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Abstract 

Mechanical ventilation (MV) is a fundamental, core treatment for both daily and critical care 

in hospitals. Patient-specific lung condition varies significantly due to patient-specific response 

to the wide range of lung disease and dysfunction. In response, ventilator settings are currently 

set primarily by clinician experience around broad guideline approaches. They are thus not 

standardized, and often non-optimal. Technologically, the response has been to design a far 

broader array of MV modes promising better treatment, but leading to more uncertainty in care 

and no big change in patient outcomes. All of these uncertainties result in higher morbidity and 

mortality than if care was personalized.  

 

Personalizing care requires greater insight into time-varying, patient-specific lung condition 

and response to MV care. Mathematical models offer the opportunity, in combination with 

clinical measured data, to enhance the understanding of patient-specific lung mechanics. A 

predictive model would allow optimization of MV settings, while minimizing risk to the patient. 

However, such models and the data available from the ventilator are relatively limited.  

 

This thesis studies a well-validated lung mechanics model and extends it with physiological-

relevant basis functions to enable prediction over MV care settings. It yields accurate 

predictions for lung mechanics responses to changes in ventilator settings and thus enhances 

understanding of patient-specific lung mechanics.  

 

The thesis also addresses over-distension, a leading cause of ventilator induced lung injury, 

which increases length of MV, length of stay, morbidity, mortality, and thus cost. The 

mechanics relevant digital-twin model and methods are extended to account for the potential 

appearance of distension in measured pressure-volume (P-V) loops. The new model with basis 
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functions accurately detects and predicts excessive airway pressure resulting by over-assistance 

from ventilators. It also accurately captures and predicts the retained volume, denoted the 

dynamic functional residual volume (Vfrc), as positive end expiratory pressure (PEEP) changes. 

This model-based approach is further extended to create a non-invasive, predictive over-

distension index to assess lung condition and MV settings breath-to-breath, which is also much 

more intuitively understandable than the only current validated metric.  

 

Finally, spontaneous breathing effort and assisted breathing MV modes are considered. The 

digital-twin model and estimation methods are explored and combined for these partial support 

MV modes. The results show the model fits well and has the ability to identify physiological 

features from patient effort during breathing. Thus, the model is taken from fully supported 

ventilation to include assisted and partial support modes. 

 

Overall, accurate predictions in patient-specific lung mechanics are important and promising 

in MV care. Each area studied in this thesis is validated using clinical data and shows model 

efficacy in optimizing care, while minimizing risk. The combination between well-validated 

lung mechanics models and physiological-relevant basis functions provides novel insights for 

future research advancement for safe and optimal clinical care. The models and methods 

presented offer capabilities of capturing and predicting lung mechanics response under multiple 

MV modes no other research has yet realized, and provide a platform for future personalized 

care and improved outcomes at reduced total cost. 
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1 Introduction 

The lungs are the primary organs of the respiratory system. The entire system is similar to an 

upside-down tree structure, beginning from the trachea, the Y-shape thickest tube into the left 

and right lungs (diameter ~2-2.5cm [1]), to the tiniest alveoli, where oxygen is exchanged for 

carbon dioxide in the process of gas exchange [2]. Normally, adult lungs contain millions of 

alveoli [3] and normal breathing ensures enough oxygen to meet physiological demand. 

However, respiratory illnesses impair this process and increase risk of respiratory and other 

organ failure due to restricted gas exchange and concomitant drops in oxygenation [4, 5]. 

 

Mechanical ventilation (MV) is the core therapy for patients suffering from life-threatening 

respiratory failure or unable to breathe by themselves due to lung injury, or as a result of 

diseases, such as pneumonia, acute respiratory distress syndrome (ARDS), or Covid-19, for 

example [4, 5]. MV is used to support the work of breathing, ensure adequate gas exchange, 

and recruit or maintain pulmonary volume to remain open at the end of expiration [4, 6-9]. 

However, suboptimal MV settings can lead to over-distension and other forms of ventilator 

induced lung injury (VILI), all of which increase morbidity and mortality [4, 8-13]. To avoid 

harmful effects, lung protective MV settings and strategies have been proposed [11, 14-17].  

 

To offer protective ventilation, avoid over-distension, and minimize risk, it is critical to monitor 

MV variables such as plateau pressure (𝑃𝑝𝑙𝑎𝑡), fraction of inspired oxygen (FiO2), positive 

pressure, and other ventilator settings [18-21]. They are convenient due to their ability to be 

obtained directly from ventilator [22, 23]. However, while acting on some variables, such as 

limiting 𝑃𝑝𝑙𝑎𝑡 (≤ 30cmH2O [24, 25]) and tidal volume (≤ 6ml/kg predicted body weight [4, 26]), 

have proven effective to lower the risk of over-distension and mortality [15, 27, 28], the 

individual roles and interaction of these variables are still debated [29, 30].   
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Severe lung dysfunction and diseases, such as VILI and ARDS, can significantly change lung 

condition and mechanics, increasing the variability and difficulty in optimizing MV support. 

For example, decreased lung compliance (increased lung stiffness or elastance) is one key 

outcome, and is attributed to the reduction of airspace volume caused by inflammation, 

surfactant function impairment, and fluid generated in alveoli [31]. Heterogeneous alveoli 

condition means some receive adequate support, others receive too little support to support 

adequate oxygenation, and others may receive excessive support leading to both poor 

oxygenation and over-distension [32]. Figure 1.1 illustrates the impact of this heterogeneity 

and its outcome impact, which makes optimal, patient-specific support difficult to obtain with 

current ventilator measurements and data. 

 

 

Figure 1.1: Schematic representation for healthy alveoli with normal support. Stiffer alveoli 

with normal support and excessive support (over-distension resulted).  
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1.1 Common MV Modes in Clinical Care 

Multiple MV modes exist in clinical care, chosen by patient needs, clinician preference, and 

specific mode features [32-34]. Volume-controlled ventilation (VCV) is one widely used fully 

controlled ventilation strategy [35-37]. It delivers a constant airway flow into patient lungs to 

guarantee a certain amount of tidal volume [5, 7]. It allows clinicians to control tidal volume 

directly, eliminating volutrauma, but they need to be alert to the resulting peak inspiratory 

pressure (PIP) and barotrauma [35, 38]. In essence, the clinician specifies the volume, but 

cannot control the resulting pressure, which depends on lung stiffness in response to the set 

volume given. 

 

In contrast, pressure-controlled ventilation (PCV) sets a desired airway pressure profile and 

driving pressure (difference between PIP and positive end-expiratory pressure, PEEP) [24, 33, 

39]. To avoid overshoot of airway pressure, an appropriate deceleration of input flow is often 

applied [24, 39, 40]. Thus, the resulting tidal volume can be variable in PCV instead of PIP in 

VCV mode, increasing the risk of VILI [38-41]. Thus, for this case, the clinician specifies the 

pressure, but cannot control the resulting volume, which, again, depends on lung stiffness in 

response to the set pressure given. 

 

Partial or assisted support MV modes are designed for patients with less severe lung condition, 

allowing patient-triggered spontaneous breathing [5]. Pressure support ventilation (PSV) is a 

support mode delivering constant driving pressure and cycled by patients [42, 43]. While being 

broadly used [44, 45], asynchronous breaths, or asynchrony, can occur due to the mismatch 

between patient effort and delivered support, where asynchrony is associated with higher 

mortality [46, 47]. Neurally adjusted ventilatory assist (NAVA) is a novel and newer MV mode 

delivering proportional breath support according to patient effort reflected by measured 
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electrical activity of the diaphragm (EAdi) signal measured from the endotracheal tube (ETT) 

[44, 45, 48]. It has proved effective in lowering the asynchrony index compared with PSV [44, 

49, 50] and improving weaning success rate [45]. 

 

Currently, a greater and wider variety of ventilation modes are being designed to provide better 

and more intelligent support for patients in different conditions [51, 52]. While new MV modes 

are novel and attractive, few deliver significant improvements on patient care or outcomes. 

Equally, little evaluation has been done to consider how best to improve MV care. The pitfalls 

of fundamental MV modes are known, but they still also offer significant advantages, which 

explains their continued extensive use. 

 

Thus, the key questions surround how best to use these MV modes and ventilation in general. 

As noted, the key element is lung stiffness, which is not effectively or necessarily accurately 

measured at the bedside. Equally, the lung elastance changes with positive pressure settings 

[53-56] as the retained lung volume changes with positive pressure [54, 57] Thus, there is a 

need to identify patient specific markers, but also the need to predict what will happen as 

positive pressure and other critical MV settings change. These markers and models are not yet 

available. However, readily obtaining them would allow a transition from current “one size fits 

all” MV care to a more patient-specific and personalized “one method fits all” form of care, as 

has been done in other areas [58-60]. 

 

 

1.2 Problem Statement and Clinical Tools 

Currently, an optimal PEEP level for patients is commonly defined as the best compromise 

between recruitment and over-distension [26, 61-63]. However, the ability to determine 
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optimal PEEP and MV settings, and when to change them leads to variability and non-optimal 

care [5, 12, 64-66]. Thus, to monitor the patient-specific lung status, computed tomography 

(CT) imaging is the ‘gold’ standard to assess MV settings and guide treatment [18, 67], as well 

as other imaging tools [68, 69]. However, radiation dose, and its inconvenience and cost at the 

bedside, attenuate its clinical application [5, 67].  

 

More recently, a new clinical tool, electric impedance tomography (EIT), offers a non-invasive 

imaging modality to assess lung status which can be applied at bedside [71-74]. However, 

limitations still exist [69-71], such as imaged regions and electrode dislocation requiring 

regular adjustment. In addition, it is still a new technology requiring further systematic studies 

and well-documented guidelines before regular clinical use [70]. 

 

Direct monitoring on respiratory muscle relaxations and contractions, EAdi is measured, one 

extensively used method to monitor and study respiratory muscles activities with multiple 

electrodes and an endo-tracheal tube [26, 74, 75]. While effective and reliable, proper 

positioning and regularly adjustment are necessary to ensure correct recordings [76], requiring 

more clinician-involved work and training, and leading to greater variability in care and (thus) 

outcomes. Other clinically adopt signals, such as esophageal pressure (Pes) [77, 78], have 

similar technical concerns [75, 77, 79]. Most signal monitoring methods require intubation or 

additional devices, and thus less comfort and convenience for clinical use, as well as added 

cost and invasiveness.  

 

Non-invasive, derived variables from ventilators are meanwhile studied to offer better or 

equally effective respiratory muscle activities monitoring while minimizing cost and 

inconvenience [78-82]. WOB (work of breathing) and PTP (pressure-time product) are 
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considered capable of assessing respiratory effort [77]. However, most of them, including 

WOB and PTP, are recommended to be calculated using Pes or Pdi (transdiaphragmatic 

pressure) instead of airway pressure [77], which thus still requires invasive maneuvers and/or 

measurements, adding cost and complexity, and thus risk.  

 

Compliance, the most common used and accepted variable to assess lung conditions, is a simple 

calculation with airway pressure and tidal volume [17, 83]. While maximum compliance 

yielded by PEEP selection is considered as optimal choice [62, 84, 85], this maximum value is 

a comparative value and thus can only be found after multiple clinical treatment steps, where 

injury may incur.  

 

Meanwhile, to assess the alveolar over-distension, Fisher et al [86] proposed to examine the 

ratio of the last 20% of inspiration compliance (C20) over the total compliance (C), while a 

value of C20/C < 0.8 is suggested to indicate over-distension (excessive support and high risk 

in inducing VILI). However, it was tested with infant lungs and a calculation revision was 

suggested [87]. Another elastance (the reciprocal of compliance) ratio, %E2, identified via a 

volume-dependent single compartment model (VDSCM), was suggested as a more robust 

measurement method than C20/C to determine over-distension with a value greater than 30% 

[88]. However, research suggests %E2 is only useful in uninjured lungs [89] and the threshold 

value for over-distension is debated [90, 91]. These outcomes show how ventilator measured 

elastance (compliance) values are not necessarily accurate to what happens in the lung, and 

none of those noted here are predictive or able to be predicted from current MV settings and 

measurements. 

 

Some approaches set PEEP to avoid over-distension and VILI. Stress index (SI), a unit-less 
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value identified from airway pressure waveforms, is proposed as an over-distension indicator 

to guide PEEP adjustment in [92, 93]. It suggests a concave shape in the pressure waveform 

P(t), resulting in SI > 1.1, indicates over-distension, while a convex shape of P(t) with SI < 0.9 

indicates a high portion of non-aerated alveoli in lungs [94]. Recent studies, validated with 

clinical patient data, suggest the non-injurious SI range to be adjusted to 0.95-1.05 [92, 95]. 

Although controversial opinions existed, research with physiological evidence provides 

confidence in use even if the value is not representative of a MV setting or measurement and 

is thus non-intuitive [93, 94, 96]. Equally this metric is limited to VCV mode with constant 

flow, and thus not extensible. 

 

There are thus clear gaps in the ability to detect and monitor patient-specific lung condition, 

particularly in real-time, especially for over-distension and other risk factors. As a result, 

research has not yet delivered the ability to safely guide care to minimize the risk of VILI. The 

risk of VILI, and resulting extended length of MV and mortality mean it is critical to be able 

to detect and predict the likelihood of its occurrence. What is required is a means of predicting 

these outcomes before they occur, which is before MV settings are changed. In turn, this 

requirement shows the necessity of finding the right, easily measured metrics for VILI and lung 

condition. 

 

 

1.3 Lung Mechanics Models  

Mathematical model-based methods, one means of personalizing care [59], are proposed to 

estimate patient-specific lung condition. Models also offer the ability, when personalized, to 

predict the patient-specific lung mechanics response over MV setting changes. As a result they 

can be used to provide guidance for clinicians to optimize and personalize care [53, 58, 97, 98].  
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Several models have been developed for lung mechanics, some including gas exchange [6, 26-

28]. However, they are mostly simulation based analysis, not capable of suggesting a suitable 

MV setting in clinical use. In short, they lack predictive capability and/or are too complex to 

personalize.  

 

In the last two decades, several complex models have been proposed, and can effectively 

capture a large range of observed nonlinear pulmonary dynamics [59, 99-106]. However, their 

complexity means they suffer poor or non-identifiability [59, 60], and are often too complex to 

identify or apply at the bedside [107-113]. They are thus limited or fully restricted in their 

potential for clinical application.  

 

In addition, there are simpler black box models. However, black box models require large 

amounts of data to train and may lack the ability to capture or describe all physiological features 

in various situations [98, 112, 114]. Equally, training sets provide a model representative of a 

cohort and are thus not a personalized solution. More importantly, physiological relevance is 

important because it supports clinical confidence and use and provides further insight to clinical 

end-users [60, 115], which these black-box models cannot offer. 

 

Stochastic models have been proven effective and accurate in predicting changes in the 

sensitivity of insulin to avoid hyperglycaemic and hypoglycaemic episodes [29-33]. They have 

also been extended to some lung mechanics and MV case analysis [116, 117]. However, this 

stochastic approach lacks the ability to adjust changes in multi-dimensional models, such as 

those seen for the lung mechanic model with changes in elastance, resistance and PEEP levels. 

Recent studies based on non-linear autoregressive (NARX) models have shown the ability of 
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black-box models to accurately predict the lung mechanics response during a recruitment 

maneuver (RM) [98, 112].  

 

Finally, some models of all types capture lung mechanics well with good personalization of 

parameters, but are poor in predicting the response to changes in care [118-120]. Thus, they 

offer potential, but lack the means to offer guidance to clinicians, suggesting the identified 

parameters may not be correct. However, accurate prediction is a major need in guiding and 

improving the safety and efficacy of clinical MV treatment [121-123], and very few models (to 

date) have this ability [7, 58, 97, 124]. Therefore, there is a need for simpler, identifiable, 

physiologically relevant models which can not only estimate lung mechanics but also offer 

accurate predictions to changes in care by capturing the evolution of lung mechanics, 

particularly lung elastance (1/compliance), as MV parameters change [60, 61]. 

 

 

1.4 Elastance (Compliance) Identification 

Elastance can be identified and calculated in multiple ways to suit a wide variety of proposed 

lung mechanics models and available clinical signals. These methods can be broadly grouped 

into one-constant-over-breath [126-128], multi-constants over separated segments, usually 

inspiration and expiration [59, 115, 129, 130], and identification of a series of constant values 

over a breath or time-varying [54, 57, 122, 131, 132] methods. All these methods exist within 

the context of model identifiability, where many lung mechanics models, particularly nonlinear 

models, are not fully identifiable [109, 110, 133-136]. In this section, a few methods to 

calculate and identify these three types elastance values are introduced to provide context for 

the work in this thesis, and are not a complete overview of such methods or models. 
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 Conventional Calculation 

Dynamic compliance (𝐶𝑑𝑦𝑛) is one commonly used and reliable variable in clinical, while 

maximum dynamic compliance (minimum elastance) is considered as an optimal choice [62, 

84, 85]. It focuses on the overall changes of three key values regardless of the nonlinear 

pulmonary mechanics (one-constant-over-breath), defined: 

 

𝐶𝑑𝑦𝑛 =
1

𝐸𝑑𝑦𝑛
=

𝑉𝑇
𝑃𝐼𝑃 − 𝑃𝐸𝐸𝑃

(1. 1) 

 

where 𝑉𝑇  is tidal volume (L), PIP is peak inspiratory pressure (cmH2O), and PEEP is the 

positive end expiratory pressure (cmH2O). 𝐸𝑑𝑦𝑛 is the reciprocal of 𝐶𝑑𝑦𝑛. 

 

Meanwhile, static compliance (𝐶𝑠𝑡𝑎𝑡𝑖𝑐) is calculated to estimate pulmonary compliance without 

gas flow (zero resistance) by a breath holding procedure [132], defined: 

 

𝐶𝑠𝑡𝑎𝑡𝑖𝑐 =
1

𝐸𝑠𝑡𝑎𝑡𝑖𝑐
=

𝑉𝑇
𝑃𝑝𝑙𝑎𝑡 − 𝑃𝐸𝐸𝑃

(1. 2) 

 

Figure 1.2 presents the essential airway variables for both calculations in airway pressure and 

volume waveforms. 𝐸𝑠𝑡𝑎𝑖𝑐 is the reciprocal of 𝐶𝑠𝑡𝑎𝑡𝑖𝑐. 
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(a) Pressure waveform, P(t) (b) Volume waveform, V(t) 

Figure 1.2: Critical variables to monitor presented in (a) pressure and (b) volume over time 

waveforms with breath holding procedure.  

 

 Linear Least Squares Calculation 

Linear least squares method can be used to identify both one-constant-over-breath [126] and 

time-varying elastance [98], or associated coefficients/variables [97, 112]. For example, with 

a lung mechanics model defined: 

 

𝑃(𝑡) = 𝐸𝑉(𝑡) + 𝑅𝑉(𝑡)̇     (1. 3) 

 

where 𝑃(𝑡) and 𝑉(𝑡) are time-varying breath data, airway pressure and volume, respectively, 

as presented in Figure 1.2. In Equation (1.3), 𝑡 represents time during the breath. Pulmonary 

elastance (cmH2O/L) and resistance (cmH2O*s/L) are E and R, respectively. 

 

Then, one-constant-over-breath elastance (so is resistance) can be identified via: 
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[
 
 
 
 
𝑃(𝑡1)

𝑃(𝑡2)
⋮

𝑃(𝑡𝑛−1)

𝑃(𝑡𝑛) ]
 
 
 
 

=

[
 
 
 
 
 𝑉(𝑡1) 𝑉(𝑡1)̇

𝑉(𝑡2)
⋮

𝑉(𝑡𝑛−1)

𝑉(𝑡𝑛)

𝑉(𝑡2)̇

⋮

𝑉(𝑡𝑛−1)̇

𝑉(𝑡𝑛)̇ ]
 
 
 
 
 

× [
𝐸
𝑅
] (1. 4) 

 

Meanwhile, time-varying elastance and resistance can be identified by discretizing these 

constants over time during the breath, and using a similar equation defined: 

 

[
 
 
 
 
𝑃(𝑡1)

𝑃(𝑡2)
⋮

𝑃(𝑡𝑛−1)

𝑃(𝑡𝑛) ]
 
 
 
 

=

[
 
 
 
 
 𝑉(𝑡1) 𝑉(𝑡1)̇

𝑉(𝑡2)
⋮

𝑉(𝑡𝑛−1)

𝑉(𝑡𝑛)

𝑉(𝑡2)̇

⋮

𝑉(𝑡𝑛−1)̇

𝑉(𝑡𝑛)̇ ]
 
 
 
 
 

∙

[
 
 
 
 
𝐸(𝑡1) 𝑅(𝑡1)

𝐸(𝑡2)
⋮

𝐸(𝑡𝑛−1)

𝐸(𝑡𝑛)

𝑅(𝑡2)
⋮

𝑅(𝑡𝑛−1)

𝑅(𝑡𝑛) ]
 
 
 
 

(1. 5) 

 

Equations (1.4) and (1.5) are similar structure, but enable a discretized, time-varying set of 

elastance and resistance values to be identified. 

 

 Hysteresis Loop Analysis (HLA) 

The HLA identification method was originally developed to automatically segment hysteresis 

half cycles with an identified optimal piecewise linear regression model for nonlinear 

engineering systems [138-141]. However, the observed hysteresis behavior of pressure-volume 

(P-V) loops in lung mechanics are very similar to the hysteresis loops observed in engineering 

systems [59]. A schematic comparison is provided in Figure 1.3.  

 

In addition, the change of shape in P-V loop due to PEEP adjustment is considered to be 

equivalent to the change of hysteresis loop due to external force input in engineering systems, 

indicating the feasibility of modelling and predicting lung mechanics using HLA and a 
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hysteretic mechanics model, as presented in Chapters 3, 5, and 6. In particular, the specific 

procedure of HLA application for P-V loops are given in the following paragraphs. 
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(a) Earthquake hysteresis loop with HLA (b) Clinical P-V loop with HLA 

Figure 1.3: Schematic HLA identifications for (a) earthquake hysteresis loop [134] and (b) 

clinical P-V loop. Noted points (x) are identified breakpoints, while slopes (k) are identified (a) 

stiffness for earthquake hysteresis loop and (b) compliance (1/elastance) for clinical P-V loop 

generated with breath data. 

 

In the HLA procedure at a given PEEP level, the number of segments is fixed at two (r = 2) for 

inspiration and expiration phases (thus four segments for a breath in total as presented in Figure 

1.3). Thus, the equations from original proposal [139] for a targeted segment/half-cycle, the r 

= 2 segment linear model, is simplified and defined: 

 

𝐺(𝑥) = 𝑔1(𝑥) = 𝑎1 ∗ 𝑥 + 𝑏1,               𝑋1 ≤ 𝑥 ≤ 𝑋𝑡𝑟 

           = 𝑔2(𝑥) = 𝑎2 ∗ 𝑥 + 𝑏2,              𝑋𝑡𝑟 ≤ 𝑥 ≤ 𝑋𝑛 (1. 6) 

 

where 𝑋1 and 𝑋𝑛  are the starting and ending point for targeted half-cycle, while 𝑋𝑡𝑟  is the 

breakpoint. 𝑎1, 𝑏1, 𝑎2, and 𝑏2 are coefficients identified from measured data.  

 

Using pressure and volume over time as the x-axis and y-axis, respectively, (𝑋1, 𝑌1), …, (𝑋𝑛, 𝑌𝑛) 
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create n pairs of pressure and volume data over time, and can be grouped to create: 

 

𝑌𝑖 = 𝐺(𝑋𝑖) + 𝑒𝑟𝑟𝑖,   𝑖 = 1,… , 𝑛 (1. 7) 

 

where 𝑒𝑟𝑟𝑖 is the errors caused by the ‘unperfected’ match between a linear regression and 

clinical measurement data (which is for certain). According to a series of 𝑒𝑟𝑟𝑖  values (𝑖 =

1, … , 𝑛), an overall residual sum of squares can be defined: 

 

𝑅𝑟(𝑋1, … , 𝑋𝑛, 𝑎1, 𝑏1, 𝑎2, 𝑏2) =∑[𝑌𝑖 − 𝑔1(𝑋𝑖)]
2 + ∑ [𝑌𝑖 − 𝑔2(𝑋𝑖)]

2

𝑛

𝑖=𝑡𝑟+1

𝑡𝑟

𝑖=1

(1. 8) 

 

Thus, the desired breakpoint, (𝑋𝑡𝑟 , 𝑌𝑡𝑟), is identified at the minimum sum of squared residual 

errors from two segments regression analysis (𝑅𝑟). More details for the HLA method and its 

introduction can be found in [139] and the online Appendix in [129].  

 

Finally, as noted, the segments identified are found in Figure 1.3 (b). Overall, this figure shows 

how P-V loops can be identified as a combination of linear segments. Key to this approach is 

the fact the slope of each segment represents a compliance (1/elastance) for the specific portion 

of inspiration and expiration. It thus identifies these elastances every breath, providing a time-

varying and nonlinear optimization approach to identifying lung mechanics. 

 

 

1.5 Preface 

This thesis is broadly structured as follows: 

 

Chapters 1 and 2 provide the background for the presented works in this thesis and clinical 
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trials data used for validation, respectively.  

 

Chapter 3 employs a well-validated single-compartment lung mechanics model to predict 

airway pressure at the highest PEEP level given data available for the previous four lower 

PEEP levels, providing initial proof of concept and showing the potential of the method and 

overall approach in prediction of lung mechanics. Patient data from one VCV trial are adopted. 

 

Chapter 4 extends the single-compartment model with physiologically relevant basis functions 

and yields accurate prediction results with breath data from one single PEEP level 

(improvement to Chapter 3). It is computationally efficient in parameter identification while 

avoiding complicated processes and convergence problems (no iterative calculation involved). 

