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Abstract
Mechanical ventilation is a pivotal intervention for replacing or supporting spontaneous
breathing in critically ill patients. Tailoring mechanical ventilation to the needs of an
individual patient is challenging and requires a balance between maintaining adequate
gas exchange and preventing lung injury as well as loss of respiratory muscle strength.
Recently, many researchers have argued that the patient’s own spontaneous breathing
effort is an essential factor for improving mechanical ventilation therapy and that it
should be monitored more closely. As yet, however, there is no established non-invasive
technique to measure this quantity continuously at the bedside. Therefore, the thesis
explores respiratory surface electromyography as an emerging non-invasive method
for recording the electrical activity of respiratory muscles. This technique is easy to
implement in clinical practice and only requires placement of gel electrodes on the
thorax of the patient.
Based on these measurements, the thesis adopts a model-based approach to derive a
completely non-invasive estimate of the respiratory effort. A model of the respiratory
system is used to integrate all available measurements, including electromyography
signals and pneumatic data from the ventilator. Latent parameters and states of the
model can then be estimated using statistical inference. By combining measurements
from different sensors through sensor fusion, noise from individual signals is reduced
and a more precise estimate of the respiratory effort can be constructed. The thesis
proposes several robust techniques for solving this estimation problem.
An important contribution is an investigation of Gaussian processes as a means to
formulate prior physiological knowledge about respiratory signals. By incorporating
statistical properties of the data, such as their smoothness or quasi-periodicity,
estimates can be regularized towards physiologically plausible solutions. The use of
Gaussian processes gives rise to a Bayesian framework in which the prior distribution
is conditioned on the measurements to derive a posterior distribution. Due to
the high computational cost involved in solving this type of problem, the thesis
also investigates scalable Gaussian process algorithms by using various structure
exploitation techniques. These considerations also prove to be very useful in other
biomedical domains, which is demonstrated in the context of spatio-temporal source
separation.
The methods are tested and validated on clinical data, including a large dataset
of patients undergoing assisted mechanical ventilation. The results confirm the
great potential of surface electromyography and statistical inference for optimizing
mechanical ventilation therapy.
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Zusammenfassung
Die maschinelle Beatmung ist eine lebenswichtige Intervention, um die Spontanatmung
bei Intensivpatienten zu ersetzen oder zu unterstützen. Die individuelle Anpassung
der Beatmungstherapie an einzelne Patienten ist anspruchsvoll: sie erfordert eine
Abwägung zwischen der Erhaltung des Gasaustausches und der Vermeidung von
Lungenschäden sowie eines Verlustes der Atemmuskelkraft. Nach Auffassung vieler
Wissenschaftler ist die Atemanstrengung von Patienten ein entscheidender Faktor
für die Verbesserung der Beatmungstherapie und sollte daher sorgfältig überwacht
werden. Derzeit existiert aber noch keine etablierte nicht-invasive Technologie, mit
der dieser Wert kontinuierlich am Krankenbett erfasst werden könnte. In dieser Arbeit
wird daher die Oberflächen-Elektromyographie als eine neue nicht-invasive Technik
zur Aufzeichnung der elektrischen Aktivität der Atemmuskulatur betrachtet. Diese
Messung lässt sich in der Klinik leicht umsetzen und bedarf nur der Positionierung
weniger Gel-Elektroden auf dem Thorax des Patienten.
In dieser Arbeit wird ein modellbasierter Ansatz verfolgt, um eine vollständig nicht-
invasive Schätzung der Atemarbeit zu ermöglichen. Die verfügbaren Messungen,
einschließlich elektromyographischer Signale und pneumatischer Daten vom Beat-
mungsgerät, werden über ein Modell des Atmungssystems kombiniert. Latente Param-
eter und Zustände des Modells können somit über statistische Inferenz geschätzt
werden. Durch die Kombination der verschiedenen Messdaten mittels Sensorfusion
wird das Rauschen einzelner Signale reduziert und eine genauere Schätzung der
Atemarbeit ermöglicht. Im Rahmen der Arbeit werden mehrere robuste Methoden
zur Lösung dieses Schätzproblems vorgeschlagen.
Ein wichtiger Aspekt der Arbeit ist die Untersuchung von Gaußprozessen zur Beschrei-
bung des physiologischen Vorwissens über die Atmungssignale. Durch die Einbeziehung
statistischer Eigenschaften der Daten, wie z.B. Glattheit oder Quasiperiodizität,
können die Schätzungen zugunsten physiologisch plausibler Lösungen regularisiert
werden. Die Verwendung von Gaußprozessen führt dabei zu einem Bayes’schen
Verfahren, bei welchem aus der Prior-Verteilung durch Konditionierung auf die Mess-
daten eine Posterior-Verteilung berechnet wird. Da dies mit hohen Rechenkosten
einhergeht, werden skalierbare Gaußprozess-Algorithmen für die Ausnutzung von
vorhandener Struktur untersucht. Diese Überlegungen erweisen sich auch in anderen
biomedizinischen Bereichen als sehr nützlich, was am Beispiel der räumlich-zeitlichen
Quellentrennung demonstriert wird.
Die vorgeschlagenen Methoden werden auf klinischen Daten getestet und validiert,
unter anderem auf einem großen Datensatz assistiert beatmeter Patienten. Die
Ergebnisse bestätigen das große Potenzial der Oberflächen-Elektromyographie sowie
der Verwendung statistischer Inferenz für eine Verbesserung der Beatmungstherapie.
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Chapter 1

Introduction

Mechanical ventilation is a life-saving intervention allowing to support or fully replace
spontaneous breathing of critically ill patients. Recently, this technique has received
widespread attention due to its pivotal role in the management of the COVID-19
pandemic. Adjusting ventilation to the individual needs of patients is a challenging
task and requires balancing conflicting objectives: adequate gas exchange must be
ensured, but ventilation should not worsen lung injury while maintaining respiratory
muscle strength. This trade-off is complicated by the fact that many variables related
to the respiratory system can only be measured indirectly or via complex, sometimes
invasive, techniques [134, 156, 206]. However, even after the acute phase of the
pandemic, intensive care staff continue to be heavily burdened by time-consuming
procedures and shortage of trained personnel [230], limiting the time available for
assessing individual patients. Thus, there is a huge potential to improve quality of care
in mechanically ventilated patients by incorporating non-invasive sensors, integrating
available measurements, and inferring latent states and parameters of the respiratory
system. These improvements can only be achieved through technological innovation,
which is the main motivation for the kind of research undertaken in this thesis.

1.1 Background and objectives

In recent decades, many advances have been made in the treatment of critically ill
ventilated patients, including new approaches to lung-protective ventilation and lung
imaging. One factor that is often overlooked and cannot easily be quantified is the
role of the spontaneous breathing activity during assisted mechanical ventilation. A
growing body of research has recently revealed the importance of closely monitoring
the respiratory muscles and adjusting ventilator settings accordingly [31, 68, 244].
Inadequate respiratory muscle effort often goes unnoticed in clinical practice, yet, it is
an important mediator of lung and diaphragm injury, affecting long-term outcomes [53,
66, 103, 244, 245]. Vigorous inspiratory effort increases transpulmonary pressure and
tidal volume, which exerts mechanical stress on the lungs and may lead to self-inflicted
lung injuries [244]. At the same time, both inactivity and too heavy loading of
the diaphragm lead to muscle weakness and injury, ultimately inducing diaphragm
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Chapter 1 Introduction

dysfunction [197]. In regard of these mechanisms, researchers have advocated to
improve lung and diaphragm health by keeping muscle activity within safe limits [31,
67, 68, 93]. To this end, it will be essential to develop techniques enabling accurate
quantification of respiratory muscle effort in mechanically ventilated patients at the
bedside, which is the main objective of this thesis.

The current standard for estimating respiratory effort relies on measuring esophageal
pressure (Pes) with an invasive, nasogastric catheter [10, 134]. Despite potential
benefits of this measurement, Pes is not yet routinely employed in many clinics because
it is considered technically cumbersome and difficult to interpret [243]. Establishing
a reliable, non-invasive alternative to esophageal pressure could significantly improve
patient care and has been the subject of intense research. One potential approach
is electromyography (EMG), a technique for recording the electrical activity of a
muscle. The first main focus of this thesis is on respiratory surface EMG (sEMG),
a straightforward and completely non-invasive measurement technique, which only
requires placement of a few electrodes on the thorax of the ventilated patient [128]. It
is easy to implement in clinical practice but usually has a low signal-to-noise ratio and
is prone to interference by various types of electrical artifacts. To this date, only a
limited number of studies have investigated sEMG as a means of estimating respiratory
effort. Previous publications have emphasized its potential but also expressed concerns
with regard to the significant level of noise present in the signal [27, 226]. A particularly
important challenge in making sEMG practical is to establish a meaningful scale to the
signal — that is, to convert the measured electrical activity into the force or pressure
exerted by the muscle [29, 161].

The key idea adopted in this thesis is to pose the estimation of respiratory effort as
a model-based inference problem. To this end, models of the respiratory system will
be used, combining all available measurements, namely sEMG signals and pneumatic
data from the ventilator. Latent parameters or states of these models can then be
inferred completely non-invasively during normal assisted breathing via statistical —
in some cases Bayesian — estimators. This thesis will investigate robust and efficient
techniques for estimating parameters of the respiratory system. By incorporating all
available data, i.e., conducting sensor fusion, noise from the individual measurements
is reduced and a clean estimate of respiratory effort can be constructed.

An important research question is how prior knowledge about the statistics of the
data can be incorporated into the model and exploited during inference. One possible
approach, and the second main focus area of this thesis, is the use of Gaussian processes,
a type of Bayesian nonparametric model, which allows to formulate key characteristics
of the data like smoothness and quasi-periodicity by means of kernel functions. Gaus-
sian processes have been proposed as an explainable approach to solving regression
tasks, including, among others, for spatio-temporal statistics and machine learning.
The usage of Gaussian processes raises another highly relevant question: How can
inference in such models be solved in a scalable way? Two approaches will be investi-
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1.2 Thesis outline and contributions

gated: a reformulation in terms of state-space models, enabling to solve the inference
sequentially, and the exploitation of existing structure within the kernel matrix. These
methods give rise to a general framework for solving regression problems, which will
be demonstrated on a number of highly relevant, biomedical datasets.

1.2 Thesis outline and contributions

Figure 1.1 provides an overview of the thesis’ main themes and of the methodological
chapters 3–6.

Chapter 2 introduces fundamentals that are essential for understanding the later
parts of the thesis. It comprises an introduction to different probabilistic inference
methods, in particular parametric and nonparametric Gaussian regression, as well
as a brief overview of respiratory physiology, mechanical ventilation and esophageal
pressure measurement.

Chapter 3 investigates the relation between sEMG and the total pressure generated
by respiratory muscles, denoted by Pmus, a key measure of respiratory effort. The
chapter provides a brief introduction to the relevant literature and then continues
with a statistical analysis of a large dataset consisting of 43 patients undergoing
bronchoscopy with mechanical ventilation. The main contribution of the chapter is
a comprehensive evaluation of the Pmus-sEMG relation with regard to correlation,
linearity and neuromechanical coupling. A novel technique for automatically selecting
the sEMG channel with higher SNR is proposed and analyzed. Finally, the chapter
also investigates the validity of a previously proposed occlusion technique, which is
a simple maneuver allowing to determine a scaling factor between sEMG and muscle
pressure.

Based on these findings, the subsequent chapter 4 investigates a model-based approach
that incorporates all available data (sEMG and pneumatic signals) to reconstruct the
muscle pressure Pmus during assisted mechanical ventilation. This chapter contains a
quantitative comparison of estimation algorithms on the aforementioned bronchoscopy
dataset using a range of different performance measures. The main contribution of the
chapter is the proposal of a novel estimation algorithm that is highly robust against
typical confounders of ventilatory data such as phase delays, outliers and artifacts. To
this end, the chapter analyzes the merits of using robust regression instead of ordinary
least squares regression for estimating parameters of the respiratory system.

Chapter 5 explores Gaussian processes as a means of modeling key characteristics
of Pmus signals, namely smoothness, periodicity, shape of spontaneous efforts, and
variance. The usage of Gaussian process priors gives rise to a Bayesian sensor fusion
framework. The inference with respect to Pmus can be solved in an end-to-end fashion
by conditioning the prior distribution on the available data. Two numerical solu-
tions to the inference problem are proposed: a closed-form solution that uses the full
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Chapter 3: EMG–Pmus relationship

channel selection, linearity, neuromechanical
coupling

Chapter 4: model-based estimation

sensor fusion, estimation of respiratory pa-
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Chapter 5: GP prior for Pmus
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Fig. 1.1: Graphical overview of the thesis’ content and methodological chapters. A: An
illustration of the respiratory system including the airways, lungs and the diaphragm.
The key measures of respiratory effort used in chapters 3–5 are the pressure exerted
by the respiratory muscles (Pmus) and the respiratory surface electromyogram (EMG
or sEMG). B: A distribution of functions sampled from a strictly periodic Gaussian
process (GP) prior with a non-stationary phase. The set of inducing points denoted
by Û is employed in chapter 6, enabling exploitation of structure in the kernel matrix.
C: Organization and structure of chapters 3–6 as well as an overview of involved data
and methodologies.

kernel matrix, and an approximate, sequential solution in terms of equivalent state-
space models. An important contribution of the chapter is a quantitative comparison
of different kernel functions and their effect on the posterior distribution. The results
demonstrate the merits of incorporating prior physiological knowledge about the respi-
ratory effort in terms of a stochastic process.

Chapter 6 is concerned with questions raised in the previous chapter regarding the
scalability of Gaussian processes on (spatio-temporal) biomedical data. A relevant
practical problem encountered in many biomedical applications is the separation of
additive mixtures involving physiological processes with a non-stationary phase. The
non-stationarity may stem from natural variations of, e.g., heart/respiratory rates or
gaiting velocity. The approach taken in this chapter is to exploit existing structure
within the kernel matrix by means of structured kernel interpolation, enabling highly
efficient matrix operations. The method is demonstrated on two case studies (both
unrelated to the previous problem of estimating respiratory effort). One of these case
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studies deals with the separation of non-stationary perfusion and ventilation signals in
electrical impedance tomography, a highly relevant problem in itself, to which a first
end-to-end solution is proposed.

The final chapter 7 concludes the thesis by summarizing the key insights and
providing recommendations for future research directions.

The results of this thesis have been published in a series of conference papers
and journals. The author of the thesis has first-authored two peer-reviewed journal
publications [76, 78] and six peer-reviewed conference publications [71–75, 79] on the
topic of the thesis. Moreover, he has co-authored four patent applications [55, 56, 107,
117], eight peer-reviewed journal publications [90, 105, 112, 116, 148, 162, 194, 203]
and 13 peer-reviewed conference publications [1, 35, 36, 39, 82, 91, 115, 118, 130, 161,
165, 218, 231] on topics closely related to the thesis. Parts of this thesis have not yet
been published elsewhere, including the Gaussian process framework of chapter 5 and
the end-to-end perfusion/ventilation separation on electrical impedance tomography
data proposed in chapter 6.
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Chapter 2

Fundamentals

The purpose of this chapter is to provide the background necessary to follow along
with the methodological contributions of the thesis. The first part of the chapter,
section 2.1, introduces relevant methods from the field of probabilistic inference with
a focus on parametric and nonparametric regression. These methods form the basis
for estimators developed in later chapters. The second part of the chapter, section 2.2,
comprises a brief introduction to respiratory physiology and mechanical ventilation.
The aim is to provide the fundamentals of respiratory system functions, particularly
respiratory mechanics, and challenges related to patient-ventilator interaction such as
the invasive measurement of respiratory effort.

2.1 Parametric and nonparametric regression

The question at the heart of this thesis is how latent parameters and states, e.g., of
the respiratory system, can be inferred from available, noisy measurements. A suitable
candidate for solving such problems is Bayesian inference as it provides a very natural
way of dealing with uncertainty in measured data and estimates. Most of the estimation
problems treated in this thesis can be posed as regression analyses. The following
sections will therefore focus on inference of regression functions, i.e., on learning
mappings between training input-output pairs denoted by xi and yi, respectively. In
the Bayesian setting, this involves placing a prior on a function (or on parameters of the
function) and then calculating the function posterior by conditioning on the available
data. The following sections will first introduce the standard parametric Gaussian
regression model, followed by several extensions, including robust regression models,
Gaussian processes and stochastic differential equations.

2.1.1 Parametric Gaussian regression

First, consider the problem of learning functions defined by the linear model f(x) =
ϕ(x)⊤β, where ϕ(x) : RD → RF maps from the D-dimensional input space to an F -
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Chapter 2 Fundamentals

dimensional feature space. The features are the model’s regressors, and β ∈ RF is the
corresponding parameter vector. The goal is to infer β from noisy measurements

yk = f(xk) + ϵk = ϕ(xk)⊤β + ϵk, (2.1)

with k = 1, . . . , N , and predict the value of the function f(x∗) at a given test point x∗.
The variable ϵk is intended to account for deviations from the linear relationship. The
capacity of the model can be adjusted by changing the feature vector: to give an
example, polynomial regression on a one-dimensional domain (x ∈ R) corresponds to
using ϕ(x) =

[
1, x, x2, . . .

]⊤. In the following, a Bayesian paradigm is adopted, thus,
prior knowledge about the parameters is encoded via β ∼ N (µβ,Σβ). For sake of
brevity, only zero-mean parameter priors µβ = 0 will be considered, but the extension
to µβ ̸= 0 is straightforward. Here, it will be assumed that the measurement noise is
an identical and independently distributed zero-mean Gaussian variable ϵk ∼ N (0, σ2

n)
with variance σ2

n. A more general case of non-Gaussian noise will be treated in
section 2.1.2. The likelihood function factorizes over the data points and can thus
be written as

L(β|y) := p(y|β) =
N∏
k=1
N (yk; f(xk), σ2

n) = N (y; Φ⊤β, σ2
nI) (2.2)

where y = [y1, . . . , yN ]⊤ denotes the vector of measurements and Φ = [ϕ(x1), . . . , ϕ(xN )]
is the design matrix that contains feature vectors of all data points in its columns. As
both the prior and the likelihood have Gaussian distributions (i.e., the prior is conju-
gate), the posterior

p(β|y) ∝ p(y|β)p(β) (2.3)

can be calculated in closed form and is also Gaussian

p(β|y) = N (β;µβ,post,Σβ,post) (2.4)

with

µβ,post = σ−2
n Σβ,postΦy (2.5)

Σβ,post =
(
Σ−1
β + σ−2

n ΦΦ⊤
)−1

, (2.6)

which can be derived simply using Gaussian conditioning rules, refer to [170, section
2.1.1], [89, section 4.1]. The predictive distribution over the function value f∗ := f(x∗)
can then be calculated by propagating the parameter uncertainty forward over the
linear model, which yields

p(f∗|y) = N (f∗; mf,post(x∗), σ2
f,post(x∗)) (2.7)

8



2.1 Parametric and nonparametric regression

with

mf,post(x∗) = ϕ(x∗)⊤µβ,post (2.8)
σ2
f,post(x∗) = ϕ(x∗)⊤Σβ,postϕ(x∗) (2.9)

and is again a Gaussian distribution. Equation (2.7) implements what Rasmussen
and Williams [170] have called the function space view as it provides an estimate
of the posterior function for all input points x∗. A reformulation of the solution in
equations (2.8) and (2.9) can be obtained via the matrix inversion lemma, leading to

mf,post(x∗) = ϕ(x∗)⊤ΣβΦ
(
Φ⊤ΣβΦ + σ2

nI
)−1

y (2.10)

σ2
f,post(x∗) = ϕ(x∗)⊤Σβϕ(x∗)− ϕ(x∗)⊤ΣβΦ

(
Φ⊤ΣβΦ + σ2

nI
)−1

Φ⊤Σβϕ(x∗), (2.11)

refer to [170, section 2.1.2] for a detailed derivation. In cases where the number of
data points is larger than the number of features (N > F ), it is preferable to use
equations (2.8) and (2.9), which involves inversion of an F × F matrix. In other cases
with a larger number of features (F > N), which is common in inverse problems,
equations (2.10) and (2.11) are more advantageous, requiring inversion of an N × N
matrix.

The maximum a posteriori (MAP) parameter, i.e., the mode of the posterior, is
often used in statistical inference as a point estimate and serves as a surrogate for the
full posterior distribution. In the parametric Gaussian regression introduced above,
the MAP estimate coincides with the posterior mean, that is, β̂MAP = µβ,post. MAP
estimation on the model in equation (2.3) corresponds to solving the optimization
problem

β̂MAP = arg max
β

p(y|β)p(β) (2.12)

= arg min
β

− logL(β|y)− log p(β) (2.13)

= arg min
β

N∑
k=1

1
2σ2

n
(yk − ϕ(xk)⊤β)2 + 1

2β
⊤Σ−1

β β + const (2.14)

= arg min
β

1
σ2

n
∥y − Φ⊤β∥22 + ∥β∥2Σ−1

β

, (2.15)

where the negative log likelihood − logL(β|y) leads to a quadratic loss term and
− log p(β) gives rise to the Tikhonov regularization ∥β∥2Σ−1

β

:= β⊤Σ−1
β β, penalizing

the norm of the parameter vector. Under the regularization paradigm, prior know-
ledge about the parameters is imposed via a penalty on the model complexity and
measurements are incorporated via a loss function, which is to be minimized. Variants
of equation (2.15) have been widely used for solving regression problems in different

9



Chapter 2 Fundamentals

domains, in particular for preventing overfitting as the added regularization term favors
simpler models [62]. In equation (2.15) the trade-off between fitting the data and
constraining the parameters is controlled by the noise parameter σ2

n and the covari-
ance Σβ. A special case is obtained by using a diagonal covariance matrix Σβ = σ2

βI,
which is known as ridge regression. It can be easily verified that the MAP estimate in
this case only depends on the ratio λ = σn

σβ
, and thus depends on a single parameter

for adjusting the strength of the regularization. Another important special case of the
parametric Gaussian MAP regression is obtained by maximum likelihood (ML) estima-
tion, which corresponds to using an uninformative prior for β (i.e., by setting λ = 0)
and recovers the famous ordinary least squares (OLS) [219] regression result

β̂OLS = (ΦΦ⊤)−1Φy (2.16)

which is a special case of equation (2.5).
The linear model with a Gaussian conjugate prior constitutes the simplest instance of

the family of regression models used in this thesis. The following sections consider two
important generalizations. Firstly, section 2.1.2 discusses robust regression by means of
M-estimation, which is a generalization of the maximum likelihood method. Secondly,
section 2.1.3 examines distributions over functions given as a Gaussian process (GP),
which can be understood as the infinite-dimensional equivalent of the finite-dimensional
Gaussian distribution.

2.1.2 Robust regression

The classic Gaussian regression model and its variants (e.g., ridge regression and OLS),
have become popular mainly because they have simple closed-form solutions [137, 251].
However, on many real-world datasets the underlying assumptions are unrealistic, for
example, biomedical datasets are often strongly perturbed by artifacts [227]. Under the
simple Gaussian noise model, the posterior mean is known to be extremely sensitive to
outliers: in some cases even a single bad datum may completely distort the parameter
estimates. This can be understood as a direct consequence of the squared loss function,
which puts an excessive weight on data points with large residuals. Led by the
seminal work of Tukey and Huber [97, 223], these considerations have prompted the
development of robust statistical estimators that are less affected by pertubations
than classic least squares approaches. In the Bayesian setting, robustness can be
achieved by using a likelihood function with “fat tails”, i.e., the distribution should
have larger kurtosis than the Gaussian distribution to better account for the outliers. A
common approach is to use a Laplace noise model (plotted in figure 2.1), for which the
maximum likelihood estimator is obtained by minimization of the mean absolute error.
In this section, a generalization of maximum likelihood estimation called M-estimation,
proposed by Huber [97], will be discussed. The method replaces the negative log
likelihood ∑k− logL(β|yk) with a more general loss function ∑k ρ(rk), which must not

10
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Fig. 2.1: An illustration of likelihood and loss functions used in this thesis. The squared
and absolute loss functions are commonly used for solving regression problems and
correspond to a Gaussian and Laplace likelihood, respectively. The Huber loss and
the Tukey’s bisquare loss have been proposed under the M-estimation framework as
robust alternatives to the squared loss function. The Huber function [97] is quadratic
for absolute values < α and linear elsewhere. Tukey’s bisquare [22] has quadratic
behavior close to the origin and is constant for absolute values > c.

necessarily relate to a proper probability distribution, and here rk denotes the residuals
of the model. In order to reach robustness, ρ is typically constructed to increase less
rapidly for larger values than the classic quadratic loss. Two examples are plotted in
figure 2.1. A very commonly used robust regression function is Huber’s loss [97, p. 75],
which has a quadratic shape for residuals close to zero, but increases linearly for
larger values. Robustness can be adjusted via the parameter α, which determines the
transition point between the quadratic and linear regime, refer to figure 2.1. Huber’s
loss function has been recommended as a reliable choice in most regression problems
perturbed by outliers [251, p. 37]. Even higher robustness can be achieved via Tukey’s
bisquare function [22, section 7], also plotted in figure 2.1. Similar to Huber’s loss, it
has a quadratic shape close to the origin, but puts a constant loss on all larger residuals,
and the cutoff is determined by the parameter c shown in figure 2.1. Notably, due to
the constant part of the function, it cannot be represented by maximum likelihood
estimation. M-estimation is one of the most prevalent techniques for robustifying
regression models, and has been employed in a wide range of domains, refer to [227]
for an overview. It appears to be particularly useful for estimating parameters in
biomedical data, where model mismatch and artifacts are omnipresent. In general,
M-estimators do not have closed-form solutions and therefore require iterative solvers.
In this thesis, iteratively reweighted least squares (IRLS) is used, which weights all
data points according to their influence on the solution of a standard least squares
problem. The weights can be determined as 1

r
dρ(r)

dr , where ψ(r) = dρ(r)
dr is called the

influence function and r are residuals, refer to [250, section 9.4] for further details.
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Chapter 2 Fundamentals

In many cases, IRLS only requires very few iterations for convergence — of course,
gradient descent can also be used for solving M-estimators, but would often require
more iterations than IRLS.

2.1.3 Nonparametric Gaussian regression

The parametric Gaussian model, introduced in section 2.1.1, implicitly imposes a prior
on the values of the function f(x) [170]. It can be easily shown that its mean is

mf (x) := ϕ(x)⊤µβ (2.17)

and the covariance between function values at any two input points x and x′ is given
by the inner product

kf (x, x′) := ϕ(x)⊤Σβϕ(x′). (2.18)

However, a parametric prior might not be the most natural way of formulating know-
ledge about the characteristics of the function space because it might be difficult to
relate the parameter prior to the desired property, e.g., smoothness, periodicity or
stationarity of functions [183]. Thus, the following question arises: is there a more
direct way to describe distributions over functions?

An extension of the feature-based Gaussian regression can be obtained by exploiting
the fact that in equation (2.10) and (2.11) features only appear as inner products
ϕ(x)⊤Σβϕ(x′) and thus could be rewritten in terms of the functions’ prior covariance
defined above. Interestingly, for certain sets of features it is possible to analytically
derive the solution to the inner product ϕ(x)⊤Σβϕ(x′) without ever having to explicitly
evaluate the feature map ϕ(x). This approach is referred to as kernel trick and allows
to work with high-dimensional, possibly infinite-dimensional, feature sets by defining
a positive definite kernel function k(x, x′) [199]. For instance, the squared exponential
(SE) kernel

kSE(x, x′) = σ2
SEexp

(
(x− x′)2

2ℓ2SE

)
(2.19)

with univariate inputs x and x′, length-scale ℓSE and variance σ2
SE can be derived as

the inner product of an infinite number of equispaced Gaussian basis functions [129,
section 3.1]. In that sense, kernels provide a nonparametric approach to the Gaussian
regression stated in equations (2.10) and (2.11), allowing to represent an infinite
number of features and weights, without having to compute them explicitly.

Gaussian process regression

In the following, the nonparametric regression idea will be explored in terms of
Gaussian processes (GPs). GPs are stochastic processes that are used to describe
distributions over functions on a continuous domain by assigning covariance to finite
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2.1 Parametric and nonparametric regression

subsets of function values. GPs have been employed in a wide range of problems,
including, among others, in spatio-temporal statistics and machine learning. The
interested reader is referred to the book by Rasmussen and Williams [170] for a
comprehensive introduction. Formally, the function f(x) is a Gaussian process with
mean function mf (x) and kernel function kf (x, x′) if any finite subset of function values
f(x1:N ) := [f(x1), . . . , f(xN )]⊤ has a joint multivariate Gaussian distribution

f(x1:N ) ∼ N (mf,X ,Kf,XX) (2.20)

with mean vector

mf,X = mf (x1:N ) := [mf (x1), . . . ,mf (xN )]⊤ (2.21)

and covariance matrix
Kf,XX = kf (x1:N , x1:N ), (2.22)

where kf (x1:N , x1:N ) denotes the evaluation of the kernel for all pairs of input points
(i.e., K(i,j)

f,XX = kf (xi, xj)). The GP distributed function is denoted by

f(x) ∼ GP(mf (x), kf (x, x′)). (2.23)

Based on the definition above, a GP can be understood as the limit of a multi-
variate Gaussian distribution, allowing to assign a probability measure over an infinite-
dimensional function space [89, section 4.1]. Its finite-dimensional marginal is obtained
by extracting the appropriate subvectors and submatrices from the mean and kernel
function, respectively. The mean function specifies the average value of the distribu-
tion, and the kernel defines how different points co-vary against each other:

mf (x) = E [f(x)] (2.24)
kf (x, x′) = E

[
(f(x)−mf (x))(f(x′)−mf (x′))

]
. (2.25)

The mean is usually, without loss of generality, chosen to be constant or zero. Thus,
the main tool for modeling the characteristics of the function and encoding prior
knowledge is the kernel. In machine learning, a very common approach is to exploit
local correspondence between data points: when inputs points are close together,
their covariance is modeled to be high and to decrease with larger distance. This
is commonly implemented via the squared exponential kernel, refer to equation (2.19).
Several other kernels may be considered for biomedical data, some of which will be
introduced in section 2.1.3.

