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Abstract

This study introduces the development and evaluation of a novel mathematical model
designed to estimate mechanical ventilatory parameters in older adults diagnosed with
Acute Respiratory Distress Syndrome (ARDS). Expanding upon the traditional Single
Compartment Model (SCM), the proposed model, called the Recruitment and Distention
Elastance Analysis + Slice model (RDEA + Slice), incorporates new strategies for improved
physiological representation. Validation with real patient data showed that the RDEA +
Slice offers enhanced numerical accuracy compared to conventional methods, especially
under conditions involving spontaneous breathing and patient ventilator asynchronies.

To further explore asynchrony detection, the pressure signal was interpreted as a com-
bination of a synchronous baseline and noise introduced by asynchronous activity. This
noise was considered to be random in nature and dependent on the type of asynchrony. A
frequency-domain filtering approach was used to isolate these components, leading to the
formulation of two indices: the Asynchrony Event Percentage (AE%) and the Asynchrony
Index (AI%). These metrics were applied to three datasets, allowing for the identification
of threshold-based criteria to distinguish between synchronous and asynchronous breath-
ing patterns. While the method proved effective in detecting common asynchrony types
such as flow mismatch and premature cycling, limitations were observed in cases involv-
ing ineffective effort and double triggering, which may not significantly alter the pressure
waveform.

Additionally, image processing techniques were validated and employed to extract venti-
latory data from video recordings of ventilator screens, addressing technological limitations
in resource-constrained environments. The extracted data, validated through comparisons
with sensor-derived measurements, demonstrated high fidelity, achieving high R2 values
and maintaining low Mean Squared Error. This approach provides a practical solution for
data acquisition in low-resource settings, a common challenge in emerging economies.

The results suggest that the proposed model, detection indices, and image processing
methodology could support clinical decision-making by providing insights into patient-
specific respiratory mechanics. Future work should focus on integrating the approach into
real-time systems, expanding patient datasets, and exploring predictive modeling for early
identification of asynchrony events in intensive care settings.
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Chapter 1

Introduction

Mechanical ventilation (MV) is a critical intervention for patients with severe clinical
conditions [1, 2] and serves as vital support for individuals experiencing respiratory failure
in an Intensive Care Unit (ICU) [3]. Despite substantial advancements in MV, a persis-
tent gap remains in the clinical information required to optimize patient recovery [4]. In
response, researchers have widely employed model-based methods [5–7] to analyze lung
mechanics and develop tools that offer crucial insights without necessitating additional
invasive monitoring devices. These methodologies enable a deeper understanding of pul-
monary dynamics, which is essential for advancing personalized therapeutic strategies. As
highlighted by Chase et al.[8], simplified models have significantly contributed to shifting
care in ICUs from a ’one-size-fits-all’ approach toward more adaptive and patient-specific
strategies.

While MV significantly contributes to air delivery toward alveolar surfaces, it may also
lead to Patient-Ventilator Asynchronies (PVAs), which are events characterized by a mis-
match between patient respiratory demand and ventilator assistance [9]. These PVAs can
result in an increased respiratory workload, prolonged weaning periods, and extended stays
in ICUs. Asynchronies may occur during any ventilation mode, whether fully controlled or
partially assisted; however, they are more frequent during non-invasive ventilation or par-
tially assisted modes, in which spontaneous patient breathing triggers ventilator support
[10].

Selecting appropriate ventilatory parameters is essential for minimizing Ventilator-
Induced Lung Injuries (VILIs) [11, 12] and plays a critical role in patient recovery, as these
settings must be continuously adjusted through recruitment maneuvers [13]. Although gen-
eral guidelines currently guide ventilator parameter selection using a conventional ’one-size-
fits-all’ approach [14, 15], there is a growing emphasis on developing patient-specific models
to enable personalized treatment strategies [16–18]. In this context, accurate detection of
Respiratory Asynchronies (RAs) becomes crucial, as these events significantly influence
patient outcomes by increasing respiratory effort, extending the duration of ventilatory
support, and prolonging ICU stays [19, 20]. Timely and precise detection of asynchronies
can thus support clinical decisions, allowing clinicians to optimize ventilator settings and
personalize therapeutic interventions. Additionally, effective identification of these events
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CHAPTER 1. INTRODUCTION

could facilitate the indirect, non-invasive estimation of clinical parameters such as the Work
of Breathing (WOB), providing further insights into respiratory mechanics and muscle sta-
tus without resorting to invasive techniques.

However, the presence of Spontaneous Breathing (SB) complicates the identification
and characterization of RAs. While respiratory cycles in fully sedated patients are en-
tirely driven by the ventilator, patients under partial sedation exhibit breathing efforts
partially assisted or synchronized with the device, making it challenging to clearly distin-
guish patient-driven versus ventilator-driven dynamics. As noted by Kim et al. (2021)
[21], the complexity of SB is further highlighted by observing elastance-time curves, which
can display negative elastance values in the presence of SBs or RAs. This underscores
the necessity of developing robust and reliable tools specifically aimed at detecting and
characterizing RAs, ultimately enabling clinicians to better tailor respiratory support to
individual patient needs.

Monitoring ventilatory mechanics is essential for assisting healthcare professionals in
optimizing ventilatory maneuvers using simplified mathematical models [2, 17, 22]. Nev-
ertheless, these models often have significant limitations, as they typically do not consider
RAs and SBs [3]. These phenomena frequently go undetected and unquantified in clinical
settings [23], primarily because conventional models are unable to adequately capture the
complexities inherent in ventilatory waveforms under such conditions. As a result, the
assessment of patient respiratory dynamics remains incomplete, which compromises both
comprehensive monitoring and effective treatment [1].

Currently, SBs and RAs have been analyzed by measuring variables not routinely mon-
itored in ICUs, such as esophageal and gastric pressures. While studies have attempted
to analyze spontaneous respiratory behaviors and quantify their clinical impact, recent
research, such as that by Knopp et al. (2024) [24], emphasizes that there remains a criti-
cal need for more adaptable and comprehensive models. These models should be capable
of accurately capturing and quantifying the effects of these additional respiratory efforts
resulting from asynchronies. Thus, pressure reconstruction methods [3, 23] have been de-
veloped to produce respiratory curves that closely reflect respiratory dynamics, thereby
minimizing the variability caused by RAs [25].

Considering the clinical relevance of promptly identifying RAs, it is critical to develop
tools capable of real-time detection and quantification of these events [10, 24]. For in-
stance, Poole et al. (2014) [10] introduced parameters such as the Asynchrony Index,
which quantifies the percentage of asynchrony events relative to total breaths in real time.
This further underscores the potential of real-time monitoring systems to enhance clin-
ical decision-making and improve patient outcomes by enabling personalized respiratory
management strategies.

Damanhuri et al. (2016) [26] developed a method to quantify the additional efforts
associated with respiratory asynchronies by reconstructing pressure-time (P vs. t) curves.
This technique was applied primarily to respiratory cycles visibly affected by pressure
variations resulting from patient efforts during asynchronies. The analysis of these recon-
structed waveforms enabled the authors to propose a tool for real-time detection of RAs.
Subsequently, Chiew et al. (2018) [23] introduced the Iterative Pressure Reconstruction
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(IPR) method to evaluate asynchrony during MV. This method reconstructs asynchronous
airway pressure waveforms by iteratively adjusting them to closely resemble passive breath-
ing. The authors suggested that future applications of this method could facilitate real-time
monitoring of asynchrony magnitude, thereby contributing to the optimization of MV ther-
apy. More recently, Arunachalam et al. (2020) [27] proposed the Gaussian Effort Model,
derived from the Single Compartment Model, to capture patient effort pressures.

Conventional respiratory models, such as the widely used Single Compartment Model
(SCM), have demonstrated significant limitations when attempting to replicate or detect
RAs and SB events during MV, highlighting the need for more sophisticated modeling ap-
proaches [3, 25, 28]. The objective of this research is to propose a tool for detecting RAs by
first developing a mathematical model capable of accurately reproducing patient-ventilator
interactions in the presence of SB efforts. It is anticipated that the analysis of ventilatory
parameters derived from a model that closely matches clinical ventilatory curves (particu-
larly the pressure-time waveform) can provide valuable insights and establish a foundation
for defining parameters that could enable real-time detection of RAs. The following section
presents the problem statement and its justification. Subsequently, the proposed objectives
and the general methodology adopted to achieve them are outlined. Finally, this chapter
concludes with an explanation of how the present document is organized.

1.1 Problem Definition

In current clinical practice, it is common for patients diagnosed with Acute Respiratory
Distress Syndrome (ARDS) to receive treatment through MV, with ventilatory parameters
typically configured based on the clinical judgment of the attending physician [8]. This ap-
proach presents considerable challenges in establishing standardized protocols, particularly
regarding ventilatory maneuvers, due to patient variability, as each individual responds dif-
ferently to both the underlying condition and the applied treatment. Consequently, this
variability complicates the creation of consistent recovery strategies and contributes to
persistently high hospital mortality rates [4].

Within this context, the analysis of respiratory mechanics, particularly through sim-
plified mathematical models, becomes crucial for assisting healthcare providers in clinical
decision-making processes [5, 8]. Although widely-used models, such as the Single Com-
partment Model (SCM), have shown utility in describing general respiratory mechanics,
they exhibit significant limitations when faced with SBs and RAs, failing to accurately
represent the complexities of patient-ventilator interactions under these conditions [3, 28].
As a result, critical respiratory events like PVAs often remain undetected and unquantified,
impairing optimal clinical management and patient outcomes [1].

The RAs are particularly relevant from a clinical perspective, as they increase patient
discomfort, respiratory effort, lengthen the weaning process, and prolong ICU stays [10].
Thus, timely and accurate detection of these events is clinically significant. Nonetheless,
detecting RAs currently depends on invasive and specialized monitoring methods that are
not routinely available or practical in many ICU settings.
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Despite substantial research efforts aimed at quantifying RAs through techniques such
as Gaussian effort modeling [27], iterative airway pressure reconstruction (IPR) [23], and
pressure-time curve reconstruction methods [26], a significant gap remains. Current mathe-
matical models still lack the capacity to robustly capture the complexities of SB efforts and
RA. Consequently, clinicians face considerable difficulties in standardizing patient moni-
toring protocols, which limits their ability to implement reliable real-time detection tools
in everyday clinical practice. Moreover, given the heterogeneity of patients and the inher-
ent complexity of pulmonary dynamics, existing models can only approximate the natural
behavior of SB, underscoring the necessity for improved modeling approaches and leaving
considerable scope for clinically meaningful contributions.

In view of these limitations, the central research question emerges: ”What clinically
relevant mechanical ventilatory parameters can be obtained from mathematical model-
ing approaches to assist in the diagnosis and/or treatment of older adults with ARDS?”
Chronic respiratory diseases account for approximately 4 million deaths annually [29],
with older adults (over 60 years) representing one of the most vulnerable populations [30].
Among respiratory conditions, ARDS—clinically defined by the Berlin definition—is es-
pecially critical, as it can rapidly deteriorate and lead to chronic complications or high
mortality rates [31–33]. Addressing the aforementioned research question could therefore
significantly impact clinical outcomes for this vulnerable demographic, reducing depen-
dence solely on clinician expertise, promoting the standardization of ventilatory protocols,
and potentially lowering ICU mortality rates associated with ARDS management [8]. Con-
sequently, this research seeks to advance mathematical modeling techniques enriched with
actual clinical data, enabling a more accurate representation of respiratory mechanics and
providing reliable parameters to detect RAs.

Figure 1.1: Problem Tree

The previously discussed limitations and challenges associated with MV in the con-
text of RAs and SBs can be systematically illustrated through the problem tree depicted
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in Figure 1.1. This diagram summarizes the core issue—the limited availability of clini-
cally relevant parameters for diagnosing and treating mechanically ventilated patients—as
well as its primary causes and the subsequent clinical consequences. Specifically, it high-
lights that the heterogeneity of patient responses, the inherent complexity of pulmonary
dynamics, and the shortcomings of existing mathematical models collectively result in in-
sufficient clinical information. Consequently, this lack of reliable parameters translates
into variable and potentially ineffective ventilatory settings, misuse of specialist expertise,
limited application of mathematical modeling tools, and ultimately, high ICU mortality
rates. Therefore, addressing this central problem through the development of more robust
mathematical tools for detecting RAs could significantly enhance clinical decision-making
and patient outcomes.

Therefore, the present research aims to address this gap by proposing a novel mathe-
matical model, derived from clinical patient data, that effectively incorporates SB dynam-
ics. Analysis of the ventilatory parameters derived from this model seeks to identify key
indicators for detecting RAs. Ultimately, this tool has the potential to support clinical
decision-making, improve therapeutic strategies, and enhance patient recovery outcomes
in ICU settings. Although validated using real patient data, further clinical studies and
integration into real-time monitoring systems would be necessary before its direct clinical
implementation.

1.2 Justification

Currently, MV remains an essential therapy in critical care, where individualizing
treatment has become increasingly important to enhance therapeutic outcomes, reduce
ICU mortality, and minimize ventilator-associated complications, such as overstretching or
lung injury due to inappropriate ventilator settings [8]. Despite ongoing technological ad-
vancements, MV management practices have not significantly evolved over the past three
decades, leaving ample opportunity for research and clinical improvements [8]. Prolonged
use of MV considerably increases patient care costs, placing a heavy financial burden on
hospitals by occupying critical ICU resources that could be utilized for other patients [34].

Predictive models have been proposed to support clinicians in ventilatory maneuvers
[35, 36]. However, there remains a significant gap in developing effective tools for cap-
turing and quantifying respiratory efforts associated with SBs and RAs [37]. Although
monitoring techniques such as electromyography of the diaphragm or esophageal pressure
measurements can assist clinicians in visualizing RAs, these methods are invasive and
therefore not routinely implemented in ICU settings [9]. The occurrence of SBs is known
to increase respiratory effort, producing distinct alterations in ventilatory curves, thereby
complicating the accurate estimation of essential ventilatory parameters such as resistance
and elastance. Consequently, valuable clinical information may be lost, affecting the qual-
ity of patient care [26]. In this context, Kallet et al. (2018) [38] have demonstrated that SB
trials and daily sedation interruptions—strategies that periodically test a patient’s readi-
ness for spontaneous ventilation and momentarily reduce sedation to assess ventilatory
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autonomy—can effectively reduce MV duration and ICU length of stay, highlighting the
importance of appropriately detecting and managing SB efforts.

Patients undergoing invasive MV with an endotracheal tube have a mortality rate
four times higher than that of non-ventilated patients [4]. Despite the risks associated
with intubating a patient in an ICU, MV remains one of the most effective methods for
treating patients with ARDS [2]. However, there is limited relevant clinical information
available to establish the correct diagnosis and possible treatments for ventilated patients.
This becomes even more pronounced in the presence of SB, where asynchronies prevent
conventional models from accurately reproducing the ventilatory curves of a patient with
SB, leading to the loss of valuable information regarding the additional effort exerted during
the inspiratory phase, which could compromise the recovery process.

Ventilatory parameters are predominantly adjusted based on clinicians’ experience,
leading to significant variability in treatment protocols and potentially increasing patient
injuries and mortality rates among intubated patients [4, 39]. Inaccurate ventilator set-
tings chosen by clinicians can result in barotrauma, volutrauma, atelectasis, and other
forms of lung damage collectively known as VILI [4, 40]. Therefore, developing patient-
specific protocols becomes crucial, as individualized ventilatory strategies can enhance lung
recruitment and improve blood oxygenation while minimizing VILI risks.

To address these challenges, various studies have focused on identifying and quantify-
ing RAs, which can exacerbate lung damage if left undetected. For instance, Major et al.
(2016) [25] investigated a specific type of RA known as ”reverse-trigger,” which occurs pri-
marily during the inspiratory phase and significantly increases the associated respiratory
effort. These authors quantified this additional effort by comparing reconstructed respi-
ratory waveforms with normal waveforms. Similarly, waveform reconstruction techniques
have been utilized by other researchers to develop methods for real-time detection of RAs,
contributing to the advancement of personalized ventilatory management [3, 23, 41].

Hence, emerging model-based methods are critically important for improving the ac-
curacy of ventilator settings to enhance alveolar recruitment and reduce the risk of VILIs
[2–4]. The motivation behind this research is to develop and analyze a mathematical
model capable of more precisely replicating respiratory mechanics in mechanically venti-
lated older adults diagnosed with ARDS experiencing SB. Current conventional models
struggle to accurately reproduce ventilatory waveforms under SB conditions, limiting their
clinical utility. Therefore, by proposing a more robust mathematical representation that
better captures spontaneous respiratory behavior, this work aims to identify clinically rel-
evant ventilatory parameters that could serve as a foundation for creating effective tools
for detecting RAs. Previous authors have contributed to this field by attempting to quan-
tify RAs and the associated WOB, underscoring the persistent limitations of conventional
models [1, 3]. Thus, this research seeks to advance this area by developing a mathematical
framework applicable to real-time monitoring and decision-making in ICU settings.
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1.3 Objectives

General Objective

Obtain mechanical ventilatory parameters based on a mathematical model as an in-
sight supply for diagnosis and/or treatment of older adults with Acute Respiratory Distress
Syndrome (ARDS)

Specific Objectives

� Propose a mathematical model based on a statistical analysis of the Single Compart-
ment Model (SCM).

� Improve numerical accuracy of the proposed mathematical model with respect to the
SCM in a specified study target group: older adults with ARDS.

� Evaluate the respiratory state of the patient based on the analysis of the proposed
mathematical model.

1.4 Methodology

This study was conducted in strict compliance with applicable ethical guidelines. Ap-
proval was obtained from the Ethics Committee of the Universidad del Valle (Approval
No. 047-020), with the submission made on August 24, 2020 and final approval granted
on September 14, 2020. Furthermore, the study underwent additional review and was
approved by the Research Ethics Committee of Fundación San José de Buga (Valle del
Cauca, Colombia), with formal approval granted on December 11, 2023. To ensure the
protection of patient privacy, all data were anonymized. Consequently, the project was
structured into three distinct phases to safeguard data integrity and ethical compliance
throughout the study.