Patient data from two VCV trials and one PCV trial are adopted. 

 

Chapter 5 presents a significant extension with a novel added term on a well-validated digital-

twin lung mechanics model, which successfully captures the flattening behavior (VILI risks) 

in P-V loops. Overall prediction performance is improved both for airway pressure and 

dynamic functional residual volume (Vfrc) from prior works with smaller errors. The overall 

outcome shows the physiological relevant basis functions offer the possibility for accurate and 

simpler lung mechanics prediction. Patient data from one VCV trial are adopted. 

 

Chapter 6 studies two elastance identification methods following from Chapter 5 and discusses 

the impact on prediction outcome. The relatively more intuitive and physiological-relevant 

elastance identification method yields better elastance prediction outcome but lower 

mathematical modelling significance in more critical airway pressure prediction, presenting the 

physiological relevance and modelling efficiency may be not strongly correlated as expected.   
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Chapter 7 utilizes the relatively less modelling efficient, but also good at predictions, elastance 

method to build an over-distension monitoring measurement and compares it with a well 

proven measurement in clinical. While being well-correlated, it is easier, more robust and 

extensive in both applied MV mode and bedside visualization assessment.  

 

Chapter 8 studies a previous proposed b-spline functions model for inspiratory effort estimation 

for patients. Single-compartment model and digital-twin model are both applied to validate its 

generalizability, while the efficacy with digital-twin model is promising for creating a more 

general overall model-based approach to MV monitoring and care. Further, physiologically-

relevant information is found within the yielded inspiratory effort curves for studied NAVA 

and PSV ventilation, which could be used to help guide weaning or changes in MV mode 

settings.  

 

Chapters 9 and 10 provide the summary for this thesis and discussed about the future work for 

research complement. Finally, there are supplemental Appendices for Chapters 3-8. 
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2 Clinical Data 

This thesis uses a range of clinical data throughout all chapters. These data are presented in 

detail in this chapter for concision, and then referred to by the cohort names and trial names 

given here. This approach avoids repetition, while providing transparency on the data sources 

used. All these data sets were gathered independently from this research. 

 

 

2.1 VCV Trials 

In the CURE and McREM pilot trials, all 23 patients were fully sedated and intubated under 

invasive volume-controlled ventilation, VCV, with tidal volume set to 6-8ml/kg in CURE [137, 

138] and 6-10ml/kg in McREM (both based on ideal body weight). The two studies had 

consistent inclusion criteria of PaO2/FiO2 (P/F) < 300mmHg and P/F < 298mmHg for CURE 

and McREM, respectively, which is part of ARDS severity scoring system [139].  

 

 CURE Trial [118, 130] 

The CURE trial was conducted on 4 patients at Christchurch Hospital ICU (intensive care unit) 

in August 2016 (ANZTR number: ACTRN12613001006730) [118, 130]. All patients were 

fully sedated with muscle relaxants to prevent spontaneous breathing. Each of these patients 

had mild (P/F = 200-300mmHg) or moderate (P/F = 100-200mmHg) ARDS according to 

Berlin definition [139]. Pressure, flow, and time data were extracted at 50Hz from a Puritan 

Bennett 840 ventilator (Covidien, Boulder, CO, USA) [118]. Demographics are shown in Table 

2.1. Patients with APACHE III diagnostic codes associated with prior pulmonary disease 

admission (such as asthma), or neurological, spinal injury, or head trauma, were excluded from 

the pilot trial. 
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Two staircase RMs were applied to each patient with increments and decrements of 4cmH2O, 

consisting of 2 sets, Set 1 and Set 3, with increasing PEEP levels and 2 sets, Set 2 and Set 4, 

with decreasing PEEP levels [138], as shown in Figure 2.1. Every set had six increasing or 

decreasing PEEP levels, while only five PEEP levels were used in Set 1 of Patient 1 by clinical 

choice. In this study, only sets with increasing PEEP levels (Set 1 and Set 3) are studied. Thus, 

there are a total of 47 steps across 8 sets for 4 patients, from which 8 cases are used for 

identifying the model at the lowest PEEP level. The remaining 39 cases are used for prediction 

and model validation across increasingly large PEEP intervals up to 20cmH2O.  

 

Table 2.1: Patients and clinical trial demographics in the CURE pilot trial [130]. 

Patient 

No 
Sex 

Age 

(years) 

P/F 

(mmHg) 

Length of MV 

(days) 
Clinical Diagnostic 

1 Male 33 177 23 Peritonitis 

2 Male 77 209 24 Legionella pneumonia 

3 Male 61 109 23 Staphylococcus Aureus pneumonia 

4 Female 73 103 2 Streptococcus pneumonia 

 

Figure 2.1: Example of RMs used in the CURE trial (left), the McREM trial (middle), and the 

Maastricht trial (right). The PEEP increasing staircase values are schematic and varies with 

patients and trials. Studied RM arms with increasing PEEP are noted with pink arrows. 

 

 McREM Trial [140] 

The McREM trial was conducted across eight ICUs from September 2000 to February 2002 
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[140]. A total of 19 patients from a total of 28 in the McREM trial were selected as they 

underwent one complete increasing staircase RM where PEEP was set to increase at increments 

of 2cmH2O, as shown in Figure 2.1. During the protocol, an end-inspiratory hold of 0.2s was 

applied and data were sampled at 125Hz [140]. Demographics are shown in Table 2.2. 

 

Table 2.2: Patients and clinical trial demographics in the McREM pilot trial [140]. 

Patient 

No 
Sex 

Age 

(years) 

P/F 

(mmHg) 

Length of MV 

(days) 
Clinical Diagnostic 

1 Male 37 163 10 Pneumonia 

2 Male 39 170 2 
Traumatic aortic dissection, lung 

contusion 

3 Female 50 202 8 Pancreatitis, pneumonia 

4 Female 30 162 8 Peritonitis, sepsis 

5 Female 49 289 3 Pneumonia 

6 Male 34 192 10 Traumatic open brain injury 

7 Male 67 234 4 Post resuscitation 

8 Male 39 188 10 Perf. sigma, peritonitis 

9 Male 42 235 9 Pneumonia, pancreatitis 

10 Male 51 230 5 Traumatic brain injury, pneumonia 

11 Male 77 225 6 Pneumonia 

12 Male 74 298 10 
Subarachnoid and subdural 

hemorrhage 

13 Male 41 178 16 Peritonitis 

14 Male 62 288 2 Subarachnoid hemorrhage 

15 Male 39 143 7 Traumatic brain injury, pneumonia 

16 Male 74 271 9 
S/P coronary artery bypass 

grafting, pneumonia 

17 Male 59 75 19 ARDS 

18 Male 45 173 8 
Blunt abdominal trauma, 

pneumonia 

19 Male 42 260 11 
Alcoholism, Gastrointestinal 

bleeding, sepsis 

 

Patients had to be mechanically ventilated for at least 24 hours before study entry. Patients 

considered ready to wean by the attending physician, obstructive lung disease, presence of a 
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bronchopleural fistula or known air leakage, hemodynamic instability, intolerance to a 5min 

zero end-expiratory pressure (ZEEP) phase, age ≤ 16 years old, pregnancy, or terminal stage 

of disease, were excluded. 

 

2.2 PCV Trial 

Data from the Maastricht trial was conducted on 14 patients from November 2017 to February 

2018 in Maastricht, Netherlands (METC 17–4-053). Ventilator pressure and flow data was 

recorded directly from the ventilator, while Bi-level Positive Airway Pressure pressure-

controlled ventilation is applied. Each patient was treated with one full staircase RM with 

2cmH2O increments or decrements in PEEP, as shown in Figure 2.1. Only the RM arms with 

incremental PEEP levels are studied among all 14 patients. Demographics are shown in Table 

2.3. 

Table 2.3: Patients and clinical trial demographics in the Maastricht pilot trial. CABG = 

Coronary Artery Bypass Grafting, AVR = Aortic Valve Replacement. 

Patient No Sex 
Age 

(years) 

P/F 

(mmHg) 
Clinical Diagnostic 

1 Male 77 255 CABG 

2 Female 85 308 CABG 

3 Male 57 323 CABG 

4 Male 47 233 CABG 

5 Male 73 150 AVR 

6 Male 75 383 CABG 

7 Female 71 443 AVR 

8 Male 76 398 CABG 

9 Female 64 255 Subarachnoid Haemorrhage 

10 Female 68 428 Pneumonia 

11 Female 78 143 Pneumonia 

12 Female 18 83 Mitral and Tricuspid Valve Replacement 

13 Female 71 443 Pneumonia 

14 Male 36 158 CABG 
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2.3 NAVA and PSV Trial [126, 141, 142] 

After written informed consent was obtained, the patient’s standard naso-gastric tube was 

replaced by the modified NAVA tube positioned based on the manufacturer recommendations. 

Airway suctioning was performed before the beginning of the protocol, a trial on patient-

ventilator synchrony at the University Hospital of Geneva (Switzerland) and Cliniques 

Universitaires St-Luc (Brussels, Belgium) [141]. The exclusion criteria were the following: 

severe hypoxemia requiring an FiO2 ≥ 50%, hemodynamic instability, known esophageal 

problem (hiatal hernia, esophageal varicosities), active upper gastro-intestinal bleeding or any 

other contraindication to the insertion of a naso-gastric tube, age ≤ 16 years old, poor short 

term prognosis (defined as a high risk of death in the next seven days) or neuromuscular disease 

[141]. Data of 22 patients are studied [126] and demographics are not available yet. 

 

The prospective study included two phases, where patient data was first recorded for 20min 

(300-500 breaths) under the PSV mode with clinician determined ventilator settings. The 

patient was then switched to NAVA with the NAVA level set so the PIP was similar to the 

level under the previous PSV ventilation based on ventilator waveform visualization, and 

another 20min of data was recorded. All other ventilator settings for PSV and NAVA were 

kept constant.  

 

During both periods, pressure, flow, and EAdi were acquired from the Servo-I ventilator 

through a RS232 interface and sampled at 100Hz by means of Servo-tracker V4.0 (Maquet 

Critical Care, Solna, Sweden). In this preliminary study of spontaneous breathing effort, only 

the NAVA pressure support data is used as it delivers pressure in direct proportion to EAdi, 

which is a direct measure of patient-specific spontaneous breath effort being modelled and 

estimated in this work, and thus enables a further form of model validation.   
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3 Parameter Updating of a Patient-specific Lung 

Mechanics Model for Optimizing Mechanical 

Ventilation 

3.1 Introduction 

Currently, the inability to determine optimal PEEP and MV settings, and when to change them, 

leads to increased variability and sub-optimal care [5, 65, 66, 143, 144]. There is also no 

standard, effective way to deduce the patient-specific optimal PEEP setting and personalize 

care for every patient [145, 146]. Thus, current clinical approaches require physical changes of 

PEEP to assess how a new PEEP setting affects the P-V loop, which might increase the risk of 

VILI due to excessive or insufficient breath support [5]. Therefore, accurate prediction of the 

changes in respiratory mechanics before adjusting PEEP change is critical for reducing the risk 

and enabling safe RM implementation by clinicians.  

 

In this chapter, a well-validated single compartment lung mechanics model is employed to 

predict airway pressure at the highest PEEP level given data available for the previous four 

lower PEEP levels during the RM test conducted in Chapter 2. In particular, HLA, introduced 

in detail in Section 1.4.3, is applied to both the P-V loop and the associated dynostatic breathing 

curve [147] to identify changes of elastance from the four lower PEEP levels. Pulmonary 

resistance is identified using measured airway pressure and HLA-identified elastance. Finally, 

the elastance and resistance at the highest PEEP levels are predicted using model fitting 

techniques to obtain the predicted change in pressure with changes of PEEP, thus enabling the 

prediction of airway pressure at the highest PEEP as well using this identified model. Overall, 

this HLA-single compartment model based approach presented provides an opportunity to 

accurately predict the lung response to high PEEP levels before its application, which could 

assist a clinical decision of avoiding further lung injury due to high PEEP values. The patient 
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data are from the CURE pilot trial. 

 

 

3.2 Methods  

 Single-compartment Model 

A single compartment linear lung model has been proposed to model the respiratory mechanics 

of elastance and resistance [56]: 

 

𝑃(𝑡) = 𝐸𝑉(𝑡) + 𝑅𝑄(𝑡) + 𝑃𝐸𝐸𝑃    (3.1) 

 

Where P(t) is the airway pressure delivered by the ventilator (cmH2O), V(t) is the volume of 

air delivered to the lungs (L), Q(t) is the flow of air delivered by the ventilator (L/s), PEEP is 

the positive end-expiratory pressure (cmH2O), and 𝑡 represents the time for each measurement 

of the breath. Pulmonary elastance (cmH2O/L) and resistance (cmH2O*s/L) are defined by E 

and R, respectively. A schematic plot is presented in Figure 3.1.  

 

`
R E RE

Inspiration

Expiration

Airway Flow

 
Figure 3.1: Schematic diagram of the single-compartment model in Equation (3.1) for lung 

mechanics. 
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 P-V Loop Analysis 

Airway pressure and flow data are used to build P-V loops as shown in Figure 3.2 [148]. The 

HLA algorithm [133, 134] is then used to find one turning point (tp) and two breakpoints (bp1 

and bp2) in the P-V loop, as shown in Figure 3.2. Thus, the inspiration curve is divided into 

two segments Inspseg1 and Inspseg2 with elastance Einsp1 and Einsp2, respectively. Similarly, 

two segments Expseg1 and Expseg2 are also obtained for the expiration half cycle, where the 

associated elastance are defined Eexp1 and Eexp2, respectively.  

 

Meanwhile, although static pressure-volume (static P-V or SPV) loop is also considered as a 

useful tool in assessing lung status, it is not clinically feasible to directly measure the SPV 

curve without risk to the patient as a special clinical intervention is needed [149]. Therefore, a 

dynostatic model is proposed to calculate the SPV curve using the measured P-V loop without 

the need to interrupt care. Hence, the methods developed are not additionally invasive.  

 

bp1

bp2

tp1

 
Figure 3.2: P-V loop for CURE trial, Patient 1, Set 1, at PEEP = 26cmH2O, with turning and 

break points shown, as well as inspiratory and expiratory segments, which are all used in the 

HLA method. 

 

The dynostatic curve assumes airway resistance is a physiological constant, depending on the 
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location of where it is measured, and that it is not flow dependent, which is a significant 

simplification. In particular, measured P-V loop data can be used to calculate the dynostatic 

pressure Pdyn [150]: 

 

𝑃𝑑𝑦𝑛 =
𝑃𝑖𝑛𝑠𝑝×𝑄𝑒𝑥𝑝−𝑃𝑒𝑥𝑝×𝑄𝑖𝑛𝑠𝑝

𝑄𝑒𝑥𝑝−𝑄𝑖𝑛𝑠𝑝
     (3.2) 

 

where 𝑃𝑖𝑛𝑠𝑝  and 𝑃𝑒𝑥𝑝  are the pressure during inspiration and expiration, respectively. 𝑄𝑖𝑛𝑠𝑝 

and 𝑄𝑒𝑥𝑝, are the flow during inspiration and expiration, respectively. Figure 3.3 (a) shows an 

example of the dynostatic curve estimated using a measured P-V loop.  

 

To analyze the dynostatic curve, HLA is also applied to find a breakpoint (𝑏�̂�1). It can be seen 

the volume for 𝑏�̂�1 in the dynostatic curve is the same as the volume for 𝑏𝑝1 during the 

expiration phase in Figure 3.3 (b). This equality indicates 𝑏�̂�1  can be determined as the 

intersection point between the dynostatic curve and a horizontal line crossing 𝑏𝑝1 in Figure 

3.2. Similarly, the second breakpoint, 𝑏�̂�2, for the dynostatic curve can also be determined 

with the same volume as Breakpoint 2, 𝑏𝑝2 in Figure 3.2, during inspiration. All these points 

are shown in Figure 3.3 (b). 

 

Hence, the elastance for each of the 4 segments (Einsp1, Einsp2, Eexp1, and Eexp2) in P-V loop 

and 3 segments (Edyn1, Edyn2, and Edyn3) in the dynostatic curve can be obtained using 

regression analysis during HLA. In this case, the elastance for the prior n-1 PEEP levels of a 

total n PEEP levels are calculated using HLA, while the last, nth PEEP level is predicted with 

a selected model fitting approach. 
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With identified elastance values for any PEEP level, the airway resistance, R, can be calculated: 

 

𝑅(𝑡) =
𝑃(𝑡)−𝐸𝑉(𝑡)−𝑃𝐸𝐸𝑃

𝑄(𝑡)
    (3.3) 

 

Prediction of R at the last/highest PEEP level can then be achieved using similar model fitting 

methods as for the elastance prediction.  

 

Dynostatic curve

Viso

Qexp

Pdyn
Qinsp

Pexp

Pinsp

 

bp2

bp1

𝑏�̂�1

𝑏�̂�2Segment2
(Edyn2)

Segment3
(Edyn3)

Segment1
(Edyn1)

 

(a) Dynostatic curve calculation (b) Three segments definition 

Figure 3.3: (a) Dynostatic curve calculated using Equation (3.2) (b) The calculated dynostatic 

curves are separated into three segments while all major points identified for the P-V loop in 

Figure 3.2 are marked. Breath data is from CURE trial, Patient 1, Set 1, at PEEP = 26cmH2O. 

 

 Model Development 

A second-order polynomial fitting function is used to calculate and predict elastance for both 

the P-V loop and dynostatic curve: 

 

𝐸 = 𝑎0 + 𝑎1 ∗ 𝑃𝐸𝐸𝑃 + 𝑎2 ∗ 𝑃𝐸𝐸𝑃2   (3.4) 

 

The first n-1 elastance values from a RM set (Figure 2.1 in Chapter 2) are used to identify the 
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model parameters of the fitting function (a0, a1, and a2). Subsequently, the elastance for the 

last PEEP level is predicted using the identified fitting function by updating PEEP level. The 

predicted values are compared to the calculated values using difference (cmH2O/L) and 

percentage error (%), where a negative value means the predicted value is lower than the 

calculated one.  

 

The airway resistance R(t) at lower PEEP values are calculated using Equation (3.3) with 

identified elastance. Note, R(t) is a function of time and a linear function is first employed to 

represent the changes of R during one breath: 

 

𝑅(𝑡) = 𝑎 ∗ 𝑡𝑖𝑚𝑒 + 𝑏     (3.5) 

 

Thus, two coefficients vectors, [a1, a2, …, an-1] and [b1, b2, …, bn-1] can be obtained for the first 

n-1 PEEP levels, where n is the maximum number of PEEP levels for each patient. Specifically, 

the maximum value of n is equal to n = 6 for Set 3 of Patient 2 and Sets 2 and 4 of Patient 4, 

where otherwise, n = 5 for the remaining Patients and Sets. Therefore, the coefficients an and 

bn for R prediction at the nth PEEP level can also be predicted using a linear function:  

 

𝑎𝑖 = 𝐴 ∗ 𝑃𝐸𝐸𝑃𝑖 + 𝐵, 𝑖 =  1, 2, … , 𝑛    (3.6) 

𝑏𝑖 = 𝐶 ∗ 𝑃𝐸𝐸𝑃𝑖 + 𝐷, 𝑖 =  1, 2, … , 𝑛    (3.7) 

 

In search of the best fitting functions for the resistance model and predicting model coefficients, 

four fitting methods with different combinations of fitting functions are tested, as listed in Table 

3.1, while Equations (3.5)-(3.7) show the functions used for the lflp method in Table 3.1, 

representing linear function is applied for both parameter identification in resistance model, 𝑎 
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and 𝑏 in Equation (3.5), and parameter predictions, 𝑎𝑖 and 𝑏𝑖 in Equations (3.6)-(3.7). Note, 

the dynostatic curve resistances are essentially constant matching the model assumptions. 

Finally, the airway pressure P(t) and associated PIP can be predicted at the last PEEP using 

Equation (3.1) with the identified and predicted elastance E and resistance R(t). Figure 3.4 

shows the entire process and flowchart of calculations required.  

Pressure prediction:

Use the predicted E and R, the airway pressure 

for the last PEEP level is finally predicted 

(calculated) by Equation (3.1):

P(t) = E_p*V(t) + R(t)_p*Q(t) +PEEP

Elastance prediction:

Predict the last nth PEEP level E value,

E_p = a0_p + a1_p*PEEP(n) + a2_p*PEEP(n)2

where _p is predicted values.

Resistance prediction:

Predict the last nth PEEP level R(t) function

using listing methods in Table 3.1

respectively with predicted coefficients.

Name the predicted R as R(t)_p.

Coefficient estimation for elastance and resistance:

Fit n-1 groups of coefficients with second order polynomial function of PEEP for E and listing methods in 

Table 3.1 for R(t) respectively.

Then coefficients for the last nth PEEP level can be calculated with the coefficient fitting method for E and

the listing methods in Table 3.1 for R(t).

HLA analysis:

HLA is applied to find the break points for both PV loops and 

dynostatic curves for all PEEP levels of the chosen set. 

Then PV loop is divided into 4 segments with 2 𝑏𝑝s and 1 𝑡𝑝, 

while dynostatic curve is separated to 3 segments with 2𝑏�̂�s.

Elastance estimation: 

Elastance can be achieved directly by HLA

analysis for the first n-1 PEEP levels.

Then fit E values with below second order

polynomial equation:

E = a0 + a1*PEEP + a2*PEEP2

Then a0, a1, and a2 values for n-1 PEEP

levels are achieved.

Resistance estimation: 

Use Equation (3.3) to calculate R(t) with

identified E for first n-1 PEEP levels:

R(t) = (P(t) - EV(t) -PEEP)/Q(t)

Then fit R(t) values with chosen fitting

methods in Table 3.1. Then coefficients for

first n-1 PEEP levels are achieved.

Run next set

 
Figure 3.4: Flowchart of the proposed identification process and all computation.  
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Table 3.1: Fitting functions applied for resistance prediction assessing different approaches. 

Method Fitting functions 

lflp 
Linear fitting for resistance model  

Linear prediction for model coefficients 

lfpp 
Linear fitting for resistance model  

Second order polynomial prediction for model coefficients 

pflp 
Second order polynomial fitting for resistance model 

Linear prediction for model coefficients 

pfpp 
Second order polynomial fitting for resistance model 

Second order polynomial prediction for model coefficients 

 

3.3 Results 

 Elastance Prediction 

The identified patient-specific model predicts the elastance, resistance, and pressure curve at 

the last, highest PEEP with PEEP increasing in each RM (Sets 1 and 3). Figure 3.5 shows 

elastance fitting examples of Patient 3, Set 3 for the P-V loop and dynostatic curve, 

respectively. Table 3.2 lists the difference between all the calculated and predicted elastance 

of the Inspseg2 segment, Figure 3.2, in each P-V loop and the Segment2, Figure 3.3 (b), part 

of the dynostatic curve, respectively, where negative values mean predicted values are lower 

than the calculated ones. 

For the last PEEP level,
Difference: 0.09cmH2O/L
Error: 0.16%

 

For the last PEEP level,
Difference: -0.09cmH2O/L
Error: -0.23%

 

(a) P-V loop, Inspseg2 (b) Dynostatic curve, Segment2 

Figure 3.5: Calculations and predictions of elastance for Patient 3, Set 3 in (a) P-V loop, 

Inspseg2 and (b) dynostatic curve, Segment2, respectively. 
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Table 3.2: Elastance prediction results for the last PEEP level in P-V loop and dynostatic 

curve presented with difference (cmH2O/L) and error (%). 

Patient Set 
P-V loop (Einsp2) Dynostatic curve (Edyn2) 

Difference Error Difference Error 

1 
1 0.40 1.4% 0.79 2.0% 

3 -1.73 -7.4% -1.54 -4.2% 

2 
1 4.86 30.6% -0.63 -2.1% 

3 -3.57 -15.9% 3.61 10.7% 

3 
1 2.26 5.8% 4.05 7.9% 

3 -0.09 -0.2% 0.09 0.2% 

4 
1 -1.63 -4.0% -1.57 -2.9% 

3 0.17 0.4% 0.67 1.3% 

 

 Resistance Prediction  

Inspseg2 for the P-V loop and Segment2 for the dynostatic curve are then used to calculate and 

predict resistance R(t) using the 4 different fitting methods listed in Table 3.1. The examples 

of the predicted resistance R(t), for the last PEEP level, in both the P-V loop and dynostatic 

curve with 4 different methods are shown in Figure 3.6. 

 

  

(a) P-V loop, Inspseg2 (b) Dynostatic curve, Segment2 

Figure 3.6: Resistance prediction of Patient 3, Set 3 using 4 methods for (a) P-V loop, Inspseg2, 

Line1 and (b) dynostatic curve, Segment2.s 
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Figure 3.7 then compares the median difference between the predicted and calculated evolution 

of resistance with the four different fitting methods for the P-V loop and dynostatic curve, 

respectively. 

 

 

 
Figure 3.7: Resistance prediction results for the last PEEP level in P-V loop, Inspseg2, Line1 

(upper panel) and in dynostatic curve, Segment2 (lower panel). 

 

 Pressure Prediction 

Finally, airway pressure is predicted using the predicted values for the model-based elastance 

and resistance. A comparison example between the predicted and measured pressure, in real 

time, for the P-V loop and dynostatic curve are shown in Figure 3.8. The differences between 

the measurements and the pressure prediction results using the 4 fitting methods from Table 

3.1 for all patients and all sets are shown in Figure 3.9. 
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(a) P-V loop, Inspseg2, Line1 (b) Dynostatic curve, Segment2 

Figure 3.8: Pressure prediction of Patient 3, Set 3 using 4 methods, for (a) P-V loop, Inspseg2, 

Line1 and (b) dynostatic curve, Segment2. 