GPs can be used as priors over latent functions, allowing to infer hidden struc-
ture from measured data and predict new inputs. In GP regression, measurements
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Fig. 2.2: An illustrative example of Gaussian process regression. The left plot depicts samples
and the confidence interval of a zero-mean GP prior f(x) with squared exponential
kernel and hyperparameters set to unit values. Conditioning on the data using
a small measurement noise σn = 0.01 yields the posterior GP fpost(x), for which
samples, mean and confidence interval are depicted in the two remaining plots. The
mean is plotted as a black line and the 95 % confidence interval as a shaded area.

y = [y1, . . . , yN ]⊤ are modeled using the same Gaussian likelihood function as in
section 2.1.1. Thus the GP regression model can be stated as

f(x) ∼ GP(mf (x), kf (x, x′)) (2.26)

p(y|f(x1:N )) =
N∏
k=1
N (yk; f(xk), σ2

n), (2.27)

where σ2
n is the variance of the measurement noise. Given the vector of measurements

y, the goal is to predict the value of the function at a given test point x∗. In the case
of Gaussian measurement noise, the posterior

fpost(x∗) ∼ GP(mf,post(x∗), kf,post(x∗, x′∗)) (2.28)

has a closed-form solution and is also a Gaussian process defined by

mf,post(x∗) = kf (x∗, x1:N )
(
Kf,XX + σ2

nI
)−1

y (2.29)

kf,post(x∗, x′∗) = kf (x∗, x′∗)− kf (x∗, x1:N )
(
Kf,XX + σ2

nI
)−1

kf (x1:N , x
′
∗), (2.30)

where Kf,XX is the N × N kernel matrix, kf (x, x1:N ) := [kf (x, x1), . . . , kf (x, xN )] is
defined as an N -dimensional vector and kf (x1:N , x) := kf (x, x1:N )⊤ as its transpose,
refer to [170, section 2.2] for a detailed derivation. Equations (2.29) and (2.30) can be
recognized to be the nonparametric equivalent of the parametric Gaussian regression
solution in equations (2.10) and (2.11). Figure 2.2 shows a simple example of a GP
prior with squared exponential kernel and its posterior on an illustrative dataset. A key
advantage of GPs compared to simpler parametric regression models is their ability to
directly incorporate prior assumptions about the data, such as smoothness, noisiness or
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Fig. 2.3: The marginal log likelihood surface for two hyperparameters of a zero-mean GP (with

SE kernel) on a toy dataset. The likelihood L(θ|y) has two optima, corresponding
to different interpretations of the data: a short length-scale ℓSE with small level of
noise σn or a large length-scale ℓSE with high level of noise σn. The resulting GP
posterior is plotted for three different sets of hyperparameters. The posterior mean
is plotted as a black line and here the shaded area represents one positive and one
negative standard deviation from the mean (which is different from figure 2.2, but
better visualizes the relation between the GP and data points).

periodicity. The main computational challenge of GP regression comes with the need
to solve linear systems involving the kernel matrix. In practice, to improve numerical
stability, this is done using Cholesky decomposition, which requires O(N3) runtime
and O(N2) storage. These requirements pose significant practical limitations as they
render GP regression intractable on all but the smallest datasets [124, 127, 240]. Thus,
a recurring theme of this thesis will be the reduction of computational complexity on
temporal and spatio-temporal data, which will be discussed in detail in chapters 5–6
and represents a central contribution of this thesis.

An important advantage of GP regression is that — as a Bayesian framework — it
provides means to learn hyperparameters θ of the model, such as the measurement noise
variance σ2

n or parameters of the kernel. Calculating the full posterior distribution over
the hyperparameters proves to be analytically intractable (and would require Markov
chain Monte Carlo sampling or approximate inference), which is why most researchers
resort to maximum marginal likelihood estimation (sometimes called type-II maximum
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likelihood estimation). The marginal log likelihood of the hyperparameters has the
closed-form solution

logL(θ|y) = −1
2y
⊤
(
Kf,XX + σ2

nI
)−1

y − 1
2 log

∣∣∣Kf,XX + σ2
nI
∣∣∣− N

2 log 2π, (2.31)

and can be maximized using gradient ascent [170]. An illustrative example of a
hyperparameter likelihood surface is shown in figure 2.3. Equation (2.31) requires
solving a linear system and calculating the log determinant of the kernel matrix,
which is again solved using Cholesky decomposition, leading to an O(n3) runtime
for hyperparameter learning.

Kernel functions

Not every bivariate function is automatically a proper kernel. It must meet the
requirements of a positive semi-definite function, which means that for any set of
inputs x1:N the corresponding kernel matrix k(x1:N , x1:N ) must be a positive semi-
definite matrix [170, section 4.1]. The following section briefly introduces commonly
used kernel functions, focusing on those that are relevant to temporal biomedical data
(for example for modeling smoothness or quasi-periodicity). It will also discuss a few
techniques for constructing new kernels from existing ones. When a kernel function
k(x, x′) only depends on the difference τ = x−x′, it is referred to as a stationary kernel.
In some cases the shortened notation k(δ) := k(x, x′) will be used when a stationary
kernel can be written in terms of a distance δ between x and x′. Stationarity can
be exploited for easing the computational complexity of GP regression, which will be
discussed later on in section 2.1.4 and chapter 6.

The squared exponential kernel kSE has already been introduced in equation (2.19).
It is one of the most widely used stationary kernel functions, because it gives rise to
a distribution of very smooth (infinitely mean-square differentiable) functions [170,
section 4.2.1]. Though, it has been argued that functions generated by the squared
exponential kernel may be overly smooth and unrealistic for describing physical processes
[170, 217]. A viable alternative is the Matérn kernel family [131], which allows to
adjust smoothness of functions via the parameter ν. Functions sampled from a GP
with Matérn covariance are k times mean-square differentiable if and only if ν > k

[170, section 4.2.1]. For half-integer values ν = k + 1
2 with k = 0, 1, 2, . . . Matérn
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kernels can be written as simple expressions, and the most commonly used cases are
ν = 1

2 , ν = 3
2 and ν = 5

2 , which are given by

kMat,ν= 1
2
(δ) = σ2

Mat exp
(
− δ

ℓMat

)
(2.32)

kMat,ν= 3
2
(δ) = σ2

Mat

(
1 +
√

3δ
ℓMat

)
exp

(
−
√

3δ
ℓMat

)
(2.33)

kMat,ν= 5
2
(δ) = σ2

Mat

(
1 +
√

5δ
ℓMat

+ 5δ2

3ℓ2Mat

)
exp

(
−
√

5δ
ℓMat

)
, (2.34)

where σ2
Mat is the variance and ℓMat the length-scale parameter. The case ν = 1

2
corresponds to the exponential kernel, which on a one-dimensional domain is the
covariance function of the Ornstein-Uhlenbeck process [225]. For ν → ∞ the Matérn
covariance converges to the squared exponential [170, section 4.2.1].

Given positive definite kernels k1(x, x′) and k2(x, x′), the sum k1(x, x′) + k2(x, x′)
and product k1(x, x′)·k2(x, x′) are also positive definite kernels. These two simple rules
already allow to construct highly expressive models, e.g., by combining existing kernel
functions with different characteristic length-scales. Another useful technique for
adapting existing models is vertical rescaling with a deterministic function σ : Din → R,
which leads to the non-stationary covariance function σ(x)k(x, x′)σ(x′). If k(x, x′) has
unit variance, σ(x)2 directly determines the variance of the rescaled kernel at each
input x. Another technique worth mentioning is to transform points in the input
space via a mapping (or warping) function ϕ : Din → Dout which gives rise to the kernel
k(ϕ(x), ϕ(x′)) and allows to construct kernels with non-stationary length-scales. The
output space Dout of the mapping must not necessarily have the same dimensionality
as the input space Din.

Using the warping technique, MacKay [129, section 5.4.3] constructed a particularly
useful family of kernels: he proposed to map one-dimensional inputs x ∈ R to the
two-dimensional space u(x) = [sin(2πx/p), cos(2πx/p)]⊤, where p is the period length.
When using a (locally) smooth kernel on the transformed points u(x) this gives rise
to the periodic kernel k(u(x), u(x′)). For instance, by using an isotropic squared
exponential kernel, one obtains

kPer(δ) = σ2
Per exp

(
−2 sin2 (πδ/p)

ℓ2Per

)
, (2.35)

where σ2
Per denotes the variance and ℓ2Per the local length-scale. This kernel generates

a distribution of strictly periodic functions with period length p and local behavior (on
length-scales < p) is similar to a squared exponential kernel. The same construction
could be done with other local kernels, e.g., to change local smoothness. The periodic
kernel proves to be highly useful for modeling biomedical problems, which are often
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governed by periodic patterns. To allow for deviations from a fixed waveform over
periods, quasi-periodic kernels can be constructed by multiplying the strictly periodic
function kPer with a smooth kernel function that has length-scale > p. In this thesis,
quasi-periodicity will be modeled by multiplication with the squared exponential,
leading to

kQP(δ) = kSE(δ)kPer(δ). (2.36)

2.1.4 Linear stochastic differential equations

The regression models introduced in this chapter are usually computed via batch
methods, which means that all observations y = [y1, . . . , yN ]⊤ are required to solve
the inference. A batch solution has important practical limitations: for instance,
the runtime of GP regression scales cubically with the number of data points, which
is intractable on long (possibly unbounded) time-series data. This is even more
problematic in real-time applications, where the inference would have to be updated
with every new data point [72, 211]. The following section therefore investigates
reformulations of temporal GP priors in terms of state-space models. In modern
machine learning research, the representation of GPs as kernels is prevalent. However,
the state-space view of GPs has been known and used for a very long time, for example
in statistical physics in the form of Brownian motion and the Ornstein-Uhlenbeck
process [225]. This was also precisely the subject of Kalman’s seminal 1960 paper [108]
in which he presented a state-space reformulation of the Wiener filtering problem [85].
The reformulation in state-space form gives rise to highly scalable recursive algorithms
based on Kalman filters/smoothers, which process one data point at a time, leading
to quasi-linear complexity.

Note that for sake of simplicity, in this section, the time axis t is considered as the
input domain, but this can of course be generalized to other one-dimensional domains.
Here, the aim is to represent the temporal stochastic process f(t) as a linear stochastic
differential equation (SDE) of the form

dx(t) = Fx(t) dt+ Ldβ(t), (2.37)

where the state vector x(t) contains the derivatives of f(t), β(t) is a Brownian motion
(mathematically described by the Wiener process) with diffusion constant qc, the
process is defined by constant system matrices F and L with appropriate dimension,
and the expression dβ(t) corresponds to the increment of an Itô integral, refer to [191,
chapter 4] for further details. By defining a measurement matrix H, f(t) can be
extracted from the system’s states via f(t) = Hx(t).

The solution trajectory of the SDE is a Gaussian process, because it is given by
a linear transformation of a Brownian motion (which is a Gaussian process) and
Gaussianity is preserved under linear operations [191, section 6.1]. The stationary
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state covariance of f(t) (i.e., after letting the process run for an infinite time) can be
calculated in closed-form in terms of the state-space matrices and is given by

kf (τ) =

HP∞Φ(τ)⊤H⊤, if τ ≥ 0
HΦ(−τ)P∞H⊤, if τ < 0

, (2.38)

where Φ(τ) = exp(Fτ) is a matrix exponential with τ = t − t′, and P∞ is computed
from the continuous-time algebraic Lyapunov equation

dP∞
dt = FP∞ + P∞F⊤ + LqcL

⊤ = 0, (2.39)

which has a solution when the model described by the state matrix F corresponds to
a stable system [188, 191].

Converting covariance functions to state-space models

The close relation between covariance functions and SDE models provides a range
of new techniques for working with Gaussian processes, including Kalman filtering/
smoothing algorithms as well as methods from control theory. In a series of papers,
Simo Särkkä and colleagues have investigated this very fruitful connection in detail [85,
188–190, 192, 212]. Notably, they have presented practical methods for converting
kernel functions to equivalent state-space models.

In the following, the general technique for constructing a state-space model described
by F , L and qc for a given covariance function k(τ) of a process f(t) will be discussed.
The framework presented by Särkkä and Hartikainen [85] relies on the spectral density,
which is the expectation of the squared Fourier transform F (iω) of the process:

S(ω) = E
[
|F (iω)|2

]
= E [F (iω)F (−iω)] (2.40)

The Wiener-Khinchin theorem states that the spectral density forms a Fourier trans-
form pair with the covariance function, that is, S(ω) is immediately given by the
Fourier transform of k(τ):

S(ω) =
∫ ∞
−∞

k(τ)e−jωτdτ. (2.41)

When the spectral density can be written as a rational function, spectral factorization
can be applied, leading to

S(ω) = G(iω)qcG(−iω), (2.42)

where all poles of G(iω) have positive imaginary parts and all poles of G(−iω) have
negative imaginary parts. Then, to obtain a state-space model with the same spectral
density, one can construct a linear system with transfer function G(iω) driven by white
noise with spectral density qc. The construction of a state-space model with a given
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2.1 Parametric and nonparametric regression

rational transfer function G(iω) is straightforward, e.g., by using companion form (or
canonical controllable/observable form). The reformulation proposed by Särkkä at
al. is exact for Markovian kernel functions like the Matérn kernel — other kernels like
the squared exponential or periodic kernel would theoretically give rise to an infinite-
dimensional state dimension, which is why finite-dimensional approximate forms have
been proposed [85, 190, 212].

Example. To illustrate the approach described above, the equivalent state-space repre-
sentation for the Matérn kernel is treated below, as detailed in [192, 210]. The
spectral density of the Matérn kernel for half-integer values ν = p+1/2 is simply
given by

SMat(ω) = qc(λ2 + ω2)−(p+1), (2.43)
which is a rational function, and can be factorized as

S(ω) = (λ+ iω)−(p+1)qc(λ− iω)−(p+1), (2.44)

where λ =
√

2ν/ℓMat. Thus, a state-space model can be constructed from the
transfer function

G(iω) = (λ+ iω)−(p+1), (2.45)
corresponding to the stable part of S(ω). For half-integer values of ν, equa-
tion (2.45) can be expanded to get the coefficients of the denominator polynomial.
To give an example, the transfer function G(iω) for ν = 3

2 has a denominator
polynomial of degree two with coefficients 1, 2λ, λ2. The corresponding SDE with
F and L in controllable canonical form is given by

dx(t) =
[

0 1
−λ2 −2λ

]
︸ ︷︷ ︸

F

x(t)dt+
[
0
1

]
︸︷︷︸
L

dβ(t), (2.46)

where the diffusion constant of the Brownian motion is qcλ3σ2 [210]. The first
component of the state vector is equivalent to the GP with Matérn covariance
and can be extracted via the measurement matrix H =

[
1 0

]
.

When the spectral density can not be written as a rational function, like for the
squared exponential or periodic kernel, approximate forms must be used. For the
squared exponential kernel, truncated Taylor series or Padé approximants have been
proposed, refer to [85, 190]. The spectral density of the periodic kernel consists of a
series of Dirac delta functions at the fundamental frequency and higher harmonics — it
is therefore not suited for a polynomial approximation [175]. Instead, Solin and Särkkä
proposed to use a set of parallel harmonic oscillators, whose initial states are tuned to
emulate the behavior of the periodic GP [212]. For these types of kernels, the state-
space model may in some cases require a relatively large number of states, e.g., due to
a high-degree rational function or a large number of harmonic oscillators, to achieve a
good approximation of the original kernel.
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Fig. 2.5: A comparison of GP batch regression, Kalman filtering and smoothing solutions for
a squared exponential kernel on an illustrative dataset. Hyperparameters of the
kernel were set to unit values and σn = 0.01. The state-space model was derived
from a sixth-order Taylor expansion of the spectral density. The posterior mean is
plotted as a black line and the 95 % confidence interval as a shaded area.

Sequential inference

The reformulation in state-space form allows to solve the GP regression efficiently in
a sequential fashion. To this end, the continuous model needs to be discretized with
respect to the noisy measurements y1, . . . , yN at time points t1, . . . , tN , which yields
the discrete-time model

x(tk+1) = Akx(tk) + qk

yk = Hx(tk) + ϵ,
(2.47)

where qk ∼ N (0, Qk) is process noise and ϵ ∼ N (0, σ2
n) is measurement noise. The

discrete-time matrices can be determined using the analytical expressions

Ak = Φ(∆tk) (2.48)

Qk =
∫ ∆tk

0
Φ(∆tk − τ)LqcL

⊤Φ(∆tk − τ)⊤dτ, (2.49)

where Φ(τ) = exp(Fτ), and the integral in (2.49) can be solved numerically by using
matrix fraction decomposition, refer to [185, remark 2.2]. The model in (2.47) is now in
a form that can be used in standard Bayesian state estimation, e.g., via linear Kalman
filtering/smoothing, which processes data points sequentially. The batch GP regression
solution is recovered by the Rauch-Tung-Striebel smoother [172]: it first executes the
standard linear Kalman filter, which goes over data points forward in time, and then
employs a backward smoothing pass to improve these estimates, refer to appendix A.2
for details. The forward pass must be initialized with the steady state covariance
matrix, i.e., x(t0) ∼ N (0, P∞). The state can be predicted at any given test point
t∗ by discretizing the model for that point and doing forward/backward prediction
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from the previous and subsequent data point. The GP batch solution and Kalman
filter/smoother solutions are visualized in figure 2.5. Computational complexity of GP
regression is reduced to O(NM3), where N is the number of timesteps and M is the
dimension of the state vector. In practice, due to N ≫ M , the complexity is usually
dominated by the linear term. Finally, it is also worth mentioning that the marginal
model likelihood can be calculated alongside a single forward Kalman filter pass, which
enables highly efficient optimization of hyperparameters, refer to appendix A.2 and to
[187, section 12.3.2] for further details.

2.2 Respiratory physiology and mechanical ventilation

Having explained the basics of parametric and nonparametric regression in the previous
section, this next section will provide the physiological and clinical fundamentals
necessary for understanding the methodological parts of this thesis. In the following
sections, an introduction to the physiology of the human respiratory system is given,
ranging from respiratory anatomy to respiratory control and lung mechanics. Means of
providing respiratory support to patients who cannot sustain sufficient respiration due
to failure of parts of the respiratory system are also discussed briefly. Among the many
directions currently being explored for improving mechanical ventilation therapy, the
main focus of this section (and of the whole thesis) is on the measurement of respiratory
muscle effort, which is a key prerequisite for implementing a diaphragm-protective
ventilation strategy. This treatment approach has been proposed as a highly promising
technique to improve the long-term outcome and well-being of critically ill patients
undergoing mechanical ventilation, and will be treated in detail in section 2.2.2.

2.2.1 Physiology

Most multi-cellular organisms, including humans, rely on aerobic metabolism of high-
energy molecules and thus a continuous supply of oxygen to cells to sustain life. The
process of taking up oxygen from the environment and removing carbon dioxide,
one of the main waste products of metabolism, is referred to as respiration. The
respiratory system comprises a series of organs and structures responsible for gas
exchange. Anatomically, it consists of the airways through which air is conducted, the
two lungs, the chest wall, and the respiratory controller [202, chapter 1]. Air enters the
body via the upper airways, where it is filtered from pollutants and moistened, and
then passes through the trachea into the two primary bronchi, leading to the lungs.
The bronchi branch into a tree-like structure of increasingly narrower tubes, finally
reaching small air-filled cavities, the alveoli. The alveolar membrane is permeable to
gases and surrounded by a network of capillaries, thus, oxygen and carbon dioxide can
be exchanged between air and blood via diffusion [235].
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Fig. 2.6: An illustration of the human chest including the lungs, rib cage and the main
respiratory muscles located in the chest wall.

In order for air to flow in and out of the lungs, a pressure gradient between alveolar
and airway opening pressure must be generated. In healthy, spontaneously breathing
humans, this is accomplished by expansion and contraction of the thoracic cavity by
means of skeletal muscles located in the chest wall (also referred to as thoracic wall).
On its inside, the chest wall is separated from the lungs by the pleural cavity, which
is a thin fluid-filled gap, enabling the lungs to move freely against it. This cavity
is enclosed by two opposing membranes, the visceral and parietal pleura, which stay
in close contact to each other through adhesive forces. Refer to figure 2.6 for an
illustration of the lungs’ anatomy. During relaxed breathing, the pressure inside the
pleural cavity, denoted by Ppl, is slightly negative due to the inward elastic recoil of
the lung tissue which is balanced by the rib cage and diaphragm [202, 235].

The most important inspiratory muscle in humans is the diaphragm, see figure 2.6.
It is a dome-shaped muscle located at the base of the lungs between the thoracic and
the abdominal cavity. Its muscle fibres attach anteriorly/laterally to the costal margin
and posteriorly to the 11th and 12th ribs as well as the vertebral column [52]. The
fibres converge into a non-contractile plate at the apex of the diaphragm called the
central tendon [52]. A contraction flattens the diaphragm, causing the thoracic cavity
to expand caudally. In addition to the diaphragm, the external intercostal muscles
also contribute to inspiratory efforts. They are located in the intercostal spaces shown
in figure 2.6 and their contraction causes motion of the rib cage outward, which also
increases the thoracic volume [47, 202]. Under relaxed breathing, expiration is often
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done passively by means of the elastic recoil forces of the lungs and chest wall. Under
exercise or when respiratory load is increased, expiratory muscles can be recruited
to actively contract the thoracic cavity. The main muscles involved are the internal
intercostal muscles shown in figure 2.6, which help to lower the rib cage, and the
abdominal wall muscles, which increase abdominal pressure, pushing the diaphragm
into a more superior position [47].

The rate and depth of spontaneous breathing is controlled by the respiratory center
located in the medulla oblangata and pons within the brain stem [202, chapter 2]. The
respiratory center receives afferent stimuli from central and peripheral chemoreceptor
cells which provide feedback with respect to partial pressures of oxygen and carbon
dioxide as well as acidity (pH) of arterial blood. Other types of receptors also give
relevant feedback such as stretch receptors and mechanoreceptors located in the lung
and diaphragm. The respiratory center aims to keep the partial pressures, and in
particular CO2, which is the primary driver of breathing effort, within tight bounds by
generating a breathing pattern [220]. It excites the diaphragm via the phrenic nerve,
and the intercostal muscles via the intercostal nerves. The abdominal muscles are
innervated by lower intercostal, subcostal and lumbar nerves [221]. Breathing patterns
can also be generated consciously, for instance, automatic control can be overwritten
or modulated by volitional control via cortical or limbic pathways [92].

2.2.2 Respiratory failure and assisted ventilation

When patients are unable to perform the work of breathing required for respira-
tion — a condition referred to as respiratory failure — mechanical ventilation is used
as a life-saving intervention. There is a wide range of conditions that can lead to
respiratory failure, concerning different components of the respiratory system. This
includes failure of the respiratory pump (e.g., due to muscular or neurodegenera-
tive diseases), lung conditions that affect alveolar gas exchange (e.g., pneumonia or
interstitial lung disease), and diseases that obstruct airflow (e.g., chronic obstruc-
tive pulmonary disease). One condition that has received tremendous attention from
researchers due to its severity is the acute respiratory distress syndrome (ARDS),
which has been described as “the sum of most of the problems encountered in intensive
care” [64]. It is a rapid onset of systemic inflammation characterized by pulmonary fluid
accumulation and damage to the alveolar barriers [132]. Despite decades of research,
its mortality remains very high at around 35 % to 40 % [28].

Mechanical ventilation is used to support or fully replace spontaneous breathing —
per se, it is not intended as therapy for the underlying disease, but rather provides
additional time for healing and treatment [64]. A wide range of ventilation modes
exist today, most of which generate a pressure gradient against the alveoli by applying
positive pressure at the airway opening or in the trachea, denoted by Paw. In controlled
mandatory ventilation modes, breaths are determined mostly by the ventilator and
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have a preset amplitude and shape, without requiring any spontaneous effort from the
patient. In contrast, in assisted ventilation modes, the work of breathing is shared
between patient and machine, which provides relief for the patient while promoting
spontaneous efforts [78]. For instance, in pressure support ventilation (PSV), which
is the prevalent assisted ventilation mode [57], the patient triggers every breath (via
a fixed flow threshold) and then the ventilator delivers a constant support pressure.
Usage of assisted ventilation is beneficial to many patients — in particular for improving
oxygenation [166] and for weaning — but it also necessitates very careful monitoring
of patient effort and patient-ventilator interaction. Injury to the lungs and diaphragm
from excessive or asynchronous spontaneous efforts must be prevented, but at the
same time, the level of respiratory activity must be high enough to not exacerbate
respiratory muscle atrophy. A brief overview of selected mechanisms involved in lung
and diaphragm injury during assisted ventilation is provided below, refer to [31, 68,
244] for more details.

Lung injury during assisted spontaneous breathing

There is accumulating experimental and clinical evidence for mechanisms of lung
injury via spontaneous breathing [31]. In severe ARDS, clinical trials have shown that
early usage of neuromuscular blockade, preventing spontaneous efforts, reduces both
barotrauma and mortality [154]. Experimental data by Yoshida et al. [245] in ARDS
animal models confirmed that strong spontaneous breathing causes transpulmonary
pressure Ptp, i.e., total pressure acting on the lung, to reach injurious levels that exceed
the plateau pressure visible on the ventilator. In addition, some types of patient-
ventilator asynchrony (e.g., double triggering and reverse triggering) have been linked
to an increase of tidal volume and transpulmonary pressure, which also contributes to
lung stress [244]. Finally, several other harmful patterns have been associated with
strong breathing effort such as pendelluft and increased perfusion causing edema, refer
to [31, 244] for further details.

Diaphragm injury during assisted spontaneous breathing

The harmful effects of mechanical ventilation on diaphragm health have also been
widely recognized as an important factor for patient outcome [197]. Ventilator-induced
diaphragm dysfunction (VIDD) is very common and predisposes to prolonged venti-
lator dependence [65]. Notably, Dres et al. [53] found that 63 % of studied patients
had diaphragm dysfunction when undergoing their first spontaneous breathing trial
and, in these patients, weaning failure was more likely to occur. Several mechanisms
of diaphragm myotrauma were identified and described [31]. One of the most relevant
mechanism is muscle atrophy due to overassistance and diaphragm disuse. Goligher
et al. [66] reported a decrease in diaphragm thickness in 44 % of ventilated patients

26



2.2 Respiratory physiology and mechanical ventilation

(measured over one week) and revealed its correlation with high driving pressure as well
as low diaphragm contractile activity. Another important mechanism is load-induced
diaphragm injury due to ventilator underassistance. Repeated concentric diaphragm
contractions against excessive loads induce acute diaphragm injury and inflamma-
tion [103]. The effect of eccentric diaphragmatic loading is believed to be even more
damaging [197] and occurs when the diaphragm contracts during the expiration.

Lung- and diaphragm-protective ventilation

Considering the mechanisms described above, the following can be concluded: to avoid
injury to the lungs and diaphragm during assisted ventilation, spontaneous breathing
must be monitored very closely and kept within a safe range. This paradigm has come
to be known as lung- and diaphragm-protective ventilation. It has been formulated
across a series of publications, see [31, 67, 68, 197], whose authors advocate to
tailor an adequate workload share between patient and ventilator and to optimize
patient-ventilator interaction by reducing asynchronous breathing. These problems
(optimizing workloads and asynchrony) are directly tied to the challenge of accurately
recognizing the amplitude and timing of the patient’s own respiratory effort, which
will be the focus of section 2.2.4 and following chapters.

2.2.3 Lung mechanics modeling

Mathematical models of the lung have long been used for improving understanding of
physiology, simulating data, and estimating respiratory parameters. In the following,
the most commonly used model of lung mechanics, the linear equation of motion
(EqM), is derived. It has been known at least since the early 1950s, where it was
formulated by Otis et al. [153], and goes back to the pioneering work by Rohrer [178,
179], who discovered many of the essential principles of lung mechanics. Note that this
model uses a lumped-element approach, that is, physical quantities will be assumed
to be homogeneous and the system will be represented by idealized pneumatic compo-
nents, which are visualized by the single-compartment model in figure 2.7. Under this
model, the total pressure acting on the respiratory system is the sum of the pressure
at the airways Paw generated by the ventilator and the pressure Pmus (with Pmus > 0
representing inspiratory effort) exerted by the respiratory muscles:

Prs(t) = Paw(t) + Pmus(t). (2.50)

The applied respiratory system pressure Prs(t) forms an equilibrium with the opposing
pressures arising from air, lung and thorax motion. Firstly, the motion of air leads to
a pressure drop

Pres(t) = RV̇ (t) (2.51)
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Fig. 2.7: The single-compartment model of lung mechanics. The diagram on the left provides
an overview of the model’s main components and parameters. The alveolar space
is represented by a single cavity with volume V enclosed by two elastic containers,
the lung and chest wall, with elastances EL and Ecw, respectively. The airways are
represented by a narrow tube, which has a pneumatic resistance R against the flow
of air V̇ . The equivalent circuit diagram on the right uses electrical components to
represent this model. Airflow is represented by current, volume is represented by
electrical charge, and pressure is represented by voltage. The respiratory cavity
is implemented using two capacitors, whose capacitances are CL = 1/EL and
Ccw = 1/Ecw, respectively. The resistor models the pressure drop across the airways,
and its electrical resistance corresponds to the lung resistance R.

across the airways, which is assumed to be proportional to flow V̇ (t). The proportion-
ality constant R is the respiratory resistance. Equation (2.51) is a variant of the model
proposed by Rohrer [178], who also included a second pressure term proportional to
V̇ (t)|V̇ (t)|, which will here be omitted for sake of simplicity. Secondly, the extension
of lung tissue and thoracic wall creates an elastic recoil pressure

Pel(t) = (EL + Ecw)V (t), (2.52)

which is assumed to be proportional to the lung volume V (t). The proportionality is
determined by the parameters EL and Ecw, corresponding to the elastance of the lung
and chest wall, respectively. In clinical practice, people also often use compliance to
describe the respiratory system, which is the inverse of the elastance, i.e., CL = 1

EL
and

Ccw = 1
Ecw

. Given the expressions above, and using the equilibrium between applied
and opposing pressures, one gets

Prs(t) = Paw(t) + Pmus(t) = Pres(t) + Pel(t). (2.53)

Thus, the classic formulation of the EqM

Paw(t) + Pmus(t) = RV̇ (t) + (EL + Ecw)V (t) (2.54)
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can be constructed, which is a first-order differential equation in V (t). Another very
simple EqM can be derived using an equilibrium of all forces acting on the chest wall,
which leads to

Ppl(t) = EcwV (t)− Pmus(t), (2.55)
where Ppl(t) is the pleural pressure. This equation has been widely used in clinical
research for estimating Pmus, which will be discussed in detail in the following section.
Note that in this model Ppl is zero at end-expiration. A negative end-expiratory Ppl
could be modeled simply by changing the operating point of the chest wall charac-
teristic. Transpulmonary pressure can be expressed as the difference between airway
pressure and pleural pressure, i.e.,

Ptp(t) = Paw(t)− Ppl(t) = RV̇ (t) + ELV (t). (2.56)

It is important to keep in mind that the herein presented model omits many effects
that have been observed in practice such as inertance, nonlinearity, viscoelasticity, chest
wall resistance, flow-limitation, and more. Thus, it is not intended as a comprehensive
lung mechanics model, but rather as a basic description of the most important charac-
teristics. Much more complex models have been presented in the literature, including
nonlinear [16], multi-compartment [20], alveolar-based [95] and finite element method
(FEM) [18] models. However, it is precisely because of its simplicity that the equation
of motion still has great significance in clinical practice and in research.