To achieve the general objective, the research methodology was structured into three
sequential phases, each designed to systematically address the specific objectives of this
dissertation. Phase 1 (Chapter 3) focuses on validating the data acquisition process to
ensure reliability for subsequent analyses. Phase 2 (Chapter 4) addresses Objectives 1
and 2 through a quantitative and statistical evaluation of the Single Compartment Model
(SCM). Based on this analysis, a new mathematical model is proposed and shown to
outperform the SCM in terms of numerical accuracy. Phase 3 (Chapter 5) addresses
Objective 3 by applying the proposed model to develop an index aimed at evaluating the
respiratory condition of the patient.
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Phase 1 – Obtaining Data through Image Processing

In this initial phase, ventilatory waveform data are acquired from 10 sedated patients,
each contributing one minute of recorded ventilatory therapy, using an image-processing
approach at Hospital San José de Buga. The goal is to validate image processing as a re-
liable method for extracting ventilatory data, especially in resource-limited environments
common to emerging economies such as Colombia. Inspired by the approach of Lerios
et al. (2023) [42], who utilized image-processing techniques to capture ventilatory curves
from graphical data, and benchmarking against the analysis performed by Howe et al.
(2020) [17], we demonstrate that inspiratory and expiratory waveforms obtained through
image processing are statistically indistinguishable from those directly measured by ven-
tilator sensors. This validation underscores the feasibility of a cost-effective and clinically
relevant solution, filling a notable gap in the field of respiratory mechanics by providing
a robust alternative for settings where advanced monitoring resources may be limited.
The verification of image processing as a tool for obtaining patient ventilatory curves was
addressed in Chapter 3.

Phase 2 – Model Development

After confirming the reliability of the image-based data acquisition in Phase 1, this sec-
ond phase is dedicated to the core model development of this dissertation. The method-
ology begins with a quantitative analysis of the Single Compartment Model (SCM) to
establish its performance limitations when fitting the pressure-time (P vs. t) curves of
patients exhibiting SB. This initial evaluation, using statistical metrics like the coefficient
of determination (R2) and Mean Relative Error (MRE), provides the necessary foundation
to then propose an improved model with superior numerical accuracy, a process detailed
in Chapter 4. This effort was inspired by the shape-function approach proposed by Mor-
ton et al.(2019) [43], who accounted for factors such as pulmonary distensibility, alveolar
recruitment, and higher-order airway resistance, thereby improving curve-fitting perfor-
mance for sedated patients. Building on these principles, the present work seeks to extend
the method by proposing additional shape functions capable of capturing the RAs that
commonly arise in SB cases.

To achieve this, data from eight patients presenting SB events were subdivided into two
independent datasets, each recording 6 minutes of therapy and comprising four patients
(see Figure 1.2). The first dataset was used to propose and calibrate the new mathematical
model, while the second dataset served for testing and validation, thereby mitigating the
risk of circular reasoning. Initially, families of shape functions were proposed, tested, and
analyzed to explore a broad range of possible representations and identify those offering
the best fit for the ventilatory curves. Although these new shape functions improved the
model behavior, they were insufficient to fully capture the complexity of the waveforms.
Consequently, the approach was refined by incorporating a modification of the Slice method
proposed by Guttmann et al. (1994) [44], resulting in a more robust model capable of
detecting and quantifying RAs effectively. The details of this procedure are discussed in
Chapter 4.
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Figure 1.2: Proposed Methodology

Phase 3 – Proposing an Asynchrony Index

After obtaining the new mathematical model, the next step was to derive clinically
relevant parameters that could support the diagnosis and treatment of ventilated patients.
The ultimate aim was to quantify and detect RAs. The model developed in Phase 2 was
employed to analyze ventilatory data from 8 additional patients (4 under controlled venti-
lation and 4 exhibiting SB, each contributing six minutes of recorded therapy). To validate
the performance of the proposed asynchrony index, a third group of patients was used as
a control group, allowing for a comparative evaluation of the accuracy and robustness of
the index in detecting asynchronies. By examining the pressure-time (P vs. t) curves, this
approach enabled the formulation of an asynchrony index that potentially complements the
information provided by conventional MV therapy and enriches the clinical perspective on
patient recovery status.

This final phase not only confirms the usefulness of the refined mathematical model
in capturing patient-specific respiratory mechanics but also establishes a foundation for
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future clinical tools. By providing healthcare professionals with parameters and reference
values that describe asynchronies and the associated extra effort in SB, this phase opens
avenues for more personalized MV maneuvers, guiding specialists in optimizing patient
care, recovery, and weaning processes. Chapter 5 presents the study of ventilatory me-
chanics in these patients and explains how it integrates with a tool for detecting RAs. In
this context, Figure 1.2 shows a summary of the proposed methodology.

1.5 Organization of this dissertation

This dissertation is organized as follows: Chapter 2 presents the state of the art, includ-
ing relevant definitions and equations necessary for this research. Chapter 3 proposes and
validates an image-processing methodology for acquiring patient ventilatory waveforms.
Although this image-based approach has not been previously explored by other authors in
the field, its implementation constitutes a significant contribution to respiratory mechanics
research. Chapter 4 introduces a novel mathematical model designed to accurately cap-
ture and replicate RAs, accompanied by performance validation. Chapter 5 employs the
proposed mathematical model to analyze MV patients experiencing RAs and SBs, subse-
quently proposing an asynchrony index aimed at detecting these events during MV. Finally,
Chapter 6 summarizes the main conclusions of this study, discusses identified limitations,
and highlights potential directions for future research.
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Chapter 2

State of the Art

This chapter provides an overview of the theoretical and conceptual foundations under-
lying the study of human respiration, followed by a review of relevant research conducted in
this field. The first section (Theoretical Framework) introduces the fundamental concepts
essential for understanding respiratory mechanics, including the anatomy and physiology
of the respiratory system, common pathologies, and the principles of MV. It also exam-
ines methodologies for measuring pulmonary data, explores lung mechanics, and presents
the Single Compartment Model (SCM), which serves as a basis for the models discussed
later.Additionally, a brief overview of the definitions of SBs and RAs, along with their role
in influencing patient-ventilator interaction, is provided.

The second section (Background) reviews the key contributions made by the scientific
community in modeling pulmonary dynamics. This includes an exploration of computa-
tional methods used to analyse respiratory processes, the development of reduced-order
models (also known as bedside models) aimed at predicting patient-specific respiratory
mechanics, and research focusing on SBs and RAs. A synthesis of previous studies is also
provided to contextualize the significance of the approaches adopted in this work. Fi-
nally, the chapter concludes with a summary that highlights the most relevant findings
and establishes the conceptual framework upon which the subsequent chapters are built.

2.1 Theoretical framework

This section introduces the essential concepts and principles necessary to analyze the
human respiratory dynamics and its interaction with MV. This section begins by describing
the anatomy and physiology of the respiratory system, followed by an overview of common
pathologies that may alter pulmonary mechanics and affect MV performance. Next, it
explores the fundamental aspects of MV and conventional techniques used to measure
pulmonary data, which are crucial for assessing respiratory function. A discussion of
lung mechanics is then provided, emphasizing the importance of understanding compliance
and resistance in the context of MV. The section also introduces the SCM, a simplified
representation of the respiratory system frequently used to estimate ventilatory parameters.
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Finally, attention is given to the role of SBs during MV, highlighting their impact on
patient-ventilator synchronization and overall respiratory outcomes.

2.1.1 Respiratory system: Anatomy and physiology

Respiration is the mechanism by which all living beings exchange gases with their en-
vironment. In humans, respiration consists of two fundamental processes: ventilation and
perfusion. Ventilation involves inhalation (inspiration), where air enters the lungs, and
exhalation (expiration), where air leaves the lungs. On the other hand, perfusion is pri-
marily responsible for gas exchange (O2 - CO2) through a diffusion process that occurs at
the alveolar surfaces, facilitating the transfer of gases between the circulating air and the
bloodstream [45, 46]. Both processes are governed by fluid mechanics, where mass transfer
plays a central role, though they operate based on different physical principles. Neverthe-
less, ventilation and perfusion must work synergistically to ensure effective respiration.

In this context, Figure 2.1a illustrates the main components involved in respiration.
This process is regulated by the central nervous system, which coordinates the interaction
of various structures, including the intercostal muscles, rib cage, diaphragm, and other
anatomical elements, to facilitate natural breathing.

Figure 2.1: Respiratory mechanics parts
Source: Based on Howe et al. (2020)[47]

Each lung is surrounded by a membrane called the pleura, which consists of two mem-
branes and the space between them: the visceral pleura, parietal pleura, and the pleural
cavity (filled with pleural fluid) respectively (see Figure 2.1b) and act as a lubricant layer
enabling the intercostal muscles and the diaphragm to move with minimal friction [47].
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Figure 2.2: Lung Airways
Source: Based on [48]

In ventilation, the air passes through the trachea, which divides into two primary
bronchi (one for each lung). Further divisions of the bronchi occur, reaching up to 23 levels
(see Figure 2.2). The initial 16 branches are important for air humidification, warming,
and filtering, while the subsequent branches are primarily responsible for gas exchange. At
the final level, an alveolar sac is present where pulmonary veins and arteries connect with
the cardiovascular system [47]. Here, perfusion takes place by diffusion across the alveolar
surfaces (see Figure 2.2) [49, 50].

When a person breathes, there must be a pressure difference between the alveoli and
the external atmospheric environment. Inspiration occurs when the alveolar pressure is
lower than the outer environmental pressure. This happens when the diaphragm and
external intercostal muscles contract, causing the thoracic cavity to expand. On the other
hand, expiration is the result of an alveolar pressure higher than the outer environmental
pressure. During expiration, the diaphragm and intercostal muscles relax, causing the
thoracic cavity to contract. These concepts are consistent with Boyle’s Law (Equation
2.1), which is commonly used to describe respiration because it relates pressure (P ) and
volume (V ) in two different states as follows [2, 47, 51]:

P1V1 = P2V2. (2.1)

In this equation, P1 and V1 represent the initial pressure and volume of the gas, corre-
sponding to the state before any respiratory change, such as the beginning of inspiration
or expiration. Similarly, P2 and V2 denote the final pressure and volume, representing the
conditions after the change has occurred, such as after lung expansion or compression.

During inspiration, the lung volume increases while the pressure decreases below atmo-
spheric pressure, driven by the expansion of the thoracic cavity and the contraction of the
intercostal muscles and diaphragm. Conversely, during expiration, the volume decreases as
the pressure increases. This is caused by the relaxation of these muscles and the resulting
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contraction of the thoracic cavity. Overall, these changes in volume and pressure during
inspiration and expiration allow for the movement of air in and out of the respiratory
system [17].

2.1.2 Pathologies

Pathology is the branch of medical science that investigates the causes and nature of
diseases by studying and describing the conditions they produce in the body. In respiratory
health, pathologies are commonly classified as either Obstructive or Restrictive [2, 47].
Indeed, while there are clear differences between obstructive and restrictive pathologies,
both conditions are often present in diseases that compromise lung function.

Obstructive lung pathologies mainly affect the expiration phase due to airway obstruc-
tions caused by inflammation, bronchoconstriction, or phlegm. This type of pathology
results in inadequate exhalation, causing air to become trapped in the lungs. This, in
turn, reduces lung capacity and leads to shortness of breath, a persistent cough, and
wheezing. The most common examples are asthma and Chronic Obstructive Pulmonary
Disease (COPD), both characterized by airway obstruction. A typical feature of COPD is
emphysema, which involves the progressive destruction of lung tissue at a microstructural
level. In severe cases, this condition is usually treated with supplemental oxygen [2]. Gen-
erally, obstructive pathologies are managed with medications such as inhalers and steroids,
which help reduce airway inflammation and improve airflow [47].

Restrictive lung pathologies are characterized by a decrease in the maximum amount
of air that can be inhaled, limiting the expansion of the thoracic cage. This produces
a reduction in tidal volume (see section 2.1.3) caused by an increase in lung elastance,
meaning a decrease in lung compliance (see section 2.1.5), a condition commonly known as
pulmonary fibrosis [2, 47]. In addition, other conditions such as neuromuscular disorders
and obesity can also contribute to a reduced inspired volume because they weaken the
muscles responsible for respiration, thus limiting the amount of air that can be inhaled.

Respiratory diseases are one of the leading causes of morbidity and mortality world-
wide, highlighting the importance of respiratory health for general well-being [52]. The
recent emergence of threats such as the SARS-CoV-2 virus, responsible for the COVID-
19 pandemic, has compounded the global health challenge posed by respiratory disease.
The virus causes severe respiratory complications and decreased pulmonary ventilation,
necessitating continued exploration of respiratory mechanics with a particular emphasis on
advancing research to address the urgent challenges associated with MV [53].

Therefore, personalized respiratory care has emerged as a priority in mitigating the
mortality and morbidity associated with MV. Predictive mathematical models of lung
mechanics have proven instrumental in customizing patient-specific therapies to optimize
clinical outcomes [8]. Model-based methods facilitate the analysis of airflow and the predic-
tion of respiratory dynamics, offering invaluable insights into the treatment of respiratory
conditions such as asthma [54] and COPD [42], as well as other pathologies that impact
respiratory mechanics and require tailored interventions [23, 26]. By integrating patient
data, these models enhance diagnostic accuracy and therapeutic interventions, and their
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application in refining ventilatory strategies has been linked to reductions in mortality
rates [55, 56].

Respiratory failure

Respiratory failure is a term used to describe inadequate gas exchange, resulting in
hypoxemia (low oxygen levels) or hypercapnia (high carbon dioxide levels) in the blood-
stream. This condition can manifest in two ways. The first is associated with poor ven-
tilation, where inhaled air fails to reach the alveolar surfaces. The second is attributed
to poor perfusion, meaning the blood flow is insufficient to adequately perfuse the lungs
(often as a consequence of cardiovascular issues) [3].

The human body requires an appropriate partial pressure of oxygen (PaO2) and must
effectively remove carbon dioxide (CO2) to maintain suitable partial pressure of carbon
dioxide (PaCO2) levels in the bloodstream [3]. In clinical terms, respiratory failure occurs
when the lungs are unable to perform adequate gas exchange, resulting in two types of
failure (Type 1 and Type 2) depending on the concentrations of oxygen and carbon dioxide
in the blood [16].

Type 1 respiratory failure refers to low levels of oxygen without a significant increase in
carbon dioxide. This type is commonly caused by conditions such as embolism, pneumonia,
pulmonary edema, and acute respiratory distress syndrome (ARDS) [16, 47]. This disorder
often results in a condition known as a shunt, where the alveoli are not adequately reached
by the ventilation process. As a result, there is impaired oxygen-carbon dioxide exchange,
leading to low blood oxygen levels (hypoxemia) [3].

On the other hand, Type 2 respiratory failure is characterized by insufficient elimination
of carbon dioxide (hypercapnia). This is often caused by high airway resistance associated
with COPD or asthma. Other less common causes of hypercapnia include muscle weakness
and severe obesity [47].

Respiratory failure can also be classified into two general groups: chronic and acute
conditions. Chronic conditions require long-term treatment, including medication and
multiple sessions of pulmonary rehabilitation. In contrast, acute conditions are emergencies
that often necessitate MV for immediate patient support [16]. Acute conditions will be
discussed in the following section.

Acute Respiratory Distress Syndrome

Acute Respiratory Distress Syndrome (ARDS) is a potentially life-threatening lung
condition characterized by the inability of the lungs to receive sufficient air and oxygen.
There are various direct and indirect causes that can lead to the development of ARDS in
a person. Examples of direct causes include pneumonia and smoke inhalation, where the
damage directly affects the lungs. Indirect causes are associated with severe trauma, lung
transplantation, and septic shock, among others [4].
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The first standardized definition of ARDS was established in 1994 by the American-
European Consensus Conference. It used the ratio of arterial oxygen tension (PaO2) to the
fraction of inspired oxygen (FIO2) to classify and diagnose the condition. A PaO2/FIO2

ratio of less than 300mmHg was defined as Acute Lung Injury (ALI), while a ratio of
less than 200mmHg indicated ARDS. However, due to confusion among clinicians, a re-
fined definition was introduced in 2011 known as the Berlin definition which eliminated
the ALI category and classified ARDS into three severity levels: mild (200mmHg <
PaO2/FIO2 < 300mmHg), moderate (100mmHg < PaO2/FIO2 < 200mmHg), and se-
vere (PaO2/FIO2 < 100mmHg) [3, 4, 33].

2.1.3 Mechanical Ventilation

Currently, there is no specific treatment for ARDS. As a result, MV remains the most
important and effective form of support for ARDS patients, as it reduces the WOB and
improves lung recruitment and blood oxygenation. However, ventilation settings must
be carefully adjusted to minimize the risk of VILI, which can occur if parameters are not
properly selected. MV settings represent a balance between providing adequate respiratory
support and avoiding additional VILIs [4]. To better understand MV and its settings, two
key ventilator parameters must be taken into account: Positive End-Expiratory Pressure
(PEEP) and Tidal Volume (Vt).

Positive End-Expiratory Pressure (PEEP)

PEEP, as the name implies, refers to a positive pressure applied at the end of the
expiratory phase during MV. It is primarily used to recruit collapsed alveoli in ARDS
patients. Higher PEEP values are often adjusted to promote alveolar recruitment and
enhance blood oxygenation. However, studies have shown that excessively high PEEP
levels may lead to adverse effects such as increased lung stiffness, alveolar overstretch, and
potential injury [4].

Therefore, selecting an appropriate PEEP level during therapy is essential. However, in
clinical practice, this decision is often based on the experience of the medical specialist [3].
If PEEP is set too high, it can result in a VILI caused by excessive pressure—commonly
referred to as barotrauma. On the other hand, if PEEP is set too low, sufficient alveolar
recruitment may not be achieved. Nevertheless, some studies have shown that limiting
inspiratory volume and pressure while applying higher PEEP levels is associated with a
reduced risk of VILI and shorter ICU stays [57].