 

 

 
Figure 3.9: Pressure prediction outcomes for the last PEEP level in P-V loop, Inspseg2, Line1 

(upper panel) and in dynostatic curve, Segment2 (lower panel). 
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To further assess the errors of pressure prediction, the number of measurement points with 

absolute errors within 1%, 2%, and 3% compared to the total number of measurement points 

are calculated in Table 3.3 and Table 3.4, respectively. Finally, Line2 of the Inspseg2 of P-V 

loop is predicted to calculate the value of PIP using the fitting methods pflp and pfpp, the 

results of which are shown in Table 3.5. 

 

Table 3.3: Pressure prediction error range for P-V loop and dynostatic curve with pflp method. 

pflp method 
Line1, Inspseg2, P-V loop Segment2, Dynostatic curve 

Error tolerance Error tolerance 

Patient Set 1% 3% 5% 1% 3% 5% 

1 
1 95% 100% 100% 88% 100% 100% 

3 26% 100% 100% 4% 100% 100% 

2 
1 15% 63% 81% 0% 0% 28% 

3 4% 81% 93% 0% 62% 93% 

3 
1 68% 100% 100% 64% 100% 100% 

3 20% 100% 100% 100% 100% 100% 

4 
1 7% 100% 100% 88% 100% 100% 

3 12% 100% 100% 53% 100% 100% 

 

Table 3.4: Pressure prediction outcomes for the last PEEP level in P-V loop, Inspseg2, Line2. 

Line2, Inspseg2, 

P-V loop 

pflp method pfpp method 

Error tolerance Error tolerance 

Patient Set 1% 3% 5% 1% 3% 5% 

1 
1 30% 100% 100% 30% 100% 100% 

3 23% 64% 100% 27% 55% 82% 

2 
1 57% 87% 100% 0% 43% 61% 

3 29% 83% 92% 13% 42% 79% 

3 
1 58% 100% 100% 4% 69% 88% 

3 35% 88% 100% 73% 96% 100% 

4 
1 27% 69% 100% 46% 85% 100% 

3 43% 100% 100% 57% 91% 96% 
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Table 3.5: PIP prediction outcomes for P-V loop, Inspseg2, Line2 presented with difference 

(cmH2O) and percentage error (%). 

Line2, Inspseg2, 

P-V loop 
pflp method pfpp method 

Patient Set Difference Error Difference Error 

1 
1 0.45 0.9% 0.68 1.4% 

3 -0.46 -1.0% -0.25 -0.5% 

2 
1 0.25 0.5% -0.93 -1.9% 

3 0.10 0.2% 1.14 2.3% 

3 
1 0.48 1.0% 1.20 2.5% 

3 -0.16 -0.3% 0.38 0.8% 

4 
1 -0.43 -0.9% 0.11 0.2% 

3 -0.39 -0.8% 0.46 0.9% 

Average absolute error 

(%) 
0.7% 1.3% 

Standard deviation of 

error 
0.0075 0.0136 

 

 Outcome Quality and Reliability 

To better present the accuracy of the achieved results, the R-squared values from regression 

analysis of P-V loop for all patients and all sets are listed in Table 3.6. R-squared values for 14 

of 16 cases are greater than 0.88 with 95% confidence levels for all the parameters, while the 

R-squared value for Patient 2 is relatively low due to the measurement error and noise, as 

delineated in Appendix A. Overall, these results indicate a good quality of the proposed 

polynomial model fitting method, which successfully represents the changes of the 

elastance/resistance as the changes of PEEP levels and respiratory behaviors in the clinical 

data. 

Table 3.6: R-squared value for regression analysis with 95% confidence levels. 

R-squared values 
Patient1 Patient2 Patient3 Patient4 

Set1 Set3 Set1 Set3 Set1 Set3 Set1 Set3 

Elastance 1.00 0.99 0.93 0.97 0.98 1.00 0.98 1.00 

Resistance 0.97 0.97 0.80 0.76 0.88 0.94 0.95 0.92 
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3.4 Discussion 

The Inspseg1 of P-V loop and Segment1 and Segment3 of the dynostatic curve are not used to 

calculate and predict due to the inadequate number of samples available, which is less than 10 

data points. In addition, the expiratory parts, Expseg1 and Expseg2, of the P-V loop are also 

ignored, avoiding the need to implement intermittent airway occlusions interrupting care [149], 

which can also add noise to these measurements. In contrast, the Inspseg2 of P-V loop and 

Segment2 of dynostatic curve are dominant phases during ventilation, including more than 40 

and 20 points, respectively at the sample rates used. They thus provide a much better set of 

points for regression analysis during HLA and yield a potentially more accurate calculation 

and prediction, as a result. Thus, only the Inspseg2 for the P-V loop and Segment2 for the 

dynostatic curve are calculated and predicted. 

 

The analysis method used here is to predict the last/highest PEEP level elastance and resistance 

using prior identified values at lower PEEP levels. The predicted pressure is then calculated 

using these predicted elastance and resistance values with Equation (3.1). In resistance 

prediction, 11 of 32 sets are 11%-32% different from the calculated values in the P-V loop 

method (10 sets with 13%-33% difference in dynostatic curve). However, the error of the 

predicted pressure, with the best fitting method, are within 5% for 98% and 90% of time for P-

V loop and dynostatic curve, respectively, as shown in Table 3.3. It is worth noting the errors 

for elastance and resistance only indicate the relative difference to the calculated value at one 

PEEP level, and might not represent the true error with the true values. However, the identified 

elastance and resistance for pressure prediction are obtained using the n-1 prior PEEP levels 

with fitting methods, thus enabling a more robust prediction in the face of noise and intra-

patient variability.  
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The best fitting method for P-V loop pressure prediction is the pflp method with second-order 

polynomial fitting for model and linear prediction for model coefficients. The median 

difference is less than 0.96cmH2O for all sets with a maximum error of -2.1% for predicting P-

V loop, Line1. In addition, the best fitting function for dynostatic curve is also pflp, which 

presents a median difference less than 1cmH2O for 6 of 8 sets with a maximum error of -1.5%, 

and the other 2 sets in Patient 2 with errors of -5.9% and 2.9%. 

 

Overall, the pflp fitting method shows the best performance compared to the other fitting 

methods, whose errors are within 3% for 6 of 8 sets of both P-V loop and dynostatic curve, as 

shown in Table 3.3. Equally, Table 3.4 shows pressure prediction for P-V loop, Inspseg2, Line2 

using pflp yielding a more accurate outcome than pfpp with 7 out of 8 sets (99% of the time) 

within 5% error. In addition, the pflp method also presents a better PIP prediction within error 

of 1% than 2.5% in the pfpp method, as shown in Table 3.5, where accurate PIP prediction is 

clinically critical for minimizing barotrauma due to excessive pressures. 

 

Patient 2 shows the worst results regardless of the prediction method chosen. This outcome 

may be a result of the relatively more noisy data for this patient compared to others, where 

Appendix A plots the P-V loops for Sets 1 and 3 of all the 4 patients, showing relatively 

irregular shapes of P-V loops for Patient 2 compared to other patients. Specifically, pressure 

shows a trend of descending while the volume is increasing for the first three PEEPs (13, 16, 

and 20cmH2O) for Patient 2, thus indicating a negative compliance in lung mechanics that is 

not a good match of physical reality. Therefore, there may be unexpected noise contaminating 

the data quality of Patient 2.  

 

However, variable patient care in the trial may lead to different data quality and changes in 
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lung mechanics throughout the RM. Therefore, more trials would be needed for more patients 

with the same diagnosis and treatment to interpret the relevance of the irregular shape of P-V 

loops to data quality and treatment difference. These efforts are left to a future study given the 

further methods developed in this thesis. 

 

The main limitation of this study is it needs at least four lower PEEP levels to predict the 

pressure in a higher level. Using lesser numbers increases errors, as seen previously with 

mixed-model predictions [112, 151]. The decision then is how big an error is acceptable in 

clinical decision making, which is clinician and patient condition dependent. Thus, this paper 

only presents those best results, where errors grew with lesser prior PEEP steps as in [112, 

151]. However, and importantly, at lower PEEP levels, the risk is lower and higher error might 

be more tolerable. Equally, this outcome suggests the need for better modelling and prediction 

methods, which can accurately predict from a single, current PEEP level. 

 

The overall results presented validate the capability of the proposed HLA-single compartment 

model based fitting method to provide a robust and accurate of pressure prediction across each 

time point. The method employs both a model-free, but mechanics-relevant, HLA method and 

a well-validated single compartment lung mechanics model, which is simple to use without the 

high needs for equipment as complex models may need. It thus creates a foundation for further 

modelling efforts to accurately predict outcomes from changes in MV care, such as PEEP, 

while requiring lesser input data. 

 

 

3.5 Summary 

In this chapter, the model-free, mechanics-relevant HLA-based model used in structural 
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engineering and seismic damage identification is proposed and applied to both P-V loops and 

dynostatic curves to predict the airway pressure outcome for optimizing mechanical ventilation 

settings. The pressure prediction outcome for both P-V loops and dynostatic curves is similar, 

both showing good accuracy with absolute error less than 5% for all patients. The results 

validate the ability of the proposed algorithm in capturing the lung mechanics based on a single 

compartment lung model for a patient-specific fashion, without relying on specific model 

assumptions.  

 

The pressure prediction is only obtained at highest PEEP using measured airway pressure at 

prior low PEEP settings, and errors grow with reduced prior steps and data. Therefore, this 

method still needs to be extended to able to predict at low PEEP, and to require as few as a 

single, current PEEP level of data. However, this work provides initial proof of concept, 

showing the potential of the method and overall approach in prediction of lung mechanics for 

a patient-specific MV. 
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4 Prediction and Estimation of Pulmonary Response and 

Elastance Evolution for Volume-controlled and 

Pressure-controlled Ventilation 

4.1 Introduction 

This chapter presents physiologically relevant, simpler, basis functions to estimate elastance 

and resistance evolution as MV parameters change with PEEP using the same single 

compartment lung mechanics model, Equation (3.1), used in Chapter 3. The primary goal is to 

predict patient-specific lung mechanics response with data identified from one single PEEP 

level for both VCV and PCV patients, instead of the four PEEP levels required in Chapter 3. 

A single PEEP level forward prediction is a significant improvement in the clinical utility, 

taking this model-based approach from a research method to clinical applicability. Patient data 

used for validation is from 3 separate trials, the CURE (VCV), McREM (VCV), and Maastricht 

(PCV) pilot trials, which are described in detail in Chapter 2. 

 

 

4.2 Methods 

 Identification 

At baseline PEEP, for all VCV and PCV trials, clinically measured pressure and flow data are 

used to identify nonlinear evolution of elastance and resistance for each patient and any single 

breath at a given PEEP level with the lung mechanics model of Equation (3.1). In this case, the 

basis functions for elastance, 𝐸𝑖(𝑡), and resistance, 𝑅𝑖(𝑡), are defined: 

 

𝐸𝑖(𝑡) = 𝑒1 + 𝑒2 ∗ 𝑃𝑖(𝑡), 𝑖 = 1    (4.1) 

𝑅𝑖(𝑡) = 𝑟1 + 𝑟2 ∗ 𝑄𝑖(𝑡), 𝑖 = 1    (4.2) 
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where 𝑃𝑖(𝑡) and 𝑄𝑖(𝑡) (𝑖 = 1) are the clinical measured pressure and flow data. The values of 

𝑒1, 𝑒2, 𝑟1, and 𝑟2 are the patient-specific, constant coefficients to be identified for each 

patient. They can be identified from any single breath at given baseline PEEP level for each 

patient in this study.  

 

The elastance basis function in Equation (4.1) is significantly simplified from the one used in 

[7, 97, 130], which defines 𝐸 = 𝑓(𝑃(𝑡), 𝑉(𝑡)). The functions in Equations (4.1)-(4.2) are only 

for identification at a baseline PEEP level, and identified coefficients remain constant in 

prediction for all further PEEP levels. The accuracy of this choice of coefficients across all 

clinically realistic ranges of pressure and flow is tested based on the accuracy of model 

prediction results. 

 

PIP error using the identification outcome is defined: 

 

𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟 =
𝑓𝑖𝑡𝑡𝑒𝑑 𝑃𝐼𝑃−𝑐𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝑃𝐼𝑃

𝑐𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝑃𝐼𝑃
∗ 100%    (4.3) 

 

Thus, in identification, four parameters (𝑒1, 𝑒2, 𝑟1, and 𝑟2) are identified, and 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟  can 

be calculated with known or identified data and values. 

 

 Prediction  

In the three pilot trials studied, the maximum number of PEEP levels is 𝑖 = 6 in the CURE trial, 

𝑖 = 9 in the McREM trial, and 𝑖 = 8 in the Maastricht trial, where the McREM and Maastricht 

trials used smaller ∆PEEP steps by clinical preference. 

 



41 

 

4.2.2.1 Elastance and resistance prediction 

In the modelling approach presented here, a compensatory coefficient, 𝛷𝑖, is proposed aiming 

to capture the nonlinear evolution of elastance over PEEP for all three trials, and is calculated 

as a unit-less value. For  𝑃𝐸𝐸𝑃𝑖  levels (𝑖 > 1, where i = 1 is the baseline PEEP), the function of 

𝛷𝑖 (𝑖  > 1) is defined with a clinically selected 𝑃𝐸𝐸𝑃𝑚𝑎𝑥 = 24cmH2O: 

 

𝛷𝑖 =

{
 
 

 
 (1 + 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟)

−1
 ,                                                                                               𝑖 = 2

𝜗1 ∗ ∆𝑃𝐸𝐸𝑃,                                                          𝑖𝑓 𝑖 > 2 𝑎𝑛𝑑 𝑃𝐸𝐸𝑃𝑖 ≤ 𝑃𝐸𝐸𝑃𝑚𝑎𝑥

𝜗1 ∗ ∆𝑃𝐸𝐸𝑃 − 𝜗2 ∗ (𝑃𝐸𝐸𝑃𝑖 −
𝑃𝐸𝐸𝑃𝑚𝑎𝑥

∆𝑃𝐸𝐸𝑃
)
2

,    𝑖𝑓 𝑖 > 2 𝑎𝑛𝑑 𝑃𝐸𝐸𝑃𝑖 > 𝑃𝐸𝐸𝑃𝑚𝑎𝑥

(4.4) 

 

while 𝜗1= 0.0174 in the CURE trial and = 0.0087 in both the McREM and Maastricht trials, 

and 𝜗2 = |𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟| – 0.0123 for all trials. ∆𝑃𝐸𝐸𝑃 = 𝑃𝐸𝐸𝑃𝑖 − 𝑃𝐸𝐸𝑃𝑖−1, where 𝑃𝐸𝐸𝑃𝑖  is the 

currently applied PEEP level.  

 

The values for 𝜗1 and 𝜗2 were parametrically optimized by line search. In the CURE trial, 

∆𝑃𝐸𝐸𝑃 is 4cmH2O clinically, while in the McREM trial and the Maastricht trial it is 2cmH2O. 

Thus, 𝜗1 is reasonably decreased to half the value used for the CURE trial (𝜗1 = 0.0174 → 

0.0087), while 𝜗2 and 𝑃𝐸𝐸𝑃𝑚𝑎𝑥 remain the same. Hence, the parameters are general over all 

three trials and two MV modes examined here. 

 

Thus, elastance is predicted for 𝑃𝐸𝐸𝑃𝑖  levels (𝑖 = 2, 3, 4, …) using: 

 

𝐸𝑖(𝑡) = 𝑒1 ∗ ∑ 𝛷𝑗 + 𝑒2 ∗
𝑗=𝑖
𝑗=2 𝑃1(𝑡) ∗ ∑ 𝛷𝑗

𝑗=2
𝑗=2 ∗ ∑ 𝛷𝑗

𝑗=3
𝑗=2 ∗ … ∗ ∑ 𝛷𝑗

𝑗=𝑖
𝑗=2  (4.5) 

 

As stated in Equations (4.4)-(4.5), 𝛷𝑖 is a function of 3 proposed constant values, 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟 , 
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𝜗1, and 𝜗2. While 𝜗1 is constant and general for all cohorts, 𝜗2 and 𝛷𝑖 (𝑖 = 2) are calculated 

with the absolute value of 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟  (see definition for i = 2 case under Equation (4.4)), which 

can be positive or negative depending on the magnitude of 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟  from the identification 

outcome. Thus, 4 types of situations can be yielded for 𝛷𝑖 (𝑖 =  2) and 𝜗2  with different 

𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟 , as listed in Table 4.1 and schematic plots for following PEEP levels (𝑖 > 2) are 

offered in Figure 4.1. 

 

Table 4.1: 4 types of situations yielded for 𝛷𝑖 and 𝜗2 with different 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟 at 𝑖 = 2. 

4 Types of 

Situations 
𝑷𝑰𝑷𝒇𝒊𝒕𝒆𝒓𝒓𝒐𝒓  

At 𝒊 = 𝟐, yielding 

𝜱𝒊  

= (𝟏 + 𝑷𝑰𝑷𝒇𝒊𝒕𝒆𝒓𝒓𝒐𝒓)
−𝟏

 

𝝑𝟐 
= |𝑷𝑰𝑷𝒇𝒊𝒕𝒆𝒓𝒓| – 0.0123 

Situation 1 (-∞,  -1.23%] > 1 > 0 

Situation 2 [-1.23%, 0%] > 1 < 0 

Situation 3 [0%,  1.23%] < 1 < 0 

Situation 4 [1.23%,     ∞) < 1 > 0 

 

 
(a) 𝛷𝑖 (b) ∑ 𝛷𝑗

𝑗=𝑖
𝑗=2  (c) ∑ 𝛷𝑗

𝑗=2
𝑗=2 ∗ … ∗ ∑ 𝛷𝑗

𝑗=𝑖
𝑗=2  

Figure 4.1: Schematic plots for the evolution for (a) 𝛷𝑖 , (b) ∑ 𝛷𝑗
𝑗=𝑖
𝑗=2 , and (c) ∑ 𝛷𝑗

𝑗=2
𝑗=2 ∗ … ∗

∑ 𝛷𝑗
𝑗=𝑖
𝑗=2  over PEEP (𝑖 > 2) in Equations (4.4)-(4.5), with 4 different situations for 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟 , 

as listed in Table 4.1 in sequence. Identification (𝑖 =1) is at PEEP = 8cmH2O, and predictions 

(𝑖 > 2) are at PEEP = 12, 14, …, 32cmH2O, while prediction at PEEP = 10cmH2O is not 

presented (𝑖 = 2) but listed in Table 4.1.  
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Finally, resistance is assumed to be constant over all PEEP levels for each patient as identified 

at baseline 𝑃𝐸𝐸𝑃1 (𝑖 = 1) [97, 124, 130], yielding: 

 

𝑅𝑖(𝑡) = 𝑟1 + 𝑟2 ∗ 𝑄1(𝑡)     (4.6) 

 

 

4.2.2.2 Pressure prediction for VCV 

For VCV, the CURE trial and the McREM trial, predicted airway pressure is the independent 

output variable. Pressure prediction from baseline 𝑃𝐸𝐸𝑃1 to a new, higher 𝑃𝐸𝐸𝑃𝑖  (i > 2) level 

can be calculated with the predicted elastance and resistance: 

 

𝑃𝑖(𝑡) = 𝐸𝑖(𝑡) ∗ 𝑉1(𝑡) + 𝑅𝑖(𝑡) ∗ 𝑄1(𝑡) + 𝑃𝐸𝐸𝑃𝑖   (4.7) 

 

where 𝐸𝑖(𝑡) and 𝑅𝑖(𝑡) are obtained from Equations (4.5)-(4.6). 

 

4.2.2.3 Volume prediction for PCV 

For PCV in the Maastricht trial, since pressure is the known input, instead of tidal volume and 

flow, tidal volume is the predicted variable, using: 

 

𝑉𝑖(𝑡) =
𝑃1(𝑡)−𝑃𝐸𝐸𝑃1−𝑅𝑖(𝑡)∗𝑄1(𝑡)

𝐸𝑖(𝑡)
     (4.8) 

 

where 𝐸𝑖(𝑡) and 𝑅𝑖(𝑡) are obtained from Equations (4.5)-(4.6). 

 

A flowchart presenting the entire identification (𝑖 = 1) and prediction (𝑖 > 1) procedure is shown 

in Figure 4.2.  
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With airway pressure and flow data, coefficients 𝑒1,𝑒2, 𝑟1, 

𝑟2, and 𝑃𝐼𝑃𝑓𝑖𝑡𝑒𝑟𝑟𝑜𝑟 are identified with Equations (4.1)-(4.3).

Baseline

PEEP

level

(𝑖 = 1)

Predicted 

PEEP

level

(𝑖 > 1)

Predict elastance and resistance with Equations (4.5)-(4.6) with

previous identified coefficients and compensatory coefficient,𝛷.

Calculate compensatory coefficient, 𝛷 , with defined

function in Equation (4.4).

Predict pressure with Equation (4.7). Predict volume with Equation (4.8).

VCV PCV

 
Figure 4.2: Flowchart of the entire identification (𝑖 = 1) and prediction (𝑖 > 1) procedure. 

 

 Validation and Error Analysis 

In this study, the same error metrics are used to describe the results for both identification and 

prediction (cmH2O for pressure, L for volume), as were used in Chapter 3. PIP is the critical 

clinical indicator in VCV, as it is related to VILI due to pulmonary barotrauma [5, 152, 153]. 

Equally, peak inspiratory volume (PIV) is the key indicator during PCV [32]. Errors are 

presented as absolute difference (cmH2O, L). Root mean square (RMS) error is also used to 

show prediction error in pressure and reproducibility of the 𝑃(𝑡) trajectory over an entire 

breath cycle in VCV trials, and volume prediction errors and the reproducibility of 𝑉(𝑡) 

trajectory in PCV trial. 
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 Sensitivity Analysis 

Equation (4.4) relies on fixed values for 𝜗1, 𝜗2, and 𝑃𝐸𝐸𝑃𝑚𝑎𝑥. While 𝑃𝐸𝐸𝑃𝑚𝑎𝑥 is clinically 

justified, the 𝜗1 and 𝜗2 values are tested across a range of ± 5%, ± 10%, and ± 15% 

individually and jointly in a sensitivity analysis to quantify robustness in addition to the three 

independent data sets and different MV modes used in validation. Prediction errors due to 

mixed changes, such as +15% for one variable and -15% for the other, are also evaluated, 

although changes of the same sign are expected to produce the largest errors based on Equation 

(4.4). Thus, a total of 48 combinations of 𝜗1 and 𝜗2 are analysed. The same error metrics are 

reported in this sensitivity analysis to assess model robustness to these parameter value choices. 

 

 

4.3 Results 

 VCV Trials Prediction 

4.3.1.1 Elastance evolution and prediction 

Figure 4.3 (a) shows an example of elastance evolution over time during inspiration for the 

CURE trial Patient 4, Set 1 across 6 PEEP levels, identified at PEEP = 11cmH2O (i = 1) and 

following predictions at higher PEEP levels (i > 1). Figure 4.3 (b) shows an example for Patient 

15 across 6 PEEP levels in the McREM trial, identified at PEEP = 10cmH2O and following 

predictions. T0 is the time when inspiration ends (flow reaches zero) and reaching maximum 

tidal volume. Then, the instantaneous elastance at 𝑇0 over PEEP from Figure 4.3 is presented 

in Figure 4.4 for a clear comparison of elastance changes. 
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T0

 

T0

 

(a) CURE trial (b) McREM trial 

Figure 4.3: Examples of elastance evolution over time during inspiration, over PEEP in Set 1 

of Patient 4 for (a) CURE and Patient 15 for (b) McREM. It is identified at PEEP = 11cmH2O 

in CURE and 10cmH2O in McREM, and predicted to higher PEEP levels using Equations 

(4.4)-(4.5). T0 is the time when inspiration ends. 

 

Identified elastance
Predicted elastance

 

Identified elastance
Predicted elastance

 

(a) CURE trial (b) McREM trial 

Figure 4.4: Instantaneous elastance evolutions at end of inspiration, 𝑇0, over PEEP in Set 1 of 

Patient 4 for (a) CURE and Patient 15 for (b) McREM, from Figure 4.3, where filled circles 

are identified elastance and empty circles are predicted elastance for higher PEEP levels. T0 is 

the time when inspiration ends. 

 

4.3.1.2 Pressure prediction 

Typical prediction cases are shown in Figure 4.5 for 𝑃𝐸𝐸𝑃𝑖 , 𝑖 > 1, with absolute median 

pressure prediction errors of 0.25cmH2O, 0.46cmH2O and PIP errors of 0.23cmH2O, 
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0.58cmH2O for Patient 1, Set 3 in CURE and Patient 14 in McREM, respectively. 

 

  

(a) CURE trial (b) McREM trial 

Figure 4.5: Typical prediction case in (a) Patient 1, Set 3, from 11 to 23cmH2O (∆PEEP = 

12cmH2O) in CURE and in (b) Patient 14, from 10cmH2O to 16cmH2O (∆PEEP = 6cmH2O) 

in McREM. 

