time. A thorough assessment of the features that is required versus 

simplifications that could be performed, and the conditions under which such 

approximations are reasonable, are required as prerequisite.  

2.2. Proposed modelling framework 

An integrated gas exchange modelling framework is proposed as a comprehensive 

model of whole lung gas exchange and is illustrated in Figure 2.1. The key features of 

this integrated model are: 1) a subject-specific geometry of the human airways derived 

from multi-detector row computed tomography (MDCT) images, which is used as the 

input geometry for all subsequent model components that follows (Tawhai et al., 2000); 

2) a model of lung parenchymal tissue deformation (Tawhai et al., 2009), 
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Figure 2.1. Integrated modelling framework for whole lung gas exchange. Model 

components are enclosed by boxes, their respective outputs in pink boxes, and arrow shows 

workflow. 
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used to predict local tissue density, stress and strain, which are then used to calculate 

tissue compliance (ventilation model input), and local elastic recoil pressure (perfusion 

model input); 3) a ventilation model that includes tissue compliance (predicted by 

tissue deformation), tissue density, airway resistance and predicts quasi-steady acinar 

ventilation distribution throughout the lung (Swan et al., 2012); 4) a multiscale 

perfusion model including realistic extra-acinar and intra-acinar blood vessels 

connected through capillary beds (Clark et al., 2011); 5) a biophysical model of gas 

transport and exchange (Swan et al., 2011) describing processes at the 

alveolar-capillary interface where acinar ventilation and perfusion are brought into 

contact.  

 

The integrated model framework is first compiled and tested, and then is used to test 

geometric and mathematical simplifications or optimisations. This ultimately results in 

a set of models with known tradeoffs between complexity and computational efficiency, 

which can be applied to investigate clinical and physiological questions. Ottensen et al. 

(Ottesen et al., 2004) also adopted a similar approach to develop ‘real-time’ models for 

an anesthesia simulator based on a set of ‘reference’ models that include descriptions 

of physiological processes. The benefit of testing geometrical and mathematical 

simplifications against a complete model is that decisions on ‘how complex’ a model 

must be to capture function, particularly in pathology, can be quantified and justified.  

2.2.1. Subject Data 

The proposed model framework in Figure 2.1 is constructed based on data from a 

single representative subject obtained from the Human Lung Atlas (HLA) database 

(University of Iowa). Data was acquired retrospectively, from a prior study that had 

approval from the University of Iowa Institutional Review Board and Radiation Safety 

Committee. The subject was a 22 year old healthy non-smoking male, 1.82m tall, 

82.6kg, Body Mass Index (BMI) 24.9kg/m2, with normal lung function by American 

Thoracic Society (ATS) criteria. CT image derived total lung volume for the subject in  



18   

 

 
 

supine is 3.13 L at end expiration and 8.89 L at end inspiration. For this subject, the 

alveolar air volume was assumed to be 3 L and conducting airway volume 130 ml. 

Volumetric MDCT imaging acquired at 50% end inspiration and 95% end expiration of 

vital capacity are assumed to be representative of functional residual capacity (FRC) 

and total lung capacity (TLC) respectively, and are the raw data used to construct 

geometric models described in Section 2.2.2 for this subject. Unless otherwise stated, 

all model components used in this thesis were constructed for this subject. Whole lung 

gas exchange is simulated in the supine posture, therefore the direction of gravity for 

all functional model components is aligned along the dorso-ventral axis. 

2.2.2. Lung, airway, and vasculature geometry 

This section provides a brief description of the spatially-distributed geometric model 

component of the framework shown in Figure 2.1 box 1. Detailed methodologies have 

been published previously for defining the lung shape (Tawhai et al., 2004), airways 

(Tawhai et al., 2000; Tawhai et al., 2004) and vasculature (Burrowes et al., 2005; 

Tawhai et al., 2011), respectively. The geometric models generated were used as input 

geometry to simulate ventilation (Section 2.2.4), perfusion (Section 2.2.5) and gas 

exchange (Section 2.2.6). The inclusion of this anatomically realistic asymmetric 

structure into the modelling framework allows for prediction of spatial distribution of 

regional function. 

 

CT images of the normal subject were segmented using a custom written software 

(PASS, University of Iowa) to identify an outline of the lung surface and centerlines of 

the central airways (from trachea to approximately generation 6). A three-dimensional 

finite element volumetric model of the lung shape was obtained through geometry 

fitting, by minimising the distance between the fitted lung mesh and the data cloud 

generated from segmented CT images (Tawhai et al., 2004).  

 

One-dimensional linear elements were created to represent the centreline of central 
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airways segmented using PASS, providing an incomplete description of the airway tree. 

Smaller airways cannot be accurately identified through image segmentation, and were 

generated using a volume-filling branching algorithm (Tawhai et al., 2000). Simply put, 

evenly spaced seed points equal to the expected number of pulmonary acini (a gas 

exchange compartment) in the human lung were placed within the 3D volumetric lung 

mesh. Initialised by the segmented 1D central airways, the algorithm recursively 

branched towards the centre of mass of sets of seed points until each seed point was 

supplied by a terminal bronchiole. The resulting structure from the branching 

algorithm is a 1D finite element mesh representation of the conducting airway enclosed 

within a subject-specific 3D lung volume, as shown in Figure 2.2. Using an 

anatomically based representation of the acinus with asymmetric multi-branching 

respiratory airways geometry, Swan et al. (Swan et al., 2011) showed alveolar partial 

pressure heterogeneity within the acinar volume is small and therefore it could be 

considered as a well-mixed unit. Thus, the acinus is treated as the functional unit of gas 

exchange and is represented as a lumped compartment connected to the terminals of 

the conducting airway tree.  

 

In this thesis, the pulmonary arterial and venous trees (the macro-circulatory system) 

were assumed to be exact replicas of the airway tree, except for the most proximal 

vessels. The trachea geometry was bent to a near 90 degree angle to represent the 

orientation of the pulmonary artery trunk, and a similar geometry was adopted for the 

largest veins. This is an acceptable assumption, given morphometric studies have 

shown airway and vasculature to bifurcate in union until the level of the respiratory 

bronchiole (Hsia et al., 2016). Intra-acinar structures (the micro-circulatory system) 

were represented by multi-generation 1D elements connected in a ladder-like pattern 

that were in turn connected to sheet representations of capillary beds that lace the gas 

exchange surface (Clark et al., 2010).  
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Figure 2.2. Geometry of the conducting airway generated from MDCT images.. Lumped 

acini (units of gas exchange) are attached to the terminal of each respiratory bronchiole. The 

model is shown from the posterior view, with the left lung on left, and right lung on right. 

 

2.2.3. Parenchymal tissue deformation model 

Both the airways and vasculature are tethered to the parenchymal tissue, and the local 

stresses and strains experienced as a result of tissue deformation is transmitted to the 

airway and vessels to influence local ventilation and perfusion. The tissue deformation 

component shown in Figure 2.1 was modelled using the finite element continuum 

model of Tawhai et al. (Tawhai et al., 2009), which predicted regional elastic recoil 

pressure and expansion as a result of lung tissue deformation under gravity loading (in 

the supine posture). Geometric models of the airway and vasculature constructed in 

Section 2.2.2 were ‘embedded’ in the lung such that they also displaced with lung 

tissue deformation, thereby mimicking the ‘Slinky’ effect. A regular shape as shown in 

Figure 2.3 was used to represent the lung volume. This regular lung geometry assumed 

the same tissue properties as real lungs and therefore predicted similar tissue density 

and gradient, but removed some heterogeneity resulting from the curvilinear lung 

shape.  
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In this tissue deformation model, the lung was considered as a compressible, 

non-linearly elastic continuum with homogenous and isotropic material. The non-linear 

relationship between tissue stress and strain was defined by a strain energy density 

function (W), where  

 

 W =
𝜀

2
exp(𝑎𝐽1

2 + 𝑏𝐽2) , (2.1) 

 

𝐽1 and 𝐽2 are the first and second invariants of the Green-Lagrangian finite strain 

tensor and a, b,  are constants (a and b dimensionless,  with units of pressure in 

Pascals). The lung geometry was assumed to experience a state of zero-stress and 

zero-strain at a reference volume 𝑉0, arbitrarily assumed to be 50% of FRC. The 

deformable lung model was constrained to remain in contact with a rigid ‘chest wall’ 

but were allowed to slide along the pleural cavity surface with the introduction of 

gravity.  

 

Following simulation of uniform expansion from the theoretical zero stress-strain 

reference volume, full gravitational loading in the supine position was added in 

incremental steps. Stress and strain distributions within the lung geometry were 

re-evaluated with each gravitational increment. Stress and strain distributions, and 

local tissue changes in volume were then used to derive local elastic recoil pressure 

and regional parenchymal tissue compliance at FRC. Elastic recoil pressure (Pe) and 

compliance (C) were calculated as 

 

 𝑃𝑒 = (ε𝑒
𝛾)(3𝑎 + 𝑏)(𝜆2 − 1)/(2𝜆), (2.2) 

 C =
𝜀𝑒𝛾

6𝑉0
(
(𝜆2−1)

2
3(3𝑎+𝑏)2

𝜆2
+
(3𝑎+𝑏)(𝜆2−1)

𝜆4
),  

(2.3) 

 

where 𝜆 is isotropic stretch, 𝑉0 is undeformed volume and γ is given by: 
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     γ =
3

4
(3𝑎 + 𝑏)(𝜆2 + 1)2.  

 

Prediction of geometric deformation of airways and blood vessels, local elastic recoil 

pressures and compliance are used in the subsequent components within the whole 

lung gas exchange modelling framework shown in Figure 2.1 (boxes 3-5) to predict 

ventilation and perfusion distributions throughout the lung. The predicted local tissue 

expansion (V/V0) and elastic recoil pressure throughout the lung volume is shown in 

Figure 2.3. A clear gravitational gradient is visible, where lung tissue is more 

compressed in the gravitational dependent region.  

 

 

 

 

Figure 2.3. Illustration of tissue mechanics model solution. A) local tissue expansion ratio 

(dimensionless) for the lung B) elastic recoil pressure distribution (in Pa) for the lung airway 

geometry ‘embedded’ inside the lung shape in Figure 2.3A. Both figures show a clear 

gravitational gradient. 

   

2.2.4. Ventilation distribution model 

The model by Swan et al. (Swan et al., 2012) was used to predict a time-averaged 

quasi-steady acinar ventilation distribution throughout the gravitationally displaced 

airway geometry. This displaced airway geometry is obtained by ‘embedding’ the lung 
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geometry from Section 2.2.2 into the tissue mechanics model from Section 2.2.3, and 

deforming with the gravitationally induced tissue deformation. A ‘balloon-on-a-stick’ 

approach was adopted by the ventilation model where the airway was represented as 

rigid tubes coupled to compliant terminal acinar units. Flow to each unit was 

determined through the balance of local tissue compliance, airway resistance (effect of 

structure) and elastic recoil pressure.   

 

Flow through the conducting airways was assumed to be fully developed and laminar, 

modelled as a Poiseuille flow with modifications to airway branch resistance to 

account for additional energy losses at the airway bifurcations according to Pedley et al. 

(Pedley et al., 1970):  

 

  𝑃𝑎𝑤2 − 𝑃𝑎𝑤1 = 𝑍𝑝𝑒𝑅𝑝�̇�, 
(2.4) 

 

where 𝑃𝑎𝑤1,𝑃𝑎𝑤2 are the air pressure at the beginning and end of an airway element, 

and �̇� is resultant air flow. Poiseuille resistance (𝑅𝑝) is estimated from length (𝑙) 

and radius (𝑟) of element and air viscosity (𝜇𝑎)  using 𝑅𝑝 =
2𝑙𝜇𝑎𝛼

𝜋𝑟4(𝛼−1)
. The 

numerical constant 𝛼 is set to 8/6, fitted to the velocity profile of the airway (Swan et 

al., 2012). The correction term for energy dissipation (𝑍𝑝𝑒), is defined as the ratio of 

actual energy to Poiseuille dissipation. Airway resistance (𝑅𝑎𝑤) is related to 𝑅𝑝 by 

multiplying by 𝑍𝑝𝑒: 

 

  𝑍𝑝𝑒 =
𝑅𝑎𝑤

𝑅𝑝
=

𝐾𝑝𝑒

4√2
(𝑅𝑒×

2𝑟

𝑙
)0.5, 

(2.5) 

 

where 𝑅𝑒 is the Reynolds number for the airway element, and 𝐾𝑝𝑒 is set at 1.85. 

Conservation of flow at bifurcations was also assumed. Terminal airway flow was 

coupled to tissue elasticity via an equation of motion for each terminal airway and 

elastic tissue unit, using 
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  𝑃𝑎𝑤 =
𝑉𝑎

𝐶
+ 𝑅𝑎𝑤�̇� − 𝑃𝑒, (2 6) 

 

where 𝑃𝑎𝑤, 𝑅𝑎𝑤 and �̇�𝑎𝑤 are pressure, resistance and flow of the terminal airway, 

respectively, and 𝑃𝑒 is the local pressure acting to expand the acinus calculated from 

equation 2.3 (the tissue deformation model). 𝑉𝑎  and 𝐶  are acinar volume and 

compliance, respectively. Both were initialised at FRC from section 2.2.3 and updated 

at each time step as flow in the airway changed across the breath.  Figure 2.4A shows 

predicted ventilation distribution for the supine posture.  

 

 

 

Figure 2.4. Acinar ventilation and perfusion plotted as functions of lung height. A) 

Normalised acinar ventilation. B) Normalised acinar perfusion. Results are plotted as mean 

and standard deviation at 10mm iso-gravitational slices. Higher flow is predicted at the 

dependent lung region with significant iso-gravitational heterogeneities for both ventilation 

and perfusion. Note that the dependent variable is plotted on the x-axis, for consistency with 

(Arai et al., 2011; Henderson et al., 2013; Hopkins et al., 2007; Mure et al., 2000). 
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2.2.5. Multiscale perfusion model 

The multiscale perfusion model (box 4 from Figure 2.1) of Clark et al. (Clark et al., 

2010) was used to predict a time-averaged perfusion distribution throughout the 

pulmonary vascular network (section 2.2.2). Local elastic recoil pressure and deformed 

tree structure predicted by the tissue deformation model in section 2.2.3 were used as 

input for this perfusion model; both contribute to the transmural pressure along with 

the hydrostatic pressure gradient. Pressure and flow was solved throughout the entire 

pulmonary vascular network to determine local blood flow, capillary blood volume, 

and average red blood cell (RBC) transit time for each acinar unit.  

 

Blood flow through the macro-circulatory system (extra-acinar vessels) was described 

by a Poiseuille equation incorporating gravitational effects acting on blood: 

 

    𝑃1 −𝑃2 =
128𝜇𝑏𝐿

𝜋𝐷4
�̇� + 𝜌𝑏𝐿𝑔 cos 𝜃, (2.7) 

 

where 𝑃1  and 𝑃2  are the blood pressures at the beginning and end of a vessel 

segment; 𝜇𝑏  is the blood viscosity and �̇�  is the volumetric flow rate of blood 

through the vessel segment, 𝐿 is the length and D is the strained diameter of the 

vessel. The term 𝜌𝑏𝐿𝑔 cos 𝜃 describes effects of hydrostatic pressure acting along the 

centerline of the 1D vessel; with 𝜌𝑏 being density of blood, g is the gravitational 

acceleration at 9.81m/s2, and𝜃is the angle between gravity and direction of the 

vessel.  

 

As the pulmonary vasculature is tethered to the surrounding lung parenchyma, stress 

from lung tissue deformation was transmitted to the extra-acinar vessels resulting in 

radial deformation. Assuming a linear relationship between diameter and transmural 

pressure (𝑃𝑡𝑚): 

 



26   

 

 
 

 𝐷

𝐷0
= 𝛼𝑃𝑡𝑚 + 1, (2.8) 

 

where 𝐷0 is the unstrained vessel diameter, and 𝛼 is the vessel compliance constant. 

The tethering pressure acting to induce radial deformation was assumed to be equal 

and opposite to the local elastic recoil pressure (𝑃𝑒), which was estimated by equation 

2.2, so 𝑃𝑡𝑚 = 𝑃𝑏 −𝑃𝑒, where 𝑃𝑏 is the blood pressure of the vessel segment. 

 

Based on morphometric studies from Haefeli-Bleuer and Weibel (Haefeli-Bleuer et al., 

1988), two symmetric trees each with nine generations were used to represent the 

arteriole and venules distal to the level of the terminal bronchioles. At each generation, 

an arteriole is connected to a venule through a capillary bed, forming a ‘ladder-like’ 

structure that enables serial and parallel flow through this model of the intra-acinar 

circulation. Similar to flow through the macro-circulation, blood flow through this 

ladder-like structure is also modelled as Poiseuille flow (Eqn. 2.9). Gravity is neglected 

due to the small length of these intra-acinar vessels 

 

 𝑃1 − 𝑃2 =
128𝜇𝐿

𝜋𝐷4
�̇�.  (2.9) 

 

Flow through each capillary sheet was modelled using Fung and Sobin’s classic sheet 

flow theory (Y. C. Fung et al., 1969, 1972). In this model flow is:  

 

 �̇� =
𝑆𝐴

𝜇𝑐𝑓𝑙𝑐2
∫𝐻3𝑑𝑃𝑡𝑚, (2.10) 

 

where 𝑆 is the proportion of alveolar surface area (𝐴) that is composed of capillaries, 

𝜇𝑐 is the apparent viscosity of blood, 𝑙𝑐 is the length between arteriole and venule 

and 𝑓 is the numerical friction factor. 𝐻 (the capillary sheet thickness) is a linear 

piecewise function of 𝑃𝑡𝑚, here defined as the difference between blood and alveolar 

pressures. That is, it is determined by the balance between pleural, alveolar, arteriole 

and venule pressures. 𝐻 is assumed constant beyond an upper limit of 32cmH2O and 
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is considered 0 (collapsed capillaries) when 𝑃𝑡𝑚  is negative. Elsewhere, the 

relationship used is 

 𝐻

𝐻0
=𝛼𝑐𝑃𝑡𝑚 + 1, (2.11) 

 

where 𝐻0 is the unstrained capillary sheet thickness, 𝛼𝑐 is the compliance of the 

capillary sheet, expressed as a linear function of trans-pulmonary pressure 𝑃𝑡𝑝: 

 

 𝛼𝑐(𝑃𝑡𝑝) = a + b𝑃𝑡𝑝, (2.12) 

 

where a and b are constants, and 𝑃𝑡𝑝 is assumed to be equal and opposite to local 

elastic recoil 𝑃𝑒. Figure 2.4B shows the predicted acinar perfusion distribution in the 

supine position. The gravitational gradient with more flow to the dependent region is 

imposed on top of a very heterogeneous acinar perfusion at the iso-gravitational level.  

 

        
Figure 2.5. Acinar V/Q ratio plotted as a function of lung height. A) Normalised acinar 

ventilation. B) Normalised acinar perfusion. Results are plotted as mean and standard 

deviation in 10mm iso-gravitational slices for the supine lung, and compared to 

measurements from literature.  
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2.2.6. Governing equations for gas exchange 

The V/Q ratio calculated from time-averaged V and Q distributions in Sections 2.2.4 

and 2.2.5 is plotted against gravitational lung height in Figure 2.5. This resultant 

distribution of V/Q ratio is one of the key determinants for the normal functioning of 

the gas exchange process in this section, and compares well against experimentally 

measured V/Q distributions (Amis et al., 1984; Petersson et al., 2009). The predicted 

acinar ventilations and perfusions are used as input in this section to model respiratory 

gas transport and exchange throughout the lung. The air-side equations model the 

advective and diffusive transport of gas through the conducting airway geometry from 

section 2.2.2 during inspiration and expiration, and determine the change in acinar 

volume throughout the breath as a function of total acinar ventilation. Within each 

acinus, the blood side equations model the exchange of O2 and CO2 across the 

alveolar-capillary surface. Acinar capillary blood volume and average RBC transit time 

predicted by the perfusion model determine the rate of O2 removal by the blood and 

CO2 transfer to the well -mixed alveolar compartment of the acinus.  

 

Transport of gases in the conducting airway (advection-diffusion) 

On the air side, gas species transport through the conducting airways is modelled via 

the advection-diffusion equation. Velocity and gas concentration are assumed uniform 

across the radius of each airway, so concentration is only modelled in the axial 

direction along the length of the bronchial tree. That is, secondary flows in the radial 

and circumferential directions are neglected. Radial diffusion is assumed to occur 

instantaneously given the airway diameter is much smaller than its length. Thus, the 

full 3D advection-diffusion equations are reduced to 1D  

 

 𝜕𝑐

𝜕𝑡
+ 𝑢𝑥

𝜕𝑐

𝜕𝑥
= 𝐷

𝜕2𝑐

𝜕𝑥2
, (2.13) 

 

where 𝑐 is the gas concentration (O2 or CO2), 0 ≤ 𝑥 ≤ 𝐿 is the coordinate in the 
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axial direction of the airway of length 𝐿, and 𝑢𝑥 is the nodal flow velocity in the axial 

direction predicted by the ventilation model for the conducting airway tree, and D is 

the diffusion coefficient of the gas in question. The advection-diffusion equation was 

solved throughout each element of the airway tree using a Galerkin Finite Element 

Method (FEM) with linear basis functions.  

 

The respiratory cycle was simulated as a square waveform, with constant airflow, 

�̇�(0, 𝑡), enforced at the trachea: 

 

 �̇�(0, 𝑡) = {
0.16𝐿𝑠−1𝑑𝑢𝑟𝑖𝑛𝑔𝑖𝑛𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛

−0.16𝐿𝑠−1𝑑𝑢𝑟𝑖𝑛𝑔𝑒𝑥𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛
 (2.14) 

 

A zero-flux boundary condition was applied at most distal node of each terminal 

bronchiole during inspiration. During expiration, terminal bronchiole concentration 

was set equal to the mixed acinar concentration (𝑐𝑎).  

 

 𝜕𝑐(𝐿, 𝑡)

𝜕𝑥
= 0𝑑𝑢𝑟𝑖𝑛𝑔𝑖𝑛𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛, (2.15) 

 𝑐(𝐿, 𝑡) = 𝑐𝑎𝑑𝑢𝑟𝑖𝑛𝑔𝑒𝑥𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛,  

 

During inspiration the acinar unit expands as air from the conducting airways enters it 

where it mixes with the resident alveolar air. During expiration acinar volume 

decreases and alveolar air from the acinus flow outwards into the conducting airways. 

Therefore, 𝑉𝑎(𝑛), the acinar volume at current time step 𝑛, depends on the amount of 

air to/from the airway, calculated by 𝑉(𝑛) = 𝑉(𝑛−1) + �̇�(0, 𝑡)×�̇�𝑎×∆𝑡. Here, �̇�𝑎, is the 

fractional acinar ventilation that is proportional to total ventilation received for an 

acinus, and remains constant during a breath in this model. Acinar concentration is 

updated with the change in acinar volume, assuming complete mixing of resident 

alveolar air with fresh gas arriving from the upstream conducting airway, and with gas 

exchange flux across the alveolar-capillary membrane for O2 and CO2:  
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𝑐𝑎(𝑛) =

{
 
 

 
 𝑐𝑎(𝑛−1)×𝑉𝑎(𝑛−1) + �̇�(0, 𝑡)×𝑉�̇�×∆𝑡×𝑐(𝐿, 𝑡) + 𝑞𝑎𝑂2×∆𝑡

𝑉𝑎(𝑛)
𝑖𝑛𝑠𝑝.

𝑐𝑎(𝑛−1)×𝑉𝑎(𝑛−1) + 𝑞𝑎𝑜2×∆𝑡

𝑉𝑎(𝑛)
𝑒𝑥𝑝𝑛.

, (2.16) 

 

where 𝑞𝑎𝑂2 is the gas exchange flux for O2, and the term �̇�(0, 𝑡)×𝑉�̇�×∆𝑡×𝑐(𝐿, 𝑡) 

estimates mass of inspired O2. A similar expression to Equation 2.16 is used to 

calculate acinar CO2 concentration, with the O2 exchange flux replaced with the flux 

for CO2 (𝑞𝑎𝐶𝑂2). Alveolar partial pressures 𝑃𝐴𝑂2 and 𝑃𝐴𝐶𝑂2 for each acinus are 

directly dependent on the respective acinar gas concentrations calculated in Equation 

2.16. Both O2 and CO2 gas exchange flux required for Equation 2.16 are calculated in 

expressions further below.  

 

Equations of O2 and CO2 gas exchange 

The exchange of O2 and CO2 between the lumped acinar unit and capillary blood is 

modelled using Swan et al.’s (Swan et al., 2011) extension of the gas exchange model 

by Ben-Tal (A. Ben-Tal, 2006). The rate of change of arterial partial pressure for 

oxygen (𝑃𝑏𝑂2) is determined by the amount of O2 that crosses the alveolar-capillary 

membrane and the amount of O2 binding with haemoglobin (𝐻𝑏), as 

 

 𝑑𝑃𝑏𝑂2
𝑑𝑡

=
𝑇𝑡𝑂2
𝜎𝑂2𝑉𝑏

(1 +
4[𝐻𝑏]𝑏𝑆𝑂2

′

𝜎𝑂2
) (𝑃𝐴𝑂2 −𝑃𝑏𝑂2), (2.17) 

 

where 𝜎𝑂2 is the O2 diffusion coefficient, 𝑃𝐴𝑂2 is the alveolar O2 partial pressure 

gradient, 𝑉𝑏 is the capillary blood volume, [𝐻𝑏]𝑏 is concentration of blood 𝐻𝑏, and 

𝑆𝑂2
′  is the slope of the oxyhaemoglobin dissociation curve. Total O2 transfer factor 

(𝑇𝑡𝑂2) is a measure of the ability of the lungs to transfer O2 into capillary blood, and 

includes both a membrane (𝑇𝑀𝑂2) and RBC component (𝑇𝑒𝑂2) 

 𝑇𝑡𝑂2 = (𝑇𝑀𝑂2 + 𝑇𝑒𝑂2)
−1
, 

 

 (2.18) 
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= ((
𝜂𝜙𝑆𝐴
𝜏ℎ

)−1 + (𝑉𝑏𝜃𝑂2)
−1)

−1

, 

where the membrane transfer factor component involves four parameters: 𝜏ℎ is total 

membrane thickness, 𝑆𝐴 is the mean alveolar surface area within an acinus available 

for gas exchange and is assumed equal across all acini, 𝜂 and surface correction factor 

(𝜙) are constants. The RBC transfer factor component depends on the rate of O2 

uptake by whole blood (𝜃𝑂2), which is calculated as: 

 

 𝜃𝑂2 = 𝑘𝑐
′𝜎𝑂2(1 − 𝑆𝑂2)𝜅[𝐻𝑏]𝑏, (2.19) 

where 𝑘𝑐
′  is the forward reaction velocity for O2 binding to haemoglobin, 𝜅 is the O2 

carrying capacity of haemoglobin, and 𝑆𝑂2 is the oxyhaemoglobin saturation. The 

slope of the saturation curve (𝑆𝑂2
′ ) is used in Equation 2.17. Binding of O2 and 

haemoglobin within blood to form oxyhaemoglobin is assumed to be instantaneous, 

captured by the corrected Kelman equation: 

 

𝑆𝑂2(𝑃𝑂2
∗ ) = {

𝑎1𝑃𝑂2
∗ + 𝑎2(𝑃𝑂2

∗ )2 + 𝑎3(𝑃𝑂2
∗ )3 + (𝑃𝑂2

∗ )4

𝑎4 + 𝑎5𝑃𝑂2
∗ + 𝑎6(𝑃𝑂2

∗ )
2
+ 𝑎7(𝑃𝑂2

∗ )
3
+ 𝑎8(𝑃𝑂2

∗ )
4 𝑖𝑓𝑃𝑂2

∗ ≥ 10𝑚𝑚𝐻𝑔,

0.003683𝑃𝑂2
∗ + 0.000584(𝑃𝑂2

∗ )
2
𝑖𝑓𝑃𝑂2

∗ < 10𝑚𝑚𝐻𝑔,

 

 

(2.20) 

where parameters 𝑎1 to 𝑎8 are constants fitted to the curvature of the experimental 

data. 𝑃𝑂2
∗  is the 𝑃𝑂2 adjusted for influences from blood pH, body temperature (𝑇) 

and arterial partial pressures of CO2 (𝑃𝑏𝐶𝑂2), formulated as: 

 

 

 

𝑃𝑂2
∗ = 𝑃𝑂210

0.024(37−𝑇𝑒𝑚𝑝)+0.40(𝑝𝐻−7.4)+0.06(log(4)−log(𝑃𝐶𝑂1)). 
(2.21) 
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This empirical representation of the dissociation curve is advantageous for accounting 

for interactions with CO2 exchange. Expressions for CO2 exchange and blood pH are 

presented below.  

 

A simplified model is used to represent CO2 exchange through description of the 

bicarbonate (𝐻𝐶𝑂3
−) hydration-dehydration reaction to form CO2 and H2O. The rate 

of change of CO2 partial pressure in the blood is determined by the amount of CO2 

exchanged between alveolar air and blood, and CO2 produced by the dehydration 

reaction, therefore  

 

 
𝑑𝑃𝑏𝐶𝑂2
𝑑𝑡

=
𝑇𝑡𝐶𝑂2
𝜎𝐶𝑂2𝑉𝑏

(𝑃𝐴𝐶𝑂2 − 𝑃𝑏𝐶𝑂2) − 𝛿𝑘𝑢𝑃𝑏𝐶𝑂2 + 𝛿
𝑘𝑣

𝜎𝐶𝑂2𝐾
[𝐻]+[𝐻𝐶𝑂3

−], (2.22) 

 

where 𝜎𝐶𝑂2 is the CO2 carrying capacity, 𝑃𝐴𝐶𝑂2 is the alveolar CO2 partial pressure, 

𝑘𝑢  and 𝑘𝑣  are the CO2 hydration and 𝐻𝐶𝑂3
−  dehydration velocity constants, 

respectively, and 𝛿 is a fitted constant. [𝐻𝐶𝑂3
−] and [𝐻]+ are the bicarbonate and 

hydrogen ion concentrations, respectively. Similar to lung O2 transfer factor, 𝑇𝑡𝐶𝑂2 

(the total lung CO2 factor) also contains a membrane (𝑇𝑀𝐶𝑂2)  and erythrocyte 

(𝑇𝑒𝐶𝑂2) component:  

 

 𝑇𝑡𝐶𝑂2 = (𝑇𝑀𝐶𝑂2 + 𝑇𝑒𝐶𝑂2)
−1
, 

= ((20×𝑇𝑀𝑂2)
−1
+ (

ln(2) 𝜎𝐶𝑂2
𝑡1
2
𝑅𝐵𝐶

(1/𝑉𝑝 + 1/𝑉𝑟
)

−1

)

−1

, 

 

 (2.23) 

 

where the membrane transfer factor for CO2 is estimated by Guyton & Hall (Hall, 2015) 

to be 20 times that of 𝑇𝑀𝑂2 from Equation 2.18. The RBC transfer factor component 

is estimated by volume occupied by RBC (𝑉𝑟)  and plasma (𝑉𝑝) , and the 

experimentally determined half time of equilibration of CO2 across the erythrocyte 
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membrane (𝑡1
2
𝑅𝐵𝐶

). 

 

Bicarbonate concentration [𝐻𝐶𝑂3
−]available for the dehydration reaction, used in 

Equation 2.22 to calculate 𝑃𝑏𝐶𝑂2, is estimated using:  

 

 𝑑[𝐻𝐶𝑂3
−]

𝑑𝑡
= 𝛿𝑘𝑢𝜎𝐶𝑂2𝑃𝑏𝐶𝑂2 − 𝛿

𝑘𝑣
𝐾
[𝐻]+[𝐻𝐶𝑂3

−]. (2.24) 

 

Swan et al. (Swan et al., 2011) modelled the exchange of O2 and CO2 independently as 

separate  events, where blood pH and [𝐻]+ are treated as constants. Gas exchange is 

known to involve complicated O2-CO2 interactions, where the Bohr effect describes 

alteration in O2 dissociation as a result of CO2 and contaminant pH changes 

(Christiansen et al., 1914); and the Haldane effect describes the shift to the 

dehydration-hydration reaction in CO2 transport as a result of O2 changes (Jensen, 

2004). The complete description of O2-CO2 interaction often involves more complex 

interactions via H+ variations and anion and strong ion formulation. Here, the routinely 

used Henderson and Hasselback equation is used to relate changes in CO2 with blood 

pH (Hall, 2015; Hills, 1973; Kelman, 1967; Stupfel, 1962),  

 

 

 𝑝𝐻 = 6.1 +𝑙𝑜𝑔10 (
[𝐻𝐶𝑂3

−]

0.0307×𝑃𝑏𝐶𝑂2
), (2.24) 

 [𝐻+] = 10−𝑝𝐻. (2.25) 

 

 

Parameters 𝑃𝑏𝐶𝑂2 and pH, calculated from Equations 2.22 and 2.24, are used in the 

corrected Kelman’s equations 2.20 and 2.21 to account for the shift in dissociation 

curve of O2.  

 

The gas exchange flux of O2 and CO2 at each time step depends on the pressure 

gradient between two sides of the alveolar-capillary membrane and the membrane 

properties: 
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 𝑞𝑎𝑂2 = 𝑇𝑡𝑂2(𝑃𝐴𝑂2 −𝑃𝑏𝑂2), (2.26) 

 𝑞𝑎𝐶𝑂2 = 𝑇𝑡𝐶𝑂2(𝑃𝐴𝐶𝑂2 −𝑃𝑏𝐶𝑂2), (2.27) 

 

where arterial partial pressures 𝑃𝑏𝑂2 and 𝑃𝑏𝐶𝑂2 are estimated in Equation 2.17 and 

2.22 respectively, and the transfer factors are calculated in Equations 2.18 and 2.23. 

These calculated fluxes are used in Equation 2.16 to calculate gas concentrations and 

their respective alveolar gas partial pressures.  

 

The cardiac cycle is simulated by assuming mixed venous blood moved into the acinar 

unit with a capillary blood volume of 𝑉𝑏 and remained stationary inside the acinar unit 

until the end of the RBC transit time (predicted in section 2.2.5) for that unit. At the 

end of the RBC transit time, oxygenated blood is removed from the capillary and 

mixed with pulmonary venous blood while new deoxygenated mixed venous 

pulmonary arterial blood enters the acinus. These coupled advection-diffusion and gas 

exchange equations are solved over multiple breaths and for multiple cardiac cycles 

within each breath, until a steady state is reached. The lung system is assumed to have 

approached steady state if whole lung prediction of alveolar and arterial pressures for 

both gases does not change between subsequent breaths, with a slope between three 

consecutive breaths of less than 0.005. Values of specific parameters needed to 

simulate the models within the proposed modelling framework from Section 2.2. is 

given in Table 2.1 below. 
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Table 2.1: Parameters values used for models in the proposed modelling framework in 

Section 2.2 

Param. Description Value Ref. 