Tidal Volume (Vt)

Tidal Volume (Vt) refers to the volume of air delivered to the lungs with each breath.
Selecting an appropriate Vt is critical to optimizing gas exchange while minimizing the
patient’s breathing effort. Setting an optimal Vt is essential because if it is set too high,

27



CHAPTER 2. STATE OF THE ART

it may cause a VILI known as volutrauma. Conversely, if Vt is set too low, it can lead to
inadequate oxygenation and potential alveolar collapse or injury [58].

2.1.4 Measurement of Pulmonary Data

During MV, various physical variables must be measured and monitored over time to
provide clinicians with relevant information regarding the patient’s respiratory condition.
The three fundamental variables in pulmonary monitoring are pressure, volume, and airflow
(also referred to as flow rate). These variables are recorded continuously as time series and
are typically visualized as waveforms, commonly referred to as ventilatory curves, which
serve as the basis for evaluating lung mechanics and patient–ventilator interaction.

Each of these signals provides unique insights into the respiratory process. Pressure,
typically measured in centimeters of water (cmH2O), indicates the force exerted by the
ventilator or the patient’s respiratory muscles on the airways. Flow rate describes the
speed at which air moves into or out of the lungs and is most commonly reported in liters
per second (L/s), although liters per minute (L/min) are also used in some clinical devices.
Volume refers to the amount of air inhaled or exhaled and is generally expressed in liters (L)
or milliliters (mL), depending on the context and precision required. These three variables
are inherently interconnected: the flow signal corresponds to the derivative of volume with
respect to time, while volume is obtained by integrating the flow rate over time.

These relationships are essential for deriving clinically relevant parameters such as tidal
volume (Vt), which corresponds to the total volume of air moved in or out of the lungs
during a single respiratory cycle. The tidal volume is typically extracted from the volume-
time curve and is a key indicator of lung strain, often evaluated as the ratio of Vt to the
functional residual capacity (FRC). FRC refers to the amount of air remaining in the lungs
at the end of a normal expiration and is challenging to measure noninvasively in clinical
practice [2, 47].

The following subsections describe how each of these variables is measured in practice.

Pressure

Pressure in the respiratory system is typically measured using piezoresistive pressure
transducers. These sensors detect pressure based on the mechanical deformation of an
elastic material, which generates a voltage difference as a function of the deformation [2, 47].
Transducers commonly used in respiratory applications measure the pressure difference
between the target pressure and a reference—usually atmospheric pressure.

Several types of pressures are present within the thoracic cavity and are essential for
studying lung mechanics and estimating the work of breathing (WOB). Although mea-
suring pleural pressure can provide valuable information, direct measurement within the
pleural cavity is invasive and presents additional risks [17, 47].
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Volume Airflow Rate

One of the most widely used devices for measuring airflow in respiratory applications
is the pneumotachograph. This device consists of a calibrated flow resistance, typically a
mesh or screen, placed in the airflow path. As air moves through the resistance, a pressure
drop (∆P ) is generated, which is proportional to the flow rate. By drawing an analogy to
Ohm’s law—where ∆P is analogous to voltage andQ (flow rate) to current, the relationship
between pressure drop and flow rate is described as follows:

∆P = RQ, (2.2)

where, R represents the internal resistance of the pneumotachograph.

Volume

As mentioned previously, volume is computed by integrating the flow signal over time.
In clinical settings, volume is usually referenced to a zero baseline, corresponding to the
start of inspiration. The resulting volume-time curve enables the estimation of tidal volume
(Vt), which quantifies the air exchanged in each respiratory cycle. Vt is a critical parameter
in assessing ventilation strategies and must be carefully monitored to avoid volutrauma or
under-ventilation.

2.1.5 Lung Mechanics

The process of breathing involves several mechanical properties that govern the be-
haviour of the lungs and airways. One of these properties is elastance (E), which quanti-
fies the lung’s ability to resist deformation under pressure [47]. Elastance is defined as the
ratio of pressure in the lung (Pl) to the change in volume (V ), and it is expressed by the
following equation (Equation 2.3):

E =
Pl

V
. (2.3)

It is important to note that the inverse of elastance is known as compliance, which
describes how the lung volume changes in response to a given change in pressure. Com-
pliance is also defined as a measure of the lung’s ability to stretch and expand [59]. A low
compliance value (indicating high elastance) suggests a stiff lung, commonly observed in
conditions such as fibrosis, where greater effort is required to achieve a normal tidal volume
during inspiration [47].

In addition to elastance and compliance, another critical component of lung mechanics
is airway resistance (R), which reflects the opposition encountered by airflow as it moves
through the respiratory tract. Airway resistance accounts for the energy lost due to friction
between the moving air and the airway walls, and its value significantly influences the
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work required by the respiratory muscles during both inspiration and expiration [2, 47].
Increased resistance can be observed in conditions such as chronic obstructive pulmonary
diseases (COPD), where narrowed or obstructed airways impede normal airflow, leading
to an increased workload for the respiratory system.

Consequently, the respiratory muscles must perform mechanical work to facilitate the
process of breathing, and this effort depends on both lung elastance and airway resistance.
These two factors interact to determine the overall effort required to ventilate the lungs
effectively.

Figure 2.3: Lung Airways
Source: Based on Bates (2009)[2]

The concepts of mechanical ventilation (MV) and pulmonary ventilation (PV) have
been studied extensively over the years. As early as the 1950s, Otis et al. [60] investigated
the dynamics of the lungs and their interaction with a ventilator. One of the simplest
approaches to modeling the lungs is to consider them as a balloon connected to a pipe.
In this analogy, the balloon represents the lung, while the pipe represents the airways [2].
This approach, known as the SCM, simplifies the respiratory system, as depicted in Figure
2.3, which is itself a simplification of the respiratory system shown in Figure 2.1.

In Figure 2.3, several pressures within the thoracic cage are defined: Pip represents
the intrapulmonary pressure, Ppl denotes the pleural pressure, and Paw signifies the air-
way pressure. Both the chest wall and the lungs have their own elastance (Ecw and EL,
respectively) and resistance (Rcw and RL, respectively). An airflow Q enters the lung
during inspiration and leaves during expiration, causing changes in both lung volume and
pressure. Understanding the interplay between elastance and resistance is essential for
accurately modeling the behavior of the respiratory system and optimizing ventilatory
support in clinical settings.

30



CHAPTER 2. STATE OF THE ART

2.1.6 The Single Compartment Model

In previous section there was shown that one of the first attempts to model the respi-
ratory system (Figure 2.4a) is by understanding the lungs as a balloon that inflates and
deflates during the processes of inspiration and expiration (Fig. 2.3). However, it is much
easier to conceptualize the lung capacity as a compartment with a movable wall that de-
pends on the elasticity of a spring, as shown in Fig.2.4b. These simplifications are known as
pneumatic analogies that aim to replicate the most important components of respiration.

Figure 2.4: SCM: a) Lung structure b) Pneumatic analogy, c) Electric analogy
Source: Based on[61], [2] and [31]

Based on these models, authors like Bates [2] have found an interaction between airflow
Q(t), volume V (t), and pressure at the mouth Paw(t) through the equation of motion
(Equation 2.4) of the Single Compartment Model (SCM) where Ers and Rrs represent
the elastance and resistance of the respiratory system, respectively. These parameters
are a combination of the elastance and resistance of the lung, airways, and chest wall.
Additionally, it is important to highlight that P0 denotes a reference pressure that largely
corresponds to PEEP in terms of physiological significance.

Paw(t) = ErsV (t) +RrsQ(t) + P0. (2.4)

Despite the importance of pneumatic models, also is crucial to understand the respira-
tory process through electrical analogies, as depicted in Figure 2.4c. Such simplifications
aid in the application and derivation of Equation 2.4 using Kirchhoff’s laws of voltage,
where the sum around the loop must be zero. By analyzing the respiration process as an
Resistor-Capacitor circuit, the equation of motion can be derived by considering that pres-
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sure is analogous to voltage, airflow to current, and volume to the charge on a capacitor
with a capacitance of 1/E.

Both models are equally valid and widely used to describe respiratory mechanics due
to their simplicity. However, more complex models can also be employed, incorporating
elements such as the diaphragm, intercostal muscles, chest wall, among others. Several
authors as Redmond (2017) [31] have proposed improvements to the electrical model (Fig.
2.4c) to achieve a more precise coupling of the equation of motion with experimental data
from real patients.

The SCM has been widely used in MV due to its simplicity and clinical practicality
[2, 62, 63]. While the model has limitations, it effectively describes pulmonary mechanics by
linking key parameters: tidal volume (V), airflow (Q), and airway pressure (P), as shown in
equation 2.4. Despite being a first-order approximation, it captures the essential dynamics
of ventilation without requiring additional invasive data, making it highly applicable in
clinical environments.

Researchers like Bates [2, 63], have applied the SCM in conjunction with inverse model-
ing techniques to estimate ventilatory parameters: Elastance (E), Resistance (R), and the
reference pressure (P0) , which represents the pressure in the lungs at the end of expiration
(PEEP ). Equation 2.4 can be reformulated in matrix notation, as shown in equation 2.5.

P1

P2
...
Pn

 =


V1 Q1 1
V2 Q2 1
...

...
...

Vn Qn 1


E

R
P0

 . (2.5)

This formulation may alternatively be expressed in a compact form, as outlined in
equation 2.6:

P = Ax. (2.6)

Here, P represents a vector of pressure data, and A denotes the matrix constructed
from the volume (V ) and airflow (Q) data. The vector x, which contains the ventilatory
parameters (E, R, and P0), can be determined by solving equation 2.4, as shown in equation
(4).

x =
[
AT A

]−1
AT P , (2.7)

where the term AT denotes the transpose of matrix A, and the expression
[
AT A

]−1

represents the inverse of the product AT A. This multiplication results in a square matrix,
which is invertible under the condition that A has full column rank.
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2.1.7 Spontaneous Breathing in Mechanical Ventilation

In a MV process, if the patient is fully sedated, a curve similar to the one shown in
Figure 2.5a is obtained. However, it is possible that even in sedated patients, certain
asynchronies may lead to changes in the ventilatory curves. This becomes more evident
when spontaneous breaths occur due to low sedation levels or depending on the ventilation
mode selected by the healthcare specialist [23].

Figure 2.5: Application of the SCM in: a) Patient completely sedated b) Patient with
partial Sedation

The challenge arises from the presence of asynchronies in the respiratory curves (see
Figure 2.5b), which conventional models such as the SCM are unable to accurately describe.
As shown in Figure 2.5, the pressure vs. time curve of a fully sedated patient can be
modelled effectively using Equation 2.4. However, in the case of a partially sedated patient,
the fit is significantly poorer, suggesting that modifications to Equation 2.4 are required to
account for the variations observed in ventilatory curves under different patient conditions.
SBs and RAs introduces additional patient efforts, resulting in irregular ventilation curves
and leading to inaccurate parameter estimation. This is primarily because SB and other
disturbances that occur in ventilated patients vary considerably depending on factors such
as the patient’s condition, sedation level, ventilation mode, and the initial ventilatory
parameters configured [3, 23]. Given this variability, it becomes essential to classify and
analyse the different types of PVAs that may arise during mechanical ventilation to refine
the models and improve the accuracy of ventilatory curve predictions.

PVAs have been extensively defined by authors such as Souza et al. [64] and Ang
et al. [65], highlighting their impact on mechanical ventilation efficiency, particularly in
the presence of spontaneous breathing efforts. Ineffective Effort (IE) occurs when the
respiratory effort of the patient fails to trigger the ventilator, often due to insufficient

33



CHAPTER 2. STATE OF THE ART

sensitivity settings or increased airway resistance during expiration. This is common in
patients attempting spontaneous breaths that are not fully supported by the ventilator.
Double Triggering (DT) refers to two consecutive breaths delivered as a result of persis-
tent inspiratory effort by the patient, typically caused by insufficient inspiratory time or
volume delivered, often seen in scenarios where the ventilator is unable to accommodate
spontaneous efforts. Auto Triggering (AT) arises when the ventilator is triggered without
an actual respiratory effort from the patient, frequently due to external noise or circuit
leaks that mimic spontaneous breaths.

Premature Cycling (PC) describes the ventilator switching from inspiration to expi-
ration before the inspiratory effort of the patient is completed, which can occur when
spontaneous breaths require prolonged inspiratory times. Conversely, Delayed Cycling
(DC) occurs when the ventilator prolongs inspiration beyond the effort of the patient,
leading to air trapping, particularly in patients with irregular spontaneous efforts. Reverse
Triggering (RT) involves the activation of respiratory muscles in response to a ventilator-
initiated breath, resulting in uncoordinated effort, and is more likely when spontaneous
breathing patterns are inconsistent. Lastly, Flow Asynchrony (FA) is identified when the
ventilator flow fails to meet the inspiratory demand of the patient, increasing work of
breathing and discomfort, particularly during spontaneous efforts. The presence of SB can
both exacerbate and reveal asynchronies, making its management crucial for optimizing
patient-ventilator interaction.

One of the key factors influencing patient ventilator interaction is the presence of SB,
which is closely related to RAs. Both SBs and RAs arise from the intrinsic respiratory
drive of the patient, but while spontaneous breathing represents the natural effort to reg-
ulate ventilation, asynchronies occur when this effort is not properly coordinated with the
ventilator assistance. Many asynchronies, such as IE, DT, and FA, are a direct result of
spontaneous breaths that are either not detected, insufficiently supported, or mistimed by
the ventilator. Additionally, cycling asynchronies, including PC and DC, often emerge
when the ventilator inspiratory and expiratory transitions do not align with the spon-
taneous effort of the patient. Understanding this relationship is essential for optimizing
ventilator settings and improving patient comfort, particularly in modes that allow or
encourage spontaneous breathing.

2.2 Pulmonary Dynamics Background

The Background section presents a comprehensive review of the methodologies and
approaches developed by the scientific community to analyse pulmonary dynamics and
improve MV strategies. It begins by exploring the application of computational meth-
ods and numerical solutions to model respiratory processes, followed by a discussion on
reduced-order models, commonly referred to as bedside models, which estimate patient-
specific respiratory mechanics using limited data—an approach frequently used in ICUs.
Additionally, this section reviews studies focused on patient-specific models that aim to
refine MV strategies by adapting to individual patient characteristics. It also examines
relevant research on SBs and RAs, which can significantly impact ventilatory performance.
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Finally, a synthesis of previous studies is provided, highlighting the key contributions that
have shaped the current understanding of pulmonary mechanics.

2.2.1 Exploring Pulmonary Dynamics through Computational
Methods

Studying breathing behavior has been of great importance, and several authors have
made contributions by employing specified physiological information and complex compu-
tational methods to investigate various problems related to pulmonary mechanics and its
interaction with MV. For example, Aghasafari and Ridaparti (2018) [49] used Computa-
tional Fluid Dynamics (CFD) and Fluid-Solid Interactions (FSI) approaches to study the
behavior of lungs affected by acute respiratory distress syndrome (ARDS) by modeling
an alveolar sac with a 3D computational domain. They found that emphysema reduces
airflow and lung elasticity, requiring more energy to breathe.

Furthermore, Tsega (2018) [66] conducted a study using CFD to analyze airflow in
the tracheobronchial airways, specifically examining variations across different age groups.
They concluded that the age range influences the type of flow, and both velocity and pres-
sure decrease with age. The airways have been the subject of extensive research, with
investigations primarily focusing on studying geometric parameters, velocity, pressure, and
flow characteristics. Clinically, respiratory system obstructions can lead to severe compli-
cations and even death, underscoring the importance of accurate diagnosis and effective
treatment for such pathologies [67].

An analysis of the impact of bronchodilator usage on a group of asthma patients with
varying levels of severity, ranging from mild to moderately chronic, was presented in de
Backer et al. (2008) [68]. Through this study, the authors determined that, after using
a bronchodilator, patients improved airflow resistance without changing the tidal volume.
For its part, Zhang et al. (2020) [54] investigated the airways of 4-year-old children with
asthma, comparing the behavior of affected lungs with healthy ones. They found that
the deposition of smog particles in children with asthma is significantly higher than in
healthy children, which was expected from a clinical standpoint. Additionally, Chen and
Zhao (2019) [59] examined conditions such as pulmonary fibrosis, utilizing CFD and FSI
techniques to compare their behavior with that of a healthy lung. In their study, the
authors concluded that analyzing changes in the lungs is crucial for both early diagnosis
and disease classification.

The analysis of airways using CFD in a 3D domain was conducted by Yang et al. (2006)
[69], focusing on individuals with COPD and examining the velocity profile in obstructed
airways and its impact on patients. They concluded that the inlet velocity pattern leads
to significant changes in the flow distribution in the bronchial tree. Similarly, Farghadan
et al. (2019) [70] investigated flow dynamics in a patient-specific lung model using CFD,
specifically studying transitional flow conditions and particle tracking to enhance under-
standing of particle transport and deposition in the respiratory tract, which can inform
future research on drug delivery in the lungs.
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Xi et al. (2015) [71] presented a case study of a bronchial tumor, utilizing CFD models
to visualize air distribution in the lungs and assess its impact on the affected area, proposing
a potential new respiratory mechanics test for diagnosing obstructive pathologies. Gu
et al. (2019) [72] conducted a similar study on a patient with lung cancer, examining
flow behavior in terms of velocity and pressure profiles in the lungs following surgical
intervention. Because the surgical procedure caused morphological changes in the analyzed
lungs, significant differences were found in flow behavior as a result of modifications in
the bronchial tree. These studies exemplify the significance of CFD in analyzing various
conditions and contribute to a better understanding of pulmonary mechanics.