 

Absolute prediction errors (cmH2O) of PIP and RMS with median pressure error over the whole 

breath and interquartile range (IQR) for both two VCV trials are shown in Table 4.2. The 

cumulative distribution function (CDF) plots and boxplots for prediction error as a function of 

∆PEEP interval showing absolute predicted PIP error (cmH2O) are given in Figure 4.6 for the 

CURE trial and Figure 4.7 for the McREM trial. For the two VCV trials, the prediction error 

is slightly larger with larger ∆PEEP, which is reasonable and expected. It is worth noting with 

larger ∆PEEP, the clinical PIP is also increasing, and thus the percentage errors of PIP 

prediction do not have noticeable relationship with ∆PEEP. Finally, Figure 4.8 (a) shows the 

correlation of predicted and measured PIP values with R2 = 0.99 for CURE and R2 = 0.88 for 

McREM showing a high level of prediction accuracy (R2 = 0.94 overall). 
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Table 4.2: Prediction outcome for VCV trials with PIP error and RMS error in median error 

(cmH2O) and IQR range (cmH2O). 

Prediction outcome for VCV trials CURE trial McREM trial 

Prediction cases 39 cases 82 cases  

Maximum ∆PEEP 20cmH2O 16cmH2O 

PIP error 
median 0.43 1.04 

[IQR] [0.21, 0.79] [0.46, 2.18] 

RMS error 
median 0.97 1.11 

[IQR] [0.81, 1.12] [0.81, 1.48] 

 

  

(a) PIP error (cmH2O) (b) Boxplot of PIP error (cmH2O) with ∆PEEP 

Figure 4.6: CDFs plots of absolute PIP prediction error (cmH2O) for all 39 prediction cases 

(a) and boxplot of absolute PIP error (cmH2O) with ∆PEEP (b) for the CURE trial. 

  

(a) PIP error (cmH2O) (b) Boxplot of PIP error (cmH2O) with ∆PEEP 

Figure 4.7: CDFs plots of absolute PIP prediction error (cmH2O) for all 82 prediction cases 

(a) and boxplot of absolute PIP error (cmH2O) with ∆PEEP (b) for the McREM trial. 
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(a) Prediction cases for VCV trials (b) Prediction cases for PCV trial 

Figure 4.8: (a) PIP prediction vs Clinical PIP (R2 = 0.99 in CURE, R2 = 0.88 in McREM, and 

R2 = 0.94 overall); (B) PIV prediction vs Clinical PIV (R2 = 0.74 in Maastricht). 

 

 PCV Trial Prediction 

Prediction outcome in PCV (absolute prediction errors of PIV (L) and RMS errors (L)) are 

shown with median prediction error and IQR in Table 4.3. Correlation for predicted and 

clinically-measured PIV is shown in Figure 4.8 (b) with R2 = 0.74. It is clinically acceptable, 

and 74% of predictions are greater than the clinical value, which can lead to a more 

conservative treatment choice and thus lower the risk of volutrauma. A typical case for volume 

prediction in PCV is shown in Figure 4.9, with median volume prediction error of 0.018L over 

the whole breath trajectory and PIV error of 0.027L. 

 

Table 4.3: Prediction outcome for PCV trial with absolute error (L) and RMS error (L). 

Prediction outcome for PCV trial Maastricht trial 

Prediction cases 89 cases 

Maximum ∆PEEP 16cmH2O 

PIV error 
median 0.037 

[IQR] [0.020, 0.058] 

RMS error 
median 0.043 

[IQR] [0.034, 0.063] 
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Figure 4.9: Typical prediction for volume in Patient 6, from 10cmH2O to 18cmH2O (∆PEEP 

= 8cmH2O) in the Maastricht trial cohort, showing the model prediction (dashed) and clinically 

measured volume (solid) at this higher PEEP level. 

 

 Sensitivity Analysis 

The values of 𝜗1 and 𝜗2 were optimised parametrically by line search. To quantify the impact 

of this choice of values and decision to used fixed values, 𝜗1 and 𝜗2  are modified ±5%, 

±10%, and ±15% individually and jointly. These changes yield further 48 analyses. The 

maximum changes of predicted PIP error (cmH2O), PIV error (L), and RMS error (cmH2O, L) 

are recorded and compared with those form the initial values of 𝜗1 and 𝜗2 , as shown in Table 

4.4 for VCV trials and the PCV trial. 

 

Table 4.4: Comparison of median and average PIP/PIV prediction error (cmH2O, L) and RMS 

error (cmH2O, L) between initial set and tested analyses of 𝜗1 and 𝜗2 for VCV trials and PCV 

trials respectively. 

Maximum error changes 

in VCV and PCV trials 

with tested analyses of 𝝑1 and 𝝑2 

VCV trials 

(error in cmH2O) 

PCV trial  

(error in L) 

CURE trial McREM trial Maastricht trial 

PIP/PIV error 
median 0.22 0.07 0.004 

average 0.34 0.04 0.003 

RMS error 
median 0.04 0.04 0.002 

average 0.11 0.03 0.002 
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 Model Identification Quality 

Prediction accuracy is dependent on a good identification at the base PEEP level. For VCV 

trials, identification difference (cmH2O) for first PEEP level of 22 identification cases are 

presented in Table 4.5. Figure 4.10 (a) shows the correlations of model identification, identified 

PIP and measured PIP, are R2 = 0.87 in CURE, R2 = 0.96 in McREM, and R2 = 0.98 overall. 

For the PCV trial, identification outcomes for tidal volume (L) is also provided in Table 4.5, 

while the correlation of model identification is shown in Figure 4.10 (b) with R2 = 0.99. 

 

Table 4.5: Identification outcome for VCV and PCV trials with PIP/PIV error (cmH2O, L) 

and RMS error (cmH2O, L). 

Identification outcome 

for VCV and PCV trials 

VCV trials 

(error in cmH2O) 

PCV trial 

(error in L) 

CURE trial McREM trial Maastricht trial 

Identification cases 8 cases 18 cases 14 cases 

PIP/PIV error 
median 0.49 0.60 0.010 

[IQR] [0.15, 0.61] [0.19, 1.01] [0.004, 0.012] 

RMS error 
median 0.85 0.64 0.016 

[IQR] [0.73, 0.96] [0.56, 0.77] [0.015, 0.023] 

 

  

(a) Identification cases for VCV trials (b) Identification cases for PCV trial 

Figure 4.10: (a) Identified PIP vs Clinical PIP (R2 = 0.87 in CURE, R2 = 0.96 in McREM, and 

R2 = 0.98 overall); (b) Identified PIV vs Clinical PIV (R2 = 0.99 in Maastricht).  
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4.4 Discussion 

Changing PEEP is a key setting to optimize MV care and outcomes [5, 12, 154]. The 

personalized, predictive virtual patient model presented uses only data from the first clinically 

relevant PEEP level to predict the respiratory mechanics and response at higher PEEP levels, 

where ∆PEEP can be up to 20cmH2O, a clinically unrealistically change used only to validate 

the model. This overall outcome is achieved using a relatively simple first order single 

compartment lung mechanics model and physiologically relevant basis functions for elastance 

and resistance prediction.  

 

Similar to Morton et al [7, 97, 124, 130], resistance is kept constant across all PEEP levels, as 

identified at the baseline (𝑖 = 1) PEEP level. Given the relatively low prediction errors obtained, 

assessing any evolution in resistance would add complexity for minimal gain. Meanwhile, [7, 

97, 124, 130] treated elastance and its evolution as a more complex function of both volume 

and pressure, where only pressure is used in this study. While the results of [7, 97, 124, 130] 

are very good, the approach is much more complex, and reported some higher prediction errors. 

In comparison, the proposed approach also yields clinically acceptable results in PCV, which 

is more difficult to simulate than VCV because the two unknown variables of flow and volume 

change simultaneously. Hence, the greater simplicity in the model presented could offer a better 

approach given to similar to improved prediction performance for both VCV and PCV pilot 

trials. 

 

The cost of this model simplification is a loss of physiological information, which may concern 

some clinicians. While effective, it does not have the physiological and clinical relevance of 

the residual volume (𝑉𝑓𝑟𝑐) value calculated and predicted by Morton et al [7, 97, 124, 130]. 

𝑉𝑓𝑟𝑐 is the volume captured by ∆PEEP holding more of the lung open at the end of expiration. 
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Thus, this model is effective and generalizes well across MV modes and patients, but may not 

meet some clinician’s requirements or provide greater physiological or clinical insight. This 

trade off or compromise is expected, and occurs in many modelling areas. 

 

In particular, considering the nonlinear evolution of elastance, a compensatory equation is 

proposed in Equation (4.4). It successfully estimates elastance other approaches did not capture 

as well [7, 97]. The compensatory equation is a function of the known ∆PEEP, applied PEEP 

level, identification error from baseline PEEP level, and an assumed general 𝑃𝐸𝐸𝑃𝑚𝑎𝑥 . 

𝑃𝐸𝐸𝑃𝑚𝑎𝑥  is suggested as an internal factor in the nonlinear evolution of elastance, set as 

24cmH2O in this approach, which is clinically typical and justified maximum PEEP level and 

worked well for all 210 predictions. Figure 4.4 presents the clear nonlinear relationship 

between PEEP and elastance, while the turning points vary with patients and data sets. This 

performance matches clinically observed evolution in [10, 53, 155].  

 

However, despite being a personalized approach, it relies on correlation and set values for 

𝑃𝐸𝐸𝑃𝑚𝑎𝑥, 𝜗1, and 𝜗2 , which may not generalize in larger data sets or studies. In contrast, the 

robustness of prediction performance across independent data sets and MV modes shows it 

generalized well enough over the studied three data sets. Overall, these simplifications and 

choices represent a loss of physiological information, and a potentially too simple model for 

broad clinical use, where this study needs more clinical data for a more complete validation. 

 

Similar to this approach, Vicario et al [156] used an added physiological constraint which is 

estimated for respiratory muscle pressure to illustrate and estimate the nonlinear behavior of 

the lungs. These results offer an effective way to estimate the pulmonary elastance and 

resistance. However, due to its time-varying physiological constraint equation, the results may 
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have more instability and also lack generality and mechanical or physiological relevance. 

However, this independent study result still indicates the impact of such assumptions and 

constraints on lung mechanics and response, which is also seen in this study. In this case, the 

physiological compensatory equation employed will be the same constant during each PEEP 

level. Thus, it is more stable than the one used in Vicario et al.  

 

In pressure prediction outcome for VCV trials, for all 39 cases of CURE, the highest absolute 

PIP prediction error is 1.36cmH2O difference, where 35 cases are within 1cmH2O PIP error. In 

the McREM trial, a total of 82 cases, the highest PIP prediction error is 6.26cmH2O. However, 

except for this worst prediction case, all the other PIP prediction errors are within 4.7cmH2O, 

while 59 cases are within 2cmH2O and 40 cases are within 1cmH2O. Overall, 90% of 

predictions are within 5.7% prediction error. Table 4.2 indicates reproducibility for overall 

pressure trajectory with 0.97cmH2O and 1.11cmH2O median RMS error in the CURE trial and 

the McREM trial, respectively, compared to other modelling studies, which only identify 

models and make no clinically useful prediction [53, 155-158]. 

 

In tidal volume and airway flow prediction for the PCV trial, the performance between volume 

prediction and flow prediction is not consistent. Considering the very good prediction outcomes 

in VCV trials, a median PIV prediction error of 0.037L is acceptable, while errors slightly 

biased to higher PIV could lead to a clinically preferable conservative decision, shown in 

Figure 4.8. This result is achieved with a simple calculation, which means convergence 

problems are avoided with a low computational cost. Finally, it is important to note these sets 

of results predict pulmonary response for changing MV inputs (PEEP), where only Morton et 

al [7, 97, 124, 130] have provided such results previously. Thus, comparison of prediction 

errors is favorable in comparing to model-identified errors and to the limited prior work 
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including prediction by Morton et al. 

 

A sensitivity analysis of the values of 𝜗1 and 𝜗2 is shown in Table 4.4. Among the 48 analyzed 

sets, the median predicted absolute median PIP error in CURE trial increases 0.22cmH2O from 

the initial baseline value choice, while 𝜗1 and 𝜗2 are both 15% smaller, which also yielded the 

largest median PIP error increasing of 0.07cmH2O in the McREM trial. In the Maastricht trial, 

the median PIV prediction error increases with a 0.004L difference under same set and 0.002L 

for RMS error. Thus, this approach is robust to these parameter choices. 

 

This study is tested with three independent data sets including two VCV trials and one PCV 

trial covering a total of 36 patients under various diagnostic and situations. Generalization is 

reasonably demonstrated, and more data with different PEEP settings, tidal volume decisions, 

and MV strategies need to be analyzed to ensure more widespread generality to more 

completely quantify the impact of the simplifying choices made. These studies require more 

data than available for this proof-of-concept validation, although the initial results presented 

here show significant promise. 

 

 

4.5 Summary 

Overall, the proposed model provides accurate and robust predictions even with a clinically 

unrealistic high ΔPEEP up to 20cmH2O and 16cmH2O for VCV and PCV trials, respectively, 

avoiding complicated procedures or iterative calculation seen in limited prior works [97, 124, 

130]. It is computationally efficient to identify the required parameters for following prediction 

without any training or updating in black box models, thus minimizing computation, 

identifiability, and generalization issues seen in these other approaches and more complex 



56 

 

models. Finally, despite simplification, nonlinear elastance evolution is effectively captured 

and yields accurate predictions across 3 clinical trials (2 VCV, 1 PCV), offering new insight 

into the required level of complexity for a virtual patient model for clinical use in MV. 

Clinically, defining the elastance evolution as a function of the key changing MV parameter, 

PEEP, ensures the model is intuitive and easy to understand as evolution is solely a function of 

the input parameter being changed. All these outcomes significantly extend prior works and 

offer new insight into modelling of pulmonary mechanics and the potential use of such models 

to guide clinical care. 
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5 Over-distension Prediction via Hysteresis Loop Analysis 

and Patient-specific Basis Functions in a Virtual Patient 

Model 

5.1 Introduction 

In this chapter, a new and novel element is added to significantly extend a well-validated, 

nonlinear hysteresis lung model (HLM). The primary goal of this chapter is to capture and 

predict the flattening behavior, relevant to VILI, and thus pressure response, for VCV patients 

(McREM trial, described in detail in Chapter 2). Moreover, predictions for an important clinical 

variable, Vfrc, are also studied to add clinical relevance. The extended model yields accurate 

predictions for both pressure, even in the presence of distension (flattening), and Vfrc for a wide 

range of PEEP levels and changes. More importantly, it does not add significant model or 

computational complexity, while the newly proposed term adds measurable new clinical 

insight and utility for MV care.  

 

 

5.2 Methods 

 HLM Lung Mechanics Model [58] 

An identifiable HLM [58] is proposed with a linear spring, Ke, to represent the alveolar 

recruitment elastance, and two nonline1ar hysteretic springs, Kh1 and Kh2, for alveolar 

hysteresis elastance during inspiration and expiration, respectively. The dynamic equation of 

motion for the HLM lung mechanics model is defined [58]: 

 

�̈� + 𝑅�̇� + 𝐾𝑒𝑉 + 𝐾ℎ1𝑉ℎ1 + 𝐾ℎ2𝑉ℎ2 = 𝑓𝑉(𝑡) + 𝑃𝐸𝐸𝑃 = 𝑃(𝑡)  (5.1) 

 



58 

 

where 𝑓𝑉(𝑡) is the steady-state input force, which is the driving pressure during breathing. V is 

the volume of air delivered to the lungs, Vh1 and Vh2 are hysteretic volume response during 

inspiration and expiration, respectively. Ke represents the alveolar recruitment elastance and R 

is the airway resistance. Specially, two nonlinear hysteretic springs for alveolar hysteresis 

elastance during inspiration and expiration are defined as Kh1 and Kh2, respectively. A 

schematic plot is presented in Figure 5.1. 

 

`

Inspiration

Expiration

Airway Flow

RKe Kh1

R KeKh2

 
Figure 5.1: Schematic diagram of the HLM in Equation (5.1) for lung mechanics [58]. 

 

The overall nonlinear stiffness (elastance), 𝐾(𝑡) , for a breath can thus be defined in a 

differential form: 

 

𝐾(𝑡) =
𝑑(𝑓𝑉(𝑡)−�̈�−𝑅�̇�+𝑃𝐸𝐸𝑃)

𝑑𝑉
= 𝐾𝑒 + 𝐾ℎ1

�̇�ℎ1

�̇�
+𝐾ℎ2

�̇�ℎ2

�̇�
  (5.2) 

 

In particular, the hysteretic springs for inspiration and expiration are defined: 

 

�̇�ℎ1

�̇�
= 𝑓𝑠𝑖𝑔𝑛

+ (1 − (
𝑉ℎ1

𝑉𝑚1
)
2

− 𝛿 (
𝐸ℎ1

𝐸𝑚1
)
𝑞

) + 𝐾𝑐𝑓𝑠𝑖𝑔𝑛
−

   (5.3) 
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�̇�ℎ2

�̇�
= 𝑓𝑠𝑖𝑔𝑛

− (1 − (
𝑉ℎ2

𝑉𝑚2
)
2

)     (5.4) 

 

where 𝑉𝑚1  and 𝑉𝑚2  are lower inflection point (LIP) and the upper inflection point (UIP), 

respectively. 𝛿 controls the end-inspiratory stiffness due to distention or a pause, 𝐸ℎ1 is the 

dissipated energy due to inspiratory hysteresis, 𝑞 controls the smoothness of plateau stiffness, 

and 𝐸𝑚1 is the maximum energy without inspiratory pause at peak airway pressure. 𝐾𝑐 controls 

stiffness changes from inspiration to expiration via signum functions 𝑓𝑠𝑖𝑔𝑛
+

 and 𝑓𝑠𝑖𝑔𝑛
−

, while 

𝑓𝑠𝑖𝑔𝑛
+

 = 1 in inspiration and 𝑓𝑠𝑖𝑔𝑛
+

 = 0 in expiration, with 𝑓𝑠𝑖𝑔𝑛
−

 = 0 and 1, respectively. 

 

While assuming the lung mechanics system is highly overdamped with a large damping ratio 

(ξ = 20), eliminating the effect of free vibration or oscillation, which is not clinically observed 

during breathing. Resistance, R, is defined as constant value after identification: 

 

𝑅 = 2𝜉𝑤 = 2𝜉√𝑘     (5.5) 

 

where k is the equivalent initial inspiratory and expiratory filling (emptying) elastance, defined 

as 
1

2
(𝑘1 + 𝑘3), where 𝑘1  and 𝑘3  are HLA-identified elastance presented in Figure 5.3 in 

Section 5.2.2.1. More details for HLM introduction can be found in [58] and online Appendix 

in [128]. In particular, 𝐾𝑒 and 𝑉𝑚1 are named as 𝑘2 and 𝐿𝐼𝑃 in this approach. 

 

 Identification and Prediction  

5.2.2.1 Elastance and parameters identification via HLA in P-V loop 

At any initial, baseline 𝑃𝐸𝐸𝑃𝑖 (𝑖 = 1) level, HLA [134], introduced in detail in Section 1.4.3, 

is applied to identify elastance values from a P-V loop created by ventilator data, which is the 
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same method applied in Chapter 3. First, the P-V loop is divided into 2 half circles, inspiration 

and expiration half circle, where airway pressure reaches its maximum value (PIP). Then, HLA 

is applied for the 2 half cycles, respectively, to identify the required elastance values. The 

schematic HLA identification procedure flowchart for a P-V loop is provided in Figure 5.2.  

 

Divide #1 and #2 into another 2 half-cycles, identify the

breakpoint, bp, and the slopes using HLA method.

Identified parameters: 

#1: k1 = a1, k2 = a2, bp = lower inflection point (LIP)

#2: k3 = a1, k4 = a2

#1 - a2 segment: k2end = a3, bp2 = upper inflection point (UIP)

Note: a4 is automatically identified by HLA function, but not used in the chapter.

Divide the #1 - a2 segment

into 2 segments again.

According to peak inspiratory pressure point, divide the P-V

loop into 2 half-cycles: Inspiration, #1, and Expiration, #2.

Plot the pressure-volume (P-V) loop with ventilator breath data.

 
Figure 5.2: The HLA identification procedure flowchart for a P-V loop at baseline PEEP.  
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Figure 5.3 presents two identification examples for no flattening behavior (linear recruitment) 

at a lower PEEP level, and in the presence of flattening behavior at a higher PEEP level for 

two clinically measured P-V loops. 

 

Figure 5.3: Examples of HLA identifications for clinical measured P-V loops from Patient 1 

with (a) linear recruitment at baseline 𝑃𝐸𝐸𝑃1 = 2cmH2O with no evidence of flattening and 

k2end ≈ k2; and with (b) flattening at baseline 𝑃𝐸𝐸𝑃1 = 12cmH2O and k2end < k2 showing a 

decrease in compliance and thus increasing elastance in distension. LIP is the lower inflection 

point. 

 

As shown in Figures 5.2-5.3, two segments (𝑘3 and 𝑘4) are identified for expiration. For 

inspiration, the half cycle is first divided into 2 segments, denoted 𝑘1 and 𝑘2, according to LIP 

which is the same procedure in previous study [58]. Subsequently, the 𝑘2 segment is assessed 

to find a potential, increased stiffness (reduced compliance) third segment, 𝑘2𝑒𝑛𝑑, arising 

from the flattening at end of inspiration due to lung distension [17, 159].  

 

This secondary procedure turns the second segment into two segments to capture this change 

in stiffness due to distension and observed as flattening of the P-V loop near the end of 

inspiration. The newly added 𝑘2𝑒𝑛𝑑  term uses a separate, but correlated basis function 

prediction procedure from 𝑘2  to capture possible over-distension as PEEP rises. Note the 

k3

k4

k1

k2

k2end

LIP

 

k3

k4

k1

k2

k2end

LIP

 

(a) At PEEP level where no flattening occurs (b) At PEEP level where flattening occurs 
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identified values are slopes, where slopes = compliances, which are then inverted to obtain the 

corresponding elastance values, where elastance = 1/compliance. 

 

5.2.2.2 Model variables predictions 

After identification, resistance, 𝑅 , remains constant as defined in [58] with 𝑅 =

2𝜉√(𝑘1 + 𝑘3)/2 (𝜉 = 20) after being identified from data at the baseline PEEP1. Meanwhile, 

the 𝑉𝑓𝑟𝑐 prediction method also remains unchanged from [58]. An exponential basis function 

set is used to predict the evolution of linear recruitment elastance at higher PEEP levels 

(𝑘2𝑖 , 𝑖 > 1), as well as the evolution of distension elastance (𝑘2𝑒𝑛𝑑𝑖, 𝑖 > 1). Meanwhile, the 

lower inflection point, LIP, of the inspiratory limb of the P-V loop is also predicted. Then, all 

predicted/identified variables and parameters are input into the HLM model to export the 

predictions for P-V loop, PIP, and 𝑉𝑓𝑟𝑐.  

 

Linear recruitment k2 prediction: As proposed, lung mechanics and their evolution over 

pressure are assumed to consist of linear and hysteretic portions at the same time. Combined, 

they create an elastance function, as shown in Equation (5.2). While the linear portion is 

assumed to be associated with increasing PEEP (𝑃𝐸𝐸𝑃𝑖) and identified elastance 𝑘1 at baseline 

𝑃𝐸𝐸𝑃1, the hysteresis portion is estimated as an exponential shape, a common choice in lung 

mechanics modelling [98, 121, 122, 130, 156, 160], with identified 𝑘1, 𝑘21, and predicted 

PEEP level (𝑃𝐸𝐸𝑃𝑖), the same as previously presented [58]: 

 

𝑘2𝑖 = (
𝑃𝐸𝐸𝑃𝑖

𝑘1
+

𝑘21

𝑘1
∗ 𝑒𝑏∗

𝑃𝐸𝐸𝑃𝑖
𝑘1 ) ∗ 𝑘1     (5.6) 

𝑏 =
𝑘1

𝑃𝐸𝐸𝑃1
∗ log

𝑘21−𝑃𝐸𝐸𝑃1

𝑘21
     (5.7) 
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where 𝑏 is the constant exponential rate of recruitment derived at baseline PEEP level (i = 1). 

 

Flattening distension k2end prediction: The proposed distension term, 𝑘2𝑒𝑛𝑑, captures the 

potential over-distension at the end of inspiration. This term has not been considered in prior 

work [58]. However, it is clinically very relevant, as it indicates potential barotrauma and VILI 

for VCV patients [5, 87, 89, 161]. This element is clinically important and the novel 

contribution of this chapter.  

 

In this approach, the end expiratory volume (𝐸𝐸𝐿𝑉1) and the expiratory tidal volume (𝑃𝐼𝑉1 −

𝐸𝐸𝐿𝑉1) identified at baseline PEEP1 are assumed to interact with the prediction of 𝑘2, 𝑘2𝑖, for 

𝑘2𝑒𝑛𝑑 prediction in concave and convex shapes with different evolution rate, respectively, as 

shown in Figure 5.4 and Equation (5.8). Thus, a new, additional basis function is proposed to 

capture and predict the evolution of over-distension in 𝑘2𝑒𝑛𝑑 over PEEP during the HLM 

modelling:  

 

𝑘2𝑒𝑛𝑑𝑖 = (
𝑃𝐸𝐸𝑃𝑖

𝑘2𝑖
+

𝑘2𝑒𝑛𝑑1

𝑘21
∗ (𝜃1 + (Δ𝑃𝐸𝐸𝑃 ∗ 𝜃2)2) ) ∗ 𝑘2𝑖  (5.8) 

𝜃1 =
𝑘2𝑒𝑛𝑑1−𝑃𝐸𝐸𝑃1

𝑘2𝑒𝑛𝑑1
     (5.9) 

  𝜃2 =
𝐸𝐸𝐿𝑉1

𝑃𝐼𝑉1−𝐸𝐸𝐿𝑉1
     (5.10) 

 

where 𝜃1 is derived at baseline PEEP level (𝑖 = 1) and then remains constant for higher PEEP 

levels (𝑖 >  1), as well as 𝜃2 . All other terms are as previously described, and ∆PEEP =

𝑃𝐸𝐸𝑃𝑖 − 𝑃𝐸𝐸𝑃1.  
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Figure 5.4: Sketches of (left and middle) the 𝑘2𝑒𝑛𝑑 function components in Equation (5.8) 

changing over PEEP, yielding (right) a 𝑘2𝑒𝑛𝑑 prediction with the reference of 𝑘2 prediction 

curve displayed, while hypothetic 𝑃𝐼𝑉1 = 0.5L, 𝐸𝐸𝐿𝑉1 = 0.01L. 