2.2.4 Measurement of respiratory muscle effort

The measurement of respiratory muscle effort in mechanically ventilated patients
at the bedside is a challenging task. Observing the curves on the ventilator (of
airway pressure, flow and volume) is not sufficient because neither the timing nor
the amplitude of spontaneous breaths can be inferred with high accuracy due to the
underdetermined nature of the problem (i.e., there is linear dependency between the
predictors) [228]. A measurement of pleural pressure would be desirable, as it directly
reflects the influence of the respiratory muscles on the lungs. This was recognized early
on by respiratory physiologists who demonstrated measurement of pleural pressure first
in animals [50] and later in humans [15] by puncture of the pleural space, which,
however, involves considerable risk of lung injury. The current clinical standard
for assessing the respiratory muscle pressure Pmus is based on the measurement of
pressure in the esophagus with a nasogastric catheter. Esophageal pressure (Pes)
provides a surrogate for pleural pressure and is now used extensively in critical care
research. Further development and research of this approach is being pursued by the
Pleural Pressure Working Group (PLUG). Two recent papers by the PLUG group have
reviewed measurement techniques and applications of Pes in mechanically ventilated
patients, refer to [10, 134]. The measurement of Pes is usually made using an air-
filled balloon, which is positioned in the lower third of the esophagus just above the
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Fig. 2.8: An illustrative simulation of pneumatic data under assisted spontaneous breathing.
Esophageal pressure Pes can be understood as a superposition of respiratory muscle
pressure Pmus and the recoil pressure EcwV by the chest wall (plotted as an orange
line). The plot on the right is a Campbell diagram. It depicts the Pes–V loop and
the chest wall characteristic EcwV is plotted as a red line. The offset Pes,0 is assumed
to be zero.

diaphragm. After proper inflation of the balloon, intra-thoracic pressure variations
are transmitted through the esophageal wall and measured at the proximal end of the
catheter using a pressure transducer. This technique is considered to be minimally
invasive and does not involve a great risk of injury, but can be uncomfortable for
awake patients. The exact relationship between Ppl and Pes is still being debated and is
complicated by the fact that both are spatially inhomogeneous quantities [10]. A recent
study showed that Pes best represents Ppl in the dependent to middle lung region [243].
The relation also strongly depends on the balloon filling: at higher filling volumes, the
absolute value of Pes usually has a considerable baseline offset due to the elasticity of
the esophagus itself. Thus, many researchers have argued that only relative changes of
Pes should be interpreted and that its absolute value must be treated with caution. The
interested reader is referred to [141] for further details on dealing with these baseline
artifacts. Moreover, due to the close proximity of the heart, Pes is often strongly
disturbed by cardiac pressure artifacts, which significantly complicate interpretation
of the underlying respiratory activity and were shown to affect clinically important
quantities derived from it [201]. Several algorithms for reducing cardiac interference
have been proposed, including a template subtraction technique by Graßhoff et al. [75].

Given measurements of Pes, respiratory muscle pressure Pmus can be estimated under
the model stated in section 2.2.3. It can be assumed that

Pes(t) ≈ Ppl(t) + Pes,0, (2.57)
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where Pes,0 denotes the baseline offset pressure generated by the esophageal wall. Thus,
using equation (2.55) Pmus is estimated by correcting Pes for the influence of the chest
wall inflation via

Pmus(t) ≈ EcwV (t)− Pes(t) + Pes,0. (2.58)

To this end, an estimate of the chest wall elastance Ecw is needed, which can be
obtained under passive conditions [134] or during spontaneous breathing when the
expiration is passive as discussed by Graßhoff et al. [74]. The offset Pes,0 can simply be
estimated from Pmus by identifying a baseline of the signal in between muscle efforts.
There are two commonly used metrics for respiratory effort that can be derived from
Pmus. The first one, work of breathing (WOB), is a measure of pneumatic energy
expenditure, calculated as the integral of Pmus over volume, i.e.,

WOB =
∫
Pmus(V (t)) dV (t), (2.59)

which corresponds to an area enclosed by the Pes-volume diagram, also called Campbell
diagram, refer to figure 2.8. Another common metric is the pressure–time product
(PTP), calculated as the integral of Pmus over time, i.e.,

PTPmus =
∫
Pmus(t) dt, (2.60)

which is simply the area under the Pmus curve. Both metrics are typically calculated
in a breath-wise fashion as a measure of inspiratory effort. The pressure–time product
is considered to be advantageous when little volume is generated, for instance due to
muscle weakness or airway obstruction.

Despite its usefulness, Pes is not yet routinely employed in many clinics, because
it is hampered by technical difficulties [243]. The measurement is very dependent on
catheter positioning and therefore requires time-consuming preparation and calibra-
tion [21]. The Pes signal is considered quite difficult to interpret because, as discussed
above, it is influenced by the esophageal wall [141], cardiogenic pressure artifacts [75,
201] and elastic recoil of the chest wall [134]. As a consequence of these challenges, Pes
is still mainly considered a research tool and only used in very few specialized intensive
care units. To support adoption of diaphragm-protective ventilation in intensive care
units, a simpler non-invasive alternative to Pes is needed. The development of such a
technique will be the main focus of the following chapters.
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Chapter 3

The EMG-Pressure Relationship of
Respiratory Muscles

Both excessive and insufficient respiratory effort often go unnoticed in clinical practice,
but were found to be associated with mechanisms of lung and diaphragm injury and to
affect long-term outcome in patients under assisted mechanical ventilation. Esophageal
pressure, the current clinical gold standard for measuring respiratory effort, requires
placement and calibration of a nasogastric catheter, thus, it is only used in very few
intensive care units. Surface electromyography (surface EMG or sEMG) represents
a promising alternative to esophageal pressure for monitoring spontaneous breathing
effort. It enables a bedside measurement of the electrical activity of respiratory muscles
by means of electrodes placed on the thorax of the patient. This chapter contributes
to a broader understanding of respiratory sEMG and its relation to muscle pressure
Pmus measured with an esophageal balloon catheter. The chapter comprises a quanti-
tative analysis of EMG-pressure coupling, including correlation, linearity and channel
selection, on a large dataset of patients undergoing bronchoscopy with mechanical
ventilation.

Section 3.1 introduces the fundamentals of respiratory electromyography touching
both physiological and technical aspects of the measurement. The subsequent section 3.2
introduces the clinical dataset, signal processing chain and statistical evaluation method-
ology. Finally, in section 3.3, results are reported and then discussed in section 3.4.
Some of the results were presented in 2021 [77] at an online meeting of the Pleural Pres-
sure Working Group (PLUG), an international group dedicated to the development of
advanced respiratory monitoring techniques. Parts of this chapter were published in
two peer-reviewed journal articles [76, 78] first-authored by the author of the thesis.
For these publications, he conceived and performed the signal processing/statistical
analysis and wrote most of the manuscripts.

3.1 Introduction to respiratory electromyography

The first measurements of electrical respiratory muscle activity were conducted as early
as 1951 by Tokizane et al. [222], who used needle electrodes to show that breathing
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activity can be monitored by means of individual motor unit’s electrical discharges.
Since then, many studies have been published on respiratory electromyography ranging
from its physiology [24, 25, 54] over technical aspects such as signal acquisition and
processing [160, 162, 206, 207] to its clinical application [29, 48, 101, 113, 206]. The field
has gained major traction with the development of invasive esophageal measurement
techniques in the late 90s and with the implementation of a ventilation mode (NAVA,
currently available only in the Servo-i ventilator, Maquet Critical Care, Solna, Sweden)
in the 2000s which employs the invasively measured electromyogram for controlling
pressure support [140, 205]. Surface electromyography of respiratory muscles, which is
the main focus of this thesis, is still a relatively unexplored line of research compared to
its invasive alternatives. This section provides the necessary background on respiratory
electromyography by briefly surveying the key methodologies in the field.

3.1.1 Physiology

Like all skeletal muscles, the diaphragm and the intercostal muscles consist of indi-
vidual motor units, which are defined as a collection of muscle fibers innervated by one
motor neuron [87]. Upon activation by the central nervous system, action potentials
are propagated along the motor neuron and reach muscle fibres via the neuromus-
cular junction. When a certain threshold potential at the neuromuscular junction is
reached, depolarization of the muscle fibre membrane is triggered and propagated in
both directions along the fibre. As a consequence, the muscle fibre contracts. All
fibers innervated by one motor neuron are activated and contracted simultaneously.
The spatial and temporal summation of all membrane potentials within a motor unit
is the so called motor unit action potential (MUAP) whose waveform depends on the
spatial arrangement of muscle fibres and their specific properties with respect to the
conduction of action potentials [155]. A measurement of the electric fields generated
by these action potentials is called electromyogram (EMG) and is the main focus of
this and the following chapters. Depending on the measurement technique, an EMG
will usually measure a superposition of many MUAPs within a certain pickup volume.

3.1.2 Measurement

The EMG of respiratory muscles, and in particular that of the diaphragm, has been
investigated for many decades and has already found application in intensive care
medicine [140, 205]. Due to the anatomy of the diaphragm, as a deep and thin muscle,
the measurement of its EMG is considered to be notoriously difficult. It requires
special measurement techniques and equipment, which will be discussed in the following
section.
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Esophageal measurement (EAdi)

The first widely used method for measuring the electrical activity of the diaphragm
(EAdi) employs an esophageal catheter (with an array of ring electrodes) positioned
at the level of the gastroesophageal junction. The esophageal measurement technique
was first proposed by Agostoni et al. [9] as well as Petit et al. [163] and allows to
acquire the EMG of a sample of motor units in the crural diaphragm. The raw EMG
signals are amplified, filtered, and then usually a combined EMG signal is calculated
from all individual electrodes, which compensates for diaphragm movement relative to
the catheter, refer to [207] for details on signal processing of esophageal EMG data.
Finally, an amplitude signal is calculated by applying some form of average filter to
the rectified EMG and this amplitude signal is usually referred to as the “EAdi signal”.
It was postulated to be a robust measure for phrenic nerve activition, and thus for the
neural drive of a patient’s respiratory center [24]. EAdi has been used in many studies
to assess both the timing and amplitude of respiratory activity [29, 101, 133, 206].
The technique was commercialized through the Servo-i mechanical ventilator (Maquet
Critical Care, Solna, Sweden), which can display the EAdi signal in real-time and
also allows to use it for ventilation control via the ventilation mode neurally adjusted
ventilatory assist (NAVA) [140, 205]. In NAVA, patients are given pressure support
in proportion to EAdi by a predefined proportionality factor, the so called NAVA
level, measured in cmH2O/µV. Most of the recent studies on respiratory EMG have
employed the Servo-i ventilator and its proprietary filtering algorithms for recording
and evaluating EAdi, see for example [29, 48, 101, 206]. The invasively measured Eadi
shares the potential disadvantage with Pes of relying on the correct positioning of an
invasive catheter, which is time-consuming in clinical practice, prone to errors and
uncomfortable to patients that are awake.

Skin surface measurement (sEMG)

A completely non-invasive alternative for quantifying respiratory muscle activity is the
surface electromyogram measured from electrodes on the thorax of the patient, which is
the method under consideration in this thesis. The application of this signal modality
is relatively straightforward in the clinical arena and comfortable for the patient. The
sEMG signal usually constitutes a summation of many MUAPs from different parts of
the diaphragm muscle, depending on the electrode positions [120]. Also, in contrast
to the invasively measured EAdi signal, it allows to acquire the activity of accessory
respiratory muscles (e.g., of the intercostal muscles) [2]. There is no consensus yet
on the best number and position of electrodes [120, 123] and most likely, for different
applications, different electrode setups will have to be used. Recently, researchers have
begun to investigate respiratory sEMG for assessing inspiratory effort [27, 76], respi-
ratory muscle training [122, 169], and patient-ventilator interaction in both intensive
care [40, 113] and home mechanical ventilation [54, 168]. Surface EMG usually comes
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with a smaller signal-to-noise ratio than the invasively measured EAdi and is more
prone to crosstalk from other muscles, including to the ECG artifact from the heart,
thus, it requires more sophisticated amplifiers and signal processing [160, 195]. The
removal of ECG artifacts is possibly the most crucial preprocessing step and strongly
influences the utility of the measured data. The separation of ECG and EMG signals
cannot be achieved by linear filtering due to the substantial overlap of the two spectra.
Several more advanced filtering techniques have been co-developed by the author of
this thesis, including wavelet-based approaches, but shall not be the focus of this
thesis. The interested reader is referred to Petersen, Sauer, Graßhoff et al. [162] for a
quantitative comparison of filtering algorithms.

3.1.3 EMG-pressure relationship

Extensive work has been done to understand the relationship between EMG signals
and the corresponding force/pressure exerted by muscles. The interpretation of muscle
force based on the EMG is complicated by the physiological conversion between
electrical and mechanical activity in the muscle, which depends on many factors such
as muscle length, contraction velocity, muscle fatigue, and the composition of recruited
fibres [177]. Beyond that, the measurement of the (surface) EMG signal itself is
confounded by many unknowns such as electrode skin contact, volume conduction
of the electric field through the tissue and measurement noise [46, 155]. Also, in many
cases, the EMG will not be representative of the whole motor unit population but
rather of a smaller subset of motor units. Despite these confounding factors, studies
have shown for several muscles that the amplitude of an appropriately measured and
filtered EMG is approximately proportional to the generated force/pressure [59], that
is, it follows

EMG(t) ∝ P (t) = F (t)
A

, (3.1)

where EMG(t) denotes a rectified and smoothed EMG signal, P (t) denotes the gener-
ated muscle pressure, F (t) denotes the muscle force acting on an area A. The assump-
tion of linearity is certainly only a rough heuristic of the underlying physiological
processes, but has proven to be very useful in many use-cases [13, 29, 96]. There are,
however, important caveats to this assumption: curvilinear EMG-force relations have
been observed for certain muscles even under isometric conditions [46], and such an
assumption will generally not hold under high activation levels or highly dynamical
movements.

Dependency on volume

It has been recognized quite early that the conversion of neural activation to pressure
by the diaphragm is mediated by lung volume. To briefly summarize, the diaphragm
exerts less pressure at high lung volumes when it is shortened. This effect goes back
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to a fundamental property of muscle fibres, namely, their force-length relationship:
At a certain optimal length, muscle fibres develop their maximum force. When the
fiber is shortened or lengthened, this force declines (at constant activation) [171]. The
relationship is remarkably constant in vertebrate muscles and was confirmed in vitro
on bundles of diaphragm muscle fibres in mammals by McCully and Faulkner [135].
They found a symmetric, bell-shaped curve ranging from roughly 50 % to 150 % of
the optimal fibre length. When the diaphragm is analyzed not on a fibre level but
as a whole, the force-length relation becomes a pressure-volume relation, which was
also investigated in vivo by several researchers. It is worth noting that there is
also a nonlinear relationship between diaphragm length and lung volume, refer to
Braun et al. [38], and during breathing the diaphragm is exposed to both longitudinal
and transversal loading, thus, a direct translation from in vitro to in vivo results
is difficult [204]. In [83, 208] phrenic nerve stimulation was used to investigate
transdiaphragmatic pressure (Pdi) in vivo at different lung volumes. The results show
an approximately linear decline of Pdi with increasing volume. Smith et al. [208]
observed a reduction of pressure generation between functional residual capacity (FRC)
and total lung capacity (TLC) by more than 50 % (at the same level of activation). The
authors also found that the producible pressure levels off towards the residual volume
(RV) and hypothesized that the optimal muscle length, where maximum force can be
exerted, lies close to RV. Similar results have been obtained by other authors who
studied maximum voluntary efforts at different lung volumes [38, 80]. Based on these
findings, a comprehensive model of diaphragm muscle mechanics, incorporating the
volume-dependency of pressure generation, was introduced by Younes and Riddle [246].

Respiratory neuromechanical coupling

Several studies have characterized the EAdi-pressure relationship of respiratory muscles
in spontaneously breathing patients under assisted mechanical ventilation: surpris-
ingly, in patients under pressure support ventilation EAdi was shown to be very tightly
correlated to both Pmus and transdiaphragmatic pressure Pdi [24, 29] even without
correcting for any confounding factors (such as lung volume, diaphragm length or
intrinsic PEEP). Thus, despite the earlier experimental data [38, 135], it was suggested
that in practice a linear, patient-specific factor termed neuromechanical coupling or
neuromechanical efficiency would suffice for relating EAdi to the generated muscle
pressure (over a limited time-frame). This factor, denoted as KEMG, indicates how
much force/pressure the diaphragm can produce on average for a certain amount of
neural activation [101]. Beck et al. [24] found that the neuromechanical coupling
between EAdi and Pdi was stable across a large range of pressure support (PS) levels
in mechanically ventilated patients. Very importantly, the authors did not find lung
volume to be a significant confounder, because the diaphragm was most active in the
early phase of the inspiration (when lung volume is low) and intrinsic PEEP (iPEEP)
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was relatively constant across PS levels. These results were later confirmed for the
EAdi-Pmus relationship by Bellani et al. [29] who also evaluated the linearity of the
relationship across multiple PS levels by fitting different models concluding that the
EAdi-Pmus characteristic could be well approximated with a linear model. In regard of
these studies, EAdi might represent a viable alternative to Pes for assessing patients’
respiratory efforts under pressure support ventilation. One important caveat of using
a linear neuromechanical coupling is that nonlinear effects have been reported at high
activation levels [25], and mild nonlinearities in the EAdi-Pdi relation have also been
observed under isometric conditions in [80]. It is also not yet clear if and how long the
neuromechanical coupling index remains stable over time.

To this date, very little work is available with respect to the respiratory sEMG-
pressure relationship. A first study by Bellani et al. [27] found a good correlation
between processed surface EMG signals and Pmus as well as EAdi. However, to reduce
noise, their analysis relied heavily on averaging across multiple breaths. The study
also proposed that — similarly to EAdi — a patient-specific neuromechanical coupling
factor could be calculated, which relates the surface EMG to the generated muscle
pressure and would allow to approximate Pmus non-invasively. In the following sections
a more comprehensive analysis of the sEMG-pressure relation on a larger dataset
is provided. As opposed to previous studies on respiratory sEMG, the linearity of
neuromechanical coupling and the quantification of efforts are investigated without
relying on aggregation of breaths.

3.2 Data analysis

This chapter, building upon the previous sEMG-related study by Bellani et al. [27],
presents a quantitative analysis of the relationship between respiratory effort derived
from sEMG signals and Pmus (as well as the pressure Pdi generated by the diaphragm)
under assisted mechanical ventilation on a cohort of 43 patients scheduled for bron-
choscopy. As a measure for the sEMG-derived inspiratory effort, the EMG-time
product (ETP) is calculated as the integral of the EMG curve against an adaptive
baseline. Moreover, a novel channel selection method to exploit the availability of
multiple sEMG measurement channels is proposed and tested.

3.2.1 Study data

In this chapter, data from a study conducted at the department of pneumology,
cardiology and intensive care of the Klinikum Konstanz (Konstanz, Germany) by
Dr. Walterspacher and colleagues were analyzed. The protocol was approved by
the ethics committee of Witten/Herdecke University (Witten, Germany) on July 12,
2018 (protocol number 137/2017). The study was registered in the German Clinical
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Trials Register (DRKS00021524). The data under consideration have previously been
published by Graßhoff et al. [76, 78].

Adult patients scheduled for elective bronchoscopy under mechanical ventilation
using flexible endotracheal tubes were enrolled for the study, please refer to [76] for
detailed enrollment criteria. A total of 62 patients were enrolled, 43 patients were
included in the data analysis. The first nine patients were excluded due to technical
issues. Additionally, patients were excluded from the analysis if they met one of the
following criteria (respective number of patients given in brackets): failure to employ
the nasogastric catheter (2), technical recording issues (1), corrupted Pes signal, e.g.,
due to balloon positioning issues or scaling factor > 2 against Paw during airway
occlusions (5), and failure of the sEMG cardiac artifact gating algorithm (2). Table A.1
summarizes the characteristics of the included patients.

Measurement setup

After enrollment, a double-balloon catheter (Bösch, Gottenheim, Germany) was filled
according to the recommendations in [234] and esophageal/gastric pressures (Pes,
Pga) were measured by means of pressure transducers at the proximal end of the
catheter. The correct positioning of the esophageal balloon was confirmed via the
airway occlusion technique [21]. Surface EMG was measured using two pairs of pre-
gelled Ag/AgCl electrodes at the following positions: bilaterally at the lower costal
margin on the midclavicular line and bilaterally in the second intercostal space on the
parasternal line. A common electrode was placed above the sternum. Both channels
were measured differentially between electrode pairs and at a sampling rate of 1000 Hz.
This electrode configuration allows to sample MUAPs from both the costal diaphragm
and the intercostal muscles — similar setups have already been employed in earlier
studies [27, 49, 113, 128]. The EMG signals were recorded using a dedicated amplifier
and acquisition software provided by Dräger (Drägerwerk AG & Co. KGaA, Lübeck,
Germany). The same acquisition system was also used to digitize and record the
analog signals from the pressure transducers (Pes and Pga) at a sampling rate of 200 Hz
(sEMG Base, Drägerwerk AG & Co. KGaA, Lübeck, Germany). The airway flow (V̇ )
and pressure (Paw) tracings from the Dräger V500 ventilator (Drägerwerk AG & Co.
KGaA, Lübeck, Germany) were acquired through the ventilator’s RS232 interface at
100 Hz and then synchronized with the remaining signals.

Study protocol

After patients were enrolled in the study, they were intubated and put on assisted
spontaneous ventilation using a sedation protocol with propofol. All patients were
sedated to a level of moderate/deep sedation corresponding to level −3 to −4 of
the Richmond agitation sedation scale for the study measurement period. At the
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beginning of the study protocol, the correct positioning of the esophageal balloon
was validated via the Baydur maneuver [21]. Following the initial positioning of the
esophageal balloon, a series of spontaneous inspiratory efforts against occluded airways
was recorded. Initially, patients were ventilated with continuous positive airway
pressure (CPAP) of 5 cmH2O on a Dräger V500 ventilator (Drägerwerk AG & Co.
KGaA, Lübeck, Germany). Patients were then switched to pressure support ventilation
(PSV) and underwent a trial of three pressure support levels (5, 10 and 15 cmH2O) in
random order. Throughout the protocol a positive end-expiratory pressure (PEEP) of
5 cmH2O was used.

3.2.2 Signal processing

Volume trend removal

A continuous lung volume signal was generated by running integration over the airflow
measurement V̇ from the ventilator. Due to small flow sensor inaccuracies or leakages,
this integration usually results in long-term drifts in the estimated volume signal. To
mitigate volume drift, a trend removal algorithm was applied to the end-expiratory
volumes (assuming that on average over multiple breaths the end-expiratory volume
is zero). To this end, the end-expiratory volumes were filtered via a moving median,
a continuous baseline was calculated by interpolating between these filtered points,
and then this baseline was subtracted from the volume signal. The baseline-corrected
volume signal was denoted as V.

Esophageal pressure processing

Esophageal pressure signals are often strongly disturbed by cardiogenic pressure arti-
facts, which complicate interpretation of the underlying respiratory activity. Cardio-
genic artifacts were removed from Pes signals using a template subtraction method
proposed by Graßhoff et al. [75]. Similar artifacts were also visible in the gastric pres-
sure (Pga) signals, which is why the filtering technique was applied there as well. This
technique calculates a template for the artifact waveform, which is then subtracted
from each cardiac cycle. The method successfully recovered even strongly disturbed
recordings and substantially increased the signal quality of pressure signals. Any
remaining artifacts were then removed from Pes and Pga using a low-pass filter (5th
order Butterworth filter with 7 Hz cutoff). The transdiaphragmatic pressure signal
was then calculated as the difference between the filtered Pga and Pes signals. As
described in section 2.2.4, the time course of the repiratory muscle pressure Pmus was
determined as the difference between filtered esophageal pressure Pes and the elastic
recoil of the chest wall Pcw(t) = Ecw · V (t), where V is the trend-corrected volume
signal. The determination of the chest wall elastance Ecw on spontaneously breathing
patients is challenging, refer to Graßhoff et al. [72]. On the data under consideration,
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as there were no phases without residual patient activity, Ecw was calculated under the
highest PS level, where spontaneous breathing effort was lowest. To this end, breaths
were annotated, where both the end-inspiratory and the end-expiratory point were
not affected by spontaneous efforts. The validity of the selected points was verified by
careful manual inspection of the Pes and Pga waveforms. The chest wall elastance Ecw
was then calculated as the slope between end-expiratory and end-inspiratory points in
the Campbell diagram and averaged over multiple semi-passive breaths. Finally, as the
absolute values of Pes and Pga strongly depend on the filling volume and positioning
of the pressure balloons, only relative pressure swings were evaluated against baselines
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Fig. 3.1: An overview of the signal processing pipeline used in this chapter. Esophageal and
gastric pressure were measured by means of a double balloon catheter. Cardiogenic
artifacts were removed from both pressure signals using a template subtraction
method. Respiratory muscle pressure Pmus was calculated as the difference between
the elastic recoil pressure of the chest EcwV (plotted as an orange line) and Pes.
Transdiaphragmatic pressure Pdi was calculated as the difference between Pga and
Pes. The sEMG of intercostal muscles and the diaphragm was measured using two
pairs of bilateral electrodes. ECG artifacts were removed by means of a simple
gating technique, allowing to calculate the root-mean-square envelopes EMGdi and
EMGinterc. The more informative of the two channels, denoted by EMGsel was
automatically selected and fitted to the airway pressure Paw over the course of
multiple occlusion maneuvers to derive the neuromechanical coupling factor K̂(occl)

EMG .
Figure modified and extended from Graßhoff et al. [76].
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Pes,0(t) calculated during passive expirations. Figure 3.1 provides a graphical overview
of the main processing steps conducted to estimate Pmus and Pdi based on Pes.

Next, the available end-expiratory occlusions were used to check and correct the
scaling of both Pes and Pmus. During occlusions, as flow and volume are zero, the
pressure drop in Paw can be assumed to be equal to Pmus (and to the relative drop
in Pes), which allows assessing possible scaling errors in Pes, e.g., due to catheter
positioning errors [21]. Thus, following the balloon positioning procedure, a correction
factor K̂

(occl)
Pes

was determined by fitting the esophageal pressure waveform to the
airway pressure waveform over the course of multiple subsequent occlusions by means
of linear regression. In practice, small scaling errors remained even after proper
positioning, i.e., the factor K̂

(occl)
Pes

was often slightly larger than one. To correct
for these remaining errors, the pressure waveform was scaled with the factor K̂(occl)

Pes
determined during occlusions, that is, in this and the following chapters Pmus(t) =
K̂

(occl)
Pes

(Pcw(t)− Pes(t) + Pes,0(t)) is used as a measure for the respiratory muscle
pressure, which is a slightly modified variant of equation (2.58).

Surface EMG processing

As discussed in section 3.1.2, thoracic sEMG signals are highly susceptible to crosstalk
from other muscles. One of its main contaminants is the cardiac artifact, which was
removed using a simple gating technique [162]. R peaks within the sEMG signals
were detected and then segments affected by the QRS complex were discarded. The
amplitude of both EMG channels was then calculated using a moving 250 ms root-
mean-square filter. These surface EMG envelopes often have significant offsets in the
order of several µV due to measurement noise [41]. The offsets can be observed between
efforts, when the patient is (mostly) passive. To account for possible changes of the
offset (e.g., due to fluctuations of the noise) a time-varying baseline was calculated and
subtracted from the envelope. Empirically, the first tercile of envelope values within a
moving 5 s window was found to provide a robust estimate for the signal’s baseline and
was subsequently used for both channels — the resulting corrected envelope signals of
the diaphragm and intercostal EMG were denoted as EMGdi and EMGinterc, respec-
tively. After subtraction of baselines, the EMG envelopes were indeed roughly zero
when patients were inactive.

3.2.3 Quantitative analysis

Segments affected by artifacts due to irregular patient behavior (e.g., ventilator fighting
or coughing) were manually excluded. Likewise, measurement errors in Pes, such as
artifacts due to peristalsis etc., were manually marked as invalid and excluded from
analyses involving metrics derived from Pes.
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Fig. 3.2: An illustration of different metrics used to quantify inspiratory muscle effort. The
pressure–time products PTPmus and PTPdi are calculated as the breath-wise area
under the Pmus and Pdi curve, respectively. Similarly, the EMG–time products
ETPdi and ETPinterc correspond to the area under the EMGdi and EMGinterc
envelope, respectively. Availability of both channels is leveraged by automatically
selecting one of the two EMG-derived time–products in each patient, leading to the
ETPsel metric.

Inspiratory effort metrics

As a metric for inspiratory effort, the pressure–time product (PTP) was used because
it has been suggested to better represent patient activity than WOB when little or no
volume is generated. As a first step towards calculating PTP, the data were segmented
by detecting inspiratory efforts. To this end, an automatic threshold-based detector
similar to the one proposed by Sinderby et al. [206] was applied directly to the Pmus
signal. Note that a segmentation based on Pmus is generally preferable to a flow-based
detection because the former better accounts for missed efforts and late triggers. PTP
metrics were calculated in a breath-wise fashion as the area under the curve for both
Pmus and Pdi on the detected segments and they were denoted by PTPmus and PTPdi,
respectively. Any efforts exceeding PTPmus = 20 cmH2O s were excluded from further
analysis because such strong efforts do not fall into the regular range of breathing
activity that was targeted in this study. Finally, as a metric for breathing effort derived
from sEMG the area under the curve was calculated for the (baseline-adjusted) EMGdi
and EMGinterc envelopes, leading to EMG–time product (ETP) values measured in µV s
and denoted by ETPdi and ETPinterc, respectively, refer to figure 3.2 for an overview.

Channel selection

The two EMG channels often do not carry the same amount of information, because
they measure MUAPs from different muscle groups and therefore capture different
parts of the patient’s respiratory activity. The EMG channels also often contain
different levels of measurement noise. It was already proposed by Bellani et al. [27]
that the availability of multiple EMG channels could be leveraged by summing the
corresponding envelopes, which however did not improve results in their study. In
this work, another direction was pursued by investigating a simple, automatic method
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for selecting the EMG channel that contains the best signal quality at the lowest
level of noise. To this end, the signal-to-noise ratio (SNR) of the two channels was
approximated by comparing the maximum amplitude reached during inspirations with
the level of baseline noise. Thus, the distribution of (not baseline-corrected) envelope
values was analyzed over a moving 10 s window using the ratio

SNRapprox = Q3
Q1

(3.2)

where Q3 denotes the third quartile and Q1 denotes the first quartile of values. For
each patient, the envelope with higher median SNRapprox was selected and used as
the measure for the electrical breathing activity. The selected envelope with higher
(approximate) SNR was denoted as EMGsel and the corresponding EMG–time product
as ETPsel.

Neuromechanical coupling analysis

The next part of the analysis was concerned with characterizing the sEMG-Pmus
relationship. As discussed above, the work by Beck et al. [24] and Bellani et al. [29]
suggests that a linear coupling is viable during normal assisted mechanical ventilation,
which was modeled via

Pmus(t) = KEMG · EMG(t) + Pbias, (3.3)

where KEMG is the neuromechanical coupling index and Pbias is a constant bias term.
Thus, Pbias represents systemic offsets that the EMG envelope might have against the
muscular pressure curve Pmus.