𝑎 Strain Energy density function 

coefficient  

0.433 (Kowalczyk et al., 

1994) 

𝑏 Strain Energy density function 

coefficient 

-0.661 (Kowalczyk et al., 

1994) 

휀  Strain Energy density function 

coefficient 

2500 (Pa) (M. H. Tawhai et al., 

2009) 

𝜇𝑎 Viscosity of air 1.92×10-5 (Pa s)  

𝜇𝑏 Viscosity of blood 3.63×10-3 (Pa s) (Pries et al., 1996) 

𝜌𝑏 Density of blood 1.05×10-6 (Pries et al., 1996) 

𝜇𝑐 Apparent viscosity of blood in 

capillary bed 

1.92×10-3 (Pa s) (Y.-c. Fung, 2013) 

𝑓 Numerical friction factor 21.6 (Y.-c. Fung, 2013) 

𝛼𝑐 Compliance of capillary sheet 1.30×10-9 (Pa s) (Y. C. Fung et al., 1969) 

𝑙𝑐  Pathlength from arteriole to venue 11.86×10-6 (m) (Clark et al., 2010) 

[𝐻𝑏]𝑏 Haemoglobin concentration in 

blood 

2.33 (mM) (Hall, 2015) 

𝜎𝑂2 Oxygen solubility coefficient  1.40×10-3 

(mMHg-1) 

(Keener et al., 1998) 

𝜂 Krogh’s permeation coefficient for 

oxygen 

5.50×10-10 

(cm2s-1  Hg-1) 

(Weibel et al., 2005) 

𝜙 Surface correction factor 0.8 (Weibel et al., 2005) 

𝑆𝐴 Alveolar surface area of the lung 130×104 cm2 (Weibel et al., 2005) 

𝜏ℎ Thickness of the air-blood 

membrane 

1.11×10-4 (Weibel et al., 1993) 

𝑘𝑐
′  Forward reaction velocity of O2 

binding to 𝐻𝑏 

4.4×102  

mM-1s-1 

(Hill et al., 1973) 

𝜅 Oxyge carrying capacity of 𝐻𝑏 3.85 M O2 per M 

𝐻𝑏 

(Keener et al., 1998) 

𝜎𝐶𝑂2 Carbon Dioxide solubility 

coefficient 

3.5×10-2 

(mMHg-1) 

(Keener et al., 1998) 

𝛿 Carbon Dioxide reaction 

acceleration rate 

1010.9 (Hill et al., 1973) 

𝑘𝑢 Carbon Dioxide hydration velocity 

constant 

0.12s-1 (Hill et al., 1973) 

𝑘𝑣 HCO3
- dehydration velocity 

constant 

89s-1 (Hill et al., 1973) 

𝑡1
2
𝑅𝐵𝐶

 Half time of equilibration across 

RBC membrane 

0.001 (Hill et al., 1973) 
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2.3. Structural considerations 

2.3.1. Peclet number considerations 

The difficulty and complications associated with solving the advection-diffusion 

equation is well documented (Ahmed, 2012; Calvo et al., 2001). The equation is a 

second order partial differential equation (PDE) with parabolic profile, requiring 

sophisticated solution methodologies such as the FEM used in Section 2.2.6. However, 

regions with advection-dominated transport often give rise to numerical oscillation and 

diffusion when solved using this mesh based method (Ewing et al., 2001). Very small 

time step, fine mesh refinement, and/or stabilisation techniques such as upwinding 

(Codina, 1998; Heinrich et al., 1977) are often required to solve the problem, but high 

computational cost incurs as a result. The flow speed in the upper airway is very rapid, 

dominated by advective transport. Thus, can diffusive transport be neglected in a 

portion of the conducting airway to speed up solution time?  

 

Peclet number (Pe) is a dimensionless quantity used in fluid dynamics to determine the 

relative importance of axial advective to axial diffusive processes in transporting a 

substance across a distance. Here, Peclet analysis is used to determine whether 

diffusion in a certain portion of the airway model may potentially be neglected. The 

Peclet number is defined as: 

 

 𝑃𝑒 = 
𝑢𝐷

𝐿
, (2.28) 

  

where 𝑢  is advective velocity, 𝐷  is the mass diffusion coefficient over a 

characteristic length (𝐿). In the context of gas transport in the bronchial tree, airway 

diameter is commonly taken as the characteristic length to calculate 𝑃𝑒 (Verbanck et 

al., 1997). Functionally speaking, a large 𝑃𝑒 implies that the time required for bulk 

transport of the gas species past a particular airway element is too short to allow 
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diffusive transport to fully develop (Butler et al., 2011). A 𝑃𝑒 of 1 indicates that 

advective and diffusive transport processes are of equal importance, and 𝑃𝑒 < 1 

indicates that transport occurs predominantly through diffusion. For sufficiently large 

𝑃𝑒, the contribution of the diffusive flux to gas concentrations can be considered 

negligible, and the flow can be considered as ‘one-way’. Then, only the advective 

portion of the equation needs to be solved, which requires much simpler methods than 

the full problem. For example, the method of characteristics (Patankar, 1980) can be 

used, allowing accurate predictions to be made very efficiently even if sharp 

concentration gradients occur. Using this approach, portions of the airway are 

discretised using the finite difference approximation instead of the finite element 

method. Commonly, 𝑃𝑒>4 is considered large enough to assume negligible diffusion.  

 

Figure 2.6 shows the 𝑃𝑒 as a function of airway generation for the representative 

subject model generated in Section 2.2.2. There is a rapid transition from very high 𝑃𝑒 

(before generation 12) where advection dominates, to lower 𝑃𝑒 near the terminal 

bronchioles, with 𝑃𝑒 ≈1 near the acinar entrance. A more gentle slope in the rate of 

decrease of 𝑃𝑒 is observed around generation 20, where many terminal bronchioles 

are located. 

 
Figure 2.6. The dimensionless representation of size of advection to diffusion log(𝑃𝑒) 

versus generation number. log(𝑃𝑒)=100 represent position where advection and diffusion 

are of equal importance.  
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𝑃𝑒 number based considerations suggest that diffusion can be neglected for elements 

with bronchial generation number below 15 (i.e. more proximal to the trachea) and 

𝑃𝑒>5. Advective transport is five or more times faster than diffusive transport within 

these elements, such that the effect of diffusion is considered minor. While neglecting 

diffusion in these upper conducting airways will introduce small inaccuracies to the 

model, significant computation time savings can be made as equations are solved using 

the method of characteristics instead of the full methodology of the Galerkin FEM.  

 

An additional benefit of this approach is that numerical oscillations that can occur with 

the FEM in regions with steep concentration gradient, such as with advective dominant 

flow in the upper airways and/or during pure oxygen breathing may be avoided. 

 

2.3.2. What is the size of a gas exchange ‘unit’? 

The interwoven nature of parenchymal tissue, airway and vasculature means there is no 

well-defined ‘unit’ of gas exchange in the lung. The alveolus (Figure 2.1B) (the 

air-filled sac wrapped by pulmonary capillaries located at the terminal end of the 

respiratory tract), is the smallest anatomical ‘unit’ of gas exchange (Hansen et al., 

1975). There are an estimated 274-790 million alveoli in the adult lung (Ochs et al., 

2004), hence this is computationally infeasible to model in its entirety. Many studies 

have treated an acinus (the cluster of contiguous alveolated airways arising from a 

terminal bronchiole) as a functional unit of gas exchange to reduce computational 

expense. Swan et al. (Swan et al., 2011) found that oxygen heterogeneity within an 

acinus is very small, and the acinus can be represented as a well-mixed lumped unit. 

This is the approach taken in the modelling framework in Section 2.2. However, 

prediction of acinar dynamic behaviour throughout the lung is still computationally 

expensive since there are approximately 30,000 acini in the human lungs 

(Haefeli-Bleuer et al., 1988). To reduce computation time, many studies have 

represented the respiratory system as an arbitrarily chosen number of compartments 
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ranging from 2-8 (Karbing et al., 2011; Riley et al., 1949; Yem et al., 2006) or 50-100 

(Brimioulle et al., 1996; Evans et al., 1977; McCahon et al., 2008; Wagner, Saltzman, 

et al., 1974) or 2000+ (Wilson et al., 2009). For the purpose of modelling in a realistic 

time scale, it is desirable to investigate in a systematic manner the effect of the size of 

a lung ‘unit’ on gas exchange. Additionally, to determine whether or not there is a more 

‘optimal’ functional unit with a simplified geometry.  

 

High resolution fluorescent microscopy studies on various animals have shown that - 

while heterogeneous -both ventilation and perfusion distributions display spatial 

clustering characteristics, where adjacent regions in the lung have correlated flows 

(Altemeier et al., 2000; R. W. Glenny et al., 2000; Glenny et al., 1990; Robertson et al., 

1997). This is attributed to the self-similar nature of the bronchial and vascular trees, 

such that neighbouring regions arising from the same parent have similar flows 

(Glenny, 2011; Glenny et al., 2013). Thus, this fractal-like characteristic of the 

branching airway and blood vessels is used to successively group sister units/acini 

together to form larger gas exchange ‘units’ in the following process: 

 

1. Identify terminal units: identify neighbouring terminal gas exchange ‘units’ 

below the specified Horsfield order i, where i=2…k. Calculate conducting 

airway volume for cluster of elements leading from parent element with 

Horsfield order i (𝑎𝑖
𝑝𝑎𝑟𝑒𝑛𝑡

) to terminal units arising from that parent to its 

daughter acini (a1 to an). Remove existing elements below Horsfield order i.  

 

2. Formulate new unit (anew): daughter units (a1 to an) are lumped into a single 

larger unit, with V, Q and capillary blood volume being the sum of daughter 

unit values that constitute this anew. Capillary transit time for anew is new blood 

flow divide by capillary blood volume. Coordinate of anew is the centre of mass 

(c.o.m.) of all acini that constitute anew. 
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3. Grow new branch: branch angle from the parent element to location of anew is 

calculated, and the length of the new branch is the distance between the 

terminal node of the parent element to anew coordinate. Diameter of the new 

branch equals conducting volume recorded in step 1 for 𝑎𝑖
𝑝𝑎𝑟𝑒𝑛𝑡

 divided by 

length of the newly grown branch element.  

 

4. Repeat steps 1 to 3: for all parent elements j=1…m with the same Horsfield 

order i. 

 

5. Make gas exchange predictions: the new simplified geometric structure is used 

as input geometry to solve the governing equations of gas transport and 

exchange in Section 2.2.6. Values of P(A-a)O2, P(A-a)CO2 and time taken for 

system to reach steady state are recorded for each simplified geometry tested. 

 

This geometry-simplifying algorithm aims to preserve the overall and regional 

conducting airway volume while forming bigger gas exchange units by aggregating 

acini belonging to parent elements from higher Horsfield order i, where i=2..k. As 

mentioned in Step 2 above, V and Q of the progressively larger gas exchange ‘unit’ is 

the average of those acini belonging to the ‘unit’. Alternatively, V and Q models 

(Sections 2.2.4-2.2.5) can be solved in these simplified geometries (assuming arteries 

and veins are the replica to the simplified airway geometries). Here, the averaging 

approach is used. 
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Figure 2.7. Reduction in P(A-a) for O2 and CO2.Decrease in alveolar-arterial partial is shown 

with increasing gas exchange unit size, obtained by successive grouping of different 

horsfield elements together. Values for the reference model are outlined by black circles (O) 

here. 

 

 

 

 

      
Figure 2.8. Reduction in computation time against loss in prediction accuracy.. Both reduction 

in computation time and alveolar and arterial partial pressures for O2 and CO2 are shown as a 

percentage of the initial simulation values (reference model).  
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As can be seen from Figure 2.7 and 2.8, there is a clear decrease in the accuracy of 

predicted alveolar-arterial partial pressure difference in both O2 and CO2 with 

progressively larger grouping of acini below higher Horsfield order to form larger gas 

exchange units for both gases the P(A-a) decreases as unit size increases. Since the 

innate lung structure is a significant contributor to heterogeneity in local lung function, 

this reduction in ability to capture heterogeneity in lung function with progressive 

simplification of the lung structure is expected. Correspondingly, there is also a rapid 

decrease in computation time required to reach a steady-state. As each of the acini 

(32,000 for this representative subject) require at least one element to attach to the 

conducting airway, significant computation time saving occurs even with lumping two 

sister acini together to form a larger gas exchange unit and continues with successive 

grouping of elements at higher horsfield orders. There is a clear trade-off between the 

computation time required for solve the system and the ability of the model to capture 

the impact of gas exchange heterogeneity on total gas exchange in the lung, with more 

significant computation time saving occurring at grouping of lower Horsfield order 

elements. 

 

Various choices can be made as to the size of a gas exchange ‘unit’ or compartment, as 

seen in previous studies (Karbing et al., 2011; McCahon et al., 2008; Riley et al., 1949; 

Wagner, 2008; Wilson et al., 2009; Yem et al., 2006). However, any choice made on 

the size of a ‘unit’ needs to consider the trade off with reduction in ability to capture 

gas exchange heterogeneity within the lung (higher P(A-a)O2 and smaller PaO2 

variance) that is associated with increasing the ‘unit’ size used. Given the P(A-a)O2 

seen from Figure 2.7, there appears to be a point where P(A-a)O2 decreases more 

sharply, while the reduction in time taken to solve this system of equations remains 

linear. Therefore, the more ‘optimal’ unit size in most applications is a ‘unit’ consisting 

of approximately seven acini; this is coincidentally the approximate size of a secondary 

pulmonary lobule. The secondary pulmonary lobule is a polyhedral shaped lung 

structure bounded by interlobular septa (Karthikeyan et al., 2004), each supplied by an 

airway bronchiole, a pulmonary artery branch, and drained by pulmonary veins at the 
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periphery of the lobule (Reid, 1958). The ‘optimal’ unit size of seven acini falls within 

the reported size range of a secondary lobule at between three to twelve acini (Itoh et 

al., 1993; Verschakelen et al., 2007). Using this ‘optimal’ unit size, the complete 

airway geometry from Section 2.2.2. has been reduced to a simplified conducting 

airway structure with 4460 units.  

 

2.4. Gas exchange simplifications 

Equations 2.13-2.26 from Section 2.2.6 consist of a PDE for advection-diffusion and 

ordinary differential equations (ODEs) governing gas exchange that must be iteratively 

solved for all 32,000 units (in the case of the representative subject from Section 2.2.1) 

at every time step, and take approximately one third of the total solution time. This 

section presents two different approaches to reduce the computational cost for 

simulating gas exchange: Section 2.4.1 presents the steady state gas exchange model 

approach with time dependence removed; Section 2.4.2 presents an empirical 

representation of gas exchange derived from the ODEs in Section 2.2.6. The effects of 

the physiological processes are included, but descriptions of the detailed processes are 

not, however time dependence is retained. 

 

2.4.1. Steady state gas exchange 

Continuous flow of gas is supplied from the conducting airway, and blood flow is 

continuous from the heart into the gas exchange unit. Gas exchange occurs between air 

and blood as it flows past the capillaries, and is driven by the partial pressure 

difference across the alveolar-capillary membrane. During normal room air breathing 

for a healthy lung, it has been shown that it takes approximately 0.25s for equilibration 

of partial pressures in alveolar air and capillary blood (J. West, 2000). Thus, during 

non-strenuous breathing, the interval between heart beats (about 1s long) is usually 

sufficient to allow complete equilibration between the air and blood compartments, 
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such that alveolar and blood partial pressures can be assumed equal. Many earlier 

studies (Joyce et al., 1999; Karbing et al., 2011; Karbing et al., 2007; Thomsen et al., 

2014; Vidal Melo et al., 1993; J. P. Whiteley et al., 2000) have utilised this assumption 

to construct a simplified expression for steady state gas exchange to provide an 

estimate for breath-averaged gas exchange. This steady state assumption poses 

significant advantages in terms of computational efficiency, at the expense of the 

removal of time dependence of gas exchange predictions. Variables such as alveolar 

gas concentration (Equation 2.16) and lung volume that are assumed not to change 

between breaths and are treated as parameters. Time consuming PDEs (Equation 2.13) 

and ODEs (Equations 2.17-1.29, 2.22-2.24) from Sections 2.2.6 that are needed to 

predict gas concentrations at each time step throughout the lung are replaced with 

much simpler expressions.  

 

A commonly used expression to describe steady state gas exchange was published by 

Kapitan and Hempleman (Kapitan et al., 1986). Similar to the gas exchange model 

from Section 2.2.6, this gas transfer model also uses breath-averaged ventilation and 

perfusion received by the gas exchange unit as input. At steady state, the volume rate 

of gas uptake from the atmosphere equals the volume rate of gas uptake by capillary 

blood, allowing the formulation of a mass balance equation:  

 

 𝑉𝐼×𝑃𝐼𝑂2 + 𝑉𝐴×𝑃𝐴𝑂2 = Qk(𝐶𝐶𝑂2 − 𝐶𝑉𝑂2), (2.29) 

where 𝑉𝐼 is the inspired ventilation (L/min), 𝑃𝐼𝑂2 is the 𝑂2 partial pressure (mmHg) 

of the humidified inspired air, 𝐶𝐶𝑂2 is the 𝑂2 content of the end-capillary blood (ml 

gas/100 ml blood), 𝐶𝑉𝑂2 is the 𝑂2 content of the mixed venous blood (ml gas/100 

ml blood), and k is a constant that accounts for differences in temperature and pressure 

between the body and the atmosphere. 

 

Since complete equilibration between alveolar partial pressures and capillary blood is 

inherent in the steady state assumption, 𝑃𝐴𝑂2 and 𝑃𝐶𝑂2 are assumed equal. Thus, 
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𝐶𝐶𝑂2 in each compartment can be expressed as a function of end-capillary oxygen 

partial pressures 𝑃𝐶𝑂2: 

 𝐶𝐶𝑂2 = 15×1.34×𝑆𝑂2(𝑃𝐶𝑂2) + 0.03𝑃𝐶𝑂2, (2.30) 

Here, 𝑆𝑂2(𝑃𝐶𝑂2) is oxygen saturation calculated using the Monod-Wyman-Changeux 

(MWC) model (Monod et al., 1965), with 𝐾𝑇 and 𝐾𝑅 representing constants and 𝐿 

fitted to experimental saturation values: 

 

𝑆𝑂2(𝑃𝐶𝑂2) =
𝐿𝐾𝑇𝜎𝑂2𝑃𝑐𝑂2(1 + 𝐾𝑇𝜎𝑂2𝑃𝑐𝑂2)

3
+ 𝐾𝑅𝜎𝑂2𝑃𝑐𝑂2(1 + 𝐾𝑅𝜎𝑂2𝑃𝑐𝑂2)

3

𝐿(1 + 𝐾𝑇𝜎𝑂2𝑃𝑐𝑂2)
4
+ (1 + 𝐾𝑅𝜎𝑂2𝑃𝑐𝑂2)

4 . (2.31) 

 

Similarly, a mass balance equation can also be formulated for CO2 gas exchange as: 

 

 
𝑉𝐴×𝑃𝐴𝐶𝑂2 = 𝑄𝑘(𝐶𝐶𝐶𝑂2 − 𝐶𝑉𝐶𝑂2), 

(2.32) 

 

𝐶𝑐𝐶𝑂2 =
0.02386×𝑃𝑐𝐶𝑂2

1 + 002386×𝑃𝑐𝐶𝑂2
. (2.33) 

 

While this simplified steady state prediction of gas exchange has been used in clinical 

applications, the assumptions made in order to remove time dependence could have 

far-reaching consequences. Tidal ventilation models have shown that time dependent 

change in alveolar volume, gas flow, respiratory rate and inspiratory to expiratory ratio 

are important to allow the accurate prediction of within-breath partial pressure 

fluctuations, as well as mean and amplitude of breath averaged partial pressures, 

especially for diseased lungs (Jonathan P Whiteley, 2006; J. P. Whiteley et al., 2003; J. 

P. Whiteley et al., 2001). Additionally, an assumption of no diffusion limitation is 

required to equate alveolar and capillary partial pressures. However, questions arise 
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regarding the validity of these assumptions in circumstances such as elevated altitude 

(Torre-Bueno et al., 1985), exercise (Manier et al., 1991) and regions with low oxygen 

partial pressure (Piiper et al., 1981). Furthermore, the ability to predict dynamic lung 

gas exchange response to sudden change in lung state is important, as the steady state 

model has been used to simulate lung pathology and clinical applications (Shelley et al., 

2014; Stuhmiller et al., 2005).  

 

2.4.2. Equation fitting for gas exchange 

Curve fitting to data from governing equations of gas exchange 

While realistic partial pressure predictions were generated from Equations 2.17 (O2), 

2.22 (CO2), and 2.24 (HCO3), solving for ODEs at every time step for all gas exchange 

units across multiple breaths contributed significantly to the aforementioned long 

computation time. For an arbitrary unit, time evolution of blood side partial pressures 

is observed to have a characteristic shape as seen in Figure 2.9, sigmoidal for O2 and 

exponential for CO2 with steeper or more gradual slope depending on the properties of 

the alveolar-capillary membrane and partial pressure differences across the membrane. 

Curve fitting has been used in the published literature to capture the non-linear 

pressure-volume relationship of the lung, and has been shown to be a valid approach to 

extrapolate the static P-V relation (Salazar et al., 1964; Venegas et al., 1998). A similar 

approach is used here to investigate whether equations derived from curve fitting can 

capture the predicted dynamic response of the respiratory gases by the governing 

ODEs. 

 

The rise of PbO2 over time appears to resemble that of a sigmoidal curve, and therefore 

a general logistic equation is proposed:  

 

𝑃𝑏𝑂2(t) = 𝑑1 +
𝑑2 − 𝑑1

(1 + 𝑑3𝑒−𝑑4𝑡)
1
𝑑5

, 
(2.34) 
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Figure 2.9. Characteristic profile of the respiratory gases over time for an arbitrary gas 

exchange unit. The time evolution of A) PbO2 B) PbCO2 and C) HCO3 as predicted by the 

governing equations of O2 and CO2 exchange in sections 2.2.6 appear to have a 

characteristic profile.  

 

 

where 𝑃𝑏𝑂2(𝑡) is the blood side O2 partial pressure at time 𝑡, and 𝑑1 to 𝑑5 are 

fitting parameters. The parameter 𝑑1  is the upper asymptote of the curve and 

corresponds to the alveolar O2 partial pressure for the arbitrary gas exchange unit; 𝑑2 

is the lower asymptote of the curve; 𝑑3 is the partial pressure at 𝑡0; 𝑑4 relates to the 

growth rate; and 𝑑5 relates to location of maximum growth rate.  

 

The drop in PbCO2 over time appears to have similar characteristics to that of an 

exponential decay curve, therefore the general equation is proposed as:  

 

𝑃𝑏𝐶𝑂2(𝑡) = 𝑑6𝑒
𝑑7𝑡 + 𝑑8𝑒

𝑑9𝑡 + 𝑑10, (2.34) 

 

where 𝑃𝑏𝐶𝑂2(𝑡) is the blood-side CO2 partial pressure at time 𝑡, and 𝑑6 to 𝑑10 are 

the fitting parameters. 

 

Over the time interval concerned (time required for alveolar-capillary equilibration), 

the concentration of [𝐻𝐶𝑂3](𝑡) can be described by a polynomial: 
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[𝐻𝐶𝑂3](𝑡) = 𝑑11𝑡
𝑑12 + 𝑑13𝑡

𝑑14 + 𝑑15 (2.35) 

 

The adequacy of the three proposed equations to describe the dynamics of the 

respiratory gases (O2, CO2) and HCO3 exchange under varying conditions can be 

assessed by fitting these equations to the data - solution profile (partial 

pressure/concentration) predicted by their corresponding governing equations 

(Equation 2.17, 2.22 and 2.24). Variables in the governing equations are usually given 

physiologically realistic values based on those reported in the literature (reported in 

Section 2.2.6). To generate data for fitting equations 2.33-2.35, the variables in the 

equations such as alveolar partial pressures, hemoglobin concentration ( [𝐻𝑏]𝑏 ), 

alveolar-capillary membrane thickness (𝜏ℎ) or blood volume (𝑉𝑏) etc are examples of 

the different conditions that can alter the profile of dynamic responses over time of the 

respiratory gases. For the proposed equation to be representative of the dynamic 

response of the governing ODEs, it is necessary to capture the range of behaviour of 

the governing ODEs given changes to variable values within a physiologically 

reasonable range. 

 

Fitting of the three equations (Equations 2.33-2.35) to their respective data (for O2, 

CO2 and HCO3) was done using the iterative reweighted least squares algorithm in 

MATLAB to reduce the sum of squared residuals between data and equation-predicted 

values. Iteration for fitting an equation to a set of data continued until the sum of 

squared residuals between successive iterations was changed less than 0.001. At this 

point, a best fit was reached; the goodness of fit coefficient was reported along with the 

estimates for fitting parameters specific to each equation.  

 

Given the time evolution PbO2, PbCO2 are the primary interest, Figure 2.10 and 2.11 

shows the curve fitting results for these two respiratory gases using Equations 

2.33-2.34, respectively, compared to the ODE-predicted time courses for each from the 

governing equations (Eqn 2.17., 2.22) in Section 2.2.6. Results in each figure consider 
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step alterations in three input variables of the governing ODEs: 𝜎𝑂2, 𝑉𝑏 and [𝐻𝑏]𝑏 

for PbO2; 𝑉𝑏, initial [𝐻𝐶𝑂3]  and initial [𝐻+] for PbCO2; and 𝑉𝑏, initial [𝐻+], and 

𝜎𝐶𝑂2  for [𝐻𝐶𝑂3] . It can be seen that the fitting parameters 𝑑1 -𝑑15  can be 

parameterised such that the proposed characteristic equations (predicted value in red) 

can tightly align with the profile time course derived from the governing ODEs for 

PbO2, PbCO2 (predicted value shown using black diamonds) for all levels of 

perturbations to variables in the governing equations analysed in these figures. Relative 

error of curve fitting for each of the three cases presented for PbO2, PbCO2
 are small, at 

a maximum of 2.5%, 0.2% , respectively. There appears to be an oscillatory pattern in 

the relative error calculated for PbCO2 over time for all three cases of perturbation 

illustrated in Figure 2.11 (right column). The source of this oscillation is suspected to 

be from the ODE solver (ode45) used in MATLAB to solve the governing equations, 

which introduces small oscillations after the system has reached equilibration, as the 

nature of Equations 2.33-2.34 does not suggest oscillatory behaviour and therefore this 

should not be considered as inaccuracies of the curve fit itself. 

 

The fitted equations (Equations 2.33-2.35) only consisted of a few variables compared 

to the full ODEs, and the value of these dependent variables (consisting of fitting 

parameters 𝑑1-𝑑15) altered as a result of change in value of the independent variables, 

(consisting of all input variables in the governing ODEs) in the governing equations. 

Thus, it is necessary to establish a relationship that describes how changes in these 

independent variables affect the fitting parameters. The partial least square regression 

(PLSR) method proposed by Wold et al. (Wold et al., 2001) was used to quantify this 

relationship. 
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Figure 2.10. Fitting empirical equation to results from ODE models for O2. Here, results of 

equation fitting (Eqn. 2.33) to ODE predicted PbO2 time evolution for stepwise perturbations 

in ODE variables A) 𝜎𝑂2, B) 𝑉𝑏, and C) [𝐻𝑏] are shown, to illustrate the accuracy level of 

equation fitting to data (ODE predicted PbO2). Left column shows equation 2.34 fitted PbO2 

(in red) plotted against the data (black diamonds) over time, for each of the perturbations to 

the ODE parameters tested. Right column shows the relative error of the equation fitting. 

Each coloured (*) represents the calculated error over time for one perturbation. The relative 

error is expressed as 100×(PbO2 equationfit - PbO2 ode)/ PbO2 equationfit. Equation fitting results are 

shown for 0.0001 step perturbation in 𝜎𝑂2 between the range 0.0056-0.0064 mM-1mmHg, 

with PAO2 at 100mmHg in A), and 0.2 step perturbation in 𝑉𝑏 between range 5.6-7.8mL 

and PAO2 at 160mmHg for B), and 0.01 step perturbation in [𝐻𝑏] =1.96-2.37mM, normal 

value at 2.33mM  
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Figure 2.11. Fitting empirical equation to results from ODE models for CO2. Here, results of 

equation fitting (Eqn. 2.34) to ODE predicted PbCO2 time evolution for stepwise 

perturbations in ODE variables A) 𝜎𝐶𝑂2, B) initial [𝐻𝐶𝑂3], and C) initial [𝐻+] are shown, 

to illustrate the accuracy level of equation fitting to data (ODE predicted PbCO2). Left 

column shows equation 2.34 fitted PbCO2 (in red) plotted against the data (black diamonds) 

over time, for each of the perturbations to the ODE parameters tested. Right column shows 

the relative error of the equation fitting. Each coloured (*) represents the calculated error 

over time for one perturbation. The relative error is expressed as 100×(PbCO2 equationfit - 

PbCO2 ode)/ PbCO2equationfit. Equation fitting results are shown for 0.0001 step perturbation in 

𝜎𝑂2 between the range 0.0056-0.0064 mM-1mmHg, with PvO2 at 46mmHg in A), and 0.2 

step perturbation in initial [𝐻𝐶𝑂3] between range 24.6-30.6mM for B), and 0.01 step 

perturbation in [𝐻𝑏] =1.96-2.37mM, normal value at 2.33mM 
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Partial least square regression (PLSR) 

PLSR is a method of modeling the relationship between two sets of observed variables 

(independent and dependent) via estimation of latent variables (Abdi, 2010). The PLSR 

has two major advantages. First, it is able to reduce the dimension of the system while 

retaining the most information (much like principle component analysis). This is 

suitable for extracting the relationship of the variables with fitting parameters here. 

Second, it is also able to remove multi-collinearity among the independent and 

dependent variables. The principle of PLSR is described below.  

 

Consider a (𝑁×𝐾) matrix of the mean-centred input space (𝑋) and a (𝑁×𝐽) matrix of 

the mean-centred output space (𝑌), where 𝐾 is the number of independent variables 

(factors) per observation, 𝐽 is the number of dependent variables per observation (i.e. 

per curve fit) and 𝑁 is the number of the observations (number of fitted curves). The 

PLSR method decomposes mean-centred 𝑋 and 𝑌 matrices into bilinear structure 

models consisting of linear combinations of score and loading matrices. 

 

𝑋 = 𝑇𝑃𝑇 + 𝐸,  

𝑌 = 𝑇𝑄𝑇 + 𝐹,  

 

where 𝑇 = 𝑋𝑉 is a (𝑁×𝐴) matrix of the 𝐴 extracted score components from 𝑋 

obtained via (𝐾×𝐴) weight matrix 𝑉, that maximises the explained covariance of 𝑋 

and 𝑌. The (𝐾×𝐴) matrix P and the (𝐽×𝐴) matrix 𝑄 are the loading matrices, and 𝐸 

and 𝐹 are residual matrices. PLSR can ensure that X-scores, 𝑇 are 𝑌-relevant by 

using a temporary model of 𝑌 (equation below) inside the estimation algorithm to 

guide the initial estimation: 

 

𝑌 = 𝑈×𝐶𝑇 + 𝐹,  

 

where 𝑈 is a (𝑁×𝐴) matrix that represents 𝑌-score vectors. The PLSR method 

assumes that there is a known inner relationship between the 𝑋  and 𝑌 -scores, 
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described by 𝑈 = 𝑓(𝑇) + 𝐻. Here, 𝐻 is the residual from the inner relation mapping. 

𝑈 can be estimated as �̂� = 𝑓(𝑇). Then, this PLSR model can be rewritten as: 

 

𝑌 = 𝑓(𝑇)×𝐶𝑇 + 𝐹 ∗,  

 

where 𝐹 ∗ is the combined residuals from the decomposition and the inner relation 

mapping. PLSR is an iterative process, and a number of algorithms can be used for this 

process. Here, the most common method - non-linear iterative partial least squares 

(NIPALS, available in MATLAB) - is used for this iterative PLSR projection. PLSR 

returns a set of estimates for the fitting parameters given a set of inputs (the variables 

in the governing equation), that can be used to predict the dynamic response of the 

respiratory gases during exchange across the alveolar-capillary membrane. 

 

Figure 2.12 and Figure 2.13 show the curve fitting result for PbO2, PbCO2 profile, 

respectively, predicted using PLSR estimated fitting parameters as input to curve 

fitting Equations 2.33-2.34 (in red). The same increment in step wise alteration to three 

variable inputs applied to Figure 2.10-2.11 is applied here. It can be seen that for PbO2, 

PbCO2, the characteristic equation predicted respiratory gas profile over time (using 

PLSR estimated fitting parameters), aligned well with the profile derived from the 

governing equations (black diamonds). There was only a slight increase in resulting 

relative error compared to just the direct curve fitting protocol in Figure 2.10-2.11 at 

approximately 4%, 0.5% respectively. This combined suggest that the proposed 

characteristic equations (Equations 2.33-2.34) using PLSR estimated fitting parameters 

can be used to replace the governing equations proposed in the comprehensive 

framework (Equations 2.17,2.22).  
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Figure 2.12. Time course prediction of PbO2 using PLSR estimated parameters. Here, 

prediction of PbCO2 profile calculated from the PLSR estimated fitting parameters (in red) 

are compared against the profile derived from Equation 2.22 (black diamond). The step 

increment to the three variables of A) step change in 𝑉𝑏, B) increment initial [𝐻𝐶𝑂3] and 

C) step change in initial [𝐻+] are used as Figure 2.9 for ease of comparison. 

 

Figure 2.13. Time course prediction of PbCO2 using PLSR estimated parameters.  Here, 

prediction of PbCO2 profile calculated from the PLSR estimated fitting parameters (in red) 

are compared against the profile derived from Equation 2.22 (black diamond). The step 

increment to the three variables of A) step change in 𝑉𝑏, B) increment initial [𝐻𝐶𝑂3] and 

C) step change in initial [𝐻+] are used as Figure 2.10 for ease of comparison. 
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2.5. Results 

2.5.1. Mass Error analysis for the modified model 

The modified model consists of the optimised model geometry and equation fitted gas 

exchange model. To assess convergence and stability of this modified model, its 

resultant numerical errors were analysed in terms of mass conservation. Mass of the 

respiratory gases (O2, CO2, or both) predicted by the model at time 𝑡, 𝑀𝑡𝑜𝑡𝑎𝑙(𝑡), is the 

sum of the gas concentration multiplied by the volume of each airway element and gas 

exchange unit: 

 

𝑀𝑡𝑜𝑡𝑎𝑙(𝑡) = ∑ 𝑐(𝑗, 𝑡)𝑉𝑎𝑖𝑟(𝑗, 𝑡) +∑ 𝑐𝑔𝑥(𝑘, 𝑡)𝑉𝑔𝑥

𝑁𝑔𝑥

𝑘=1

𝑁𝑎𝑤

𝑖=1

(𝑘, 𝑡), 

 

where 𝑐(𝑗, 𝑡)and 𝑐𝑔𝑥(𝑘, 𝑡) are the concentrations of the 𝑗th airway element and 𝑘𝑡ℎ 

gas exchange unit at time t, respectively; and 𝑉(𝑗, 𝑡)and 𝑉𝑔𝑥(𝑘, 𝑡) are the respective 

volumes of the airway element and gas exchange unit. Change in total model mass, 

∆𝑀𝑎𝑐𝑡𝑢𝑎𝑙 is the difference between total mass at the current time step and the previous 

time step, 𝑀𝑡𝑜𝑡𝑎𝑙(𝑡 − ∆𝑡), such that 

 

∆𝑀𝑎𝑐𝑡𝑢𝑎𝑙 = 𝑀𝑡𝑜𝑡𝑎𝑙(𝑡) −𝑀𝑡𝑜𝑡𝑎𝑙(𝑡 − ∆𝑡).  