The aforementioned studies are examples of how respiration has been investigated us-
ing different tools. However, these approaches typically require substantial physiological
information about the patient, which may not be routinely measured in a clinical setting
or could demand additional invasive procedures. While such methods help to illuminate
the complexity of respiration, their direct application in an intensive care unit (ICU) can
be limited by their complexity, potentially hindering proper implementation during patient
recovery.

2.2.2 Reduced Order Models

Although computational models have been utilized to study various aspects of human
breathing and lung performance, their complexity often limits their implementation in
clinical environments. One of the main goals of this study is to develop a tool with direct
potential application for a ventilated patient in an ICU are defined by some authors as
’bedside models’ [8], which have the particularity of providing information about a patient
ventilatory process using available data without additional invasive procedures. These
kinds of approaches are commonly known as models with clinical relevance. Therefore,
it becomes essential to understand reduced order models of lung behavior that can be
effectively applied in hospital and in an ICU setting.

Authors such as Tomlinson et al. (1994) [6] have proposed analytical models of sim-
plified lungs, drawing analogies with linear actuators incorporating spring and viscous
resistance effects. They have also explored analogies between the lung system and other
applications, such as RC circuits, to derive equations that relate pressure, volume, and
flow.

Similarly, authors like Zin and Gomes (1999) [73] have emphasized the need to sim-
plify the breathing problem while accurately capturing the mechanical behavior, consider-
ing physiological and pathological conditions. They have approached this by establishing
analogies between anatomical and electrical representations. A similar perspective has also
been discussed by Flores (2006) [74].

Moreover, authors like Ben-Tal (2006) [75] have presented a hierarchy of models focusing
on blood oxygen transport. In some breathing problems, where rib cage expansion plays a
crucial role, a rigid container model proves to be effective. To account chest expansion, a
model with a moving wall was studied, subsequently, gas exchange and gas transport were
incorporated into the model to achieve more complex and accurate respiratory equations.
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In terms of gas exchange, Shekerdemian and Bhon (2005) [76] explore the interaction
between the respiratory and cardiovascular systems, highlighting the impact of mechanical
ventilation on blood circulation. They also emphasize the influence of pharmacology on
the cardiovascular system. These studies shed light on the intricate relationship between
the respiratory and cardiovascular systems and underscore the importance of considering
both aspects in the context of mechanical ventilation.

Chiari et al. (1997) [77] present a comprehensive model of the human respiratory
system that incorporates gas exchange, transport, and storage in adults. Their study aims
to validate this model, which encompasses ventilation, circulation, and chemical aspects
involved in the breathing process.

Jbaily et al. (2020) [78] have developed a novel mathematical framework that considers
gas mixtures in alveoli. They simplify the bronchial tree as a tube, allowing for a more
detailed model of gas exchange between the alveoli and the external environment.

The study of alveoli has been extensively explored by researchers such as Anderson et
al. (2003) [53], who propose a mathematical model for soluble gas exchange in the lungs.
They conceptualize the lung as a combination of airways and alveoli and validate their
model using patient data. Archie (1997) [79] develops a mathematical approach based on
mass and energy conservation, as well as the second law of thermodynamics, to represent
the contribution of alveolar surface tension in the respiration process.

These studies demonstrate how respiration can be understood using reduced-order mod-
els that work with limited physiological information of the patient. These models aim to
serve as a basis for understanding respiratory mechanics and providing additional infor-
mation to the patient recovery processes.

2.2.3 Patient-Specific models

Given the significant heterogeneity among patients, it is inappropriate to assume that
the same ventilatory parameters will be effective for all individuals, despite their anatomical
and physiological similarities. To address this challenge, there has been a growing trend
towards personalised therapies, which involve tailoring recovery protocols to each patient.
This approach has motivated researchers to develop patient-specific models that refine the
governing equations of pulmonary mechanics, such as the equation of motion used in the
Single Compartment Model (SCM) (Equation 2.4), by incorporating real-time patient data
and statistical analyses to improve model accuracy.

Several studies have contributed to enhancing conventional models by introducing
patient-specific modifications. Damanhuri et al. (2015 and 2017) [4, 58] developed models
that utilise real-time clinical data to personalise ventilatory parameters, providing com-
plementary metrics for guiding MV decisions. Similarly, Redmond et al. (2017 and 2019)
[3, 31] investigated the influence of patient effort on respiratory mechanics, aiming to im-
prove clinical decisions regarding MV management by adapting ventilatory strategies to
individual patient responses.
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Building on these advancements, Howe et al. (2020) [17] introduced a model that
leverages expiratory data to estimate inspiratory mechanics in partially sedated patients
or those exhibiting spontaneous breathing. Their findings established a correlation between
inspiratory and expiratory elastance, offering a new approach to account for variability in
ventilatory parameters. However, they identified a critical gap in the estimation of airway
resistance, highlighting the need for further refinement in patient-specific models—a gap
that the present study aims to address.

Recent research has also explored the application of machine learning (ML) to develop
predictive models that enhance patient-specific care. For instance, Douville et al. (2021)
[80] demonstrated the potential of ML algorithms to predict the need for MV in COVID-
19 patients, emphasising the importance of incorporating additional clinical parameters
to improve prediction accuracy. Similarly, Morton et al. (2019) [16] applied predictive
models to optimise ventilator settings, such as positive end-expiratory pressure (PEEP) and
peak inspiratory pressure (PIP), transitioning clinical practice from reactive to proactive
approaches.

These advances underscore the vital role of patient-specific models in improving venti-
latory management by adapting to individual patient characteristics. The ultimate goal is
to develop more robust models capable of identifying personalised strategies and optimis-
ing ventilatory settings to enhance clinical outcomes. Therefore, the aim of this study is
to establish a simplified, yet effective, relationship based on the equation of motion (Equa-
tion 2.4) by integrating patient-specific data to provide a more accurate representation of
lung mechanics. The objective is to identify parameters or strategies that can serve as
additional information to guide specialists in patient diagnosis and/or treatment.

2.2.4 Researches on SBs

Understanding and monitoring respiratory mechanics is essential for MV. However,
conventional models that describe ventilatory mechanics often perform poorly in the SB,
which induces PVAs, commonly associated with increased pulmonary effort [1, 3]. Conse-
quently, there is a growing need to develop models that provide useful information about
respiratory mechanics in patients experiencing asynchronies to improve ventilator settings
and patient outcomes.

In this context, Redmond et al. (2019) [3] compared the performance of several math-
ematical models used to describe respiratory mechanics and concluded that conventional
models must be combined or modified to improve their accuracy when describing the ven-
tilatory dynamics of patients with low sedation levels and the presence of SB. Similarly,
Chiew et al. (2015) [28] introduced the concept of “time-varying elastance”, a parame-
ter that accounts for variations in respiratory effort by taking negative values when SB
and additional patient efforts occur. This concept enabled a more detailed understanding
of ventilatory dynamics, particularly in cycles influenced by asynchronies. In subsequent
work, Chiew et al. (2018) [23] extended this approach by emphasising the importance
of not only understanding or calculating ventilatory parameters but also quantifying the
additional respiratory efforts resulting from asynchronous breaths.
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A noteworthy contribution was made by Howe et al. (2020) [17], who developed a model
that uses expiratory data to estimate inspiratory mechanics in partially sedated patients
or those exhibiting SB. Their approach demonstrated that integrating expiratory informa-
tion into the modelling process allows for a more accurate breath-by-breath assessment
of ventilation parameters, enabling real-time clinical applications. Furthermore, Knopp
et al. (2021) [1] investigated these additional respiratory efforts and compared them with
measurements of diaphragmatic electrical activity. Their study highlighted the importance
of quantifying SB and the WOB, which is crucial for optimising ventilatory manoeuvres,
particularly during the weaning process when sedation levels are lower, and SBs are more
prevalent.

Addressing the limitations of conventional models that fail to capture variations in
pressure-time curves in the presence of SB and PVAs [3, 25], innovative approaches such as
pressure waveform reconstruction have emerged [23, 25]. These methods enable more accu-
rate estimation of respiratory mechanics, even in cycles influenced by spontaneous efforts,
and have demonstrated reduced variability in parameter identification while enhancing
real-time reliability. Such advancements hold great potential for integrating non-invasive
tools into clinical workflows, ultimately improving patient-ventilator synchronisation and
optimising patient outcomes [23, 27].

Additionally, Ang et al. (2024) [65] explored changes in elastance as a time-varying mea-
sure of the respiratory system elastic properties, noting that these variations can reflect the
patient evolving condition and signal the need for ventilator adjustments. Understanding
these variations is particularly relevant in the context of SB, as it provides valuable insights
for optimising ventilator settings and improving patient care. Moreover, identifying and
proposing model-based parameters derived from the quantification of elastance over time
may offer a non-invasive means to assess pulmonary function, reducing both clinical risk
and workload [13, 81].

Despite these advances, certain ventilation modes, such as pressure support ventilation
(PSV), have been shown to increase the risk of delivering excessive tidal volumes, poten-
tially leading to higher rates of asynchronies [82]. This highlights the importance of de-
veloping decision-support tools to assist clinicians in selecting optimal ventilatory settings
and performing appropriate manoeuvres. Inadequate parameter selection can contribute
to the occurrence of PVAs, ultimately hindering patient recovery.

A ventilation asynchronous event (AE) occurs when the patient breathing effort is
not synchronised with the ventilator support, resulting in poor patient-ventilator interac-
tion, increased WOB, and other adverse effects [10]. Therefore, improving the detection,
quantification, and management of SB and PVAs through refined models and advanced
analytical techniques is essential for enhancing clinical decision-making and optimising
ventilatory support.

2.2.5 Background Summary

The Table 2.1 provides a summary of several approaches aimed at understanding lung
mechanics, highlighting their focus and relevance to patient-specific modeling, particularly
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in the context of ventilatory support. This overview is essential for understanding the
contribution of the present work, which introduces a novel extended model of lung me-
chanics capable of adjusting ventilatory curves in the presence of RAs. Unlike previous
models, this approach refines curve fitting by incorporating new parameters derived from
patient-specific data, addressing limitations associated with traditional assumptions about
the geometry of pressure-time (P vs. t) curves.

The primary novelty of this work lies in the integration of patient-specific modeling
with a new approach for the detection of RAs. Unlike conventional methods that rely
on pressure waveform reconstruction—which make assumptions about the geometry of P
vs. t curves—the proposed model introduces a different approach that adjusts ventilatory
curves by incorporating patient-derived shape functions.

A key advantage of the proposed RA detection tool is its potential to be integrated
into real-time monitoring systems in ICU settings. This is possible because the model
operates using data that is routinely available in ICUs without the need for additional
invasive information. The proposed method offers a conceptually distinct alternative to
the reconstruction-based techniques commonly used by other authors [10, 23, 26], and a
more detailed discussion comparing these approaches will be presented in Chapter 5.

The literature review highlighted a wide range of computational methods for studying
respiratory mechanics (see Table 2.1). It is crucial to distinguish between two main families
of models based on their purpose and scope: high-fidelity simulation models (such as CFD-
FSI) and low-order, clinically oriented bedside models.

High-fidelity models, reviewed in Table 2.1, are powerful research tools designed for
deep mechanistic understanding. They enable detailed investigation of localized phenom-
ena, such as airflow turbulence in specific airways or stress distribution across alveolar
walls. However, their direct application in a real-time clinical setting is limited. First,
CFD-FSI simulations are computationally intensive, often requiring hours or even days
on high-performance computers, which makes them unsuitable for real-time bedside mon-
itoring. Second, they rely on highly detailed, patient-specific anatomical data, typically
obtained from advanced 4D imaging, which is not routinely available in the ICU. Finally,
their primary function is simulation and theoretical exploration rather than the real-time
detection and quantification of clinical events, such as asynchronies, from standard venti-
lator signals like pressure and flow.

In contrast, the objective of this thesis was to develop a model that meets the criteria
of a bedside tool: computationally lightweight, identifiable from standard ventilator data,
and capable of providing real-time insights into PVI. For this reason, while acknowledging
the immense value of CFD-FSI models in fundamental research, the development path for
this work necessarily focused on low-order frameworks such as the Single Compartment
Model, which are better suited to the specific challenges of clinical implementation.
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Table 2.1: Contribution of the present work

Reference (Year) Topic Focus I1 I2 I3 I4

[76, 77]
(1997, 1999)

Simplified model
for gas exchange

Perfusion x

[78]
(2020)

Alveolar and sur-
face tension mod-
els

Perfusion x

[53, 79]
(1973, 2020)

Alveolar and sur-
face tension mod-
els

Perfusion x

[49, 54, 59, 66–72]
(Range: 2006-2020)

CFD - FSI Ventilation

[6, 73, 74]
(1994, 1999, 2006)

Compartment
models

Ventilation x

[2, 58]
(2009, 2015)

Extended model
of lung mechanics

Ventilation x x

[1, 3, 17, 65, 82]
(Range: 2017-2024)

Extended model
of lung mechanics

Ventilation x x x

[10, 13, 23, 27, 28,
81]
(Range: 2014-2021)

Extended model
of lung mechanics

Ventilation x x x

Present work

New model inte-
grating SB analy-
sis and RA detec-
tion

Ventilation x x x x

I1 Is a bedside model?
I2 Has clinical relevance?
I3 Analyses spontaneous breathing (SB) or respiratory asynchronies (RAs)?
I4 Introduce a new RA detection method based on curve fitting

2.3 Conclusions

This chapter provided an overview of the fundamental concepts and relevant research
related to MV, laying the groundwork for understanding the contributions of the present
study. The theoretical framework introduced the core principles of respiratory mechanics,
including definitions of key parameters such as elastance, resistance, and reference pressure,
which form the basis of the equation of motion used in the SCM. Additionally, this section
highlighted the importance of considering SBs and its impact on the dynamics of ventilatory
curves, which is essential for understanding RAs.

The chapter then explored various approaches to modelling lung mechanics, distinguish-
ing between simplified models that primarily focus on gas transport phenomena during
perfusion and compartment models that describe ventilatory behavior using reduced-order
representations. While these models are computationally efficient and suitable for clinical
use, many lack the capability to adequately describe respiratory mechanics in the pres-
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ence of RAs. A review of the literature also examined the development of patient-specific
models aimed at enhancing MV strategies through personalised therapies. Several studies
have highlighted the relevance of bedside models, which balance computational efficiency
with clinical applicability. However, despite these advances, many models still encounter
challenges when attempting to account for the stochastic variations introduced by SB and
RAs.

Finally, the chapter addressed the analysis of ventilatory mechanics in patients with
RAs, focusing on efforts to quantify the WOB and develop real-time diagnostic tools.
Although promising methodologies have been proposed, these approaches often rely on
iterative techniques that may hinder their seamless integration into clinical practice. In
summary, this chapter established the theoretical and practical foundations necessary to
contextualize the development of a new model that not only improves the representation
of ventilatory mechanics in presence of SBs but also proposes a novel method for detecting
RAs. These contributions will be further explored and validated in the subsequent chapters.
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Chapter 3

Data acquisition process

Respiration is an involuntary physiological process governed by the central nervous sys-
tem that primarily facilitates the exchange of gases, specifically oxygen (O2) and carbon
dioxide (CO2) [45, 83]. In the context of MV, the analysis of ventilatory curves is essential
for assessing ventilatory and pulmonary mechanics. These curves provide critical insights
into respiratory dynamics and the interaction between the lungs and the ventilator. Tra-
ditionally, such analyses rely on data extracted directly from the ventilator, allowing for
detailed evaluations of parameters such as airway pressure, flow, and volume [17, 23, 39].
However, in resource-limited environments, many healthcare institutions lack the techno-
logical infrastructure necessary for direct data extraction, thereby limiting their capacity
for comprehensive assessments.

This chapter explores an alternative methodology for acquiring ventilatory data by
employing image processing techniques to extract ventilatory curves from video record-
ings. This approach offers a practical and cost-effective solution for obtaining essential
information in settings where direct data extraction is not feasible. The validity of this
methodology was established using data from a ventilator emulator developed at Universi-
dad del Valle, confirming the accuracy and reliability of the image-derived curves. Further
validation was achieved by replicating the findings of Howe et al. [17], which demonstrated
a linear correlation between inspiratory and expiratory phase elastance in ventilated pa-
tients, thereby reinforcing the robustness of the image-derived data.

In terms of structure, the chapter first describes the methodology for capturing ventila-
tory waveforms is described, including the specific image processing techniques employed.
Next, the results obtained from the analysis of the ventilatory curves are presented, followed
by a discussion of the implications and potential applications of this approach. Finally,
the chapter concludes by summarizing the key findings and outlining potential directions
for future improvements.
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3.1 Methods

This section outlines the key steps involved in acquiring and analyzing ventilatory
data using image processing techniques. It begins with a description of the experimental
setup used to capture patient data through video recordings. Then, the image processing
methods employed to extract data from the ventilator emulator are explained, including
the specific images and techniques applied. Lastly, clinical profiles of the patient cohort
are presented to provide context for the analysis. To validate this approach, the elastance
curves during expiration and inspiration were compared, replicating the findings reported
by Howe et al. [17].

3.1.1 Validation of Image Processing with a Ventilator Emulator

The present work employs image processing techniques to acquire mechanical ventila-
tion data, addressing the challenges associated with extracting information directly from
ventilators. This approach, also adopted by other researchers to validate their findings [42],
has proven especially valuable in resource-constrained hospitals, where access to advanced
monitoring technology is often limited. Figure 3.1 shows the setup used to record videos
of the ventilatory waveforms.

Before applying image processing to clinical data, the methodology was first validated
in a controlled environment using a didactic ventilator emulator developed by the Bionovo
research group at Universidad del Valle (Figure 3.2). This setup allowed for a direct
comparison between data extracted via image processing and data recorded directly from
the emulator sensors.