To estimate KEMG, both sides of equation (3.3) were integrated, leading to

PTPmus(i) = KEMG · ETP(i) + Pbias · Tinsp(i), (3.4)

which represents the EMG-pressure relation in terms of time product values and can
be solved for the neuromechanical coupling KEMG and the constant bias term Pbias
using ordinary least squares regression on a set of breaths indicated by i. The value
Tinsp is the length of the detected effort, which accounts for the integration of bias over
the duration of each effort. The main advantage of using the integrated form (3.4),
besides a lower computation time, is that all included breaths have an equal weight,
independent of their length. An important focus of this study was to analyze the
linearity of the EMG-Pmus relationship, which was done by also fitting the model

PTPmus(i) = KEMG,1 · f(ETP(i)) +KEMG,2 · ETP(i) + Pbias · Tinsp(i), (3.5)

where the function f represents a nonlinear characteristic. As a nonlinear characteristic
a quadratic and a square root term were tested, corresponding to an attenuation or
amplification of the coupling at higher activation levels.
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Fig. 3.3: Example of an occlusion maneuver. The left panel shows the time-course of airway
pressure (Paw) and the EMG envelope. The flow of air was interrupted in between the
dashed lines — thus, the muscle pressure Pmus is directly reflected in Paw. The right
panel shows a plot of EMG against Paw over the course of the occlusion. The slope
of the regression line corresponds to the neuromechanical coupling index K̂(occl)

EMG .

Occlusions

Several studies have demonstrated that the neuromechanical coupling can be identified
without Pes using end-expiratory occlusion maneuvers with both EAdi [29, 101] and
sEMG [27]. When the flow and volume are zero, any spontaneous efforts by the patient
will be directly visible as a pressure drop in Paw, allowing to analyze its relation to
EMG and approximate KEMG completely non-invasively. Thus, the selected EMG
channel was fitted to Paw across multiple occlusion maneuvers using linear regression
and the slope, denoted as K̂(occl)

EMG , was used as a surrogate for the ‘true’ neuromechanical
coupling KEMG. Figure 3.3 shows an illustrative excerpt of Paw and EMG signals
during an occlusion maneuver. Bellani et al. [29] found that the parameter K̂(occl)

EMG was
well correlated with but higher than KEMG. The authors proposed that K̂(occl)

EMG has to
be multiplied with a constant correction factor α to account for the deviation:

KEMG ≈ α · K̂(occl)
EMG . (3.6)

Bellani et al. [27, 29] gave numerical values for α and argued that the systematic
overestimation can be prescribed to the more favorable configuration of the diaphragm
at end-expiration, which is a consequence of the force-length relationship discussed in
section 3.1.3. Values for α were determined on the herein analyzed study data and
compared to the values reported in the earlier studies. It is worth mentioning that the
occlusion-based method for analyzing neuromechanical coupling is still a subject of an
ongoing scientific debate: a recent EAdi-based study by Jansen et al. [101] found its
repeatability to be low as there was an unacceptably high variation between coupling
indices derived from subsequent occlusion maneuvers. The authors attributed these
problems (at least in part) to shortcomings of the proprietary EAdi filtering algorithms.
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Fig. 3.4: An excerpt of the data used in this thesis and previously published by Graßhoff et
al. [76]. The plot shows measurements of airway pressure (Paw) and flow (V̇ ) acquired
from the ventilator, and the volume signal (V ). The raw esophageal pressure (Pes)
curve before removal of artifacts is plotted in grey and the elastic recoil of the chest
wall (EcwV ) in orange. PTP values for total respiratory muscle pressure (Pmus)
and transdiaphragmatic pressure (Pdi) are represented by shaded areas. The EMG
channel selected as the more informative one is denoted by EMGsel and plotted as
a green line. ETP corresponds to the shaded area and was calculated against an
adaptive baseline plotted in black.

Statistics

Results are expressed as mean± standard deviation. Correlation between variables
was quantified by means of Pearson’s correlation coefficient r. A two-tailed Wilcoxon
signed-rank test was used to test for differences between the channel with high SNR,
which was selected as the more informative channel, and the other channel with low
SNR.

3.3 Results

As already mentioned, a total of 43 patients were analyzed. In one patient, Pga was
not available, which is why this patient was excluded from any analysis relying on
Pdi. In two patients, no sufficiently long occlusions (> 0.35 s) were available. These
data were only used in the correlation analysis and excluded from any analysis relying
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Fig. 3.5: Distribution of muscle and airway pressure–time products (PTPmus and PTPaw),

EMG–time products of the diaphragm, intercostal and selected channel (ETPdi,
ETPinterc and ETPsel), minute ventilation (MV) and intrinsic positive end-expiratory
pressure (iPEEP) by pressure support (PS) level. PTP/min and ETP/min values
were calculated by summing all breaths within each PS level and dividing by the
length of the segment. MV is the total volume of air inhaled in one minute, iPEEP is
the positive alveolar pressure remaining at the end of an expiration due to incomplete
lung deflation. Each point represents one patient and pressure support level. In the
ETPinterc distribution plot, three outliers > 400 µV s/min are not shown within the
plotting range.

on the absolute value of Pes such as the calculation of neuromechanical coupling. An
illustrative excerpt of the analyzed data is shown in figure 3.4.

The recording length per patient was 23 ± 4 min. Across all datasets a total of
19 540 inspiratory efforts were detected and analyzed (454± 137 breaths per patient).
The length of analyzed efforts was 0.9± 0.3 s. The number of analyzed occlusions per
patient was 4.8 ± 1.5. The correction factor K̂(occl)

Pes
determined from occlusions was

close to one (1.18± 0.18) indicating the validity of the esophageal balloon positioning
and filling.

Figure 3.5 provides distributions of relevant parameters against PS levels: all effort
metrics, including those derived from the sEMG, increased with lower PS. Intrinsic
PEEP was low at 2.1 ± 1.4 cmH2O (measured from the positive deflection of Pmus at
the point of zero flow). Only two patients with COPD had iPEEP> 5 cmH2O.
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Table 3.1: Breath-wise Pearson correlation coefficient r (mean± standard deviation) between
effort metrics derived from esophageal/gastric pressure and sEMG, n = 43 (n = 42
when Pdi is involved).

ETPinterc ETPsel PTPmus PTPdi

ETPdi 0.74± 0.27 0.89± 0.16 0.84± 0.16 0.84± 0.16
ETPinterc – 0.86± 0.28 0.79± 0.25 0.77± 0.26
ETPsel ⋆ – 0.87± 0.09 0.86± 0.10
PTPmus ⋆ ⋆ – 0.97± 0.05

PTPmus and PTPdi: pressure–time products of muscular and trans-
diaphragmatic pressure; ETPdi, ETPinterc and ETPsel: EMG–time
products of the diaphragmatic, intercostal and selected EMG channel;
the star symbol (⋆) marks metrics given due to symmetry;
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Fig. 3.6: Distribution of neuromechanical coupling indices KEMG and biases Pbias derived
from equation (3.4) for different EMG channels, n = 41. Each point represents one
patient and EMG channel.

Correlation and channel selection

The breath-wise correlation between effort metrics is provided in table 3.1, revealing a
high correlation between the different ETP measures and PTPmus as well as PTPdi. To
assess the influence of the channel selection technique, differences between the selected
channel and the respective other channel with lower (approximate) SNR were tested
for, revealing that the ETP of the selected channel had a higher correlation to PTPmus
(p = 0.029). Overall, the intercostal channel was selected as the more informative of
the two channels 25 out of 41 times. The average SNR of the intercostal channel was
1.87 ± 0.95 and that of the diaphragm channel 1.73 ± 0.56. For the selected channel
a high correlation of 0.87 ± 0.09 between ETPsel and PTPmus was observed, refer to
table 3.1.
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Fig. 3.7: The sEMG-Pmus relation for three selected patients. The scatter plot shows
diaphragmatic EMG–time product values (ETPdi) plotted against muscular
pressure–time product values (PTPmus) corrected by the bias term PbiasTinsp from
equation (3.4). Each point represents one inspiratory effort. As expected, the
slope of the ETP–PTPmus relation, i.e., neuromechanical coupling, varied widely
across patients, ranging from < 1.9 cmH2O/µV for patient 1 to > 6.1 cmH2O/µV
for patient 3. The ETPdi–PTPmus correlation was r = 0.94 (patient 1), r = 0.95
(patient 2) and r = 0.86 (patient 3).

Neuromechanical coupling

The neuromechanical coupling KEMG and bias parameter Pbias were calculated via
equation (3.4) for the three ETP measures (ETPdi, ETPinterc, ETPsel). Results are
reported in figure 3.6. There was a large variance in neuromechanical coupling KEMG
across patients for all sEMG channels, which is in line with earlier results by Bellani
et al. [27, 29] and may be explained by inter-patient variability in muscle geometry,
volume conduction and skin-electrode impedances. Figure 3.7 provides a scatter
plot of the ETPsel-PTPmus relation for three patients, visualizing the large range of
neuromechanical coupling. There was weak positive correlation between KEMG of the
diaphragm and the intercostal channel (r = 0.38, p = 0.014). In the channel with
higher SNR, both KEMG and Pbias were smaller than in the respective other channel
with lower SNR (p = 0.27 and p < .001, respectively). These results confirm the
benefits of the proposed channel selection technique, which is why in this and the
following chapters EMGsel will be used as the overall measure for electrical patient
activity.

Next, the linearity of the sEMG-pressure relationship was analyzed. Models with
an additional nonlinear term were fitted to the ETPsel–PTPmus data, refer to equa-
tion (3.5), and compared to the linear model in equation (3.4). For the nonlinear
characteristic f a quadratic and a square root term were tested. For all three models
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Fig. 3.8: Scatter plot of neuromechanical coupling indices determined invasively from
esophageal pressure (KEMG) and non-invasively using occlusions (K̂(occl)

EMG ). Each
point represents one patient (n = 41).

the adjusted coefficient of determination r2
adj was calculated. There was a significant

(p < .001) but small difference between the linear model (r2
adj = 0.79 ± 0.13) and the

two nonlinear models (r2
adj = 0.80± 0.12 and r2

adj = 0.81± 0.10), which demonstrates
that the sEMG-pressure relationship can be well approximated using a linear model
across multiple PS levels.

Finally, the possibility to determine the neuromechanical coupling index completely
non-invasively using end-expiratory occlusion maneuvers was investigated. Figure 3.8
provides a plot of the parameter K̂(occl)

EMG calculated from occlusions against KEMG
calculated from Pmus. There was a high correlation between the two parameters
(r = 0.95, p < .001, slope = 0.84) and, similar to the study by Bellani et al [29],
on average the ratio KEMG/K̂

(occl)
EMG was smaller than one (0.81 ± 0.23), indicating a

systematic overestimation when determining neuromechanical coupling indices during
occlusions. In agreement with Bellani et al. [27, 29], in this thesis, α = 0.8 will be
adopted as a correction factor to account for the deviation (Bellani et al. used a factor
of 1/1.25 in their studies).

3.4 Discussion

The results presented in this chapter contribute to a better understanding of the rela-
tionship between respiratory sEMG signals and muscle pressure. Based on the findings
from this chapter, respiratory sEMG might be a viable alternative to esophageal pres-
sure for measuring the breath-wise inspiratory effort of patients under assisted mechan-
ical ventilation. In contrast to esophageal pressure and EAdi, sEMG can be measured
non-invasively in a straightforward manner, allowing to easily assess the activity of
patients. The results of the analysis can be summarized as follows. Firstly, EMG–time
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product (ETP) values and pressure–time product (PTP) values of invasively measured
Pmus and Pdi were highly correlated on a large cohort of patients scheduled for bron-
choscopy. Secondly, the availability of multiple channels could be leveraged via a
channel selection method, improving correlation to PTP metrics. Thirdly, the EMG-
Pmus relationship could be well approximated using a linear neuromechanical coupling
index.

The results are consistent with earlier EAdi-based studies by Beck et al. [24] who
observed a high correlation (r = 0.84±0.12) between invasively measured EAdi and Pdi
across multiple pressure support levels. Similar results have been reported by Bellani
et al. [29] for the correlation between EAdi and Pmus. Prior to the herein conducted
study, results on sEMG were quite limited except for a first study by Bellani et al. [27],
which, however, relied on averaging of multiple breaths. In this study, for the first
time, a high correlation (r = 0.87±0.09) has been reported between inspiratory efforts
derived from surface EMG and Pmus without relying on aggregation of breaths. Thus,
this work provides first evidence for the feasibility of quantifying inspiratory efforts on
a breath-by-breath basis using surface EMG.

The results also showed that the ETP–PTP relation could be well approximated
by a linear model and that a nonlinear model did not provide a substantially better
representation of the data. Thus, these results support the simple model EMG ∝ Pmus
for relating electrical to pneumatic muscle activity, which will be employed in the
following chapters. For the proportionality factor, termed neuromechanical coupling,
a large variance across patients was observed, which also coincides with earlier reports
by Bellani et al. [29]. Thus, the absolute value of the measured sEMG amplitude can
correspond to a wide range of muscle pressures and should really only be interpreted in
concert with its neuromechanical coupling. It is not yet clear if the neuromechanical
coupling is stable over longer periods of time. The data from this chapter indicate
that KEMG can be kept constant over periods of approximately 20 minutes, but during
longer measurements changes in skin conductance (e.g., due to sweat) may influence
the coupling.

This chapter has also analyzed the occlusion-based approach for measuring neurome-
chanical coupling when Pes is not available. The results corroborate findings by Bellani
et al. [29], who found a systematic overestimation of the coupling index determined
during occlusions. This effect can be attributed to the force-length relationship of
muscle fibres: when the volume is low, a higher force/pressure can be generated than
at higher lung volumes when the diaphragm muscle fibres are shortened [38, 83]. Based
on this chapter’s findings and those by Bellani et al. [29], there is strong evidence for
using a correction factor of α = 0.8 on most patients. This gives rise to a very simple
approximation of muscle pressure, namely Pmus(t) ≈ αK̂(occl)

EMG EMGsel(t), which will be
further explored in the next chapter.

For the evaluation of respiratory sEMG recordings, as for any other physiological
measurement, a high SNR is essential. The SNR of respiratory sEMG depends on a
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number of factors: (1) the breathing pattern of the patient, e.g., presence of abdominal
or thoracic breathing, (2) the volume conduction of MUAPs through the tissue to
recording electrodes, and (3) the amount of physiological crosstalk and measurement
noise. A good SNR is obtained through a favorable combination of these conditions,
i.e., strong muscle activation and good transmission of the signal at a low level of
noise. The previous study on respiratory sEMG by Bellani et al. [27] relied on channel
averaging to increase SNR, which however did not seem to improve results. A novel
channel selection technique was proposed, which automatically detects the channel
with more favorable measurement conditions using a simple SNR heuristic. It was
shown that the proposed method attains a substantially higher correlation of ETP
to PTPmus (as well as PTPdi). These results demonstrate the merits of measuring
multiple EMG channels to capture MUAPs from different muscles and then making a
manual or automated channel selection based on the measurement conditions.

It is currently an open question whether the comparison of multiple respiratory
sEMG channels provides further physiologically relevant information, e.g., whether
a precise quantification of the activity in individual muscle groups is feasible. It is
well known that under high respiratory stress, intercostal and other accessory muscles
become more active [11]. A quantification of this effect could be very valuable for
diagnostic purposes. In the analyzed study data, a high correlation between the ETP
values of the diaphragm and the intercostal channel was observed (r = 0.74 ± 0.27),
indicating that muscle activity did not shift from the diaphragm to accessory muscles
throughout the protocol. As the included patients did not have respiratory failure,
it is indeed unlikely that recruitment would change substantially even under CPAP.
This is also confirmed by the high correlation between PTPdi and PTPmus. In many
patients, large signal amplitudes in the intercostal channel were found and its estimated
SNR was higher than that of the diaphragm channel. Consequently, the intercostal
channel was selected more often as the more informative one. This finding indicates
that relevant information about the total breathing activity of patients is contained
in the intercostal channel and that it is worth to be measured. Recent work suggests
that the availability of both intercostal and diaphragmatic channels is highly useful
for conducting an algorithmic muscle source separation, refer to Sauer et al. [195] for
further details.

When analyzing the EMG-pressure relationship, it must be considered that the
measurement of esophageal pressure is itself subject to substantial measurement errors,
resulting from cardiogenic artifacts, peristalsis or inaccurate balloon positioning/filling.
In this work, special care was taken to mitigate these errors. The balloon filling volumes
were adjusted using results from the benchmark study by Walterspacher et al. [234].
A templates subtraction method proposed by Graßhoff et al. [75] was used to reduce
cardiogenic artifacts. Moreover, a correction factor, denoted as K̂(occl)

Pes
, was calculated

by fitting Pes to the Paw pressure drop during end-expiratory occlusion maneuvers.
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The Pmus signal was then scaled by K̂
(occl)
Pes

prior to the analysis to account for the
deviation. This scaling correction helps to reduce positioning errors, but it should
generally be used with caution and only in cases where the scaling factor is already
close to one.

The study has several limitations that will be discussed in the following. None of
the patients had signs of severe respiratory failure and had been ventilated over a
prolonged period of time. The transfer of results to intensive care patients is therefore
challenging and requires further research. Moreover, obesity is a very common co-
morbidity in ventilated patients, but was an exclusion criterion in this study. Overall,
more study data is needed in the intensive care setting on severe cases, including severe
COPD and ARDS patients. In the data analyzed here, a very wide range of patient
activities have been included (from four PS levels), which has to be considered when
comparing the reported correlation to other studies. Bellani et al. [29] studied a smaller
range of activities (±4 cmH2O from baseline PS), but Beck et al. [24] used a similar
range in their study, also including CPAP ventilation.
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Chapter 4

Model-based Inspiratory Effort Estimation
using Surface EMG

Having established the close relationship between respiratory sEMG and generated
pressure Pmus in the previous chapter, this chapter adopts a model-based approach to
estimate respiratory effort. The herein proposed method combines the sEMG signals
with pneumatic measurements from the ventilator to determine the lung resistance and
elastance as well as the neuromechanical coupling of respiratory muscles. Using the
estimated parameters, a Pmus signal can be reconstructed solely from the pneumatic
ventilator data using the equation of motion. By combining all available measurement
data (electrical and pneumatic) the resulting estimate is less affected by noise in the
individual signals and a higher estimation quality can be attained — this concept of
combining multiple measurements for estimating a latent variable is referred to as
sensor fusion. The herein proposed method would allow to non-invasively estimate
Pmus at the bedside, without requiring any occlusions or other disruptive maneuvers,
and thus, has high potential to benefit the diagnostics of mechanically ventilated
patients.

This chapter begins with an overview of previous work on model-based estimation
of respiratory effort (section 4.1). The following section 4.2 introduces the novel
model-based estimation framework and also very briefly reiterates the occlusion-based
estimation from the previous chapter. Next, in section 4.3, the validation procedure
is presented and results are reported in section 4.4. Finally, the chapter is concluded
by a brief discussion in section 4.5. Parts of this chapter have been published in a
peer-reviewed journal article [78], for which the author of this thesis conceived the
methodology, conducted the data analysis and wrote the majority of the manuscript.
This work has also resulted in the co-authorship of two patent applications [55, 56].

4.1 Introduction and previous work

The measurement of a mechanically ventilated patient’s own inspiratory effort (in
terms of pressure or pneumatic energy expenditure) is a challenging task. Establishing
a viable alternative to measuring Pmus from esophageal pressure is difficult and has
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been the topic of many publications [29, 32, 66, 157, 200, 247]. To this date, the
problem remains unsolved, though, significant progress has been made.

Bellani et al. [29] were the first to demonstrate that EAdi, when multiplied with a
neuromechanical coupling index, could be used to approximate the absolute value of
Pmus and that a simple airway occlusion would be sufficient as a calibration maneuver.
Similar to EAdi, the occlusion-based technique was also proposed for approximating
Pmus from sEMG [27, 76]. In these recent studies, a linear neuromechanical coupling
index was calculated during airway occlusions and Pmus was approximated by scaling
the respiratory sEMG. Such approaches rely heavily on the proportionality of the
EMG-pressure relationship, refer to chapter 3 for a detailed analysis.

Despite its simplicity, the occlusion-based calculation of Pmus from EAdi and sEMG
has some practical drawbacks. Firstly, occlusion maneuvers necessarily interrupt the
patient’s natural breathing pattern and, therefore, their use should be minimized.
Secondly, after the initial maneuver, the Pmus estimate is formed only from EMG data
without incorporating the pneumatic measurements from the ventilator in any way.
Therefore, the quality of the estimated Pmus depends strongly on the validity of the
airway occlusion maneuver and on the signal-to-noise ratio of the measured EMG. Any
disturbances or artifacts in the EMG envelope will significantly distort the estimation
results. A recent study on EAdi by Jansen et al. [101] found the repeatability of
the occlusion approach to be low. It appears to be necessary to perform multiple
subsequent occlusion maneuvers to mitigate these issues (but this in turn entails a
stronger disruption to the patient).

Another much pursued direction and topic of this chapter is the model-based estima-
tion of respiratory effort [114, 200, 241]. This approach usually employs the equation
of motion (EqM)

Paw(t) = E · V (t) +R · V̇ (t)− Pmus(t) + P0 (4.1)

introduced in section 2.2.3 as a lung mechanics model. When estimates of respiratory
parameters are available, the latent variable Pmus(t) can be calculated simply by
rearranging equation (4.1). However, given measurement of Paw(t), V (t), V̇ (t) at
different time points t1, . . . tN , it is easily apparent that the problem of solving for the
unknown parameters is underdetermined, because there are infinitely many solutions
for R, E, P0 and Pmus(t1:N ) [228]. From a technical standpoint, the problem of
simultaneously estimating respiratory parameters and Pmus can be understood as a
joint parameter and latent variable estimation task.

A solution can be obtained when Pmus(t) = 0, for example under mandatory ventila-
tion, because in that case equation (4.1) is in linear regression form and can be solved
for the parameters with appropriate methods. For passive patients, Wald et al. [233]
were the first to propose a computational solution to respiratory parameter estima-
tion using the least-mean squares algorithm. Based on this, many similar studies have
been conducted that rely on fitting the linear EqM to passive patients using ordinary
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least squares (OLS) or recursive least squares (RLS) regression [17, 100, 121, 224, 232].
Recently, more complex, nonlinear models have also been proposed for respiratory
system identification, refer to [119, 145]. The potential of model-based methods for
lung parameter estimation has been widely recognized, yet, some authors have urged
caution: respiratory parameter identification using the least squares approach appears
to be highly sensitive to small phase delays and noise [215] and the standard EqM does
not represent typical pathologies such as flow limitations [91, 126, 232]. Yamada et
al. [241] were the first who proposed to determine lung mechanical parameters (E and
R) when the patient is passive and then to use these parameters for calculating Pmus
during assisted ventilation from the available non-invasive measurements of airway
pressure and flow. The authors reported a high level of agreement to esophageal pres-
sure albeit on a very small cohort of patients. Similar approaches were also investigated
by other authors, see [114, 200]. Because these approaches necessitate to completely
suppress respiratory muscle activity throughout the parameter estimation period, they
will not be applicable in most cases.

Due to the underdetermined nature of the problem, fewer attempts have been
made to estimate lung mechanical parameters and breathing activity simultaneously
during assisted mechanical ventilation. Researchers have proposed different ways to
ensure identifiability. Two main directions can be discerned: (1) making additional
assumptions about the shape of Pmus and (2) using ventilatory maneuvers to excite
the system and to reduce the linear dependency of regressors.

Regarding the first direction, some studies have investigated to estimate lung param-
eters only in selected regions, where patient activity is presumably low and Pmus ≈ 0
can be assumed, see for example [94, 158, 229]. A special case of this approach is to esti-
mate lung parameters under an increased PS level, where respiratory drive is reduced,
which was proposed by Iotti et al. [100] and recently tested by two studies [147, 180],
but both concluded that the accuracy of the derived Pmus curve was not satisfactory.
Other authors have used physiological knowledge about the shape of respiratory efforts
to regularize the estimated Pmus waveform. This was demonstrated by incorporating
Pmus template waveforms [174, 182] or physiologically motivated constraints into the
parameter estimation [176, 228] and will be discussed more comprehensively in the
next chapter 5. All of the approaches making assumptions about Pmus to estimate
parameters have so far only been demonstrated on small patient cohorts and it is still
unclear if these assumptions will hold in real ventilation scenarios.

The second direction (using maneuvers) was most prominently pursued by Younes
et al. [248, 249], who proposed to use occlusion and pressure pulses to identify lung
parameters and to derive a Pmus signal during assisted ventilation. The lung elastance
was determined using end-inspiratory occlusions while the lung resistance was calcu-
lated from brief airway pressure pulses. The method was tailored to the proportional
assist ventilation (PAV) mode and commercialized in the PAV+ ventilation software
(Puritan Bennett, Medtronic). The approach is promising but of course the maneu-
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vers necessarily interrupt the normal ventilation, potentially disturbing the patient.
Later, Younes et al. presented an estimator that uses heuristics rather than disrup-
tive maneuvers [247], but one study [111] reported only a moderate agreement against
Pmus derived from Pes. Another method worth mentioning was introduced by Becher
et al. [23] who used random variations of the PS level (also called noisy PSV [214]) to
identify lung parameters. As opposed to the method by Younes et al. [248, 249], it does
not disrupt the natural breathing rhythm of the patient but also provides sufficient
excitation to the system, allowing to approximate mechanical parameters. As with all
ventilatory maneuvers, there is an inherent trade-off between their obtrusiveness and
reaching identifiability of parameters. A flexible solution to this trade-off is, of course,
complex and requires more in-depth research.

To conclude, many authors have emphasized the great potential of the model-based
approach and some encouraging results have been obtained, but it has also been subject
to critique regarding its accuracy [111, 147, 180], its robustness against noise and
phase delay [215], and its capability to represent certain pathologies [126, 232]. Both
technical advances and evidence from clinical studies will be needed to bring model-
based estimation procedures into practice.

4.2 Estimation framework

This work pursues a model-based approach to gain further information about Pmus
from respiratory surface EMG signals. The herein proposed method employs sensor
fusion to combine ventilator signals with respiratory sEMG during assisted breathing
and non-invasively estimate the lung parameters and inspiratory effort. One of the
main advantages of using model-based methods is that the estimation quality can
be significantly improved when all available signals are combined. Thus, a higher
accuracy may be achieved than with the simpler occlusion-based approach. Also, Pmus
can be estimated without using airway occlusions or other disruptive maneuvers. In
contrast to previous methods, the estimation procedure was designed to be highly
robust against phase delays, outliers and artifacts. To this end, this chapter employs
robust regression methods instead of OLS regression, because OLS had been reported
to be overly sensitive to phase delays and artifacts [215]. This section will start with a
brief recap on the occlusion-based Pmus estimation and then the novel estimators will
be introduced.

4.2.1 Occlusion-based effort estimation

The simple occlusion-based method serves as a baseline for the model-based approaches
that are introduced in the following section. As described in the previous chapter
in section 3.2.3, KEMG can be determined over the course of multiple subsequent
occlusions by fitting the selected sEMG channel EMGsel to Paw using linear regression.
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Fig. 4.1: An overview of different methods for estimating respiratory effort. (A) Esophageal
pressure-based method: Pes is recorded with an esophageal balloon, cardiac artifacts
are filtered out, and Pmus is calculated by correcting for the elastic recoil of the
chest wall as described in section 3.2.2. (B) Occlusion-based method: The more
informative of the two sEMG channels, denoted as EMGsel, is selected automatically
based on the SNR. The neuromechanical coupling index K̂(occl)

EMG is determined during
airway occlusion maneuvers from the slope of the EMG-Paw curve and P

(occl)
mus,EMG is

calculated via equation (4.2). (C) Model-based method: A model of the respiratory
system is fitted to the EMG and ventilatory data. The estimated parameters are
then used to reconstruct Pmus purely from the pneumatic signals (Paw, V̇ , V ). Two
variants are investigated: in the first one (P (mdl)

mus,EMG), all parameters are estimated
during normal ventilation at multiple pressure support levels, in the second one
(P (mdl+occl)

mus,EMG ), the neuromechanical coupling is determined from occlusion maneuvers
and the remaining parameters are estimated during normal ventilation. Figure
modified and extended from Graßhoff et al. [78].

Based on the previous results and in accordance with Bellani et al. [27, 29], a constant
correction factor α = 0.8 was used to account for the systematic overestimation of
neuromechanical coupling during occlusions. An sEMG-derived estimate of Pmus can
then be calculated via

P
(occl)
mus,EMG(t) = α · K̂(occl)

EMG · EMG(t), (4.2)
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where EMG(t) = EMGsel(t)−EMGsel,0(t) corresponds to the envelope of the automat-
ically selected sEMG channel corrected by its baseline EMGsel,0(t). In this work, the
performance of this estimate was compared to the following model-based approaches.
A visual overview of all methods used in this chapter, including the occlusion-based
method described in this section, is given in figure 4.1.

4.2.2 Model-based effort estimation

The occlusion method can already be understood as being a variant of a model-based
approach, because a simple model of the respiratory system is used to relate EMG
to airway pressure during occlusions and to estimate a parameter of the physiological
system (namely KEMG). In this section, all available measurements are to be repre-
sented in a single model and its parameters will be estimated to form a highly reliable
Pmus signal.

Model of respiratory mechanics

As a respiratory mechanics model this chapter employs

Paw(t) = R · V̇ (t) + E · (V (t) + V0)− Pmus(t) + P0, (4.3)

which is a variant of the standard equation of motion from equation (4.1) with the
addition of a volume offset V0 to represent intrinsic PEEP (iPEEP) and P0 = PEEP
can be assumed to be given. As in the occlusion-based methods, the relationship
between Pmus and EMG was modeled using a linear neuromechanical coupling index:
Pmus(t) = KEMG · EMG(t). Inserting this into equation (4.3) gives the combined
equation

Paw(t) = R · V̇ (t) + E · (V (t) + V0)−KEMG · EMG(t) + P0, (4.4)

which is in the form of a linear regression model. By introducing the EMG as an
additional regressor, the problem is no longer underdetermined and can be solved for
the parameters using appropriate linear regression methods (such as OLS). A solution
can be obtained on data collected during normal assisted ventilation without using
maneuvers (given that the sample data matrix has full rank). As before, the channel
selection method described in section 3.2.3 was employed and thus only the most
informative channel was used, i.e., EMG(t) = EMGsel(t) − EMGsel,0(t). As discussed
earlier, automatic channel selection based on the SNR improves correlation to Pmus.
Finally, given some estimate for the respiratory mechanical parameters (R̂, Ê, K̂EMG
and V̂0), the muscular pressure Pmus can be reconstructed using

Pmus,EMG(t) = R̂ · V̇ (t) + Ê · (V (t) + V̂0)− Paw(t) + P0, (4.5)
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which only uses pneumatic measurements from the ventilator that are less affected by
noise than the EMG signals, thus offering an improvement of the SNR over using the
EMG directly. The pneumatic Pmus calculation coincides with what has been widely
used in the literature [114, 241] and in proportional ventilation modes such as PAV
and PPS [247]. The following section will introduce a robust solution to the parameter
estimation problem in equation (4.4).