 

The relative mass error of the model is the difference between actual and theoretical 

mass changes ∆𝑀𝑡ℎ𝑒𝑜𝑟𝑦, where the theoretical mass change within the lung system can 

be evaluated given a known amount of mass is added or removed from the system at 

each time step: 

 

∆𝑀𝑡ℎ𝑒𝑜𝑟𝑦 = 𝑄(0, 𝑡)×𝑐(0, 𝑡)×∆𝑡. 

 

The relative mass error is estimated as difference between theoretical and actual mass 
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change over the theoretical mass change.  

 

 

Figure 2.14. Time evolution of relative mass error predicted by modified model. .A) for O2 

only and B) for both O2 and CO2 cases. Blue dashed lines indicate the amplitude of relative 

mass errors of the system. Error stabilised at approximately 20-24 breaths for both cases.  

 

The mass error for two cases, of just O2 and both O2 and CO2, during a simulation of 

normal gas exchange were considered. Here, mass error of the system (both O2 and 

CO2) was calculated as the sum of both gases. Time evolution of the calculated relative 

mass error is shown in Figure 2.14. For both cases, time evolution of relative mass 

error exhibited an oscillatory pattern, which not surprisingly coincided with the 

breathing pattern. There are abrupt spikes in relative mass error at time points where 

breathing phase switched between inspiration and expiration, with lower and flatter 

error estimates over the remainder of the breaths.  

 

The relative mass error for the O2 only case stabilised at approximately 20-22 breaths 

(Figure 2.14A). Stabilisation of error occurred at the approximate same time point for 

the O2 and CO2 case compared to the O2
 only case (Figure 2.14B). Relative mass error 

for the O2 only case is stable within 1.2%, which suggests the modified model solution 
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can be considered acceptable. Relative mass error for the O2 and CO2 case is less than 

1.3%. This very small increase comes from the contribution of CO2 mass error to the 

overall system. The quantity of CO2 excreted from the body system is small compared 

to the large influx of O2 received from the atmosphere into the lungs. Thus, mass error 

of the O2 and CO2 case is still dominated by the errors associated with O2.  

2.5.2. Prediction of gas exchange and computational efficiency 

A case of normal gas exchange of the supine lung is presented here after the system has 

reached steady state to allow comparison between predictions made by different gas 

exchange models considered. For the dynamic models (the comprehensive model from 

Section 2.2.6 and empirical model from Section 2.4.2), partial pressures reported are 

averaged over a breath after reaching steady state. The whole lung PO2 and PCO2 of 

arterial blood are evaluated from the blood flow-weighted average of end-capillary 

blood O2 and CO2 content, while PAO2 and PACO2 are calculated as the gas exchange 

volume weighed average. 

 

Table 2.1 presents the whole lung partial pressure prediction for O2 and CO2 for all 

three models assessed (comprehensive model, empirical model, and gas transfer 

model). The comprehensive model from Section 2.2.6 is taken as the gold standard that 

the rest compare against. Whole lung PAO2 and PaO2 averaged over a breath are 103.2 

mmHg and 93.6 mmHg, giving a P(A-a)O2 of 9.6mmHg. For CO2, predicted PACO2 

and PaCO2 are 36.5 mmHg and 40.1 mmHg, giving a P(A-a)CO2 of -3.6 mmHg. There 

is a slight reduction in overall P(A-a)O2 of 3.4mmHg and P(A-a)CO2 reduced by 

1.3mmHg. The source for the underestimation of alveolar capillary partial pressure 

difference by the modified model is from a combination of lower resolution as a result 

of the structural simplifications (‘optimal’ gas exchange unit and simplified tree 

structure in Section 2.3.) and a lesser contribution from error associated with temporal 

time fit for gas exchange. There is a slight underestimation in alveolar-capillary partial 

pressure difference by the gas transfer model. Since the gas transfer model was 
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estimated for the complete geometry described in Section 2.2.1, this over-estimation is 

likely from the inability to capture properties associated with tidal ventilation, such as 

neglecting the mixing that occurs in the conducting airway The spatial distribution of 

PaO2 and PaCO2 partial pressures predicted by the three models are shown in Figure 

2.15. All three models showed a clear gravitational gradient with higher and more 

heterogeneous partial pressures predicted in the gravitationally dependent regions of 

the lung. Partial pressure heterogeneity is less for the modified model than the 

comprehensive model, consistent with results for whole lung result in Table 2.2.  

 

The computation time required for solve for each model is presented in Table 2.3, and 

broken down into the time taken for its respective components. The least 

computationally expensive model is by far the gas transfer model, which achieves its 

simplicity through its assumption of steady state within lung and therefore inability to 

describe dynamic lung gas exchange. As for the dynamic models, the modified model 

made a significant time saving, taking only approximately 40% of the time required for 

the comprehensive model.  

  

 

Table 2.2: Steady state prediction of partial pressures for O2, CO2 and HCO3
- for the three 

models. 

  Partial Pressure (mmHg) mM 

  O2 CO2 

  PA Pa P(A-a) PA Pa P(A-a) [HCO3
-] 

1 Full model (full 

conducting 

geometry and gas 

exchange model) 

103.2 93.6 9.6 36.5 40 -3.6 26.82 

2 Modified model 

(‘optimal’ 

conducting 

geometry and 

empirical gas 

exchange model) 

103.2 97.0 6.2 37.7 40. -2.3 27.26 

3 Steady state gas 

transfer model 
103.2 95.3 7.9 36.9 40 -3.1  
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Figure 2.15. Model predictions of PaO2 and PaCO2 in normal gas exchange.A) for O2 and B) 

for CO2 . The lung is divided into 10 iso-gravitaional slices with mean and standard 

deviation in partial pressures presented. Simulation performed in supine. 

 

 

Table 2.3. Time required to solve till steady state for the tree models. All three models are 

custom written, the first two in FORTRAN, the steady state gas transfer model in Perl. Time 

recorded using processor Intel® Xenon®W3530@2.8GHz. 

 Computation Time Required  

 Gas Transport Gas Exchange Total 

1 Full model (full conducting 

geometry and gas exchange 

model) 

3hr5min 2hr18min 5hr23min 

    
2 Modified model (‘optimal’ 

conducting geometry and 

empirical gas exchange 

model) 

1hr1min 35min 1hr36min 

    
3 Steady state gas transfer 

model 
  5 minutes 
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2.6. Discussion 

The aim of this chapter is to introduce a proposed respiratory system model framework, 

and present a hierarchy of gas exchange models that can rest within, with assessment 

of its conditions of validity, model complexity, accuracy and computational expense. 

Furthermore, to investigate whether or not there is an ‘optimal’ unit and gas exchange 

model.  

 

The modified model used a combination of structural simplification (‘optimal’ gas 

exchange unit at 7 acini and Peclet number considerations) with fitting to data from the 

time-dependent model to describe dynamic gas exchange. The modified model is 

stable with mass errors within the acceptable standard range (Figure 2.14). Overall, 

P(A-a)O2 and P(A-a)CO2 falls within the expected values for the subject’s age group 

and only slightly less than the comprehensive model. Both the gravitational gradient 

and iso-gravitational heterogeneities in predicted PaO2 and PaCO2 is preserved (Figure 

2.16), although with slight underestimation throughout the lung, consistent with the 

predicted reduction in whole lung gas exchange partial pressures. More importantly, 

computation time is reduced by approximately 60% in comparison to the 

comprehensive model. The ability to capture the dynamic response of the lung over 

time is highly desirable. It is tempting to claim that this modified model may be the 

optimal model for use within the lung modelling framework, given its ability to capture 

spatial and temporal variation in regional gas exchange within a reasonable time frame. 

However, it is naive to assume an optimal model applicable for all occasions can be 

found. The ideal ‘as simple as possible’ model depends on the research question and 

preference of the investigator.  

 

The explorations in this chapter starting from Section 2.3 have formulated a hierarchy 

of gas exchange model components/strategies of varying complexity, the advantage 

and disadvantage of each have been assessed in Sections 2.3-2.4. In terms of structural 

simplification, Peclet number analysis of the conducting airway has shown that at 
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higher peclet numbers diffusion cannot be neglected. While section 2.3.2 concluded the 

‘optimal’ gas exchange unit under the current simulation setting is approximately a 

cluster of around 7 acini. Figure 2.7 showed a clear trade-off between information 

content (variance of distribution) and accuracy (PaO2 and PaCO2) predictions versus 

computational efficiency of different sizes of the gas exchange unit. The steady state 

gas transfer model from Section 2.4.1 is by far the least computationally expensive 

method due its steady state assumption and predicts steady state gas exchange well. 

However, not solving the system of gas transport equation from Section 2.2.6 neglects 

the mixing that occurs in the conducting airway (deadspace) that is proximal to the gas 

exchange unit. More importantly, the ability to capture the dynamic response of the gas 

exchange system is highly desirable and necessary as discussed previously in Section 

2.4.1. The time-dependent fit to characteristic profiles of O2 and CO2 exchange across 

the alveolar-capillary membrane is quite precise and efficient. However, although the 

fitted parameters relate mathematically to variables in the gas exchange equations, they 

do not have physiological meaning themselves. New development and extension to the 

governing equations in gas exchange will require a refit of the parameters.  

 

As seen in Table 2.4 this hierarchy of models can be thought to exist on different 

locations of a ‘continuum’. The simplest model of single/few compartments of lung 

with steady state gas transfer model resembles the early work of Fehn et al. The full 

gas exchange equation solved in realistic lung geometry represents the gold standard 

with maximum information that can be predicted by the model framework. Choices 

made must balance the trade-off between requirement for accuracy and information 

content of predictions, versus practicability and computational expense.  

 

 

 



62   

 

 
 

Table 2.4. A class of gas exchange models presented on a 'continuum'. . A trade off exist 

between the need for increased accuracy are associated with model complexity and 

computational expense. 

   

 

The remaining chapters of this thesis serve as a demonstration of this concept of using 

an ‘optimal’ model based on the requirements of the specific study and the underlying 

physiological process it investigates. Each chapter attempts to address a different 

physiological problem in the underlying physiology, experimental or clinical setting. 

Additionally, simulations of the formulated gas exchange models in these chapters also 

illustrates the varying applications of the model, and provides validation and 

assessment of model performance under various conditions in healthy and diseased 

lung states. Rationale for the choice of gas exchange models used in each chapter is 

briefly described below. 

 

Chapter 3 aims to apply the modelling framework to assess the contribution of various 

passive mechanisms of local ventilation to perfusion matching in the normal lung. 

There is ongoing debate regarding whether gravitational influences or innate local 

mirroring of bifurcating airway and pulmonary vessels is the key contributor to local 

V/Q matching (Glenny et al., 2011b). In order to analyse the contribution of small 

scale lung geometry on passive V/Q matching at a higher resolution than that provided 

by existing experiments, the full conducting geometry from Section 2.2.2 is more 

desirable than the lower resolution of the ‘optimal’ conducting geometry from Section 
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2.3.2. This analysis focuses on passive long-term matching mechanisms under normal 

lung function instead of dynamic lung response to a stimulus, therefore a 

time-dependent prediction is not necessary. Thus, the steady state gas transfer model 

from Section 2.4.1 is used to make steady state gas exchange predictions. Under 

normal conditions, gas exchange within the alveolar-capillary membrane usually 

reaches equilibrium with no diffusion limitation.  

 

Chapter 4 attempts to mimic two experiments to provide validation of the model’s 

ability to predict lung function at global level (MIGET) and regional level (SVI). The 

MIGET protocol involves back-extrapolation of V/Q to a fifty compartments lung 

model from inert gas measures obtained at the mouth, and does not provide lung spatial 

information. Simulating MIGET using the modified model from this chapter not only 

provides validation of model predictions against an established experiment, but also 

the higher resolution of the model allows for analysis of influence of lung geometry on 

MIGET estimates of lung function. The second part of Chapter 4 aims to simulate the 

SVI protocol for proton MRI to derive a spatial map of ventilatory efficiency in normal 

lung. SVI is a protocol of dynamic imaging of the lung response to a step change in 

breathing pure oxygen. The empirical gas exchange model would be useful in the face 

of the time-consuming nature of the simulation protocol (requires simulating 220 

breaths), the requirement to model dynamic lung response over time, and the steep 

concentration gradient associated with pure oxygen breathing. However, given the 

relatively high resolution of the proton MRI (48mm3), the full conducting geometry 

from Section 2.2.2 is used instead of the ‘optimal’ conducting geometry from Section 

2.3.2. 

 

Chapter 5 illustrates the ability of the gas exchange model to extend into a respiratory 

system model framework, in order to model abnormal lung function, and predict 

subject-specific lung response to Nasal High Flow therapy. Clinical measurements are 

available for twenty subjects in terms of their global lung function, without any 
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information on their regional lung properties or functions. Simulation protocols are 

complex, requiring iterative fitting of regional lung properties in order to calibrate the 

model to clinically measured global subject respiratory status pre-therapy, and 

simulation of dynamic subject response to various mechanisms of the NHF therapy. 

Given the complexity of the simulation protocol and its potential application in the 

clinical setting, computational feasibility and efficiency is a priority. Therefore, a 

further simplified geometry with only 200 units (using the methods from Section 2.3.2) 

is used to represent the lung structure for simulations in this chapter. This 200 units 

model is a further simplification of the ‘optimal’ conducting geometry from Section 

2.3.2, and underestimates regional heterogeneities that exists within the lung. 

Nonetheless, given that the model is parameterised to whole lung level patient data, it 

is sufficient to represent the V/Q variations within these patients. This simplified 

model cannot represent regional heterogeneity in these patients when examined at a 

higher resolution, but no such information is available for this given dataset.
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Chapter 3  

Mechanisms of Passive V/Q matching  

 

In the previous chapter, a comprehensive framework for modelling lung function was 

presented. New solution methodologies and structural simplifications were used to 

increase computational efficiency and to present a class of gas exchange models that 

could be applied to aid understanding of lung physiology. The ability of the presented 

gas exchange models and the lung modelling framework to capture lung function 

depends on whether or not it incorporates descriptions of key mechanisms that enable 

efficient gas exchange within the lung. A long-held assumption regarding physiological 

principles of efficient lung gas exchange is that one of the key determinants is the 

range of ventilation-perfusion ratios. Previous experiments have proposed passive 

mechanisms that contribute to the relatively tight V/Q matching within the normal lung. 

Various imaging modalities have been used to assess the relative contribution of each 

proposed mechanism (Glenny et al., 1999; Hopkins et al., 2007; Musch et al., 2002; 

Musch et al., 2005; Nyren, Radell, Lindahl, et al., 2010; Petersson et al., 2009; Prisk et 

al., 2007). These imaging studies differ in protocol, post-processing and resolution, and 

often give conflicting conclusions. An advantage of a computational model is its ability 

to perform controlled simulations, where each mechanism can be analysed 

systematically. 

 

In this chapter, a suitable model is chosen from the class of gas exchange models 

presented in Chapter 2 to be used within the lung model framework, with specific 

mechanisms turned ‘on’ and ‘off‘, to investigate their effects on V/Q matching and O2 

exchange. This chapter attempts to provide an understanding of whether or not the 

mechanisms included in the models presented in Chapter 2 are sufficient to describe O2 
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exchange for the normal lung under varied conditions. More importantly, it serves to 

demonstrate how the class of gas exchange models presented in Chapter 2 can be used 

to facilitate understanding of underlying lung physiology2: in terms of the relative 

contributions of passive mechanisms to normal human lung gas exchange. 

Understanding of the mechanisms contributing to normal lung operation is essential for 

translating these models to lung disease where alterations to the lung disrupt V/Q 

matching and gas exchange capability.  

 

The aim of this chapter is two-fold: 

1. To assess the validity of the lung model framework in representing the key 

mechanisms that contribute to normal lung gas exchange function under varied 

conditions. 

3. To evaluate the relative contribution of passive mechanisms to V/Q matching 

and O2 exchange in normal human lung, and through this illustrate the ability of 

the class of gas exchange model used in this chapter to facilitate understanding 

in underlying lung physiology.  

  

3.1. Background 

The distribution of ventilation-perfusion (V/Q) ratios among gas exchange units is 

known to be directly related to the efficiency of gas exchange in the lung (Galvin et al., 

2007; Glenny et al., 2011b; Prisk, 2014; Robertson et al., 2000). Yet, there is 

significant heterogeneity in the distribution of alveolar ventilation (V) and perfusion (Q) 

in the normal healthy lung. This arises because of the interaction between the complex 

structure of the lung (including its tissue, airways, and blood vessels) and gravity, 

which affects the mechanical deformation of the lung parenchyma and influences 

                                                             
2 A version of this chapter has been accepted to the Journal of Applied Physiology, titled ‘Gravity 

outweighs the contribution of structure to passive ventilation perfusion matching in the supine adult 

human lung’. 
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blood flow distribution. Despite this heterogeneity, regional V and Q are sufficiently 

well-matched to support the requirements for gas exchange in the normal healthy lung. 

Understanding of the precise matching mechanisms of V and Q in normal lung 

function is essential for understanding how gas exchange is impaired in disease, yet 

current understanding is incomplete. The two main theories propose either gravity 

(West, 1962) or matched airway/arterial tree branching (R. W. Glenny et al., 2000) as 

the primary determinant of effective V/Q matching. 

 

Gravity has direct action on the highly deformable lung tissue and blood in the 

pulmonary circulation. Early observations of gravitationally-directed gradients in V 

and Q in the human lung using scintigraphy (J. B. West, 1962) and more recent 

imaging studies using magnetic resonance imaging (MRI) (Hopkins et al., 2007) and 

single photon emission computed tomography (SPECT) (Petersson et al., 2007) point 

to gravity playing a major role in determining the distributions of V and Q. Specifically, 

that gradients in Q result from the balance of hydrostatic pressures at the capillary level 

(described by the ‘zonal’ model (Fung et al., 1969)); and/or that the displacement of 

lung tissue due to gravity (the ‘Slinky’ effect (Hopkins et al., 2007)) increases the 

perfusion per unit volume of tissue in gravitationally-dependent regions. The ‘Slinky’ 

hypothesis also explains the V gradient based on greater compliance in 

gravitationally-dependent tissue due to its smaller volume pre-inspiration (compared to 

a uniformly expanded lung) in comparison to tissue in the non-dependent regions. That 

gravity acts on V and Q via a common mechanism (the ‘Slinky’ effect) is suggested to 

explain the relatively close matching of V and Q in the healthy lung. 

 

An alternative hypothesis is that the innate matching branching geometry of the airway 

and pulmonary arterial trees results in well matched V to Q. Evidence to support this 

comes from a range of animal and human experimental studies. In animals, the 

incomplete reversal of V and Q gradients following inversion of posture suggests that 

the vascular and airway trees could play a major role in determining V and Q 
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distributions (Glenny et al., 1999); studies using fluorescent microspheres (Robertson 

et al., 1997) have shown significant and similar iso-gravitational heterogeneities in V 

and Q (Altemeier et al., 2000; Glenny et al., 1999; Robertson et al., 1997), with Glenny 

et al. (Glenny et al., 2011a) estimating that the contribution of gravity to perfusion 

distribution is only 7-25% in dogs; and fractal analysis showing that both V and Q 

exhibit similar fractal characteristics (Altemeier et al., 2000; Glenny et al., 2000). In 

human studies conducted in sustained micro-gravity, V/Q heterogeneity was found to 

be similar to that under normal gravity (1G) (Prisk, Elliott, et al., 1995) suggesting the 

persistence of a non-gravitational mechanism in maintaining adequate V/Q matching 

for gas exchange. Thus V/Q matching has been suggested to be an innate property of 

the lung as a result of the matching of the branching structure of the airways and blood 

vessels (Glenny et al., 2011b).  

 

Notwithstanding their relative contributions, gravitational and structural mechanisms 

act in combination in the intact lung therefore they are extremely difficult to 

distinguish from each other experimentally. Clark et al. (Clark et al., 2011) showed 

how a structure-based computational analysis can be used to examine the relative 

contributions of multiple mechanisms that co-exist and interact within the lung; in that 

particular example their contributions to Q distribution was considered. This chapter 

takes a similar approach to Clark et al. to isolate the additive contributions of gravity 

from the influence of the matched airway and vascular trees. V/Q matching and gas 

exchange are evaluated in the supine lung (for consistency with imaging) under normal 

and zero gravity, and with or without matched airway and arterial branching trees. 
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3.2. Methods 

3.2.1. Mathematical model 

The model framework illustrated in Figure 2.1 was used to simulate normal lung 

function. A complete geometry of the airway and pulmonary vessels including acinar 

level detail was used in this chapter. This complete lung geometry can provide V, Q 

and gas exchange predictions at a higher resolution than that provided by existing 

experiments. The young male subject introduced in Section 2.2.1 was considered as a 

representative subject from the population, and all subsequent analysis in this chapter 

was conducted on the geometry generated for this subject as described in Section 2.2.2. 

Tissue mechanics, ventilation and perfusion was estimated as per Sections 2.2.3-2.2.5. 

Given that the focus of this chapter was on the contribution of gravitational forces and 

innate lung structure on gas exchange under normal conditions, a time-dependent 

dynamic response was not considered necessary. That is, alveolar concentration and 

lung volumes across breaths was assumed to be stable. Thus, the steady state gas 

transfer model from Section 2.4.1, which is the simplest of the class of gas exchange 

models presented in Chapter 2, was used to predict acinar gas exchange during tidal 

breathing throughout the supine lung. Only O2 transfer was simulated, not CO2. During 

normal lung function under resting conditions, CO2 measures vary less than that of O2, 

and PaCO2 is treated as constant at 40 mmHg. Anatomical shunt was not included in 

the steady state gas transfer model, and needs to be taken into consideration when 

interpreting partial pressures predicted by the transfer model.  

3.2.2. Simulation Protocol 

To separate the effects of lung structure from gravity on overall V/Q matching five sets 

of simulations were conducted. These are described below and summarised in Table 

3.1. Simulation parameters are listed in Table 3.2. Each mechanism that is proposed to 

contribute to V and Q matching was turned ‘off’ and ‘on’ in each simulation, and hence 
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their relative effects were quantified. The tree structures contribute to models M1-M4 

in the list below. The five simulation cases were: 

1. Full model (normal V/Q) (M1): V and Q distributions were simulated for the 

supine lung at FRC in 1G (with gravity), in order to obtain baseline values of V, 

Q and pulmonary gas transfer.  

2. No tissue deformation (M2): Displacement of lung tissue due to gravity was 

neglected, while all other gravitational effects were retained. A linear increase 

in acinar compliance was imposed in the anterior-to-posterior direction for V 

simulation, and the effect of hydrostatic pressure (𝜌𝑏𝑔 cos 𝜃 component for 

arteries and veins, and ‘zonal flow’ for capillary blood) in response to gravity 

was included in the Q simulation.  

3. Deformation only (M3): Hydrostatic pressure effects via the weight of blood, 

and variation in acinar compliance due to the tissue deformation were neglected. 

The model included only the physical movement of lung tissue and embedded 

structures (airways, vessels) due to gravitational displacement (the ‘Slinky’ 

effect), such that there was a gravitational variance in tissue density. 

4. Zero gravity (M4): The full geometric model was solved without tissue 

deformation or any other gravitational mechanisms, to mimic conditions under 

0G (zero gravity). Acinar compliance from Equation 2.6 was assumed to be 

uniform throughout the ventilation model from Section 2.2.4, and blood was 

effectively weightless in the model from Section 2.2.5. 

5. Uniform distribution (M5): The contribution of the geometric structure of the 

airway and blood vessels and gravity were neglected, such that all acini were 

assumed to have the same properties as each other and each acinus received the 

same amount of ventilation and perfusion.  
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Table 3.1: Mechanisms included in each of the five models. Generated results are used for 

comparison of ventilation and perfusion distributions. 

 Deformation 

(Slinky 

effect) 

Gravity 

(weight of blood 

and Pe gradient) 

Structure 

(tree 

resistance) 

M1 (full model) ✓ ✓ ✓ 

M2 (no deformation) x ✓ ✓ 

M3 (deformation only) ✓ x ✓ 

M4 (zero gravity) x x ✓ 

M5 (uniform) x x x 

 

Table 3.2. Simulation parameters used by the model components. All parameters were the 

same throughout the four model scenarios. 

Simulation Parameters Values 

Tissue Mechanics ratio of reference volume to FRC 0.5 

Ventilation breath duration 5.0 s 

tidal volume 0.5 L 

chest wall compliance 0.2 L/cmH2O 

Perfusion venous pressure 666 Pa 

Gas Transfer mixed venous PO2 40 mmHg 

 

All simulations were conducted for the lung supine with FRC of 3.6 L (including 

conducting airway volume of 150 mL), and breath duration of 5 s with 

inspiration:expiration ratio of 1. In each simulation, the cardiac output and total 

alveolar ventilation were set at 5 L/min for a total lung V/Q of 1 (excluding 

deadspace). 

3.2.3. Eliminating the contribution of shared structure 

To further analyse the contribution of shared (airway and arterial) structure to V/Q 

matching, the contribution of shared structure was eliminated by randomly 
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redistributing the acinar ventilations that were predicted by the full model, while 

retaining the gravitational V gradient. To do this, the lung was split into 10 

iso-gravitational sections, each containing approximately 3000 acini. Acinar V values 

for each section were randomly distributed amongst the acini in the section. Acinar Q 

were fixed at the baseline values. The process is shown schematically in Figure 3.1. To 

ensure that reported results were not biased due to sampling, the random assignment of 

V was repeated 300 times.  

   

Figure 3.1. Schematic of ventilation redistribution within an iso-gravitational section. .This 

redistribution served to eliminate the effect of matched airway and arterial structure. Left 

pane: acinar ventilation and perfusion from the baseline model e.g. V1/Q1. Right pane: Acinar 

ventilations are randomly assigned to other acini within the iso-gravitational section (e.g. V1 

assigned to Q5) to give a different V/Q ratio for each acinus. 
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3.2.4. Statistical Analysis 

To enable comparison with published imaging studies, similar post-processing methods 

to Clark et al. (Clark et al., 2011) were employed to perform per-voxel and per-acinus 

analysis of the simulation results. Per-acinus values of V and Q (and acinar gas partial 

pressures) were the direct output of the model. In the per-voxel analysis the lung was 

partitioned into 1 cm3 regions of interest (ROIs) and the flow (either V or Q) was 

summed within the cube and presented as a flow per unit tissue. Reporting in flow per 

unit tissue is more suitable than ‘per acinus’ for comparison with voxel based imaging 

measurements such as MRI, SPECT and microspheres. Per acinus values of V and Q 

(and acinar gas partial pressures) were the direct output of the model. These values are 

more useful for quantifying the relative contribution of hypothesised mechanisms to V, 

Q and V/Q distributions, since physiologically relevant matching of V and Q is at the 

acinar level.  

 

For both types of analysis, V, Q and V/Q (obtained as V divided by Q in each ROI in 

the per voxel analysis) gradients were calculated using linear regression analysis, with 

flow in each ROI (voxel or acinus) regressed against gravitational height. Mean flow 

was calculated as the sum of flow through all ROIs divided by total number of ROIs, 

and was used to normalise the flows.  

 

Heterogeneity of V, Q, and V/Q was quantified using variance of log transformed 

distributions (𝜎𝑖
2, where i=V, Q, or V/Q). Wilson and Beck (T. A. Wilson et al., 1992) 

quantified the relationship between V and Q distributions and V/Q inhomogeneity 

using the variances in V, Q, and V/Q (𝜎𝑉
2, 𝜎𝑄

2, 𝜎𝑉/𝑄
2 , respectively) calculated on a log 

scale, as follows: 

 𝜎𝑉/𝑄
2 = 𝜎𝑉

2+𝜎𝑄
2 − 2𝜌𝜎𝑉𝜎𝑄 (3.1) 

where𝜌 is the coefficient of correlation between V and Q on a log scale. 𝜎𝑉 and 𝜎𝑄 
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are the standard deviations of V and Q, also calculated on the log domain. Reporting 

of variance of log transformed distributions facilitates quantification of the 

contribution of individual mechanisms to variances in V, Q and V/Q distributions. 

 

3.3. Results 

3.3.1. Baseline results from the full model 

The acinar V and Q gradients predicted using the full model (supine, 1G) were 1.1% 

per cm and 6.5% per cm, respectively, and -6.8% per cm for the resulting V/Q gradient. 

Large heterogeneities are predicted for all three distributions with variances estimates 

at , for V, Q and V/Q. Analyzing at the 1 cm3 voxel level increased the gradients (1.48% 

per cm for V, 6.89% per cm for Q) and the variance (𝜎𝑉
2=0.07,𝜎𝑄

2=0.16) for both V and 

Q distributions. Interestingly, the voxel level V/Q gradient remained largely the same 

(-6.7% per cm), while voxel variance decreased compared to acinar V/Q variance. 

These values compare well with values from experiments performed at FRC in human 

subjects of 1.4-3.7% per cm and 3.5-11% per cm for V and Q, respectively (Musch et 

al., 2002; Petersson et al., 2007; Prisk et al., 2007), and for the resulting V/Q gradient 

(Glenny et al., 1999; Glenny et al., 2011a; Petersson et al., 2007, 2009). The acinar 

V/Q distribution in a transverse section through the full model is shown in Figure 3.2A, 

where a clear gravitational gradient is apparent. Highest V/Q is predicted in the 

anterior (non-dependent) region, and considerable iso-gravitational heterogeneity is 

visually apparent.  

 

Figure 3.3A shows a scattergram of normalised voxel V and Q for the full model. This 

figure is comparable to the analysis of microsphere data presented for healthy pigs 

(Altemeier et al., 2000), where the goodness of V/Q matching was evaluated by 

plotting V against Q in 2 cm3 blocks of tissue. Data that fell along the line of isopleth 
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(x=y) was assumed to indicate excellent matching. The model data in the current study 

generally lie along the V-Q isopleth of 1.0, but with considerable variation above and 

below this line.  

 

The oxygen transfer model predicted an P(A-a)O2 for these V and Q distributions of 

5.9 mmHg. The predicted P(A-a)O2 is within the expected normal range of 8.3 mmHg 

(±6.2 1SD) for healthy young adults between 21 to 30 years old (Mellemgaard, 1966)，

but is towards the lower end as anatomical shunt was not included in the gas transfer 

model.  

 

 

Figure 3.2: Ventilation/perfusion distribution in a transverse section of supine lung. Results 

are shown for A) the full model, B) the model with no tissue deformation, C) model with 

only tissue deformation, D) zero gravity. In the full model a clear gradient in V/Q can be 

seen in the direction of gravity, as well as considerable iso-gravitational heterogeneity. The 

gravitational gradient is reduced or zero in the other models. 
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Figure 3.3: Scattergrams of normalised ventilation against perfusion. Analysis was 

performed at 1 cm3 voxels, and accompanying frequency distributions of perfusion (middle) 

and ventilation (right) are also presented.  Results shown for A) the full model, B) the 

model with no tissue deformation, C) only tissue deformation, D) zero gravity and E) 

uniform distribution. 

 



  77 

 

77 
 

3.3.2. Gradients, heterogeneity, and gas exchange in alternate models 

Gradients (in V, Q and V/Q) and variances for each of the four alternate models (i.e. no 

tissue deformation, only tissue deformation, zero gravity and uniform distribution) are 

presented in Table 3.3. The visualisations of acinar V/Q in transverse sections of the 

alternate models in Figures 3.2B-D correspond to the data in Table 3.3. In terms of 

gradients at the acinar level, for the model with no tissue deformation (i.e. with linear 

gradient in tissue compliance, and weight of blood in vessels) the gradients in V and Q 

were 73% and 61% of baseline, respectively. Reintroducing the tissue deformation but 

eliminating the gradient in tissue compliance essentially eliminated the V gradient, 

however the Q gradient persisted at 26% of baseline. For zero gravity model 

simulation, both of the gravitational gradients were eliminated. The variance of V was 

similar to baseline when only tissue deformation was removed, but decreased to 

approximately 20% of baseline when only tissue deformation or structures were 

included in the models. Results for Q were similar: removing tissue deformation 

resulted in a modest reduction of the variances; whereas the other two alternate models 

resulted in an approximate halving of the variance compared with baseline. Analysing 

in 1 cm3 voxels slightly increased both the calculated variance and the gradients in V 

and Q for all simulation cases, but correspondingly decreased the total fraction of 

heterogeneity in both distributions that can be explained by the gravitational gradient 

(R2). For the full model, removal of the gravitational gradient and geometric effect 

(model 5) gave residual heterogeneity of 0.004 for V and 0.08 for Q at the per-voxel 

level. The change in variances and the distribution of these variances in V and Q for 

the four alternate models compared to the full model are shown as histograms in Figure 

3, following the approach of (Melsom et al., 1997).  

 

The correlation between V and Q () was least for the baseline model and the model 

with no tissue deformation;  was almost 1 (indicating perfect correlation) when the 

only mechanisms for V/Q matching were deformation or matched structure. This 

correlation is also represented visually in Figure 3.3 (column 1).  
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Table 3.3. Contribution of different mechanisms to V, Q and V/Q in comparison to full 

baseline model. Results are shown for the gradients (G) calculated as % per cm. Dispersion 

– presented as variance of the log-transformed data – shows the correlation between V and 

Q. 

 V Q V/Q V, Q 

 G R2 𝝈𝑽
𝟐  G R2 𝝈𝑸

𝟐
 G R2 𝝈𝑽/𝑸

𝟐
 ρ 

Full model (M1) 

Voxel 1.48 .04 .072 6.89 .391 .161 -6.65 .748 .054 .72 

Acinus 1.05 .464 .005 6.55 .470 .116 -6.75 .391 .088 .52 

No tissue deformation (M2) 

Voxel .864 .014 .070 6.17 .416 .156 -5.76 .827 .065 .62 

Acinus .820 .599 .004 6.15 .519 .114 -5.79 .480 .097 .50 

Deformation only (M3) 

Voxel .313 .001 .068 .360 .002 .086 -.275 .013 .007 .98 

Acinus .265 .148 .002 .138 .005 .044 -.285 .002 .045 .05 

Zero gravity (M4) 

Voxel .317 .002 .068 .328 .002 .086 -.408 .02 .004 .99 

Acinus .265 .148 .002 .136 .005 .044 -.431 .004 .045 .04 

Uniform distribution (M5) 

Voxel .440 .004 .068 .440 .004 .068 0 .004 0 1 

Acinus 0 1 0 0 1 0 0 1 0 1 

 

 

 

 



  79 

 

79 
 

 

Table 3.4. Alveolar and arterial oxygen partial pressures calculated using a steady state oxygen 

transfer model. Pressures calculated are spatially and temporally averaged pressures for the 

whole lung. 