 

LIP and 𝑽𝒇𝒓𝒄 prediction: 𝑉𝑓𝑟𝑐 prediction procedure remains the same with previous study in 

[58]. LIP is an interesting part in a P-V loop, while its ability in lung recruitment and guiding 

PEEP level is still under debate [17, 73]. Importantly, in this approach, the LIP prediction aims 

to provide a better P-V loop shape reconstruction in the applied HLM instead of being a 

functional part for recruitability prediction.  

 

A schematic illustration for LIP changes influence on PIP prediction (PIPi) in applied HLM is 

presented in Figure 5.5. Furthermore, Figure 5.6 presents the clinical LIP value/position 

changes over PEEP in airway pressure waveforms, 𝑃(𝑡), and P-V loops (breath starting points 

are normalized). Thus, LIP, which is defined as 𝑉𝑚1 and marked in Figure 5.3, is predicted 

using an evolution equation defined: 

 

𝐿𝐼𝑃𝑖 = 𝐿𝐼𝑃1 ∗ (min (
𝑃𝑟

𝑃𝐸𝐸𝑃𝑚𝑎𝑥
,
𝑃𝐸𝐸𝑃𝑚𝑎𝑥

𝑃𝑟
) − (

Δ𝑃𝐸𝐸𝑃

𝑃𝐸𝐸𝑃𝑚𝑎𝑥
)
2

)   (5.11) 

 

where 𝑃𝑟 = max(𝑃(𝑡)) − min(𝑃(𝑡)) at baseline PEEP1 and 𝑃𝐸𝐸𝑃𝑚𝑎𝑥 is clinically selected as 

24cmH2O, which is the same setting choice in Chapter 4.  

𝑃𝐸𝐸𝑃𝑖
𝑘2𝑖  𝑃𝐸𝐸𝑃 ∗ 𝜃2 2 𝑘2𝑒𝑛𝑑𝑖

𝑘2𝑖
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LIP1 = LIPi

k21

k2i

k1
PIPi = 
25cmH2O

 

LIP1

k21

k2i

k1

LIPi PIPi = 
23cmH2O

 

(a) Without LIP predictions across PEEP (b) With LIP predictions across PEEP 

Figure 5.5: Schematic illustrations for LIP influence on final PIP predictions (PIPi) with same 

identified and predicted 𝑘2 values, while 𝑘21 is the elastance identification at baseline PEEP1 

and 𝑘2𝑖 is the elastance prediction at 𝑃𝐸𝐸𝑃𝑖 (𝑖 > 1). 

 

  

(a) LIP changes shown in 𝑃(𝑡) waveforms (b) LIP changes shown in P-V loops 

Figure 5.6: LIP evolutions shown in (a) clinical 𝑃(𝑡) waveforms and (b) P-V loops across 

multiple PEEP levels, while breath starting points are normalized to offer a clear comparison.  

 

 Experiment Setting and Analysis Method 

The prediction procedure is applied to 6 further higher PEEP levels ( 𝑖 = 2, … , 7 ) after 

identification at baseline PEEP (𝑖 = 1). To test the robustness and generality of HLM model 

and basis function sets, prediction tests are applied across a range of baseline PEEP1 = 0, 2, 4, 

6, 8, 10, and 12cmH2O levels, with a further 6 prediction steps (2cmH2O interval) from each 
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baseline PEEP1 level, yielding a maximum value for Δ𝑃𝐸𝐸𝑃 = 2×6 steps = 12cmH2O. There 

are thus a total of 623 predictions across the 7 baseline PEEP test groups. The test group setting 

is shown schematically in Figure 5.7. 

 

Figure 5.7: Schematic test group setting for the McREM trial. Orange colored levels present 

the identification baseline PEEP level, while blue colored levels present the further 6 prediction 

levels used to test prediction. Intervals in 2cmH2O are set between each PEEP level, while first 

PEEP level is 0cmH2O by protocol. PEEP levels are numbered in these 2cmH2O steps. 

 

 Validation and Error Analysis 

Since PIP is a critical indicator for VILI due to barotrauma in VCV [5, 38, 153], boxplots are 

provided for PIP and 𝑉𝑓𝑟𝑐 absolute prediction error distribution over 7 baseline PEEP levels 

with absolute median error noted (cmH2O for PIP, L for 𝑉𝑓𝑟𝑐). Correlations between clinical 

and model prediction for PIP and 𝑉𝑓𝑟𝑐 are plotted with R2 values calculated with respect to the 

1:1 perfect matching line. The clinical significance and need for 𝑘2𝑒𝑛𝑑 prediction are assessed 

by comparing PIP predictions with and without this term to show the error reduction accounting 

for distension.  

 

 

5.3 Results 

 Pressure Prediction for VCV 

Prediction examples are shown in Figure 5.8 for Patients 6 and 9 at baseline PEEP = 6cmH2O 

Test 

group
No. PEEP level

1st 1 2 3 4 5 6 7 8 ... 13

2nd 1 2 3 4 5 6 7 8 ... 13

... ...

7th 1 2 3 4 5 6 7 8 ... 13
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with ∆PEEP = 12cmH2O, so it is predicting response at PEEP = 18cmH2O, the maximum 

prediction interval and at a PEEP level where distension can appear and be significant. Both 

patients show far better accuracy using 𝑘2𝑒𝑛𝑑 and the noticeable distention is captured well, 

despite the large prediction interval. Appendix B presents all per-patient plots and results for 

completeness. 
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 (a) Without 𝑘2𝑒𝑛𝑑 prediction (b) With 𝑘2𝑒𝑛𝑑 prediction 

P
at

ie
n
t 

9
 

  

 (c) Without 𝑘2𝑒𝑛𝑑 prediction (d) With 𝑘2𝑒𝑛𝑑 prediction 

Figure 5.8: Examples for difference (left) without and (right) with proposed 𝑘2𝑒𝑛𝑑 prediction 

for Patient 6 (a-b) and Patient 9 (c-d) at baseline PEEP = 6cmH2O and ∆PEEP = 12cmH2O, so 

predictions made for PEEP = 18cmH2O where distension can be more significant. 

 

Correlation plots and boxplots of absolute PIP prediction errors across all 7 test groups 
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(baseline PEEP1 = 0, 2, 4, 6, 8, 10, and 12cmH2O) with 6 prediction steps forward (maximum 

∆PEEP = 12cmH2O) are shown in Figures 5.9-5.10. Using 𝑘2𝑒𝑛𝑑  prediction, 90% of PIP 

prediction errors are within 3.95cmH2O, compared to 4.76cmH2O without 𝑘2𝑒𝑛𝑑 prediction. 

Without the 𝑘2𝑒𝑛𝑑 term, overall R2 decreased from 0.90 to 0.82, with more and larger outliers 

in all 7 test groups. Note, in groups where baseline PEEP1 = 0-2cmH2O, where distension 

would be unexpected, median errors are slightly lower without 𝑘2𝑒𝑛𝑑. However, maximum 

error is still much larger, 15.39cmH2O to 5.71cmH2O. 

 

Overall R2 = 0.90

 

Overall R2 = 0.82

 

(a) With 𝑘2𝑒𝑛𝑑 prediction (b) Without 𝑘2𝑒𝑛𝑑 prediction 

Figure 5.9: Correlation plots of PIP prediction vs clinical PIP over 7 baseline PEEPs (a) with 

𝑘2𝑒𝑛𝑑  prediction and (b) without 𝑘2𝑒𝑛𝑑  prediction, yielding overall R2 = 0.90 and 0.82, 

respectively, among 623 prediction cases. 

 

It is worth noting the few large PIP prediction error (large outliers) all occurred in Patient 16 

for Δ𝑃𝐸𝐸𝑃 = 6-12cmH2O, which are outside clinically relevant prediction ranges. Meanwhile, 

Patient 16 is the only patient in the McREM trial with an extremely low P/F ratio = 75, which 

is defined as severe ARDS (Berlin definition in 2012 [139]) and means this patient has much 

worse pulmonary condition compared to the other patients. Excluding this patient (27 

prediction cases in 7 baseline PEEP groups), all PIP prediction errors are within 5.95cmH2O 

and 9.73cmH2O with and without 𝑘2𝑒𝑛𝑑 prediction, respectively, among the remaining 596 
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prediction cases. 

 

 

(a) PIP prediction errors over 7 baseline PEEP levels with 𝑘2𝑒𝑛𝑑 prediction 

 

(b) PIP prediction errors over 7 baseline PEEP levels without 𝑘2𝑒𝑛𝑑 prediction 

Figure 5.10: Boxplots for absolute PIP prediction errors with noted median errors (cmH2O) 

over 7 baseline PEEPs (a) with 𝑘2𝑒𝑛𝑑  prediction and (b) without 𝑘2𝑒𝑛𝑑  prediction, 

respectively, among 623 prediction cases. 

 

More importantly, assessing only clinically relevant ∆PEEP = 2-4cmH2O prediction ranges (1-

2 prediction steps ahead), R2 values over these shorter prediction intervals are higher than the 

overall values, yielding R2 = 0.95, as shown in Table 5.1. Bland-Altman plots in Figure 5.11 

show signed PIP prediction errors for predictions with ∆PEEP = 2-4cmH2O, as well as overall 

and highlighting Patient 16 prediction results. The Bland-Altman results in Figure 5.11 show 

slight over-prediction, which are conservative, at lower ∆PEEP intervals which reverse at 
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clinically unrealistic larger Δ𝑃𝐸𝐸𝑃 intervals, which are not see in absolute errors in Figure 

5.10.  

 

 

(a) Prediction outcome with ∆PEEP = 2-4cmH2O, where Patient 16 predictions are squared 

 

(a) Overall outcome with ∆PEEP = 2-12cmH2O, where Patient 16 predictions are squared 

Figure 5.11: Bland-Altman plots for prediction outcome across all 7 baseline PEEP1 groups 

(with signed errors) while (upper panel) ∆PEEP = 2-4cmH2O, clinically relevant intervals, and 

(lower panel) ∆PEEP = 2-12cmH2O (overall results). Patient 16 (who has the worst pulmonary 

conditions) predictions are squared. 
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Table 5.1: Overall R2, median, and 90% of PIP prediction errors (cmH2O) across 7 baseline 

PEEP groups while maximum ∆PEEP varies from 2 to 12cmH2O (1-6 steps forward), with 

and without 𝑘2𝑒𝑛𝑑 prediction term. 

Maximum 𝜟𝑷𝑬𝑬𝑷 2cmH2O 4cmH2O 6cmH2O 8cmH2O 10cmH2O 12cmH2O 

Prediction cases 122 241 356 460 550 623 

 With 𝑘2𝑒𝑛𝑑 prediction 

R2 0.95 0.95 0.93 0.92 0.91 0.90 

median error 0.86 0.98 1.19 1.32 1.41 1.50 

90% 2.27 2.76 2.93 3.14 3.55 3.95 

 Without 𝑘2𝑒𝑛𝑑 prediction 

R2 0.93 0.91 0.88 0.86 0.84 0.82 

median error 1.27 1.36 1.47 1.58 1.67 1.80 

90% 2.86 3.42 3.84 4.28 4.57 4.76 

 

 𝑽𝒇𝒓𝒄 Prediction 

𝑉𝑓𝑟𝑐 prediction results are provided in Figure 5.12, with R2 = 0.84 for both prediction outcomes 

with and without using the proposed 𝑘2𝑒𝑛𝑑 term, while 90% of errors both within 0.035L. 

𝑉𝑓𝑟𝑐 prediction is relatively stable across all 7 prediction groups, as presented in Figure 5.13. 

The minor prediction difference is slightly fewer outliers with the proposed 𝑘2𝑒𝑛𝑑 prediction. 

This result might be expected since 𝑉𝑓𝑟𝑐 is a function of the expiratory half cycle of the P-V 

loop, which is not largely influenced by predictions with or without 𝑘2𝑒𝑛𝑑  in the model. 

Appendix C presents all per-patient plots and results for completeness. 
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Overall R2 = 0.84

 

Overall R2 = 0.84

 

(a) With 𝑘2𝑒𝑛𝑑 prediction (b) Without 𝑘2𝑒𝑛𝑑 prediction 

Figure 5.12: Correlation plots of 𝑉𝑓𝑟𝑐 prediction vs clinical 𝑉𝑓𝑟𝑐 over 7 baseline PEEPs (a) 

with and (b) without 𝑘2𝑒𝑛𝑑  prediction, yielding overall R2 = 0.84 for both, among 623 

prediction cases. 

 
(a) 𝑉𝑓𝑟𝑐 prediction errors over 7 baseline PEEP levels with 𝑘2𝑒𝑛𝑑 prediction 

 
(b) 𝑉𝑓𝑟𝑐 prediction errors over 7 baseline PEEP levels without 𝑘2𝑒𝑛𝑑 prediction 

Figure 5.13: Boxplots for 𝑉𝑓𝑟𝑐 absolute prediction errors with noted median errors (L) over 7 

baseline PEEPs (a) with and (b) without 𝑘2𝑒𝑛𝑑 prediction, among 623 prediction cases.  
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5.4 Discussion 

As in prior works [8, 58, 129], the two segments identified as 𝑘2 and 𝑘2𝑒𝑛𝑑, presented in 

Figure 5.3, are both treated as linear in this approach. In other studies, the 𝑘2𝑒𝑛𝑑 segment has 

been treated as a curvilinear function [129], and is not considered in other works [8, 114]. The 

amount of over-distension (flattening observed in P-V loop) captured by 𝑘2𝑒𝑛𝑑 is a critical 

factor for clinical treatment decisions, as recruiting more lung when over-distension occurs 

also means more healthy lung units may be injured [162, 163]. Even with a similar rate of 𝑘2 

changes from baseline PEEP to a much higher PEEP level, the amount of distension can be 

distinct from patient to patient.  

 

For example, while the ratio of the change in 𝑘2 is both ~1.60 for Patients 9 and 14 in McREM 

(both from prediction at PEEP = 18 from 6cmH2O), the amount of distension over pressure can 

be distinct from a clinically relevant addition of 2.75cmH2O to a clinically irrelevant 

0.03cmH2O, respectively. Thus, distension prediction can provide significant new insight to 

optimize VCV in a patient-specific manner, while simultaneously helping further reduce the 

risk of VILI based on the ability to accurately capture and predict the added pressure due to 

over-distension. More importantly, it quantifies risk, so it can be balanced against the reward 

of reduced elastance and recruited volume gained to optimize care and PEEP level choices in 

a patient-specific manner. 

 

The PIP predictions, as presented in Figure 5.10, are greatly improved using the proposed 

𝑘2𝑒𝑛𝑑 metric and prediction compared to the prior work [58]. Median error decreases as PEEP 

rises, which is possibly a result of slightly fewer prediction cases as baseline PEEP increases. 

However, given a still large number of predictions at higher PEEP levels, lower error at these 

clinically relevant PEEP levels is important. In addition, while higher PIP prediction errors 
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increase the risk of VILI [5, 164], prediction performance is better when the maximum ∆PEEP 

is limited to the clinically relevant 2-4cmH2O range, as shown in Table 5.1 and Figure 5.11, 

where higher ∆PEEP prediction intervals from 6-12cmH2O are too large for clinical use, but 

show the strength of the models and methods presented. 

 

Although a few large outliers are also observed in prediction using the 𝑘2𝑒𝑛𝑑 term, they all 

occurred in Patient 16 for ∆PEEP = 6-12cmH2O, outside clinically relevant prediction ranges, 

as specially squared in Figure 5.11. Furthermore, Patient 16 is the only patient in the McREM 

trial with an extremely low P/F ratio = 75mmHg, while all others are above 140mmHg. A P/F 

ratio lower than 100mmHg can be the indicator of very severe ARDS and is a strong predictor 

of mortality [139, 165-167]. Thus, this patient has much worse pulmonary condition compared 

to the other 17 McREM patients, many of whom also meet broad ARDS definitions [139]. 

Excluding this patient (27 prediction cases in 7 baseline PEEP groups), all PIP prediction errors 

are within 5.95cmH2O from the remaining 596 prediction cases, with 1.48cmH2O median 

absolute error. 

 

Although 𝑉𝑓𝑟𝑐  prediction depends primarily on expiration segment reconstruction, the 

inspiration prediction (𝑘2, 𝑘2𝑒𝑛𝑑, and inspiratory segment reconstruction) may have minor 

impact on the 𝑉𝑓𝑟𝑐 prediction outcome, so it was assessed in this work. The minor difference 

between 𝑉𝑓𝑟𝑐 prediction with and without 𝑘2𝑒𝑛𝑑  shows this impact was very minor. The 

overall results were very good and median errors of 0.010-0.015L are relatively small 

compared to tidal volumes of 0.4-0.8L from studied 18 patients. Notably, to date, except for 

[58], no other research identifies 𝑉𝑓𝑟𝑐 or predicts its change with PEEP or other metrics. 

 

The total number of patients is a potential limitation of this work. Validation with a total of 18 
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patients under various diagnostic and clinical situations illustrates the generality of the overall 

approach to some degree. However, more patient data, more diverse MV strategies, and a wider 

range of clinical settings should be examined for a more complete proof-of-concept.  

 

Another potential limitation is there is no determinative mathematical method to determine the 

amount of over-distension for patients. In this approach, distension is inferred from quantifying 

the flattening behavior of the P-V loop, noting an increase in elastance indicative of increasing 

distension, and which also has a strong correlation to real alveoli over-distension [17, 94, 161]. 

However, there is no gold-standard distension measurement without invasive imaging, which 

is not continuous or real-time, and can be subjective in assessment. Therefore, although lacking 

gold standard evidence, such as CT images, the approach presented provides better P-V loop 

reconstruction and prediction than currently (or previously) possible, which demonstrates its 

benefit and clinical utility. 

 

In summary, adding 𝑘2𝑒𝑛𝑑 prediction, aiming to capture and predict the ‘flattening’ behavior 

which is associated with real lung over-distension, improves model accuracy and prediction 

across several baseline PEEP1 levels. Combined with the proposed 𝐿𝐼𝑃 prediction used in this 

work, it yields better P-V loop reproduction, which in turn yields slightly more accurate 𝑉𝑓𝑟𝑐 

prediction. This approach presents and validates a physiologically and clinically relevant model 

term, and its prediction accuracy for use in personalising and optimising MV care in clinical 

settings.  

 

 

5.5 Summary 

This chapter presents a significantly extended and more accurate virtual patient model for 
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mechanical ventilation, including novel new model terms to capture and predict the clinically 

important risk of over-distension (flattening behavior) and thus the risk of VILI. The prediction 

performance is assessed across 18 VCV patients at a wide range of different baseline PEEP 

levels (from 0 to 12cmH2O) with ∆PEEP prediction intervals up to 12cmH2O. Overall 

prediction performance is improved both for PIP and 𝑉𝑓𝑟𝑐 from prior works with smaller errors. 

The overall outcome shows the physiological relevant basis functions offer the possibility for 

accurate and simpler lung mechanics prediction, especially over clinically realistic ∆PEEP = 

2-4cmH2O intervals. No prior model has effectively captured distension in these broad ranges, 

or provided accurate prediction. These outcomes provide a quantified and accurate prediction 

of risk in changing PEEP to balance against equally accurately predicted benefits in terms of 

minimizing lung elastance or maximizing recruited lung volume.   
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6 Impact of Elastance Identification Method on Model 

Predictive Power 

6.1 Introduction 

As stated in Chapter 5, the identification and prediction of two elastance values (𝑘2  and 

𝑘2𝑒𝑛𝑑) yields accurate pressure outcome prediction as PEEP changes. Accurate prediction 

enables risk-free optimisation and personalisation of care. In Chapter 5, the main purpose is to 

study the impact of the added term, 𝑘2𝑒𝑛𝑑, on predictions outcome. Thus, 𝑘2 identifications 

and predictions remain the same with the previous study [58]. In this chapter, another HLA 

identification method for obtaining 𝑘2  and 𝑘2𝑒𝑛𝑑  is tested, while the overall prediction 

procedure remains same and the elastance identification strategy is the only difference. The 

goal of this Chapter is to study how the elastance identification strategy will influence the 

prediction outcome in elastance and airway pressure (Chapter 5 and the previous study [58] 

only focus on airway pressure). The patient data are from the McREM pilot trial.  

 

 

6.2 Methods 

 Elastance Identification 

As in Chapter 5, at any baseline 𝑃𝐸𝐸𝑃𝑖  (𝑖 = 1), HLA is applied to identify 𝑘2 and 𝑘2𝑒𝑛𝑑 

values. Note, the two identification methods presented only influence the value of 𝑘2 identified 

at baseline 𝑃𝐸𝐸𝑃1 while 𝑘2𝑒𝑛𝑑 is exactly the same.  

 

The two methods are defined: 

 

Method 1 (𝑘2𝑜𝑝 ): An overall 𝑘2𝑜𝑝  is first identified across the long segment. Then the 
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segment is assessed again to find a potential, increased stiffness (reduced compliance) as the 

third segment, 𝑘2𝑒𝑛𝑑, as presented in Chapter 5 and Figure 6.1 (a). 

 

Method 2 (𝑘2𝑠𝑝): 𝑘2𝑠𝑝  and 𝑘2𝑒𝑛𝑑 are identified and separated with the breakpoint at the 

upper inflection point (UIP), which is automatically identified by HLA [134, 168] and 

relatively more physiologically-relevant identification method in theory, as shown in Figure 

5.2 (denoted as a4 but not discussed) and Figure 6.1 (b). 

 

k1

k2op

k2end

 

k1

k2sp

k2end

 
(a) Overlapped 𝑘2𝑜𝑝 and 𝑘2𝑒𝑛𝑑 identification 

using Method 1 

(b) Separate 𝑘2𝑠𝑝 and 𝑘2𝑒𝑛𝑑 identification 

using Method 2 

Figure 6.1: Examples of HLA identification for a measured clinical P-V loop at a baseline 

PEEP = 12cmH2O for Patient 9 in McREM pilot trial, (a) overlapped 𝑘2𝑜𝑝 and (b) separate 

𝑘2𝑠𝑝 identification. 

 

 Analysis 

Prediction functions for 𝑘2  and 𝑘2𝑒𝑛𝑑  are the same as those defined in Chapter 5, and 

specifically, as defined in Equations (5.6)-(5.10). Analysis methods for calculating and 

assessing predictions are the same as stated in Figure 5.7, across a range of baseline PEEP1 = 

0, 2, 4, 6, 8, 10, and 12cmH2O, with a further 6 prediction steps (2cmH2O interval) from each 

baseline PEEP1 level, yielding a maximum value for ∆PEEP = 2×6 steps = 12cmH2O (McREM 
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pilot trial, 18 patients, 623 cases in total). 

 

Airway pressure predictions are compared with PIP prediction errors (cmH2O) between 

Methods 1 and 2 (𝑘2𝑜𝑝 and 𝑘2𝑠𝑝), as stated in Section 6.2.1. Both predictions are made using 

the 𝑘2𝑒𝑛𝑑 function. Meanwhile, Methods 1 and 2 present different identification strategies for 

determining the elastance 𝑘2. Thus, elastance prediction errors (cmH2O/L) are compared for 

each method. In particular, the identified 𝑘2𝑜𝑝 value is compared to the predicted 𝑘2𝑜𝑝 value. 

Similarly, the identified 𝑘2𝑠𝑝 value is compared to the predicted 𝑘2𝑠𝑝 value. In both cases, the 

identified value from data is assumed to be the best possible value obtainable, and any 

difference in the predicted values of these elastances would thus help define further prediction 

errors using the model. 

 

 

6.3 Results 

 Elastance Prediction 

Figure 6.2 presents the correlation of identification versus prediction for 𝑘2𝑜𝑝 and 𝑘2𝑠𝑝 over 

7 baseline PEEP levels (PEEP1 = 0, 2, 4, 6, 8, 10, and 12cmH2O). As expected, elastance is 

getting larger (compliance decreasing) as PEEP increases for both 𝑘2𝑜𝑝 and 𝑘2𝑠𝑝, while the 

latter yields smaller identification values at the same PEEP level (matching the presentation in 

Figure 6.1). 𝑘2𝑠𝑝 in Method 2, as the relatively more physiologically-relevant identification 

method, yields higher correlation with R2 = 0.94, compared with R2 = 0.83 for 𝑘2𝑜𝑝 in Method 

1. Meanwhile, Figure 6.3 presents the correlation plot for 𝑘2𝑒𝑛𝑑, with R2 = 0.87. 
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Overall R2 = 0.83

 

Overall R2 = 0.94

 
(a) 𝑘2𝑜𝑝 prediction versus identifications (b) 𝑘2𝑠𝑝 prediction versus identifications 

Figure 6.2: Correlation plots of elastance prediction vs identification over 7 baseline PEEPs 

for (a) 𝑘2𝑜𝑝  and (b) 𝑘2𝑠𝑝 , yielding overall R2 = 0.83 and 0.94, respectively, among 623 

prediction cases. 

 

Overall R2 = 0.87

 
Figure 6.3: Correlation plots of elastance prediction vs identification over 7 baseline PEEPs 

for 𝑘2𝑒𝑛𝑑, yielding overall R2 = 0.87 among 623 prediction cases. 