Robust parameter and effort estimation

The estimation of ‘good’ parameters solving equation (4.4) turns out to be challenging.
Empirical results have shown that the simple sample-wise OLS solution is brittle: the
estimation of lung parameters was reported to be highly susceptible to small phase
delays as well as model mismatch [44, 126, 161, 180, 215, 232]. Experience gained
from this chapter also indicated that the OLS solution often fails to correctly capture
the ’big picture’ of ventilation data because it is overly sensitive to single outliers and
tends to overfit uninformative data such as sections containing many repetitive breaths,
refer to Petersen, Graßhoff et al. [161]. In the following, these problems are mitigated
by introducing a novel estimator tailored to the characteristics of ventilatory data. Two
key novelties are proposed: (1) the respiratory time constant τ = R/E is estimated
separately on expiratory data and (2) the remaining parameters are estimated in
a breath-wise integrated form of the equation of motion. In both steps, this work
advocates to use robust regression methods instead of OLS regression to reduce the
influence of outliers.

The first novelty of this work concerns the estimation of the time constant τ , which is
to be determined separately and prior to other parameters. To this end, the proposed
method exploits the fact that most patients under assisted ventilation are less active
during expirations, which can be recognized from the typical exponential shape of the
expiratory flow curve. In such cases, the respiratory time constant could be calculated
easily by reading off the V/V̇ ratio, which has already been used in previous works [173,
229]. However, in most patients, a direct calculation is complicated by residual patient
activity, for example by missed efforts and active expirations. Moreover, possible offsets
of the volume V0 have to be taken into account before forming the V/V̇ ratio. For these
reasons, this chapter proposes a model-based estimation of the time constant. As a
model for expirations

V (t) = −τ · V̇ (t)− V0 (4.6)

was used, which follows directly from equation (4.3), when Paw = P0 = PEEP and
Pmus = 0 is assumed. This equation was fitted simultaneously to multiple expirations
and robust regression was used to reduce the influence to outliers caused by expiratory
patient activity. To account for possible changes of the volume offset V0 in between
expirations (due to iPEEP or remaining drifts of the volume signal), a parallel slopes
regression model was used, where the slope τ is shared between all expirations, while
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Fig. 4.2: Key steps involved in the estimation procedure. The upper left panel shows the time
courses of airway flow V̇ and lung volume V of a patient under assisted mechanical
ventilation. Passive expirations can be recognized from the exponential shape of the
flow and volume curve, allowing to determine the respiratory time constant τ from
the slope of the flow–volume loop shown in the upper right panel. Due to remaining
drift of the volume signal and intrinsic PEEP, parallel slopes regression is used to
estimate τ and a breath-wise offset parameter V0. Given τ , only two parameters, the
neuromechanical coupling KEMG and elastance E, remain to be estimated, which
is illustrated in the bottom panels. To increase robustness, these parameters are
estimated using a breath-wise integrated equation of motion introduced in (4.13).
Each breath provides a point within the time product space defined by VTPrs, ETP
and PTPaw values. The regression can be visualized as a 2D-plane with slopes
KEMG and E along the two independent variables. The color of points corresponds
to the four PS levels: CPAP ( ), PS at 5 cmH2O ( ), PS at 10 cmH2O ( ), PS at
15 cmH2O ( ).

an individual offset parameter V0,i was used in each expiration; i indicates breaths.
Thus, given measurements of expiratory time points tk, the estimator used

V (tk) = −τ · V̇ (tk)−
∑
i V0,i · Y (tk, i) + ϵk, (4.7)

where Y (tk, i) = 1 if tk belongs to expiration of breath i and Y (tk, i) = 0 otherwise, and
minimized ∑k ρTukey(ϵk) with respect to the parameters τ and V0,i using iteratively
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Fig. 4.3: A simulation of pneumatic signals under the equation of motion (4.3). When there
is a superposition of Paw and Pmus, the volume V and flow V̇ tend to be difficult
to interpret. Given an estimate of τ , the flow and volume can be aggregated via
Vrs(t) := V (t) + τ · V̇ (t). The variable Vrs is proportional to the total pressure
Prs(t) = Paw(t) + Pmus(t) − P0 acting on the respiratory system, and thus, gives
direct insight into the pneumatic output from both the ventilator and patient.

reweighted least squares. The function ρTukey denotes Tukey’s bisquare loss function
introduced in section 2.1.2. An example of the regression result on patient data is
depicted in figure 4.2. The parameter estimates were denoted as τ̂ and V̂0,i. The
parameters V̂0,i account for any breath-wise volume offsets for example due to iPEEP.
As a next step, a continuous estimate for the volume offset V̂0(t) was calculated based
on the individual (expiratory) offsets V̂0,i. This was done mainly by smoothing and
interpolating between the baselines of expiratory segments; more details are provided
in the appendix of [78]. The resulting signal V̂0(t) is intended to provide a smooth
representation of volume offsets across the full length of recordings.

The proposed method provides a reliable, automated estimate of the respiratory
time constant τ . The use of robust regression automatically discards any expirations
that are too disturbed by patient activity. A good estimate can be obtained as long
as no more than roughly half of the breaths are affected. In contrast, with OLS all
outliers directly have a negative impact on the regression result. To further increase
robustness, additional selection criteria can be used for selecting ‘good’ sections of the
data: in this work, only expirations were included for which 0.2 L < VT < 1.0 L and
0.6 s < Texp < 3.0 s, where VT denotes the tidal volume, Texp denotes the length of
the expiration. In the future, more sophisticated criteria could be used for selecting
suitable expirations, for example based on the shape of the ventilator curves similar
to [32], or based directly on the EMG.
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The identification of the time constant τ and the volume offset V0 solves an important
part of the overall estimation problem. The estimates were incorporated by inserting
R = E · τ into (4.4), from which

Paw(t) = E · (V (t) + V0) + E · τ · V̇ (t)−KEMG · EMG(t) + P0 (4.8)
= E · Vrs(t)−KEMG · EMG(t) + P0, (4.9)

can be obtained, where
Vrs(t) := V (t) + V0 + τ · V̇ (t). (4.10)

The variable Vrs(t) is fully defined in terms of previous parameters (an estimate V̂rs(t)
can be constructed directly from τ̂ and V̂0(t)). Now only two parameters (KEMG and
E) remain to be estimated in equation (4.10), which is a much simpler problem than
estimating all parameters at once. It should be pointed out that the variable Vrs is quite
interesting in itself, which is illustrated in figure 4.3. Using the equation of motion
defined in equation (4.3), one can show that E ·Vrs(t) = Paw(t)+Pmus(t)−P0 = Prs(t).
Thus, Vrs(t) is proportional to the total pressure Prs(t) acting on the respiratory system
and the proportionality constant is the respiratory elastance E. In that sense, Vrs(t)
is a surrogate for the pneumatic output that is jointly generated by the ventilator and
the patient.

Regarding the second novelty proposed in this work, a new form of the EqM was
introduced, based on breath-wise integration over time of equation (4.9), resulting in∫

Paw(t) dt =
∫
E · (V (t) + V0) +R · V̇ (t) dt−

∫
KEMG · EMG(t) dt+

∫
P0 dt,

(4.11)

where the integrated terms correspond to time product values, which were already
used in chapter 3 and also widely employed in the mechanical ventilation literature.
Chapter 3 has demonstrated that the EMG–time product is a viable metric for patient
activity and that it is highly correlated to the Pmus–time product. The breath-wise
evaluation of equation (4.11) leads to an integrated equation of motion

PTPaw = E ·VTPrs − PTPmus + PTP0 (4.12)
= E ·VTPrs −KEMG · ETP + PTP0, (4.13)

where the variables are given in terms of time product values and can be easily
calculated: PTPaw is the pressure–time product of the airway pressure, VTPrs is
calculated by integrating Vrs leading to a volume–time product, ETP is the EMG–
time product and PTP0 is calculated by integrating the PEEP. In this work, one set
of time product values were calculated from each inspiration and inspirations were
detected directly from the flow signal. Given a set of breaths

PTPaw(i) = E ·VTPrs(i)−KEMG · ETP(i) + PTP0 + ϵi (4.14)
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was used in the estimation and the robust regression loss ∑i ρHuber(ϵi) was minimized
with respect to the parameters KEMG and E by means of iteratively reweighted least
squares; the function ρHuber represents the Huber loss from section 2.1.2 and, as before,
i indicates breaths. Using the respiratory elastance estimate Ê, one can calculate the
muscle pressure via

Pmus,EMG(t) = Ê · V̂rs(t)− Paw(t) + P0, (4.15)

which corresponds to the pneumatic reconstruction in equation (4.5). An estimate for
the respiratory resistance can be calculated as R̂ = Ê · τ̂ .

The reconstruction of Pmus from pneumatic measurements often causes high frequency
artifacts due to model mismatch or noise in the pneumatic signals. This was already
noticed by Younes et al., who reported small spikes in the Pmus signal when the flow
changes rapidly, refer to the supplement of [247]. These artifacts have a much higher
frequency than the respiratory waveforms and can be removed using low-pass filtering.
To this end, a seventh order Butterworth low-pass filter with a cutoff frequency of
3.5 Hz was used. Empirical tests showed that this cutoff managed to remove most arti-
facts and did not strongly affect the physiological waveform of the Pmus signal. The
filtered signal was denoted as P (mdl)

mus,EMG and the corresponding parameter estimates as
K̂

(mdl)
EMG , Ê(mdl) and R̂(mdl).

Remarks on the proposed method

The herein proposed integrated form of the EqM implies a breath-wise interpretation,
that is, the model is fitted to explain complete breaths rather than individual samples.
In that sense, the model relates the flow and volume generated across full breaths
(which is aggregated in VTPrs) to the aggregated pressure outputs from the venti-
lator (PTPaw) and from the patient (PTPmus). Thus, proportionality between EMG
and Pmus waveforms is not required, because EMG data are only ever used in their
integrated form. Very importantly, PTPmus(i) = KEMG · ETP(i) is a much weaker
assumption than Pmus(t) = KEMG · EMG(t), and a tight coupling between the inspi-
ratory effort PTPmus and the EMG–time product ETP was previously demonstrated,
refer to chapter 3. The regression of time product values is much less susceptible to
small phase delays, which were reported to strongly affect the estimation of respiratory
parameters [215], and to autocorrelated measurement errors. To give one example,
cardiogenic artifacts remaining in the EMG envelope pose a much smaller problem
when using ETP values and are therefore less likely to negatively affect the regression
result.

It can be easily seen in equation (4.13) that two linearly independent sets of time
product values are needed to solve the regression with respect to E and KEMG.
Thus, some form of change in workload shares between ventilator and patient will
be needed, that is, there must be sufficient variation of VTPrs against ETP to ensure
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identifiability. The regression space is visualized in figure 4.2 across four PS levels.
A change in workload shares can be achieved by relying on natural variations of
the patient’s breathing pattern or by introducing external variation for example by
changing the ventilator PS level. Thus, the parameter estimation can be solved
during tidal ventilation without relying on highly disruptive maneuvers such as airway
occlusions or pressure pulses as in the methods proposed by Younes et al. [248, 249].
Notice that the herein proposed methodology is not restricted to ETP and could employ
any additional measurement with a high correlation to PTPmus to estimate respiratory
parameters. As a last remark, the proposed EqM (4.11) could also be calculated by
integrating over volume instead of time, which would then give rise to a formulation
in terms of work of breathing instead of time product values.

4.2.3 Combined approach

In the model-based approach presented above, respiratory parameters are estimated
during normal tidal breathing on multiple pressure support levels and the Pmus curve
is formed using only pneumatic signals. In contrast, the occlusion-based approach
presented in section 4.2.1 provides an immediate estimate for the neuromechanical
coupling parameter KEMG, but is highly dependent on the signal quality of the EMG.
As a final approach, the merits of both methods were combined. To this end, KEMG
was estimated from occlusions maneuvers and then used as a fixed parameter in the
model-based estimation described above. Here, the method follows the same parameter
identification steps, but in the robust regression equation (4.13), the parameter α ·
K̂

(occl)
EMG was used for KEMG and not estimated. As before, the Pmus estimate was

then constructed from pneumatic signals via equation (4.15). The Pmus estimate was
denoted as P (mdl+occl)

mus,EMG and the corresponding parameters as K̂(mdl+occl)
EMG , Ê(mdl+occl) and

R̂(mdl+occl). Notice that the neuromechanical coupling parameter KEMG is identical to
the one used in the occlusion based method, but the two approaches differ in how the
Pmus signal is calculated from KEMG.

4.3 Validation & performance quantification

The robust model-based estimator was validated against Pmus derived from esophageal
pressure on the study data presented in chapter 3 comprising 43 patients and compared
to the simpler occlusion-based approach. An overview of all considered methods is
given in figure 4.1. The data preprocessing followed the same steps as in section 3.2.2.
Respiratory parameters were estimated across all PS levels (CPAP, PS at 5, 10 and
15 cmH2O) using the automatically selected EMG channel and the pneumatic signals
from the ventilator, i.e., the airway flow V̇ , the trend-corrected volume V , and the
airway pressure Paw. The model-based estimates P

(mdl)
mus,EMG and P

(mdl+occl)
mus,EMG were
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validated against Pmus while the occlusion-based estimate P (occl)
mus,EMG provides a baseline

performance for the model-based approaches.

4.3.1 Performance metrics

The model-based estimates of Pmus were evaluated in terms of breath-wise pressure–
time product values. Thus, PTPmus was calculated for the reference Pmus, PTP(occl)

mus,EMG

for the occlusion-based approach, and PTP(mdl)
mus,EMG as well as PTP(mdl+occl)

mus,EMG for the
model-based estimators. The start and end of inspiratory efforts were detected directly
from the Pmus signal as described in section 3.2.3. As a second metric for inspiratory
effort PTP/min values, measured in cmH2O s/min, were calculated by summing up
the PTP values of all detected efforts in each PS level and dividing it by the total
length of the segment. The following performance metrics were used to characterize
the relation between estimated PTPmus,EMG and measured PTPmus:

Slope and bias. To analyze possible scaling errors and biases between PTPmus,EMG
and PTPmus, the linear regression model PTPmus(i) = K · PTPmus,EMG(i) +
Pbias · Tinsp(i) was used, where K is the slope parameter, Pbias is a constant bias
term and Tinsp is the length of detected efforts. The regression was solved for
each patient and section 4.4 reports mean± standard deviation of the parameters
across all patients.

Correlation. In each patient, Pearson’s correlation index r was used to assess the
relation between estimated and measured PTP values and the mean± standard
deviation are reported across all patients.

Deviation. The deviation between PTPmus,EMG and PTPmus was analyzed using the
limits of agreement method by Bland and Altman [33]. As the number of detected
efforts varied widely between patients a variant of the classical Bland-Altman
method accounting for repeated measurements was used, refer to [34]. As a
second metric for deviation, the mean absolute deviation (MAD), weighted by
the number of efforts from all patients, was employed.

Differences between parameter estimates were analyzed by means of the two-tailed
Wilcoxon signed rank test.

4.4 Results

Below, results are reported for a total of n = 43 patients, refer to table A.1 for clinical
characteristics. An excerpt of patient data and the proposed model-based estimate
P

(mdl)
mus,EMG are depicted in figure 4.4.
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Fig. 4.4: Measurements and model-based estimates of V̂rs and Pmus from one patient over
pressure support (PS) levels. In all four levels, the non-invasive estimate (P (mdl)

mus,EMG)
is strongly correlated to the reference (Pmus) derived from esophageal pressure.

Validation against PTPmus

Estimated PTPmus,EMG values were validated against the reference PTPmus derived
from esophageal pressure. As a first step, the merits of using the proposed estimation
techniques were investigated in comparison to simpler (OLS-based) estimators. To this
end, different combinations of the novelties proposed in this work were tested, i.e., the
separate estimation of τ , the integrated equation of motion, and using robust regression
instead of OLS. Results are provided in table 4.1. On average the highest breath-
wise correlation per patient between estimated and measured PTPmus was attained by
combining all aforementioned techniques, see last row of table 4.1, corresponding to the
PTP(mdl)

mus,EMG estimate. This estimate also had the smallest bias Pbias of all methods
and the smallest standard deviation of breath-wise deviation against PTPmus. These
results demonstrate the benefits of using the proposed robust regression approach as
compared to simpler OLS methods for estimating respiratory parameters and Pmus.
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Table 4.1: Performance metrics (mean± standard deviation) for baseline ordinary least
squares (OLS) estimators and different combinations of robust regression (RR)
methods proposed in this chapter, n = 43 (n = 41 when occlusions are involved
in the calculation of a metric). Definitions of performance metrics are provided in
section 4.3.1.

sep. τ
estimator

integr.
EqM correlation slope K bias Pbias

(cmH2O)
PTP dev.
(cmH2O s)

baseline
methods
(OLS)⋆

const.V0 – – 0.902± 0.067 1.03± 0.22 1.84± 1.60 1.62± 2.14

non-const.V0 – – 0.903± 0.076 1.10± 0.29 0.91± 1.56 0.99± 2.31

proposed methods

OLS – 0.930± 0.056 0.93± 0.18 1.28± 1.72 0.79± 2.22
RR – 0.931± 0.054 0.93± 0.18 1.27± 1.71 0.79± 2.21
RR OLS 0.946± 0.051 0.82± 0.15 0.49± 1.54 −0.45± 1.89
RR RR 0.953± 0.037 0.79± 0.14 0.29± 1.43 −0.83± 1.73

integr. EqM: integrated equation of motion; PTP dev.: pressure–time product deviation; ⋆: for the
two baseline methods, sample-wise OLS was applied directly to the EqM Paw(t) = R · V̇ (t) +E ·V (t)−
KEMG ·EMG(t)+P0 and solved for R, E, KEMG and the offset parameter P0 = E ·V0 +PEEP; in a first
variant (assuming a constant V0) a single offset P0 was estimated for each patient, in a second variant
(assuming non-constant V0) a time-varying P0 was implemented by estimating weights of Gaussian
basis functions (which had standard deviation σ = 12 s and were placed at regular 12 s intervals over
the length of the recording);

Next, the performance of the model-based estimates PTP(mdl)
mus,EMG and PTP(mdl+occl)

mus,EMG

was compared to the simpler occlusion-based estimate PTP(occl)
mus,EMG. Results are

reported in table 4.2. The breath-wise correlation between the occlusion-based esti-
mate PTP(occl)

mus,EMG and PTPmus was r = 0.87±0.09, while both model-based approaches
attained a very high correlation to PTPmus (r = 0.95 ± 0.04 for both), which was an
improvement over the occlusion-based method (p < .001). The improvement in corre-
lation demonstrates that the model-based calculation of Pmus substantially reduces the
random scatter associated with using the sEMG envelopes directly. The bias Pbias of
both occlusion- and the model-based estimators in table 4.2 was small. There was
a systematic difference in the scale of PTPmus against both model-based approaches,
because the slope K was smaller than 1 (p < .001 for both), indicating that the esti-
mated values were scaled up compared the reference. The comparison of different
methods in table 4.1 reveals a progression of this effect throughout the variants: in
fact, the best performing estimators tended to show a stronger overestimation against
the esophageal pressure reference.

The breath-wise deviation to PTPmus was analyzed using the limits of agreement
approach by Bland and Altman [34] and results are also reported in table 4.2. This
analysis was conducted on n = 41 patients, where sufficiently long occlusion maneuvers
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Fig. 4.5: Relation between estimated PTPmus,EMG and invasively measured PTPmus values.
The left column shows breath-wise scatter plots and the right column shows Bland-
Altman plots of breath-wise differences. The plots contain m = 18 341 breaths from
n = 41 patients; each point represents one breath. The color of points corresponds to
the four PS levels: CPAP ( ), PS5 ( ), PS10 ( ), PS15 ( ). The mean is visualized
by the solid black line, 95 % limits of agreement are visualized by black dashed lines.
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Fig. 4.6: Relation between estimated PTPmus,EMG/min and invasively measured PTPmus/min
values. The left column shows scatter plots and the right column shows Bland-
Altman plots. The plots contain k = 161 from n = 41 patients; each point represents
one PS level from one patient. The color of points corresponds to the four PS levels:
CPAP ( ), PS5 ( ), PS10 ( ), PS15 ( ). The mean is visualized by the solid black
line, 95 % limits of agreement are visualized by black dashed lines.
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were available. The smallest deviation to PTPmus was achieved by the combined
estimator PTP(mdl+occl)

mus,EMG (−0.23 ± 1.44 cmH2O s). The corresponding Bland-Altman
plots are provided in figure 4.5, which show that both model-based approaches would
allow to clinically assess the inspiratory effort of patients on a breath-by-breath basis.
Finally, the ability of different estimators to quantify inspiratory efforts over a longer
time-scale in terms of PTP/min values was investigated. Again, Bland-Altman plots
were used to analyze the limits of agreement with PTPmus/min, see figure 4.6. The
deviation of the combined estimator (mdl+occl) was −2.37 ± 30.60 cmH2O s/min.
Taking into account a clinical value range of 0 – 250 cmH2O s/min a typical target
range of 100 – 150 cmH2O s/min, the reported agreement of the model-based estimator
would allow to accurately assess patient effort.

Table 4.2: Performance metrics (mean± standard deviation) for the occlusion-based method
from section 4.2.1, the model-based estimator described in section 4.2.2 and the
combined approach from section 4.2.3, n = 43 (n = 41 when occlusions are involved
in the calculation of a metric). Definitions of performance metrics are provided in
section 4.3.1.

PTP(occl)
mus,EMG PTP(mdl)

mus,EMG PTP(mdl+occl)
mus,EMG

correlation r 0.87± 0.09 0.95± 0.04 0.95± 0.04
slope K 1.01± 0.29 0.79± 0.14 0.83± 0.14

bias Pbias (cmH2O) 0.71± 1.46 0.29± 1.43 0.64± 1.27

PTP deviation (cmH2O s) 0.43± 1.77 −0.83± 1.73 −0.23± 1.44
PTP MAD (cmH2O s) 1.26 1.48 1.04

PTP/min deviation
(cmH2O s/min) 10.5± 33.7 −14.6± 37.6 −2.37± 30.60

PTP/min MAD
(cmH2O s/min) 24.3 29.4 20.5

PTP: pressure–time product; PTP/min: aggregated pressure–time product; MAD:
mean absolute deviation; PTP(occl)

mus,EMG: occlusion-based estimate; PTP(mdl)
mus,EMG:

model-based Pmus estimate; PTP(mdl+occl)
mus,EMG : estimated via combined method;

Parameter estimates

The estimated parameter values of the two model-based methods are provided in
table 4.3. The parameter values were in a physiologically plausible range and coincided
with values reported in [14] for healthy and COPD patients. Reference values for lung
mechanics parameters were not available in the study, which is why the focus was on
the evaluation of neuromechanical coupling. The neuromechanical coupling estimated
by the first model-based method (K̂(mdl)

EMG ) was highly correlated to the reference

72



4.5 Discussion

Table 4.3: Parameter estimates of the model-based estimator (mdl) introduced in section 4.2.2
and the combined estimation technique (mdl+occl) from section 4.2.3.

Ĉ (mL/cmH2O) R̂ (cmH2O s/L) K̂EMG (cmH2O/µV)

(mdl) 56.2± 15.0 13.7± 2.3 5.5± 3.7
(mdl+occl) 62.8± 18.0 12.5± 3.1 4.1± 2.7

reference – – 4.4± 3.8

C: respiratory compliance; R: respiratory resistance; KEMG: neuromechanical
coupling index;

value KEMG derived from esophageal pressure according to equation (3.4) (r = 0.91,
p < .001, slope = 0.91), see figure 4.7, demonstrating that a completely unobtrusive,
model-based estimation of KEMG is feasible. Testing for differences between the
estimated parameter K̂(mdl)

EMG and the parameter K̂(occl)
EMG derived from occlusions revealed

that the former was larger (p < .001), see average values in table 4.3. In turn, and in
agreement with the EqM, the resistance and elastance values were larger in the first
model-based estimator (mdl) than in the combined approach (mdl+occl) (p < .001).
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Fig. 4.7: Scatter plot of neuromechanical coupling indices determined invasively from
esophageal pressure (KEMG) and non-invasively by the fully model-based estimator
(K̂(mdl)

EMG ). Each point represents one patient, n = 41.

4.5 Discussion

The results demonstrate that the proposed model-based estimator provides a reliable
estimate of respiratory muscle pressure Pmus. The main findings are: In a cohort of 43
patients under assisted mechanical ventilation, the model-based estimates PTPmus,EMG
had a very high correlation to the reference PTPmus derived from esophageal pressure
(r = 0.95± 0.04 for both PTP(mdl)

mus,EMG and PTP(mdl+occl)
mus,EMG ). The breath-wise deviation

73



Chapter 4 Model-based Inspiratory Effort Estimation using Surface EMG

between the second model-based estimator (PTP(mdl+occl)
mus,EMG ) and the reference (PTPmus)

was as low as −0.23± 1.44 cmH2O s.
The occlusion-based method, previously proposed by Bellani et al. [29], uses a scaled

version of the EMG curve to approximate Pmus. The approach is simple, but its
performance strongly relies on a good quality of the EMG signal obtained during the
occlusion maneuver, which poses practical difficulties regarding the repeatability of
the method [101]. The herein proposed model-based methods use all available signals
during normal tidal breathing to form a Pmus estimate. They are therefore much less
sensitive to noise and artifacts in individual measurements. The results show that the
model-based estimators manage to substantially reduce measurement noise and attain
a significantly higher correlation to Pmus. Figure 4.8b shows an illustrative patient with
very low EMG signal-to-noise ratio, for which the model-based estimator still manages
to reconstruct a viable Pmus curve. The results show that the proposed model-based
approach overcomes one of the most prominent drawbacks of surface EMG, namely its
low SNR, and thus might help to bring this technique into clinical practice.

Another advantage of model-based methods is their ability to provide insight into
lung parameters. The analysis conducted in this chapter has shown, for the first time,
that a model-based method enables estimation of the neuromechanical coupling of
respiratory muscles without disruptive maneuvers: the estimated parameter K̂(mdl)

EMG
had a very high correlation with the reference value derived from esophageal pressure.
The respiratory parameters (resistance and elastance) were in the order of magnitude
expected for the cohort, but further studies are needed to validate these estimates
against passive measurements (which were not available in the analyzed data). Two
model-based methods have been investigated: the first one estimates all parameters
simultaneously during normal assisted ventilation (mdl), while the second one takes
KEMG from occlusions and then estimates the remaining parameters during normal
ventilation (mdl+occl). Both methods had, on average, an equally high correlation to
PTPmus, but the combined approach attained an overall lower deviation (in terms
of MAD and the limits of agreement). The larger deviation of the fully model-
based estimator (mdl) is not caused by random scatter of estimated PTPmus values
in individual patients, because the correlation per patient was very high, but can
be attributed to a systematically higher scaling of Pmus. Both model-based methods
showed a slight overestimation, but this effect was most pronounced in the first, fully
model-based method (mdl). The measured PTPmus values were on average ∼21 %
smaller than the model-based estimates PTP(mdl)

mus,EMG, refer to table 4.2. In accordance
with this, the estimated neuromechanical coupling (K̂(mdl)

EMG ) and lung parameters
(Ê(mdl) and R̂(mdl)) were significantly larger than in the estimator that uses occlusions
to estimate KEMG. When analyzing the scaling of the estimated Pmus signal, it must
be taken into account that esophageal pressure itself is strongly affected by scaling
errors due to incorrect balloon positioning/filling. The overestimation of Pmus by the
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Fig. 4.8: Excerpts of measured data and Pmus estimates from two patients. In both cases the
model-based estimation technique attains a high correlation to the reference derived
from esophageal pressure. (a) Response of the patient to a pressure support step.
(b) An example with very low sEMG signal-to-noise ratio.
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model-based estimator should therefore not be dismissed as an error too quickly, but
might be considered as an independent result, complementing a Pes-based analysis.

Several important contributions to respiratory model identification were made in
this chapter. Most of the previous studies have relied on ordinary least squares (OLS)
regression to identify respiratory parameters, but several authors have found potential
shortcomings of this approach: the OLS parameter estimates were reported to be highly
sensitive to phase delay, noise, residual patient activity and model mismatch [126,
147, 161, 180, 215, 232]. The results in table 4.1 confirm potential shortcomings of
directly using OLS regression for the identification of lung parameters. In part due
to these problems, it appears there is still a strong sense of skepticism among many
authors regarding the application of model-based approaches in mechanically ventilated
patients [81]. In this work, in order to increase the robustness of respiratory parameter
estimation, several new techniques have been proposed. Firstly, the respiratory time
constant was estimated over many expirations using a parallel slopes regression model
that is robust against iPEEP and expiratory patient efforts, as long as they are
rare enough. Secondly, the remaining parameters were estimated using an integrated
form of the equation of motion (EqM), which was fitted to explain complete breaths
rather than individual data points. Very importantly, the electrical and pneumatic
measurements were only incorporated as time product values, which is why the model
is highly robust against signal delays, pneumatic artifacts and the shape of the EMG
envelope. In both identification steps, it seems beneficial to use robust regression
instead of OLS. The results show that the best performance is achieved through a
combination of all aforementioned techniques, refer to table 4.1. One of the strengths
of the herein conducted data analysis is the size of the patient cohort (n = 43), which
was considerably larger than previous studies treating model-based approaches.

Several limitations of the data analysis have to be discussed. Most of the patients
were only undergoing ventilation for the duration of the bronchoscopy and had rela-
tively healthy lungs, refer to clinical characteristic in table A.1. Only 16 of the analyzed
patients were diagnosed with a COPD and of those patients only 3 showed substan-
tial airflow limitation. Therefore, there is not yet sufficient evidence for the validity
of model-based Pmus estimation in severe COPD patients. As already suggested in
the literature [111], it can be assumed that the lung mechanics models will have to be
extended to better represent such patients, e.g., by using two time constants. Recently,
this idea has been explored by demonstrating that a switching time constant can be
identified when the expiration is passive, refer to the papers by Hennigs et al. [90, 91],
which were co-written by the author of this thesis. Overall, further studies will be
needed to prove validity of the model-based approach in long-term ventilated patients,
including severe ARDS and COPD patients.

Another limitation concerns the composition of the input data, which does not
reflect normal assisted ventilation. On the analyzed data, models were fitted to
all available PS levels (CPAP and PSV at 5, 10 and 15 cmH2O), which entailed a
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wide range of different patient-ventilator workload shares, and thus, facilitated the
identification of lung parameters. Variations in VTPrs tend to increase visibility of
the lung elastance E, while variations in ETP improve the identifiability of KEMG.
As discussed in section 4.2.2, at least two linear independent set points are needed to
solve the regression in equation (4.13), which was clearly satisfied in the data with
four different support/activity levels. An important research direction for the future
is how identifiability can be achieved with the least obtrusive maneuvers possible. It
is reasonable to assume that two PS levels would be sufficient in most patients, and
it might even be possible to completely rely on the natural variation of breathing
activity. An attractive ventilation mode to be investigated in the future is noisy PSV,
which mimics the random variations of natural breathing, and is well tolerated by most
patients [214].