  PAO(mmHg) PaO2 (mmHg) P(A-a)O2(mmHg) 

M1 Full model 92.5 87.6 5.2 

M2 No tissue deformation 92.8 86.5 6.3 

M3 Deformation only 93.2 91.6 1.5 

M4 Zero gravity 93.1 92.2 0.9 

M5 Uniform distribution 93.0 93.0 0 

 

 

 

Figure 3.4: Effect of iso-gravitational ventilation resdistribution on V/Q. A) Comparison of per 

slice correlation between normalised ventilation and perfusion in the direction of gravity for 

the full model, with an iso-gravitationally non-matching structure. The model with acinar V 

and Q distributions that were dependent on matching airway and arterial structures resulted in 

greater correlation of V and Q (per section) than when V was randomly redistributed within 

sections. B) Acinar V/Q distribution for the baseline model comparing with a representative 

case of new V/Q from redistributed V.  

 



80   

 

 
 

Predictions of P(A-a)O2 for each of the four model simulations are shown in Table 3.4. 

The model with only deformation and the model with matched structure gave the two 

lowest predictions of P(A-a)O2. The excellent gas exchange values predicted are in line 

with both reduced variance for V and Q distributions and the tighter correlations 

between V and Q reported in Table 3.3. Inclusion of gravitational forces into model 

simulations increased model-predicted P(A-a)O2.  

3.3.3. Eliminating structure 

For 300 randomised reassignments of acinar V, the overall V and Q remained well 

correlated with a value of 0.49 (SD ±0.023); that is, only a minor decrease in overall 

correlation compared to the baseline simulation value of 0.52. The average correlation 

between acinar V and Q for each iso-gravitational section is shown in Figure 3.4A. For 

the baseline (full model) condition, correlation within the sections ranged between 

0.04-0.12. After the randomised acinar V assignment to units, the correlation for each 

section decreased to between 0.02-0.03. This poorer correlation was accompanied by a 

slight increase in overall variance of V/Q by 1.6% compared to the baseline value. A 

scatterplot of baseline acinar V/Q plotted against its corresponding new V/Q for one 

representative case of randomised V assignment is shown in Figure 3.4B. V/Q 

generally falls along the isopleth (x=y), with scattered deviations giving the slight 

increase in variance. After the randomised V assignments, the P(A-a)O2 decreased very 

slightly by an average of 0.23 mmHg (one sample t-test, p< 0.0001) compared to the 

baseline condition. 

 

3.4. Discussion 

A major aim of this chapter was to use the integrated modelling framework presented 

in Chapter 2 with an appropriately selected gas exchange model, to investigate and 

elucidate the key contributors to ventilation perfusion matching, which is important to 

efficient gas exchange in normal human lungs. To the best of knowledge, this study 
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ultising the multi-scale modelling framework is the first study capable of predicting 

complete spatial mapping of acinar V/Q, including a coupling to lung tissue mechanics. 

Model estimation of O2 transfer links the contribution of V and Q distributions and 

various hypothesised mechanisms to gas exchange efficiency of lung tissue mechanics. 

The ‘leave-one-out’ approach was adopted here to exploit the advantage of in-silico 

models to systematically analyse the contribution of each factor. Under normal resting 

and simulated zero-gravity conditions in the supine position, model prediction of V, Q 

and O2 partial pressures using this multi-scale model are consistent with experimental 

observations and physiological measurements. The current analysis of the 

contributions of gravity and branching structure supports previous experimental 

findings that the gravitational gradient is the predominant mechanism that determines 

V to Q matching in healthy human lungs under normal gravitational loading. The 

‘matched’ structures of the airway and arterial vessels is shown to also contribute to 

V/Q matching, however in the relatively large adult human lung this is a minor effect 

in comparison to the effects of gravity. 

3.4.1. Physiological consistency of the model 

Individual components of this multi-scale model have been validated in previous 

studies, for different subjects in various postures (Clark et al., 2011; Swan et al., 2012; 

M. H. Tawhai et al., 2009). Simulations of V and Q distributions compare well against 

the literature, although a wide range of published V and Q gradients and variances are 

found due to inter-subject variability (e.g. of subject height, age, total ventilation and 

cardiac output), experimental methods (posture, level of lung inflation, imaging or 

microsphere) and analysis techniques (such as density normalisation, image resolution, 

edge or large vessel exclusion). The relative contribution of each factor (given in Table 

3.3) to baseline gradients and variance is consistent with values given in Swan et al. 

(Swan et al., 2012) for V and Clark et al. (Clark et al., 2011) for Q.  

Both the gradient and the variance for V and Q distributions in the baseline model were 
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increased when using per voxel analysis compared with per acinus results (Table 3.3). 

Image resolution is known to affect these scale-dependent measures. One reason is due 

to an uneven number of acini distributed within voxels which introduces additional 

heterogeneity on top of the actual underlying distribution. Analysis at acinus and 1 cm3 

voxel resolution in the model with uniform distributions of V and Q (M5) showed that 

voxel sampling gave a 0.067 increase in variance, and a gradient of -0.44%/cm (Table 

3); both of these are artifacts of the voxel sampling. The commonality of the source of 

this additional heterogeneity enhances the correlation between per voxel V and Q 

distributions in the full model. Although individual V and Q variances increased in the 

per voxel analysis, the elevated correlation resulted in a reduction in V/Q variance 

compared to the more physiologically relevant per acinus estimate. The correlation 

coefficient for acinar V and Q at baseline (0.52) is lower than the 0.76±0.08 estimated 

from expired gas measurements in resting and exercising humans (Beck et al., 2012). 

Although the exact resolution was not clear in this experimental study, the estimated ρ 

is more comparable with our per voxel estimate.  

 

Estimated ρ from the model at acinar and voxel resolutions are lower than microsphere 

estimates obtained from pig (Altemeier et al., 2004), and in awake goats (Melsom et al., 

1997). However, we do not expect the model results to be directly comparable with 

these data from microsphere studies for several reasons. Post-processing that is 

required for imaging and microsphere studies may add additional correlated 

heterogeneity that is not represented by the models used here. Examples of this include 

blurring in imaging, and for microsphere analysis includes inflation to total lung 

capacity ex vivo, dilution during fluorescence extraction, the contribution of 

space-occupying structures (airways and vessels) to the analysis, and correlation that 

might be introduced to V and Q by normalising by piece weight (Robertson et al., 

2007). Another important note is that quadruped animals may also experience a 

different relative contribution of mechanisms, as they are of different size (size of 

gravitational impact), and have more asymmetric airway and blood vessel structure 

than humans (Glenny et al., 2013; Glenny et al., 1999; Hlastala et al., 1996). 
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3.4.2. Gravitational influences on ventilation-perfusion matching 

The matching structure of airways and blood vessels means that the tissue surrounding 

them and the tissue that they supply experiences a common gravitational influence; this 

is expressed in the model through a gravitationally-dependent acinar compliance 

distribution (acting on V) and hydrostatic effects (acting on Q). Thus, despite the large 

increase in the variances of V and Q with the introduction of a gravitational gradient 

(92% of baseline V, and 89% of baseline Q), the common topographical gradient (73% 

of baseline V gradient, and 61% of baseline Q gradient) of the two distributions means 

areas of high V (via more compliant acinar units at gravitationally dependent region) 

are associated with high Q (via higher transpulmonary pressure and lower capillary 

resistance). The more dense blood experiences compound gravitational effects, of 

tissue deformation and the hydrostatic pressure gradient, and therefore Q has a larger 

magnitude gravitational gradient (-7.8%/cm) than V (-1.1%/cm), which only 

experiences tissue deformation (Prisk, 2005). Since the gradients are able to explain a 

significant proportion of the variance in acinar V and Q (R2=0.464 for V and R2=0.470 

for Q), this shared gravitational gradient provides a considerable degree of matching 

between the two distributions, to reduce the influence of gravity-induced variation in V 

and Q on the resulting acinar V/Q variance. This finding is consistent with that of Prisk 

et al. (Prisk, 2014), who reasoned that gravity imposes common effects on both 

ventilation and perfusion, serving to maintain high gas exchange efficiency.  

 

Gravity-induced tissue deformation also results in a tissue density gradient, with more 

acini per unit volume (per voxel) on average in the gravitationally dependent tissue. 

The effect of gravity-induced tissue deformation was assessed in M2 (Table 3.3). There 

is a slight increase in the V and Q gradient and variance at the per voxel level 

compared to the 0G case (M4), which represents contribution to a systematic sampling 

artifact in the observed per voxel measurements that is not present in the actual acinar 

distributions. This is consistent with the effect of lung density on perfusion 

measurements from Hopkins et al. (Hopkins et al., 2007). 
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3.4.3. Comparison of the 0G model with the lung in microgravity 

Zero gravity (0G) was simulated by assuming uniform acinar volume and weightless 

blood. This is comparable to the lung under µG. Simulation parameters were set the 

same as at baseline, which was justified by recordings in µG that found no significant 

difference in FRC or respiratory drive, and constant alveolar ventilation between µG 

and 1G (Elliott et al., 1994).  

 

No direct measurement of V, Q or V/Q ratio is available for humans under µG 

conditions (however this data is available for pig (Glenny et al., 2000); qualitative 

comparisons between 1G and µG are drawn from indirect measures such as N2 and CO2 

single and multiple breath washouts. As expected, removal of gravity from the model 

completely abolished both V and Q gradients. This is consistent with the observation of 

a lack of terminal fall in the CO2 expirogram (which is a marker for a topographical 

gradient) in µG (Prisk, Guy, et al., 1995; Prisk et al., 1994). There was a corresponding 

decrease in acinar variance of both V and Q, although the heterogeneity for Q 

remained much larger than V because upstream resistance (due to anatomical 

branching) plays a more important role in determining Q (Clark et al., 2011) for the 

more viscous blood than for air.  

 

The reductions in gradient and variance in 0G suggest that V and Q are more uniformly 

distributed within the lung in this case compared with the cases that included gravity. 

The matched geometries of the airways and vasculature provides correlation in the 

distributions of airway and vascular resistances that are the predominant contributors to 

V and Q variance under the assumption of uniform tissue compliance (for V) and 

hydrostatic pressure (for Q) for the 0G simulation. This, taken together with the more 

uniform distribution of individual V and Q distributions, greatly reduced the resulting 

V/Q variance in 0G, and is reflected in the very small P(A-a)O2 prediction seen in 

Table 4.  

 



  85 

 

85 
 

The maintenance of gas exchange in 0G is consistent with findings of unchanged VO2, 

VCO2 and respiratory quotient observed in astronauts in space (Prisk, Elliott, et al., 

1995). Prisk et al. (Prisk, 2005) observed cardiogenic oscillation in the CO2 

expirogram in µG, and concluded that there is persistent inhomogeneity in the V/Q 

distribution in the µG lung similar to that seen in 1G. While the present model predicts 

heterogeneity in V/Q distribution under the 0G case, it is much smaller than the 

baseline prediction. There are a number of possible explanations for this discrepancy. 

One is that the cardiogenic oscillation detected during expiration is partly contributed 

to by a concentration gradient along the acinar airways, which would persist even in 

the presence of more evenly distributed V and Q (Paiva et al., 1982). An alternative 

reason may be because under 0G, the relatively simple tissue deformation model 

predicts uniform expansion of the lung from a zero-stress reference state. In µG, 

changes such as displacement of the abdominal contents, and shoulder girdle weight 

can place the lung and inspiratory muscles in a different configuration than in 1G 

(Elliott et al., 1994), which adds to the subject’s inherent (but unknown) variation in 

lung tissue compliance. 

3.4.4. The combined effect of gravity and structure 

If the matched airway and arterial trees were assumed to be open-ended conduits (no 

downstream resistance or compliance), then the distributions of V and Q would be far 

more similar than for the 0G model. That is, adopting conditions for zero gravity does 

not reduce the model to ‘structure only’ because V is still dominated by acinus 

compliance, and arterial Q is strongly influenced by downstream resistances. Therefore, 

to probe the contribution of matched structure to the V and Q distributions, we used a 

reassignment of acinar V within iso-gravitational planes in the model, to disrupt the 

effect of geometric matching structure (which manifests through the acini’s 

proportional upstream airway and vessel resistance).  

 

The model predicted lower correlation between V and Q at all iso-gravitational planes 
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as a result of this (Figure 3.4A). This observation of lowering V and Q correlation 

following V reassignment supports Glenny et al.’s hypothesis that the 

anatomically-matched structure of airway and blood vessels is a mechanism that can 

contribute to matching of regional V and Q (Glenny, 2011), since any deviation from 

the ‘ideal’ matched structure (which we simulated in 300 different combinations) 

resulted in a decrease in correlation of V and Q within iso-gravitational planes, and 

resulted in a slight widening of the V/Q ratio as shown by the increase in variance. 

This is presumably due the fractal characteristics of V (Altemeier et al., 2000) and Q 

(Glenny et al., 1990), where asymmetric flow as a result of branch asymmetry 

(Altemeier et al., 2000) is no longer mirrored due to the disruption of local mirroring of 

the airway and vessel tree. However, overall V and Q correlation for the whole lung 

only suffered a minor reduction and can still be regarded as well-matched with a 

correlation value of 0.49 compared to the baseline case. In the normal lung, the innate 

vascular geometry is the largest contributor to Q heterogeneity. The effect of gravity 

through the ‘Slinky’ effect and the heterogeneous transmission of hydrostatic pressure, 

while adding more heterogeneity also imposes some order to V and Q in the form of a 

gravitational gradient. During normal breathing, V distribution is known to be 

dominated by tissue compliance ( Milic-Emili et al., 1966), which is influenced by the 

gravitationally induced transmission of pleural pressure that affects local tissue 

expansion (Tawhai et al., 2009). A recent modelling study of ventilation distribution in 

a healthy lung showed that in the presence of non-uniform acinar compliance, V was 

well correlated with acinar compliance but not airway resistance (Swan et al., 2012). 

Thus, in the presence of a common gravitational gradient, airway resistance plays a 

relatively minor role in determining V distribution. This relationship may change in 

disease, especially for obstructive diseases such as asthma, where peripheral airway 

resistance is shown to contribute significantly to local ventilation distribution 

(Wongviriyawong et al., 2013) and in turn alter its contribution to V/Q variance. 

However, for normal breathing in healthy subjects that is of interest here, the effect of 

the disruption of local matching in airway and vascular geometry on V/Q heterogeneity 

is relatively minor in comparison to the contribution provided through the common 
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driver for the V and Q gradients. This can be put in terms of the Wilson and Beck 

equation (Eqn. 1) which relates dispersion in V and Q to that of V/Q. While acinar 𝜎𝑣
2 

and 𝜎𝑞
2 are constant, the slight reduction in 𝜌 only resulted in a slight widening of 

𝜎𝑣/𝑞
2 , which can be considered a global index of gas exchange efficiency. This is 

reflected in the very slight decrease in steady-state PaO2 predicted by the O2 transfer 

model compared to baseline: gas exchange efficiency is maintained, and implies a 

robust construction of the lungs with a built-in safety factor, such that small-scale 

disruption does not result in great reduction in gas exchange efficiency.  

 

The simulation cases considered in this study assumed that the lung was supine. This 

posture was chosen to allow comparison to supine imaging. The same model can be 

used to explore V/Q matching in prone or upright, as has been done in previous studies 

(Clark et al., 2011; Swan et al., 2011; Tawhai et al., 2009). Change of posture simply 

requires a change in the gravity vector that is a component of the tissue mechanics and 

perfusion models, and change of lung volume associated with the change in posture. 

3.4.5. Limitations 

While interpreting and applying the findings of this chapter, it should be noted that the 

analysis focused on passive V/Q matching mechanisms in normal adult lungs. For the 

fully developed adult lungs, which is of primary interest in this thesis, the relatively 

large sizes of the lung structure makes it susceptible to influence by gravitational 

forces. This passive V/Q matching relationship may be different in children (when the 

lungs are not yet fully developed) (Bhuyan et al., 1989) and small animals such as rats 

(Glenny et al., 2013). Given the small size of their lungs, the effect of gravity may be 

reduced, and contribution of the innate structure of the lungs may play a larger role in 

contributing to heterogeneous V/Q distribution, as well as V/Q matching.  

 

In addition, several assumptions have been made in this chapter that warrant further 

discussion here. First, a simplified cuboidal geometry with non-linear tissue properties 
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was used to simulate soft tissue mechanics instead of the more realistic curvilinear lung 

shaped geometry derived from volumetric fitting of MDCT data that has been use in 

previous studies (Tawhai et al., 2009). A simplified cuboidal geometry predicts similar 

tissue density gradients to a curvilinear geometry, however it removes some 

heterogeneity in pleural pressure and initial acinar volume at FRC at the 

iso-gravitational level. This allows the effect of airway and blood vessel structure 

versus gravity to be more visible. The removal of these additional iso-gravitational 

heterogeneities means that the overall extent of variation observed in V and Q 

distributions appears slightly smaller than reported in some of the literature. Because 

the cuboidal lung was assumed to have the same nonlinear elastic material properties 

as the actual lung, compression at the most gravitationally dependent region is still 

observed.  

 

Second, the vascular structures used to simulate perfusion distribution did not derive 

from MDCT images, but were assumed to be mirror images of the conducting airway 

tree. This approach is considered a reasonable assumption as morphometric studies 

have shown pulmonary vasculature to follow and branch in union with the airway tree 

until the respiratory bronchiole (Hsia et al., 2016), below which a lumped parameter 

model was assumed. This assumption will only emphasise the contribution of a 

matching structure on V/Q matching.  

 

Third, the effect of V/Q on gas exchange was estimated using an ‘O2 transfer model’ 

rather than by solution of a system of gas transport equations. The transfer model 

subtracts the anatomical deadspace from the tidal volume to calculate alveolar 

ventilation, but its assumption of steady state in each V/Q unit neglects the mixing that 

occurs in the deadspace that is proximal to different V/Q units, hence this model might 

underestimate the effective ‘homogenisation’ of alveolar gas.  

 

Fourth, conclusions drawn from this study are based on analysis from a single healthy 

young male and therefore includes features specific to this subject such as the extent of 

tissue deformation. However, as the current study is focused on studying the trend in 
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relative contribution of various mechanisms, the findings are expected to be population 

size invariant.
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Chapter 4  

Simulating MIGET and SVI 

 

Chapter 2 described how a modified gas exchange model was developed in order to 

efficiently predict gas partial pressures of O2 and CO2 in the normal lung in a close to 

real-time fashion, while retaining the effect of the overall structural heterogeneity. 

However, due to the optimisations made in the model in exchange for computational 

efficiency, the model was limited in its ability to capture the changes in regional lung 

function due to heterogeneity, which are important for some studies (e.g. small airway 

constriction). The main purpose of this chapter is to validate the model framework in 

its ability to predict gas exchange by reproducing two experimental protocols that 

measure lung function. Once the model is validated, a series of in silico analyses are 

performed to further test the underlying assumption of the protocols themselves.   

  

In this chapter, the gas exchange model is used to simulate two well-established 

experimental protocols: 1) the Multiple Inert Gas Elimination Technique (MIGET) - 

this is the gold standard for measuring global lung ventilation-perfusion distribution, 

but it lacks spatial information (J. Roca et al., 1994); and 2) Specific Ventilation 

Imaging (SVI) using proton MRI, an novel MRI method that allows characterisation of 

regional ventilation at high spatial resolution (Sa et al., 2010). Simulations of the 

MIGET protocol are aimed to validate the ability of the model in predicting global 

lung function, while simulations of the second SVI protocol are targeted at reproducing 

regional variations in lung function. Furthermore, a unique advantage of the in silico 

model is demonstrated through a detailed analysis of underlying assumptions made in 

the SVI protocol. This analysis is critical as the validity of assumptions made in the 

experiment often dictates the ability of the measurements to truly represent lung 

function. Through using the gas exchange model to analyse assumptions made during 
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the SVI protocol in a systematic manner, this chapter aims to potentially inform and 

improve the experiments.  

 

The aim of this chapter is two-fold: 

1. To assess the validity of the model components by reproducing the global (MIGET) 

and regional (SVI) protocols.  

2. To demonstrate the ability of the model in facilitating assessment of underlying 

physiological assumptions made in SVI. 

 

4.1. Background 

4.1.1. Multiple Inert Gas Elimination Technique (MIGET) 

The MIGET was originally developed in the 1970s. MIGET allows for the estimation 

of underlying lung physiology in terms of the ventilation and perfusion distribution, by 

using observed physiological signals (at the whole lung level) of expired gas partial 

pressures (Hahn et al., 2003). Compared to the simple three-compartment concept 

(dead-space, shunt and ideal lung) proposed by Riley and Cournand (Riley et al., 1949), 

which is unable to describe lung abnormalities, MIGET estimates a continuous V/Q 

distribution by fitting the retention (R) and excretion (E) of six inert gases to 50 

parallel lung units in a mathematical lung model. While the selection of inert gases 

may vary slightly between studies, the conventional choices are Sulphur hexafluoride 

(SF6), Ethane (C4H6), Cyclopropane (C3H6), Diethyl Ether ((C2H5)2O), Enflurane 

(C3H2ClF5O), and Acetone ((CH2)2CO) (Wagner, Saltzman, et al., 1974). MIGET has 

been used widely in numerous experiments and clinical applications, with a specific 

focus on uncovering the underlying V/Q relationship in disease, such as asthma, acute 

respiratory failure [3], during anaesthesia (Hedenstierna, 1995), and chronic pulmonary 

disease (COPD and pulmonary fibrosis) (Agusti et al., 1994). In addition, this method 

has also been used to facilitate understanding of the impact from extra-pulmonary 
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factors on gas exchange in abnormal lungs (Powell et al., 1985).   

 

Physiological principle of MIGET 

Instead of directly measuring the distribution of respiratory gases (O2 and CO2), 

MIGET relies on the transport behaviour of foreign inert gases introduced to the body, 

and then mathematically constrains the ventilation and perfusion distributions to fit 

within 50 parallel lung V/Q units. The principle of MIGET is an extension of the 

findings made by Farhi (Farhi, 1967), which outlines a quantitative relationship 

between the solubility of inert gases, V/Q distribution, and the ability of the unit to 

exchange the inert gases. For a foreign inert gas introduced to the venous blood, the 

steady state condition for gas exchange between pulmonary capillary blood, alveoli 

and atmosphere (Wagner, 2008) can be represented using a mass balance equation as: 

 

 𝑃𝑐
′𝑃𝐴 = 𝑃𝑣×

𝜆𝑠

𝜆𝑠 +
�̇�𝐴
𝑄

, 
(4.2a) 

 

where 𝑃𝑐
′ , 𝑃𝐴  and 𝑃𝑣 are the end capillary, alveolar and mixed venous partial 

pressures of the inert gas, respectively, �̇�𝐴 and 𝑄 the respective alveolar ventilation 

and perfusion to the compartment in units of mm3/s, 𝜆𝑠 represents solubility of the gas, 

defined as the blood-gas partition coefficient, which is the ratio of concentration in the 

blood to concentration of gas in the air that is in contact with that blood.  

 

If excretion of gas from blood (E) is defined as 𝑃𝑐
′/𝑃𝑣 and retention of gas in blood (R) 

is defined as 𝑃𝐴 /𝑃𝑣, then Equation 4.1 can be rearranged as: 

 

 

 

𝑅 = 𝐸 =
𝜆𝑠

𝜆𝑠 +
�̇�𝐴
𝑄

. 
(4.2b) 

 

Based on Equation 4.2, R and E of an inert gas are only dependent on the solubility of 

gas and �̇�𝐴/𝑄, as illustrated in Figure 4.1. The relationship between retention-solubility 
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and excretion-solubility varies with the V/Q of the region. Retention decreases with 

increased V/Q, but it is also dependent on the solubility of the gas. For instance, a gas 

with low partition coefficient is fully retained within the blood at small V/Q and fully 

excreted at a slightly higher V/Q, and it is therefore sensitive to changes within this 

V/Q range. By using six inert gases with widely varying partition coefficients (ranging 

from 0.005 for SF6 and 300 for (CH3)2CO), the retention and excretion data that are 

measured can be used to estimate the distributions of a large range of V/Q within the 

lung (from 0.05 to 100) (J. Roca et al., 1994).  

 

 

 

Figure 4.1: Retention and Excretion vs solubility curves. A) Retention and B) Excretion of 

inert gas plotted against V/Q, for partition coefficients 𝜆𝑠 ranging from 0.01-100. R and 

E are calculated directly from Equation 4.2. Each line indicates the differing behaviour of a 

gas for its partition coefficient. 

 

 

The MIGET protocol 

In the experimental component of MIGET, the six inert gases are first equilibrated with 

one litre (L) of saline. Upon equilibration, the solution mixture is infused through the 

peripheral superficial vein of the subject’s forearm at a constant rate. A period of 30 

minutes of continuous infusion is required in order to achieve a steady-state condition 

to allow commencement of the sampling procedure. While maintaining stable and 
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quiet breathing, arterial and venous samples are drawn slowly over a period of 30 

seconds, while mixed expired gas sample is also collected from the mouth at the same 

time. Gas chromatography is then used to determine inert gas concentration from the 

expired gas samples (Wagner, Naumann, et al., 1974). The inert gases in arterial and 

venous blood samples are extracted by equilibrating with N2 before entering into the 

chromatograph. Measured chromatographic peak from the arterial and the venous 

blood samples, partition coefficient, and blood volume are used to estimate Pv and Pa 

for each inert gas through the principle of conservation of mass. Finally, retention and 

excretion are calculated based on the estimated Pv and Pa using Equation 4.2.  

 

In the mathematical component of MIGET, the six pairs of data (R and E for each inert 

gas), partition coefficient for each gas, total ventilation, and estimated cardiac output 

are used as inputs to a least squares best fit regression (LSBF) algorithm with enforced 

smoothing (Wagner, Saltzman, et al., 1974). The fitting algorithm considers the lung as 

50 parallel compartments each with its own V/Q. Ventilation and perfusion within each 

unit is continuously perturbed to estimate global inert gas R and E, respectively, 

according to Equation 4.2. The continuous distribution of V and Q that minimises error 

between estimated and measured R and E values gives the V/Q distribution for the 

lung. A more detailed description of this mathematical inversion process is described in 

Section 4.2.1. 

 

What can simulation of MIGET offer? 

Given its invasive nature and technical complexity, MIGET has not gained widespread 

use outside of academic laboratories (Baumgardner et al., 2016), while new imaging 

methods such as PET (Musch et al., 2005), SPECT (Nyren, Radell, Lindahl, et al., 

2010; Nyren, Radell, Mure, et al., 2010), and EIT (Borges et al., 2012) have been 

developed in recent years to allow high resolution V/Q visualisation. However, MIGET 

has remained as the ‘gold standard’ technique against which all experiments are 

validated. More importantly, the unique ability of MIGET to extrapolate V/Q 

distribution from externally measured indices (R and E data) makes it an ideal 
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experiment to validate the gas exchange model.  

 

The simulation of MIGET proposes to use the gas exchange model framework 

(Chapter 2) to ‘substitute’ the real lung in the experimental component of MIGET 

(described in Section 4.2.1). The gas exchange model predicted values for retention 

and excretion for the gases are passed to the mathematical component (described in 

Section 4.2.2) to estimate the V/Q distribution of the in-silico lung. This estimated V/Q 

distribution can be compared with actual distribution in the in-silico lung. The validity 

of the MIGET protocol has been studied in previous theoretical analyses of the 

technique (Evans et al., 1977; J. Roca et al., 1994; Wagner, Saltzman, et al., 1974; J. P. 

Whiteley et al., 1998). A key determinant of the success of the in-silico MIGET then 

rests on the physiologically consistent behaviour of the gas exchange model framework. 

Therefore, the successful recovery of the V/Q distribution of the model lung through 

the in-silico MIGET acts as a cross-validation exercise for both the model framework 

and MIGET.  

4.1.2. Specific ventilation imaging with pMRI 

Oxygen enhanced Proton Magnetic Resonance Imaging (pMRI) is a reasonably new 

technique that can provide high resolution spatial visualisation of regional ventilation. 

It provides higher temporal and spatial resolution compared to nuclear techniques and 

does not require inhalation of a radioactive substance (such as Kr-81m or Xe-133 

(Rosen et al., 1985; Slosman et al., 1986)) or expensive noble gases (such as 

hyperpolarised He (Saam et al., 2000)). Recently, pMRI has attracted intense clinical 

attention for its ability to evaluate regional ventilation and oxygen transfer, and 

moreover for its ability to identify ventilation defects (Ohno, Chen, et al., 2001) such 

as in pulmonary emphysema (Ohno et al., 2002), cystic fibrosis (Jakob et al., 2004), 

and lung cancer (Ohno et al., 2005; Ohno, Hatabu, et al., 2001).  
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Physiological principle of oxygen-enhanced pMRI 

Oxygen enhanced pMRI uses molecular oxygen (which has two unpaired electrons and 

is weakly paramagnetic) as the contrast agent (Edelman et al., 1996; Runge et al., 1983; 

Young et al., 1981). When in solution, O2 modulates the MRI signal in blood and other 

fluids by producing a shortening of the spin lattice relaxation time (longitudinal T1 

relaxation time), quantified at approximately 9% of the reduction in T1 time of the 

lung during oxygen inhalation (Edelman et al., 1996). Although de-oxyhemoglobin is 

also paramagnetic, its predominant effect is in reduction of T2, instead of T1 time 

(Thulborn et al., 1982).  

 

Upon inhalation of pure oxygen (100% O2), the concentration of oxygen dissolved in 

the arterial blood increases up to five times (Tadamura et al., 1997), significantly 

increasing the MRI signal intensity in an appropriately timed inversion recovery image. 

Thus, following a step change in inspired O2 fractions (FIO2), signal intensity also 

rapidly changes in proportion to change in T1 time, as a result of change in O2 

dissolved in the blood and surrounding lung parenchyma (Loffler et al., 2000). Regions 

with higher signal intensity contain higher concentration of dissolved oxygen, which 

also implies that there is a relatively higher concentration of oxygen on the air side. 

Thus, information derived from oxygen-enhanced pMRI can provide ventilation and 

respiration related information, serving as a proxy for functional evaluation of regional 

ventilation, as well as gas exchange processes such as conditions of oxygen delivery 

and O2 solubility within the lung (Ohno et al., 2007). However, until recently, pMRI 

assessment of regional ventilation tended to be qualitative, and quantitative 

measurement was not possible.  

 

SVI imaging with pMRI 

Based on the linear relationship assumed between the inverse of T1 relaxation time of 

O2 enhanced pMRI and PaO2 (Hatabu et al., 2001), Sa and colleagues have recently 

developed a novel method that can estimate regional ventilation, quantified as specific 

ventilation (SV) (Sa et al., 2010). SV provides a measure of how efficiently a region is 
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being ventilated, and is defined as the ratio between the volume of new gas entering a 

region (�̇�𝐴)divided by the initial end-expiratory volume (SV = �̇�𝐴/𝑉0) (Miller et al., 

2014). After a sudden change in FIO2, units that receive varying amounts of specific 

ventilation will reach new equilibrium values (from 21% O2 to 100% O2) depending on 

the relative amount of ventilation each unit receives. Units that receive more 

ventilation (higher SV) will equilibrate faster than units that receive less ventilation. 

Since higher SV units will receive more fresh gas on the air side (faster increase in 

alveolar partial pressure), this means a faster equilibration of PaO2 on the blood side. 

Rate of equilibration of the MRI signal is reflective of SV, because MRI signal is 

altered by the change in T1 time, which depends on the O2 dissolved in solution as a 

function of PaO2.    

 

The SVI protocol takes approximately 18 minutes, and follows the conventional pMRI 

design. Subjects are placed in the supine position, and breathe spontaneously with 

alternating blocks of 20 breaths of room air (21% O2) and 20 breaths of pure oxygen 

(100% O2), with the cycle repeated five times. An additional block of 20 breaths of 

pure oxygen is added at the end of the last cycle, giving a total of 220 breaths. Each 

breath is gated to five seconds per breath (12 breaths per minute), with a one second 

breath hold at the end of each breath to allow for pMR imaging. In order to avoid 

cardiac induced motion artefact, a single 15 mm thick mid-sagittal slice of the right 

lung is taken as the area of interest (ROI) for imaging. Images have an in-plane 

resolution of 1.6×1.6 mm2. Thus, the imaging protocol produces a series of 220 

images with a voxel resolution of 38.4 mm3. Conversion of the MRI signal time series 

to SV measurement is conducted on a per-voxel basis.  

An equation that describes the [O2] response of a unit to changes in FIO2 has been 

formulated to convert the rate of equilibration of MRI signal to SV (Sa et al., 2014). 

Given an arbitrary ventilatory unit with an initial volume of V0 and concentration of C0 

that receives a ventilation of �̇�𝐴, the profile of concentration changes in the unit (rising 

to equilibrium) is modelled during the SVI protocol as: 
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𝑐𝑛 =

1

1 + 𝑆𝑉
𝑐𝑛−1 +

𝑆𝑉

1 + 𝑆𝑉
𝑐𝑛
𝑖𝑛𝑠𝑝, (4.3) 

 

where concentration at the current breath (𝑐𝑛) is the weighted sum of O2 concentration 

from the previous breath (𝑐𝑛−1) and fresh O2 concentration entering with each breath 

n (𝑐𝑛
𝑖𝑛𝑠𝑝) over the volume of unit at the end of breath n (Sa et al., 2010). 

 

A family of curves describing the unique time course response to change in FIO2 can be 

generated for units with different SV using Equation 4.3. MRI signal for each voxel 

within the ROI of the lung is correlated with each of the curves that are generated for 

different SVs to estimate the local SV of that voxel. A typical SV map obtained after 

this conversion process is shown in Figure 4.2. An advantage of this approach is that 

only the rate of equilibration in the response of altered FIO2 is used to estimate SV, 

which is independent of steady state conditions such as V/Q (Sa et al., 2010).  

 

What can simulations of SVI offer? 

The pMR imaging technique utilises the assumption of a linear relationship between 

alveolar side oxygenation and MRI signal intensity, to inform the estimation of 

regional ventilation (Hatabu et al., 2001). The spatial information and relative 

simplicity of the FIO2 protocol of pMRI makes it an ideal experiment to validate the 

gas exchange model developed in Chapter 2. A comparable recovery of specific 

ventilation from a signal sequence generated using a model-predicted pulmonary 

oxygen concentration (output of the gas exchange model) under the SVI protocol 

would provide a quantitative validation of the computational modelling framework. 
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Figure 4.2: Typical SV map for a single slice of the right lung obtained from a MRI 

experiment. Normalisation was performed such that the scale was reset to 0-1. Adapted from 

Figure 1A in Sa et al. (Sa et al., 2014). 