Figure 3.1: Data acquisition setup

The emulator was set to volume-controlled ventilation (VCV) mode and generated ven-
tilatory waveforms displayed on a computer interface. A single, high-resolution (1920Ö1080
pixel) screenshot capturing 30 seconds of continuous data was saved as a .png file (Fig-
ure 3.3). This image of the emulator screen served as the input for the image processing
workflow detailed in Figure 3.5, allowing for a robust performance evaluation against the
simultaneously recorded sensor data (Figure 3.4).
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Figure 3.2: Ventilator and patient emulator developed by Universidad del Valle

3.1.2 Clinical Data Acquisition

After validating the methodology, clinical ventilatory data was acquired from patients
at the Hospital San José de Buga. This was necessary to address challenges in hospitals
where direct data export from ventilators is not available. The setup involved recording
the screen of a Neumovent TS ventilator, which was connected to a video capture card via
its VGA video output (see Figure 3.1).

Videos were recorded at a resolution of 1920Ö1080 pixels and 60 fps. A key constraint
of this clinical device was its screen limitation of displaying a maximum of 12 seconds of
the ventilatory signal at any given time. Therefore, to capture continuous therapy, video
frames were extracted sequentially to reconstruct longer data segments for analysis. To
ensure consistency across all recordings, an interpolation step was applied so that every
patient dataset was resampled at a uniform rate of 100 data points per second of therapy
(100Hz). This standardization provided the reference temporal resolution for all subsequent
analyses in the whole document.

3.1.3 Evaluation of Image Processing Performance

The image processing methodology was validated using a didactic ventilator emulator
developed by the Bionovo research group at Universidad del Valle (Figure 3.2), which
simulates a controlled ventilatory environment. This emulator, utilizing a pressurized
oxygen tank and a compressor to regulate airway flow, enabled precise testing in volume-
controlled ventilation (VCV) mode under the following settings: square-wave inspiratory
flow, 15 breaths per minute, an I/E (inspiratory/expiratory time) ratio of 1:2, a 0.6 second
inspiratory pause, 1 cmH2O of PEEP, and a tidal volume of 500 ml. Validation was
performed by comparing ventilator screen outputs (Figure 3.3) with sensor-derived data
(Figure 3.4), capturing 30 seconds of data directly to a computer without the use of external
devices. This 30-second capture, represented by a single 1920Ö1080 pixel image (Figure
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Figure 3.3: Emulator monitoring screen

3.3), was processed and analyzed to ensure the accuracy of the image-derived ventilatory
parameters.

The Figure 3.5 is a flowchart describing the image processing procedure. Starting from
the initial image (Figure 3.5a), color filtering was applied to produce a binary representation
(Figure 3.5b). The pixel positions were then used to reconstruct the curve, resulting in a
dispersed dataset (Figure 3.5c). To address the issue of densely packed pixels caused by
the thickness of the curve in the original image, a filtering step was applied. This involved
sampling the curve data at 15-pixel vertical and 2-pixel horizontal intervals, effectively
reducing data density while preserving the overall shape of the curve (Figure 3.5d).

The accuracy of the reconstruction was assessed by comparing it with data extracted
using WebPlotDigitizer (Figures 3.5c and 3.5d), an open-source tool available from https:

//automeris.io/ that samples data at approximately 15-pixel intervals. Finally, interpo-
lation was applied to ensure a consistent temporal resolution of at least 100 data points
per second, resulting in a continuous function relating pressure (P ), airflow (Q), and tidal
volume (V ) to time (t).

3.1.4 Data Analysis

To evaluate the overall consistency between the data derived from image processing
and raw data, the coefficient of determination (R2) was calculated. This metric provided
an overall measure of how closely the sensor-based measurements aligned with the image-
processed data. Subsequently, the Mean Squared Error (MSE) was computed to quantify
the average squared difference between the values produced by each method. This evalua-
tion was conducted both across the entire dataset and on a point-by-point basis, with the
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Figure 3.4: Sensor-derived ventilatory data from the emulator

Figure 3.5: Image Processing Flowchart: a) Original Image (Pressure vs. Time), b) Bina-
rized Image, c) Pixel-Based Reconstruction, d) Filtered Data

Interquartile Range (IQR) used to assess the dispersion of errors. A low error dispersion
would indicate a strong agreement between the two methods.
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Furthermore, Bland–Altman plots were used to visualize the differences between the
two measurement methods relative to their mean. These plots are particularly useful
for evaluating agreement between measurement techniques by displaying the magnitude
of the differences against the average of the two measurements. The distribution of these
differences was analyzed, and the limits of agreement (bias± 1.96 standard deviations) were
calculated to identify any systematic bias or variability. This comprehensive analysis was
designed to demonstrate a strong correlation and the absence of significant discrepancies
between the sensor-derived and image-processed data, thereby validating the reliability of
image processing as a viable technique for data extraction.

3.1.5 Replication of Results Using Image Processing

Building upon the initial validation using the Universidad del Valle emulator, a further
comparison was conducted by replicating part of the findings reported by Howe et al. [17],
who demonstrated a linear correlation between inspiratory and expiratory elastance in
mechanically ventilated patients.

Table 3.1: Dataset

It is important to note that, while Howe et al. used data obtained directly from
ventilators, this study successfully reproduced those results using image-processed data. To
accomplish this, one minute of recorded therapy from each of eight fully sedated patients
was analyzed, as detailed in Table 3.1 and illustrated in Figure 3.6. For each patient,
Howe et al. applied Equation 2.4 and reported a linear relationship between inspiratory
and expiratory elastance values within the range of 15–45 cmH2O, with an R2 coefficient
of 0.94. The waveform analysis presented in Figure 3.6 aims to replicate Howe’s results.

3.2 Results

The Figure 3.7a presents the reconstructed pressure (P ), volume (V ), and airflow (Q)
curves, derived from both the proposed image processing flowchart (outlined in Figure 3.5)
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Figure 3.6: Pressure waveform: a) P1, b) P2, c) P3, d) P4, e) P5, f) P6, g) P7, h) P8

and WebPlotDigitizer, an open-source tool. Visual inspection reveals a strong agreement
between the curves, suggesting that both methods effectively capture ventilatory data.

As shown in Table 3.2, the R2 values for all reconstructed curves, calculated using the
original data (Figure 3.7a), exceed 0.99. This confirms the reliability of both techniques
for extracting ventilatory information. To facilitate a more meaningful comparison of the
Mean Squared Error (MSE), the analysis was conducted using normalized graphs (Figure
3.7b), as normalization enables clearer interpretation than raw values.

A point-by-point comparison of the reconstructed curves (Figure 3.8b) reveals that the
highest MSE values are concentrated around sharp transitions or inflection points, partic-
ularly during the transition between inspiration and expiration. Despite these localized
variations, the overall MSE values for pressure, volume, and airflow, as presented in Table
3.3, remain low, reinforcing the accuracy of both reconstruction methods (the flowchart in
Figure 3.5 and WebPlotDigitizer).

Data in Table 3.3 indicates that both the proposed methodology and the open-source
tool yield comparable median MSE values, demonstrating high accuracy in reconstructing

Table 3.2: R2 for Reconstructed Ventilatory Curves
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Figure 3.7: Comparison of Reconstructed Ventilatory Curves: a) Original Waveforms; b)
Normalized Graphics

Figure 3.8: Performance Evaluation: MSE of Image Processing Methods Against Sensor-
Derived Data
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ventilatory curves. However, the open-source tool shows slightly lower median MSE values
and narrower interquartile ranges (IQRs).

Table 3.3: MSE for Reconstructed Curves Compared with Sensor Data

Bland-Altman plots, generated using the normalized data (Figure 3.7b) and shown
in Figure 3.9, offer refined validation of the alignment between reconstructed and sensor-
measured data. These plots display minimal bias, with limits of agreement closely centered
around zero for both methods. In particular, pressure and volume curves exhibit agreement
limits near 0.05 and -0.05, indicating strong concordance (Figures 3.9a, 3.9b, 3.9d, and
3.9e). Airflow curves (Figures 3.9c and 3.9f), although still centered around zero, show
a broader agreement range of approximately -0.2 to 0.2. Nonetheless, all values remain
within acceptable limits, confirming the reliability of both approaches. The open-source
tool exhibited slightly tighter agreement bounds and reduced variability.

3.3 Elastance analysis using Image Processing

The elastance analysis, presented in Figure 3.10, demonstrated a linear relationship
between the inspiratory (Ei) and expiratory (Ee) elastance, consistent with the findings of
Howe et al. [17]. A strong agreement was observed within the elastance range evaluated
by Howe et al. (15–45 cmH2O/L), yielding an R2 value of 0.943, which aligns closely with
their reported results. This study further extended the analysis to a broader elastance
range (4.7–50.7 cmH2O/L), while still maintaining a strong correlation (R2 = 0.903). The
successful replication of Howe’s findings highlights the reliability of image processing as a
robust method for ventilatory data extraction.

3.4 Conclusions

A pivotal aspect of this study involved validating the feasibility and robustness of image
processing techniques for extracting ventilatory curves. Both the flowchart illustrated in
Figure 3.5 and the use of open-source software, such as WebPlotDigitizer, demonstrated
substantial accuracy and reliability in data acquisition. This conclusion is supported by
high R2 values (Table 3.2), low MSE values 3.3, and Bland-Altman analyses (Figure 3.9),
which indicate that discrepancies between sensor-derived and image-processed data remain
within acceptable limits.

These results establish the open-source application as a dependable and accessible tool
for advancing the development of predictive models. Moreover, the successful replication
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Figure 3.9: Bland-Altman Analysis of Agreement Between Sensor Data and Image-Derived
Methods for Pressure (a and d), Volume (b and e), and Airflow (d and f)

Figure 3.10: Expiratory Elastance vs Inspiratory Elastance linear regression
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of the results reported by Howe et al. [17] (Figure 3.10), with a correlation coefficient of
0.943 closely approximating their findings, further validates the effectiveness of the image
processing methodology.

Despite this validation, the study acknowledges certain limitations and opportunities for
future work associated with image processing. Although the methodology proved effective
in validating the fidelity of the data conversion, variables such as image resolution, video
quality, pixel sampling rates, and interpolation methods were not systematically analyzed
for their potential impact on data accuracy. Furthermore, the validation was conducted
using synchronous waveforms, due to the nature of the emulator available at the time of the
tests. A valuable next step for future research would be to perform additional validation
studies using an emulator capable of generating standardized asynchronous waveforms.
This would allow for a quantitative analysis to determine precisely how the accuracy of
the reconstruction behaves in the presence of specific, controlled asynchronies.
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Chapter 4

Proposing a new Model

This chapter builds upon the SCM as a foundational framework for analyzing ventila-
tory mechanics. A significant advancement was achieved by incorporating the approach
proposed by Morton et al. [43], which introduced the use of shape functions to refine
the representation of ventilatory curves. While Morton proposed a model that effectively
captured certain dynamic aspects, it exhibited limitations in accurately fitting ventilatory
curves when SB and RAs were present. To address these challenges, new shape functions
were developed to enhance the model adaptability. However, even with these improve-
ments, further refinement was necessary to achieve greater precision. Therefore, Morton
approach was integrated with a variation of the methodology proposed by Guttman et
al. [44], which utilizes the division of curves into equal-volume slices for mechanical prop-
erty analysis. In the proposed model, this slicing technique was applied to the pressure
curve rather than the volume curve, enabling a more detailed characterization of ven-
tilatory dynamics. This adaptation culminated in the development of the Recruitment
Distention Elastance Analysis with Slice (RDEA+Slice) model, which significantly im-
proved the model ability to capture the complex ventilatory mechanics observed in the
pressure-versus-time (P vs. t) curve.

To evaluate the accuracy and reliability of this refined model, retrospective data from
8 patients (6 minutes of therapy per patient) were analyzed, with the data partitioned into
two independent datasets: one for initial model development and the other for validation.
Model accuracy was assessed using the coefficient of determination (R2), which measured
the correlation between the fitted curve and actual data, and the Mean Residual Error
(MRE), which quantified the average error in capturing key ventilatory dynamics, includ-
ing SB efforts. As a result of this analysis, a new equation was derived, demonstrating
superior precision in fitting ventilatory curves affected by RAs. The RDEA+Slice model
was employed in Chapter 5 to propose a parameter that can assist in the detection of RAs,
contributing to the development of more effective real-time diagnostic tools in intensive
care unit (ICU) settings.
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4.1 Methods

This study develops a method for accurately fitting ventilatory curves in the presence of
SB, building upon two foundational models. The first is the SCM, which has been refined
by various researchers [3, 4, 17, 62] to better represent mechanical ventilation (MV). The
second is Morton model [43], which introduced the use of shape functions to capture the
complexities of ventilatory mechanics, offering a framework for refining these functions to
enhance curve fitting in the presence of SBs.

Leveraging these models, this research proposes a series of advancements to address
critical gaps in analyzing pressure-time ventilatory curves. Initially, the Recruitment Elas-
tance Analysis (REA) and Distention Elastance Analysis (DEA) models were developed,
refining the shape functions introduced by Morton et al. [43]. These models aimed to
improve the accuracy of ventilatory dynamics representation. Building on these refine-
ments, a third model, termed Recruitment and Distention Elastance Analysis (RDEA),
was formulated to integrate the effects of both recruitment and distention elastance simul-
taneously. However, subsequent analysis highlighted limitations in the ability of the REA,
DEA, and RDEA models to fully capture all identified RAs.

To address these limitations, a modified version of the slice method, originally proposed
by Guttman et al. [44], was incorporated, leading to the development of the Recruitment
and Distention Elastance Analysis with Slice (RDEA+Slice) model. This enhanced model
significantly improves the accuracy of fitting ventilatory curves in the presence of SBs.
Figure 4.1 provides a schematic overview of the progression of these models, illustrating
their derivation from the base models and the rationale behind their development.

Figure 4.1: Evolution from Base Models to Proposed Models
Source: Ruiz et al. (2025) [84]

To evaluate the behavior and accuracy of the proposed models in replicating ventila-
tory curves affected by SB, patient-specific ventilator data were used. As defined in Section
4.1.7, two datasets were utilized, each comprising data from four patients with approxi-
mately six minutes of recorded therapy; the first dataset was used to develop the model
fitting functions, while the second was employed to test the proposed equations. Model
accuracy was subsequently assessed using specific metrics designed to quantify improve-
ments in replicating the pressure-time curve, providing a comprehensive evaluation of the
model capability to capture the complexities introduced by SBs.
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4.1.1 Shape functions approach

To enhance the SCM, Morton et al. [43] introduced shape functions, as shown in
equation 4.1. This approach, similar to modifications observed in studies by Knopp et
al. [1] and Langdon et al. [7], adds adaptability to the SCM by incorporating additional
terms that account for the specific challenges presented by SB. By refining shape functions
and improving model precision, Morton’s method provides a more robust framework for
representing ventilatory dynamics in the presence of SB, thereby serving as a valuable tool
for individualized patient modeling.

P (t) = (E1.ϕ1 + E2.ϕ2).V (t) + (R1.θ1 +R2.θ2).Q(t) + P0, (4.1)

where ϕ1, ϕ2, θ1, and θ2 are shape functions defined by equations 4.2.

ϕ1 = (V (t)− Vm)
2, Vm = 1L, (4.2a)

ϕ2 =
P (t)

60
, (4.2b)

θ1 = 1, (4.2c)

θ2 = |Q(t)|. (4.2d)

In the work of Morton et al. [40, 43], the parameter E1 was defined as Recruitment
Elastance, representing the elastance associated with alveolar recruitment. This parame-
ter quantified the rate at which alveoli were recruited as volume increased. Similarly, E2

was defined as Distention Elastance, describing the elastance related to alveolar expan-
sion, thus modeling the increase in elastance caused by applied pressure. Finally, R1 and
R2 represented Rohrer Resistance, providing a framework for modeling both linear and
nonlinear aspects of airflow resistance. Figure 4.2 illustrates the shape functions proposed
by Morton et al., which served as the foundation for developing a new model specifically
designed for implementation in patients experiencing SB [84]. Equation 4.1 can also be
expressed in matrix form, as follows:


P1

P2
...
Pn

 =


ϕ11V1 ϕ21V1 θ11Q1 θ21Q1 1
ϕ12V2 ϕ22V2 θ12Q2 θ22Q2 1

...
...

...
...

...
ϕ1nVn ϕ2nVn θ1nQn θ2nQn 1



E1

E2

R1

R2

P0

 . (4.3)

4.1.2 Recruitment Elastance Analysis Model (REA)

The REA model focuses on refining the shape function ϕ1 (Figure 4.2a) to better
capture the dynamics of SB. The original function from Morton et al. [43], Equation 4.2a,
is a convex parabola that can only model an elastance that increases as volume changes.
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Figure 4.2: Morton Shape Functions. a) ϕ1, b) ϕ2, c) θ1, and d) θ2

However, a key feature of SB efforts is the potential for airway pressure to drop during
respiratory cycle waveform. This phenomenon implies a transient negative elastance [25],
which the original convex shape of ϕ1 is mathematically incapable of representing. To
address this specific limitation, the REA model proposes a new formulation that inverts
the concavity of the parabola, allowing it to model these pressure drops:

ϕ1 = 1−N · (V (t)− 1)2. (4.4)

This inverted, negatively concave shape allows the recruitment elastance term to de-
crease as volume increases, providing the necessary mathematical flexibility to fit the pres-
sure drops characteristic of SB efforts. A family of shape functions is defined by Equation
4.4, controlled by a parameter N ranging from -1 to 2 and illustrated in Figure 4.3. Each
dotted line represents a specific N value. The objective was to determine the optimal value
of N that yielded the highest R2 coefficient, as described previously.

Figure 4.3: Shape function proposal for REA
Source: Ruiz et al. (2025) [84]
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4.1.3 Distention Elastance Analysis Model (DEA)

The DEAmodel refines the shape function ϕ2, which relates elastance to airway pressure
(distention). The original function fromMorton et al. [43], Equation 4.2b, assumes a purely
linear relationship, where elastance increases in direct proportion to pressure. While this is
a reasonable approximation for passive ventilation, the complex dynamics during patient-
ventilator asynchrony can result in highly non-linear pressure-distention relationships. To
provide the model with the flexibility to capture these non-linearities, the DEA model
transforms the linear term into a variable power function:

ϕ2 = (P (t)/60)M . (4.5)

This modification introduces a parameter M , ranging from 0 to 5, which generates a
family of functions illustrated in Figure 4.4. Each dotted line in the figure represents a
specific M value. The goal was to determine the optimal value of M that produced the
highest R2 coefficient, allowing the model to adapt to the specific non-linear characteristics
of each patient breathing pattern.