Finally, the usefulness of the model-based estimator beyond the herein discussed
quantification of patient effort should be emphasized. It has already been suggested
by Younes et al. [247] that a calculated Pmus signal could be used to non-invasively
assess the timing of patient efforts, which would prove highly useful for diagnosing
patient-ventilator asynchrony. Moreover, the model-based estimator naturally lends
itself to proportional ventilation modes, where pressure support is to be given in
proportion to the patient’s own inspiratory effort. Thus, the calculated Pmus signal,
when multiplied with a patient-specific support factor, could be used directly as a
control input for the ventilator pressure — this idea was discussed in detail by Petersen,
Graßhoff et al. [161]. Interestingly, the herein proposed Pmus estimator positions itself
between existing proportional ventilation modes such as neurally adjusted ventilatory
assist (NAVA), where support is given in proportion to the EMG, and proportional
assist ventilation (PAV/PAV+) as well as proportional pressure support (PPS), where
support is calculated from the flow and volume via the equation of motion (and
parameters are chosen manually or identified via maneuvers).
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Chapter 5

A Gaussian Process Model for Respiratory
Muscle Pressure: Sensor Fusion, Inference
and Learning

After establishing the viability of a linear sEMG-pressure model in chapter 3 and
demonstrating the merits of a model-based estimation approach in chapter 4, this
chapter will explore another possible source of information, namely, physiological
knowledge about the respiratory muscle pressure Pmus. To this end, Gaussian processes
(GPs) are proposed as a tool for modeling key characteristics of Pmus signals such as
smoothness, periodicity and the average shape of efforts, which can then be exploited
for estimating Pmus from non-invasive measurements. Previous Pmus models from the
literature are mostly based on fixed parametric waveforms or simplistic state-space
models which do not appear to account very well for the variability of spontaneous
breathing curves. In contrast, GPs — as Bayesian nonparametric models — provide a
much more expressive way of encoding the statistics of the data via dedicated kernel
functions. The use of GPs as a modeling tool opens up new perspectives on the Pmus
estimation problem from chapter 4. The estimation can now be posed as a Bayesian
inference problem, which means that the prior GP is conditioned on the data to obtain
the posterior. Based on this idea, this chapter will develop a comprehensive GP-
based framework for non-invasive Pmus estimation. It will touch upon (1) Bayesian
sensor fusion of ventilatory and EMG data, (2) efficient solutions to the inference via
equivalent state-space models and (3) learning GP hyperparameters from esophageal
pressure data.

Section 5.1 gives an overview of previously proposed models for respiratory muscle
pressure. The following section 5.2 covers the novel GP framework, introducing the
different Bayesian models and closed-form solutions to the inference. In section 5.3, the
data analysis procedure is described and results are provided in section 5.4. Finally, in
chapter 5.5, results will be discussed and a brief outlook on future work will be given.
None of the results presented in this chapter have previously been published elsewhere.
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5.1 Introduction and previous work

This section provides an overview of previously proposed models for the respiratory
muscle pressure Pmus — it begins by surveying parametric functions and then proceeds
to discuss dynamic state-space models.

One of the most widely adopted models for the shape of respiratory signals is to use
sinusoidal functions, which has already been proposed by Otis [153] as early as 1950.
One of the first parametric formulations for Pmus goes back to the 1966 simulation
study of Jodat [104], who proposed to use a combination of two sinusoidal functions,
corresponding to the inspiration and expiration, respectively. Based upon Jodat’s
work, similar sinusoidal functions were later used to represent Pmus in several works,
refer to [16, 99, 196]. Notably, a sinusoidal half-wave function plotted in figure 5.1 is the
preset waveform for spontaneous efforts in the ASL 5000, which is an active mechanical
test lung used for training and ventilator performance verification [99]. Also, the
numerical simulation studies by Athanasiades et al. [16] employed a sinusoidal function
as the driving pressure input. Despite its successful use for simulation purposes,
the sinusoidal model is of course highly simplistic and does not reflect very well
what is observed in most mechanically ventilated patients. One of the first empirical
investigations of the inspiratory effort waveforms was presented in [138] by Milic-Emili
and Zin. The authors evaluated the shape of occlusion pressure waveforms in humans
and found an approximately quadratic curve for the muscle contraction (i.e., for the
rising part of the Pmus curve). Based on these results, a quadratic model for the
contraction has been employed for both simulation by Yamada et al. [242] and later
for estimation by Saatçi and Akan [182]. Further studies concerning the muscular
pressure waveform were conducted by Mecklenburgh and Mapleson [136], who fitted
quadratic polynomials to both the contraction and relaxation — the resulting curve
is shown in figure 5.1. The data presented in [26, 252] suggest a more exponential
decay of pressure during muscle relaxation, which has also been implemented in the
publications by Yamada et al. [242] as well as Saatçi and Akan [182] (as mentioned
above, both combine the exponential relaxation with a quadratic contraction). The
idea of an exponential Pmus curve was further developed by Fresnel et al. [61] in the
form of a capacitor charge and discharge model. Here, the muscle itself was modeled as
a dynamic system with an exponential charging behavior and different time constants
for inspiration and expiration were used — the resulting pressure curves are shown in
figure 5.1. All of the parametric (sinusoidal, quadratic, exponential) Pmus functions
proposed so far are either based on expert knowledge or on relatively small studies —
none of the models have been validated in a larger cohort of patients under assisted
mechanical ventilation with esophageal pressure. Thus, the evidence for using fixed,
parametric models is very limited. In general, it seems rather unrealistic that the large
variability of spontaneous breathing curves in mechanically ventilated patients could
be well represented by using a fixed Pmus template function.
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Fig. 5.1: Examples of parametric Pmus functions. The left panel shows the sinusoidal half-wave
function with a short hold-period used as a preset in the ASL 5000 simulator [99].
The middle panel depicts the piece-wise quadratic model derived by Mecklenburgh
and Mapleson [136]. The right panel depicts the family of exponential models
described by Fresnel et al. [61].

The work by Fresnel et al. [61] already conveys the notion that Pmus could be
described as a dynamical system in terms of (deterministic or stochastic) state-space
models. In the following, the available dynamical system models for Pmus are surveyed
briefly. The most comprehensive family of models for spontaneous breathing activity
has been introduced by Smith, Molkov et al. [142–144, 209] across several publications.
Their work is mainly concerned with the control of breathing by the respiratory center
and thus has a strong neurobiological focus, featuring a network of (non-spiking) central
pattern generators. Molkov et al. [144] already demonstrated that the neural output
of the model can be used as a driver for phrenic nerve activity to simulate realistic
breathing patterns. Despite its wide-ranging capabilities, the application of this model
to real-world data would be accompanied by many problems, because it is a high-
dimensional, nonlinear model and has a very large number of unknown parameters.
Clearly, the model was designed as a forward model and was not intended to be used
as an inverse model.

Other authors have proposed much simpler stochastic models for representing Pmus,
refer to [159, 182, 196]. The model by Saatçi et al. [182] uses the parametric Pmus
template described above and incorporates a random walk for the dynamics of ampli-
tude changes. Despite enabling adaptation of the amplitude, Saatçi’s model would
fail to represent patients whose respiratory activity does not match the fixed template
(consisting of a quadratic contraction and exponential relaxation). Other authors have
proposed to use second-order systems driven by white noise for representing Pmus [159,
196]. Scheel et al. [196] have used a harmonic oscillator whose frequency was set
to the breathing rate of patients — this model gives rise to a sinusoidal waveform,
and variations of amplitude and phase are enabled through a process noise term.
Petersen [159] proposed to use a damped harmonic oscillator and determined its param-
eters on esophageal pressure measured from mechanically ventilated patients. All of

81



Chapter 5 A Gaussian Process Model for Respiratory Muscle Pressure

the previously proposed reduced-order models for Pmus are rather simplistic and only
capture certain parts of its stochastic properties while omitting others. No comprehen-
sive stochastic model has been proposed that accounts for all relevant characteristics
of Pmus. An important advantage of the stochastic modeling approach is that it can
be easily combined with respiratory mechanics models, allowing to use Bayesian state
estimation on the pneumatic measurements to determine Pmus non-invasively. To this
end, both linear [159, 196] and nonlinear [182] Kalman filters have been employed.

Another important research direction is the regularization approach by Vicario et
al. [228] and Reinders et al. [176]. In both of these works, the goal was to estimate Pmus
non-invasively using only the pneumatic ventilator data. The estimation was posed
as a regularized optimization problem and Pmus models were incorporated implicitly
by means of additional cost-terms and constraints that favor certain physiological
solutions. Vicario et al. [228] used a quadratic loss for fitting the pneumatic model and
added linear constraints, enforcing monotonicity of Pmus during the muscle contraction
and relaxation, respectively. By constraining the possible shapes of respiratory efforts,
model assumptions about Pmus are incorporated into the optimization. Reinders
et al. [176] proposed another approach in which the second derivative of Pmus is
regularized via the ℓ1 norm, which in turn implies a smooth Pmus model. The
approaches by Vicario et al. [228] and Reinders et al. [176] have so far not been validated
against esophageal pressure in human patients, thus, it is not yet clear what kind of
benefits the proposed regularization terms provide in practice.

5.2 Bayesian framework

This work investigates Gaussian processes (GPs) for modeling the respiratory muscle
pressure Pmus. Building upon earlier works [159, 182, 196], the chapter proposes a
comprehensive family of stochastic models that implement the key characteristics of
Pmus signals, namely smoothness, periodicity, average shape of efforts and variance
of efforts. The GPs are then incorporated into a Bayesian sensor fusion model,
allowing to estimate Pmus non-invasively from pneumatic ventilator data and from
EMG measurements in an end-to-end fashion. Both a closed-form solution (using batch
GP regression) and a recursive solution (using Kalman smoothers) will be proposed.
An important advantage of the herein proposed GP framework is that prior knowledge
about the dynamics of Pmus can be formulated in a concise way and exploited during
inference, thus, leading to more physiological estimates.

5.2.1 Gaussian process model for Pmus

The key assumption used in this chapter is

Pmus(t) ∼ GP(mPmus(t), kPmus(t, t′)), (5.1)
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where kPmus(t, t′) models the covariance of the muscle pressure and mPmus(t) its mean.
One of the main goals in this chapter is to introduce and compare different GP
models, i.e., different mean and covariance functions that implement prior knowledge
about Pmus. The following characteristics of respiratory muscle pressure are to be
incorporated into the GP model.

Smoothness. The first characteristic of respiratory muscle pressure to be considered
is smoothness. The temporal dynamics of respiratory pressure generation are
determined by a multitude of factors including, among others, the force response
of motor units, the activation pattern and the biomechanics of the muscle [38,
208]. The impulse response of the diaphragm as a whole can be measured in vivo
using phrenic nerve stimulation. The pressure response to a single bilateral twitch
was characterized by Bellemare et al. [30]: the maximum pressure was reached
after ∼ 80 ms and the total duration of the pressure twitch was longer than 200 ms
in all subjects. These results give a first impression of the temporal dynamics of
Pmus: the pressure can be expected to follow a smooth trajectory within a time-
frame of at least 200 ms. During normal breathing, the time constants will even
tend to be longer, because the neural drive itself also takes some time to build
up. To approximate the (short-term) temporal dynamics of Pmus, two covariance
functions were tested, namely the squared exponential and the Matérn kernel.
The former provides a model for very smooth functions (infinitely differentiable),
while the latter models rougher functions and the roughness/smoothness can be
adjusted by the parameter ν, refer to section 2.1.3 for details. Thus, the Pmus
covariance using either a Matérn or the squared exponential kernel can be stated
as

kPmus(t, t′) = σPmus(t) · k{Mat,SE}(t, t′) · σPmus(t′), (5.2)

where it is assumed that both kMat and kSE have unit variance, thus, the (time-
varying) standard deviation of the kernel is fully defined by σPmus(t). For both
kernels, the length-scale parameters (ℓMat and ℓSE) were optimized to fit the
dynamics of Pmus.

Periodicity. A very prominent characteristic of the Pmus signal is periodicity. A healthy
respiratory center produces an approximately periodic breathing rhythm via its
central pattern generators. The pattern is modulated by physiological feedback
loops, refer to section 2.2.1, and is of course not strictly periodic, i.e., there is a
natural variation of the pattern between breaths. Here the quasi-periodic kernel

kPmus(t, t′) = σPmus(t) · kQP(ϕ(t), ϕ(t′)) · σPmus(t′) (5.3)

was used to approximate this behavior, where kQP is defined by the product of a
2π-periodic kernel kPer and a squared exponential kernel kSE as in section 2.1.3.
As before, kQP is assumed to have unit variance such that σPmus(t) determines
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the standard deviation. The function ϕ(t) was used to map from the time
domain to the phase domain, with each breath being mapped to the interval
[0, 2π]. The quasi-periodic kernel models locally periodic functions and the decay
of periodicity is determined by the length-scale ℓSE of the squared exponential
kernel. Within periods (on a scale shorter than 2π), the kernel produces smooth
functions and short-term behavior is determined by the length-scale parameter
ℓPer. All hyperparameters were optimized using esophageal pressure-derived
measurements of Pmus in mechanically ventilated patients. The performance
of the quasi-periodic kernel was compared to that of the aforementioned smooth
kernel functions.

Average effort shape. As discussed above, several parametric models for the average
shape of Pmus have been proposed [61, 104, 136, 242], which however do not
appear to be flexible enough to account for the large variability of respiratory
efforts in mechanically ventilated patients. In contrast, the GP framework
constitutes a nonparametric model, where prior knowledge about the average
shape of Pmus(t) can be incorporated quite naturally via the mean function
mPmus(t). As a first baseline model the constant mean function

m1(t) = const. (5.4)

was used, which does not induce any further assumptions about the Pmus wave-
form. The second considered mean function was

m2(t) = mt(ϕ(t)), (5.5)

which is a periodic function depending on the patient’s breathing phase ϕ(t) and
on a template function mt. The function mt represents the average waveform
of muscle efforts across one breath comprising its inspiration and expiration. In
this work, the template mt was learned from a large number of patients using
esophageal pressure (Pes) measurements. Despite using a fixed template mt for
the mean, the herein proposed GP framework will be able to represent many
different Pmus waveforms, because deviations from the mean are modeled through
the kernel. One of the goals of this work is to investigate the capabilities of GP
models using m1(t) and m2(t), respectively.

Time-varying variance. Another important characteristic of the Pmus signal is its non-
stationarity, and the most noticeable is that the function distribution changes
between inspiration and expiration. In most patients, respiratory activity is
highest during inspirations, resulting in a larger variance of Pmus values. Thus,
similar to the mean function, two different models for the GP’s standard deviation
σPmus(t) were tested. The simple baseline model

σ1(t) = const. (5.6)
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implements the assumption that the standard deviation of Pmus is constant over
time. As a non-stationary model for σPmus(t), the herein proposed framework
uses

σ2(t) = σt(ϕ(t)), (5.7)

where ϕ(t) is the patient’s breathing phase and σt is a template function modeling
the change of standard deviation throughout the breathing cycle. Again, both σ1
and σ2 were learned directly from esophageal pressure recordings across a large
number of patients.

One of the main goals in this chapter is to investigate the performance of GP models
that implement different assumptions (smoothness, periodicity, time-varying mean and
variance) about Pmus. To this end, a total of six different models were tested, all of
which are listed in table 5.1: each of the three kernels (squared exponential, Matérn,
quasi-periodic) is combined with the stationary model (using m1(t) and σ1(t)) as well
as with the non-stationary model (using m2(t) and σ2(t)).

Table 5.1: Overview of the Gaussian process models that are used to represent Pmus(t). The
prior mean is denoted by mPmus(t), the prior covariance by kPmus(t, t′).

mPmus(t) kPmus(t, t′) stationary locally
smooth periodic hyper-

parameters

GPSE1 m1(t) σ1(t) · kSE(t, t′) · σ1(t′) ✓ ✓ ℓSE
GPSE2 m2(t) σ2(t) · kSE(t, t′) · σ2(t′) ✓ ℓSE
GPMat1 m1(t) σ1(t) · kMat(t, t′) · σ1(t′) ✓ ✓ ν, ℓMat
GPMat2 m2(t) σ2(t) · kMat(t, t′) · σ2(t′) ✓ ν, ℓMat
GPQP1 m1(t) σ1(t) · kQP(ϕ(t), ϕ(t)′) · σ1(t′) ✓ ✓ ℓSE, ℓPer
GPQP2 m2(t) σ2(t) · kQP(ϕ(t), ϕ(t)′) · σ2(t′) ✓ ✓ ℓSE, ℓPer

SE: squared exponential kernel; Mat: Matérn kernel; Per: periodic kernel; QP: quasi-periodic kernel;

5.2.2 Probabilistic sensor fusion model

After having introduced different GP models for Pmus, their application in mechanically
ventilated patients will be treated below. The goal is to incorporate the GP into the
estimation problem given in chapter 4, i.e., Pmus is to be estimated non-invasively from
pneumatic ventilator data and respiratory sEMG measurements. Similar to chapter 4,
this chapter also employs a sensor fusion approach, where all available measurements
are combined in a model to estimate the unknown quantity (Pmus). To this end,
the problem from section 4.2.2 is reformulated in a probabilistic way and posed as a
Bayesian inference problem. To briefly summarize the main idea, the GP prior for
Pmus is to be conditioned on the available measurements to derive the posterior GP
distribution.
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Similar to Petersen [159], this work proposes a probabilistic model that comprises
the following components: (1) a model of respiratory mechanics incorporating the
pneumatic measurements (Paw, V , V̇ ) from the ventilator, (2) a neuromechanical
coupling model incorporating the sEMG measurements, and (3) the GP model for
Pmus described in the previous section. Gaussian priors

E ∼ N (µE , σ2
E) (5.8)

R ∼ N (µR, σ2
R) (5.9)

KEMG ∼ N (µKEMG , σ
2
KEMG) (5.10)

were used for all parameters and the GP prior

Pmus(t) ∼ GP(mPmus(t), kPmus(t, t′)) (5.11)

from section 5.2.1 was used for Pmus(t). The measurement equation was given by

Paw(t) = E · V (t) +R · V̇ (t) + P0(t)− Pmus(t) + ν1(t) (5.12)
0 = KEMG · EMG(t)− Pmus(t) + ν2(t), (5.13)

which can be easily recognized as the equation of motion, refer to section 2.2.3, and
the linear neuromechanical coupling model discussed in section 3.2.3. The residuals
ν1(t) and ν2(t) of the two equations were modeled as zero-mean GPs

ν1(t) ∼ GP(0, kν1(t, t′)) (5.14)
ν2(t) ∼ GP(0, kν2(t, t′)), (5.15)

which were assumed to both have a white noise and a (short-term) autocorrelated
component. Their covariances were defined as

kν1(t, t′) = kMat(t, t′) + σ2
n1δtt′ (5.16)

kν2(t, t′) = kMat(t, t′) + σ2
n2δtt′ , (5.17)

where the Matérn kernel accounts for autocorrelation for example due to phase delays
or cardiac artifacts in the EMG, and the white noise kernel accounts for all remaining
errors. The length-scale and variance of the Matérn kernel (ℓMat, σ2

Mat for both ν1 and
ν2) as well as the white noise variances σ2

n1 and σ2
n2 were treated as hyperparameters

which have to be learned or tuned manually. Finally, the time-varying parameter P0(t)
accounts for pressure offsets caused by PEEP/iPEEP and volume drift. As the offset
may change over time, it was described by the GP prior

P0(t) ∼ GP(PEEP, kP0(t, t′)), (5.18)

where a Matérn kernel kP0(t, t′) = kMat(t, t′) models the slow dynamic of iPEEP
changes and volume drift (or of any other offsets within the data). Note that in
this chapter, P0 was defined as a time-varying process, which is different to chapter 4,
where P0 was considered to be constant and offsets were accounted for via Vrs.
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Fig. 5.2: A factor graph of the joint probability density function described by equations (5.8)–
(5.18) at given time points t1, . . . , tN . The nodes and edges of the graph represent
factors of the distribution and multivariate random variables, respectively. Each
node is a function of the edges that it is connected with. The ‘+’, ‘ ’, and ‘=’ nodes
are defined according to Loeliger et al. [125]. A solution to the inference problem
can be obtained by calculating the marginal distribution of Pmus(t∗).

5.2.3 Inference of Pmus

The inference problem to be solved is the following: given the probabilistic model
stated in equations (5.8)–(5.18) and measurements of Paw(t), V (t), V̇ (t) and EMG(t)
at time points t1, . . . , tN , calculate the posterior Pmus,post(t∗), where t∗ is a given test
point. In the following, a column vector of measurements from a variable y(t) is
denoted as y(t1:N ) and a row vector as y(t1:N )⊤. As a first step towards solving the
problem, it can be easily seen that

E V (t) ∼ GP(µEV (t), V (t)σ2
EV (t′)) (5.19)

R V̇ (t) ∼ GP(µRV̇ (t), V̇ (t)σ2
RV̇ (t′)) (5.20)

KEMG EMG(t) ∼ GP(µKEMGEMG(t), EMG(t)σ2
KEMG ,EMG(t′)) (5.21)

and thus, all priors of the model are GPs. When the equations are evaluated on a finite
set of input points, the joint distribution over all random variables can be represented
by the factor graph in figure 5.2, refer to [125] for a comprehensive introduction to
this type of probabilistic graphical models. The graph is tree-structured and all nodes
either have Gaussian probability distributions or correspond to linear building blocks
(such as the addition and equality node described in [125]). Thus, the marginalization
with respect to Pmus(t∗) is tractable. The closed-form solution is provided in the
following. The solution to the inference problem can be achieved by first conditioning
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the prior GP on the EMG data, which is implemented with equation (5.22), and then
conditioning on the pneumatic data, which is implemented with equation (5.25). Both
equations (5.22) and (5.25) are simply variants of the general GP regression equation
introduced in section 2.1.3. First calculate

mpost1(t) = −mPmus(t) + kPmus(t, t1:N )K−1
sum1msum1

kpost1(t, t′) = kPmus(t, t′)− kPmus(t, t1:N )K−1
sum1kPmus(t1:N , t

′),
(5.22)

where

msum1 = mPmus(t1:N )− µKEMGEMG(t1:N ) (5.23)
Ksum1 = kPmus(t1:N , t1:N ) + EMG(t1:N )σ2

KEMGEMG(t1:N )⊤ + kν1(t1:N , t1:N ), (5.24)

and k(t1:N , t) denotes the column vector of covariances between t1:N and t, k(t, t1:N )
denotes its transpose, k(t1:N , t1:N ) denotes a square matrix of covariances between all
time points. Then, using the posterior from equation (5.22), calculate

mpost2(t) = −mpost1(t) + kpost1(t, t1:N )K−1
sum2msum2

kpost2(t, t′) = kpost1(t, t′)− kpost1(t, t1:N )K−1
sum2kpost1(t1:N , t

′),
(5.25)

where

msum2 = Paw(t1:N )− µEV (t1:N )− µRV̇ (t1:N ) +mpost1(t1:N )− PEEP (5.26)
Ksum2 = kpost1(t1:N , t1:N ) + V (t1:N )σ2

EV (t1:N )⊤ + V̇ (t1:N )σ2
RV̇ (t1:N )⊤

+ kP0(t1:N , t1:N ) + kν2(t1:N , t1:N ).
(5.27)

Finally, the posterior GP for Pmus is given by

Pmus,post(t∗) ∼ GP(mpost2(t∗), kpost2(t∗, t′∗)). (5.28)

To numerically calculate a solution to equation (5.22) and equation (5.25), Cholesky
decomposition was used instead of directly calculating the matrix inverse (in order to
improve numerical stability).

The herein proposed solution to estimating Pmus offers several advantages over
simpler non-Bayesian methods. Firstly, the Pmus signal is reconstructed using all
available sources of information, namely the EMG envelope, pneumatic data and the
prior GP. The solution is calculated in an end-to-end fashion by means of Bayesian
inference. In contrast, the model-based estimators in chapter 4 comprised two separate
steps (namely parameter estimation and Pmus reconstruction), and Pmus was calculated
using only pneumatic data. Secondly, the herein proposed estimator incorporates prior
knowledge about lung parameters and about the distribution of Pmus. In this way, the
posterior is regularized towards physiologically plausible solutions. Thirdly, the derived
posterior of Pmus is itself a GP, which allows to evaluate it at any given test point t∗.
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Fig. 5.3: A comparison of exact kernel functions and their state-space approximations. The
squared exponential kernel (plotted as a light blue line) was approximated using
the nth order Taylor expansion of its spectral density. The Matérn kernel (plotted
as a light red line) with ν = 5

2 has exact representation with n = 3 states. The
quasi-periodic kernel (plotted as a light turquoise line) was approximated using m
harmonic oscillators and a 5th order Taylor expansion of the squared exponential
kernel. Kernel hyperparameters were optimized to approximate Pmus measurements,
refer to section 5.3.1.

Thus, the framework allows for very easy interpolation and upsampling/resampling of
estimates. Fourthly, in contrast to most previous approaches, the proposed method
allows to quantify the posterior confidence, which is an important feature for bringing
such methods into clinical application.

5.2.4 Equivalent state-space formulation

As discussed in section 2.1.4, the practical application of GP-based inference to large
datasets is challenging due to heavy memory and computational requirements. The
main bottleneck comes from storing the kernel matrix K and solving K−1y, which
have O(N2) and O(N3) complexity, respectively, where N is the number of data
points. Thus, the batch solution proposed in the previous section is intractable for
datasets exceeding ∼104 data points, which however is quickly reached in mechanical
ventilation time-series data with recording lengths of >10 min and sampling rates of
50 – 100 Hz. To address these limitations, equivalent state-space formulations for the
GP model can be derived. To this end, the model from section 5.2.2 was reformulated
as a stochastic differential equation and then inference was done by means of Kalman
filters/smoothers, which have quasi-linear time complexity in the number of data
points, refer to section 2.1.4 for more details.
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First consider a reformulation of the Pmus models from section 5.2.1. For the smooth
model GP(mPmus(t), σPmus(t) · k{Mat, SE}(t, t′) · σPmus(t′)) using the squared exponential
or Matérn kernel, one can employ the stochastic differential equation

dx(t) = Fx(t)dt+ Ldβ(t)
Pmus(t) = σPmus(t)Hx(t) +mPmus(t),

(5.29)

where x(t) is the state of the model, β(t) is a Brownian motion with diffusion constant
Q, the functions σPmus(t) and mPmus(t) are defined as in section 5.2.1, and the dynamics
of the (unit variance) kernel are approximated by the model matrices F , L and H as
discussed in section 2.1.4. For the Matérn kernel, the representation in state-space
form is exact [85]. For some kernels that can not be written as rational functions
such as the squared exponential kernel, the state-space reformulation would require
an infinite state dimension. Therefore, as a finite-dimensional approximations to the
squared exponential kernel, the Taylor series approach by Hartikainen and Särkkä [85]
was used. The exact kernel and its approximation are depicted in figure 5.3. Similarly,
for the quasi-periodic model GP(mPmus(t), σPmus(t) · kQP(ϕ(t), ϕ(t)′) · σPmus(t′)), the
stochastic differential equation

dx(ϕ(t)) = Fx(ϕ(t))dϕ(t) + Ldβ(ϕ(t))
Pmus(t) = σPmus(t)Hx(ϕ(t)) +mPmus(t)

(5.30)

was used, which is defined over the breathing phase ϕ(t), where the matrices F , L and
H are again constructed to approximate the dynamics of the Pmus kernel. As discussed
in 2.1.4, the periodic kernel would also gives rise to an infinite-dimensional state-space,
but can be approximated using a finite number of parallel harmonic oscillators, see [212]
for details. The approximation to the quasi-periodic kernel is illustrated in figure 5.3.

The noise processes ν1 and ν2 were also converted to state-space form, leading to
dxν1(t) = Fν1xν1(t)dt+ Lν1dβν1(t)
ν1(t) = Hν1xν1(t) + ϵn1(t)

(5.31)

and
dxν2(t) = Fν2xν2(t)dt+ Lν2dβν2(t)
ν2(t) = Hν2xν2(t) + ϵn2(t),

(5.32)

where xν1(t) and xν2(t) are the state vectors, βν1(t) and βν2(t) are Brownian motions
with diffusion constants Qν1 and Qν2 , the matrices Fν1 , Lν1 , Hν1 and Fν2 , Lν2 , Hν2

are constructed to represent Matérn kernels, ϵn1 and ϵn2 are white noise processes with
spectral densities σ2

n1 and σ2
n2 respectively. The state-space models (5.31) and (5.32)

allow for exact representations of the two noise processes ν1 and ν2. The offset model
P0 was also reformulated to

dxP0(t) = FP0xP0(t)dt+ LP0dβP0(t)
P0(t) = HP0xP0(t) + PEEP,

(5.33)
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where xP0(t) is the state vector, βP0(t) denotes a Brownian motion with diffusion
constant QP0 , and the matrices FP0 , LP0 , HP0 are constructed to represent a GP with
Matérn kernel.

Finally, combining all components enables to construct the augmented model

dz(t) = Faz(t)dt+ Ladβa(t)
y(t) = Ha(t) z(t) +ma(t) + ϵa(t),

(5.34)

where z⊤ =
[
x⊤, E,R,KEMG, x

⊤
P0 , x

⊤
ν1 , x

⊤
ν2

]
is the augmented state vector and βa is a

Brownian motion with diffusion constant Qa. The model uses the matrices
Fa = blkdiag(F, 0, 0, 0, FP0 , Fν1 , Fν2),
La = blkdiag(L, 0, 0, 0, LP0 , Lν1 , Lν2),
Qa = blkdiag(Q, 0, 0, 0, QP0 , Qν1 , Qν2),

(5.35)

where blkdiag(·) denotes an operator that arranges matrices into a block diagonal
matrix. Notice that this model implements the assumption that the parameters E, R
and KEMG are constant, i.e., they do not have any temporal dynamics and are not
subject to noise. The measurement equation in (5.34) is[

0
Paw(t)

]
︸ ︷︷ ︸
y(t)

=
[
σPmus(t)H 0 0 EMG(t) 0 0 Hν2

σPmus(t)H V (t) V̇ (t) 0 HP0 Hν1 0

]
︸ ︷︷ ︸

Ha(t)

z(t)+ma(t)+ϵa(t),

(5.36)
where

ma(t) =
[

−mPmus(t) + µKEMG EMG(t)
−mPmus(t) + µE V (t) + µR V̇ + PEEP

]
, ϵa(t) =

[
ϵn1(t)
ϵn2(t)

]
, (5.37)

which concludes the definition of the equivalent state-space model. Notice that the
periodic process given in equation (5.30) is not yet compatible with the augmented
model, because it was defined over the breathing phase ϕ(t) and not over t. Thus,
the state-space model (5.30) was rewritten to have a time derivative, leading to
dx̃(t) = ϕ′(t)Fx̃(t)dt + ϕ′(t)Ldβ(t), where the substitution x̃(t) = x(ϕ(t)) is used.
In this form, it can be directly incorporated into the augmented model (5.34).