 

Moreover, similar to other experimental techniques, a number of assumptions have 

been made in the SVI protocol. The ability of SVI derived measures to represent lung 

function rests on the validity of these three assumptions: first, given the SVI technique 

is limited to only a single lung slice, the SVI from the imaged ROI is assumed to be 

representative of whole lung SV; second, O2 dissolved within the pulmonary veins is 

considered to not significantly contribute to the MRI signal; third, subjects are assumed 

to reach a constant and reproducible FRC at each of the 220 breaths in the protocol 

during imaging, and image registration is not considered necessary. Once validated, the 

anatomically-based computational model used in this thesis can be used to conduct an 

in-silico examination of these underlying physiological assumptions, and to assess and 

quantify the impacts these assumptions may have on SVI- derived measures in the 

healthy lung. 

4.1.3. Summary  

Even today, MIGET still remains as the gold standard for measuring V/Q distributions 

using only R and E data, although it cannot provide spatial distribution on the V/Q. 
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SVI uses [O2] similar to that of a contrast agent to provide high resolution visualisation 

of SV distribution, but it has not been validated in terms of the spatial distribution. One 

of the advantages of the computational framework presented in Chapter 2 is that both 

SV and V/Q distribution are known inputs to the gas exchange model (Section 2.2.6), 

and thus can be taken as the ‘ground truth’. Gas exchange model simulations can 

predict R and E, which is the input of MIGET, and [O2], which is the input of the SVI 

protocol. Successful recovery of the ‘ground truth’ from the MIGET and SVI protocols 

using model-predicted outputs would provide validation of the components of the 

modelling framework. Moreover, this in-silico model allows for an in-depth 

examination of the underlying assumptions of these experiments. More physiological 

insight can be provided to the interpretation of experimental results.  

 

4.2. Methods 

4.2.1. Modelling MIGET protocol 

Inert gas exchange was simulated in a similar fashion to respiratory gas exchange as 

described in Chapter 2. The respiratory cycle was simulated as a square wave and the 

cardiac cycle was simulated by assuming that mixed venous blood, which had a fixed 

concentration of inert gases (to simulate the venous infusion process), moved into the 

acinar unit and remained for the duration of the blood transit time. While concentration 

of inert gases that are infused during real-life MIGET experiments have to be 

maintained at trace amounts for safety reasons, this is not a consideration for the in 

silico model. The choice of mixed venous concentration of the six inert gases was 

arbitrary, but must remain constant throughout the simulation, similar to the approach 

of Anderson et al. (Anderson et al., 2010).  
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Table 4.1: Simulation parameters for inert gas used in MIGET. 

Inert gas used 𝝀𝒔 Pv (mmHg) 

SF6 0.00599 20 

C4H6 0.0856 20 

C3H6 0.535 20 

C3H2ClF5O 2.34 20 

(C2H5)2O 12.4 20 

(CH2)2CO 285 20 

 

As Whitely et al. (J. P. Whiteley et al., 1999) has shown, tidal breathing can cause 

variation in retention and excretion during breathing. Depending on when during the 

breath the sample is taken, this may result in inaccuracies in MIGET extrapolated V/Q 

distribution. Thus, breath-averaged retention and excretion predicted by the model 

were used for the extrapolation of V/Q, using the MIGET inversion model described in 

Section 4.2.2.  

 

Three different V/Q distributions were simulated in this study for the MIGET protocol: 

a normal V/Q distribution, increase in V heterogeneity that induced a 15% change in 

V/Q coefficient of variation (COV), and then a larger increase by 40%. The aim in 

selection of these V/Q distributions was to analyse the ability of the model to 

accurately represent normal lung function, as well as reduced lung function that arises 

as a result of different perturbations in V/Q distribution. Allocation of these V/Q 

distributions to the lung anatomy is described below, and this was used as inputs into 

the aforementioned inert gas exchange process. V and Q distributions for the three V/Q 

distributions are illustrated in Figure 4.3.  

 

1) Normal V/Q distribution: The V/Q distribution assuming healthy lung function 

for this subject was solved using the modelling framework in Section 2.2 under 

normal gravitational loading in the supine position. 
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2) Increased heterogeneity (15%): An increase in V/Q heterogeneity was imposed 

through an increase in V heterogeneity, while Q distribution remained at baseline. 

This choice was made because inert gases by definition do not form chemical 

reactions in the blood, but are more likely to be affected by ventilation on the air 

side. Using the V/Q distribution generated from the first type of distribution 

(normal V/Q), the V distribution was normalised with respect to the mean acinar 

ventilation. Values within 0.05 of the normalised mean were maintained constant, 

while values above this range increased by 115% and values below decreased by 

15%. The process continued until the coefficient of variation for the ventilation 

distribution increased by the desired proportion. Then, the new acinar ventilation to 

each unit was recalculated by multiplying the alveolar minute ventilation (which 

remained constant). V/Q was also recalculated based on the updated acinar 

ventilation distribution.  

 

3) Increased heterogeneity (40%): the same protocol as described in the previous 

case was followed in order to generate a 40% increase in V heterogeneity 

(measured as 40% increase in coefficient of variation). 
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Figure 4.3: Illustration of V & Q distribution imposed onto the model. Each of the 

ventilation and perfusion distributions expressed as % of total flow (ventilation, perfusion) 

imposed onto the gas exchange model is plotted against the respective V/Q distribution. V/Q 

ratio on the x-axis is plotted on a log-scale. 

 

4.2.2. Extrapolation of V/Q distribution from MIGET 

After calculation of R and E from outputs of the inert gas exchange model described in 

4.2.1, the Linear Squares Best Fit (LBSF) regression analysis with enforced smoothing 

(Wagner, 1981) was used to recover the V/Q distribution of the simulated data. The 

principle behind this regression approach is to adjust ventilation 𝑉𝐴 and perfusion 

𝑄𝑗within each of the 50 compartments so that residual error, quantified as residual 

sum squared (RSS), between model simulated retention (and excretion) and that 

estimated through the LSBF fitting is minimised. The RSS is:  

 

              RSS = ‖𝑨 − 𝑹‖ + 𝑍‖𝑸‖2 
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RSS =∑𝑤𝑖 [∑(

𝜆𝑠𝑖×𝑄𝑗

𝜆𝑠𝑖 + 𝑉𝐴/𝑄𝑗

𝑗=49

𝑗=1

− 𝑅𝑖]

𝑖=6

𝑖=1

+ 𝑍 ∑ 𝑢𝑗𝑄𝑗
2

𝑗=49

𝑗=1

 
 

(4.3) 

 

where R is the vector of weighted retention for each of the six inert gases ∑ 𝑤𝑖𝑅𝑖
𝑖=6
𝑖=1 , 

𝑤𝑖 are the weight given to each gas, and Q is the solution vector of perfusion to each 

compartment (j=1, 50), A is the matrix defined as 𝐴𝑖𝑗 =
𝜆𝑠𝑖

𝜆𝑠𝑖+𝑉𝐴/𝑄𝑗
., with 𝜆𝑠𝑖 being the 

partition coefficients of each inert gas. Z is the smoothing coefficient applied to the 

regression analysis. Z is empirically tuned for MIGET experiments to confer stability 

in the result. An appropriately selected Z also reduces the degree of freedom of the 

solution vector, so that the number of unknowns and data (R and E) are equal given the 

large number of lung compartments. For this set of model simulations, the exact value 

of Z was determined by fitting to model data using the L-curve method as suggested in 

the literature (Evans et al., 1977); this was set to 0.2. The algorithm was additionally 

constrained such that flow through all compartments must be non-negative, and must 

sum to 1.  

 

To constrain perfusion to non-negative solutions, Equation 4.3 was solved iteratively. 

After the initial solution step, solutions to all compartments (j=1, 50) were inspected. 

Any compartments with a negative flow solution were temporarily discarded, and the 

flow to the remaining compartments (j=1, M) were solved again using Equation 4.3. 

Compartments with negative flow solution were neglected, until flow solution to all 

remaining compartments was positive. Then, the neglected compartments were 

re-analysed by evaluating 
𝜕𝑅𝑆𝑆

𝜕𝑄𝑗
 when 𝑄𝑗=0. Compartments that gave negative 

𝜕𝑅𝑆𝑆

𝜕𝑄𝑗
 

were re-introduced to the fitting procedure to be solved using Equation 4.3 again. 

Compartments with positive  
𝜕𝑅𝑆𝑆

𝜕𝑄𝑗
 were assigned zero flow. An identical process to 

that described above determined the ventilation distribution throughout the 

compartments. 

After the extrapolation of V and Q distribution into each of the 50 parallel lung 
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compartments, the steady state gas transfer equation (from Section 2.4.1) was used to 

estimate whole lung PaO2 based on the V/Q distribution estimated by the MIGET 

model for each of the distributions prescribed in Section 4.2.1. 

4.2.3. Modelling the SVI protocol 

The SVI protocol was simulated for a healthy young female taken from the Human 

Lung Atlas Database (the same database as the healthy young male subject from 

Section 2.2.1). The subject had a minute ventilation of 5.4 L/min (deadspace 80 mL), 

time averaged perfusion of 4.33 L/min, FRC 2.63 L, with a tidal volume of 433 mL in 

the supine position and respiratory frequency of 12 breaths per minute (5 s per breath 

in sync with breath duration for the SVI protocol). 

 

First, the gas exchange model ran for multiple breaths until it converged to steady state 

for room air breathing. The model solution was assumed to have converged when the 

rate of change for both whole-lung breath-averaged PAO2 and PaO2 across three 

consecutive breaths was less than 0.5%. Once the model reached steady state, the SVI 

protocol outlined in Section 4.1.2 commenced, with five cycles of breathing that 

consisted of 20 breaths of room air then 20 breaths of pure oxygen alternately. 

Breathing of room air and pure oxygen was implemented via a fixed concentration 

boundary condition at the model entry during inspiration with: 

 

c(0, t) = {
8.26𝑒−6𝑚𝑚𝑜𝑙/𝑚𝑚3, forbreathingroomair,

5.93𝑒−5𝑚𝑚𝑜𝑙/𝑚𝑚3, forbreathingpureoxygen,
 

 

End-capillary oxygen partial pressure (PcO2) for each acinar unit was recorded at the 

end of each breath. The 1 s breath-hold required for imaging of the SVI protocol was 

not simulated, since recording model-predicted end of breath PcO2 did not require this 

time window. Tissue oxygen around the acini ([O2]acinar) was calculated from acinar 

PcO2 using: 
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 [𝑂2]𝑎𝑐𝑖𝑛𝑎𝑟 = 𝑤𝑏𝑙×𝑂2𝑠𝑜𝑙𝑢𝑏𝑖𝑙𝑖𝑡𝑦×𝑃𝑐𝑂2, (4.4) 

 

where 𝑤𝑏𝑙 is the fractional water content of blood set at 0.81. The error incurred in 

assuming a linear relationship between O2 concentration and MRI signal was less than 

3% in an appropriately inverted pMRI image (Jakob et al., 2004). Thus, the [O2] 

sequence predicted by the model was used as a proxy for the SVI-obtained MRI signal 

sequence. At the end of the SVI protocol, the model predicted a sequence of 220 

‘images’ of spatially distributed [O2] corresponding to the terminal bronchiole of the 

airway where each ‘unit of ventilation’ (defined as an acinus) was located.  

4.2.4. Estimation of SV 

A series of post-processing steps were applied to translate the model-predicted [O2] 

signal sequence into SVI measurement. A family of characteristic signal time courses 

in response to alternating FIO2 in the SVI protocol was generated by using Equation 

4.3, following the approaches adopted in the literature (Sa et al., 2014). The SV that 

were included in this analysis ranged from 0.01 to 10 on a log scale, with 15% 

separation between each SV value to give a total of 50 different SV units. An example 

of a characteristic signal time course generated for the different SV units is shown in 

Figure 4.4.  

 

Each unit included the volume of tissue and blood surrounding each acinus. 

Model-predicted [O2] signal sequence for each unit was correlated with each of the 50 

simulated characteristic time courses by using Equation 4.3. The SV unit whose 

simulated characteristic time course provided maximal correlation with the 

model-predicted signal sequence gave the estimate of the local SV for that model unit 

(Mai et al., 2003). A unit was discarded and treated as missing data if correlation 

between the two signal time courses was not significant (null hypothesis H0: no 

correlation, p>0.05).  
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Figure 4.4: Characteristic responses of ideal SV units. The characteristic time course of two 

units with different SV values is simulated over 220 breaths using Equation 4.3. The 

ordinate denotes the pMRI signal in arbitrary units (a.u.) corresponding to the simulated SV 

response of the units. Black dashed line shows the step function. Units with higher SV 

(coral curve, of a unit with SV value of 0.686) are expected to equilibrate faster with a 

steeper gradient, while units with lower SV (green curve, of a unit with SV value of 0.095) 

equilibrate slower.  

  

 

Signal from the SVI protocol was measured in long rod shaped voxels (blue rectangle 

in Figure 4.5) at a resolution of 15×1.6×1.6 mm3, and may contain multiple adjacent 

acini (Sa et al., 2010). Each acinus of this subject was represented as non-overlapping 

cubes of lung tissue (see the red cubes in Figure 4.5) that fill the lung at FRC. For this 

particular subject, each acinus was approximately 90±5.26 mm3, more than twice the 

size of an SVI voxel. To make the model-predicted SV comparable to SVI 

measurement, the lung volume was resampled into a number of voxels with the same 

dimensions as the imaged resolution in the Cartesian coordinate. Each cube-shaped 

acinar unit was partitioned into each voxel based on the intersection between each face 

of the cube with faces of the voxel, as illustrated in Figure 4.5. Signal within each 

voxel was the sum of signals from its constituent acini, calculated in proportion to the 

acinar volume in the voxel. Partially filled voxels, defined as tissue volume < 50% of 
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voxel volume, were omitted from further analysis. These partially filled voxels usually 

occurred near the peripheral surface of the lung. This resulted in a sequence of 220 

‘virtual images’ comparable to the spatial resolution (15mm×1.6mm×1.6mm) of MRI 

obtained images. 

 

 

Figure 4.5: Characteristic responses of ideal SV units. Each acinus is represented as a 

non-overlapping cube (in red) approximately 90 mm3 in volume. The voxels used in SVI 

have a rod-like shape approximately 40 mm3 (15 mm×1.6 mm×1.6 mm). Signal within 

each voxel is the summation of signals within neighbouring acini.  

 

  

Typically, a single sagittal slice in the middle of the right lung is used as the ROI for 

SVI (Sa et al., 2014; Sa et al., 2010), encompassing only approximately 8% of the total 

lung volume. Previous studies have assumed that this single slice of the lung volume is 

representative of the entire lung in healthy subjects, and thus is able to capture 

sufficient lung-wide trends in pMRI derived SV characteristics. Division of the 

subject’s right lung into voxels at the imaged resolution of SVI studies gave seven 

sagittal slices for the right lung, each 15 mm thick in the x-direction. A comparable 

slice (slice 4, accounting for 8.7% of lung volume) was selected as the ROI for the 

model-derived SV. This ROI was chosen based on its similarity of its location to SVI, 

and proportion of total lung volume the slice accounted for.  
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4.2.5. Potential pulmonary venous contribution  

The dissolved O2 in the oxygen rich pulmonary veins alters the T1 time (Tadamura et 

al., 1997) and causes changes in the signal detected by pMRI during SVI. In order to 

quantify the potential contribution of venous O2 on change in signal detected by pMRI, 

a time-reverse approach was used to reconstruct [O2] at each venous blood element. 

This approach is based on known element connectivity of the pulmonary venous 

structure and model-predicted O2 at each unit that is upstream of the vein elements. 

Here, the venous element of blood was defined as the volume of blood contained 

within a cylindrical vessel between the current node and its upstream node; [O2] within 

the element was assumed to be uniform. 

 

Oxygenated blood from capillaries is carried by the pulmonary veins to the rest of the 

body. Thus, [O2] of a venous element at any particular time is a combination of all 

end-capillary O2 that is destined to flow through this venous element. For any given 

venous element, all upstream end-capillary terminals that must deliver flow past this 

venous element to reach the vein outlet can be determined through element 

connectivity. The time (t) taken to flow past each venous element was determined by 

length of the vein element (𝐿) divided by the axial velocity (𝑢𝑥) in the direction of 

flow (t = 𝐿/𝑢𝑥). The axial velocity was determined by venous flow rate of the element 

(in mm3/s) divided by cross sectional area of the element. Then, time required for O2 

from terminal end-capillary to reach the venous element 𝑡𝑖𝑗 was the sum of time 

needed to travel through all connecting venous elements in between. [O2] in the 

downstream venous element at time-point n was represented as a weighted proportion 

of O2 from upstream end-capillary elements at n − 𝑡𝑖𝑗, given by: 

 

 

[𝑂2]𝑗
𝑛 =

∑ [𝑂2]𝑖
𝑛−𝑡𝑖𝑗𝑖

1 ×𝜋𝑟𝑖

∑ 𝜋𝑟𝑖
𝑖
1

, (4.5) 
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where j is the j-th venous element at breath n, [𝑂2]𝑖
𝑛−𝑡𝑖𝑗

 is the [O2] of the i-th 

end-capillary element upstream of the venous element at 𝑡𝑖𝑗 seconds before breath n, 

and ri is the radius of i-th terminal element.  

 

By applying Equation 4.5 to all elements within the vein structure, [O2] for every 

venous element was calculated for every breath, reconstructing a [O2] signal sequence 

for the pulmonary veins that included 220 breaths. It should be noted that the same 

assumption made about the venous structure in Section 2.2.2 was also applied to this 

chapter. The venous structure used was a replica copy of the arterial tree, except for the 

first 20 elements that described large veins, which are significantly different in 

branching to the major arteries. 

 

The total signal detected by pMRI during SVI is the sum of O2 from venous and acinar 

structures. In order to calculate this total signal, venous O2 was partitioned to the same 

voxel resolution as described in Section 4.2.2. Each venous element was represented as 

a 3D cylinder with a radius wrapped around a 1D centreline and often spanned many 

voxels. The smallest dimension of a voxel was approximately 1.6 mm. A simplified 

representation of the venous element was used where a vein element was represented 

as an evenly spaced (0.1 mm apart) dense cloud of data points. Each data point 

represented a small portion of the venous element. The proportion of O2 from each 

vein element that was attributed to each voxel depended on the number of data points 

from the vein element that fell within the voxel. The total summed signal that was 

obtained after venous voxel assignment produced a sequence of virtual images 

comparable to those obtained from the SV protocol. This sequence of virtual images 

was converted to SV using the same method described in Section 4.2.2.   

4.2.6. Potential impact of image mis-alignment 

Participants of the SVI protocol were trained to control the depth of their breathing. 

One of the assumptions made in SVI is that subjects always reached a constant and 
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reproducible FRC at the end of the breath across the 18 minute long protocol (Sa et al., 

2010). For this reason, image registration has not been applied to SVI studies to date 

(Sa et al., 2014; Sa et al., 2010). However, any form of movement/displacement of the 

subject during imaging may result in mis-alignment of images (Beyer et al., 2003; 

Townshend et al., 1992).  

 

Here, a simple example of a potential cause of ‘mis-alignment’ was considered. 

Simulation of variable FRC during imaging at end of breaths across the protocol was 

used to analyse the potential impact that in-plane ‘mis-alignment’ of images may have 

on imaging derived SV measures. To be compatible with SVI, a simulated ROI (a 

single slice of the right lung) signal sequence (220 breaths) was used for this analysis.  

 

 

 
 

Figure 4.6: Illustration of implementation of in-plane mis-alignment. Alteration from the 

FRC volume for ROI (outlined in black) was imposed by shifting the diaphragm of the ROI 

outwards to its new location (outlined in red). The two blue spots mark reference points 

located at edge of diaphragm.  

 

An algorithm was implemented in MATLAB to perform simulation of in-plane 

‘mis-alignment’. 30% of the model-predicted ‘images’ were randomly selected from 

the 220 stacks to experience an increase in end expiratory lung volume (EELV). Using 

the edges of the diaphragm as reference points, the diaphragm of each selected lung 

slice was displaced outwards to its new position to simulate a larger volume, as shown 

in Figure 4.6. Shift of the diaphragm edge essentially imposed an artificial stretching of 

the lung slice (at FRC) to a different imaging lung volume at the end of the breath. The 
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exact amount of shift in the diaphragm edge was arbitrary for each image, but 

constrained to allow between 20 to 40% increase in ROI volume. For this simulation, 

an average increase of 28.4±5.3% in FRC volume was imposed onto the selected 

model ROI. Acinar locations within the ROI also shifted in proportion to the amount of 

stretch imposed onto the ROI, and acinar volumes were recalculated to populate the 

new ROI volume. The end result of this algorithm generated a shifted signal sequence 

(220 breaths) of ROI lung ‘imaged’ at different volumes. These shifted signals were 

partitioned into voxels following the approach described in Section 4.2.2, and were 

then converted to SV. Voxels outside of the ROI (region outside of lung mask at FRC) 

were omitted from further analysis.  

 

4.3. Results 

4.3.1. Extrapolated V/Q from MIGET 

Increase in V/Q heterogeneity within the lung was implemented through a systematic 

increase in coefficient of variation of ventilation (increase in the heterogeneity of V) by 

15% and then 40%. Figure 4.7 presents MIGET plots extrapolated from models with 

15% increase in COV of V and Q distributions (Figure 4.7 A & B respectively), 

showing V/Q ratio on the log scale plotted against percentage of units with a given 

ventilation or perfusion, and the same result for 40% increase in the COV (Figure 4.7 

C & D). In order to allow comparison with the MIGET extrapolated V/Q distribution, 

the V and Q distributions across all lung units within the gas exchange model were 

allocated into the 50 V/Q compartments (with defined V/Q ratio) that were used by 

MIGET (as described in Section 4.2.2). The binned ground truth V and Q distribution 

that was the input for the gas exchange model (labelled ‘model’, blue line in Figure 4.7) 

and MIGET protocol recovered V and Q distributions using model-simulated R and E 

data (labelled ‘MIGET’, red line in Figure 4.7) can be compared directly in Figure 4.7. 

It can be seen that the MIGET protocol was able to recover both the ventilation and 
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perfusion distributions prescribed to the gas exchange model remarkably well - for 

both V/Q distributions, as can be seen from the overlap between model input 

distributions (for both ventilation and perfusion) and MIGET extrapolated distributions. 

Discrepancy between ventilation and perfusion allocated into each of the 50 V/Q 

compartments between ground truth input to model and that extrapolated by MIGET is 

very small.  

 

 

 

Figure 4.7: Model prediction of V and Q distribution at varying heterogeneities. A) and B) 

show V and Q distribution respectively, after 15% increase in coefficient of variation of the 

baseline ventilation distribution. C) and D) show V and Q distribution respectively, after 40% 

increase in coefficient of variation of the baseline ventilation distribution. Both V and Q 

distributions are expressed as percentage of total ventilation or cardiac output. V/Q ratio on 

the x axis is plotted on log scale. Blue line (Model) indicates the ground truth V and Q, 

which is the input for the gas exchange model. Red line (MIGET) is the MIGET 

extrapolated V and Q distribution.  
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Table 4.2 shows the values of PaO2 predicted by the gas exchange model and the 

steady state gas transfer equation using MIGET-extrapolated V and Q distributions (for 

a 50 compartment lung). Predicted PaO2 for the baseline case (with normal V/Q 

distribution) agrees with the range of PaO2 for a healthy human breathing room air 

(West, 1962). As expected, the two cases of increased heterogeneity of V imposed onto 

the gas exchange model predicted progressive decrease in PaO2, implying worsening 

of gas exchange function. Interestingly, MIGET-predicted PaO2 is consistently higher 

than the gas exchange model PaO2 across all three V/Q distributions. 

 

 

Table 4.2: Predicted PaO2 for the three V/Q distributions simulated. Predicted PaO2 difference 

shown in the third column is calculated as 100×(MIGET-Model)/Model, and reported in 

terms of percentages.  

V/Q distribution 

heterogeneity 
Predicted PaO2 (mmHg) 

Difference (%) 

 MIGET Model  

Baseline 101.63 96.24 6 

15%  increase 94.77 89.26 6 

40%  increase 77.81 72.26 8 

 

 

4.3.2. Conversion from O2 signal to SV 

According to the definition of SV, i.e., 𝜕𝑉/𝑉0, SV can be calculated from alveolar 

ventilation for each acinus (result from Section 2.2.4. Ventilation model in Chapter 2) 

divided by its respective acinar volume at FRC, taken as the end expiratory volume 

(result from Section 2.2.3. Tissue Mechanics model in Chapter 2). Since this calculated 

SV comes from a known time-averaged ventilation distribution that serves as input to 

the gas exchange model, the SV is regarded as the ground truth SV, against which 

model simulation derived SV measurements are compared. Figure 4.8 shows 

comparison of model-simulation derived SV with ground truth SV for the acinar units 

(Figure 4.8A) and for data in voxels (Figure 4.8B). Both measures are grouped into 

bins for 1 cm thick iso-gravitational sections and plotted against lung height in the 
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gravitational direction. In general, the gradient of SV derived from model simulation 

compares well with the ground truth, but the mean SV per iso-gravitational bin is 

slightly higher than the value of ground truth SV. There is also more iso-gravitational 

variance predicted by the model simulation.  

 

Figure 4.9 compares acinar ground truth SV and model-simulation derived SV. The 

size of the circle indicates the number of acinar units with the ground truth SV and 

model-simulation derived SV value pair. It can be seen that the SVI protocol 

conversion of O2 signal to SV aligned very well for the majority of acinar points, with 

large circles lying along the line of identity. There are a few occurrences where 

simulated SV under-estimated the true SV, marked by small circles in Figure 4.9. 

 

 
 

Figure 4.8: Comparison of SV true and model SV. A) Left pane: Comparison of the ground 

truth SV (true SV) with model-simulation derived SV (model SV) for each acinus, 

corresponding to SV of the functional gas exchange unit of the lung. B) Right pane: MRI 

tissue signal derived SV is compared against true acinar SV that has been binned to fit the 

50 compartments of the unique SV generated in Section 4.2.2. Solutions are presented for 

SV of each acinus (the functional gas exchange unit of the lung).  
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Figure 4.9: Comparison of binned true SV against pMRI-derived SV. Comparison is made 

between true and pMRI derived SV (labelled here as model simulated SV) for each acinus. 

For this comparison, the continuous true SV values are discretised into bins (50 bins in total).  

Each unique binned true SV – pMRI derived SV pair is marked by a black dot located at the 

center of the blue circles, and orange dashed lines extending to the x and y axis facilitate the 

identification of the SV pair values. The size of the circles indicates the frequency of 

occurrence for a unique SV pair. A larger circle demonstrates that the unique SV pair is 

common in the lung, whereas small circles indicate rarity. The line of identity passes 

through the majority of the blue circles (and their centers), indicating good alignment 

between model simulation of SV and true SV. 

 

4.3.3. Single slice representation of SV 

Simulated SV for slice 4 is plotted against gravitational lung height and compared 

against the whole lung SV in Figure 4.10. Simulated SV for slice 4 and the whole lung 

followed a similar gradient and variance with gravitational height. Except for the 

top-most bin located at the front (gravitationally non-dependent portion) of the supine 

lung, the simulated SV for slice 4 was consistently higher than the whole lung 

estimation. Gradient and variation (measured as standard deviation) for whole lung and 

ROI (slice 4) is provided in Table 4.3. Similar to the trend seen in Figure 4.10, both 

mean and gradient for the ROI (-0.0030 and 0.146) are steeper than those calculated 

for the whole lung (-0.0023 and 0.138). Relative dispersion for the ROI at 14% is 

slightly smaller than the whole lung measure at 19%. 
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Figure 4.10: Simulation derived SV of a selected ROI compared to whole lung. Slice 4 is 

selected as the comparable ROI, and is plotted against lung height in the gravitational 

direction. Generally, slice 4 SV matches well with whole lung estimates in terms of gradient 

and variance across iso-gravitational bins; however there is a consistent difference of 

approximately 0.01 in SV across the model.  

 

 

 

Table 4.3: Simulation derived SV of a selected slice ROI compared to whole lung. Three 

measures of mean SV value, gradient and dispersion are compared between ‘ground truth’ 

SV and simulated SV for both the whole lung and the selected ROI (slice 4). 

 True SV Simulated SV 

 whole lung slice 4 whole lung slice 4 

Gradient (/cm) -0.0024 -0.0030 -0.0023 -0.0030 

Mean value 0.139 0.146 0.138 0.146 

RD 

(SD/mean, %) 
18 13 19 14 
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To investigate the impact of ROI (slice) selection on its representativeness of the whole 

lung SV gradient, mean SV (within each 1 cm wide iso-gravitational bin) for each of 

the seven slices of the right lung is plotted against gravitational lung height in Figure 

4.11. Whole lung estimates of simulated SV lie in a comparable range but are lower 

than the SV for slices 4 and 5, which are the central slices in the right lung, 

approximately within the ROI of SVI imaging as illustrated in Figure 4.12A. The 

whole lung SV gradient is more comparable to those for slices 2 and 3 nearer the still 

central but more distal (peripheral) lung. As the imaging plane moves towards slices in 

the lung periphery, they account for progressively less volume of the lung and the 

per-slice SV gradient becomes skewed, lower, and deviates significantly from the 

whole lung SV gradient (shown in black in Figure 4.11). Slices 1 and 7 located at the 

lung periphery cover only ~4% of the lung volume and span between 40-60% of lung 

height in the gravitational direction.  

 

 

Figure 4.11: Simulated SV gradient as a function of slice number in the right lung. 

Simulated mean SV within iso-gravitational bins (1cm thick) is plotted against gravitational 

lung height. Whole lung SV (in black) is the mean SV within the iso-gravitational bins (left 

and right lung). Whole lung estimate of simulated SV appears to be lower than single slice 

derived SV measures for mid-lung slices of the right lung.  
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In light of this, Figure 4.12B shows a comparison of SV for lung slices with whole 

lung SV estimates calculated after exclusion of the peripheral lung slices 1 and 7.  

The corresponding location of these slices within the right lung is illustrated in Figure 

4.12A. As shown in Figure 4.12B, SV gradients calculated for almost all remaining 

slices fall within the range of SV estimated for the whole lung. The whole lung SV is 

best represented by mid-lung slices 3 and 4.  

 

 

Figure 4.12: Per-slice SV gradient after exclusion of the most peripheral slices. A) 

Illustration of the 7 sagittal slices of the right lung, each 15 mm thick (the two most 

peripheral slices of 1 and 7 are excluded, and are coloured in black). The long arrow 

indicates the direction of gravity B): Comparison of slice SV in the direction of gravitational 

height against whole lung SV after exclusion of the most peripheral lung slices.  

 

4.3.4. Potential pulmonary venous contribution 

Figure 4.13 shows an SV map for slice 4 of the right lung. The left panel (Panel A) is 

the voxel SV estimated from only O2 signals from the acinar structure, corresponding 

to the pulmonary ventilation estimate of the alveolar ventilation received by the 

respective acinus. A slight gradient in SV is evident in the direction of gravity, with the 

gravitationally-dependent region showing higher SV. The single red cluster seen in 

Figure 4.13A is due to a small cluster of terminals with lower resistance to flow, 

resulting in a larger than normal SV for its location within the lung. Figure 4.13B 
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shows an SV map obtained from the total signal (combination of signal from venous 

blood and acinar signal) for each voxel. This measure corresponds to the actual voxel 

SV measurement obtained from the pMRI signals in the SVI technique in the literature 

(Ohno, Chen, et al., 2001; Ohno, Hatabu, et al., 2001). It can be seen that there are 

clusters of voxels with higher SV in comparison to the same slice shown in Figure 

4.13A. These voxels also have higher SV than their neighbouring voxels in Figure 

4.13B and compared to their relative positions in terms of gravitational height in the 

supine lung. These higher voxel SV estimates can be attributed to the effect of O2 from 

venous blood within the voxel to the simulated SV. The SV map in Figure 4.13B 

follows a distribution similar to a typical quantitative SV map obtained from the SVI 

technique (Sa et al., 2014), as reproduced in Figure 4.2.   

 

 

 

Figure 4.13: SV map of slice 4 in the right lung. A) SV map from acinar signal only. B) SV 

map from total signal. Total signal is calculated as the sum of tissue and blood signal 

(‘acinar’ signal) and signal from venous structure. The colour scale used for this SV map is 

0.11 (blue) to 0.19 (red). 

 

 

To understand how the pulmonary venous circulation altered the total signal 

(proportional to signal intensity of pMRI images in the SVI experiment) across 

different imaging planes/lung slices, the total signal is partitioned into its components 

as shown in Figure 4.14. Signal intensity is proportional to O2 concentration, which is 

a function of time (stronger with more O2 at an FIO2 of 100% than FIO2 of 21%). Given 

that the strength of the [O2] signal is a function of time, the averaged signal across the 
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entire protocol (220 breaths) is presented in Figure 4.14A, and therefore does not 

correspond to values at a particular breath. Instead, Figure 4.14A is aimed at 

illustrating the relative contributions of venous signals and acinar signals to total 

perceived signal across the protocol. 

 

Figure 4.15 shows venous contribution to model simulated SV measurement calculated 

from the total signal. It is interesting that while there is a similar trend with that seen in 

Figure 4.14A, where venous circulation contributes more to SV in the central slices, 

the relative proportion of venous contribution is less for SV in Figure 4.15 than the 

actual signal in Figure 4.14. 

 

 

 

Figure 4.14: Contribution of acinar structure and veins to O2 signal. A) Contribution of 

acinar signal and venous signal to total signal-derived SV quantified as [O2] in mmol/mm3 

in the imaging plane as a function of sagittal slice number in the right lung. Slice 4 is the 

sample ROI. For the SVI technique, B) shows fraction of observed O2 signal in each image 

plane resulting from acinar signals and venous signals (adds to 100% for each slice). Value 

shown is the average result across the entire protocol rather than corresponding to any 

particular breath, and is calculated as the average signal for the entire protocol over 220 

breaths. 
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Figure 4.15: Relative contribution of signals to derived SV. A) Contribution of tissue signal 

and venous signal to total pMRI signal-derived SV quantified in mL of alveolar ventilation 

(absolute) as a function of sagittal slice number in the right lung. Tissue signal refers to the 

oxygenated capillary blood signal representative of acinar ventilation. Slice 4 is the sample 

ROI. For SVI technique, B) shows fraction of observed SV signal in each image plane 

resulting from tissue signals and venous signals (adds to 100% for each slice). 