 

 Pressure Prediction 

Table 6.1 shows PIP prediction outcomes for ∆PEEP = 2-12cmH2O (1-6 prediction steps) and 

∆PEEP = 2-6cmH2O (1-3 prediction steps) for both identification methods, where 𝑘2𝑜𝑝 yields 

the higher accuracy (R2 values), which is the not the case for elastance predictions in Figure 

6.2. The CDF plots for PIP prediction outcome in both the 𝑘2𝑜𝑝  and 𝑘2𝑠𝑝  methods are 
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presented in Figure 6.4.  

 

Table 6.1: Absolute PIP prediction errors presented in yielding R2, median error, and IQR 

range (cmH2O) for 1-6 prediction steps further (∆PEEP = 2-12cmH2O) and 1-3 prediction steps 

further (ΔPEEP = 2-6cmH2O). 

 

 
Figure 6.4: The CDF plot for absolute PIP prediction errors in (solid line) 𝑘2𝑜𝑝, and (dashed 

line) 𝑘2𝑠𝑝 methods for 623 cases (∆PEEP = 2-12cmH2O). 

 

Boxplots for absolute PIP prediction errors for the two elastance identification methods across 

7 different baseline PEEP levels are presented in Figure 6.5. While both predictions are good 

using the 𝑘2𝑒𝑛𝑑 function, a lower median error of 1.50cmH2O is obtained using 𝑘2𝑜𝑝. Overall, 

PIP prediction error 

(cmH2O) 
Overlapped 𝒌𝟐𝒐𝒑 Separate 𝒌𝟐𝒔𝒑 

1-6 steps 623 prediction cases 

R2 0.90 0.87 

90th% error 3.95 4.43 

median 

[IQR] 

1.50 

[0.69 2.55] 

1.76 

[0.78 3.11] 

1-3 steps 356 prediction cases 

R2 0.93 0.90 

90th% error 2.93 3.56 

median 

[IQR] 

1.19 

[0.48 1.99] 

1.38 

[0.58 2.54] 
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90% of PIP prediction errors are within 3.95 and 4.43cmH2O for 𝑘2𝑜𝑝 and 𝑘2𝑠𝑝, respectively.  

 

1.50cmH2O

(623 cases)

 
(a) PIP prediction errors in 𝑘2𝑜𝑝 identification method 

1.76cmH2O

(623 cases)

 
(b) PIP prediction errors in 𝑘2𝑠𝑝 identification method 

Figure 6.5: Boxplots for PIP prediction errors over 7 baseline PEEPs for predictions with (a) 

𝑘2𝑜𝑝 and (b) 𝑘2𝑠𝑝 identification methods, yielding an overall median error of 1.50cmH2O and 

1.76cmH2O, respectively, among 623 cases in total. 

 

 

6.4 Discussion 

PIP prediction errors with same prediction functions yield fewer, smaller outliers for the 𝑘2𝑠𝑝 

method and overall lower errors for the 𝑘2𝑜𝑝 identification method across 6 baseline PEEP 
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levels, as shown in Figure 6.5. Meanwhile, using the same prediction functions, 𝑘2𝑠𝑝 

prediction accuracy at baseline PEEP = 4-6cmH2O slightly exceeds that of 𝑘2𝑜𝑝. However, 

this phenomenon is due to the large errors in both 𝑘2𝑜𝑝 and 𝑘2𝑠𝑝 predictions for Patient 16, 

and at higher PEEP changes.  

 

Patient 16 is the only patient in the McREM trial with an extremely low P/F ratio = 75mmHg, 

while all others are all above 140mmHg. A P/F ratio lower than 100mmHg indicates very 

severe ARDS and is a strong predictor of mortality [139, 167]. Thus, this patient has much 

worse pulmonary condition compared to the other 17 McREM patients, many of whom also 

meet broad less severe ARDS definitions [169]. If this patient is excluded, the 90th error falls 

to 3.88cmH2O and 4.34cmH2O for 𝑘2𝑜𝑝 and 𝑘2𝑠𝑝 methods, respectively. For prediction within 

∆PEEP = 2-6cmH2O, it decreases to 2.87cmH2O and 3.46cmH2O, respectively. 

 

However, while 𝑘2𝑠𝑝  is theoretically more physiological-relevant and more accurate in 

elastance identification and prediction (higher R2 value of 0.94 compared with R2 = 0.83 for 

𝑘2𝑜𝑝 elastance prediction, shown in Figure 6.2), while 𝑘2𝑒𝑛𝑑 elastance prediction yields a R2 

value of 0.87, which is reasonably good shown in Figure 6.3. The combination of 𝑘2𝑠𝑝 and 

𝑘2𝑒𝑛𝑑 does not yield lower PIP prediction errors as expected, as presented in Figures 6.4-6.5 

and Table 6.1.  

 

This outcome shows while the 𝑘2𝑠𝑝  method might be more intuitive in physiological 

understanding and capture (elastance identification and prediction), the overlapped 𝑘2𝑜𝑝 yields 

overall better performance for pressure prediction (more important than elastance prediction) 

in this study, which may have more mathematical significance from a modelling perspective. 

These results may be limited by the prediction function used, patient numbers, MV modes 
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considered, and other possible factors.  

 

 

6.5 Summary 

Overall, this chapter discusses the impact of two different elastance identification methods on 

physiological features capture and prediction (elastance and airway pressure). The relatively 

more intuitive and physiological-relevant elastance identification method can accurate predict 

the elastance. However, it yields lower mathematical modelling significance for the most 

critical airway pressure prediction, presenting the physiological relevance and modelling 

efficiency may be not strongly correlated as expected. More importantly, while the prediction 

outcome is not great but still good, it is able to build a real-time over-distension monitoring 

measurement, OD, in a simple and robust way, which will be discussed in the following 

Chapter 7.   
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7 A Real-time Over-distension Index from P-V loops via 

HLA 

7.1 Introduction 

As Chapter 6 presented, although 𝑘2𝑠𝑝 does not yield prediction results quite as good as those 

for 𝑘2𝑜𝑝, the overall outcome is still accurate and acceptable. More importantly, it can be used 

with 𝑘2𝑒𝑛𝑑 segment to build an over-distension index to estimate and quantify any flattening 

behavior at the end of inspiration, which indicates alveolar over-distension [17, 88, 89, 161]. 

Over-distension, caused by delivering too much pressure or/and volume ventilator support, is 

a major cause of unintended VILI [153, 170], which increases length of MV duration and 

mortality [5, 171, 172], particularly when increasing PEEP [173, 174]. Aiming to offer better 

and more reliable monitoring in routine clinical use, model-based measurements/indexes have 

been proposed [17, 86, 91, 93, 161]. A previously proposed measurement, stress index (SI), is 

studied as validation in this case. The patient data and results are again from the McREM trial. 

 

 

7.2 Methods 

 Over-distension Measurements 

P-V loop flattening: As PEEP changes/increases and peak pressures rise, flattening behavior 

can be observed at the end of the inspiratory segment, which implies potential over-distension 

and increased risk of lung injury [89, 175, 176]. Figure 7.1 represents the examples for a 

‘flattened’ breath and a ‘non-flattened’ breath with clinical data from Patient 1.  
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OD = 
-0.1cmH2O

 

OD = 
1.81cmH2O

 

(a) OD ≈ 0cmH2O with no flattening (b) OD > 0cmH2O with flattening 

Figure 7.1: Plots (a) and (b) illustrate curve flattening with OD ≈ 0cmH2O with no flattening 

at PEEP = 0cmH2O and OD > 0cmH2O due to nonlinear flattening of the inspiratory P-V loop 

at end inspiration stiffness increases due to over-distension at PEEP = 10cmH2O as. Data from 

Patient 1 are used. 

 

Then, the flattening extent, modelled and symbolled as OD (over-distension), as presented in 

Figure 7.2, is quantified as the pressure difference between the ‘flattened’ breath and a ‘non-

flattened’ breath, where 𝑘2 ≈ 𝑘2𝑒𝑛𝑑 would yield OD ≈ 0cmH2O: 

 

𝑂𝐷 = 𝑃𝐼𝑃 − (𝑉𝑃𝐼𝑃 ∗ 𝑘2 − 𝑘2𝑖𝑛𝑡𝑟𝑝𝑙)    (7.1) 

 

where 𝑘2 is the identified slope and 𝑘2𝑖𝑛𝑡𝑟𝑝𝑙 is the identified corresponding interpolation using 

HLA, same as Method 2 in Chapter 6 (shown in Figure 6.1 (b)). 𝑉𝑃𝐼𝑃 is the tidal volume where 

airway pressure yields its maximum (peak inspiratory pressure, PIP). An identification 

example is presented in Figure 7.2 (a). 

 

Importantly, using both 𝑘2 and 𝑘2𝑒𝑛𝑑 ensures the proposed OD method and metric can be 

predicted before changing PEEP, as presented in Chapters 5-6. The OD value captures the level 

of flattening as a measurement of over-distending (extra) pressure. It is thus assumed to reflect 



87 

 

over-distension risk in intuitive units of pressure.  

 

k2intrpl

VPIP

OD = 
1.81cmH2O

PIP

slope = k2

VT

 

𝑷 𝒕 =
𝟏 .  ∗ 𝒕𝒊 𝒆𝟏.𝟏 + 𝟏 .  

 

(a) OD identification in a P-V loop (b) SI identification in 𝑃(𝑡) curve 

Figure 7.2: Examples of (a) OD quantification by resulted difference on pressure between 𝑘2 

and 𝑘2𝑒𝑛𝑑 in a P-V loop and (b) SI identification in a 𝑃(𝑡) curve during inspiration. Identified 

SI = 1.17, while both (a) and (b) indicate over-distension exists based SI > 1.05 [93]. Data are 

both from Patient 1 at PEEP = 10cmH2O. 

 

Stress index (SI) analyses the shape of the pressure-time waveform, 𝑃(𝑡), assuming a concave 

shape during inspiration indicates tidal over-distension, and a convex shape indicates tidal 

recruitment [93, 94]. SI is currently one of the most clinically accepted and validated 

measurement, and its calculation is embedded in a commercial ventilator (Servo-i, Maquet, 

Solna, Sweden) [177]. Specifically, a SI value between 0.95 and 1.05 is considered as a non-

injurious/safe range, while SI > 1.05 indicates over-distension. The calculation is based on 

fitting a phenomenological, non-physiological model to the inspiratory limb, defined in [93, 

95]: 

 

𝑃(𝑡) = 𝑎 ∗ 𝑡𝑖𝑚𝑒𝑏 + 𝑐     (7.2) 

 

where 𝑃(𝑡) is airway pressure over time (cmH2O) and, 𝑎, 𝑏, and 𝑐 are coefficients identified 
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from the measured data, where SI = 𝑏 is a unit-less number. An identification example is shown 

in Figure 7.2 (b). 

 

Dynamic compliance: Dynamic compliance (𝐶𝑑𝑦𝑛) focuses on the overall changes of three 

key values regardless of the nonlinear pulmonary mechanics, introduced in Section 1.4.1, 

defined: 

 

𝐶𝑑𝑦𝑛 =
𝑉𝑇

𝑃𝐼𝑃−𝑃𝐸𝐸𝑃
     (7.3) 

 

where 𝑉𝑇 is tidal volume (L) and PIP is peak inspiratory pressure (cmH2O), as noted in Figure 

7.2 (a).  

 

 Key Differences in Metrics 

While over-distension metrics can be effective to assess lung condition and guide treatment, a 

strong correlation with physiological features and mechanics able to be modelled can 

strengthen the understanding of what is occurring with pulmonary mechanics, as well as 

increase its predictive power if the model has predictive capability [59]. Over-distension 

metrics with predictive power can offer further better guidance in clinical care and lower risks 

for patients [7, 58, 59, 97, 124, 128].  

 

SI is currently the most clinically accepted and validated clinical metric, whose calculation is 

already embedded in a commercial ventilator (Servo-i, Maquet, Solna, Sweden) [177]. 𝐶𝑑𝑦𝑛 is 

available in a ventilator, but does not capture the flattening of the P-V loop, and the nonlinear 

mechanics, indicating over-distension. In contrast, OD captures resulting excess pressure due 

to this nonlinearity as SI. However, OD is a more robust calculation, and can be accurately 
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predicted over changes in MV settings (predictive power) via a validated digital twin virtual 

patient model [128], as presented in Chapter 6. Table 7.1 summaries the main features 

discussed for OD, SI, and 𝐶𝑑𝑦𝑛. To note, Cdyn results are not presented since the goal is to 

compare between clinical-validated SI and proposed OD. Cdyn is only used where abnormal 

cases are observed in OD or SI identification to offer confidence in SI or OD outcome, as 

discussed in Section 7.4.1.  

 

Table 7.1: Three over-distension metrics overview. Centimeter of water = cmH2O. 

Liter/centimeter of water = L/cmH2O. 

Metrics Unit Proposed safe (no injury) value range 
Nonlinear behavior 

capture 

OD cmH2O yes, later in Section 7.3.2 yes 

SI Unit-less yes, 0.95-1.05 [92, 95] yes 

Cdyn L/cmH2O 

no*, but with an optimal setting at its 

maximum value [12, 53, 178], after 

testing to find this value 

no 

* A safe range within 10% of maximum Cdyn is proposed by Chiew et al [53] and also in clinical 

use from experience. However, to authors’ knowledge, very little published research has 

considered a numerical safe Cdyn range instead of finding its maximum value via PEEP titration 

testing or similar. 

** Detailed discussion is provided in Section 7.3. 

 

 Analysis and Validation 

The correlation between the proposed OD metric and previously validated SI is analyzed to 

calibrate OD in assessing its performance in capturing over-distension risk. OD and SI are 

calculated for breaths from every PEEP level with none to varying levels of visual over-

distension evident. OD is calculated using the models of [58, 128]. Prediction accuracy for OD 

can be assumed based on the high prediction accuracy for 𝑘2𝑠𝑝, 𝑘2𝑒𝑛𝑑, and peak pressure 

(shown in Chapter 6), and thus OD, in Figure 7.2 (a), where this work evaluates and calibrates 

OD without prediction.  
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R2, the coefficient of determination, is a common way to describe the variance between the 

dependent variable with the applied regression model [179]. In this study, linear regression is 

chosen and thus R2 reflects the correlation between two variables, SI and OD, where 1:1 or 

𝑦 = 𝑥 is perfect match. However, R2 values only identify the linear correlation and can be 

influenced by few undesired outliers [180]. Thus, Spearman correlation, rs, is calculated to 

minimize the impact of a few large outliers and to present the possible nonlinear monotonic 

association [181]. Strong correlation can be suggested with rs > 0.7 [182].  

 

Sensitivity and specificity analysis is then applied to find an optimal safe range for OD 

corresponding to SI = 0.95-1.05. The best ROC (receiver operating characteristic) curve and 

cut point are chosen considering curve shape, AUC (area under curve), and overall 

performance. Kruskal-Wallis analysis is also applied to ensure statistically significant 

differences across the proposed three diagnostic thresholds.  

 

Finally, results are also examined across ARDS severity using the Berlin definition and P/F 

ratio [139]. 

 

 

7.3 Results 

 OD and SI Correlation Analysis 

For overall association of OD and SI, as presented in Figure 7.3 (d), the linear correlation 

between OD and SI across 196 cases (19 patients) yields R2 = 0.61 and Spearman coefficient 

rs = 0.86. However, two abnormal patients, Patient 7 and Patient 12, as highlighted in Figure 

7.3 (c)-(d) and identification outcome provided in Appendix D, have SI > 1.05, the high-risk 

range [93, 95], across all clinically-chosen PEEP values, even at PEEP = 0cmH2O. Excluding 
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these 2 patients, R2 and rs increase to 0.76 and 0.89, respectively. Thus, strong correlation exists 

between the proposed OD metric and the previously validated SI measurements [180, 182, 

183]. 

 

R2 = 0.60
rs = 0.83

 

R2 = 0.79
rs = 0.90

 

(a) Mild ARDS: P/F = 200-300mmHg (b) Moderate ARDS: P/F = 100-200mmHg 

R2 = 0.98
rs = 0.98

 

R2 = 0.61
rs = 0.86

 

(c) Severe ARDS: P/F = 0-100mmHg (d) Overall scatter plot for 19 patients 

Figure 7.3: Correlation of OD (cmH2O) vs SI (unit-less) is presented in 3 patient groups: (a) 

mild, (b) moderate, and (c) severe ARDS, including 99, 89, and 8 cases (10, 8, and 1 patients), 

respectively. Overall correlation among all 19 patients is shown in (d). R2 values yield 0.60, 

0.79, 0.98, and overall 0.61, respectively. Spearman rs values yield 0.83, 0.90, 0.98, and overall 

0.86, respectively. Orange triangles ‘∆’ denote the two abnormal patients, Patient 7 and 12, 

covering 22 cases totally.  

 

Meanwhile, Figure 7.3 (a)-(c) presents correlation of OD and SI in three P/F ratio groups (P/F 
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= 0-100mmHg severe ARDS; 100-200mmHg moderate ARDS; and 200-300mmHg mild 

ARDS [139]), covering 99, 89, and 8 cases (10, 8, and 1 patients), and yielding R2 values of 

0.60, 0.79 and 0.98 for mild, moderate, and severe ARDS, respectively. Each circle is a single 

PEEP step for a patient. Each dashed line presented for each patient covers their entire RM (6-

14 cases/PEEP steps). To compare, the two abnormal patients are highlighted, where both have 

P/F = 200-300mmHg with mild ARDS. R2 for mild ARDS increases to 0.69 without these 

highlighted cases. 

 

The overall distribution of OD values across diagnostic SI levels (SI < 0.95, 0.95-1.05, and > 

1.05 [93]) is shown in Figure 7.4 for all 19 patients. The Kruskal-Wallis test is applied for 

every pair and three groups together, all yielding p < 0.001. These results show statistical 

significance between the three SI ranges for matched OD values, indicating its equal feasibility 

as a clinical diagnostic comparable to SI, while also offering the ability to be predicted in real-

time for any new PEEP level considered.  

 

p < 0.001

 
Figure 7.4: Distribution of OD values in SI diagnostic ranges, yielding p < 0.001 (statistically 

significant) for every pair and three groups together.  
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 OD Safe Range Determination 

According to the classification standard provided in Table 7.2, ROC curves are calculated and 

plotted for different thresholds of the difference between an upper OD limit (ODur, 

corresponding to SI = 1.05) and lower OD limit (ODlr, corresponding to SI = 0.95), with ODsafe 

range from ODlr to ODur. Then, according to the resulting AUC (area under curve), ROC curve 

shape, and performance robustness, a 0.8cmH2O width (ODur - ODlr) of ODsafe is considered to 

yield the overall best performance.  

 

Table 7.2: ROC curve classification standard [184]. ODsafe ranges from ODlr to ODur. ODdanger 

> ODur (corresponding to SI > 1.05), and ODatele < ODlr (corresponding to SI < 0.95). 

Index Definition 

True Positive (TP) 
ODsafe cases correspond to SI = 0.95-1.05 

ODdanger cases correspond to SI > 1.05 

True Negative (TN) ODatele cases correspond to SI < 0.95  

False Positive (FP) OD values overestimated the true condition  

False Negative (FN) OD values underestimated the true condition 

Sensitivity = TP/(TP + FN) 

Specificity = TN/(TN + FP) 

 

The optimal cut point in this study is chosen with high sensitivity and slightly higher 1-

specificity values, Point 1 in Figure 7.5 (b), instead of a common choice in compromise 

between these two values, highlighted as Points 2 and 3. The details of denoted points 1-3 are 

listed in Table 7.3. The low 1-specificity value of point 3, the common choice of cut point, is 

‘rewarded’ by fewer FP cases. However, in this study, the goal is to minimize both FP and FN 

cases, as shown in Table 7.3 and Figure 7.5 (a), since both overestimation and underestimation 

could increase risk. Thus, considering the lowest (or same) number of FP+FN cases yielded 

points 1 and 2, while point 3 is excluded. Finally, point 1 is chosen due to a preference of higher 

sensitivity in clinical use to reduce risk, suggesting the optimal choice of safe OD range, ODsafe 



94 

 

= 0-0.8cmH2O.  

 

Table 7.3: Three ROC points comparison. Point 1 is chosen as the optimal cut point for this 

study, while Point 3 is the common choice in ROC analysis. Point 2 is in the middle of Points 

1 and 3. TP = True Positive. TN = True Negative. FP = False Positive. FN = False Negative. 

Accuracy = ACC = (TP+TN)/total cases. 

ROC 

points 

analysis 

Number of cases Yielded values 

TP TN FP FN Sensitivity Specificity ACC 

Point 1 138 32 14 12 0.92 0.70 0.87 

Point 2 135 35 11 15 0.90 0.76 0.87 

Point 3 128 37 8 23 0.85 0.82 0.84 

 

 

Point 1 – the chosen point

AUC = 0.89

Point 2

Point 3

 

(a) FN and FP cases changing curve (b) ROC curve 

Figure 7.5: Plots of (a) optimal cut point detection yielding least FN+FP cases; (b) the ROC 

curve with the three points highlighted. Although Point 3 is commonly chosen as the optimal 

cut point in ROC curve analysis, Point 1 is considered as a better choice for this study.  

 

Figure 7.6 (a) provides the classification results with proposed OD and validated SI thresholds, 

resulting 32 TN cases, 138 TP cases, 12 FN cases, and 14 FP cases. Figure 7.6 (b) provides a 

reverse validation opposed to Figure 7.4, matching SI values into calibrated OD diagnostic 

ranges, where the safe SI range of 0.95-1.05 is noted. The Kruskal-Wallis test is also calculated 

for every pair and all three groups together, all yielding p < 0.001 (statistically significant). 

These results are very similar if outlying Patients 7 and 12 are removed. Together with a high 
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accuracy, ACC = 0.87, these results further strengthen the potential and reliability of OD values 

in diagnostic use.  

 

TN = 32 cases

TP = 138 cases

FN = 12 cases

FP = 14 cases

0.8

 

p < 0.001

 

(a) Classification outcome in scatter plot (b) SI distributed by OD diagnostic range 

Figure 7.6: Plots for (a) ROC curve classification outcome presented in scatter plot; and (b) SI 

values distributed by proposed OD diagnostic range (p < 0.001 for every pair and three groups 

together, statistically significant). Dashed lines are validated SI safe range of 0.95-1.05 and 

proposed OD safe range of 0-0.8cmH2O. 

 

 

7.4 Discussion 

 OD Efficacy 

As presented, the proposed OD method is more intuitive and easier to be interpreted with a 

simplified, linear identification, compared to nonlinear method of SI measurement as presented 

in Figure 7.2. For example, with Patient 1 from PEEP = 4cmH2O to 14cmH2O, it is easier to 

understand the risk for patients with a change in OD from 0.49cmH2O to 3.14cmH2O, than SI 

from 0.98 to 1.26, given airway pressure is measured in cmH2O and is the MV variable 

acknowledged most by clinicians. In addition, the relative changes of SI are not easily observed 

visually and the numerical values are highly nonlinear and thus non-intuitive, which is not the 

case with OD, as presented in the results and the Appendices D-E. In particular, OD is 
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measured from a P-V loop and thus also directly reflects lung mechanics via both pressure and 

volume changes, while SI only focuses on pressure. As a result, OD index has potential for 

application in a wider range of MV modes and with a range of waveforms.  

OD and SI values are both identified with same patient data in this study (19 patients, 196 cases 

in total). Good correlation is presented with R2 = 0.61 and Spearman rs = 0.86 between SI and 

OD across 196 cases (R2
 = 0.76 and rs = 0.89 excluding two abnormal patients; 174 cases) [180, 

182, 183]. Furthermore, a higher R2 value can be observed in patients in moderate ARDS (R2 

= 0.79) than mild ARDS (R2 = 0.60), where this assessment is likely to be clinically more 

useful because increased ARDS severity typically requires greater pressures, with greater 

subsequent greater risk of over-distension. Since the two abnormal patients noted are both in 

the mild ARDS group, it may indicate more robust and reliable performance in SI identification 

for relatively more severe ARDS.  

 

While showing noticeable correlation between SI and OD, abnormal SI identifications are 

observed in Patient 7 and Patient 12. Patient 7 yielded noticeable high SI values (1.32-2.84) 

and OD values (1.43-6.62cmH2O) with PEEP from 0 to 18cmH2O. While all PEEP indicating 

risk for Patient 7 (SI > 1.05, OD > 0.8cmH2O), OD has a more reasonable increasing trend than 

SI since lowest OD value is reached at lowest PEEP = 0cmH2O (ZEEP) compared with SI at 

PEEP = 14cmH2O (SI = 1.48 at ZEEP). The possible reason might be the relatively noisier data 

in Patient 7 than other patients, which could be possible environment vibration influenced on 

breathing circuit, measurement noise, or unstable patient who is better to be treated with other 

clinical procedure other than recruitment maneuvers. Asynchrony is excluded basing on 

observation on breath waveforms and deep sedation applied in the studied trial. However, as 

discussed, OD still has a more reasonable identification outcome than SI in indicating an 

overall increasing trend of excessive pressure. SI identifications are provided in Appendix D 
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for all 19 patients and OD identifications figures are provided in Appendix E.  

 

In contrast, the issue with Patient 12 is more likely a result of a SI identification method flaw. 