Sequential inference of Pmus

To solve the inference problem from section 5.2.3, the augmented continuous state-
space model was discretized for the time points t1, . . . , tN , leading to the discrete-time
model

z(tk+1) = Aa,kz(tk) + qa,k

y(tk) = Ha,kz(tk) +ma(tk) + ϵa,k,
(5.38)
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where qa,k ∼ N (0, Qa,k) represents process noise, ϵa,k = ϵa(tk) ∼ N (0, Ra) repre-
sents measurement noise, the matrices Aa,k and Qa,k were determined by analytical
discretization as discussed in section 2.1.4, and Ha,k = Ha(tk). Based on the discrete
model, the inference problem for Pmus could now be solved by means of Bayesian state
estimation. The linear Kalman smoother recovers the result of the batch GP solution
given in section 2.1.4 (up to errors caused by the approximation of the squared expo-
nential and periodic kernels). To this end, the Kalman smoother has to be initialized
with z(t0) ∼ N (0,Σa∞), where

Σa∞ = blkdiag(Σ∞, σ2
E , σ

2
R, σ

2
KEMG ,ΣP0∞,Σν1∞,Σν2∞), (5.39)

and the covariances Σ∞, Σν1∞, Σν2∞ and ΣP0∞ are solutions to matrix Riccati equa-
tions corresponding to the state-space models (5.29), (5.31), (5.32) and (5.33), respec-
tively. The state can be interpolated for any given test point t∗ using forward/backward
prediction from adjacent data points.

5.2.5 Relation to other models

The herein proposed model belongs to the class of latent force models, which were
introduced by Alvarez et al. [12] as a compromise between mechanistic modeling
and data driven machine learning. The authors aimed to mitigate the shortcomings
of models derived from first principles, which often do not accurately represent all
dynamics of a physical system, and of purely data driven approaches, which tend
to perform poorly on unseen data. They proposed to augment machine learning
to classical state-space models and showed that GPs can be used to learn unknown
inputs — the so called latent forces — acting on the physical system. Alvarez et al. [12]
solved the inference problem by analytically deriving the covariance function of the
full augmented system, but later work has focused more on the equivalent state-space
approach [188]. The model proposed in this chapter is an instance of the approach
by Alvarez et al. [12], and could be described as a latent pressure model, because the
unknown pressure input Pmus acting on the respiratory system is estimated by means
of a latent GP. It is also worth mentioning, that the augmented state-space model
naturally lends itself to control applications, which was explored in detail by Graßhoff
et al. [72] and Männel, Graßhoff et al. [130].

Another technique closely related to the proposed method is regularization, which
is often employed to solve ill-posed problems. As discussed in section 2.1.1, there is a
direct relation between Bayesian inference and optimization, i.e., the maximum of the
Bayesian posterior corresponds to the solution of a regularized optimization problem.
Under the regularization paradigm, prior knowledge is encoded via a regularization
term which — similar to a Bayesian prior — imposes a penalty on the complexity of
the solution. In the case of a Gaussian process with Gaussian measurement noise,
the regularizer is given by a reproducing kernel Hilbert space (RKHS) norm ∥f∥H =
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√
⟨f, f⟩H with ⟨·, ·⟩H being an inner product on the RKHS H and the data-fit term is

realized by the ℓ2 norm [170, section 6.1]. Thus, a very close variant of the inference
problem considered in this chapter can be recovered by minimization of the functional

J [Pmus(t), θ] = λ∥Pmus(t)∥2H + ∥Γθ∥22 + ∥ϵ1(t1:N )∥22 + ∥ϵ2(t1:N )∥22, (5.40)

where H denotes an RKHS corresponding to the Pmus kernel, λ and Γ are regulariza-
tion parameters, ϵ1 and ϵ2 correspond to the residuals in the equation of motion and
EMG-Pmus model, θ is the vector of model parameters (and for the sake of brevity, the
time-varying offset P0 as well as the autocorrelated errors are not included). Notice that
when the discrete problem is considered, i.e., when Pmus is only estimated at discrete
time instants t1, . . . , tN , the cost term can be realized simply by using the generalized
Tikhonov regularization ∥Pmus(t1:N )∥2K−1 , where K is the covariance matrix. The refor-
mulation in equation (5.40) gives important insight into the relation of the proposed
Bayesian method to earlier approaches of estimating Pmus. Reinders et al. [176] also
used a quadratic data fit term and proposed to regularize the second derivative of
Pmus using the ℓ1 norm, which also enforces smoothness. An earlier study by Vicario
et al. [228] also used the quadratic error term, and relied on additional constraints to
regularize the Pmus waveform, which gives rise to a quadratic programming problem.

The herein proposed GP framework provides a very natural link between the batch
estimation approach and recursive state estimation methods. The augmented state-
space model (5.34) shares its general structure with other state-space models designed
for recursive Pmus estimation [159, 182, 196]. These previously published approaches
have also used a sub-block of the process matrix to model the dynamics of Pmus
and Saatçi et al. [182] also used a random walk behavior for the parameters. In
contrast to the GP model introduced in this chapter, previous Pmus models are much
more simplistic and do not appear to regularize the estimate towards physiologically
plausible solutions. In fact, the Pmus model proposed by Scheel et al. [196] can be seen
as a special case of the quasi-periodic kernel when only the first harmonic oscillator is
used. Moreover, the Pmus model by Saatçi et al. [182] represents a simplified version
of the time-varying mean model mt(ϕ(t)), but in contrast to GPs, it did not explicitly
account for deviations from the fixed template waveform. The close link to these
previously proposed methods is precisely the reason why a Bayesian framework is so
useful. As a unifying framework it offers the possibility of systematically analyzing the
underlying assumptions of different algorithms.

5.3 Data analysis

The Gaussian process framework was evaluated on the study data introduced in
chapter 3. The data preprocessing followed the same steps as in section 3.2.2. To
briefly reiterate, the lung volume signal V was calculated by integrating the flow
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V̇ and by correcting for leakages/drifts. Envelope signals were calculated for both
surface EMG channels, and the channel with the higher SNR was selected to represent
the electrical activity of the respiratory muscles. In this chapter, an estimate of the
patient’s breathing phase ϕ(t) is needed for the GP models. Thus, the sign of the flow
was used to detect inspirations and expirations and then construct a piece-wise linear
phase function, which linearly maps inspirations to the interval [0, π] and expirations
to the interval [π, 2π].

In addition to the six Pmus models listed in table 5.1, two additional baseline models
were tested. The first baseline model is given by an uninformative Pmus kernel, which
means that its information matrix K−1 is zero, and thus, no prior knowledge about
the statistics of Pmus is incorporated. Using the uninformative prior, the probabilistic
model from section 5.2.1 simplifies to a Bayesian regression model with autocorrelated
errors and the inference can be solved in a straightforward manner. The second baseline
model is the OLS estimator that was already employed in chapter 4. OLS can also be
derived as a special case of this chapter’s probabilistic framework. It is given by the
maximum of the posterior when the Pmus prior and parameter priors are uninformative,
P0 is constant and the errors ν1 and ν2 are white. In that sense, OLS represents the
most basic version of the Bayesian model proposed in this chapter. The Pmus signal
is calculated from the OLS parameters using the pneumatic reconstruction that was
introduced in the previous chapter in section 4.2.2.

The main goal of this chapter is to investigate if the incorporation of a GP prior
provides benefits for the Pmus estimation and what kind of prior knowledge (smooth-
ness, periodicity, average waveform) is most beneficial. To reduce the influence of
model mismatch, for this analysis, a subset of patients was selected that had no severe
airflow limitation. Thus, 30 patients with sufficiently long (>0.35 s) occlusion maneu-
vers and with iPEEP < 3 cmH2O were included. The data were split into a training
and a test dataset at a 1:1 ratio, leading to 15 training and 15 test patients. All
reported performance metrics were evaluated on the test data. The hyperparameters
and waveforms of the probabilistic model were learned on the training dataset across
all available pressure support (PS) levels. Then the learned model was used to estimate
Pmus on the test patients during the 5 cmH2O PS phase. This PS level usually leads to
a sufficiently high patient activity with reasonably good patient-ventilator interaction,
and thus, provides the most useful data for comparing the properties of GP models.
The other PS levels are less suited for evaluating GP performances: under CPAP, lung
parameters are often not identifiable, while at higher PS levels, the sEMG amplitude
becomes quite small and there is a higher degree of patient-ventilator asynchrony —
while these effects are interesting from a clinical point of view, they complicate the
model evaluation and were (for now) not the focus of this investigation. Thus, as
opposed to chapter 4, the estimation performance of GPs is only reported in one PS
level, namely the relatively simple case of 5 cmH2O. The inference was solved by
means of Kalman smoothing using the equivalent state-space model in equation (5.34)
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on measurements sampled at 20 Hz. For the Pmus GP, a Matérn kernel with ν = 5/2
was used, leading to a state-space model with 3 states. The squared exponential kernel
was approximated using a state-space model with 7 states. The quasi-periodic kernel
was approximated using 6 harmonic oscillators (12 states) and a decay model with 5
states, leading to a total of 60 states.

5.3.1 Model learning

The GP models introduced in section 5.2.1 were optimized to approximate the dynamics
of invasively measured Pmus in the training dataset. Thus, all steps described in this
section presume availability of esophageal pressure on the training data (but not neces-
sarily on the test data). Training of models was done on full recordings, including all
available PS levels. The Pes signals were processed as in section 3.2.2, i.e., Pmus signals
were calculated by removing cardiac artifacts and correcting for the elastic recoil of
the chest wall EcwV . As a first step, m1(t) and σ1(t) were estimated in each PS level
across all Pmus samples from all training datasets. To make this estimation robust,
Pmus outliers were detected as points that are more than three standard deviations
from the mean, and any samples within 1.5 s from these outliers were excluded from
the estimation. Then, m1(t) and σ1(t) were calculated via the empirical mean and
standard deviation across all remaining samples. The time-varying mean functions
m2(t) and σ2(t) were estimated in a similar fashion: Pmus signals from the training
data were first mapped to the breathing phase ϕ(t), and ensembles of all breathing
waveforms over the interval [0, 2π] were formed in each PS level. As the average Pmus
waveform is highly susceptible to single outliers and artifacts, a highly sensitive outlier
detector inspired by the Hampel filter [84] was used. Briefly, any breaths in which
15 % of the waveform are more than K scaled median absolute deviations [98] from
the ensemble median were discarded. For the cutoff K of the Hampel filter, Miller et
al. [139] proposed values between 2 and 3, but empirical tests showed that more conser-
vative cutoffs are also feasible on the analyzed data, thus, K = 3.25 was used. After
removing outliers, the phase-dependent functions m2(t) and σ2(t) were determined by
the ensemble average and ensemble standard deviation in each PS level.

The hyperparameters of kernels listed in table 5.1 were learned by minimizing the
negative marginal log likelihood on the Pmus measurements. To reduce the computation
time, learning relied on stochastic gradient descent (SGD) on mini-batches. For the
Matérn and the squared exponential kernels, 10 s patches were randomly cropped from
the training data, and in each batch one patch from each patient and PS level was
included, which resulted in a batch size of 60. For the quasi-periodic kernels, longer
patches of 15 s were used to better account for inter-breath correlation. All models
were trained for 200 epochs using SGD with momentum, the learning rate was set to
3× 10−5 and the exponential decay was set to 0.85.
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To generate training data for the autocorrelated error term in ν1, the residual ϵ1 of
the pneumatic respiratory model was calculated by fitting the parameters in

Paw(tk) + Pmus(tk) = E · Vrs(tk) + ϵ1,k, (5.41)

to each patient in the training dataset, where Vrs was calculated as described in
chapter 4 and Pmus is the reference signal derived from Pes. The Matérn kernel of the
pneumatic error model was intended to only account for short-term autocorrelation,
thus, the residual ϵ1,k of equation (5.41) was high-pass filtered prior to GP training
(using a 5th order Butterworth filter with 3 Hz cutoff). Notice that the slow error
dynamics are already accounted for by the time-varying offset P0, therefore they will
not need to be learned here and can be safely filtered out prior to training. The
standard deviation of the Matérn kernel was calculated across all residual samples ϵ1,k
in the training data. Again, for this estimation, outliers were removed by discarding
1.5 s of data around points that are more than 3 standard deviations from zero. The
length-scale of the Matérn kernel was learned by maximizing the negative log marginal
likelihood on mini-batches of 12 s patches, and training was done using the same
approach as above, i.e., one patch was taken from each PS level and patient. Again,
the optimization was done via SGD with momentum. Empirically, it was observed
that the training process was subject to more noise, thus the learning rate was chosen
to be slightly lower than before at 2.5× 10−5 and the number of epochs was set to 400
to ensure convergence.

Training data for the autocorrelated error term in ν2 were generated in a similar
fashion. The EMG was fitted to Pes-derived Pmus via

Pmus(tk) = KEMG · EMG(tk) + ϵ2,k (5.42)

and the hyperparameters of the Matérn kernel were trained on the residual ϵ2,k. Again,
as the focus is on modeling short-term errors, the residuals were high-pass filtered using
a 5th order Butterworth filter with a 3 Hz cutoff. The standard deviation was then
determined across all residuals ϵ2,k in the training dataset and outliers were removed
as described above. The length-scale was learned using SGD with momentum on
mini-batches and was configured the same way as the training of ν1.

Parameter priors

Parameter priors were taken from the literature or tuned manually. Priors for R
and E were chosen based on reference values for healthy and COPD lungs reported
in [14]. The prior lung resistance was parameterized as µR = 14 cmH2O s/L and
σR = 4 cmH2O s/L, the prior lung elastance was parameterized as µE = 25 cmH2O/L
and σE = 4 cmH2O/L. The prior for the neuromechanical coupling was set using the
values reported in chapter 3. The standard deviation σKEMG was set to 4 cmH2O/µV
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and the mean µKEMG was set to 10 cmH2O/µV, which introduces a slight bias towards
larger neuromechanical couplings, and thus, better accounts for the outliers of the
distribution that were observed in chapter 3. As a second variant, the prior information
given by airway occlusion maneuver was also incorporated. This was done via a prior
for KEMG with µKEMG = αK̂

(occl)
EMG and σ2

KEMG
= 10−5 cmH2O/µV, refer to section 3.2.3

for further details on the occlusion technique. In the following, all GP models using
the occlusion-based prior have the suffix “+occl”. The hyperparameters of the offset
process P0 were tuned to represent the inter-breath dynamics of iPEEP and volume
drift. Thus, a Matérn kernel with ν = 5/2, standard deviation of 3 cmH2O and
length-scale ℓ = 7.5 s was used. Finally, the noise standard deviations σn1 and σn2
were tuned manually and set to 2.5 cmH2O and 3 cmH2O, respectively. At a first
glance, both of these terms appear to be quite large, but keep in mind that they must
account for any remaining model errors, such as model mismatch and nonlinearities.
Similarly, Petersen [159] also reported that relatively wide priors are needed for the
noise variables.

5.3.2 Performance metrics

The performance of the GP framework was evaluated on the 15 test patients using
the Pes-derived reference for Pmus. As opposed to chapter 4, where estimators were
evaluated in a breath-wise fashion, in this chapter a greater focus is put on the sample-
wise correspondence between estimated and measured Pmus (because this is where the
influence of temporal GP priors will be most noticeable). The following metrics were
used to quantify the relation between the posterior Pmus,post and the reference Pmus:

Correlation. The sample-wise correlation between the posterior mean mPmus,post and
the reference Pmus was quantified via Pearson’s correlation index r.

Deviation. The deviation between mPmus,post and Pmus was quantified via the sample-
wise mean absolute deviation (MAD).

Log likelihood. Finally, as the previous two metrics only incorporate the posterior
mean, the uncertainty calibration of the posterior was evaluated by means of
the empirical cross entropy, which is a widely used loss function in the machine
learning literature. The metric was calculated as the average negative log likeli-
hood

− 1
N

N∑
k=1

logN (Pmus(tk); mPmus,post(tk), kPmus,post(tk, tk)) (5.43)

across all included samples tk with k = 1, . . . , N .
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Fig. 5.4: An overview of Pmus GP priors after optimization of hyperparameters. Columns
correspond to different pressure support (PS) levels and rows correspond to different
kernels. The upper panel provides results for stationary means/variances, the bottom
panel for non-stationary means/variances. Kernels are evaluated and plotted by
their first input as k(t, 0). Means and 95 % confidence intervals for each PS level are
plotted over three breathing cycles, assuming Tinsp = 1.5 s and Texp = 2.5 s. The
inner part of both panels contains random functions sampled from the GPs.
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Fig. 5.5: An excerpt of patient data at pressure support of 5 cmH2O. The left panel shows
prior means and 95 % confidence intervals of the pneumatic data (E ·V and R · V̇ ), of
the quasi-periodic Pmus prior, and of the electrical data (αK̂(occl)

EMG EMG). The EMG
prior has very small confidence bounds due to the high certainty that was put on
the occlusion-derived neuromechanical coupling index (K̂(occl)

EMG ). The Pmus posterior
from equation (5.28) (Pmus,post) closely follows the esophageal pressure-derived signal
(Pmus). The right panels depict prior and posterior covariance matrices (kPmus(t, t′)
is the prior kernel from (5.1), kpost2(t, t′) is the posterior kernel from (5.28)).

5.4 Results

The mean and standard deviation of Pmus GP priors across the 15 training patients
are plotted in figure 5.4 for three support levels (CPAP, 5 cmH2O and 10 cmH2O).
As expected, the amplitude and variance of the Pmus distribution decreased with
increasing ventilatory support. The phase-dependent effort model (defined by m2 and
σ2) showed a waveform that nicely reflects typical breathing behavior: on average,
the activity during inspirations was higher than during expirations and also had a
larger variance. The inspiration was initiated by a positive deflection in Pmus followed
by a maximum in the middle of the inspiration and a decay behavior initiating the
expiration. These observations coincide with what has been reported by Mecklenburgh
and Mapleson [136]. The average shape of efforts was clearly moderated by the PS
level, which indicates the necessity to learn a new shape in each level (this also means
that during training Pes should be measured across multiple PS levels). Convergence
of hyperparameter training was observed within the maximum number of epochs for
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all GP models. Length-scale parameters of Pmus kernels are provided in figure 5.4 and
the resulting GP dynamics are visualized by means of Pmus sample functions. The
learned length-scales of stationary GPs (defined by m1 and σ1) were generally larger
than those of non-stationary GPs (defined by m2 and σ2), because for the latter a large
part of the slow dynamics are already covered by the mean function. The resulting
sample functions exhibit a wide range of waveforms and thus nicely capture the variety
of effort shapes that one would expect from mechanically ventilated patients. Very
importantly, the samples are not restricted to a fixed parametric function as in the
previous Pmus models introduced in section 5.1. The two quasi-periodic kernels in
figure 5.4 reveal that there is a strong coupling between successive breaths, which
is more pronounced in the model with constant mean (m1). Again, this is to be
expected, because the non-constant mean (m2) already accounts for (strictly) periodic
dynamics. The length-scale of the quasi-periodic decay was identified as ℓSE = 2.51π
for the stationary and as ℓSE = 1.58π for the non-stationary model, which translates
into a breath-to-breath correlation (between points with the same respiratory phase)
of 0.73 and 0.45, respectively. The hyperparameters of the pneumatic noise model
were identified as ℓMat = 0.11 s and σMat = 0.32 cmH2O. The hyperparameters of the
EMG noise model were identified as ℓMat = 0.13 s and σMat = 0.57 cmH2O. These
results provide important insights into the amplitude and temporal dynamic of the
autocorrelated errors terms in equations (5.41) and (5.42).

The covariance of the different GPs are visualized in figure 5.5 and a comparison of
all Pmus estimates on an illustrative excerpt of data is given in figure 5.6. Performance
metrics across all 15 test datasets are provided in figure 5.7. The best performing
estimators were the ones combining the non-stationary GP with the neuromechanical
coupling prior derived from occlusions (GPSE2+occl, GPMat2+occl and GPQP2+occl).
For the Matérn kernel, an average correlation to Pmus of 0.93 ± 0.04 and an average
MAD of 0.60± 0.25 was reached, and similar performances were also attained by the
squared exponential and quasi-periodic kernel, refer to figure 5.7. The two baseline
models (OLS and GPuninf) clearly failed to obtain viable estimates of Pmus: both
models did not succeed in producing a physiological waveform, which was reflected in
a low correlation, and they also failed to correctly estimate the amplitude of Pmus,
which resulted in a large MAD. Thus, these results demonstrate the benefits of using
the proposed GP framework and of incorporating prior knowledge about Pmus. Indeed,
all investigated GP priors provided some benefit to the estimation. The simplest GP
models (GPSE1, GPMat1, GPQP1), using constant mean m1 and standard deviation
σ1, attained a higher correlation to Pmus than the uninformative model, which can
be mainly attributed to the fact that they smooth out artifacts in the posterior Pmus
curve. The non-stationary models (GPSE2, GPMat2, GPQP2), using the non-constant
mean m2 and standard deviation σ2, performed very well in terms of both correlation
and MAD. The analysis did not show a significant difference between the performances
of the three covariance functions, i.e., the Matérn, squared exponential and quasi-
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periodic kernels achieved very similar results. Across all models (baseline and GP
models), the incorporation of prior knowledge derived from occlusions was found to be
highly beneficial and consistently improved the performance. The results in figure 5.7
also give insights into the capability of different models to estimate the posterior
uncertainty, which was quantified by means of the negative log likelihood. Interestingly,
the uninformative GP model had a relatively small negative log likelihood, which it
achieved by correctly predicting very wide confidence bounds, refer to figure 5.6 for an
illustrative example. The most prominent uncertainty miscalibration was observed in
the three stationary GP models (GPSE1, GPMat1, GPQP1), which all tend to be overly
confident, indicated by high negative log likelihood values.

5.5 Discussion

This chapter has introduced a novel GP framework for modeling the respiratory muscle
pressure Pmus in mechanically ventilated patients. GPs provide a highly flexible class of
models that bridge the gap between existing approaches to Pmus estimation, including
regularization techniques and Kalman filtering. Several key characteristics of Pmus
signals such as smoothness, periodicity and the shape of efforts were implemented via
different kernel functions, and incorporated into a Bayesian sensor fusion model. The
main result of this chapter is the following: The incorporation of prior knowledge in
the form of a GP offers substantial benefits over simpler (uninformative) models for
estimating Pmus.

Important contributions towards a physiological, stochastic Pmus model have been
made in this chapter. Previous models were rather simplistic, relying on fixed para-
metric functions [104, 182] or on simple state-space models such as harmonic oscilla-
tors [159, 196]. The herein proposed GP framework provides a comprehensive family
of stochastic models that cover many relevant effects, including short-time dynamics,
periodicity, and phase-dependent waveforms. As opposed to most previous studies, all
model parameters were identified directly on esophageal pressure recordings in mechan-
ically ventilated patients. The resulting GPs provide, for the first time, insight into the
dynamics of Pmus signals and their covariance both within and across breaths. This
adds to the findings of previous authors, such as Bellemare et al. [30] who have studied
the temporal characteristics of isolated diaphragm twitches and Petersen [159] who
identified simple state-space models to represent Pmus signals. Moreover, to the best
of the author’s knowledge, no previous study has investigated the average Pes-derived
muscle pressure waveform across a similarly large cohort of patients. The work closest
to this one would be that by Mecklenburgh and Mapleson [136], who determined an
average inspiratory effort waveform. However, they did not directly measure Pmus from
esophageal pressure, but used a calculated Pmus signal. Another contribution of this
chapter is the investigation of the dynamics of measurement errors in the pneumatic
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Fig. 5.7: Performance metrics on the test data (n = 15) for all considered GP models. The
figure provides box plots of Pearson correlation, mean absolute deviation (MAD)
and average negative log likelihood, all calculated in a sample-wise fashion.

and the EMG model. For both equations, the training data had considerable autocor-
relation on a scale of roughly 0.1 s. One important takeaway is that sampling times
significantly below 0.1 s will not provide much benefit for solving the problem posed
in section 5.2.3, because the samples would become strongly autocorrelated. In other
words, a sampling time of roughly 0.1 s would be sufficient to solve the inference. In
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this evaluation, a slightly smaller sampling time of 0.05 s has been used to guarantee
that all relevant information are captured.

One key goal of this chapter was to investigate what kind of prior knowledge needs to
be incorporated to estimate Pmus non-invasively from ventilator and EMG data. The
results show that the proposed GP models clearly outperform uninformative priors.
Moreover, all informative priors (using squared exponential, Matérn, or quasi-periodic
covariance functions) were found to have very similar performance profiles. Most
surprisingly, the periodic prior did not outperform the smooth GP models, despite
periodicity being one of the most distinctive features of respiratory signals. A strong
correlation of subsequent points with the same respiratory phase was indeed learned by
the quasi-periodic GP model on the training data, but it appears that the incorporation
of this property is not needed to solve the inference problem. One possible explanation
is that most of the measured ventilatory data are themselves already periodic, and
thus implicitly regularize the result toward periodic solutions. Still, periodic Pmus
models could be beneficial in other domains, for example, when the data are very
noisy or in the context of generative models. On the problem at hand, the Matérn
kernel provides the best trade-off between model complexity (indicated by its state-
space dimension) and estimation performance. Another key result of the analysis is
that the phase-dependent models for the mean and standard deviation (m2 and σ2)
are very effective in improving performance, and would allow to estimate Pmus on a
single PS level without any disruptive maneuvers. The other decisive prior proved to
be the neuromechanical coupling derived from occlusion maneuvers, which improved
performance across all models and also provided viable estimates in combination with
the uninformative GP.

The GP framework presented in this chapter complements the techniques that were
investigated in chapter 4. While the focus in chapter 4 was on robustness, this
chapter has made the case for incorporating prior knowledge about Pmus dynamics.
While chapter 4 was focused on breath-wise estimation, in this chapter a sample-wise
evaluation was pursued (because this is where GP models have the greatest influence).
The results show that both directions improve Pmus estimation — due to the different
types of metrics and different test datasets, a direct comparison of the two approaches
has not yet been conducted, but is planned in the future. Both chapters, ultimately,
have addressed the shortcomings of simpler regression techniques such as OLS, which
tend to generate unphysiological Pmus curves due to their strong sensitivity to artifacts,
phase delays and model mismatch. From a Bayesian viewpoint, chapter 4 has focused
on the choice of the likelihood function, in particular regarding fat-tailed distributions
and the weight of samples, and chapter 5 has focused on the choice of the prior. Thus,
the two perspectives nicely complement each other and could also be combined to
derive novel estimators, for example by using GP priors together with non-Gaussian
likelihood functions. Such models would generally give rise to intractable inference
problems, but a wide range of techniques described in the literature offer approximate
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solutions, e.g., by means of expectation propagation or variational inference [149]. An
important advantage of the herein proposed GP-based framework is that it connects
many of the previously proposed methods for estimating Pmus. GP inference can be
posed as a regularized optimization problem and thus provides direct links to the Pmus
estimation techniques studied in [176, 228]. It was also shown that equivalent state-
space models can be derived, allowing to solve the inference via Kalman filtering and
smoothing techniques, which in turn provides links to the publications by Saatçi and
Akan [182], Petersen [159] and Scheel et al. [196]. For this reason, the GP framework
seems to be an extremely valuable tool for unifying the various algorithms and for
studying their structure as well as their underlying assumptions.

Several extensions of the methodology seem worth to be pursued further. Firstly,
a systematic investigation of more complex respiratory models beyond the linear
equation of motion would be valuable. For instance, several authors have proposed
nonlinear differential equations for the respiratory mechanics [16], which could also be
easily combined with the GP framework. Again, closed-form solutions are intractable
but approximations in the form of extended or unscented Kalman filters/smoothers
are available. An increase in model complexity offers the potential to reduce model
mismatch, but at the same time complicates parameter identification. In this context,
the use of GP priors could be very helpful to regularize the parameters towards
physiological solutions. Another interesting direction is the extension of the framework
to include more measurements such as esophageal pressure, gastric pressure or EAdi.
In the spirit of the sensor fusion paradigm, combining multiple independent data could
further improve the estimation. The proposed GP framework can be flexibly adapted
to novel applications and data by adding measurement equations and by assessing
what kind of prior information needs to be included.
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Chapter 6

Scalable Gaussian Process Regression for
Spatio-Temporal Biomedical Data

Gaussian processes are a versatile tool to model the spatio-temporal dynamics of
biomedical data. However, the application of GPs to large datasets remains challenging
due to heavy memory and computational requirements that come with the classical GP
regression formulation. In this chapter, these practical limitations will be addressed
by investigating techniques for scalable GP regression. In the previous chapter, one
possible strategy has already been introduced, namely Kalman filtering with equiv-
alent state-space models — this approach, however, may be prohibitive on spatio-
temporal datasets when the state-space dimension becomes too large. This chapter
discusses another orthogonal approach to scalability which is based on exploiting
existing structure in the kernel matrix. In particular, this chapter investigates the
separation of physiological processes with a non-stationary phase, which is a common
problem in biomedical signal processing (e.g., in respiratory or cardiac signals). The
herein proposed method employs sets of non-equidistant inducing points to retrieve
Kronecker and Toeplitz structure in the kernel matrix, allowing for efficient matrix
operations. The approach is demonstrated on two biomedical applications: (1) sepa-
ration of maternal and fetal ECG signals and (2) reconstruction of periodic processes
in electrical impedance tomography (EIT).

The chapter begins with an introduction to structure exploiting methods for scalable
GP regression (section 6.1), focusing in particular on state-space and Toeplitz/Kronecker
methods. The following section 6.2 discusses the proposed scalable technique for GP-
based separation of biomedical data. Sections 6.3 and 6.4 then proceed to present
first results in two biomedical case studies, and section 6.5 concludes the chapter with
a discussion. Parts of this chapter were published in a conference paper that was
presented at the ICML in 2021 [71] with a preprint available on arXiv [70] and in an
abstract submitted to the AUTOMED in 2020 [79]. Both of these works were first-
authored by the author of the thesis. He developed the methodology, conducted the
numerical experiments and wrote most of the manuscript of both papers. The case
study conducted in section 6.4 has not yet been published elsewhere.
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6.1 Introduction and previous work

As discussed in section 2.1.3, the main bottleneck for GP inference and learning on
large datasets comes from solving (K + σ2

nI)−1y, and computing the log determinant
log

∣∣K + σ2
nI
∣∣, which is usually done via Cholesky decomposition of the kernel matrix

K + σ2
nI. This requires O(N3) operations and O(N2) memory, where N is the

number of data points, which proves to be intractable for all but the smallest datasets.
Typical spatio-temporal datasets — with high temporal or spatial sampling rates —
easily exceed the tolerable size of data points, which renders standard GPs inapplicable
to many relevant biomedical domains, including for instance electrical impedance
tomography. This section discusses scalable GP inference and learning, focusing on
techniques that exploit structure in the kernel matrix. It will touch upon (1) state-
space representation methods, and (2) methods exploiting Toeplitz and Kronecker
matrix structure.