 

 

Figure 4.16 shows the SV gradient calculated from total signal (corresponding to the 

SV derived from an actual SVI experiment) for the entire lung compared to SV 

calculated from acinar signal. It appears that there is a slight increase in SV calculated 

from the total signal in comparison with the true SV, which also resulted in a larger 

variance (calculated in terms of standard deviation). This result is reiterated in Table 

4.4, which shows a comparison of the gradient and relative dispersion in SV between 

the true SV, SV calculated from total signal, and SV calculated from the acinar signal. 

There is an increase of 10% in gradient, 2.3% in overall mean and 23% increase in 

standard deviation when comparing SV calculated from total signal and acinar signal. 
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Figure 4.16: Comparison of SV gradient from simulated pMRI signal and true SV. 

Simulated SVI is labelled as ‘SVI with veins’ and ‘true SV’ was used as the model input 

during SVI protocol. 

 

 

Table 4.4: Comparison of gradient, mean and relative dispersion of SV for acinar and total 

signal. SV. The total signal SV is derived from total MR signal detected (sum of tissue and 

pulmonary vein signals) and acinar signal from tissue only.   

 SV 

(total signal) 

SV 

(acinar signal) 

Gradient (/cm) -0.0033 -0.0030 

Mean value 0.149 0.146 

RD (=SD/mean, %) 16 14 

 

 

4.3.5. Assessing impacts of image mis-alignment 

Figure 4.17 shows the resultant SV of the selected model ROI after simulation of 

altered FRC, plotted against gravitational lung height in 1 cm thick iso-gravitational 

bins. Interestingly, there appears to be a ‘systematic’ decrease in SV after altered FRC 

simulation across all iso-gravitational bins in comparison to acinar SV. The 

gravitational gradients for SV calculated before and after altered FRC simulation are 

similar.  
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Figure 4.17: Comparison of SV for slice 4 with SV after ‘mis-alignment’.. There appears to 

be an ‘offset’ from acinar SV to a lowered SV after simulation of altered FRC volume for 

the entire slice. 

 

4.4. Discussion 

One of the aims of this chapter was to evaluate the validity of the gas exchange model 

at different scales through a virtual ‘replication’ of two existing experimental protocols: 

MIGET and high resolution SVI using pMRI. The model was able to simulate both 

protocols, and reproduced measurements with a known distribution that were 

prescribed to the model. This demonstrates that the model is capable of providing an 

accurate description of the local gas exchange processes, evidenced by the simulation 

of SVI in healthy lungs, which has a high resolution (smaller than the size of an acinus). 

In addition, the model is also capable of describing gas exchange of compromised lung 

function in disease, as shown in MIGET simulation of increased V/Q heterogeneity. 

More importantly, the application of the model to inform and improve on interpretation 

of experiments is demonstrated in this chapter by using the model to analyse 

physiological assumptions of the SVI protocol and assess the impacts of these 
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assumptions on the SVI protocol derived SV measures. Unlike real life experiments 

that are susceptible to experimental uncertainties and/or are compromised by noise, 

output generated by the in silico model offers reliable and ‘clean’ signals for analysis. 

This advantage means that any alteration to the model generated output can be 

attributed to impact that the assumptions of the SVI protocol have on the SV measure, 

provided that the model is validated. 

4.4.1. Model validation using MIGET 

MIGET involves both a mathematical model and experimental method, and has 

provided insight into pathophysiological changes in pulmonary gas exchange 

(Hachenberg et al., 1994; Melot, 1994), through the inverse extrapolation of V/Q 

distribution using externally measured R and E data. MIGET was used as the ground 

truth in previous studies that have developed much simpler models of gas exchange to 

describe compromised lung function in disease (oleic acid lung injury) (Rees et al., 

2006, 2010). A similar approach to model validation was used in this study.  

 

Recovery of ground truth V/Q by the MIGET inversion model (Section 4.2.2) requires 

an accurate model output of R and E for all six inert gases. Given that the excretion 

calculation depends on an accurate prediction of inert gas partial pressures in expired 

gases, and the retention calculation depends on arterial partial pressure prediction, this 

implies an accurate description of not only diffusion of inert gases from venous blood 

to alveolar air, but also the transport and mixing of inert gases through the 

tracheobronchial airway. In addition, the widely varying solubility of the six inert gases 

allows them to be sensitive to measures over a wide range of V/Q; for example, with 

SF6 for low V/Q units and acetone for high V/Q units. The well-matched prediction of 

V/Q by the MIGET protocol with ground truth V/Q (input to the model) using model 

estimated R and E suggests that the model is able to describe gas exchange processes 

for units across a wide range of V/Q values.  
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As expected, a decrease in PaO2 is predicted when increased ventilation heterogeneity 

is imposed onto the model, for both the gas exchange model and the MIGET protocol 

using the 50 compartment fitted V/Q distribution. This progressive decrease in PaO2 

implies worsening of gas exchange function, and is consistent with the expected trend 

when there is a widening of V/Q distribution due to alteration in either V or Q 

distribution (Rodriguez-Roisin, 1997; Rodriguez-Roisin et al., 2009). It is interesting 

that for all cases of V/Q distributions that were simulated, MIGET prediction of gas 

exchange consistently over-estimated PaO2 compared to predictions from the gas 

exchange model. The likely reason for this may be due to the use of 50 parallel 

compartments to represent the lung in the MIGET protocol. The lung is a complex 

branching structure consisting of approximately 30,000 small gas exchange units, each 

with their own slight variation in V/Q. The heterogeneity in local PaO2 calculated for 

each unit as a result of these variations in V/Q all contribute to the calculation of whole 

lung PaO2 in the gas exchange model. While the MIGET protocol is able to extrapolate 

a continuous V/Q distribution within the lung well with the use of 50 compartments, 

each compartment used is a lumped representation of individual V/Q for steady state 

gas exchange calculations. This simplified representation of the lung results in an 

effective loss of heterogeneity and causes the over-estimation in MIGET predicted 

PaO2 seen in Table 4.2. This over-estimation of PaO2 highlights the necessity to 

include the detailed structural information of the lung when modelling lung gas 

exchange, not only for the accurate prediction of regional lung function, but also for 

global lung function estimates.  

 

In this study, the MIGET experiment was simulated using the six inert gases originally 

proposed by Wagner et al. (Wagner, 1978). Some experiments (Corte et al., 1985; 

Dueck et al., 1980) and a recent modelling study (Anderson et al., 2010) have 

suggested that inert gas exchange with bronchial blood flow in the airways is 

significant in highly blood soluble gases such as acetone, and can cause reduced 

retention, which influences MIGET estimation of V/Q distribution. Unlike real-life 

MIGET experiments, this loss of soluble gas does not influence the current study since 
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gas exchange is modelled only within the gas exchange units attached to the end of 

terminal bronchioles; the conducting airway is treated as dead-space and therefore does 

not impact on extrapolated V/Q (Section 4.2.2).  

4.4.2. Model validation using SVI 

It has been suggested that O2 enhanced MRI is capable of providing accurate reflection 

of lung function with regards to O2 delivery within the lung and diffusion of O2 across 

the alveolar-capillary interface (Ohno et al., 2007). The gradient of SV derived from 

model simulated [O2] signal matches well with the ground truth SV, which was used as 

model input (Figure 4.8). Figure 4.9 also confirms this finding, with good alignment 

between SVI simulated SV with ground truth SV. Simulation of the SVI protocol 

involved multiple breaths of tidal breathing that includes distribution of fresh gas and 

mixing of resident gas within an anatomically-based airway tree, description of gas 

exchange in terms of diffusion of O2 through the alveolar-capillary membrane, and 

binding to haemoglobin for breathing normal room air and a more extreme case of 100% 

O2. This ‘successful recovery’ of the ground truth SV suggests that the gas exchange 

component of the computational modelling framework is able to accurately describe 

the processes involved in gas exchange within the normal lung: from the transport of 

air within the tracheobronchial tree to the exchange of O2 through the 

alveolar-capillary interface.  

 

While the majority of the SVI simulated SV matched very well with the ground truth 

SV, there is slightly more variation in the simulated SV (Figure 4.8). The reason for 

this variation may be due to the signal conversion process described in Section 4.2.4, 

where the continuous SV measure is divided into 50 discrete bins to generate a family 

of characteristic SV response curves (Figure 4.4). Characteristic curves between 

neighbouring SV units are rather similar. Although the characteristic response curves 

are from discrete SV units, the model-simulated signals are still from a continuous SV 

distribution. When correlated with the discrete characteristic curves for each SV unit, 
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slight variation in model-simulated signal may cause it to correlate slightly better with 

a neighbouring SV unit than the ground truth SV unit.  

 

The model simulated SV under-estimated the ground truth SV for a few acinar units 

(small blue circles in Figure 4.9). These under-estimated SV units tended to have long 

capillary transit times, exceeding the duration of a single breath. Thus, the 

end-capillary [O2] signal recorded at end of breath in the model simulation for these 

acinar units increases at a slower rate, compared to the ventilation that these units 

receive after the step change in FIO2, resulting in the under-estimation of SV. However, 

the occurrences of these under-estimations are few, as seen by the rarity of these small 

blue circles that deviate significantly from the line of identity in Figure 4.9. Most true 

SV – pMRI derived SV pairs are distributed closely along the line of identity, 

indicating the accuracy of the model simulation. 

 

Conventional validation of imaging techniques usually involves comparison of 

measures obtained (e.g. from SVI) against another established technique, as 

demonstrated in the recent validation study of SVI using Multiple Breath Nitrogen 

Washout (MBNW) (Sa et al., 2014). In this recent study, validity of the SVI technique 

in measuring specific ventilation was assessed through a comparison with 

MBNW-derived SV for 10 healthy subjects in the supine position. However, the 

MBNW approach involves collection of expired gas at the mouth and does not contain 

spatial information on regional ventilation distribution. Validation of SVI-derived SV 

can only be provided at the whole lung level. When being applied to predict SV, the 

anatomically-based computational model is able to provide spatial validation of 

regional function. Furthermore, when measurements generated from the two different 

techniques are compared to each other, complications can arise in attributing the causes 

of observed differences to the imaging technique in question (SVI), or differences in 

technique between the two experiments. The in silico model has a unique advantage in 

addressing this problem, as direct comparison can be made between the spatial 

distribution of ground truth SV (known input to model) and the recovered SV as a 
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result of the model simulated SVI protocol (Figure 4.8 & 4.9), without the need to 

reconcile between potential differences generated from adopting different experimental 

techniques. This advantage of the model is also exploited in the current study to 

systematically analyse the influence of several underlying assumptions made during 

the SVI protocol on derived SV, providing an assessment of the validity of the SVI 

protocol.  

4.4.3. Is a single slice representative of whole lung SV? 

The SVI technique is currently limited to imaging a single slice of the lung, and the 

ROI chosen is a slice of the right lung, accounting for approximately 8% of the entire 

lung volume (Tedjasaputra et al., 2013). An inherent assumption of the SVI is that the 

single slice imaged is representative of the entire lung, at least in healthy subjects. A 

comparable slice (slice 4 of the right lung) accounting for 8.7% of the lung volume was 

selected as the model ROI in this study to assess the validity of this single slice 

assumption.  

 

For the healthy subject studied here, gradient calculation for the model ROI (slice 4) 

compared well with the whole lung estimate (Figure 4.10). This result suggests that 

information within this small sample volume is representative of the gravity induced 

gradient in SV, which is the largest contributor to ventilation inhomogeneity in a 

healthy lung (Kaneko et al., 1966). However, variance estimates for the single slice is 

smaller than that calculated for the whole lung. This is consistent with findings 

reported by Sa et al. (Sa et al., 2014), who compared MBNW estimated SV 

heterogeneity with that calculated from SVI-derived SV for ten healthy supine subjects. 

MBNW estimated that whole lung SV heterogeneity is also higher (by an average 

10.7%) than that measured from single slice imaging with the SVI protocol. This slight 

under-estimation by SVI is intuitive. Studies by high resolution imaging have shown 

that ventilation displays fractal characteristics (Altemeier et al., 2000) and that there is 

significant iso-gravitational heterogeneity due to local tissue properties and airway 
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asymmetry (Glenny et al., 2011b). While SVI is intended to maximise the sample area 

in the gravitational direction (y-z plane) through the selection of a mid-lung slice as the 

ROI, it only includes 15 mm across each iso-gravitational plane. Thus, SVI of a single 

lung slice may under-estimate the SV heterogeneity compared to the whole lung 

estimate.  

 

Given that only a single slice of the lung can be imaged when adopting the SVI 

technique, it is important to select an imaging plane that is most representative of the 

whole lung measure. While slices 3 and 4 (the current ROI chosen) appear to be most 

representative of the whole lung estimates in terms of gradient and variance (Figure 

4.12B), the most peripheral slices on each side of the lung (most medial and lateral) 

showed significant deviations from other imaging planes. A possible reason for this 

deviation could be that very small volumes of the lung are included within these 

peripheral regions, the gravitational gradient is potentially smaller, and variation in SV 

is dominated by inherent variation from the asymmetrical airway tree.   

 

It should be noted that this single slice representation of whole lung SV is only valid in 

the healthy subject studied here. Many lung diseases, such as asthma (Aysola et al., 

2010; de Lange et al., 2007; Fain et al., 2008), and chronic obstructive pulmonary 

disease (Rodriguez-Roisin et al., 2009) distribute heterogeneously within the lung, so 

that descriptions of local heterogeneity are important to capture regional dysfunction. 

In these cases, a single slice will no longer be representative of whole lung SV 

distribution, and will likely under-estimate the extent of heterogeneity in SV. Therefore, 

the entire lung needs to be imaged to provide an accurate characterisation of SV in 

diseased lungs.  

4.4.4. Contribution from venous circulation 

SV derived from T1-weighted pMRI images during SVI is assumed to correlate with 

local alveolar ventilation via the airways. However, dissolved oxygen molecules 
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present in blood and tissue will shorten T1 relaxation time and increase pMRI signal 

intensity in an appropriately time-reversed image (Mai et al., 2002). The pulmonary 

venous tree is distributed throughout the entire lung. Large pulmonary veins that carry 

oxygenated blood have the potential to transport changes in O2 in distant regions of the 

lung to more central regions. Proton-MRI is incapable of visualising pulmonary 

structures and thus cannot separately identify contributions of acinar signal that 

correlate with alveolar ventilation (termed the ‘acinar’ signal) and signal from O2 in 

pulmonary conduit veins (termed the ‘confounding signal’) to the pMRI derived SV. 

The potential contribution from venous structure to SV in the healthy lung must be 

assessed before SVI can be applied to clinical investigation of lung disease.  

 

Since the anatomically-based 3D venous geometry is known (generated using the 

growing algorithm from Section 2.2.3), the current study was able to reconstruct [O2] 

within each venous blood element throughout the entire protocol, and account for the 

contribution of each vein element to the signal from each voxel in the entire lung 

volume. Unsurprisingly, including the venous contribution increased [O2] within each 

voxel across the entire lung volume (Figure 4.14A). There is a clear and steady 

progression in the magnitude of O2 signal (proportional to total signal detected) 

moving from a maximum at the central lung region, and progressively decreasing to a 

minimum at the lung periphery on both the lateral and medal side (slice 1 and 6). This 

generally reflects the larger proportion of lung volume (both acinar and vein) that the 

central image planes encompass, and justifies the choice of the mid-lung slice as the 

ROI for SVI.  

 

The partitioning of total signal between the venous signal and acinar signal depends on 

the presence/absence of venous conduit vessels within the imaging plane/slice as 

shown in Figure 4.14A. In the slices in which large venous vessels are present (such as 

slice 3 and 4), a significant portion of [O2] signal comes from the venous structure 

(Figure 4.14B). This is a reflection of the complex and dense large venous conduit 
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vessels that occupy these central lung regions. The more peripheral the slice is located, 

the less [O2] contribution from the finer veins. This finding of significant venous 

contribution to the central lung region may appear contradictory to the choice of a 

representative imaging plane that intends to maximise cross-sectional area and signal 

within the lung. Interestingly, the increase in simulation derived SV using the total 

signal (Figure 4.15) is of a lesser extent than the significant contribution that O2 within 

the venous structure made to total signal within each imaging plane (Figure 4.14). 

While venous O2 significantly increased voxel [O2] and produced an overall higher 

signal on the model simulated ‘images’, the nature of the SVI protocol is such that SV 

is sensitive to the rate of equilibration of the signal after step change in FIO2 rather than 

absolute signal intensity. However, because the large pulmonary veins are able to carry 

O2 from distant regions of the lung that may have a higher SV (and thus faster rate of 

equilibration of O2) than voxels within the imaging plane, SV within regions of the 

lung that contained larger venous vessels was over-estimated.  

 

One potential limitation of the study is that venous contribution to SV calculated in the 

current study cannot yet be compared against the literature, since this is the first study 

that is able to separately quantify the contributions of acinar O2 and venous O2 to the 

SV measure. However, the model-simulated SV map using total signal from slice 4 

(including venous contribution) in Figure 4.13B does resemble the patterns seen in a 

typical SV map from an actual SVI experiment (Sa et al., 2014), as shown in Figure 

4.2. The figures are similar in that a clear gravitational gradient in SV is evident, with 

higher SV in the gravitationally dependent regions of the lung slice. The small 

localised ‘hotspot’ regions from both figures are areas of higher SV than their 

neighbouring regions, originating from locations where the large pulmonary veins have 

crossed the imaging plane. Despite the similarities, it should be noted that the two SV 

maps are not directly (or quantitatively) comparable for several reasons. First, the SV 

map from Figure 4.2 is taken from Sa et al (2014), in which the authors normalised the 

SV range to a 0-1 scale (the normalisation scale is not available), while the simulated 

SV map from Figure 4.13 used absolute SV values. Second, the effect of inter-subject 
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variability, different alveolar ventilation, FRC and tidal volume also needs to be taken 

into account. The healthy female subject studied here is not the same subject from 

Figure 4.2 as CT data and associated information for that subject is not available.   

 

The impact of venous contribution to SV appears to be more important to regional SV 

(Figure 4.13) than at the whole lung level (Figure 4.16). Gradient, mean and relative 

dispersion of SV derived from total signal only increased slightly (by 10%, 2.1% and 

23%) compared to acinar signal derived SV. However, comparison between Figure 

4.13A & B shows that venous contribution impacts the gradient calculation at the 

selected ROI (slice 4). While the best solution to account for the influence of venous 

contribution on SV is to apply a vein vessel mask that allows the identification of 

distribution of major veins, the vein geometry is rarely known. A more likely solution 

is to apply a filter that mask voxels with very high SV, and attribute these high SV to 

the contribution of venous structure. A similar approach was suggested to remove the 

effect of conduit vessels (artery and veins) on measurement of perfusion using arterial 

spin labelling (ASL) MRI (Burrowes et al., 2012).  

4.4.5. Assessing impact of image mis-alignment 

Many forms of image mis-alignments may potentially influence SVI measures, such as 

being unable to return to FRC during imaging, reproducible tidal breath, and any 

motion artifact or shift in body position from the imaging plane. Image registration of a 

highly deformable structure such as the lung tissue is difficult. Simulation of image 

mis-alignment allows quantification of its impact on SV. Inability to return to FRC was 

simulated as a case study of in-plane mis-alignment. This was chosen because in-plane 

resolution is higher at 1.6×1.6 mm2 compared to lower through-plane resolution of 

15 mm. Therefore, the effect of mis-alignment is more prominent in the in-plane 

direction.  

 

Sa et al. (Sa et al., 2014) attempted to quantify the effect of mis-alignment on SV 
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measures by performing image-registration on five normal subjects. SV from 

registered images slightly increased the SV distribution width by 0.04 and amplitude 

by 0.02 of the log scale compared to non-registered images (Sa et al., 2014). The 

mis-alignment effect of the current study appears to be more evident, with an 

interesting observation of an almost ‘systemic’ decrease in SV by approximately 0.04. 

However, the case of in-plane mis-alignment simulated in this study is a more 

exaggerated case with 30% of images experiencing on average 28.4±5.3% increase in 

FRC volume; while Sa et al. discarded and interpolated images that were not at FRC 

during imaging. A possible explanation for this observed decrease in SV may be due to 

the weighted SV contribution from acini with different SV values within a voxel. 

Given the small voxel size, each individual voxel contains many neighbouring acini, 

such that the response of the voxel is the sum of responses of neighbouring acini. The 

response curve of an acinus with higher SV exhibits a rapid shift from 21% O2 to 

equilibrium at 100% O2 values, while the response curve of an acinus with lower SV 

exhibits a slower drift (see Figure 4.4). The overall voxel signal turnover is weighted 

towards the longer tail of the slower signal turnover (slower drift) predominantly from 

the lower SV acinus, than the higher SV acinus. Simulation of in-plane mis-alignment 

can lead to changes in the acini composition within voxels. Thus, voxel SV will weigh 

more towards the lower SV acini that appear in the imaging voxel and result in the 

slightly decreased SV seen. 

4.4.6. Limitations 

The estimated SV gradient and variance (and mean SV) for this subject is small in 

comparison to those obtained from SVI studies, at approximately 0.029 ±0.012 cm-1 

for eight healthy subjects (Sa et al., 2010). Results from this study are not directly 

comparable to those from SVI studies in the literature for several reasons. First, 

subjects breathed at different tidal volume (which influences SV). Second, the subject 

for this study is a petite female with a very small FRC volume. CT lung density 

gradient (which affects V0 and V distribution) for this subject is slightly less than half 
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of the gradient for normal subjects in the same database (Human Lung Atlas), and this 

partly explains the small gradient calculated for this subject. Nevertheless, ground truth 

SV prescribed to the model (input) matches well with model-simulation derived SV. 

Rather than a limitation of the model, it is a reflection of the inter-subject variations. 

The exact size of ventilation gradient calculated for the subject would not influence the 

validity of conclusions drawn from comparison of ground truth SV and simulation 

derived SV, nor would it affect conclusions made on analysis of the assumptions of the 

SVI protocol.
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Chapter 5  

Predicting the effect of Nasal High Flow on a 

patient cohort  

 

In Chapter 4, the ability of the model to represent normal lung function was 

cross-validated against MIGET and SVI protocols. In reality, the lung is never an 

isolated organ; in disease, it involves complex cardiovascular, acid-base, respiratory 

and cerebrovascular interactions in order to compensate for lost function and to 

maintain blood gas partial pressures. In this chapter, a simple model for respiratory 

control is added to the model presented in previous chapters, and the new model is 

applied to data from a clinical setting to study the mechanisms of nasal high flow 

therapy (NHF) on post-cardiac surgery patients. NHF is a non-invasive respiratory 

support therapy, which delivers heated humidified O2 (from 21% to 100%) at high flow 

rates of up to 100 L/min through a high flow nasal cannula (HFNC) device – nasal 

prongs inserted into the nares. NHF therapy is rapidly gaining popularity as an 

alternative means of respiratory support across various populations, ranging from 

pediatrics, post-extubation to do-not-resuscitate patients. While the benefits of NHF 

are well documented in the literature (Dysart et al., 2009; O. Roca et al., 2016; Sotello 

et al., 2015), the majority of the studies are clinical observational studies that speculate 

on how NHF might work to bring about the observed improvement in respiratory 

status. These observation-based clinical studies lack the insights that underpin the 

mechanism(s) attributed to the physiological improvement and cannot quantify the 

relative contributions of multiple cooperative mechanisms. One of the major 

advantages of in-silico modelling lies in its ability to carry out well-controlled 

simulation studies that can evaluate the contribution of each mechanism separately and 
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in combination.  

 

In this chapter, the model developed in Chapter 2 is parameterised to represent the 

individual clinical status of 20 post-cardiac surgery patients and then to predict their 

response to NHF therapy.  

 

The aim of this chapter is twofold: 

1. To assess the performance of the model in a clinical setting and the ability of a 

generalised model to represent subject-specific respiratory response. 

2. To evaluate the likely contribution of each of the hypothesised mechanisms of 

action of NHF therapy to improvements in patient respiratory status.  

 

5.1. Introduction  

5.1.1. NHF and post-cardiac surgery care 

NHF therapy differs from standard cannula delivery of oxygen, because air is delivered 

to the nose at much higher flow (up to 100L/min). Oxygen can be delivered at any 

fractional concentration (in practice from 0.21-1.0) and with either dry or humidified 

air. Figure 5.1 shows an illustration of how the NHF therapy is applied to patients. In 

comparison to face mask delivery of O2 and pressure, HFNC is a more comfortable 

device that provides humidification, prevents desiccation of the nasopharynx, and does 

not impede breathing or talking. NHF therapy is an intermediate form of support that is 

used prior to deciding whether to move onto a more aggressive invasive ventilation 

therapy in acute illness, and as a means of weaning from invasive ventilation across a 

wide range of patient populations. Its increasing popularity is associated with ease of 

tolerance/comfort for patients and reported clinical benefits such as improved 

oxygenation, that contribute to stabilisation of respiratory status of patients in distress 

and prevention of escalation in treatment (Frat et al., 2015; Hernandez et al., 2016; 
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Maggiore et al., 2014; O. Roca et al., 2016).  

 

     

Figure 5.1: Illustration of the components of the Nasal High Flow therapy. The schematic 

presented here illustrates how the therapy is applied to patients, and is adapted from 

(Nishimura, 2015). HFT stands for High Flow Therapy. 

 

NHF therapy is associated with significant improvements in oxygenation, with increase 

in both PaO2 (from 77 to 127 mmHg) and SpO2 (from 95% to 98%) (O. Roca et al., 

2010). Significant increase in PaO2/ FIO2 has also been reported, from a mean of 102 to 

169 mmHg one hour after NHF (Sztrymf et al., 2011). Even though patients on HFNC 

may be on equal or lower FIO2 compared to the pre-NHF therapy setting (face mask or 

low flow nasal cannula), an improvement of up to 30.6% has been reported for 

post-cardiac surgery patients (Corley et al., 2011). In comparison to the consistent 

clinical findings regarding O2 changes, reported clinical findings regarding changes in 

PaCO2 are less consistent, with one study being unable to detect any difference in 

PaCO2 pre and one hour post NHF (Tiruvoipati et al., 2010), another finding a modest 

increase from 39.4 to 42 mmHg (Sztrymf et al., 2011), and some finding decrease in 

PaCO2 under NHF (Braunlich et al., 2013). Significant reduction in respiratory rate 

(RR) has been recorded across various populations, with median decrease from 28 to 
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21 breaths per minute (bpm) (p<0.001) without hypercapnia in Acute Respiratory 

Failure (ARF) patients (O. Roca et al., 2010). Some believe RR reduction is a 

secondary effect as a result of decrease in PaCO2 and/or Work of Breathing (WOB) 

(Corley et al., 2011). This is supported by Vargas et al. (Vargas et al., 2015), who have 

shown a significant decrease in RR when on HFNC compared to non-rebreather masks, 

and a corresponding decrease in inspiratory effort estimated as Pressure Time Product 

(PTP) from 204 to 156 cmH2Os/min. Additional benefits include improved subject 

dyspnoea score (O. Roca et al., 2010), and increased comfort (Tiruvoipati et al., 2010). 

 

NHF therapy is now commonly used in the Intensive Care Unit (ICU) setting to 

provide respiratory support after extubation from mechanical ventilation or as an 

intermediary step before turning to invasive mechanical ventilation. Following major 

surgeries, patients are routinely admitted to the ICU for monitoring as post-surgery 

related complications are frequent. For example, between 40-90% of patients 

undergoing cardiac-related surgery develop pulmonary complications (Pinilla et al., 

1990) and therefore require some form of ventilatory assistance. A major cause of 

respiratory complications in post-cardiac surgery patients is the development of 

atelectasis – collapse of alveoli resulting in loss of ventilation. Atelectasis is described 

to be present in up to 90% of patients following cardiac surgery (Eichenberger et al., 

2002), and its presence can linger for weeks. The exact cause of atelectasis formation 

is still not entirely clear, but based on presumed mechanisms leading to its formation, 

atelectasis can be classified into three groups as: 1) loss of surfactant atelectasis: 

formed due to loss of stabilisation across the alveolar surface as a result of reduced 

surfactant production following anaesthesia. 2) gas reabsorption atelectasis: loss of 

alveolar volume during ventilation with high FIO2, due to movement of O2 from air to 

blood. 3) compression atelectasis: collapse of alveoli due to compression of lung tissue 

by a shifted (relaxed) diaphragm under anaesthetic muscle relaxants. Most atelectasis 

occurs in the supine lung near the diaphragm. Atelectasis in an average patient includes 

15-20% of lung tissue close to the diaphragm and accounts for about 10% of total lung 
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volume (Magnusson et al., 2003). This leads to intrapulmonary shunt and reduced FRC 

(Duggan et al., 2005), which has been observed to reduce by 0.4-0.5 L. Formation of 

atelectasis is affected by BMI and pre-existing disease, among others (Strandberg et al., 

1987; Gunnarsson et al., 1991). The superimposition of post-surgery atelectasis on top 

of existing pulmonary dysfunction leads to significant gas exchange impairment and 

respiratory distress (Groeneveld et al., 2007).  

 

A number of mechanisms have been proposed by which NHF could act to result in 

physiological improvements. A summary of key mechanisms that are hypothesised to 

result in improvement in gas exchange efficiency is provided below.  

5.1.2. Mechanisms of action of NHF therapy 

Nasopharyngeal Washout 

It has been postulated that a principal mechanism of action of NHF therapy is the high 

flow induced washout of CO2 in the nasopharyngeal cavity, which reduces CO2 

rebreathing. The conducting airways are an anatomical deadspace (VD), comprising a 

volume that does not participate in gas exchange. This volume is filled with CO2 rich 

gas at the end of expiration, which is then mixed with inhaled gas in the next 

inspiration. Spence et al. (Spence et al., 2012; Spence et al., 2011) used a silicone 

model of the nasal cavity to show that high flow rates of NHF altered the flow pattern 

within the nasopharynx, where turbulent mixing generated by the cannula enhanced 

CO2 removal. This mechanism mirrors the well documented principles of Tracheal Gas 

Insufflation (TGI), where an endotracheal tube placed inside the trachea provides flow 

to flush out anatomical deadspace (Nakos et al., 1995). A reduction in deadspace by the 

amount of the flushed out volume decreases the VD to VT ratio per breath, allowing 

higher alveolar ventilation so a greater proportion of the VT to participate in gas 

exchange given the same minute ventilation ( �̇�𝑚𝑖𝑛 ). This results in increase of 

ventilation efficiency and reduction of WOB. Dewan and Bell (Dewan et al., 1994) 

supported this hypothesis by showing that NHF was just as effective as TGI in 
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providing improvement in oxygenation in a group of 20 COPD patients during exercise. 

There appears to be a relationship between extent of washout and flow rate, but the 

exact amount of washout for a given flow remains unclear. In a bench study using a 

simplified upper airway model, Moller (Moller et al., 2015) used tracer gas to track 

nasal clearing and proposed a 1.8 mL/s increase in nasal clearing for a 1 L/min 

increase in NHF in his model upper airway.  

 

Some clinical studies have linked this deadspace washout to oxygenation benefits. 

Frizzola et al. found NHF gave a flow dependent increase in PaO2 and decrease in 

PaCO2 with flow up to 8L/min, without significant change in airway pressure (𝑃𝑎𝑤) in 

an oleic-acid pig model of lung injury (Frizzola et al., 2011). This effect was not 

observed in a control Continuous Positive Airway Pressure (CPAP) group, which 

suggests that the effect was due to flow (deadspace washout) rather than pressure. 

Deadspace washout induced PaCO2 reduction has also been linked to reduced RR in a 

group of 10 COPD patients during controlled exercise, compared to a control group on 

low flow O2 therapy (Chatila et al., 2004). Association of deadspace washout with 

improved PaCO2 potentially provides a unique advantage for NHF therapy, since 

absence of hypercapnia is one of the key criteria for ICU patients to remain on 

non-invasive ventilation and to prevent intubation.  

 

Provision of flow dependent positive airway pressure 

The unidirectional high flow delivered by NHF therapy throughout the breathing cycle 

acts against expiratory flow to increase airway expiratory resistance and generate a 

certain level of positive pressure, peaking at end of expiration. Using nasal pharyngeal, 

oesophageal or tracheal pressure measurements as a proxy for airway pressures, 

increased 𝑃𝑎𝑤 has been observed across many studies and populations; for example, 

with recorded values of 0.2-4.8 cmH2O for paediatric patients (Okuda et al., 2014), and 

up to a median of 7.6 cmH2O in healthy volunteers (Groves et al., 2007). Moreover, 

there is a significant linear correlation between flow rate administered and positive end 
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expiratory pressure (PEEP) generated (Ritchie et al., 2011). Parke et al. have estimated 

this as a 1.2 cmH2O increase for every 10 L/min increase in flow rate in a healthy 

volunteer cohort up to a maximum of 8-12 cmH2O at 100 L/min (R. L. Parke, 

Eccleston, et al., 2011). However, observations of the existence and magnitude of 

positive pressure generation by NHF are contradictory and inter-subject variability is 

large. The generated 𝑃𝑎𝑤  depends on a number of factors such as gender, BMI 

(Corley et al., 2011) and location the 𝑃𝑎𝑤 is measured at (oral, nasal, oesophageal). In 

addition, the generated flow rate is dependent on the amount of leak from the system, 

with some studies finding a large reduction in pressure in the open mouth state (from 

2.7 cmH2O to 1.2±0.76 cmH2O at 35 L/min (R. Parke et al., 2009)), and other studies 

finding no detectable pressure generation regardless of flow rate when the mouth is 

open. However, a small sample study did not detect significant difference in pressure 

generation between mouth open or closed states in post-cardiac surgery patients 

(Corley et al., 2011), and a bench model using a neonate manikin found rapid 𝑃𝑎𝑤 

generation even at 50% mouth leak (partial mouth-open state) given an appropriate 

naso-prong to nares ratio (Sivieri et al., 2013).  

 

Using Electrical Impedance Tomography (EIT) to detect changes in lung volume in a 

group of 20 post-cardiac surgical patients, Corley et al. (Corley et al., 2011) confirmed 

the generation of positive oropharyngeal pressure and found variation in 

End-Expiratory Lung Impedance (EELI), which is strongly correlated with 

End-Expiratory Lung Volume (EELV) and thus is used as a proxy for EELV (Hinz et 

al., 2003). Correlation between EELI and 𝑃𝑎𝑤 was r=0.7 (p<0.001). It was found that 

using a HFNC device resulted in a mean increase in EELI of 25.6% (p<0.001) in 

comparison to using a standard low flow device, which suggests comparable increases 

in EELV (proxy for FRC) lung volume from NHF. More recently, there is a growing 

body of evidence that supports the observation of increase in FRC across other 

population groups, with significant increase in EELI seen for a group of 30 male 

COPD patients (Fraser et al., 2016) and in healthy volunteers (R. L. Parke et al., 2015) 

in both supine and prone positions (Riera et al., 2013). This suggests that the positive 



  143 

 

143 
 

pressure developed at the airway does indeed translate into physiological changes in 

the lung that could improve ventilation. The exact mechanisms by which NHF 

increases lung volume are still unclear, but are postulated to be similar to CPAP; where 

the positive distending pressure generated at the nasopharyngeal airway can be 

transmitted through the lung to stabilise alveolar patency and prevent further collapse, 

to recruit previously collapsed alveoli, and/or to further expand partially recruited 

alveoli (Corley et al., 2011; Courtney et al., 2001). By opening previously collapsed 

alveolar units, ventilation-perfusion mismatch (a key contributor to lowering of 

oxygenation) is decreased, thereby improving gas exchange efficiency. In addition, an 

increase in FRC that is associated with avoiding airway closure can also help to 

optimise ventilatory mechanics by increasing lung compliance, i.e. shifting the lung to 

a more compliant portion of the P-V curve. An increase in lung compliance has been 

observed in the neonatal population (Saslow et al., 2006) and has been linked to a 

reduction of both WOB and respiratory rate.  