From PEEP = 0 to 22cmH2O, SI = 1.12-1.44 while OD = 0.57-2.10cmH2O. Especially at PEEP 

= 0cmH2O, which should have minimum or zero over-distension and higher chance of large 

proportion of poor-aerated alveoli [90], it yields a high SI value of 1.22 indicating high risk of 

distension while OD = 0.57cmH2O and 𝐸𝑑𝑦𝑛 (1/𝐶𝑑𝑦𝑛) is 1.05 times its minimum indicating 

safe ventilation in contrast to the SI diagnosis. Hence, the phenomenological, non-

physiological model for SI is potentially less stable and robust than model-based OD, where 

OD more correctly identified these patients. A safe range within 105-110% of minimum lung 

elastance is proposed by Chiew et al [53] and also in clinical use from experience. However, 

to the authors best knowledge, very little published research to date has considered a numerical 

safe 𝐸𝑑𝑦𝑛  range instead of finding its minimum value (maximum 𝐶𝑑𝑦𝑛) via PEEP titration 

testing or similar. 

 

Beyond real-time monitoring, the feasibility to combine predictive lung mechanics models and 

over-distension measurements (SI or OD) could significantly improve clinical care by 

predicting the risk for patients, minimizing testing effort, and errors. The predictive power of 

proposed OD is validated in previous work [128] and Chapter 5, while no predictive model has 

been proposed for SI to author’s knowledge. Meanwhile, robustness of the OD measurement 

bases on the applied HLA, which is a robust and efficient application and works well in a wide 

range of fields where similar hysteresis loops exist [114, 128, 134, 168, 185, 186].  

 

Utilizing both airway pressure and volume data available in a ventilator, OD can be applied 

equally to any typical clinical MV mode, making it far more generalizable for more clinical 
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practice approaches. The use of airway pressure units, or an over-distending pressure, is more 

easily interpreted clinically, being one of the most acknowledged variables for clinicians. 

Moreover, it is a linear measure, instead of a coefficient of a nonlinear equation. Therefore, the 

proposed OD offers robust, intuitive monitoring, and predictive ability in a combination no 

other measurements can currently offer. 

 

 Limitations 

The main limitation in this analysis is the limited patient number and lack of imaging or direct 

physiological evidence to prove the correlation between OD and real over-distension. While 

the total number of patients is 19, there are multiple PEEP steps and increasing levels of 

distension. In essence, distension is induced in some of these patients due to the higher 

pressures at the end of the RM. Thus, the data set contains, by definition, increasing levels of 

distension, which is evident in the data. 

 

The proposed OD is also only shown here for volume controlled ventilation, which is also a 

limitation of SI, but the methods are extensible to other ventilation modes since P-V curves 

include typical pressure and volume features. In particular, the underlying models and methods 

are entirely generalizable to pressure and volume control [58, 128]. Meanwhile, as shown in 

the results, the proposed OD has a strong correlation to the existing validated metric SI, and 

distension cannot appear in a P-V loop in another form to the decreasing compliance value 

(flattening) at the end of inspiration, indicating the reasonable potential for application in other 

MV modes.  
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7.5 Summary 

Model-based OD method is compared to a proven clinical over-distension measurement, the 

phenomenological and data-driven stress index, SI, in assessing lung status for volume-

controlled ventilation ARDS patients. While being well-correlated, OD is an easier, more 

intuitive and robust measure in calculation/identification than SI. Also, OD is more extensive 

in both applied MV mode and bedside visualization assessment, which SI cannot offer. More 

importantly, OD is part of a well-validated computational-personalized model with the ability 

to be accurately forward predicted over changing PEEP and MV settings. This predictive power 

allows OD to be accurately predicted without the risk of testing alternative PEEP or MV 

settings, which no existing methods can offer currently.  
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8 Patient Spontaneous Effort Estimation via B-splines 

Function 

8.1 Introduction 

Patient work of breathing is also of significant clinical interest for several decades. It is 

particularly relevant when gauging patient-ventilator interaction, patient-specific level of MV 

support, and weaning from fully supported MV to spontaneous breathing MV modes or off of 

MV entirely [187-197]. In this Chapter, a previously proposed model-based estimation for 

patient-specific respiratory driving pressure or effort using b-spline functions [126, 198] is 

applied to two assisted MV modes, NAVA mode and, the commonly used, PSV mode. The 

overall goal is to estimate patient spontaneous breathing effort and work of breathing using 

only non-invasive airway breath data in these MV modes. The outcome would offers 

significant, novel clinical insight to guide and optimize these common forms of MV care.  

 

 

8.2 Methods 

 Patient Effort Estimation Model [126] 

This patient effort estimation model is based on the well-validated single-compartment model 

[125] introduced in Chapter 3: 

 

𝑃 = 𝐸𝑉 + 𝑅𝑄 + 𝑃𝐸𝐸𝑃 (8.1) 

 

An additional negative term, 𝑃�̂� , is added to represent pleural driving pressure and thus to 

estimate patient spontaneous effort [126]: 
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𝑃 = 𝐸𝑉 + 𝑅𝑄 + 𝑃𝐸𝐸𝑃 + 𝑃�̂� (8.2) 

 

This �̂�𝑝 term is modelled using 2nd order (d = 2) b-spline functions with a knot width (kw) of 

0.05s to define the unknown, patient-specific �̂�𝑝: 

 

�̂�𝑝 = ∑−𝑃𝑠,𝑖Φ𝑖,2(𝑡)

𝑀

𝑖=1

(8.3) 

 

where 𝑃𝑠,𝑖 are constant coefficients identified from measured data. 𝑀 =
𝑇𝑖𝑛𝑠𝑝

𝑘𝑤
+ 𝑑 by b-spline 

functions setting. 𝑇𝑖𝑛𝑠𝑝 is the inspiration duration for each breath in seconds. The term Φ𝑖,2(𝑡) 

using a 2nd order definition is calculated: 

 

Φ𝑖,𝑑(𝑡) =
𝑡 − 𝑇𝑖

𝑇𝑖+𝑑 − 𝑇𝑖
Φ𝑖,𝑑−1(𝑡) + 

𝑇𝑖+𝑑+1 − 𝑡

𝑇𝑖+𝑑+1 − 𝑇𝑖+1
Φ𝑖+1,𝑑−1(𝑡),   𝑑 ≥ 1 (8.4) 

Φ𝑖,0(𝑡) = {
1,          𝑇𝑖 < 𝑡 < 𝑇𝑖 + 1
0,                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

 

where 𝑇𝑖 are equally spaced division points in time calculated by 
𝑇𝑖𝑛𝑠𝑝

𝑘𝑤
. 

 

Finally, Equation (8.1) can be defined [126]: 

 

𝑃 = 𝑃𝐸𝐸𝑃 + 𝐸𝑉 + 𝑅𝑄 −∑𝑃𝑠,𝑖Φ𝑖,2(𝑡)

𝑀

𝑖=1

(8.5) 

 

With ventilator breath data (P, V, Q, and PEEP), linear least squares regression can identify 
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patient-specific, lung mechanics variables, E, R, and �̂�𝑝 (by identifying the 𝑃𝑠,𝑖 terms), using 

the Matlab (Mathworks, Natick, MA, USA) lsqlin function, and constraining elements of 𝑃𝑠,𝑖 > 

0 (�̂�𝑝 negative) to ensure identifiability [125, 199, 200]. An example plot for b-splines functions 

yielding �̂�𝑝 curve during inspiration phase is presented in Figure 8.1 with negative constraint 

for −𝑃𝑠,𝑖 is 70%.  

 

Identified weights 
for b-splines

B-splines

Negative constraint

No constraint

Negative constraint = 70%

 
Figure 8.1: Examples for modelled b-splines (Φ𝑖,2), identified weights for b-splines (−𝑃𝑠,𝑖), 

yielded �̂�𝑝 curve with associated measured airway pressure, 𝑃(𝑡), during inspiration phase. 

Negative constraint is 70% for −𝑃𝑠,𝑖. 
 

In this chapter, to explore the stability of this patient effort model, the single-compartment 

model is replaced with the well-validated digital-twin lung mechanics model [58] introduced 

in Chapter 5, yielding a new model defined:  

 

𝑃 = 𝑃𝐸𝐸𝑃 + �̈� + 𝑅�̇� + 𝐾𝑒𝑉 + 𝐾ℎ1𝑉ℎ1 + 𝐾ℎ2𝑉ℎ2 +∑−𝑃𝑠,𝑖Φ𝑖,2(𝑡)

𝑀

𝑖=1

(8.6) 

 

This overall approach extends the breathing effort model of [126, 198] to include the more 

accurate, predictive, and mechanics relevant models of [58, 131, 201-203] used primarily 
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before this application for fully supported MV data and care. 

 

 Analysis 

Data from the same 20 breaths per patient under NAVA ventilation used in [125, 126, 198] are 

tested and outcomes are compared, thus analyzing the differences between lung mechanics 

models employed. In addition, PSV data is also studied for each patient with the first 20 breaths, 

which was not used in previous work [126], providing a comparison between modes for the 

overall modelling approach. This latter test is also the first time either lung mechanics model 

or a digital-twin modelling approach has been applied to PSV to the best of the author’s 

knowledge. Finally, all tests use Equations (8.5) and (8.6) to study the stability and reliability 

of �̂�𝑝 functions in this modelling context.  

 

8.2.2.1 �̂�𝒑 curve analysis 

This model currently only focuses on the inspiration phase of each breath, while originally the 

first 75% of identified 𝑃𝑠,𝑖  parameters during inspiration are constrained to be positive (�̂�𝑝 

negative) and the rest 25% is not constrained in previous study [126]. This constraint is applied 

for each studied breath per patient and captures negative patient spontaneous effort and any 

patient resistance to ventilator action in the unconstrained portion. In this study, the amount of 

values constrained are tested from 0%, 10%, …, 100%, where 0% represents free identification 

of 𝑃𝑠,𝑖 values and likely identifiability issues, and 100% forces this term to be strictly negative 

capturing only breathing effort.  

 

While 𝑃𝑠,𝑖 values constraint level is adjusted and tested, �̂�𝑝 curve can have positive areas (�̂�𝑝 

values > 0) and negative areas (�̂�𝑝 values ≤ 0). Thus, �̂�𝑝 curve is separated into positive and 
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negative areas while the area is calculated as its product over time (denoted as AUC[�̂�𝑝]pos and 

AUC[�̂�𝑝]neg), as presented in Figure 8.2 (a). To note, AUC[�̂�𝑝]neg is calculated as a positive 

value without regard to its under-zero curve. Finally, the area under the complete �̂�𝑝 curve 

(AUC[�̂�𝑝]) is calculated as the sum of AUC[�̂�𝑝]pos and AUC[�̂�𝑝]neg, defined: 

 

AUC[�̂�𝑝] =  AUC[�̂�𝑝]𝑛𝑒𝑔 + AUC[�̂�𝑝]𝑝𝑜𝑠
(8.7) 

 

Meanwhile, PRCTneg is calculated as the percentage of AUC[�̂�𝑝]neg over AUC[�̂�𝑝], capturing 

the percentage of work of breathing committed to inspiratory effort, defined: 

 

𝑃𝑅𝐶𝑇𝑛𝑒𝑔 =
𝐴𝑈𝐶[�̂�𝑝]𝑛𝑒𝑔

AUC[�̂�𝑝]
(8.8) 

 

Specially, to differentiate with the negative constraint for 𝑃𝑠,𝑖, PRCTneg is described in 0, 0.1, 

…, 1.0, while negative constraint for 𝑃𝑠,𝑖 is described in 0%, 10%, …, 100%. 

AUC[�̂�𝒑]pos

AUC[�̂�𝒑]neg

Negative constraint = 70%

Modelled �̂�𝑝
curve

Can be positive 
or negative

Forced to be negative

 

Inspiration Expiration

AUC[EAdi] 

Peak EAdi

 

(a) �̂�𝑝 curve analysis (b) EAdi signal analysis 

Figure 8.2: The analyzed variables in (a) �̂�𝑝 curve during inspiration and (b) EAdi signal over 

a complete breath. 
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8.2.2.2 EAdi signal analysis 

Clinical EAdi signals available from the NAVA mode provide a reference for muscle action 

for inspiratory effort. In particular, peak EAdi and AUC[EAdi] capture measured metrics of 

inspiratory effort for comparison to model-based metric. Thus, measured data in NAVA mode 

offer the opportunity to assess the resulting model-based inspiratory breathing effort identified 

with the more advanced lung mechanics model of this thesis.  

 

In this chapter, peak EAdi and AUC[EAdi] are analyzed and the associated breaths are 

separated into two groups according to PRCTneg values, while one group contains all breaths 

that have PRCTneg < PRCTneg limit and other group for PRCTneg ≥ PRCTneg limit. PRCTneg 

limit is tested from 0, 0.1, …, 1. Note, since the studied �̂�𝑝 curves only focus inspiration phase 

to identify patient inspiratory effort, AUC[EAdi] is limited to inspiration phase to keep 

consistent, as presented in Figure 8.2 (b). 

 

 

8.3 Results 

 Outcome with NAVA Data 

8.3.1.1 Constraint Analysis - NAVA 

Examples of �̂�𝑝 identification using both models (3 consecutive breaths from Patient 1 data 

under NAVA mode) are presented in Figure 8.3 with constraint levels of 0%, 70%, and 100%, 

respectively. As presented, the difference between models is minor in terms of �̂�𝑝 curve shape. 

While 75% constraint, the original setting in [126], yields a median R2 value of 0.55 and the 

IQR for R2 is from 0.38 to 0.70 among 22 patients. Then, constraint levels are adjusted from 

0% to 100% (10% step interval) and the yielded R2 values are presented in Table 8.1 for both 
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the single-compartment model, Equation (8.5) and [126], and the digital-twin model of 

Equation (8.6). As expected, R2 values yielded in both models are very similar. 

 

  
(a) Constraint = 0% (b) Constraint = 70% 

 

Constraint = 100% 

Figure 8.3: Examples for �̂�𝑝  identification with 3 consecutive breaths for �̂�𝑝  negative 

constraint levels = (a) 0%, (b) 70%, and (c) 100%, respectively. Blue lines for airway pressure 

data. Orange solid lines for identified �̂�𝑝 with single-compartment model, while green dashed 

lines are with digital-twin model. Patient 1 data under NAVA mode are used. 
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Table 8.1: R2 values (median [IQR]) of �̂�𝑝 values at where EAdi reaches its maximum (�̂�𝑝|peak 

EAdi) versus maximum EAdi values for both single-compartment model and digital-twin 

model. �̂�𝑝 negative constraint levels = 0%, 10%, …, 100%. Patient data under NAVA mode 

are used. 

R2 values of 

�̂�𝒑|peak EAdi vs peak EAdi 

Single-compartment model Digital-twin model 

median [IQR] 

constraint = 0% 0.84 [0.72 0.89] 0.84 [0.72 0.87] 

constraint = 10% 0.84 [0.72 0.89] 0.84 [0.72 0.87] 

constraint = 20% 0.84 [0.72 0.89] 0.84 [0.72 0.88] 

constraint = 30% 0.82 [0.69 0.87] 0.82 [0.69 0.87] 

constraint = 40% 0.79 [0.66 0.85] 0.79 [0.66 0.84] 

constraint = 50% 0.72 [0.62 0.80] 0.71 [0.62 0.80] 

constraint = 60% 0.64 [0.56 0.75] 0.64 [0.55 0.75] 

constraint = 70% 0.57 [0.43 0.73] 0.57 [0.44 0.73] 

constraint = 80% 0.41 [0.31 0.65] 0.41 [0.31 0.65] 

constraint = 90% 0.42 [0.30 0.57] 0.42 [0.30 0.57] 

constraint = 100% 0.44 [0.28 0.58] 0.44 [0.28 0.57] 

 

8.3.1.2 �̂�𝒑 Area Analysis (PRCTneg) - NAVA 

Figure 8.4 shows an example for peak EAdi values for tested breaths (440 breaths in total) 

grouped via PRCTneg limit (0.1, 0.2, …, 0.9, 1.0), with a b-splines function constraint level of 

50% using the single-compartment model. It can be seen lower peak EAdi breaths (≤ ~3000μV) 

tend to locate in PRCTneg ≥ limit group, especially when PRCTneg limit = 0.6-0.9. This 

performance can be observed with constraint levels of 30%-60%. The digital-twin model yields 

very similar results. Appendices G and H present all per-constraint plots for both models 

employed for completeness. 
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Figure 8.4: Peak EAdi values for tested breaths (440 breaths in total) grouped via PRCTneg 

limit (0.1, 0.2, …, 0.9, 1.0) with 𝑃�̂� negative constraint = 50% and single-compartment model 

calculation. Patient data under NAVA mode are used. 

 

Figure 8.5 shows an example for AUC[EAdi] for tested breaths (440 breaths in total) grouped 

via PRCTneg limit (0.1, 0.2, …, 0.9, 1.0), with a b-splines constraint level of 50% using the 

single-compartment model. The similar trend in peak EAdi outcome can be also observed in 

AUC[EAdi] (≤ ~2000μV*t) with constraint = 10%-60% and PRCTneg limit = 0.5-1.0. However, 

the AUC[EAdi]-related R2 values, as shown in Table 8.2, are not as high as Table 8.1. 

Appendices G and H present all per-constraint plots for both models employed for 

completeness. 

 
Figure 8.5: AUC[EAdi] for tested breaths (440 breaths in total) grouped via PRCTneg limit 

(0.1, 0.2, …, 0.9, 1.0) with 𝑃�̂�  negative constraint = 50% and single-compartment model 

calculation. Patient data under NAVA mode are used. 
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Table 8.2: R2 values (median [IQR]) for PRCTneg and AUC[�̂�𝑝]neg versus AUC[EAdi] and 

peak EAdi with single-compartment model with �̂�𝑝 negative constraint levels = 0%, 10%, …, 

100%. Patient data under NAVA mode are used. 

Single-compartment Model 

R2 values of 
PRCTneg 

vs AUC[EAdi] 

PRCTneg 

vs peak EAdi 

AUC[�̂�𝒑]neg 

vs AUC[EAdi] 

AUC[�̂�𝒑]neg 

vs peak EAdi 

constraint = 0% 0.21 [0.10 0.29] 0.14 [0.06 0.21] 0.02 [0.01 0.14] 0.04 [0.01 0.15] 

constraint = 10% 0.22 [0.10 0.29] 0.14 [0.07 0.21] 0.02 [0.01 0.17] 0.04 [0.01 0.16] 

constraint = 20% 0.19 [0.11 0.30] 0.14 [0.06 0.25] 0.03 [0.01 0.15] 0.03 [0.02 0.16] 

constraint = 30% 0.29 [0.14 0.43] 0.16 [0.07 0.34] 0.04 [0.01 0.11] 0.03 [0.02 0.09] 

constraint = 40% 0.37 [0.16 0.59] 0.21 [0.13 0.53] 0.04 [0.01 0.17] 0.04 [0.01 0.10] 

constraint = 50% 0.54 [0.21 0.65] 0.36 [0.21 0.62] 0.06 [0.02 0.26] 0.04 [0 0.17] 

constraint = 60% 0.51 [0.32 0.69] 0.45 [0.31 0.68] 0.09 [0.03 0.31] 0.05 [0.01 0.23] 

constraint = 70% 0.58 [0.36 0.74] 0.47 [0.33 0.65] 0.12 [0.04 0.33] 0.12 [0.02 0.24] 

constraint = 80% 0.58 [0.31 0.68] 0.50 [0.40 0.61] 0.16 [0.05 0.32] 0.17 [0.03 0.28] 

constraint = 90% 0.46 [0.34 0.6] 0.43 [0.37 0.59] 0.15 [0.05 0.37] 0.17 [0.03 0.30] 

constraint = 100% 0 [0 0] 0 [0 0] 0.17 [0.03 0.35] 0.14 [0.04 0.27] 

 

 Outcome with PSV Data 

8.3.2.1 Constraint Analysis - PSV 

The exact same analysis is repeated with PSV data. Figure 8.6 shows examples for �̂�𝑝 

identification using both models (3 consecutive breaths from Patient 1 data) under PSV mode. 

Larger negative area of �̂�𝑝 curve for 70% constraint is observed compared with the NAVA 

outcome, and similar results are found for other constraint settings except for 0% and 100%, 

with full data provided in Appendices F and G. Tables 8.3 and 8.4 show the same analysis as 

in Tables 8.1 and 8.2 for the PSV data analyzed.  
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(a) Constraint = 0% (b) Constraint = 70% 

 

(c) Constraint = 100% 

Figure 8.6: Examples for �̂�𝑝  identification with 3 consecutive breaths for �̂�𝑝  negative 

constraint levels = 0%, 70%, and 100%, respectively (upper, middle, and lower panel). Blue 

lines for airway pressure data. Orange solid lines for identified �̂�𝑝 with single-compartment 

model, while green dashed lines are with digital-twin model. Patient 1 data under PSV mode 

are used. 
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Table 8.3: R2 values of �̂�𝑝 values at where EAdi reaches its maximum (�̂�𝑝|peak EAdi) versus 

maximum EAdi values for both single-compartment model and digital-twin model presented 

in median and IQR values. 𝑃�̂� negative constraint level = 0%, 10%, …, 100%. Patient data 

under PSV mode are used. 

R2 values of �̂�𝒑|peak EAdi vs 

peak EAdi 

Single-compartment model Digital-twin model 

median [IQR] 

constraint = 0% 0.11 [0.03 0.38] 0.11 [0.01 0.37] 

constraint = 10% 0.11 [0.03 0.38] 0.12 [0.01 0.37] 

constraint = 20% 0.09 [0.03 0.37] 0.09 [0.03 0.37] 

constraint = 30% 0.13 [0.05 0.40] 0.13 [0.05 0.40] 

constraint = 40% 0.14 [0.09 0.38] 0.15 [0.08 0.38] 

constraint = 50% 0.15 [0.05 0.42] 0.15 [0.05 0.43] 

constraint = 60% 0.13 [0.04 0.39] 0.12 [0.04 0.39] 

constraint = 70% 0.13 [0.04 0.39] 0.13 [0.03 0.39] 

constraint = 80% 0.12 [0.04 0.37] 0.12 [0.03 0.37] 

constraint = 90% 0.16 [0.04 0.34] 0.16 [0.04 0.34] 

constraint = 100% 0.11 [0.03 0.42] 0.11 [0.03 0.42] 

 

8.3.2.2 �̂�𝒑 Area Analysis (PRCTneg) - PSV 

Overall, the outcome with PSV is more variable compared with NAVA, while the same trends 

are still observed, differing only based on PRCTneg limits. Figure 8.7 shows an example for 

peak EAdi values for tested breaths (440 breaths in total) grouped via PRCTneg limit (0.1, 0.2, 

…, 0.9, 1.0), with constraint level of 50% using the single-compartment model (digital-twin 

model yields similar results). It can be seen when PRCTneg limit = 0.1-0.4, higher peak EAdi 

breaths tend to locate in PRCTneg ≥ limit group. While PRCTneg limit ≥ 0.7, higher peak EAdi 

breaths tend to locate in PRCTneg < limit group, conversely.  

 

Similar performance is observed with AUC[EAdi]. With constraint levels of 30% and 40%, 

lower AUC[EAdi] (≤ ~2000μV*s) tends to locate in PRCTneg ≥ limit group while PRCTneg 

limit = 0.3-1.0. However, when constraint levels are 50% and 60%, the same trends are 
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observed with PRCTneg limit = 0.4, while opposite trends are observed with PRCTneg limit = 

0.9-1.0. Examples for constraint levels of 40% and 50% are shown in Figure 8.8. Appendices 

I and K provide all per-constraint plots for both models employed for completeness. 

 

In short, trends are observed for PRCTneg versus EAdi signal analysis with both NAVA and 

PSV data. Overall, the trend is consistent across PRCTneg limits in NAVA, while two trends 

are observed and being opposite for PRCTneg limit < 0.4 and PRCTneg limit ≥ 0.7 in PSV, which 

is thus more variable. This variability matches other studies showing PSV did not match tidal 

volume and EAdi well. 

Table 8.4: R2 values (median [IQR]) for AUC[�̂�𝑝]neg and PRCTneg versus AUC[EAdiins] and 

peak EAdi, with single-compartment model. 𝑃�̂�  negative constraint levels = 0%, 10%, …, 

100%. Patient data under PSV mode are used. 

Single-compartment model 

R2 values of 
PRCTneg 

vs AUC[EAdi] 

PRCTneg 

vs peak EAdi 

AUC[�̂�𝒑]neg 

 vs AUC[EAdi] 

AUC[�̂�𝒑]neg 

vs peak EAdi 

constraint = 0% 
0.06  

[0.02 0.16] 

0.1  

[0.03 0.22] 

0.07  

[0.01 0.17] 

0.05  

[0.01 0.18] 

constraint = 10% 
0.06  

[0.02 0.16] 

0.1  

[0.03 0.21] 

0.06  

[0.01 0.17] 

0.05  

[0.01 0.18] 

constraint = 20% 
0.09  

[0.03 0.18] 

0.07  

[0.03 0.3] 

0.08  

[0.03 0.17] 

0.06  

[0.03 0.18] 

constraint = 30% 
0.06  

[0.02 0.16] 

0.09  

[0.02 0.25] 

0.09  

[0.02 0.31] 

0.08  

[0.02 0.23] 

constraint = 40% 
0.06  

[0.02 0.16] 

0.07  

[0.01 0.27] 

0.1  

[0.02 0.45] 

0.13  

[0.01 0.35] 

constraint = 50% 
0.08  

[0.02 0.24] 

0.09  

[0.02 0.28] 

0.09  

[0.03 0.44] 

0.18  

[0.04 0.34] 

constraint = 60% 
0.07  

[0.02 0.25] 

0.09  

[0.03 0.27] 

0.1  

[0.04 0.44] 

0.19  

[0.04 0.34] 

constraint = 70% 
0.06  

[0.03 0.25] 

0.08  

[0.04 0.27] 

0.13 

[0.04 0.43] 

0.19  

[0.04 0.36] 

constraint = 80% 
0.07  

[0.01 0.24] 

0.11  

[0.02 0.23] 

0.16 

[0.02 0.43] 

0.18  

[0.04 0.36] 

constraint = 90% 
0.09  

[0.01 0.27] 

0.11  

[0.02 0.2] 

0.17  

[0.02 0.42] 

0.21  

[0.04 0.36] 

constraint = 100% 
0  

[0 0] 

0  

[0 0] 

0.17  

[0.03 0.35] 

0.14  

[0.04 0.27] 
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Figure 8.7: Peak EAdi values for tested breaths (440 breaths in total) grouped via PRCTneg 

limit (0.1, 0.2, …, 0.9, 1.0), while �̂�𝑝 negative constraint level = 50% and single-compartment 

model is applied. Patient data under PSV mode are used. 