Figure 4.4: Shape function proposal for DEA
Source: Ruiz et al. (2025) [84]

4.1.4 Recruitment and Distention Elastance Analysis Model (RDEA)

By synthesizing the REA and DEA frameworks, the RDEA model aimed to optimize
the N and M parameters simultaneously. The base SCM already provides a physiological
interpretation of elastance (E) and resistance (R), which Morton et al. [43] extended by
decomposing elastance into Recruitment Elastance (E1), related to the opening of collapsed
alveoli, and Distention Elastance (E2), associated with stiffening from tissue overstretching,
while modeling resistance with the Rohrer formulation to account for non-linear, turbulent
airflow (R1 and R2). The main challenge in this work was adapting that framework,
originally designed for sedated patients, to the complex dynamics of SB, where the patient
respiratory muscles actively contribute to the mechanics.

To address this, the N coefficient was introduced to modify the recruitment shape
function (ϕ1), enabling the model to represent negative elastance, a phenomenon that
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occurs when the patient inspiratory effort assists the ventilator, reducing the apparent
stiffness of the respiratory system. Likewise, theM coefficient modifies the distention shape
function (ϕ2), adjusting the non-linearity of the pressure–stiffness relationship to reflect
how patient–ventilator interaction alters lung mechanics. Both coefficients were optimized
jointly within the calibrated range of −2 to 2 to capture meaningful variability without
unnecessarily enlarging the search space. By incorporating these parameters, the RDEA
model moves beyond simple curve fitting, aiming to capture the underlying physiological
interactions between the patient and the ventilator during SB, while improving the R2

coefficient compared to separate REA or DEA analyses.

4.1.5 RDEA + SLICE method

To enhance the accuracy of the RDEA model, a method similar to that of Guttmann
et al. [44] was incorporated. This approach, known as the “slice method,” traditionally
divides tidal volume into equal segments to analyze volume-dependent compliance and
resistance. However, to better represent SBs and RAs—phenomena that standard models
often fail to capture—the slice method was modified, as illustrated in Figure 4.5.

Figure 4.5: RDEA+Slice model
Source: Ruiz et al. (2025) [84]

To better represent SBs and RAs, the slice method was modified. Instead of dividing by
equal-volume segments, the domain was segmented based on the intersections between the
pressure waveform and a reference pressure P0. It is essential to clarify that this reference
P0 is a global and constant value, determined by applying the SCM (Equation 2.4) to
the entire data series using the least-squares method (Equation 2.7). This global value,
represented by the dashed line in Figure 4.5, is used solely as a threshold for segmentation.

These intersections define slices, indexed as k, that encompass both the peaks and
valleys of the waveform. The governing equation for each slice k is shown in Equation 4.6.
For each of these slices, a new set of local parameters E1k, E2k, R1k, R2k, and a local P0k is
calculated using Equation 2.7. This approach gives the RDEA+Slice model a time-variant
nature, where the parameters are piecewise-constant. This dynamic adaptation is crucial
for accurately capturing the changing mechanics of SB and asynchronies.

Pk(t) = (E1k · ϕ1k + E2k · ϕ2k) · Vk(t) + (R1k · θ1k +R2k · θ2k) ·Qk(t) + P0k. (4.6)
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4.1.6 Model Analysis

To evaluate the accuracy of the models in replicating observed patient data, the Mean
Relative Error (MRE) was employed. This metric, previously utilized by Zaniol et al. [41],
quantifies the average relative discrepancy between the original patient pressure data and
the pressure values predicted by the evaluated models. Essentially, it measures how well
each model reconstructs the patient pressure waveform. The MRE is calculated using the
following equation:

MRE =
1

n

n∑
i=1

∣∣∣∣Pmodel,i − Pdata,i

Pdata,i

∣∣∣∣ . (4.7)

Here, Pdata represents the measured pressure data from the patients, and Pmodel denotes
the pressure values derived from the models under evaluation, including the SCM, Morton
model, REA, DEA, RDEA, and RDEA+Slice. While the coefficient of determination (R2)
provides a global overview of how well the models fit the overall data trend, the MRE
offers a more detailed assessment. Specifically, it highlights the precision of each model in
capturing finer dynamics, such as SB efforts or asynchrony events. This detailed analysis of
residual errors provided a clearer understanding of the improvements in accuracy achieved
by the proposed models, particularly in handling the variability introduced by spontaneous
breathing.

4.1.7 Patients data

To improve the replication of ventilatory curves in the presence of SB, a random selec-
tion and partitioning process was applied to retrospective patient data. Data were obtained
from 8 patients connected to Neumovent TS ventilators, with each patient undergoing six
minutes of recorded therapy. This data collection was conducted using the experimental
setup described in Chapter 3. The complete dataset was then randomly divided into two
distinct groups: dataset 1 (Table 4.1) and dataset 2 (Table 4.2). Dataset 1 served as
the basis for model development, as outlined in the methodology flowchart (Figure 4.1),
while dataset 2 was used for model validation, assessing each model’s ability to replicate
ventilatory curves with SB and to determine the most effective model.

A review of Tables 4.1 and 4.2 shows that the primary ventilation mode was Pres-
sure Support Ventilation/Continuous Positive Airway Pressure (PSV/CPAP), suitable for
patients capable of spontaneous breathing. The most commonly used backup mode was
Volume Control Ventilation (VCV), followed by Pressure Control Ventilation (PCV). Ad-
ditionally, Pressure Support Ventilation with Guaranteed Tidal Volume (PSV + VT Aseg)
and VCV were used in two patients—one from each dataset. Positive End-Expiratory
Pressure (PEEP) was maintained between 5 and 8 cmH2O for all patients.

A clinical evaluation of Figure 4.6 identified multiple types of asynchronies within
datasets 1 and 2. It is important to note that the definitions and terminology of these
asynchronies were established in Chapter 2. Flow asynchrony (FA), characterized by a
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Table 4.1: Dataset 1

Source: Ruiz et al. (2025) [84]

Table 4.2: Dataset 2

Source: Ruiz et al. (2025) [84]

mismatch between flow demand and delivery, was identified in patients P1, P2, P4, S1,
S2, S3, and S4. Premature cycling (PC), involving early termination of inspiration, was
present in patients P1, P2, P4, S2, S3, and S4. Patient S1 exhibited double cycling (DC),
marked by extended inspiratory efforts. Ineffective efforts (IE), defined as failed triggering
attempts, were seen in patients P4, S1, and S4. Double triggering (DT), where a second
breath is initiated due to an additional inspiratory effort, occurred in patients S2 and
S3. Reverse triggering (RT), in which a ventilator-delivered breath triggers a muscular
response, was observed in patient P3. No cases of auto-triggering (AT) were found in any
of the patients.

4.2 Results and Discussion

A grid search was conducted to determine the optimal values of coefficients N and
M . For each model, a broad parameter space was explored, ranging from −20 to 20
with a step size of 0.1. At each point in this grid, the model was fitted to the training
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Figure 4.6: Pressure (P) and airflow (Q) versus time for each patient. a) P1, b) P2, c) P3,
d) P4, e) S1, f) S2, g) S3, h) S4

Source: Ruiz et al. (2025) [84]

dataset (Dataset 1), and the coefficient of determination (R2) was calculated. The main
goal was to find coefficient values that maximized the average R2 across all patients in
the dataset. This analysis revealed stable, high-performing parameter regions. The final
coefficients selected for the models were chosen from these regions to define a generalized
and functionally improved model, recognizing that these correspond to consistent local
maxima rather than a single guaranteed global maximum.

To establish the baseline performance of the SCM and the Morton model [43] within
the study dataset, an initial evaluation was carried out. Figures 4.7a–4.7d show the results
of applying these models to patients in Dataset 1. For patients P1 and P2 (Figures 4.7a
and 4.7b, respectively), both models successfully reproduced the respiratory frequencies
but struggled to accurately capture inspiratory peaks and pressure drops—particularly in
the regions highlighted by the orange dotted circles. These limitations became even more
apparent in the simulation of patient P4 (Figure 4.7d), where the models failed to replicate
the pressure valleys entirely.

In patient P3 (Figure 4.7c), an inspiratory effort occurring at the end of the expiratory
phase was identified. This asynchrony posed a significant modeling challenge, leading to
the SCM’s failure to reproduce the ventilatory curve accurately. However, the Morton
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Figure 4.7: SCM and Morton Comparison. a) Patient P1, b) Patient P2, c) Patient P3,
d) Patient P4

model, which incorporates shape functions, demonstrated a superior ability to model the
pressure waveform, as will be further illustrated in Table 4.4. This outcome underscores
the potential of adaptable shape functions for effectively modeling ventilatory curves in
the presence of spontaneous breathing.

4.2.1 The REA Model

During the development of the REA model, multiple values of N were evaluated to
modify the shape function ϕ1, with the goal of optimizing the R2 coefficient within the
family of functions defined by Equation 4.4. The influence of these N values on the R2

coefficient was assessed by comparison with the baseline models, as illustrated in Figures
4.8a–4.8d. For patients P2, P3, and P4 (Figures 4.8b, 4.8c, and 4.8d, respectively), the
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proposed REA model exhibited a higher R2 coefficient within the range of 0 < N ≤ 1.
Even in the case of patient P1 (Figure 4.8a), where the optimal point fell outside this
range, the REA model still outperformed the baseline approaches. As a result, an N value
of 0.98 was selected, representing the average of the maximum R2 values observed across
dataset 1, as shown in Figures 4.8a–4.8d.

Figure 4.8: R2 values for shape function ϕ1 = 1 − N(V − 1)2. a) Patient P1, b) Patient
P2, c) Patient P3, d) Patient P4

Source: Ruiz et al. (2025) [84]

4.2.2 The DEA Model

To develop the DEA model and assess the impact of distention elastance, the method-
ology from the previous analysis was applied to modify ϕ2 based on varying values of M
within the family of functions defined by Equation 4.5. Figure 4.9 illustrates the variation
in R2 in response to changes in M for patients P1–P4 (Figures 4.9a–4.9d, respectively).
The DEA model produced slightly higher R2 values than the baseline models within the
range 1.5 < M ≤ 3. Although patient P4 (Figure 4.9d) showed a peak R2 value outside
this range, it still exceeded that of the baseline models. Consequently, an M value of 2.48
was selected, representing the average of the maximum R2 values observed across dataset
1.

4.2.3 The RDEA Model

Recognizing that the REA and DEA models produced R2 coefficients with room for
improvement (Figures 4.8 and 4.9), a combined approach was implemented to evaluate
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Figure 4.9: R2 for shape function ϕ2 = (P/60)M . a) Patient P1, b) Patient P2, c) Patient
P3, d) Patient P4

Source: Ruiz et al. (2025) [84]

the effect of simultaneously modifying ϕ1 (Equation 4.4) and ϕ2 (Equation 4.5) on the R2

value. The objective was to achieve a higher R2 coefficient in this combined Recruitment
Distension Elastance Analysis (RDEA) model compared to the individual models. The
optimal combination of N and M coefficients that maximized R2 was identified, resulting
in the surfaces and contour plots shown in Figures 4.10a–4.10d for patients P1–P4.

The surfaces displayed in Figure 4.10 reveal two distinct regions for each patient where
the R2 coefficient is elevated. These regions are defined by the ranges 0 < N ≤ 1.5
and 0.5 < M ≤ 1.5 for the first, and −1.5 < N ≤ 0 and −0.2 < M ≤ 1.5 for the
second. To select the optimal values, the average of the maximum R2 values observed in
Figures 4.10a–4.10d was computed, yielding N = −0.35 and M = −0.48. This process
defined a new equation that integrates both shape functions and combines modifications
in Recruitment and Distension Elastance.

4.2.4 Analysis and Summary of REA, DEA, and RDEA Model
Results

Once the N and M values were chosen based on the aforementioned procedure, the
shape functions for each of the proposed models are presented in Table 4.3, and their
performance is shown in Figure 4.3, focusing on the patient dataset 1.

Upon initial observation, the proposed models (Figure 4.11) appear to offer subtle
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Figure 4.10: R2 for shape functions ϕ1 = 1−N.(V − 1)2 and ϕ2 = (P/60)M combined. a)
Patient P1, b) Patient P2, c) Patient P3, d) Patient P4

Source: Ruiz et al. (2025) [84]

Table 4.3: Shape functions proposal summary

REA DEA RDEA

ϕ1 = 1− 0.98 (V − 1)2 ϕ1 = Eq Morton 4.2a ϕ1 = 1 + 0.35 (V − 1)2

ϕ2 = Eq Morton 4.2b ϕ2 =
(
P
60

)2.48
ϕ2 =

(
P
60

)−0.48

Source: Ruiz et al. (2025) [84]

improvements compared to the baseline models (Figure 4.7). Notably, in patient P3 (Fig-
ure 4.11c), the proposed models demonstrated a significant enhancement in capturing SB
events, which were poorly represented by the baseline models, particularly the SCM.

However, a closer examination of patients P1, P2, and P4 (Figures 4.11a, 4.11b, and
4.11d, respectively) reveals persistent challenges in accurately replicating the expiratory
phase. Specifically, the models struggle to represent mild pressure drops, as seen in patient
P1, and more pronounced pressure drops, as observed in patient P4. Table 4 presents the
R2 coefficients of the evaluated models (REA, DEA and RDEA), where it can be observed
that although there is an increase for the proposed models, the values remain low and can
still be improved. This indicates a need for further refinement to accurately model these
expiratory phase dynamics. To address this, a new model integrating the ’slice method,’
as defined in Equation 4.6, is proposed, aiming to enhance the capture of these critical
ventilatory behaviors.
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Figure 4.11: REA, DEA and RDEA comparison a) Patient P1, b) Patient P2, c) Patient
P3, d) Patient P4

Table 4.4: R2 for SCM, Morton and proposed models Dataset 1

Source: Ruiz et al. (2025) [84]

4.2.5 Evaluating RDEA + Slice model

The Figures 4.12a through 4.12d illustrate the effectiveness of integrating the Slice
method into the RDEA model using dataset 1. The results show a significant improvement
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in fitting the ventilatory curves of patients exhibiting spontaneous breathing (SB) patterns.
The R2 coefficients for the RDEA + Slice model indicate substantial gains over the other
models evaluated (Table 4.1). Notably, this approach accurately captures the regions below
P0, which were not well-represented by previous models.

Figure 4.12: RDEA + Slice method, dataset 1. a) Patient P1, b) Patient P2, c) Patient
P3, d) Patient P4

The robustness of the RDEA + Slice approach was further validated using dataset 2
(Table 4.2). As shown in Figure 4.13, incorporating the Slice method into the RDEA
model significantly improves the replication of pressure peaks and valleys. The Table
4.5 confirms the findings from dataset 2, reflecting the trends observed in dataset 1 (Table
4.4). The RDEA + Slice model consistently achieves the highest R2 values, emphasizing the
importance of incorporating the Slice method for accurately modeling ventilatory dynamics
in the presence of respiratory asynchronies. To further assess the model’s precision, the
Mean Relative Error (MRE) was evaluated, as presented in Table 4.6.
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Table 4.5: R2 for SCM, Morton, and proposed models – Dataset 2

Source: Ruiz et al. (2025) [84]

Figure 4.13: RDEA + Slice method, dataset 2. a) Patient S1, b) Patient S2, c) Patient
S3, d) Patient S4

The RDEA + Slice model consistently produced the lowest Mean Relative Error (MRE)
among all models evaluated (Table 4.6). This superior performance is attributed to the
integration of the Slice method, which accurately captures both peaks and valleys in the
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ventilatory curves. As a result, the model closely mirrors the dynamic changes in the
pressure-time (P vs. t) curves, effectively addressing the limitations found in the SCM,
Morton, REA, DEA, and RDEA models. This improvement—evaluated across breathing
cycles ranging from 95 to 156—yielded MRE values often less than half those observed in
the SCM and Morton models.

Table 4.6: Comparison of MRE for all evaluated models

Source: Ruiz et al. (2025) [84]

4.2.6 Model Identification

To verify that the evaluated models are uniquely identifiable, the rank and determinant
of the matrix [AT · A] (see Equation 2.7) were calculated. These results, evaluated using
dataset 2, are presented in Table 4.7. As shown, the matrix rank is 3 for the SCM model
and 5 for all other models, consistent with the expected values derived from Equations 2.4,
4.1, and 4.6.

Additionally, the determinant of the matrix [AT · A] was found to be significantly
different from zero, confirming that the system of equations includes linearly independent
vectors. This indicates that each model has enough information to determine a unique
solution, thereby ensuring model identifiability.
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Table 4.7: Model Identifiability: Determinant and Rank

Source: Ruiz et al. (2025) [84]

It is important to note that Table 4.7 reports the RDEA+Slice model results as median
and interquartile range (IQR), since this evaluation is performed individually for each slice
k. As a result, the RDEA+Slice model exhibits lower determinant values compared to the
other models, which was expected because each slice was computed using a smaller subset
of the data, whereas the other models perform estimations using the full dataset.

For each slice k, two main factors determine good conditioning. First, the slice must
include a number of data points well above the number of estimated parameters (five in
this case), so that the system is sufficiently overdetermined. Second, and more importantly,
the volume (V ) and airflow (Q) signals must exhibit enough dynamic variation within the
slice. Periods where these signals remain nearly constant, such as during an inspiratory
pause or a pressure plateau, lead to strong collinearity among the regressor columns and
result in ill-conditioned matrices. In this study, ensuring a minimum of 15 data points per
slice yielded nonzero determinants and linearly independent vectors, as shown in Table 4.7.