 

Other Mechanisms 

Actual FIO2 delivered by a standard O2 delivery system is not stable. Patients breathing 

at high flow rate draw in air faster than the rate supplied by the device, resulting in 

dilution of supplemental O2 with room air that is also drawn in. NHF can deliver 

higher flow rates of up to 100 L/min, with the ICU setting usually titrated to between 

30-60 L/min depending on need. Thus, the flow rate of NHF can easily exceed the 

patient’s inspiratory flow demand. This reduces extent of mixing with room air and 

therefore ensures more efficient gas delivery at the prescribed FIO2. Hypopharyngeal 

measurements showed FIO2 delivered at high flow rates approached the prescribed 

FIO2 set by the HFNC device (Ritchie et al., 2011). 

5.1.3. Summary 

Despite the abundance of literature, the relative contributions from these potential 

mechanisms of action of NHF therapy on improvement of patient respiratory status are 
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still inconclusive, and observations varied across different studies. While there are 

some bench studies that have set out to test various hypotheses, it is difficult to isolate 

and evaluate each individual mechanism when multiple mechanisms cooperate at the 

same time. Therefore, a computational model with customisable V/Q mismatch is able 

to offer a unique solution to this problem through representing individual patient status 

within the cohort, and replicating the effect of each mechanism of action. 

5.2. Methods 

5.2.1. Clinical Data 

This study used anonymised clinical data provided by the authors of a previously 

published study (R. L. Parke, McGuinness, et al., 2011). Data was from a patient 

cohort from the Cardiothoracic and Vascular Intensive Care unit at Auckland City 

Hospital. The patients underwent cardiac surgery and were deemed to require 

post-operative NHF therapy by their attending intensive care specialists due to 

symptoms of respiratory dysfunction (R. L. Parke, McGuinness, et al., 2011). Ethics 

approval was obtained from the Northern X Regional Ethics Committee, and written 

consent was waived. FIO2 doses from previous treatment, PaO2, PaCO2, pH, RR were 

recorded prior to commencement of NHF therapy. While in a sitting/semi-recumbent 

position, NHF (OptiflowTM systems, Fisher and Paykel Healthcare Ltd, Auckland, New 

Zealand) were applied with humidifier temperature set to 37 degrees Celsius. FIO2 was 

titrated to patient needs and flow was commenced at 35 L/min upward to a maximum 

of 50 L/min as determined by patient tolerance.  PaO2, PaCO2, SpO2 and pH 

measurements and FIO2 settings for each patient were recorded one hour post NHF 

commencement. These four clinical measures were the key clinical indices of 

respiratory gas exchange status that the model predictions in the current study were 

compared against. Supplementary data included patient characteristics (age, gender, 

height, pre-existing medical condition and whether or not patient escalated on HFNC 

treatment). The cohort recorded have a median age of 65 yo, BMI 30±6.3. Significant 
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co-morbidities were evident in the population, with 26% showing clinically significant 

level of respiratory disease, 21% being current smokers, and 30% displaying signs of 

hypertension.  

 

Exclusion criteria for the current study were: unstable clinical status (marked changes 

in respiratory variables 48 hours after treatment, escalation of clinical status after 

treatment, panic attack or delusion) and severe pre-existing medical conditions that 

affect the lung (including lobectomy, lung transplant, pneumothorax, lung cancer, 

severe asthma, COPD, pleural effusion, hypertension and being a current smoker). The 

rationale of imposing these exclusion criteria can be summarised as: 1) unstable 

clinical status may indicate influence by other clinical factors outside of lung 

physiology; and 2) pre-existing medical conditions listed above would severely restrict 

lung function. Without clinical quantification of the extent of pre-existing lung 

function derangement, they cannot be separated from effects of surgical anaesthesia. 

The sample size of this study included 20 subjects (15 male and 5 female), with a mean 

age of 65.4±13.6 yo, BMI of 31.8±5.7, and mean PaO2 67.4±15.9 mmHg and 

PaCO2 of 38.9±5.1 mmHg pre-NHF therapy. Relevant physiologic data to this study 

are presented in an individual patient demographics table in Table 5.1.  
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5.2.2. Mathematical Model 

Figure 5.2 illustrates the set of mathematical models (centre orange panel) used to 

model the change in respiratory status of subjects while under NHF. A brief description 

of the general modelling approach taken in this chapter is described below, and 

detailed description of each of the model components can be found in Chapter 2 

(Section 2.2). A simplified version of the 3D geometric airway tree taken from a 25 

years old healthy male (same subject used in Chapter 2) is used here to represent the 

generic subject. A tissue mechanics model (Section 2.2.2) was used to simulate the 

posture dependent (supine) deformation of the lung tissues, and that was used as the 

input for the ventilation and perfusion models (Section 2.2.3 & Section 2.2.4) to 

estimate the spatial distribution of ventilation and perfusion throughout the tree 

structure. In the ’modified gas exchange model' (Chapter 2), each inhaled tidal volume 

was distributed through the tree structure, and contained both fresh gas and resident 

deadspace gas, which altered volume and composition of alveolar PACO2 and PAO2. 

At the alveolar-capillary exchange interface, blood CO2，HCO3
- and O2

 values 

progressively equilibrated with alveolar values. Whole lung pH is estimated at the end 

of each breath using the Henderson & Hasselback equation (Hills, 1973). Peripheral 

metabolism involved CO2 production and O2 consumption at specifically preset VO2 

and VCO2 for each patient’s model from the pulmonary venous content. The resulting 

local changes in PaCO2 and PaO2 within the arteries were detected by central and 

peripheral chemoreceptors and stimulated the respiratory drive as described by the 

respiratory control model component. In this modelling framework, a respiratory 

control component from Maggoso & Ursino (Magosso et al., 2001) is incorporated to 

describe the change in respiratory drive due to central and peripheral chemoreceptor 

detection of model-predicted changes in PaCO2 and PaO2. The altered ventilatory drive 

predicts a new minute ventilation that is fed back into the gas exchange model in an 

iterative loop. Multiple iterations are required to reach a steady state (when rate of 

change of PaO2 and PaCO2 for last 5 breaths is less than 0.05). A more detailed 

description of the respiratory control model is presented below.  
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Figure 5.2. Modelling framework to predict subject-specific response to NHF.This figure 

illustrates the structure and relationship between model components in the gas exchange 

modelling framework in order to study subject-dependent response to NHF. Each component 

of the modelling framework (panel enclosed in orange) is illustrated with a box, and filled 

arrows indicate the order in which each component is set and fed into the next. 

Subject-specific parameters used to tune the model to subject-dependent status are enclosed 

by the green panel on the right hand side, and the solid arrows point to the order in which 

these parameters are extrapolated/tuned. Each of the hypothesised mechanisms of how NHF 

works is illustrated in the blue panel on the left side and is imposed onto the modelling 

framework. Unfilled arrows that cross between panels illustrate the model inputs, from 

subject-specific parameters (such as FRC, VD) to potential mechanisms of NHF that is 

imposed onto the model (such as change in FIO2).  
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Ventilation can be modulated by two competing drives in order to match metabolic 

demand, i.e. extraction of O2 from inspired air and elimination of metabolic CO2. 

Changes in PCO2 (hyper/hypo-capnia often experienced in atelectatic lungs) disturb 

arterial acid-base balance, and are detected by central (CCR) and peripheral 

chemoreceptors (PCR) and stimulate ventilatory drive to return to iso-capnia. In order 

to encapsulate auto-regulation properties of the respiratory system in response to 

changes in partial pressures, it is essential to include a description of the effects of CO2 

on the cardiovascular system into the modelling framework. In this study, the model of 

Maggoso & Ursino (Magosso et al., 2001; Ursino et al., 2000a, 2000b) is used to 

describe the effect of CO2 regulation on respiratory drive. 

 

Equation 5.1 describes how central and peripheral chemoreceptors regulate ventilation 

(�̇�) in a linear additive fashion:  

 

 �̇� = �̇�𝑛 + ∆�̇�𝑐 +∆�̇�𝑝 (5.1) 

 

where �̇�  is in L/min,  �̇�𝑛  is the constant baseline value during normoxia and 

normocapnia, ∆�̇�𝑐 is the change from central chemoreceptor stimulation. ∆�̇�𝑝 denotes 

the peripheral chemoreceptor simulated changes, which are described by the 

combination of static response and dynamic first order response: 

 

 𝑑∆�̇�𝑝

𝑑𝑡
=

1

𝜏𝑉𝑝
∙ {−∆�̇�𝑝 +𝑔𝑣𝑝 ∙ [𝑓𝑎𝑐 (𝑡 − 𝐷𝑉𝑝) −𝑓𝑎𝑐,𝑛]} (5.2) 

 

where 𝜏𝑉𝑝  and 𝑔𝑣𝑝  are the time constant and gains of ventilatory response to 

peripheral chemoreceptor stimulation, respectively. 𝑓𝑎𝑐 is the afferent chemo-activity 

in arterial chemosensitive fibres of peripheral response, delayed by time constant 𝐷𝑉𝑝, 

and subtracted from its basal value 𝑓𝑎𝑐,𝑛. 𝑓𝑎𝑐 is influenced by a complex interaction 
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between 𝑃𝑂2and 𝑃𝐶𝑂2on its static peripheral response through the following equation, 

 

 

𝑓𝑎𝑐 =
𝑓𝑎𝑐,𝑚𝑎𝑥 +𝑓𝑎𝑐,𝑚𝑖𝑛 ∙ exp(

𝑃𝑎𝑂2 −�̅�𝑎𝑂2𝑎𝑐
𝑘𝑎𝑐

)

1 + exp(
𝑃𝑎𝑂2 −�̅�𝑎𝑂2𝑎𝑐

𝑘𝑎𝑐
)

∙ [𝐾 ∙ ln (
𝑃𝑎𝐶𝑂2
𝑃𝑎𝐶𝑂2𝑛

) + 𝑓] (5.3) 

 

where 𝑓𝑎𝑐,𝑚𝑎𝑥 and 𝑓𝑎𝑐,𝑚𝑖𝑛are constant maximum and minimum values of afferent 

chemo-activity, respectively; 𝑃𝑎𝐶𝑂2𝑛 and �̅�𝑎𝑂2𝑎𝑐  are baseline CO2 and O2 partial 

pressures, respectively; K, 𝑓 and 𝑘𝑎𝑐 are fitted values. 

 

Central chemoreceptor simulated changes to �̇� (∆�̇�𝑐) are directly related to changes in 

𝑃𝐶𝑂2 in the arterial blood through a time delayed response as in Equation 5.4: 

 

𝑑∆�̇�𝑐
𝑑𝑡

=
1

𝜏𝑉𝑐
∙ {−∆�̇�𝑐 + c ∙ [𝑃𝑎𝐶𝑂2(𝑡 − 𝐷𝑉𝑐) −𝑃𝑎𝑐𝑜2𝑛]} (5.4) 

 

𝜏𝑉𝑐 is the time constant of ventilatory response to central chemoreceptor stimulation. 

𝑃𝑎𝐶𝑂2influence on ∆�̇�𝑐 is delayed 𝐷𝑉𝑐  seconds from its basal value 𝑃𝑎𝑐𝑜2𝑛. 

 

Definitions for all parameters included in the equations of the respiratory control 

model are defined in Table 5.2. All values are taken from existing literature, and are 

explicitly listed. 
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Table 5.2:Definition of variables used for respiratory control model. 

Var Description Value Ref. 

𝜏𝑉𝑝 
Time constant of ventilatory response 

to peripheral chemoreceptors 
13 (s) (Dahan et 

al., 1990) 

𝑔𝑣𝑝 
Gain of ventilatory response to 

peripheral chemoreceptors 
3.6 (l/min s) (Reynolds et 

al., 1973) 

𝐷𝑉𝑝 
Time delay of ventilatory response to 

peripheral chemoreceptors 
7 (s) (Ursino et 

al., 2000a) 

𝑓𝑎𝑐,𝑛 Basal value for afferent chemoreceptor 

activity 

3.6 (s-1) (Magosso et 

al., 2001) 

𝑓𝑎𝑐,𝑚𝑎𝑥 Maximum value for afferent 

chemoreceptor activity 
12.3 (s-1) (Biscoe et 

al., 1970) 

𝑓𝑎𝑐,𝑚𝑖𝑛 Minimum value for afferent 

chemoreceptor activity 
0.834 (s-1) (Biscoe et 

al., 1970) 

�̅�𝑎𝑂2𝑎𝑐  
PO2 at the central point of the afferent 

chemoreceptor response  
45 (mmHg) (Biscoe et 

al., 1970) 

𝑘𝑎𝑐 
Parameter related to the central gain of 

the afferent chemoreceptor response 
29.27 

(mmHg) 

(Magosso et 

al., 2001) 

𝐾 Parameter related with strength of the 

afferent chemoreceptor response to 

CO2 

{

1.78𝑃𝑎𝑂2 > 80
1.78 − 1.2𝑃𝑎𝑂2 < 80
1.78 − 1.640 < 𝑃𝑎𝑂2

 
(Magosso et 

al., 2001) 

𝑃𝑎𝐶𝑂2𝑛 
PCO2 basal value  Subject 

dependent 

(mmHg) 

 

𝜏𝑉𝑐 
Time constant ventilatory response to 

central chemoreceptors  
180 (s) (Dahan et 

al., 1990) 

𝐷𝑉𝑐  
Time delay of ventilatory response to 

central chemoreceptor 
8 (s) (Magosso et 

al., 2001) 
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5.2.3. Model Calibration 

To ensure that the model mimics individual subject behaviour, the model described 

above must first be calibrated to represent the respiratory state of each subject pre-NHF 

therapy. The parameterisation protocol below was performed to align model PaO2 and 

PaCO2 with measured values from each subject. Figure 5.2 illustrates how the 

extrapolated subject-specific parameters (green panel on the right) were used as 

boundary conditions to different components of the modelling framework in order to 

calibrate the model.  

 

1) Patient-specific inputs (FRC, VO2 consumption, PvCO2 and PvO2 and deadspace 

volume) were required as boundary conditions for the model, but were not 

clinically measured in this study. Instead the inputs were estimated based on patient 

demographic data. Population studies have found that these parameters vary with 

subject characteristics such as age, height and gender (Hedenstrom et al., 1985; 

Marek et al., 2009). Equations used for estimation of these subject-specific 

parameters are provided below in Table 5.3.  

 

2) Decreased gas exchange efficiency is known to be associated with normal aging 

(Sorbini et al., 1968) as a result of increased ventilation-perfusion (V/Q) 

heterogeneity (Cardus et al., 1997; Frerichs et al., 2004). Thus, a baseline level of 

V/Q mismatch was prescribed for each subject such that the predicted PaO2 at 

baseline was consistent with the expected PaO2 for the subject’s age. To define the 

subject’s V/Q, first a ‘normal’ V/Q for the healthy 25yo male (Chapter 2) was 

adopted. Perturbation in V was done through the assignment of a perturbation 

factor that initialised at 0.1, such that fractional V of each gas exchange unit was 

altered by the prescribed perturbation factor. Perturbation to Q for each gas 

exchange unit was set to the inverse of the perturbation factor for V. Multiple 

iterations of adjustment in perturbation factor for V and Q (by trial and error) were 

required until predicted and expected PaO2 were within 3% of each other. 
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        Table 5.3:Equations used to estimate subject-specific parameters. 

Variable Equation Ref. 

FRC (L)  (Quanjer 

et al., 

1993a, 

1993b; 

Stocks et 

al., 1995) 

Male 
FRC =

2.34×ℎ𝑒𝑖𝑔ℎ𝑡

100
+ 0.009×𝑎𝑔𝑒 − 1.09 

Female 
FRC =

2.24×ℎ𝑒𝑖𝑔ℎ𝑡

100
+ 0.001×𝑎𝑔𝑒 − 1 

   

Deadspace 

(mL) 

𝑉𝑑 = FRC×41.67 (Hart et 

al., 1963) 

   

PaO2 𝑃𝑎𝑂2 = 106.603 − 0.2447×age (if age > 40) (Cerveri et 

al., 1995; 

Sorbini et 

al., 1968) 

   

PvO2 
𝑃𝑣𝑂2 = 40 −

𝑎𝑔𝑒

8
+5 (if age > 40) 

(Cerveri et 

al., 1995; 

Sorbini et 

al., 1968) 

   

VO2 (ml/min)  Based on revised Harris-Benedict Equation (Mifflin et 

al., 1990) 

Male 
𝑉𝑂2 =

10×𝑤𝑒𝑖𝑔ℎ𝑡 + 6.25×ℎ𝑒𝑖𝑔ℎ𝑡 − 5×𝑎𝑔𝑒 + 5

24×60×5.04
×1000 

Female 
𝑉𝑂2 =

10×𝑤𝑒𝑖𝑔ℎ𝑡 + 6.25×ℎ𝑒𝑖𝑔ℎ𝑡 − 5×𝑎𝑔𝑒 − 161

24×60×5.04
×1000 

 

 

 

3) In a next step, minute ventilation and cardiac output were iteratively adjusted to 

align model-predicted PaCO2 with expected PaCO2 (set at 40 mmHg for baseline) 

for each subject, while maintaining PaO2 from baseline. Upon completion of this 

step, the parametrised model is assumed to represent the state of the individual 

patient before surgery, and is thereafter referred to as the ‘baseline’ model. 

 

4) To mimic post-operative lung function, additional V/Q mismatch was assumed to 

have occurred via atelectasis. Post-operative atelectasis was incorporated into the 
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model by setting some units to have V/Q defects (�̇�=0) in order to mimic the effect 

of alveolar collapse. Post-operative atelectasis is commonly observed in 

compressed dependent lung (Magnusson et al., 2003; Tenling et al., 1998). 

Therefore, atelectatic lung was also preferentially defined in the gravitationally 

dependent lung, but occurring in either left or right lung. The amount of atelectasis 

prescribed to each subject was based on trial and error (with a maximum limit of 50% 

of lung volume (Tenling et al., 1998)), and iteratively adjusted until PaO2 and 

PaCO2 were within 5% of the clinically measured values. At this stage, the model 

was assumed to represent the physiological condition of the patient post-cardiac 

surgery and pre-NHF commencement; this model is thereafter referred to as the 

‘post-surgery’ model.  

5.2.4. Simulating NHF 

Figure 5.2 summarises three proposed mechanisms of NHF considered here: 1. FIO2; 2. 

Nasopharyngeal washout; and 3. Recruitment. A systematic exclusion approach was 

adopted, where each of these three proposed mechanisms was imposed onto the model 

in a specific order (as outlined above) to estimate the impact each mechanism has on 

the respiratory exchange status of the subjects. This order was set based on the amount 

of data available on the respective mechanisms. Assuming the changes in subject 

respiratory status is due to the above three mechanisms, the advantage of this exclusion 

approach is that the effect of mechanisms (such as alveolar recruitment) which have 

little available data and don’t apply consistently across subjects, can be systematically 

isolated and identified from the patient cohort.  

 

After parameterisation of the model (as described in Section 5.2.3), the following steps 

were implemented. 

 

1) After the post-surgery model reached equilibration, the FIO2 level prescribed 

during NHF therapy was applied as a boundary condition to the model inlet. The 
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model was solved for multiple breaths until equilibration for the FIO2. The 

post-surgery V/Q distribution was assumed.  

  

2) Nasopharyngeal washout was represented in the model as a progressive step 

reduction in anatomical deadspace volume (VD). VD was reduced in 5 mL 

increments, up to a maximum of 50 mL. Post-surgery V/Q was assumed, and 

patient-specific FIO2 was used.  

 

3) For those patients for whom the model was not able to predict to within 5% of 

measured partial pressures after steps 1 and 2, the subjects were hypothesised to 

have experienced moderate levels of alveolar recruitment. To impose this 

mechanism, while maintaining FIO2 and deadspace washout effect, a progressive 5% 

of the ‘collapsed’ alveoli were assumed to be recruited, until PaCO2 and PaO2
 were 

within ~5% of measured values.  

 

 

After implementation of each of the mechanisms described in steps one to three, the 

model simulation was allowed to solve till steady state and changes in �̇�𝑚𝑖𝑛, PaO2, 

PaCO2, SpO2 and pH were recorded. Model predicted �̇�𝑚𝑖𝑛 after implementation of 

each proposed mechanisms in steps 1-3 for each patient in the cohort is reported in 

Table 5.4. 

5.2.5. Estimating Work of Breathing 

In order to evaluate the potential effects of nasal washout and alveolar recruitment on 

the respiratory efforts of the subjects, model-predicted alveolar ventilation, deadspace 

volume, FRC, RR and subject dependent variables (such as height, age) were used as 

inputs to estimate the work of breathing for each subject.  
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Table 5.4: Patient specific variables predicted by the model.  
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WOB is the work performed to draw air into the lungs during inhalation and push air 

out during active exhalation. This work is done against three types of load: 1) elastic 

forces that develop in tissue when a change in volume occurs; 2) flow resistance of the 

airways; and 3) inertia that depends on mass of tissue and gases. Inertia forces are 

generally considered negligible and are usually ignored in analysis of WOB (Banner et 

al., 1994). Therefore, the WOB estimated consists of the sum of elastic work (𝑊𝑂𝐵𝑒) 

and resistive work (𝑊𝑂𝐵𝑟). For subjects receiving ventilatory support via NHF, the 

total work done is a combination of work done by the respiratory muscles of that 

individual and the work done by the NHF apparatus (𝑊𝑂𝐵𝑁𝐻𝐹) to facilitate breathing. 

Rather than an estimate of absolute work done, the primary interest of this section is to 

estimate the relative change in WOB and the associated change in RR after NHF 

therapy. It is impractical to determine the 𝑊𝑂𝐵𝑁𝐻𝐹  component given currently 

available information, and has not been done previously in the literature. Here, 

𝑊𝑂𝐵𝑁𝐻𝐹  is assumed to remain constant with RR and not considered in the 

formulation of WOB below.  

 

Assuming expiration is entirely passive; WOB can be estimated by work done during 

inspiration 

  

 𝑊𝑂𝐵𝑡𝑜𝑡 = 𝑊𝑂𝐵𝑒 +𝑊𝑂𝐵𝑟. (5.5) 

 

Assuming a linear relationship in the lung pressure and volume curve, elastic work 

𝑊𝑂𝐵𝑒 is estimated by the area under the P-V curve between resting FRC volume and 

lung volume after tidal inhalation: 

 

 
𝑊𝑂𝐵𝑒 = ∫ 𝑃𝑒𝑑𝑉

𝑓𝑟𝑐+𝑉𝑡

𝑓𝑟𝑐

 , 

= (𝑃𝑒𝑓𝑟𝑐+𝑉𝑡 − 𝑃𝑒𝑓𝑟𝑐)×𝑉𝑡×0. 5, 

 

 

(5.6) 
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where the numeric factor of 0.5 arises from calculating the triangular area under the 

P-V curve and 𝑃𝑒 is the local pressure acting to expand the lung. Pressure (𝑃𝑒) is 

determined by lung volume divided by compliance, where compliance (C) is derived 

from Equation 2.3 from the tissue mechanics model described in Section 2.2.3 as 

 

 
C =

휀𝑒𝛾

6𝑉0
(
(𝜆2 − 1)23(3𝑎 + 𝑏)2

𝜆2
+
(3𝑎 + 𝑏)(𝜆2 − 1)

𝜆4
), (5.7) 

 

where 𝜆 is isotropic stretch, also interpreted as the ratio of current unit volume to 

reference unit volume, set at half of FRC, 𝑒𝛾 = 𝑒(0.75∗(3∗𝑎+𝑏)∗(𝜆
2−1)2, 𝑎 and b are 

constants. In order to model reduced compliance in collapsed lung, atelectic regions 

were prescribed to 10% of baseline compliance at normal FRC for the subject (which 

is specific to their age).  

 

Similarly, an expression can also be formulated for resistive work, 𝑊𝑂𝐵𝑟: 

 

 
𝑊𝑂𝐵𝑟 = ∫ 𝑃𝑟𝑑𝑉

𝑓𝑟𝑐+𝑉𝑡

𝑓𝑟𝑐

 , 

= ∫ 𝑅𝑎𝑤×�̇�𝑑𝑉
𝑓𝑟𝑐+𝑉𝑡

𝑓𝑟𝑐

 , 

=∫ 𝑅𝑎𝑤×�̇�
2𝑑𝑡,

𝑇𝑖𝑛𝑠𝑝

0

 

 

  

 

(5.8) 

 

where the pressure (𝑃𝑟) required to push air through the airways is the product of total 

airway resistance (𝑅𝑎𝑤) and air flow rate (�̇�). Volume can also be represented as the 

integral of air flow rate over time (inspiration time 𝑇𝑖𝑛𝑠𝑝).  

 

Assuming the breathing pattern follows a sine wave 
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 Q(t) = 𝑄𝑚𝑎𝑥 sin 𝑎𝑡,  

 

with frequency 𝑎 related to RR through 𝑎/2𝜋 = RR, (𝑎 = π/𝑇𝑖𝑛𝑠𝑝) and 𝑄𝑚𝑎𝑥 is the 

maximum amplitude of air flow (peak inspiratory), and is determined by 𝑉𝑡 (integral 

of flow over time) and inspiration time: 

 

 
∴ 𝑉𝑡 = ∫ 𝑄𝑚𝑎𝑥

𝑇𝑖𝑛

0

sin 𝑎𝑡𝑑𝑡  , 

= ∫ 𝑄𝑚𝑎𝑥

𝑇𝑖𝑛

0

sin
𝜋

𝑇𝑖𝑛𝑠𝑝
𝑡𝑑𝑡  , 

= [−𝑄𝑚𝑎𝑥
𝑇𝑖𝑛𝑠𝑝

𝜋
cos

𝜋

𝑇𝑖𝑛𝑠𝑝
𝑡]  , 

=
−𝑄𝑚𝑎𝑥×𝑇𝑖𝑛𝑠𝑝

𝜋
(cos 𝜋 − cos 0), 

=
−𝑄𝑚𝑎𝑥×𝑇𝑖𝑛𝑠𝑝

𝜋
(cos 𝜋 − cos 0), 

 

  

  

  

 

 

 

 𝑄𝑚𝑎𝑥 =
𝑉𝑡×𝜋

2×𝑇𝑖𝑛𝑠𝑝
,  

 ∴ 𝑄(t) =
𝑉𝑡×𝜋

2×𝑇𝑖𝑛𝑠𝑝
sin

𝜋

𝑇𝑖𝑛𝑠𝑝
𝑡. (5.9) 

 

Early expressions for resistive WOB assumed constant airway resistance (Otis et al., 

1950; Widdicombe et al., 1963). However, lung volume is known to have an important 

effect on airway resistance (Cormier et al., 1991; Inners et al., 1979) and must be 

accounted for when deriving an expression for airway resistance. As the lung expands, 

the airways are supported by radial traction of the surrounding lung tissue, and airway 

resistance is reduced. There is a linear relationship between lung volume and airway 

conductance (reciprocal of airway resistance, 𝑅𝑎𝑤) (Briscoe et al., 1958). Conductance 

(𝐶𝑜𝑛𝑑) can be written as a linear function of lung volume, where conductance at end 

inspiration equals: 
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 𝐶𝑜𝑛𝑑 = 𝑔𝑐×(𝑉𝑓𝑟𝑐 + 𝑉𝑡) 

= 𝑔𝑐×∫ 𝑄(𝑡)𝑑𝑡
𝑇𝑖𝑛𝑠𝑝

0

+ 𝐶𝑜𝑛𝑑𝑓𝑟𝑐 

 

  

 
∴ 𝑅𝑎𝑤 =

1

𝐶𝑜𝑛𝑑
=

1

𝑔𝑐×∫𝑄(𝑡)𝑑𝑡 + 𝑔𝑐×𝑉𝑓𝑟𝑐
 (5.10) 

 

where 𝑔𝑐 is the linear gradient of increase in conductance with increase in lung 

volume (L). g was set to 28.44 for female and 27.46 for male according to body 

plethysmograph measurements taken by Briscoe & Dubois (Briscoe et al., 1958). 

g×𝑉𝑓𝑟𝑐 is the representation of conductance at FRC volume, 𝐶𝑜𝑛𝑑𝑓𝑟𝑐. 

 

Koch et al. (Koch et al., 2013) formulated an equation to estimate subject-specific 

airway resistance based on a population study of 686 healthy individuals, and the 

reciprocal of the equation is used here to estimate conductance at FRC with units in 

L/s/Pa. 

 

For male: 

 𝐶𝑜𝑛𝑑𝑓𝑟𝑐 =
1

993 + 0.28×𝑎𝑔𝑒 − 4.9×ℎ𝑒𝑖𝑔ℎ𝑡 + 2.1×𝑤𝑒𝑖𝑔ℎ𝑡
  

 

For female:  

 𝐶𝑜𝑛𝑑𝑓𝑟𝑐 =
1

1122.2 + 0.3×𝑎𝑔𝑒 − 0.001×𝑎𝑔𝑒2 + 4.8×ℎ𝑒𝑖𝑔ℎ𝑡
  

 

Substituting Equations 5.9 and 5.10 into 5.8 gives the time dependent expression for 

𝑊𝑂𝐵𝑟, which is added to 𝑊𝑂𝐵𝑒 calculated from Equations 5.6 to provide an estimate 

for WOBtot. The equations were solved in MATLAB.  

 

Predicting ‘Optimal’ RR 

Otis et al. (Otis et al., 1950) have shown that given a particular alveolar ventilation, 

there is an ‘optimal’ respiratory rate (and a corresponding tidal volume) such that the 
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rate of work (WOB per minute) is minimised. Since deviation from this optimal WOB 

increases the energy output of the patient, humans tend to breath at an ‘optimal’ RR 

where WOB per minute is minimised. The existence of this optimal RR was later 

confirmed in humans and animals (Crosfill et al., 1961; G. Milic-Emili et al., 1960). 

Following this concept of minimised rate of work by Otis et al., for the patients that 

were hypothesised to experience alveolar recruitment, RR was incremented in intervals 

of 0.5 beats per minute (bpm) and WOB was calculated for each setting to find the 

‘optimal’ RR (and corresponding tidal volume) for each subject that minimised WOB 

for a given alveolar ventilation Valv (as estimated by the model). 𝑊𝑂𝐵𝑁𝐻𝐹  was 

assumed to be the same for all RR. 

 

5.3. Results 

5.3.1. Model Calibration to Patient Data 

Figures 5.3 & 5.4 provide a comparison between model predictions and clinical 

measures of four respiratory indices for the post-surgery case. Model predictions of 

PaO2, PaCO2, SpO2 and pH are plotted against their respective clinical values in Figure 

5.3. Overall, the model is well calibrated to give predictions very close to the clinical 

values for each patient for all four measures. Correlations between predicted and 

clinically measured values are all above 0.6, with O2 related measures (PaO2 and SpO2) 

in the range of 0.9. There is slightly more variation on the CO2 related measures, with 

correlations for PaCO2 at 0.78 and pH at 0.61.  

 

Percentage errors in model predictions relative to clinically measured values, which are 

calculated as (
modelpredictedvalue−clinicalmeasuredvalue

clincialmeasuredvalue
)×100%,  are plotted against 

absolute clinical values in Figure 5.4. 
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Figure 5.3. Model prediction compared with post-surgery clinical values. Model predicted 

values for A) PaO2, B) PaCO2, C) SpO2, and D) pH, for the post-surgery case, are plotted 

against clinical measures. All correlations between predicted and clinical values are well 

above 0.6. Overall, the model is well calibrated and gives predictions very close to 

clinically measured values for all four measures. 

 

 

For PaO2, SpO2 and pH, model prediction errors for all subjects are well within 3% of 

clinically measured values for each subject. This suggests the model predictions are 

able to represent the oxygenation, CO2 elimination, and blood acid-base status of each 

subject in the post-surgery state. Compared to clinical values, PaCO2 is well predicted 

by the model except for two subjects where the model gave under-estimated PaCO2 

when the clinical values are very high, approaching 50mmHg. PaCO2 predictions for 

all other subjects are within 5% of their clinical values. 
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Figure 5.4. Error in model calibration against post-surgery clinical measures.  Percentage 

errors of model predictions are plotted against their respective clinical measures for the 

post-surgery case. For A) PaO2, C) SpO2 and D) pH, percentage errors in prediction fall 

within 3% of clinical values.  

 

 

As seen from Figure 5.5, there is an increase in predicted minute ventilation for all 

subjects at the post-surgery condition compared to the age-dependent normal state 

(baseline) prediction in step 3 of Section 5.2.3. This increase in �̇� is due to reduced 

oxygen transfer from introduction of atelectasis. Predictions of significant increase in 

�̇�  are reflective of stress on the respiratory status of the subject as their 

cardio-respiratory system attempts to maintain oxygenation. On average, 22.1±5.2% 

(1SD) of the lung volume was considered to be atelectatic in order to match model 

predictions with clinically recorded values. The proportion of atelectasis prescribed to 

each subject is reported in the prediction of patient based variables table in Table 5.4. 
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Figure 5.5. Increase in �̇�𝑚𝑖𝑛  at post-surgery condition.Increase in predicted �̇�  at 

post-surgery condition is expressed as percentage of �̇� predicted from aged-normal state 

(baseline). The increase from �̇�𝑚𝑖𝑛 at post-surgery condition compared to baseline is 

reflective of impaired lung function due to atelectasis. 