 

 

 
Figure 8.8: AUC[EAdi] for tested breaths (440 breaths in total) grouped via PRCTneg limit 

(0.1, 0.2, …, 0.9, 1.0), with �̂�𝑝 negative constraint levels of (upper panel) 40% and (lower 

panel) 50% with single-compartment model are applied. Patient data under PSV mode are used. 
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8.4 Discussion 

For NAVA data analysis, while the correlation of R2 values between identified �̂�𝑝 values at 

where EAdi reaches its maximum versus peak EAdi values can be improved by adjusting the 

negative constraint level on the b-splines function, as presented in Table 8.1. The resulting 

identified �̂�𝑝 curve shapes change with the level of constraint, as presented in Figure 8.3. Then, 

the AUC[�̂�𝑝] are separated into positive and negative areas to analyse the resulted difference 

in curve shape.  

 

The negative area of �̂�𝑝 has been considered as representation for patient negative spontaneous 

breathing work in original approach [126]. Considering it is a patient-specific and breath-

specific variable, the percentage of AUC[�̂�𝑝]neg over AUC[�̂�𝑝], PRCTneg, is analyzed and results 

are provided in Figures 8.4-8.5 and Table 8.2 for NAVA, and Figures 8.7-8.8 and Table 8.4 for 

PSV.  

 

For NAVA data, although the overall AUC[�̂�𝑝]neg-related R2 are not as good as the R2 values 

of �̂�𝑝|peak EAdi versus peak EAdi provided in Table 8.1, an acceptable outcome is achieved in 

PRCTneg versus AUC[EAdi] in Table 8.2, where a negative constraint level of 70%. It yields a 

median R2 value of 0.58 and IQR = 0.36-0.74 compared to R2 values in  previous study [126] 

with a median R2 value of 0.55 and IQR = 0.38-0.70. The 60% and 80% constraint levels also 

offers similar or better performance than previous study.   

 

Then, Figure 8.2 and Appendix H with single-compartment model (Figure 8.4 and Appendix 

G with digital-twin model) show a trend for NAVA data that larger PRCTneg tends to yield 

lower peak EAdi values in breaths (lower than 3000μV), when �̂�𝑝 negative constraints = 30%-
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60%. Meanwhile, this trend is also found for PRCTneg versus AUC[EAdi] when constraint level 

is between 10%-60%. Therefore, for NAVA data, the 60% �̂�𝑝 negative constraint level yielded 

the overall best compromise, with strong correlation between peak EAdi and �̂�𝑝 values and 

physiologically-relevant meaning for �̂�𝑝 curve negative area.  

 

Compared with NAVA ventilation, which allows proportional assist basing on measured EAdi 

signals, PSV simply delivers airway flow up to a targeted driving pressure (PIP - PEEP). There 

is thus significant mismatch for many patients between inspiratory effort measured by EAdi 

and the tidal volume achieved [141, 204-206]. This mismatch is expected to yield a 

correspondingly lower correlation between inspiratory effort identified, or measured via EAdi, 

and outcome work of breathing or tidal volume. 

 

Overall, �̂�𝑝 curves yield larger negative area in PSV then NAVA under same constraint setting, 

which is expected, as presented in Figures 8.1 and 8.3. The correlations with PSV data all 

resulted in lower R2 values than NAVA outcome, as shown in Tables 8.1-8.4. However, trends 

between EAdi signals and PRCTneg, observed in Figures 8.4 and 8.5 for NAVA, can still be 

observed in PSV shown in Figures 8.7-8.8. The results match expectations from prior studies 

[204-206], and as a result of observed poorer patient-ventilator interaction [141]. The 

variability between patients is based on how well NAVA and PSV provided good patient-

ventilator matching and interaction [204-206].  

 

Overall, physiologically-relevant correlations in �̂�𝑝 curve negative area and EAdi signal can be 

found in both NAVA and PSV data analysis. A �̂�𝑝  negative constraint level of 40-70% is 

required to ensure identifiability and physiological relevance in comparison to measured 

inspiratory effort. Results differ between NAVA and PSV modes based on the poorer patient-
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ventilator interaction observed in PSV, and these trends are patient-specific.  

 

 

8.5 Summary 

In conclusion, the studied b-splines function model for inspiratory effort generalizes well 

between the two lung mechanics models considered, and its efficacy for the digital-twin model 

is promising for creating a more general overall model-based approach to MV monitoring and 

care. Thus, model generalizability is demonstrated with minimal added constraint for �̂�𝑝 curves 

to ensure identifiability. Further, physiologically-relevant information is found within the 

identified �̂�𝑝  curves for both NAVA and PSV modes, which could be used to help guide 

weaning or changes in MV settings. In future, the identified �̂�𝑝 curves could also potentially be 

used to replace the need for costly measurement of EAdi signals.  
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9 Conclusions  

This thesis explores the capability of extended model-based approaches combined with 

physiological-relevant basis functions in capturing and predicting lung mechanics response 

under MV care changes, as well as patient spontaneous effort. A range of clinical data are used 

for method and model validation, including datasets of 2 fully controlled ventilation (VCV and 

PCV) and 2 partial support ventilation modes (NAVA and PSV).  

 

Firstly, Chapters 1-2 introduce the background for MV care and existed problems. The 

guideline for ventilator settings is currently not standardized and often non-optimal, mostly 

relying on clinicians experience which increases the variability in care and thus risk for patients. 

The lack of lung mechanics understanding is also a major problem, especially in accessing 

alveoli condition during ventilation. Some new imaging and clinical tools, such as EIT and 

ETT intubation, can be applied at bedside and effective in monitoring lung status but require 

additional high-cost equipment and regular adjustments for results accuracy are necessary. 

Some lung mechanics models can successfully identify and study lung mechanics via two most 

commonly-used variables, elastance (1/compliance) and resistance. However, most of these 

models are not able to guide clinicians to optimize MV care. Most importantly, these 

approaches can only monitor lung status while flaws exist.  

 

Predictive lung mechanics models can be significant in care optimization and offer risk-free, 

low-cost, and intuitive/easy-to-understand guidance for clinicians. Therefore, the ultimate goal 

of this thesis is to study lung mechanics with a simple, robust method while yielding accurate 

predictions without additional cost or complex procedures to minimize risks for patient care 

guidance. Significantly variable patient-specific lung conditions increase the difficulty in 

developing a general approach for all patients. Physiologically relevant basis functions are thus 
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taken into consideration and developed with parameters and variables identified from patient 

own breath data, which thus is patient-specific. 

 

Chapters 3-4 employ a well-validated lung mechanics model to explore lung mechanics 

predictability and extends it with physiologically relevant basis functions which yields accurate 

predictions for both airway pressure and tidal volume under PEEP changes/increases, which is 

a common MV setting to offer breath support and avoiding alveoli collapse but facing VILI 

risks (thus higher morbidity and mortality). The overall results provide an initial proof of 

concept and capability in accurate lung mechanics responses predictions (airway pressure and 

tidal volume) for both VCV and PCV without complex procedures.  

 

Chapter 5 presents a significant extension with a novel added term on a well-validated digital-

twin lung mechanics model, yielding accurate predictions in airway pressure, tidal volume 

(much lower errors compared to Chapters 3-4), and Vfrc, which previous approaches have yet 

realized or being this accurate. More importantly, with the added novel term, the flattening 

behavior (VILI risks) in P-V loops is accurately predicted. No prior model has done yet, or 

provided equally accurate predictions. Specially, this approach offers new and novel insights 

in the understanding for the mechanics of flattening behavior. 

 

Chapters 6-7 discuss two different elastance identification methods applied with digital-twin 

model, one is more physiological-relevant and another is relatively more mathematical-

efficient. While physiological-relevant identification method yields relatively larger errors in 

pressure predictions (but still good and acceptable in clinical), it is capable of building an over-

distension index. Compared with other exiting mathematical models, it is more intuitive and 

robust, while only ventilator data are required (no extra cost). More importantly, its base on the 
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digital-twin model shows the potential in more MV modes and predictive usage, which is the 

limitation of other existed approaches.  

 

Multiple MV modes are applied in care chosen by patient conditions, equipment availability, 

and clinician preference. Fully controlled ventilations, the datasets applied in Chapters 3-7, are 

widely used for full breath support for patients in severe conditions, where patient effort is 

minimized by deep sedation. When patient condition is getting better and stable, ventilator will 

be switched to partial and assisted MV modes, till patients are assessed to be ready for 

extubation by clinicians, which is the ultimate goal of MV care. During this process, patient 

spontaneous effort will not be restricted and is important to monitor for adjusting support level 

and guiding weaning process.  

 

However, patient effort is harder to be monitored than alveoli conditions, being patient-specific 

and breath-specific. The variable and unmonitored patient spontaneous effort can add great 

uncertainty in care, leading to mismatch between patient needs and ventilator support. The 

resulted mismatch thus generates asynchrony breaths, associating with higher mortality to 

patients. Currently, Pes and EAdi signals are reliable to monitor respiratory muscle activities to 

identify asynchronies and assess patient efforts. But intubations and special equipment are 

required as well as regular device adjustments to ensure accuracy. Therefore, to conquer these 

limitations, approaches to separate patient effort from only ventilator data are proposed. 

 

Chapter 8 studies and discusses the ability of lung mechanics models combined with b-splines 

function for patient-specific and breath-specific inspiratory effort estimation. Physiologically 

relevant features are identified via yielded inspiratory effort curves for studied NAVA and PSV 

ventilation, which indicate the potential in guiding support adjustment and weaning process in 
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care. Meanwhile, b-splines function with digital-twin model are promising for creating a more 

general overall model-based approach to MV monitoring and care considering the accurate 

lung mechanics predictions for both VCV and PCV modes. This approach is still new and 

novel, and thus the capability and potential are probably not fully explored yet. 

 

This thesis offers exploration and discussion in two lung mechanics models in patient-specific 

features identification and prediction. Accurate predictions are successfully yielded for both 

VCV and PCV trials, proving the predictability of patient-specific lung mechanics and 

proposed models effectiveness. Patient spontaneous work is also estimated for assisted and 

partial support ventilation (NAVA and PSV), enlarging the digital-twin model application field. 

Specially, patient effort identification in mathematical method with only ventilator data, harm-

less and no further cost, is a new and novel research and provides promising usage in care with 

method further improvement.  

 

Overall, this thesis covers several most common treatments in MV care, fully controlled 

ventilation for severe patients and partial/assisted support ventilation for less severe and ready-

to-wean patients. The overall outcomes validate the predictability of patient-specific lung 

mechanics, proposed models effectiveness, and identifiability of patient spontaneous effort, 

which are significant improvement for previous models and offers novel insights for future 

studies. The future advancement in predictable lung mechanics models will allow safer and 

better clinical care in bedside without risks or additional cost, which will greatly ease the 

burden on clinicians and medical system. 
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10 Future Work 

Future improvements of this thesis can be developed in several areas.  

 

 

10.1  Physiological-relevant Basis Functions 

While exponential basis functions are tested and the effectiveness is proved for linear 

recruitment elastance prediction in Chapter 5 (combined with HLM), more previous studied 

basis function sets can be employed and compared, such as the cumulative form presented in 

Chapter 4. Meanwhile, analysis can be done across all effectiveness-proved basis function sets 

to study the inter-correlations (such as function parameters and involved breath variables), 

which could offer new insights to lung mechanics modelling.  

 

 

10.2  Digital-twin Model 

The digital-twin model (HLM) currently is able to accurately predict airway pressure, tidal 

volume (in previous work but not attached in this thesis), and Vfrc under PEEP changes, 

especially for excessive pressure from flattening behavior. While effective, its ability in lung 

mechanics identification and prediction can still be further validated and improved with more 

patient data and MV modes, such as assisted ventilation control which is also in extensively 

usage. Similar improvement and validation could also be fulfilled with proposed OD metric.  

 

 

10.3  B-splines Function 

Currently, the generality is validated with its combination with two lung mechanics models. 
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An improvement in its combination with HLM predictability in lung mechanics can be 

attractive and significant. Meanwhile, this study is still very new and the features of yielded �̂�𝑝 

curve is possibly not fully explored yet, such as the reached peak value of �̂�𝑝 curve (positive 

and negative), which worth further more study, as well as the application in expiration phase 

(may have minor patient spontaneous work due to suboptimal respiratory rate setting). 

Similarly, it can be tested with asynchrony breaths to identify the patient-against-ventilator 

work, offering guidance in ventilator support adjustment. More importantly, with previous 

discussed functions (if successful) and its ability to provide certain physiological relevant 

features (presented in Chapter 8), the b-splines function has the potential to replace Pes or EAdi 

signals (invasive treatment, endotracheal tube intubation, needed), thus reducing the medical 

cost and burden on clinicians. 
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APPENDIX A - CURE P-V Loops 

Figure A. 1 presents the clinical P-V loops for Sets 1 and 3 of Patients 1-4 in the CURE pilot 

trial studied in Chapter 3. 

 

  

(a) P-V loops for all PEEP levels of Patient 1, (left) Set 1 and (right) Set 3 

  

(b) P-V loops for all PEEP levels of Patient 2, (left) Set 1 and (right) Set 3 

  

(c) P-V loops for all PEEP levels of Patient 3, (left) Set 1 and (right) Set 3 
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(d) P-V loops for all PEEP levels of Patient 4, (left) Set 1 and (right) Set 3 

Figure A. 1: Clinical P-V loops for (left) Set 1 and (right) Set 3 of (a-d) Patients 1-4 in CURE 

pilot trial. 
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APPENDIX B - McREM P-V Loop Predictions 

Figure B. 1 presents all P-V loop predictions of Chapter 5 for the McREM pilot trial. Clinical 

P-V loops are plotted with blue circles, while predictions with and without proposed 𝑘2𝑒𝑛𝑑 

function are in solid and dashed lines, respectively. Baseline PEEP = 6cmH2O with 6 further 

prediction steps, while several patients have less than 6 predictions due to clinical setting.  
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Figure B. 1: P-V loop predictions with (orange solid line) and without (red dashed line) 𝑘2𝑒𝑛𝑑 

function for the McREM pilot trial. Clinical P-V loop data are plotted in blue circles. 

Identification at PEEP = 6cmH2O and predictions at 6 further levels in 2cmH2O step. 
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APPENDIX C - McREM Vfrc Predictions 

Figure C. 1 presents all predictions of Chapter 5 for the McREM pilot trial. Clinical 

accumulated Vfrc is plotted in orange circles, while predictions are in blue diamonds, 

respectively. Baseline PEEP = 6cmH2O with 6 further prediction steps, while several patients 

have less than 6 predictions due to clinical setting. 
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Figure C. 1: Vfrc predictions (blue diamond) with 𝑘2𝑒𝑛𝑑 function for the McREM pilot trial. 

Clinical Vfrc values are plotted in orange circles. Identification at PEEP = 6cmH2O and 

predictions at 6 further levels in 2cmH2O step. 
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APPENDIX D - McREM SI Identifications 

Figure D. 1 presents the stress index (SI) identifications for all McREM patients at all available 

PEEP levels (lowest PEEP = 0cmH2O for all patients; highest PEEP level varying from 10 to 

26cmH2O by clinical choice) for Chapter 7. The identification procedure for SI yields R2 values 

from 0.97 to 0.99, except for Patient 7. Patient 7 has relatively noisy data and thus the R2 values 

varies from 0.79 to 0.99, where the data clarity (waveforms) is still acceptable.  
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Figure D. 1: SI identification at all clinical available PEEP levels, while SI > 1.05 indicates 

over-distension, SI < 0.95 indicates tidal recruitment [1]. Blue circles are the clinical measured 

pressure data during inspiration. Red dashed lines are the identified SI nonlinear function.  
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APPENDIX E - McREM OD Identifications 

Figure E. 1 presents the OD measurements for all McREM patients at all available PEEP levels 

(lowest PEEP = 0cmH2O for all patients; highest PEEP level varying from 10 to 26cmH2O by 

clinical choice) for Chapter 7. Notably, as ventilation continues, patient condition may evolve 

(worse or better), thus OD values may not monotonically increasing over PEEP in a few 

patients (Patients 14, 16, and 18), where similar phenomenon is also observed in SI 

identification as presented in Figure D. 1 of Appendix D.  
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Figure E. 1: OD identification at all clinical available PEEP levels, while OD > 0.8cmH2O 

indicates over-distension, OD < 0cmH2O indicates tidal recruitment as calibrated. Blue circles 

are the clinical measured pressure volume loop data during whole respiration. Red lines are 

identified k2 recruitment elastance while purple lines are k2end distension elastance.  
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APPENDIX F - NAVA �̂�𝒑 Curves 

Figure F. 1 presents the yielded �̂�𝑝 curves with airway pressure, 𝑃(𝑡), and electrical activity of 

the diaphragm (EAdi) signals for Chapter 8, where the level of constraint is changing from 0%, 

10%, …, 100%. 0% represents free identification of 𝑃𝑠,𝑖  values (thus �̂�𝑝  curves) and likely 

identifiability issues, and 100% forces this term to be strictly negative capturing only breathing 

effort. Outcome in single-compartment model and digital-twin model is presented with Patient 

1 data from NAVA as an example.  
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Figure F. 1: �̂�𝑝 curves yielded with single-compartment model (orange solid line) and digital-

twin model (light blue dashed line), where the level of constraint is changing from 0%, 10%, 

…, 100%. Data is from Patient 1 in NAVA. Dark blue lines in upper and lower panels are 

clinical airway pressure, 𝑃(𝑡), and EAdi signals.   
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APPENDIX G - PSV �̂�𝒑 Curves 

Figure G. 1 presents the yielded �̂�𝑝 curves with airway pressure, 𝑃(𝑡), and electrical activity of 

the diaphragm (EAdi) signals for Chapter 8, where the level of constraint is changing from 0%, 

10%, …, 100%. 0% represents free identification of 𝑃𝑠,𝑖  values (thus �̂�𝑝  curves) and likely 

identifiability issues, and 100% forces this term to be strictly negative capturing only breathing 

effort. Outcome in single-compartment model and digital-twin model is presented with Patient 

1 data from PSV as an example.  
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Figure G. 1: �̂�𝑝 curves yielded with single-compartment model (orange solid line) and digital-

twin model (light blue dashed line), where the level of constraint is changing from 0%, 10%, 

…, 100%. Data is from Patient 1 in PSV. Dark blue lines in upper and lower panels are clinical 

airway pressure, 𝑃(𝑡), and EAdi signals.  
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APPENDIX H - NAVA �̂�𝒑 Curves Analysis (PRCTneg) with 

Single-compartment Model 

Figure H. 1 presents the outcome for AUC[EAdi] grouped via PRCTneg (0.1, 0.2, …, 0.9, 1.0) 

for all tested breaths, while Figure H. 2 presents the outcome for peak EAdi values. Constraint 

level adjusts from 0%, 10%, …, 100% and single-compartment model is applied with NAVA 

data (22 patients, 440 breaths in total). 
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Figure H. 1: AUC[EAdi] for all tested breaths (22 patients, 440 breaths in total) grouped via 

PRCTneg values (0.1, 0.2, …, 0.9, 1.0) with single-compartment model calculation. Patient data 

under NAVA mode are used. Cases (breaths) contains in each group is noted, while black 

notations are for the left group and colored notations are for the right group. 
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Figure H. 2: Peak EAdi values (upper and lower panel, respectively) for all tested breaths (22 

patients, 440 breaths in total) grouped via PRCTneg values (0.1, 0.2, …, 0.9, 1.0) with single-

compartment model calculation. Patient data under NAVA mode are used. Cases (breaths) 

contains in each group is noted, while black notations are for the left group and colored 

notations are for the right group. 
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APPENDIX I - PSV �̂�𝒑  Curves Analysis (PRCTneg) with 

Single-compartment Model 

Figure I. 1 presents the outcome for AUC[EAdi] grouped via PRCTneg (0.1, 0.2, …, 0.9, 1.0) 

for all tested breaths, while Figure I. 2 presents the outcome for peak EAdi values. Constraint 

level adjusts from 0%, 10%, …, 100% and single-compartment model is applied with PSV data 

(22 patients, 440 breaths in total). 
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Figure I. 1: AUC[EAdi] for all tested breaths (22 patients, 440 breaths in total) grouped via 

PRCTneg values (0.1, 0.2, …, 0.9, 1.0) with single-compartment model calculation. Patient data 

under PSV mode are used. Cases (breaths) contains in each group is noted, while black 

notations are for the left group and colored notations are for the right group. 
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Figure I. 2: Peak EAdi for all tested breaths (22 patients, 440 breaths in total) grouped via 

PRCTneg values (0.1, 0.2, …, 0.9, 1.0) with single-compartment model calculation. Patient data 

under PSV mode are used. Cases (breaths) contains in each group is noted, while black 

notations are for the left group and colored notations are for the right group. 
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APPENDIX J - NAVA �̂�𝒑 Curves Analysis (PRCTneg) with 

Digital-twin Model 

Figure J. 1 presents the outcome for AUC[EAdi] grouped via PRCTneg (0.1, 0.2, …, 0.9, 1.0) 

for all tested breaths, while Figure J. 2 presents the outcome for peak EAdi values. Constraint 

level adjusts from 0%, 10%, …, 100% and digital-twin model is applied with NAVA data (22 

patients, 440 breaths in total). 

 

C
o
n
st

ra
in

t 
=

 0
%

 

 

C
o
n
st

ra
in

t 
=

 1
0
%

 

 



189 

 

C
o
n
st

ra
in

t 
=

 2
0
%

 

 

C
o
n
st

ra
in

t 
=

 3
0
%

 

 

C
o
n
st

ra
in

t 
=

 4
0
%

 

 



190 

 

C
o
n
st

ra
in

t 
=

 5
0
%

 

 

C
o
n
st

ra
in

t 
=

 6
0
%

 

 

C
o
n
st

ra
in

t 
=

 7
0
%

 

 



191 

 

C
o
n
st

ra
in

t 
=

 8
0
%

 

 

C
o
n
st

ra
in

t 
=

 9
0
%

 

 

C
o
n
st

ra
in

t 
=

 1
0
0
%

 

 
Figure J. 1: AUC[EAdi] for all tested breaths (22 patients, 440 breaths in total) grouped via 

PRCTneg values (0.1, 0.2, …, 0.9, 1.0) with digital-twin model calculation. Patient data under 

NAVA mode are used. Cases (breaths) contains in each group is noted, while black notations 

are for the left group and colored notations are for the right group. 
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Figure J. 2: Peak EAdi values (upper and lower panel, respectively) for all tested breaths (22 

patients, 440 breaths in total) grouped via PRCTneg values (0.1, 0.2, …, 0.9, 1.0) with digital-

twin model calculation. Patient data under NAVA mode are used. Cases (breaths) contains in 

each group is noted, while black notations are for the left group and colored notations are for 

the right group. 
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APPENDIX K - PSV �̂�𝒑 Curves Analysis (PRCTneg) with 

Digital-twin Model 

Figure K. 1 presents the outcome for AUC[EAdi] grouped via PRCTneg (0.1, 0.2, …, 0.9, 1.0) 

for all tested breaths, while Figure K. 2 presents the outcome for peak EAdi values. Constraint 

level adjusts from 0%, 10%, …, 100% and digital-twin model is applied with PSV data (22 

patients, 440 breaths in total). 
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Figure K. 1: AUC[EAdi] for all tested breaths (22 patients, 440 breaths in total) grouped via 

PRCTneg values (0.1, 0.2, …, 0.9, 1.0) with digital-twin model calculation. Patient data under 

PSV mode are used. Cases (breaths) contains in each group is noted, while black notations are 

for the left group and colored notations are for the right group. 

 



200 

 

C
o
n
st

ra
in

t 
=

 0
%

 

 

C
o
n
st

ra
in

t 
=

 1
0
%

 

 

C
o
n
st

ra
in

t 
=

 2
0
%

 

 



201 

 

C
o
n
st

ra
in

t 
=

 3
0
%

 

 

C
o
n
st

ra
in

t 
=

 4
0
%

 

 

C
o
n
st

ra
in

t 
=

 5
0
%

 

 



202 

 

C
o
n
st

ra
in

t 
=

 6
0
%

 

 

C
o
n
st

ra
in

t 
=

 7
0
%

 

 

C
o
n
st

ra
in

t 
=

 8
0
%

 

 



203 

 

C
o
n
st

ra
in

t 
=

 9
0
%

 

 

C
o
n
st

ra
in

t 
=

 1
0
0
%

 

 
Figure K. 2: AUC[EAdi] and peak EAdi values (upper and lower panel, respectively) for all 

tested breaths (22 patients, 440 breaths in total) grouped via PRCTneg values (0.1, 0.2, …, 0.9, 

1.0) with digital-twin model calculation. Patient data under PSV mode are used. Cases (breaths) 

contains in each group is noted, while black notations are for the left group and colored 

notations are for the right group. 
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