4.3 Conclusions

With the development and validation of the RDEA + Slice model, this chapter has
presented a new mathematical framework based on an analysis that highlighted the limi-
tations of conventional models in capturing the dynamics of spontaneous breathing. The
proposed model demonstrated significantly improved numerical accuracy, as reflected by
high R2 coefficients and low Mean Relative Errors (MREs) when compared to the SCM.

This study introduced and evaluated four innovative modeling approaches, expanding
upon the shape function methodology originally proposed by Morton et al. [43]. The
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SCM and Morton models served as benchmarks for comparison. Although the Morton
model was not initially designed for spontaneous breathing (SB), it was adapted based on
the assumption that its shape functions could be tuned to better represent SB dynamics.
As a result, new shape functions were developed, targeting Recruitment Elastance and
Distension Elastance, which led to the creation of three enhanced models: REA, DEA,
and RDEA.

A key contribution of this development stage was the systematic identification of pa-
rameter ranges for the shape functions. Through a grid search, this work determined the
specific, robust ranges for coefficients N and M that consistently maximized model perfor-
mance (R2) across the patient dataset. The characterization of these operating regions,
which define the behavior of the new shape functions, is a principal and practical finding
of this research.

Despite these advancements, the models still faced limitations in accurately capturing
certain SB characteristics. To address this, a fourth model, RDEA + Slice, was developed
by incorporating a modified version of the slice method introduced by Guttmann et al.
[44]. This model substantially improved the accuracy of ventilatory curve representation
in the presence of SB, achieving lower Mean Relative Errors (MREs) and narrower error
distributions compared to the baseline models. This enhanced precision positions the
RDEA + Slice model as a strong candidate for integration into predictive algorithms,
potentially enabling the development of advanced clinical decision support tools.

Furthermore, this work establishes a practical guideline for the reliable implementation
of the proposed slice-based methodology. A core finding is that a minimum of 15 data points
per slice is required to ensure both model identifiability and the numerical stability of the
solution. Adhering to this data-richness criterion is presented as an essential condition for
obtaining physiologically meaningful parameters from each respiratory slice. While other
advanced techniques could be explored to further analyze robustness, this finding provides
a foundational and validated requirement for the successful application of the RDEA+Slice
model.

However, several limitations of this study should be acknowledged and addressed in
future work. Most notably, auto-triggering (AT) asynchrony was not considered, which
restricts the model applicability to all asynchrony types. Future studies should include
AT to broaden the model capabilities. Additionally, the analysis was based on a relatively
small dataset from eight patients, each contributing between 95 and 196 respiratory cycles.
Increasing both the sample size and therapy duration will be essential for improving the
generalizability and robustness of the findings. Lastly, since this study focused exclusively
on PSV/CPAP ventilation modes, future research should explore a broader range of ven-
tilation settings and clinical conditions to enhance the versatility and applicability of the
proposed models.
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Chapter 5

Obtaining an Asynchrony Index

The previous chapter presented a novel model, RDEA+Slice, capable of capturing
and fitting ventilatory curves from patients exhibiting RAs. This represents a significant
advancement over conventional models, which, despite their widespread use, suffer from a
major limitation: the inability to accurately replicate or fit such curves. As a result, these
models may lead to the loss of critical information regarding patient respiratory mechanics.

Several studies have emphasized the importance of estimating respiratory elastance to
detect mismatches between patient effort and ventilator support. Authors such as Poole
et al. (2014) [10], Damanhuri et al. (2016) [26], and Chiew et al. (2018) [23] developed
model-based methods that either reconstruct airway pressure signals or evaluate breath-
by-breath variations in elastance to identify periods of poor ventilator synchrony, using
metrics based on the area under the elastance-vs-time curve. A common element among
these approaches is the assumption that deviations in the estimated elastance curve reflect
the presence and magnitude of patient-driven activity.

While prior studies have focused on elastance-based methods to assess patient–ventilator
interaction, this work introduces a novel approach by proposing a signal decomposition
method based on frequency-domain analysis. The airway pressure signal is modeled as the
sum of a baseline component generated by ventilator-synchronized breaths and an additive
disturbance caused by spontaneous respiratory efforts. Using the Fourier transform, the
pressure waveform is decomposed into a low-frequency component, primarily associated
with passive ventilator-driven breathing, and a high-frequency component that captures
irregular perturbations due to spontaneous efforts. By comparing the area under the time-
varying elastance curve before and after filtering, an Asynchrony Event percentage (AE%)
was obtained, providing a quantitative measure of the mismatch between the ventilator
and the patient spontaneous efforts.

However, the AE% signal alone, being a time-varying metric, was not sufficient to
provide a simple, clinically meaningful classification of the patient state. Therefore, an
Asynchrony Index (AI%) was developed to condense this dynamic information into a single
score for each patient. The calculation and interpretation of this index depended on two key
parameters: a Tolerance Range to define significant AE% deviations, and a final Decision
Threshold to classify the patient as either synchronous or asynchronous.To avoid arbitrary
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selection, these parameters were selected using two primary datasets, each containing 6-
minute recordings from four patients: a baseline cohort of sedated (synchronous) patients,
and a second cohort exhibiting spontaneous breathing and asynchronies. A comprehensive
analysis was performed where the Tolerance Range was defined to maximize the Area Under
the Curve (AUC) of a Receiver Operating Characteristic (ROC) analysis. Subsequently,
the Decision Threshold was identified from the resulting ROC curve to ensure the best
diagnostic performance in a clinical context. Finally, a third dataset was used to validate
the performance of the defined classifier index. This evaluation demonstrated that the
proposed method is capable of detecting specific types of mismatches between patient
effort and ventilator support. However, it also revealed limitations in identifying certain
other forms of asynchrony, as will be discussed.

5.1 Methods

Several model-based methods have been developed to detect PVAs by analyzing airway
pressure signals. Some approaches rely on geometric reconstruction, identifying landmarks
in the pressure waveform to extrapolate a ”synchronous” curve [26]. Other studies have
highlighted that deviations in the patient time-varying elastance are a key indicator of
patient effort and ventilator mismatch [10, 21, 23, 81]. These methods typically quantify
asynchrony by applying thresholds to the area under the elastance-time curve. While
valuable, these approaches can be sensitive to variable waveform morphologies.

In contrast, the present method proposes a signal processing framework. We interpret
the measured airway pressure signal in the presence of asynchronies as a combination of
two components: a baseline, low-frequency signal representing the synchronous, ventilator-
driven mechanics, and an additive, high-frequency disturbance or ”noise” representing the
spontaneous respiratory activity, as illustrated in Figure 5.1.

This interpretation allows for the separation of these two components using frequency-
domain tools. To achieve this, a low-pass filter was applied to the original pressure signal.
The cutoff frequency was set to 0.8 Hz, a value selected based on physiological rationale.
This frequency is high enough to preserve the fundamental frequency of a typical respira-
tory rate (approx. 0.25-0.33 Hz for 15-20 breaths/min) and its primary harmonics, which
define the morphology of a synchronous breath (see Figure 5.7). Simultaneously, it is low
enough to attenuate the high-frequency components characteristic of asynchronous efforts.
This process yields two distinct signals: the Original Pressure and the Filtered Pressure
(representing the synchronous component).

Building on the demonstrated relevance of elastance, the next step quantifies the dif-
ference between these two pressure signals. The time-varying elastance parameter E2 was
calculated for each slice k using Equation 5.1, which is derived from the RDEA+Slice
model presented in the previous chapter.

E2k(t) =
P (t)− P0k − (R1k · θ1 +R2k · θ2) ·Qk(t)

V (t) · ϕ2

− E1k ·
ϕ1

ϕ2

. (5.1)
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Figure 5.1: Pressure signal interpretation in the presence of RAs

5.1.1 Derivation of Asynchrony Event Percentage (AE%)

Equation 5.1 was applied to both the Original Pressure and Filtered Pressure signals
to obtain their respective time-varying elastance curves, EOriginal(t) and EFiltered(t). An
example of the time-varying elastance profile is shown in Figure 5.2. By itself, this curve
does not provide sufficient information to reliably detect asynchronies. Therefore, we
analyzed the cumulative area under the elastance-time curve, as defined in Equation 5.2.

Figure 5.2: E vs t example

Then, the cumulative area under each curve was calculated, resulting in two new signals,
ΨOriginal(t) and ΨFiltered(t). From these, the Asynchrony Event Percentage (AE%) was
defined as the point-by-point percentage difference between them (Equation 5.3)

Ψ(t) =

∫ t

t0

E(τ) dτ (5.2)

AE%(t) =

∣∣∣∣ΨOriginal(t)−ΨFiltered(t)

ΨFiltered(t)

∣∣∣∣ · 100. (5.3)
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The resulting AE% is a time-dependent signal that quantifies the magnitude of mis-
match at any given moment (Figure 5.3). However, because it fluctuates continuously, it
does not provide a single, easily interpretable metric for a patient overall condition. A
clinician needs a summary index, not another complex waveform to monitor.

Figure 5.3: AE% vs t example

5.1.2 Derivation of the Asynchrony Index (AI%)

To enhance clinical relevance, the time-varying AE% signal was condensed into a single,
global metric: the Asynchrony Index (AI%). The derivation of this index required the
data-driven determination of two key parameters: a Tolerance Band (see Figure 5.3) for
calculating the AI% score from the AE% signal, and a final Decision Threshold to classify
a patient state based on that score.

To avoid arbitrary selection and to ensure the most robust classification, these pa-
rameters were systematically selected. This was performed using two primary datasets to
establish the ground truth: Dataset 1, comprising four sedated (synchronous) patients,
and Dataset 2, comprising four patients with frequent asynchronies. Each patient record
consisted of six minutes of therapy.

First, to find the Tolerance Range, a sensitivity analysis was performed. The Tolerance
Range was varied systematically, and for each value, an AI% score was calculated for
every patient. A full Receiver Operating Characteristic (ROC) curve analysis was then
conducted for each band, and the Area Under the Curve (AUC) was recorded. The best
Tolerance Band was identified as the value that yielded the maximum AUC, thus defining
the most diagnostically powerful version of the AI% score.

Secondly, once the best Tolerance Range was fixed, its corresponding ROC curve was
used to determine the best Decision Threshold, which was selected as the point on the
curve offering the best clinical balance between sensitivity and specificity, prioritizing the
minimization of false negatives. The final classifier, defined by these two parameters, was
then validated on a third, independent dataset to assess its generalization performance.
The AI% was formally defined as:

AI% =
Nout

Ntotal

· 100. (5.4)
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where Nout is the number of samples lying outside the defined optimal tolerance band,
and Ntotal is the total number of samples considered. This formulation provides a single,
clinically relevant score to classify a patient’s ventilatory state.

5.1.3 Patient Data

To compute the AI%, a total of three datasets were analyzed, each consisting of record-
ings from four patients undergoing six minutes of mechanical ventilation therapy. Data
collection took place at Fundación San José de Buga, following the protocol described in
Chapter 3. Datasets 1 and 2 (see Tables 5.1 and 5.2) include patients who were either fully
sedated (Figure 5.4) or exhibited spontaneous breathing efforts (Figure 5.5), respectively.

Table 5.1: Patient Dataset 1

Figure 5.4: P and Q vs t for Patient Dataset 1

These two datasets were analyzed in the frequency domain to identify significant dif-
ferences and to define a threshold range for which the AE% metric effectively indicates
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asynchronous breathing. Additionally, the AI% was computed for both datasets to assess
its behavior under varying ventilatory conditions. Dataset 2 (Table 5.2) includes patients
with documented asynchrony events of various types. In Patient S1 (Figure 5.5a), an in-
effective effort (IE) was observed, characterized by a small drop in airway pressure and
corresponding flow changes, indicating a clear inspiratory effort that failed to trigger a
ventilator breath. Patient S2 (Figure 5.5b) exhibited double triggering (DT), with two
consecutive breaths occurring in close succession and minimal expiratory time between
them, caused by a persistent inspiratory effort that activated the ventilator twice.

Table 5.2: Patient Dataset 2

Figure 5.5: P and Q vs t for Patient Dataset 2

Patient S3 (Figure 5.5c) presented a combination of asynchrony types, including flow
asynchrony (FA), recognizable by a distinct “sawtooth” pattern in the flow waveform, in-
dicating that the ventilator’s flow delivery did not meet the patient’s inspiratory demand.
This patient also exhibited premature cycling (PC), where the inspiratory phase ended
before the flow reached zero, along with additional episodes of double triggering, as a sec-
ond inspiratory effort immediately followed the first. Similarly, Patient S4 (Figure 5.5d)

78



CHAPTER 5. OBTAINING AN ASYNCHRONY INDEX

experienced both PC and FA; the former was identified by the early termination of inspi-
ration before the patient’s effort was complete, while the latter manifested as an irregular
and fragmented flow pattern, reflecting a mismatch between ventilator support and patient
demand.

To provide an additional point of comparison, a third dataset (Table 5.3) was analyzed.
This dataset includes two synchronous patients (T1 and T2) and two asynchronous patients
(T3 and T4). The purpose of this third dataset was to validate the patterns and thresholds
previously identified and to assess the robustness of the proposed method in distinguishing
between synchronous and asynchronous ventilation.

Table 5.3: Patient Dataset 3

Figure 5.6: P and Q vs t for Patient Dataset 3

In the third dataset, the asynchronous patients also exhibited characteristic signs of
ventilator mismatch. Patient T3 (Figure 5.5c) demonstrated evidence of IE and mild
FA, with untriggered inspiratory attempts and slight irregularities in the flow waveform.
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Patient T4 (Figure 5.5d) showed more pronounced events, including DT and clear signs
of FA, consistent with prolonged inspiratory efforts and poor synchronization with the
ventilator cycle.

These three datasets provided a structured framework for developing, calibrating, and
validating the proposed asynchrony detection method. By comparing fully synchronous
cases with clearly asynchronous patterns, it was possible to define and test the perfor-
mance of the AE% (Equation 5.3) and AI% (Equation 5.4) metrics under diverse clinical
conditions, laying the groundwork for their potential application in real-time patient mon-
itoring scenarios.

5.2 Results

A frequency-domain analysis of Datasets 1 and 2 was performed to evaluate the spectral
characteristics of the pressure signals. The resulting plots suggest a distinct difference in
behavior between the two groups. While the frequency spectrum obtained for Dataset 1
(Figure5.7) exhibits well-defined frequency components and amplitudes, the spectrum for
Dataset 2 (Figure 5.8) shows a signal with increased irregularity and noise content, as
expected due to the presence of SB efforts.

This observation served as one of the motivations for implementing a filtering process
aimed at attenuating the noisy components associated with asynchronous activity. To
achieve this, a cutoff frequency (Fc) of 0.8Hz was selected with the goal of isolating a
cleaner pressure signal representative of purely ventilator-driven behavior. As previously
detailed, this frequency was chosen as it preserves the fundamental frequency and primary
harmonics of a typical respiratory rate while effectively removing the high-frequency noise
associated with asynchronous effort. The high-frequency content, interpreted as noise or
asynchrony-related fluctuations, was removed through filtering and is shown in Figure 5.9
for Dataset 1 and Figure 5.10 for Dataset 2.

5.2.1 Evaluating the AE% and AI%

Figures 5.11 and 5.12 present a comparison between the original and filtered pressure
curves for Datasets 1 and 2, respectively. For Dataset 1, although some changes in the
waveform are noticeable, the alterations are relatively minor. In contrast, Dataset 2 shows
a more substantial difference between the original and filtered signals, with several pressure
peaks being suppressed by the chosen cutoff frequency. This behavior is consistent with
the presence of asynchrony-related disturbances in the unfiltered signal.

Based on the original and filtered pressure signals, Equation 5.3 was applied, and the
resulting values of AE% over time are presented in Figures 5.13 and 5.14. These figures
provide a detailed visualization of the temporal behavior of the AE% for the synchronous
and asynchronous patient cohorts, respectively, revealing key differences in their signal
dynamics. In the synchronous cohort (Figure 5.13), the AE% signals are characterized by
relatively smooth, low-frequency fluctuations. While patients P2 and P3 (Figures 5.13b
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Figure 5.7: Frequency analysis dataset 1: Patient a)P1, b)P2, c)P3 and d)P4

Figure 5.8: Frequency analysis dataset 2: Patient a)S1, b)S2, c)S3 and d)S4
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Figure 5.9: Cutoff frequency (Fc) dataset 1: Patient a)P1, b)P2, c)P3 and d)P4

Figure 5.10: Cutoff frequency (Fc) dataset 2: Patient a)S1, b)S2, c)S3 and d)S4
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Figure 5.11: Original and filtered signal dataset 1: Patient a)P1, b)P2, c)P3 and d)P4

Figure 5.12: Original and filtered signal dataset 2: Patient a)S1, b)S2, c)S3 and d)S4
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Figure 5.13: Asynchrony events on dataset 1: Patient a)P1, b)P2, c)P3 and d)P4

Figure 5.14: Asynchrony events on dataset 2: Patient a)S1, b)S2, c)S3 and d)S4
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and 5.13c) exhibit stable behavior around their mean, patients P1 and P4 (Figures 5.13a
and 5.13d) show a significant non-stationarity, with their AE% values drifting in a clear
downward trend over the 6-minute period.

In contrast, the asynchronous cohort (Figure 5.14) displays more complex and varied
patterns, generally characterized by abrupt, high-frequency events. Patients S1 and S3
(Figures 5.14a and 5.14c), for example, show large and distinct transient excursions that
rise and fall rapidly, corresponding to clear periods of significant asynchrony. The case
of Patient S4 (Figure 5.14d) is particularly illustrative: while its mean AE% is very low
(approximately 1.5%), the signal is highly volatile and erratic, with numerous sharp spikes.
This behavior visually confirms that a simple average of AE% is an insufficient metric and
reinforces the necessity of the AI%, which is designed specifically to quantify these frequent
changes from the mean. Notably, Patient S2 appears visually stable and similar to the
synchronous cohort, which is consistent with the finding that this patient represented a
challenging, borderline case for the classifier.