 

5.3.2. Mechanisms of action of NHF 

Increasing FIO2 

By adjusting the FIO2 setting of the model to the NHF setting, the model responded 

with increase in PaO2 and decrease in PaCO2 that corresponded to the level of 

increased respiratory support each subject received. Across the subject cohort, the 

model predicted a mean increase of 3.8±4.7 mmHg for PaO2 and a decrease of 

0.33±1.6 mmHg for PaCO2. This was lower than and less variable than that seen in the 

clinical measures with 6.2±10.4 mmHg for PaO2 and -0.6±2.9 mmHg for PaCO2. The 

large standard deviation seen in clinical PaO2 and PaCO2 reflects the range of response 

of subjects to a slight change in FIO2 under NHF as illustrated in Figure 5.6, which 

shows a paired comparison for clinical measures and model predictions for relative 

change in FIO2 (NHF value from post-surgery condition). 
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Figure 5.6. Clinical measures and model predictions for the effect of FIO2. Clinical measures 

and model predictions for A) PaO2, B) PaCO2, C) SpO2, and D) pH are plotted against change 

in FiO2 setting before and after NHF commencement (FIO2 NHF – FIO2 post-surgery 

condition). Model predictions were generated by altering the model’s inlet concentration to 

match the new FIO2 setting for each patient under NHF therapy. The vertical line indicates the 

difference between clinical measures and model predictions for a subject. An interesting case 

is outlined by the green circle, where no adjustment in FIO2 under NHF was made but the 

subject experienced a significant improvement in oxygenation. 
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Accounting for the small error in the model following the calibration step, the model 

was able to reproduce the changes seen in clinically measured PaO2 and PaCO2 (and 

therefore the corresponding SpO2 and pH) for 60% of the subjects within the sample 

(Figure 5.6A & Figure 5.6B). However, the calibrated model was unable to capture the 

changes when a small increase in FIO2 (or no increase in FIO2 for one subject outlined 

by the green circle in Figure 5.6A) resulted in increases between 10-30 mmHg (which 

translates to 22-53% increase from post-surgery condition) in PaO2 and decrease of 

8-12 mmHg in PaCO2. This indicates that other mechanisms contributed to the 

improved oxygenation and improved respiratory status of the subjects, in addition to 

the increase in FIO2. Figure 5.6C and Figure 5.6D show that the same trend is observed 

in both SpO2 and pH. Model prediction of SpO2 showed better match to the clinical 

measures. Points showing substantial difference corresponded to subjects that 

experienced large increase in PaO2 and decrease in PaCO2.  

 

Nasopharyngeal Washout 

Figure 5.7 presents the change in model predicted PaCO2 and PaO2 with increasing 

amount of washout applied to the model in progressive 5 mL increments. There is a 

linear relationship (p< 0.001) between reduction in deadspace volume and increase in 

PaO2 (slope=0.01, r2=0.95, p<0.001) and decrease in PaCO2 (slope=0.04, r2=0.99, p< 

0.001), although the effect is too small to result in significant changes in SpO2 or pH, 

and overall blood acid-base balance. While not directly comparable due to species 

difference, the linear trend is consistent with the findings by Fizzola et al. (Frizzola et 

al., 2011) of a significant linear relationship between flow rate and decreasing partial 

pressure (slope=-0.73) in oleic acid injured piglets. 

 

To assess the impact that deadspace washout could have on improving the gas 

exchange status of subjects clinically, model prediction of PaO2 (Figure 5.8A), PaCO2 

(Figure 5.8B), SpO2 (Figure 5.8C), and pH (Figure 5.8D) at a maximum deadspace 

washout of 50 mL is presented below. Although a linear relationship between increase 
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Figure 5.7. Relationship between partial pressure change and washout. The model-predicted 

change in PaCO2 (A) and PaO2 (B) with increasing amount of washout (applied in 5 mL 

increments). Maximum washout volume is 50 mL. Washout is simulated through scaling of 

the conducting airway geometry in proportion with amount of deadspace reduction. 

 

 

in washout and increased PaO2 and PaCO2 is found, the resulting magnitude of change 

in PaO2 and PaCO2 were very small, as seen from the overlap between model 

prediction when only altering FIO2 and model prediction including 50 mL deadspace 

washout. The mis-alignment between model prediction and clinical measurement 

remains; that is, this analysis suggests that even a maximal nasal washout of CO2 is not 

sufficient to explain the improvement in respiratory status under NHF. Model 

prediction for SpO2 and pH also did not change significantly.   
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Figure 5.8. Model prediction compared to clinical measures post-washout. Model-predicted 

PaO2 (A), PaCO2 (B), SpO2 (C) and pH (D) with 50mL of deadspace washout is compared 

with model prediction from only including altered FIO2 setting and the clinical measures 

made under NHF therapy. 

 

 

Figure 5.9A shows the percentage reduction in model predicted �̇� from predicted �̇� 

before washout, after applying 50 mL of deadspace washout. The model predicted a 

0.26±0.08 L/min decrease in minute ventilation (�̇�𝑚𝑖𝑛 prediction for each subject 

shown in Table 5.4) corresponding to an average of 2.83±0.99 % reduction in �̇�𝑚𝑖𝑛 

compared to �̇�𝑚𝑖𝑛 prediction when only altering FIO2. The decrease in predicted �̇�𝑚𝑖𝑛, 

and small change in partial pressures of PaCO2 and pH are consistent with observations 

of reduced respiratory rate (indicator of ventilation) and no significant change in 

PaCO2 or pH for critical care patients under NHF (Fraser et al., 2016; Okuda et al., 
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2014; Sztrymf et al., 2011). Figure 5.9B also shows the reduction in estimated WOB 

under NHF, plotted against percentage of decrease in �̇�𝑚𝑖𝑛  from post-surgery. A 

decrease in �̇�𝑚𝑖𝑛 brought about a corresponding decrease in estimated WOB, and this 

is consistent with observations of improved inspiratory efforts seen in patients under 

NHF (Chatila et al., 2004).  

 

 

 

 

Figure 5.9. Change in �̇�𝑚𝑖𝑛 and WOB after 50 mL washout. A) Change in model-predicted 

�̇�𝑚𝑖𝑛 after 50 mL deadspace washout is plotted against �̇�𝑚𝑖𝑛 predicted from only altering 

FIO2. The percentage change in �̇�𝑚𝑖𝑛  is quantified as percentage decrease from 

post-surgery �̇�𝑚𝑖𝑛 value calculated using 100×(�̇�𝑚𝑖𝑛 washout –�̇�𝑚𝑖𝑛 FIO2)/�̇�𝑚𝑖𝑛 FIO2. 

B) The percentage change in estimated WOB after washout plotted against change in�̇�𝑚𝑖𝑛 

as a result of washout. Change in WOB is quantified as 100×(WOB washout – WOB 

post-surgery)/WOB post-surgery. 
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Positive Pressure induced recruitment 

As seen in Figure 5.6 & Figure 5.8, after accounting for two mechanisms (adjusting 

FIO2 to NHF setting, and including 50 mL nasal washout), model predictions still 

under-estimated the actual NHF clinical measures for five subjects. A common feature 

for these subjects was that with small or no change in FIO2 brought about a large 

improvement in patient status. This is especially evident in one subject marked by a 

green circle in Figure 5.6A where transferring to NHF without adjustment in FIO2 

increased PaO2 by 15.1% (from 73.3 mmHg at post-surgery condition to 84mmHg 

under NHF). Therefore, one remaining hypothesis (that NHF generated an airway 

pressure (𝑃𝑎𝑤) that induced alveolar recruitment) was tested in these five subjects. As 

shown in Figure 5.10A, including systematic recruitment in the model suggests that an 

average 7.3% recruitment of their post-surgery FRC volume (which translates to an 

average of 23.3% recruitment of previously collapsed atelectatic lung) is sufficient to 

allow these five subjects to reach their clinically measured values. There is a trend of 

requiring more alveolar recruitment for subjects that had more atelectasis at the 

post-surgery condition. The progressive alveolar recruitment resulted in a 

corresponding decrease in WOB estimates for these subjects compared to estimates 

before recruitment, suggesting a reduction in the respiratory load of between 0.2 to 0.5 

J/min as reported in Figure 5.10B. This suggestion of reduced WOB is consistent with 

reports of decreased inspiratory efforts measured in patients under NHF (Rubin et al., 

2014; Vargas et al., 2015).   

 

Operating under Otis’s concept that the breathing pattern is adjusted to minimise WOB 

for any given alveolar ventilation, estimates for WOB were performed iteratively to 

find the optimal RR for each subject. Figure 5.11 shows post alveolar recruitment 

simulation by the model. The model predicted an increase in tidal volume (average 

increase by 23.3 mL, translating to a 4.4% increase compared to predicted post-surgery 

VT) and a corresponding decrease in RR (average decrease of 2.8 bpm, 16.5% 

reduction of post-surgery RR). Collectively, this suggests that the 5 subjects that 

experienced alveolar recruitment adopted a deeper (larger VT) and slower (smaller RR) 
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breathing pattern compared to the breathing pattern predicted for the post-surgery 

condition, which could contribute to reduced sense of dyspnoea and therefore 

increased patient comfort. 

 

 

 

 

 

Figure 5.10. Extent of alveolar recruitment and resultant reduction in WOB. A) Extent of 

alveolar recruitment experienced by subjects (expressed as percentage of post-surgery FRC) 

plotted against the extent of atelectasis. B) Reduction in WOBtot estimate as a result of 

alveolar recruitment. Reduction is calculated as WOBtot estimated post alveolar recruitment 

minus WOBtot at post-surgery condition, expressed in J/min. 
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Figure 5.11. Prediction of RR and VT after recruitment. Prediction of A) tidal volume (VT) 

and B) respiratory rate (RR) after alveolar recruitment compared to model prediction made 

at post-surgery condition. 

 

Figure 5.12 shows comparison of clinically measured values under NHF against final 

model predictions after accounting for effects from all three mechanisms (FIO2, nasal 

washout and alveolar recruitment). Overall, final model predictions aligned very well 

with all four clinical measures under NHF. However, there are three subjects remaining 

where the model slightly over-estimated clinical values, marked by green circles in 

Figure 5.12A and labelled 1-3. These subjects are characterised by having a small 

reduction (1% for subject 1, and 10% for subject 2) or a small increase (5% for subject 

3) in FIO2, which resulted in a decrease in clinical PaO2 (from 63.8-55.2 mmHg, 

76.4-60.4 mmHg and 69.8-65.8 mmHg for subjects 1, 2 and 3, respectively from 

post-surgery condition to NHF setting). PaCO2 and pH for these three subjects were 

mostly stable (Figure 5.12B & Figure 5.12D). Interestingly, SpO2 (Figure 5.12C) for 

these subjects did not drop significantly given the change in PaO2 (94%-93%, 

94.4%-94%, and 93.2-91% for subjects 1, 2, and 3, respectively from post-surgery 

condition to NHF setting). SpO2 for these subjects was well-predicted by the model.  
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Figure 5.12. Final model prediction compared with clinical measures under NHF. Model 

predicted PaO2 (A), PaCO2 (B), SpO2 (C) and pH (D) after all three mechanisms (FiO2, 

nasal washout, and alveolar recruitment) have been applied. The vertical line indicates the 

difference between clinical measure and model prediction for a subject. Green circles mark 

the three subjects (1, 2, 3) where final model predictions were outside the 5% error of the 

clinical measures. 
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5.4. Discussion 

One aim of this chapter is to evaluate whether or not a generalised gas exchange model 

framework can be customised using subject-specific inputs to represent the respiratory 

status of individual patients within a 20 post-surgery cardiac patient cohort; and then to 

evaluate the relative contribution of hypothesised mechanisms of NHF on 

improvements in gas exchange status seen clinically for these patients. The model 

aligned well with subject-specific clinical data, indicating its potential to represent 

individualised response to NHF therapy. Moreover, the model was able to establish a 

cause-effect relationship regarding which mechanism is likely to have improved 

patient respiratory status, as well as how the observed improvement was achieved. 

5.4.1. Can the model represent individual patients? 

Given that no clinical information was provided regarding lung function before surgery 

in terms of tidal volume, minute volume, and cardiac output or FRC, model 

parameterisation was done by using extrapolated values based on published 

relationships during normal aging. Limited data were available for comparison, but 

using the extrapolated variables for calibration, the model gave very good predictions 

of clinically measured PaO2, PaCO2, SpO2 and pH across the entire cohort (Figure 5.3). 

This close agreement between model predicted and clinically measured indices 

suggests that the generalised model can be parameterised to represent individual 

patient status post-surgery. As the current cohort of patients did not include any 

significant co-morbidity that would suggest compromised lung function, here we 

assumed that all observed dysfunction could be attributed to atelectasis. The dataset 

does not provide information as to the extent of atelectasis in these patients. On 

average, 22.1±5.2% of the lung in this cohort was required to be ‘collapsed’ for model 

predictions to align with the four clinically measured values. Although the average 

proportion of atelectatic lung volume is higher than the 10% reported for general 

surgery (Duggan et al., 2005), this proportion is comparable to the 19±10% for 
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Coronary Artery Bypass Graft patients and 21±18% reported for Mitral Valve 

Replacement patients derived from CT density analysis (Tenling et al., 1998); both 

types of surgical patients are included within the cohort of this patient sample.  

 

By adjusting the FIO2 from the post-surgery condition to NHF setting, the model was 

able to account for the change in respiratory gas exchange in 60% of the subjects 

within this cohort (Figure 5.6). Given the small model calibration error, the agreement 

between model prediction in changes in PaO2, PaCO2, SpO2 and pH with actual 

changes seen in these clinical indices suggest the model is able to capture 

individualised response to treatment (via change in FIO2 setting).  

 

This modelling framework using a generalised model that is customised in a patient 

specific manner with subject-dependent inputs therefore allows for the introduction of 

a ‘virtual patient’. The predictive power of this ‘virtual patient’ is limited by the 

amount of subject-specific data available to parameterise it, under the assumption that 

the underlying physiology does not change over the time course of treatment. In 

practice, the respiratory system involves complex processes and interactions that act 

together in disease, and therefore is difficult to model and validate in its entirety. 

Nevertheless, given the minimal amount of clinical information available, the results 

shown in this chapter demonstrate that the model is able to represent the clinical status 

of this patient cohort and predict some of their individualised response to treatment. 

5.4.2. Effect of nasopharyngeal washout 

Given the linear relationship between flow rate and the amount of washout volume 

found in bench studies (Moller et al., 2015), the small linear relationship between 

amount of deadspace reduction and increase in PaO2 and PaCO2 (Figure 5.7) is 

consistent with findings from Frizzola et al. (Frizzola et al., 2011), who showed a flow 

dependence of improvement in PaO2 and PaCO2 in oleic acid injured neonatal piglet 

lungs. The relationship in the pig injury model is sigmoidal with flow-dependent 
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decrease in PaCO2 until a point of saturation upon flushing out all deadspace volume. 

This sigmodal saturation is not observed in the current model, since the maximum of 

50 mL washout is less than the complete anatomical deadspace of an adult lung.  

 

The effect of nasopharyngeal washout appears to manifest in a change in respiratory 

pattern rather than a significant change in pH, decrease in PaCO2 or increase in PaO2. 

At the maximum washout of 50 mL, PaCO2 and PaO2 (Figure 5.8A & Figure 5.8B) did 

not change significantly, and this result is also reflected in the constant pH and SpO2 

that was predicted (Figure 5.8C & Figure 5.8D). This is in contrast to decreased PaCO2 

seen in COPD and IPF patients, which has been attributed to the nasopharyngeal 

washout (Braunlich et al., 2013; Chatila et al., 2004; Fraser et al., 2016), but is 

consistent with other studies that have found constant PaCO2 and pH (Itagaki et al., 

2014; O. Roca et al., 2010; Sztrymf et al., 2011). An explanation for this may lie in the 

difference in PaCO2 levels across the sample populations in the various studies. In 

studies that observed decreased PaCO2 and accompanying increase in pH (towards 

normal pH), the subjects were clearly hypercapnic, some with varying extent of 

respiratory acidosis; one group had a median of 46 (IQR 38.4-52.4) mmHg measured 

by transcutaneous PaCO2 (Fraser et al., 2016), while another group had a mean of 55.7 

mmHg for COPD and 51.5 mmHg for IPF patients (Braunlich et al., 2013). Studies 

that showed more invariant PaCO2 and pH had subjects that displayed similar PaCO2 

to the cohort in this study (PaCO2=38.9±5.1 mmHg, pH=7.4±0.05), with 37(32-43) 

mmHg (O. Roca et al., 2010), 38±5 mmHg (Sztrymf et al., 2012). The reduction in 

deadspace results in less mixing of CO2 at end expiration, less rebreathing of CO2 at 

the next inspiration, and thus an overall better CO2 elimination that brings down 

PaCO2, as seen in the hypercapnic patients in the former group in literature. Given the 

stable PaCO2 and pH of subjects from this cohort, it seems that deadspace reduction 

only acted to reduce work of breathing and �̇�𝑚𝑖𝑛. The model predicted significant 

reduction in �̇�𝑚𝑖𝑛 compared to predictions when only the FIO2 setting was altered 

(Figure 5.9). In addition, the model also predicted a decrease in estimated WOB by 

subject as a result of this decrease in �̇�𝑚𝑖𝑛, which is consistent with decrease in �̇�𝑚𝑖𝑛 
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(Sztrymf et al., 2012) and respiratory rate (Vargas et al., 2015) seen in the constant 

PaCO2 groups. As VD decreased, the VD:VT ratio also decreased, resulting in less �̇�𝑚𝑖𝑛 

required to maintain the same level of alveolar ventilation. Therefore, there is less 

‘wasted’ ventilation and increased ventilation efficiency, which results in reduced 

inspiratory efforts as suggested by the reduced estimate of WOB. While the reduction 

in WOB estimates from the model is not directly comparable to the literature, the trend 

in decreased WOB after nasal washout is consistent with findings of decrease in the 

pressure-time product (used as a proxy for inspiratory efforts) by Vargas et al. in ARF 

patients (Vargas et al., 2015). This nasal washout-induced reduction of WOB is at least 

partly responsible for observations of reduced RR accompanied by no change in 

PaCO2 and pH in patients under NHF therapy (Itagaki et al., 2014; O. Roca et al., 2010; 

Sztrymf et al., 2011). 

 

Because no information on tidal volume or minute ventilation was available, 

respiratory rate was kept constant during the entire simulation at 15 bpm to ensure 

consistency in the model. In reality, there are large inter-subject variations and 

respiratory rate for patients requiring respiratory support. Patients under a certain level 

of respiratory distress are expected to have higher RR than the prescribed value. Given 

that the effect of VD on ventilation is RR dependent, higher RR means a larger 

proportion of ventilation is ‘wasted’. Therefore, for subjects breathing at high RR, the 

same amount of reduction in VD will have a more pronounced effect than that predicted 

by the model. 

 

Additionally, this small population of subjects consists of (age-dependent) ‘normal’ 

subjects, who only have development of anaesthesia-induced atelectasis. In diseases 

such as emphysema, pulmonary embolism or in acute respiratory distress syndrome, 

where physiological dead space is much larger and has a more significant impact on 

gas exchange, the small reduction of deadspace from washout of the nasopharynx may 

have a larger impact on alveolar ventilation than observed here and may result in larger 
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reduction in PaCO2, and/or a larger decrease in minute ventilation.  

 

5.4.3. Positive 𝑷𝒂𝒘 induced alveolar recruitment 

In addition to FIO2, nasal washout and alveolar recruitment, some studies have 

proposed other mechanisms of action of NHF that appear to be beneficial but are not 

included in this study; such as flow induced reduction of nasopharyngeal inspiratory 

resistance (Dysart et al., 2009), and reduction of metabolic cost pre-conditioning 

(heating and humidification of inspired air) (Spoletini et al., 2015). However, the exact 

manner in which they could influence gas exchange is not clear. Reported benefits of 

these mechanisms are more relevant to reduction in work of breathing rather than a 

direct significant improvement in oxygenation (Spoletini et al., 2015).  

 

The unique advantage of an in-silico model is its ability to independently evaluate the 

contribution of each mechanism to improved respiratory status. After accounting for 

two mechanisms proposed to have direct impact on oxygenation, the model predictions 

still under-estimated the oxygenation improvement seen in five of the subjects studied 

(Figure 5.6). Collectively, this suggests that it is likely the significant improvement 

seen in these five subjects was from NHF-induced alveolar recruitment. Studies have 

shown that NHF generates a flow dependent 𝑃𝑎𝑤, which has been hypothesised to act 

in a similar way to CPAP, where the positive pressure is transmitted throughout the 

lungs to recruit previously collapsed alveoli. Positive correlations have been 

established between flow-dependent 𝑃𝑎𝑤 generation, increase in EELV and improved 

oxygenation (Corley et al., 2011; Fraser et al., 2016; Riera et al., 2013). The model 

predicted that an average increase of 7.3% of atelectatic lung FRC (post-surgery FRC) 

was required in these five subjects (with average BMI of 30 kg/m2) to account for the 

improvement in clinical oxygenation under NHF. This is lower than the 13.3% increase 

in EELV (used as a proxy for FRC) for post-cardiac patients with BMI of 25 recorded 

by Corley et al. (Corley et al., 2011). However, because of large subject variability and 



  179 

 

179 
 

influence of factors such as the open-mouth state on varied 𝑃𝑎𝑤 generation reported in 

literature, direct comparison is difficult.  

 

Additionally, the hypothesised alveolar recruitment also reduced the estimation of 

WOB (Figure 5.10B) and respiratory rate (Figure 5.11B) accompanied by a 

corresponding increase in tidal volume (Figure5.11A) for these five subjects. Besides 

improvement in oxygenation and CO2 elimination, opening regions of the lung that 

were previously collapsed also increased FRC and pulmonary compliance to improve 

ventilatory mechanics and therefore reduced inspiratory effort, resulting in the reduced 

estimation of WOB. This reduction in WOB is consistent with reduction in inspiratory 

efforts (Sztrymf et al., 2011; Vargas et al., 2015) seen in patients under NHF. In 

addition, minimisation of WOB occurred at a lower respiratory rate and 

correspondingly higher tidal volume compared to post-surgery condition. That is, a 

deeper (increased tidal volume) and slower (reduced respiratory rate) breathing pattern 

is predicted after alveolar recruitment for these subjects. This was also observed in EIT 

studies of post-cardiac surgery (Corley et al., 2011) and COPD (Fraser et al., 2016) 

patients under NHF, where increase in Tidal Impedance Variation VARt (proxy for Vt) 

that accompanied an increase in EELV (proxy for FRC) was observed. It is likely that 

reduced WOB and slower and deeper breathing pattern as a result of alveolar 

recruitment contributed at least partly to the reduced dyspnoea score (O. Roca et al., 

2010) and respiratory rate (Caruana et al., 2015; Fraser et al., 2016; Sztrymf et al., 

2011; Sztrymf et al., 2012) seen in patients under NHF. This supports observation of 

reduction in dyspnoea and WOB by Rubin et al. (Rubin et al., 2014), whose group has 

reasoned that the reduction seen may be a result of 𝑃𝑎𝑤 induced alveolar recruitment.  

 

There is ongoing debate regarding whether or not NHF-generated 𝑃𝑎𝑤 is sufficient to 

transmit deep into the lungs via PEEP at the alveolar level, and further debate 

regarding its contribution to improvement in respiratory status (Roberts et al., 2015), 

given its dependence on individual variability and amount of leak in the NHF system, 
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and the varied observations across different studies. Following Corley et al.’s finding 

of significant 𝑃𝑎𝑤, increase in EELV and improved PaO2/FIO2 in post-cardiac surgical 

patients under NHF (Corley et al., 2011), a randomised control trial (RCT) was 

conducted by the same group to assess reduction in atelectasis in post-surgery cardiac 

patients with BMI≧30 under NHF against a control group with standard treatment 

(low-flow cannula or face mask). 𝑃𝑎𝑤 and EELV was not measured for this study. 

Interestingly, no difference in extent of atelectasis severity (as judged by radiological 

atelectasis score RAS through chest-Xray) was found between the NHF group 

(mean=2, IQR=1.5-2.5) and control group (mean=2, IQR=1.5-3) (Corley et al., 2015). 

However, assessment of the extent of atelectasis in this study was based on qualitative 

scoring, where a RAS score of 2 correspond to ‘partial atelectasis’ (Richter Larsen et 

al., 1995), without quantification of how much atelectasis was present. The model 

predicted an average 23.3% recruitment of atelectatic lung volume across the five 

subjects to account for the clinical improvement under NHF. That is, on average, 76.7% 

of atelectasis still remained for these subjects. In addition, the RCT study showed no 

improvement in the level of dyspnoea, PaO2/ FIO2, and RR for NHF therapy in 

comparison to standard therapy. This result differs from findings of other studies that 

showed improved oxygenation and inspiratory efforts during face mask and low flow 

oxygen supplement therapy (Chatila et al., 2004; O. Roca et al., 2010; Vargas et al., 

2015). This points to the extent of variability in patient response to NHF across 

different studies, and of the difficulty that clinical observational studies face when 

assessing and establishing causality between possible mechanisms of NHF therapy and 

its resultant clinical effects. Model predictions from the current study suggest that after 

accounting for individual variability, at least some subjects have benefitted from NHF 

generated alveolar recruitment in order to experience the improvement seen in 

clinically recorded indices under NHF.  

5.4.4. Limitations 

One limitation of this study is associated with the information available from the 
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clinical dataset. This dataset did not have information on the distribution of disease or 

the posture information for individual patients (or duration for which the posture was 

maintained for). Therefore, the predicted gravitationally-dependent V/Q distribution of 

a healthy subject (Chapter 2) was adjusted to conform to the characteristic (age, BMI) 

and baseline prediction of individual patients. For consistency, all patients were 

simulated in supine posture, as this seems more likely given these patients were given 

cardiac surgery. This means the distributions of V/Q may not be identical to the actual 

distributions in individual patients, as this information cannot be verified. However, 

model evaluation of the physiological effects of individual mechanisms across the 

patient cohort is expected to be consistent and remain valid despite the 

above-mentioned limitations in the data. 

 

The model under-estimated PaCO2 for subjects who had very high clinical PaCO2, and 

this corresponded to subjects with maximum error prediction for pH (maximum at 3%) 

as well (Figure 5.4B&D). This is due to the nature of the respiratory controller 

component (Magosso et al., 2001) of this modelling framework, which describes 

short-term ventilatory response to changes in arterial O2 and CO2. CCR senses 

elevation of PaCO2 and compensates for this through an elevated stimulation of the 

respiratory drive, essentially stimulating a sustained hyperventilation phase to reduce 

PaCO2 and prevent the occurrence of hypercapnia that is seen in the clinically 

measured values. This is evident from Figure 5.5, where two subjects (with PaCO2 

under-predicted by the model) show significant increase in �̇�𝑚𝑖𝑛  at post-surgery 

condition of up to 86% compared to baseline (aged-normal) state �̇�𝑚𝑖𝑛. In reality, 

patients presenting with significant hypercapnia and acidosis (as shown in their pH of 

around 7.25) are likely to have other accompanying changes in their metabolic system, 

and/or alterations to PaCO2-[H
+] relationships which will result in impaired respiratory 

drive and altered sensitivity to PaCO2, and in turn they would alter steady-state resting 

�̇�𝑚𝑖𝑛 and PaCO2 (Lindinger et al., 2012).. 
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For a small number of subjects, the model under-estimated the decrease in clinical 

PaO2 that occurred for a small adjustment in FIO2 under NHF. A particular case is 

when a 5% increase in FIO2 resulted in a measured 4 mmHg decrease in PaO2 while 

SpO2, PaCO2 and pH remained reasonably stable. This cannot be predicted by the 

current model. Given an increase in FIO2, the ‘virtual patient’ will respond positively 

with a steady state prediction of improved gas exchange status. However, a real patient 

cohort may exhibit large inter-subject variability in response to the same treatment 

since the patient responses can be influenced by many factors. These subjects may 

have been affected by factors that were not documented in the clinical data provided, 

or could be experiencing a transient state during which the clinical measures were 

taken.
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Chapter 6  

Conclusions  

 

This thesis set out to achieve the two objectives outlined in Section 1.2, in order to 

contribute to the overarching goal of development of a comprehensive respiratory 

system model that can be used to aid clinical decision making. This chapter provides a 

summary of how this thesis addressed these objectives and concludes on major 

findings generated from this research.  

 

6.1. Summary of objectives 

Objective 1: to extend and develop a dynamic, predictive model of the interdependent 

lung gas exchange process, taking into consideration the compromise between 

complexity and feasibility; and validate its ability to accurately predict lung gas 

exchange qualitatively and quantitatively within a respiratory system modelling 

framework. 

 

A dynamic model of interdependent gas exchange was developed through empirical 

fitting of data generated from biophysically based expressions. Structural complexity 

and feasibility was assessed to capture the essence of lung function, and the resulting 

model was incorporated to form a multi-scale gas exchange model. Descriptions of 

respiratory control and novel estimation of work of breathing were also added to 

extend the respiratory system model. The ability of the resultant framework to predict 

gas exchange was validated using different experimental simulations under various 

lung states throughout this thesis. Chapter 4 used in-silico simulation of 

‘gold-standard’ MIGET and the high resolution imaging technique SVI to provide 
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validation for model prediction of whole lung and regional gas exchange 

irrespectively for normal human lung. Chapter 5 applied the model framework to a set 

of post-cardiac surgery patient data, and showed it was able to be parameterised to 

represent individual patient gas exchange status pre-NHF therapy that aligned with 

clinical data. 

 

Objective 2: to demonstrate the scalability of the gas exchange model and its 

applications  

 

Three of the studies in this thesis were specifically designed to apply the model 

framework developed to facilitate the interpretation of experiments. Different 

formulations of the lung model were chosen to best fit the specific purpose of the 

studies.  

 

Specifically, Chapter 3 evaluated the relative contribution of proposed mechanisms of 

passive V/Q matching in normal lung, given the discordance in conclusions drawn 

from different experimental methodologies regarding the predominant mechanism 

that is responsible for efficient lung gas exchange. An in-depth analysis of the 

structure-function relationship within the lung required the complete structural detail 

of the lung. Part of Chapter 4 was dedicated to testing and defining the limits of 

physiologic interpretation of the SVI method and to inform its further 

development/application to image diseased lung states, through the in-silico 

simulation and examination of three key underlying assumptions of the technique. 

The complete geometric structure was utilised in this chapter in order to provide a 

high resolution estimate of regional SV comparable to the resolution obtained using 

the SVI technique. This complete structure was simplified and scaled down to a 200 

unit representation of the generic lung in Chapter 5, to allow geometric 

parameterisation and scaling with individual patient demographic information. An 

additional benefit of the chosen scale of lung representation is that it allowed 

interactive feedback within the respiratory system for adjustment of ventilatory 
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control to be feasible. This simplified representation of the respiratory system model 

was applied to demonstrate its potential for clinical application, through the prediction 

of individual patient response to NHF therapy and evaluation of hypothesised 

mechanism of action of the therapy.  

 

6.2. Conclusions 

Structural simplification and empirical representation were used to develop a dynamic 

model of the interdependent O2 and CO2 gas exchange process in Chapter 2. The 

resulting equations were coupled to existing descriptions of tissue mechanics, 

ventilation and perfusion to form a multi-scale model framework to predict lung gas 

exchange.  

 

In Chapter 3, the multi-scale modelling framework was coupled to a simplistic 

description of steady state gas transfer to investigate the structure-function 

relationship of lung gas exchange in a healthy human subject. A ‘leave-one-out’ 

approach was adopted to systematically evaluate the relative contribution of 

gravitational and structural mechanisms to passive V/Q matching and efficient gas 

exchange as suggested by different experiments.  The results of this chapter 

demonstrated: 

 

• During zero-gravity conditions, inherent tissue property and mirroring 

geometric structure of airway and arteries dominates V and Q distribution to 

ensure efficient gas exchange 

• Under normal gravitational loading, the shared gravity induced tissue 

deformation, compliance and weight of blood is the predominant mechanism 

for passive V/Q matching. 

 

In Chapter 4, the full lung structure was used in the multiscale gas exchange model to 



186   

 

 
 

perform in-silico simulations of the MIGET and SVI experiments, and used to aid the 

examination of underlying assumptions of these experiments. This chapter showed: 

 

• Simulated MIGET recovered accurate lung V/Q distributions using model 

predicted R and E data, and showed the model was able to predict gas 

exchange at the whole lung level under various circumstances. 

• High resolution SV estimates derived from model simulation of SVI was 

comparable to ground-truth SV, and provided validation for the model’s ability 

to predict regional gas exchange in normal lung. 

• Examination of three underlying assumptions of SVI revealed that SV from a 

single sagittal lung slice was representative of SV of the normal lung; the 

venous circulation altered perceived MR signal and regional SV that needs to 

be filtered; and mis-registration decreased SV prediction as shown by an 

example of in-plane mis-registration simulation. 

 

In chapter 5, description of respiratory control and a novel formulation of WOB were 

incorporated into a simplified lung structure to form a respiratory system modelling 

framework. This coupled system was applied to predict individualised response of 20 

post-cardiac surgery patients under NHF therapy; and evaluate the potential efficacy 

that hypothesised nasopharyngeal washout and alveolar recruitment mechanisms have 

on clinically observed benefits.  Important findings of this chapter were:  

 

 The generalised model framework was able to be parameterised to represent 

individual patient status and gave predictions consistent with clinical data to 

altered FiO2 setting during non-invasive ventilation. 

 Linear relationship was found between nasopharyngeal washout volume 

applied and model predicted improvement in clinical measures. Reduction in 

work associated with breathing was also predicted, consistent with clinical 

observation studies.  

 Introduction of 𝑃𝑎𝑤 induced alveolar recruitment was necessary for model 
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predictions to be consistent with clinical observations in some patients 

post-NHF. Accompanying reduction in RR and increase in Vt were also 

predicted, and suggested flow generated 𝑃𝑎𝑤 induced alveolar recruitment 

must have benefitted some patients.  

 

6.3. Future work 

In addition to the limitations discussed at the end of each chapter that could be 

addressed, the thesis has brought to attention a number of potential areas which could 

be further developed to advance the overall aim of development of a comprehensive 

respiratory system model framework.  

 

• Simulations of MIGET and SVI in Chapter 4 were on healthy human subjects 

obtained from the Human Lung Atlas database. Simulation could be extended 

to study the ability of these two experiments to detect and represent diseased 

lungs, especially for the case of SVI, which has not been applied to image 

diseased lungs previously. 

• Model parameterisation to patient data in Chapter 5 was performed with the 

limited clinical information that was routinely available. Large parts of the 

dataset were excluded due to absence of information on extent of pre-existing 

conditions. There was no recording of breathing pattern, nor any proxy for 

airway pressure changes during NHF therapy, such that efficacy of the 

alveolar recruitment mechanism could only be inferred. Clinical data collected 

in these areas could facilitate confirmation of the recruitment mechanism and 

allow a population study that can potentially differentiate between patients that 

may or may not benefit from the various mechanisms of NHF therapy. 

• Ventilation to each gas exchange unit was taken as the time-averaged value 

across a breath, whereas flow and pressure are known to change throughout 

the breath. Ideally, this time dependent ventilation should be included in the 
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description of the respiratory system, with gas exchange estimated at each 

time step.  

• Components of the respiratory system never work in isolation, but instead 

form an interactive feedback loop where changes in one component will 

influence properties of the other. This is similar to where local changes in gas 

exchange causing changes in ventilation defects that likely lead to a hypoxic 

vasoconstriction response of the vasculature and changes in perfusion; this is 

not currently included in the model. Atelectasis would lead to changes in 

tissue properties that would in turn affect both ventilation and perfusion 

distributions within the lung.  
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