Then, to define the ranges to classify a synchronous and an asynchronous patient,
a sensitivity analysis was conducted to understand the relationship between the AE%
Tolerance Range and the resulting AI%. Figure 5.15 plots this relationship for each of the
8 patients in the primary training datasets.

The results in Figure 5.15 show a clear separation between the two patient groups. The

Figure 5.15: Sensitivity analysis showing the AI% as a function of the selected AE%
Tolerance range for synchronous (P1-P4, blue) and asynchronous (S1-S4, orange) patients.

AI% for synchronous patients (blue curves) drops sharply to zero with a relatively narrow
tolerance range (typically < 25%), indicating their AE% signal exhibits low variability.
In contrast, the AI% for asynchronous patients (red curves) decays much more slowly,
demonstrating a high and sustained signal variability that is not easily contained. This
clear discrimination, particularly within the 5-20% range, provides strong visual evidence
that the AI% metric could be a robust indicator of asynchrony and justifies the subsequent
search for an optimal parameter set within this region.

85



CHAPTER 5. OBTAINING AN ASYNCHRONY INDEX

The analysis revealed that the diagnostic performance of AI%, measured by the Area
Under the Curve (AUC), depended on the selected Tolerance Range. Figure 5.16a illus-
trates the relationship between the Tolerance Range and the resulting AUC of the ROC
analysis. The evaluation identified a maximum AUC of 0.875, obtained with a Tolerance
Range of 5.0%. Figure 5.16b presents the final ROC curve for the AI% classifier using this
5% Tolerance Band, showing a strong diagnostic performance clearly superior to that of a
random classifier. Based on this curve, the optimal Decision Threshold was determined to
be 76%.

Figure 5.16: a) AUC of the AI% classifier as a function of the selected Tolerance Band, b)
Final ROC Curve for the best AI% classifier (AUC = 0.87).

5.2.2 Performance of the Asynchrony Index and Clinical Inter-
pretation

The ROC analysis provides a quantitative validation of the AI% as a diagnostic tool.
The final optimized model establishes a clear, mathematically-derived decision rule: a
patient is classified as asynchronous if their AI% (calculated using the optimal 5% Tolerance
Band) exceeds a Decision Threshold of 76%. At this operating point, the classifier achieves
a powerful performance profile with a sensitivity of 75% and a perfect specificity of 100%
on the studied dataset. In practical terms, a specificity of 100% indicates that the model
correctly identified every synchronous patient, producing zero false alarms. Table 5.4 shows
the AI% of dataset 1 and 2.

However, a detailed analysis of individual patient scores suggests that a minor adjust-
ment to this threshold can enhance its clinical utility (see Table 5.4). At the 76% threshold,
Patient S3, a known asynchronous case with an AI% of 76.16%, is narrowly misclassified
as synchronous (a false negative). In a clinical setting, the consequence of a false negative
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Table 5.4: Asynchrony Index Values
Dataset 1 Dataset 2

Patient AI [%] Patient AI [%]
P1 33.07 S1 78.59
P2 58.12 S2 52.49
P3 63.88 S3 76.16
P4 51.01 S4 91.52

(a missed asynchrony) is significantly more detrimental than a false positive (a false alarm
prompting clinician review). Therefore, prioritizing sensitivity is a safer clinical strategy.

For this reason, a clinically-adjusted Decision Threshold of 70% is proposed. This
slightly lower threshold improves the classifier sensitivity by correctly capturing borderline
cases, thereby maintaining the detection rate of asynchronous patients of 75% (3 out of
4) in this cohort. This adjustment maintains an excellent specificity of 100% (0 out of 4
false positives), representing a more robust and secure profile for clinical application. It
is important, to acknowledge the limitations of this index. The model performance may
be less effective for certain types of asynchrony that do not produce strong, sustained
deviations in the AE% signal. This is exemplified by Patient S2 who, despite clinical
evidence of asynchrony, yielded a lower AI% of 52.5%. This highlights that asynchronies
such as double triggering (DT) or ineffective effort (IE), which can manifest as subtle or
merged pressure waveforms, may not be reliably detected by this method. Future work
should aim to incorporate additional features to improve the detection of these specific
event types.

5.3 Discussion

To validate the previously obtained findings, the same methodology was applied to
Dataset 3 (see Table 5.3), which, as mentioned earlier, includes two synchronous patients
(T1 and T2) and two asynchronous patients (T3 and T4). A frequency-domain analysis was
first performed on this dataset, yielding results that were consistent with those observed
in Datasets 1 and 2 (Figure 5.17). Using the same cutoff frequency as before (Figure 5.18),
the pressure signal was filtered to isolate the ventilator-driven component (Figure 5.19).

With the original and filtered pressure curves, the AE% over time was computed using
Equation 5.3, and the corresponding results are shown in Figure 5.20. Additionally, the
AI% was calculated using Equation 5.4, and the final values are summarized in Table
5.5. This analysis served to corroborate the robustness and applicability of the proposed
method across different patient conditions.

The analysis of Dataset 3 supports the effectiveness of the proposed detection method.
Notably, Patient T4, who presented clear signs of asynchrony, was correctly identified
with an AI% well above the 70% threshold. Likewise, the method successfully recognized
patients T1 and T2 as synchronous, with AI% values remaining near zero. The model
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Figure 5.17: Frequency analysis dataset 3: Patient a)T1, b)T2, c)T3 and d)T4

Figure 5.18: Cutoff frequency (Fc) dataset 3: Patient a)T1, b)T2, c)T3 and d)T4
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Figure 5.19: Original and filtered signal dataset 3: Patient a)T1, b)T2, c)T3 and d)T4

Figure 5.20: Asynchrony events on dataset 3: Patient a)T1, b)T2, c)T3 and d)T4
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performance on the more challenging asynchronous patients, S2 and T3, provides valuable
insight into both the strengths and limitations of the index. The case of Patient T3 is
particularly informative. Patient T3 (Table 5.5) yielded an AI% of 69.91%, falling just
below the 70% clinically-adjusted threshold. This borderline result strongly validates the
decision to lower the threshold from the mathematical of 76% (which would have missed
this case by a wider margin) to a more sensitive clinical cutoff. It suggests that while the
binary classification for T3 was synchronous, the index was sensitive enough to identify
it as a high-risk, borderline case. For future real-time implementations, this highlights
the potential of creating a ”warning zone” to alert clinicians to patients approaching the
asynchrony threshold.

In contrast, Patient S2 represents a clearer limitation of the pressure-based approach.
Despite clinical evidence of asynchrony (DT), this patient AI% was significantly lower and
was not detected. This is likely because certain asynchrony types, such as DT, may not
always produce the significant pressure waveform alterations required for detection by this
method. These findings suggest that while the AI% is a robust indicator for many forms of
asynchrony, incorporating complementary signals, such as P-V or V-Q loop analysis, may
be necessary to improve detection accuracy for these more subtle cases. Further studies
with larger datasets would also be essential to establish more generalized and finely-tuned
thresholds.

Table 5.5: Asynchrony Index Values Dataset 3
Dataset 3

Patient AI [%]
T1 0.28
T2 0.03
T3 69.91
T4 88.87

The literature presents powerful pressure reconstruction techniques to estimate an
’ideal’ synchronous breath from an asynchronous one, though their methodologies dif-
fer. The approach by Damanhuri et al. [26] is geometric, relying on identifying specific
landmarks on the expiratory slope to extrapolate and fill the ’M-wave’. In contrast, the
method by Chiew et al. [23] is model-based, using an iterative process that repeatedly
refits the SCM to converge on a passive waveform. While effective, the geometric nature
of the first method can be sensitive to atypical waveform morphologies, and the iterative
nature of the second assumes the underlying model is a sufficient representation.

A different approach is the time-varying elastance area method used by Poole et al.
[10]. This method is effective but depends on statistical thresholds (e.g., ±50%) around a
moving median value , which may not capture slow, dynamic changes in a patient condition
and can be skewed if asynchronies become frequent. The AI% method proposed in this
thesis offers a conceptually distinct alternative. It is neither geometric nor iterative, but
rather a signal processing approach. By treating asynchronous events as high-frequency
’noise’ superimposed on a low-frequency baseline signal, it avoids reliance on specific mor-
phological landmarks or iterative model convergence. This makes it potentially more robust
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to variations in breathing patterns. However, as demonstrated with patients S2 and T3,
this strength is also its primary limitation: asynchronies that do not produce a significant
’noise’ signal in the pressure waveform, such as IE or some forms of DT, are likely to be
missed. This contrasts with methods that analyze flow or volume curves, which might be
more sensitive to these specific events. Therefore, the proposed AI% should be considered
a complementary tool, particularly effective for detecting FA and PC.

5.4 Conclusions

A novel respiratory AI% was proposed and evaluated, with potential applicability in
clinical settings when integrated into real-time monitoring systems. The method is based
on quantifying variability in the cumulative elastance signal by comparing original and
filtered airway pressure waveforms. A key strength of this study was the systematic defini-
tion of two critical parameters: the Tolerance Range (5%), which maximized the diagnos-
tic performance in terms of AUC, and the Decision Threshold (70%), which provided an
optimal balance between sensitivity and specificity. This combination ensured that bor-
derline cases, such as patient T3 (AI% = 69.91), were correctly flagged as high-risk rather
than overlooked, demonstrating the clinical value of adopting a slightly more conservative
threshold compared to the mathematically derived one (76%).

Overall, the AI% proved effective in distinguishing synchronous from asynchronous
patients, with particularly strong performance in identifying flow asynchrony (FA) and
premature cycling (PC). However, the method showed limitations in detecting certain
forms of double triggering (DT), as evidenced by patient P2, who exhibited clinically
evident DT but whose AI% value fell below the diagnostic threshold. This underscores
that asynchronies that do not generate sustained, high-frequency perturbations in the
pressure waveform remain challenging for this pressure-based approach.

For future work, extending the analysis to larger and more diverse patient cohorts will
be essential to refine the tolerance and threshold values across populations. Moreover,
integrating complementary signals such as flow–volume loops or neural drive estimates
could enhance the detection of subtle asynchronies. Such developments would strengthen
the AI% as a clinically reliable and comprehensive tool, not only for detecting asynchrony
but also for guiding ventilator adjustments in real time.
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Chapter 6

Conclusions and Future Works

This research successfully met the general objective of obtaining clinically relevant
mechanical ventilatory parameters for the diagnosis and treatment of older adults with
Acute Respiratory Distress Syndrome (ARDS). The study culminated in the development
and validation of a new mathematical model, the Recruitment and Distention Elastance
Analysis + Slice (RDEA+Slice) model. This advanced framework, which integrates novel
shape functions for recruitment and distention elastance with an adaptation of the slice
method, demonstrated a superior ability to estimate patient-specific respiratory mechanics,
especially in the presence of spontaneous breathing (SB) efforts and patient-ventilator
asynchronies (PVAs). The parameters derived from this model, along with the proposed
asynchrony indices, provide a quantitative basis to potentially support clinical decision-
making and personalize ventilatory therapy.

A new mathematical model was proposed, building upon analysis of the SCM. The
development was progressive starting from the foundational SCM. The shape function
methodology proposed by Morton et al. [43] was adopted to enhance the model ability
to capture non-linear respiratory mechanics. A key contribution of this work was the
systematic analysis performed to adapt these functions for SB. Through a grid search
(exploring parameters N and M in a range of -20 to 20), optimal operating regions for
the shape functions were identified. While the non-convex nature of the problem means
a global optimum is not guaranteed, the identification of these robust, high-performing
parameter ranges is a valuable finding in itself. Furthermore, a biophysical interpretation
for the new tuning coefficients was proposed: N modifies the recruitment function to model
the effect of patient effort and capture negative elastance, while M adjusts the distention
function to account for how PVI alters non-linear lung stiffness. The final step was the
integration of a pressure-based slice method, which segments the breathing cycle to analyze
its dynamics with high temporal resolution. This methodological process culminated in
the proposal of the RDEA+Slice model, a robust framework that captures the complex
dynamics of asynchrony, thus achieving the first specific objective.

The numerical accuracy of the proposed model was significantly improved over the
SCM within the target study group of older adults with ARDS. Comparative evaluation
demonstrated that the RDEA+Slice model consistently achieves higher R2 values (often
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exceeding 0.90) and considerably lower Mean Relative Errors (MRE) compared to the
SCM and other evaluated models. This improvement in accuracy was especially notable
in replicating ventilatory waveforms affected by asynchronies, where traditional models
fail. The model validation using real patient data confirmed its ability to estimate patient-
specific respiratory mechanics with high fidelity. These results fulfill the second specific
objective by demonstrating the model enhanced performance in the defined clinical context.

This work proposed and validated two indices: Asynchrony Event Percentage (AE%)
and Asynchrony Index (AI%) to evaluate the patient respiratory state. These indices were
derived from an analysis of elastance profiles onteined form the RDEA+Slice model was
used as the foundation for a novel detection index. First, a signal processing approach
was employed, treating asynchronies as high-frequency ”noise” superimposed on a baseline
synchronous signal. A low-pass filter with a cutoff frequency of 0.8 Hz was used to sep-
arate these components. This frequency was selected based on a physiological rationale:
it preserves the fundamental frequency and primary harmonics of a normal breath while
attenuating the abrupt fluctuations of asynchrony. From the difference between the orig-
inal and filtered signals, the time-varying AE% was calculated. To condense this signal
into a single, clinically relevant score, the AI% was developed. The two key parameters of
this index—the Tolerance Range and the Decision Threshold—were determined through a
systematic, two-level optimization process using ROC analysis, which identified a 5% tol-
erance band and a clinically-adjusted 70% decision threshold as optimal. The development
and application of this index fulfill the third specific objective by providing a quantitative
framework to assess the patient respiratory state.

Unlike the pressure reconstruction techniques of Damanhuri et al. [26] and Chiew et al.
[23], which aim to generate an ’ideal’ passive waveform by computationally removing the
asynchronous components, the RDEA+Slice model’s primary goal is to accurately fit the
actual, measured waveform in its entirety. This also contrasts with other approaches that
attempt to mathematically isolate and model the patient’s effort as a separate component
[27]. The novelty of the RDEA+Slice framework lies in its unique hybrid approach. It
combines the flexibility of adaptive shape functions to account for non-linear mechanics
with the granularity of a pressure-based slice method. This combination allows the model
to capture the complex dynamics of asynchronies without attempting to remove them,
thereby providing a high-fidelity representation of the true patient-ventilator interaction.
It thus serves not as a tool to estimate purely passive mechanics, but as a robust platform
for analyzing the mechanics of the asynchronous breath itself, which was foundational for
developing the AI%.

This thesis presented a complete, three-phase methodology (Figure 1.2), from data ac-
quisition to a final diagnostic index. While each phase was validated independently, it is
important to discuss the robustness of the interconnected workflow. The comprehensive
validation of the image processing phase (Chapter 3), which demonstrated extremely high
fidelity (R2 > 0.99) against sensor data, ensures that the error introduced at the input of
the analysis pipeline is minimal. Furthermore, the design of the final Asynchrony Index
(AI%) provides intrinsic resilience to minor modeling inaccuracies. As the AI% is derived
from a relative percentage difference (the AE%), any small, systematic errors in the baseline
elastance estimation (phase 2) tend to be cancelled out. The index is thus more sensitive
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to the dynamic, high-frequency differences between the original and filtered signals—which
represent asynchrony—than to the absolute accuracy of the underlying model. This inher-
ent robustness in both the initial data capture and the final metric design provides strong
confidence in the method overall stability.

As a natural extension of this research, future work should focus on applying the pro-
posed model and indices to larger and more diverse datasets encompassing a wider range
of ventilatory modes and clinical conditions. The specific optimal values found for the
shape function coefficients (N and M) and the AI% parameters (5% Tolerance Band, 70%
Decision Threshold) are specific to this cohort and require validation on larger, more di-
verse datasets to ensure generalizability. This also applies to the empirically-determined
requirement of a minimum of 15 data points per slice for the RDEA+Slice model, which,
while functionally validated in this work (Table 4.7), would benefit from a formal sensitiv-
ity analysis. To address the limitations of the pressure-only approach, the AI% should be
enhanced by incorporating complementary signals. Analyzing flow waveforms or Pressure-
Volume loops could significantly improve the detection of subtle events like DT and IE.
Furthermore, a systematic sensitivity analysis should be performed on the filter’s cutoff
frequency (Fc) to quantify its impact on the AI% and further refine its selection.

Another important direction for future work lies in the development of predictive models
for respiratory asynchronies. Leveraging the elastance-based approach introduced in this
study—together with machine learning techniques and temporal trend analysis—could
enable early detection of asynchrony patterns before they become clinically apparent. Such
predictive capabilities would be highly valuable in ICU settings, where real-time alerts
could assist clinicians in anticipating patient–ventilator mismatch and adjusting therapy
proactively. Integrating predictive asynchrony detection into ICUmonitoring systems could
enhance patient safety, reduce time under MV, and improve overall outcomes by enabling
timely, personalized interventions.

Although proposing a novel data extraction method was not the primary focus of
this research, the study demonstrated that image processing is a reliable and effective
tool for extracting ventilatory curves from mechanical ventilators, particularly in resource-
constrained environments. Both the custom-developed methodology and the open-source
WebPlotDigitizer software exhibited high fidelity in reconstructing key ventilatory param-
eters, achieving R2 values exceeding 0.99 and maintaining low Mean Squared Error (MSE)
values. The validation of this approach—both against a ventilator emulator and through
the replication of Howe’s results—confirms its potential for application in clinical settings
with limited technological resources. However, further work is needed to explore the influ-
ence of image resolution, pixel sampling, and video quality on the accuracy of the extracted
data. Furthermore, since the initial validation was performed on synchronous waveforms,
a valuable extension would be to quantify the method’s performance on standardized asyn-
chronous curves ensuring broader applicability across diverse scenarios.
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