6.1.1 Equivalent state-space representation

The state-space approach decribed by Särrkä et al. [85, 191, 212] is a first instance
of structure exploitation in the sense that it uses a factorization of the GP’s spectral
density when it has rational function form, refer to section 2.1.4 for details. The
conversion of temporal kernels into state-space form enables highly scalable inference
and marginal likelihood evaluation by means of Kalman filtering and smoothing, which
have complexity O(TM3), where T is the number of time-steps and M the number of
states. Equivalent state-space models can also be derived for spatio-temporal kernels,
leading to stochastic partial differential equations, which in turn can be solved using
infinite-dimensional Kalman filter and smoother techniques proposed by Särkkä et
al. [192]. The state-space approach allows for easy integration of physical models and
non-stationarities as was demonstrated in the previous chapter 5 and in application
papers [86, 193].

Despite in principle having linear complexity, in practice, spatio-temporal GPs often
require high-dimensional state-space models and thus there is a large cost involved at
every time step, e.g., when the spatial domain is large or when the temporal spectral
density has a high-order polynomial factorization. In regard of the challenges involved
in large-scale Kalman filtering/smoothing problems, in this chapter, an alternative
direction will be explored, namely scalable operations on the batch kernel matrix.

6.1.2 Toeplitz and Kronecker methods

In recent years, the exploitation of structure in the kernel matrix has received much
attention and has spawned a wide range of scalable GP inference/learning frame-
works [63, 127, 237, 240]. In the following, a brief introduction to the most prevalent
techniques will be provided.
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When a stationary kernel (k(t, t′) = k(t+τ, t′+τ)) is evaluated on a set of equispaced
points t1, . . . , tN , the corresponding kernel matrix k(t1:N , t1:N ) has Toeplitz structure,
that is, it has constant diagonals: k(ti, tj) = k(ti+1, tj+). As described in detail by
Cunningham et al. [43], an N × N Toeplitz matrix can be embedded into a larger
(2N − 1)× (2N − 1) circulant matrix, which enables fast matrix-vector multiplications
(MVMs) via convolution of a zero padded argument vector with one row of the larger
circulant matrix. Thus, MVMs can be calculated in O(N log N) using fast Fourier
transforms, and one only ever needs to store the first row of the circulant matrix,
reducing memory requirements to O(N). The expression (K + σ2

nI)−1y can then be
solved efficiently in an iterative fashion using conjugate gradients (CG), which only
requires fast MVMs with the full kernel matrix K + σ2

nI and usually converges to
machine precision within a small number of steps J ≪ N . The naive batch calculation
for the log determinant of Toeplitz matrices is also not efficient, but some scalable
approximations have been proposed, refer to [51].

An orthogonal approach is to exploit Kronecker structure, which arises when input
points are on a multi-dimensional rectilinear lattice and the kernel is product separable
along its input dimensions d = 1, . . . , D, that is, it admits the form

k(x, z) =
∏
d

kd(x(d), z(d)). (6.1)

Here, contrary to FFT-based methods, inputs need not necessarily be equispaced. The
corresponding kernel matrix can be written as a Kronecker product K = K1 ⊗ · · · ⊗
KD = ⊗D

d=1Kd in terms of smaller dimension-wise matrices Kd, which substantially
reduces memory usage to O(DN 2

D ) and enables a number of efficient matrix operations
that can be used for scalable GP inference and learning. Saatçi [183] provides a
comprehensive list of relevant properties involving the Kronecker product, some of
which will be repeated in the following. In particular, the eigendecomposition K =
QV Q⊤ of the full kernel matrix can be calculated by means of the Kronecker products
Q = ⊗D

d=1Qd and Q = ⊗D
d=1 Vd, where Qd and Vd are given by eigendecompositions

Kd = QdV Q
⊤
d of the smaller matrices. The expression (K + σ2

nI)−1y can then be
rewritten using

(K + σ2
nI)−1y = Q(V + σ2

n)−1Q⊤y, (6.2)

where inversion is trivial, because V + σ2
nI is a diagonal matrix [183]. Kronecker

structure allows for MVMs in O(DN D+1
D ) time [240], making the evaluation of (6.2)

highly efficient. The eigendecomposition can also be used to efficiently calculate the
log determinant in closed form [240] using the identity

log
∣∣∣K + σ2

nI
∣∣∣ =

∑
k

log(V (k,k) + σ2
n). (6.3)

Toeplitz and Kronecker structures are complementary in the sense that a stationary,
separable kernel evaluated over an equispaced lattice gives rise to a Kronecker product

109



Chapter 6 Scalable Gaussian Process Regression

of Toeplitz matrices, which can be exploited for highly efficient MVMs. A combination
of both techniques makes most sense when one of the dimensions becomes prohibitive,
i.e., when the eigendecomposition of one of the Kronecker factors is too expensive.
One can then resort to solving the system of linear equations via CG by exploiting fast
MVMs. No simple closed-form solution is known for the log determinant of a Toeplitz
matrix, but iterative methods can be considered for computing the eigenvalues [181].

Inducing points and structured kernel interpolation

Both Toeplitz and Kronecker methods are restricted to a few specialized problems due
to the requirements on the kernel, which must be stationary or separable, and on the
input points, which must be equispaced or form a rectilinear lattice. The restrictions
on the placement of input points were lifted through the structured kernel interpolation
(SKI) framework by Wilson et al. [237, 240]. It employs a dedicated set of input points
u1, . . . , uM — the so called inducing points — to recover structure.

Inducing point methods have been used for a long time to deal with the computa-
tional requirements of GP regression, refer to [167] for comprehensive overview. Classic
inducing point approaches alleviate the computational and memory burden by using
a set of M inducing points and approximating the kernel by means of the M ×M -
dimensional matrix KUU := k(u1:M , u1:M ). For instance, the subset of regressors (SoR)
method uses the aproximation k(x, x′) ≈ kSoR(x, x′) = k(x, u1:M )K−1

UU k(u1:M , x
′),

with a kernel matrix of rank (at most) M . It reduces computational cost to O(M2N+
M3) and memory cost to O(MN + M2) [167]. Classic inducing point methods do
not exploit any structure within the kernel matrix and rely simply on using a small
number M ≪ N of inducing points. These methods work best when data are densely
sampled compared to the characteristic length-scale of the kernel, however, they are
less suited to spatio-temporal measurements because the “extending domain” has to
be filled with a sufficient amount of inducing points to guarantee a good approximation
of the kernel [211].

Building upon the classical inducing point methods, the SKI framework by Wilson
et al. [237, 240] aimed to improve scalability with respect to the number of inducing
points by exploiting structure in the matrix KUU . To this end, they proposed an
approximation to the cross-covariance matrix KXU := k(x1:N , u1:M ) of the form

KXU ≈ K̃XU = WKUU , (6.4)

where W is an N ×M interpolation matrix that maps from the inducing points u1:M
to the original inputs x1:N . The matrix W can be constructed to be very sparse. For
example, when the inducing points u1:M are on an equispaced lattice, one can use cubic
convolution interpolation [109], which means that W only has 4 non-zero entries per
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6.2 Scalable separation of GPs with a non-stationary phase

row, requiring only O(N) storage. Using the SoR scheme and substituting K̃XU , the
full kernel matrix KXX := k(x1:N , x1:N ) can be approximated via

KXX
SoR≈ KXUK

−1
UUK

⊤
XU

eq. (6.4)≈ WKUUW
⊤ =: KSKI. (6.5)

The SKI approximation WKUUW
⊤ enables highly efficient MVMs. Multiplication

with the sparse interpolation matrix W can be done in O(N), and, by placing inducing
points on an equispaced lattice, multiplication with KUU allows for exploitation of
Kronecker/Toeplitz structure, leading to a worst-case runtime of O(M logM) for
Toeplitz structure [238]. The total runtime for MVMs is thus O(N + M logM).
Exploitation of both Toeplitz and Kronecker structure leads to an MVM runtime
of O(N + g(M)) with g(M) < M logM , and in many cases quasi-linear complexity
g(M) ≈ M can be reached [238]. Contrary to previous inducing point methods, SKI
places almost no restrictions on the number M of inducing points, and even M > N

is feasible. Using a large number of inducing points empowers SKI to reach very close
approximations to the original kernel matrix. Since its introduction, the viability of
SKI has been demonstrated in a wide range of large-scale regression and classification
problems, refer to [239].

6.2 Scalable separation of GPs with a non-stationary phase

This chapter addresses the application of GPs to large biomedical datasets with
temporal/spatio-temporal structure. Particular attention is given to solving the sepa-
ration problem for additive mixtures of physiological processes that have a non-
stationary phase ϕ(t). Such problems often arise in biomedical data, for instance,
many patient datasets contain a superposition of cardiogenic and respiratory activity,
which are inherently non-stationary due to natural fluctuations in the heart or respira-
tory rate, and have to be separated prior to further processing, see for instance [19, 162,
164]. Thus, in the following section, structure exploitation for non-stationary kernels
will be investigated. More specifically, an extension of SKI to mixtures of kernels with
a non-stationary phase is discussed, which enables to solve highly relevant biomedical
source separation and regression problems.

6.2.1 Model definition

Generally, this chapter is concerned with additive mixtures of the form

fm(x) =
∑
i

fϕ,i(x)

y = Hfm(x) + ϵ,

(6.6)

where x ∈ RD is the input variable, and measurements y ∈ RN are obtained via the
deterministic linear functional H with additive Gaussian white noise ϵ ∼ N (0, σ2

nI).
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Linear functionals of GPs have been discussed in detail by Särkkä et al. [186] and
may for example represent derivatives/integrals of the GP, convolution kernels corre-
sponding to the effect of a linear system, or partial differential equations (PDE)
modeling spatial physical processes. In the simplest case, the functional H corre-
sponds to evaluating a fixed set of points within the input domain, which will be used
in section 6.3. In this chapter, the components of the additive mixture were modeled
via fϕ,i(x) ∼ GP(0, ki(ϕi(x), ϕi(x′)), where ki are dimension-wise product separable
and stationary kernels, and ϕi : Din → Di are nonlinear transformations of the inputs
with Din ⊆ RD, Di ⊆ RD, which are used to account for the non-stationarity of physi-
ological data. The objective is to separate the non-stationary GPs, that is, to estimate
the sources fϕ,i(x). The full kernel can be stated as

km(x, x′) =
∑
i

kϕ,i(x, x′) =
∑
i

ki(ϕi(x), ϕi(x′)). (6.7)

Notice that the kernels kϕ,i(x, x′) are in general not product separable with respect to
the input dimensions due to the nonlinear warping of the inputs through ϕi.

Contrary to the prominent deep kernel learning (DKL) framework [239] (which
also employs nonlinear transformations of the input variable), in this chapter the
assumption was made that the functions ϕi are ‘well-behaved’, which here means that
they are invertible and do not have singularities in the input domain Din. The kernel
property would be preserved even if ϕi are not invertible, but focusing on invertible
functions will prove to be useful later on and does not pose strong limitations with
regard to solving biomedical problems.

Source separation

The functional H can be thought of as evaluating the result of a linear operator at
certain points, e.g., evaluating the solution to PDEs or derivatives/integrals. The
solution to Hfm(x) can in practice be computed using appropriate numerical methods
which will not be discussed in detail, but the interested reader is referred to [189]
for an overview. A few methods are worth to be mentioned: for instance, solutions
to PDEs may be obtained by means of point collocation methods, finite difference
approaches or basis function expansion methods (such as FEMs), for which a practical
example will be given in section 6.4. For the remainder of the chapter, it will be
assumed that a numerical solution to Hfm(x) is available and can be represented (or
at least approximated) by evaluating fm(x) at a finite set of input points x1, . . . , xL,
which means that the result can be stated as Hfm(x1:L), where fm(x1:L) is a vector
of function values and H ∈ RN×L is a matrix. The inference problem to be solved is
the following: given the model stated in equation (6.6) and a vector of measurements
y, calculate the mean of the posterior fϕ,j(x)|y corresponding to the jth term in the
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6.2 Scalable separation of GPs with a non-stationary phase

mixture. All functionals are linear and all priors have Gaussian distributions, thus,
the posterior mean can be calculated in closed-form via

mpost,j(x) = kϕ,i(x, x1:L)H⊤
(
HKm,XX H

⊤ + σ2
nI
)−1

y (6.8)

with Km,XX = km(x1:L, x1:L), which is a generalization of the standard GP regres-
sion equation. As in standard GP regression, kϕ,i(x, x1:L)H⊤ is a 1 × N vector, and
HKm,XX H

⊤ is an N × N covariance matrix. The main challenge of using equa-
tion (6.8) comes from O(N3) computational cost required for solving the system of
linear equations. Classic GP regression would be recovered by defining the functional
as Hf(x) = [f(x1), . . . , f(xN )]⊤, leading to

mpost,j(x) = kϕ,i(x, x1:N )
(
Km,XX + σ2

nI
)−1

y (6.9)

with Km,XX = km(x1:N , x1:N ).

6.2.2 Structure exploitation

The goal here is to alleviate the computational and memory burden of the source
separation problem in equations (6.8) and (6.9) by exploiting existing structure within
the kernel matrix. The numerical computation relies on solving (HKm,XXH

⊤ +
σ2

nI)−1y and (Km,XX + σ2
nI)−1y, respectively. Assuming that multiplication with H

is efficient, scalable matrix operations for the mixture kernel matrix Km,XX will be
explored below. No restrictions are to be imposed on the placement of input points
x1, . . . , xL, that is, no special structure (grid or equispaced) should be required. At
first, the exploitation of structure is not straightforward because classical requirements
to the kernel km(x, x′) such as stationarity and product separability are not met. In
particular, the warping functions ϕi lead to the loss of Toeplitz structure even for
equispaced inputs and the summation of multiple kernels prevents Kronecker structure
of the full kernel matrix even when each of the summands can be written as a Kronecker
product. In the following, a variant of structured kernel interpolation is proposed
that employs multiple sets of non-equidistant inducing points to recover structure and
enable scalable solutions to the inference problem.

Structured kernel interpolation for Km,XX

This section begins by focusing on one of the terms kϕ(x, x′) = k(ϕ(x), ϕ(x′)) in the
mixture. The proposed approach is based on the observation, first made in the context
of DKL [239], that SKI can be applied directly to the transformed inputs z = ϕ(x)
when k is stationary and product separable. This gives rise to the approximation

Kϕ,XX ≈WZKUUW
⊤
Z , (6.10)
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where Kϕ,XX = kϕ(x1:L, x1:L), and WZ maps from the inducing points U to the
transformed points Z = Φ(X) with Φ denoting the operation that transforms points
according to zj = ϕ(xj)|j=1:L. Thus, Kronecker and Toeplitz structure in KUU can be
imposed through placement of the inducing points and there are no restrictions to the
structure of inputs. It is also worth noting that in equation (6.10), the non-stationarity
of the model is fully embedded in the sparse interpolation matrix WZ .

In the following, a reformulation of the above idea is proposed: instead of applying
SKI to the nonlinearly transformed inputs Z, a set of inducing points Û will be used to
directly recover structure when evaluating the non-stationary kernel k(ϕ(x), ϕ(x′)). To
this end, inducing points are constructed via Û = Φ−1(U) with U having an equispaced,
rectilinear grid structure. This gives rise to the approximation

Kϕ,XX ≈WXKϕ,ÛÛW
⊤
X = WXKUUW

⊤
X =: Kϕ SKI, (6.11)

where the interpolation matrix WX maps from Û to the input points X, which uses
the fact that Kϕ,ÛÛ = KUU . The main difference to standard SKI is that this refor-
mulation uses an inducing point set Û with a warped, non-equidistant structure. The
reformulations of SKI in equations (6.10) and (6.11) are equivalent (when ϕ is invert-
ible) and one can apply both depending on which of the two is more straightforward.
In some cases it might be easier to account for non-stationarity by transforming the
inputs with ϕ, in other cases it might be more intuitive to directly construct the set
of non-stationary inducing points Û . With regard to biomedical data, Û could for
example be constructed by placing points in rhythm with the cardiac or respiratory
cycle. Interestingly, this allows to model non-stationarity just by defining the point
sets U and Û without ever explicitly formulating the warping function ϕ. Thus, the
above reformulation in (6.11) provides useful features beyond standard SKI, allowing
to build highly flexible and expressive kernels. All involved matrices are visualized in
figure 6.1.

The next step involves specifying the approximation to the full mixture kernel matrix

Km,XX ≈
∑
i

Kϕ SKI,i =
∑
i

WX,iKUiUi,iW
⊤
X,i, (6.12)

where now multiple matrices WX,i are used to map from the non-equidistant inducing
point sets Ûi to the inputs X. Thus, the full kernel matrix can be written in terms of
sparse interpolation matrices and Kronecker/Toeplitz matrices, substantially relaxing
storage requirements and enabling fast MVMs. Another advantage of equation (6.12)
is that the size of inducing point sets can be adjusted individually, depending on what
kind of accuracy is required for different kernel matrices. As in standard SKI, the
computational cost of MVMs is O(L + g(M̂)) with g(M̂) ≤ M̂ log M̂ where L is the
number of inputs X and M̂ is an upper bound on the number of inducing points across
all Ûi.
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Fig. 6.1: An illustration of the SKI approximation for a quasi-periodic kernel kQP(ϕ(x), ϕ(x′))
with a non-stationary phase. The upper left panel shows the phase warping function
ϕ(x) = 0.05x3 + x and its approximation obtained via inducing points. Two sets of
inducing points are shown: U contains equispaced points, Û = Φ−1(U) contains the
points that are transformed by the inverse of ϕ. The top right panel depicts random
functions sampled from the non-stationary, quasi-periodic GP. The bottom panel
shows the involved matrices: the exact kernel matrix Kϕ,XX is approximated by
Kϕ SKI in terms of the sparse interpolation matrix WX and the Toeplitz matrix KUU .

Fast source separation

The source separation problem stated in equation (6.8) can now be computed effi-
ciently. To this end, the solution α of the linear system is first approximated by

α̃ =
(
H
∑
i

KϕSKI,iH
⊤ + σ2

nI

)−1

y (6.13)

using conjugate gradients and exploiting fast MVMs with the full kernel matrix (and
here it will also be assumed that multiplication with H is efficient). An approximate
solution α̃ can usually be obtained in a small number of iterations. Given α̃, the
posterior mean of the jth source term can be computed efficiently using

mpost,j(x) ≈ wx,jKUjUj ,jW
⊤
X,jH

⊤ α̃, (6.14)

where wx,j denotes a sparse interpolation vector that maps from U to x.
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Fast model learning

The hyperparameters θ of the kernels kϕ,i can be learned by jointly maximizing the
marginal log likelihood L(θ|y) of the full model. Unfortunately, due to the additive
non-stationary structure, the log determinant log |Km,XX | can not be calculated in
closed-form, and previously proposed direct solutions such as the scaled eigenvalue
approximation [238] or the Kronecker-based decomposition [183] are not applicable.
Therefore, iterative eigenvalue solvers can be employed, i.e., methods that produce a
sequence of increasingly accurate estimates of the largest eigenvalues and only access
the matrix by evaluating MVMs, such as Lanczos methods, refer to [181] for an
overview.

For the optimization of hyperparameters, however, the main requirement is a scalable
solution to the log likelihood and its derivative, for which Dong et al. [51] recently
presented a framework based on stochastic trace estimation. To give a brief summary,
this technique uses log|K| = trace(log(K)) = E[z⊤log(K)z], where z is a random vector
with each element being sampled from a Rademacher distribution. The expectation
can be estimated by the empirical mean over a small number of probe vectors z.
What remains to be solved is the product log(K)z, which is not straightforward, but
approximate solutions based on MVMs with the kernel matrix K have been introduced
by Dong et al. [51]. The authors also showed how derivatives of the log determinant can
be calculated at very low additional cost. The stochastic trace estimation framework
only relies on fast MVMs for scalability and thus is directly compatible with the herein
proposed form for the kernel matrix Km,XX , enabling highly efficient kernel learning.

Finally, other techniques may also be considered for large-scale biomedical problems.
A particularly useful technique for learning short-term dynamics models is to split the
data into multiple patches (e.g., along the temporal axis), and assume that patches
are statistically independent. The optimization can then be solved efficiently on
mini-batches using stochastic gradient descent — such techniques have already been
employed in the previous chapter 5. However, this approach should be used with
caution, because it does not allow to capture any effects with length-scales exceeding
the length of patches.

6.2.3 Spatio-temporal kernels

In many relevant biomedical applications, refer to [39, 71, 165, 193], authors have
modeled the nonlinear functions ϕi to be elementwise functions, that is, they assumed
that the functions can be written as a vector of one-dimensional functions

ϕi(x) =
[
ϕ

(1)
i (x(1)), . . . , ϕ(D)

i (x(D))
]⊤
, (6.15)

allowing to formulate the full kernel as

km(x, z) =
∑
i

∏
d

k
(d)
i

(
ϕ

(d)
i (x(d)), ϕ(d)

i (z(d))
)
, (6.16)
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where product separability of the summands is recovered. An important special case of
equation (6.16) and the main focus of this chapter are spatio-temporal mixture kernels

km(s, s′, t, t′) =
∑
i

ks,i(s, s′)kt,i(ϕi(t), ϕi(t′)), (6.17)

where s denotes spatial inputs, t denotes time, ks,i models spatial covariance, kt,i
models temporal covariance, and non-stationarity is only assumed for the temporal
kernel. In such models, the nonlinear functions ϕi(t) have been termed time warping
functions [146]. They are typically modeled to be monotonic and account for changes in
velocity of the underlying dynamic process. When the temporal kernel is periodic/quasi-
periodic, ϕ(t) provides the phase of the process by mapping time points to multiples
of 2π (this is referred to as the unwrapped phase). The instantaneous frequency of the
periodic functions is given by the derivative of the phase: f(t) = 1

2π
dϕ(t)

dt .
Despite its simplicity, the model defined by equation (6.17) can be applied to a wide

range of biomedical problems that are governed by non-stationary periodic patterns.
Variants of equation (6.17) have been demonstrated by the author of the thesis and
others for removing physiological noise in functional magnetic resonance images [193],
extracting ultradian sleep rhythms in newborn infants [39], predicting body surface
potential maps [71], and separating cardiac/respiratory components in esophageal
high-density manometry [165] or electrical impedance tomogaphy images [71]. In
most of these problems, the complexity of using large GP models necessitates efficient
solutions to inference and model learning. Sections 6.3 and 6.4 of this chapter will
treat two temporal/spatio-temporal applications that benefit greatly from the structure
exploitation techniques.

The methods for scalable inference and learning introduced in the previous section
6.2.2 are directly applicable to the spatio-temporal kernel defined by equation (6.17).
When the same spatial measurements are available at every time instant, Kronecker
structure between the spatial and temporal kernel can be exploited directly (without
using any inducing points), and Toeplitz structure can be recovered for the temporal
kernel using non-equispaced inducing points as proposed above. When the spatial
domain is high-dimensional and spatial points unstructured, inducing points with
lattice structure (as in standard SKI) can also be used to impose structure on the
spatial kernel matrix. For a given application, one has to assess individually which
structure is most useful to be exploited — usually Toeplitz structure is particularly
important in temporal data due to the potentially long time axis, which may cause
Kronecker methods to become prohibitive with respect to the temporal domain.

6.2.4 Relation to other methods

The herein presented ideas are closely related to the deep kernel learning (DKL)
framework by Wilson et al. [239]. DKL uses a non-stationary kernel k(g(x, θ), g(x′, θ)),
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where g is a nonlinear function defined by a deep neural network with weights θ and k is
a spectral mixture kernel. The key idea of DKL is to jointly optimize the neural network
weights and the kernel hyperparameters by maximizing the marginal model likelihood.
DKL also employs SKI on the warped inputs z = g(x, θ) to reach scalability. The
model in this work is conceptually similar, but focuses on mixtures of non-stationary
processes. Thus, in contrast to DKL, multiple sets of non-equispaced warped inducing
points are employed, using the reformulation in equation (6.11). On biomedical data it
proves beneficial to construct the phase functions from available physiological features
(e.g., respiratory, cardiac, gaiting or circadian rhythms), which in turn allows to extract
highly interpretable sources from the data. On biomedical data it is often very difficult
to also learn the phase warping functions ϕ, as it is done in DKL, due to the large
number of local minima.

Another closely related work is the one by Liutkus et al. [124], who investigated
the separation of convolutive GPs. The authors presented two different approaches to
scalability. Firstly, they considered a patch-wise solution to inference and learning
(referred to as framing in their paper), which however can not account for long
temporal correlations. Secondly, they proposed to employ circulant approximations
for stationary kernels, thus, enabling efficient matrix decomposition by means of
Fourier transforms. This chapter contributes to this line of work by exploiting existing
structure when kernels in the mixture have non-stationary phases. Very importantly,
the herein presented approach also provides good approximations for processes with
large length-scales.

6.3 Case study: fetal ECG extraction

This first case study aims to demonstrate the benefits of structure exploitation on
a large temporal source separation problem. To this end, this section treats the
extraction of the fetal ECG signal measured non-invasively via electrodes placed on the
maternal abdomen. The fetal ECG has been shown to provide valuable information
about fetal well-being, including indicators of fetal distress, which is why authors
have advocated to monitor fetal ECG morphology [42]. However, in practice, the
analysis of non-invasive fetal ECG is hindered by its low signal-to-noise ratio and a
strong contamination by maternal ECG. The separation of the fetal and maternal ECG
components is a longstanding problem and poses a major challenge due to substantial
overlap between the two spectra [42]. Several methods have been proposed for solving
the multi-channel separation problem, including blind source separation, independent
component analysis, or adaptive filtering [184]. For single-channel data, Kalman
filtering methods have been investigated [151]. It has also already been demonstrated
by Niknazar et al. [150] that the data can be modeled using non-stationary periodic
Gaussian processes. However, the authors did not employ any means of structure
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exploitation for solving the inference which renders their approach inapplicable to
larger datasets.

The aim of this case study is to replicate the experiment by Niknazar et al. [150]
and to demonstrate scalability to large datasets using the techniques proposed in
section 6.2. The study focuses on one of the recordings (channel 4 in subject R01)
from the Physionet fetal ECG database [102]. Similar to Niknazar et al. [151], the
additive mixture model

sm(tk) = smaternal(tk) + sfetal(tk) + ϵk (6.18)

was employed, where smaternal(t) and sfetal(t) are zero-mean GPs with covariances
kmaternal(ϕ1(t), ϕ1(t′)) and kfetal(ϕ2(t), ϕ2(t′)), respectively, and measurements are taken
at time-steps k = 1, . . . , N . Both kmaternal and kfetal are quasi-periodic kernels with a
period length of 2π, the time warping functions ϕ1 and ϕ2 provide the cardiac phases,
and ϵk is Gaussian white noise with variance σ2

n. The non-stationarity of this model
corresponds to variability of the fetal and maternal heart rates. Notice that this formu-
lation did not include a physical measurement model, therefore, the functional H from
equation (6.6) was just defined as Hsm(t) = sm(t1:N ). The model learning and sepa-
ration problem can be solved for very long recordings (with high sampling rates) using
the techniques proposed in this chapter.

As discussed by Niknazar et al. [150], the hyperparameter optimization should be
guided by hyperpriors to regularize the solution towards physiologically reasonable
results, and it may also prove beneficial to fix some of the hyperparameters. Thus,
in equation (6.18), fixed values for the length-scales of the quasi-periodic kernels
were used — these parameters can usually be adjusted quite easily based on prior
physiological knowledge. For instance, the local length-scale ℓPer of the quasi-periodic
kernel can be adjusted to be slightly smaller than the width of R peaks and the global
length-scale ℓSE should roughly reflect how strongly correlated neighbouring cardiac
waveforms are. Thus, in the following experiments ℓPer,fetal = 0.1 rad and ℓPer,maternal =
0.25 rad with ℓSE = 18 rad for both kernels were used. The remaining hyperparameters,
namely the standard deviations σmaternal and σfetal of the two processes, were then
optimized using the maximum likelihood approach. In the herein considered dataset,
the nonlinear functions ϕ1 and ϕ2 could be derived directly by detecting R peaks in
the available reference signals and assuming a linear phase between R peaks. It is also
possible to learn the cardiac phase using marginal likelihood maximization, which has
been demonstrated for ECG data in [152], but shall not be the focus of this work.

To demonstrate the effectiveness of the proposed method, the approximate structure
exploiting approach was first compared to the classical GP regression on a short excerpt
of N = 5000 data points, corresponding to 10 s of data sampled at 500 Hz. In order
to demonstrate scalability, a large-scale stresstest was then performed on N = 105

data points, corresponding to 100 s of data sampled at 1000 Hz. Separation success
was quantified by calculating the SNR improvement of the fetal ECG — this metric
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has been described in the context of ECG denoising by Petersen et al. [162]. Two
sets of non-equispaced inducing points were used to recover Toeplitz structure, which
enables efficient inference and learning by means of fast Fourier transforms. The
hyperparameter optimization was executed using stochastic trace estimation with 20
probe vectors. The tolerance of CG was set to 10−1 for parameter learning and 5 ·10−3

for source separation. Figure 6.2 shows an excerpt of the large-scale source separation
and a comparison of exact/approximate marginal likelihood evaluations. Performance
metrics are provided in table 6.1.

Table 6.1: Comparison of different experiments conducted on the fetal ECG dataset.

batch GP SKI SKI

Input points 5000 5000 105

Inducing points – 3400 (m) + 4800 (f) 14300 (m) + 21600 (f)
Time for Inference 2.60 s 0.27 s 4.14 s
Time for learning 28.5 s 47.4 s 462.3 s
σfetal 5.08 5.95 5.11
σmaternal 21.48 21.42 32.11
SNR improvement 18.6 dB 18.1 dB 18.2 dB

SNR: signal-to-noise ratio; batch GP: the standard solution to Gaussian process regres-
sion using Cholesky decomposition; SKI: the variant of structured kernel interpolation
proposed in this chapter;
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Fig. 6.2: An illustration of the fetal ECG learning and separation problem. The left panel
shows an excerpt of data from the N = 105 stresstest, including both raw data and
separated ECG signals. The right panel shows the negative log likelihood for different
values of σmaternal on the smaller N = 5000 dataset. The black line corresponds to
the exact solution, the red line corresponds to the approximation done by means of
stochastic trace estimation with 20 probe vectors.
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6.4 Case study: reconstruction of periodic processes in
electrical impedance tomography (EIT)

After having demonstrated the benefits of temporal structure exploitation in a single-
channel source separation problem, this second case study is focused on spatio-temporal
source separation. Thus, scalable GP regression techniques are applied to electrical
impedance tomography (EIT) data. This imaging modality relies on injecting small
currents through pairs of electrodes attached to the skin surface and measuring the
resulting voltages. As opposed to other imaging techniques, EIT is radiation free
and supports high temporal sampling rates. The main focus of this study is the
estimation of dynamic changes in lung tissue impedance, which can be measured
with a belt of electrodes placed around the chest, and is increasingly being used for
bedside monitoring of intensive care patients [60]. Impedance changes measured by
thoracic EIT are mainly caused by variations of the pulmonary air content during
respiration. It allows to derive a number of relevant clinical parameters such as the
spatial heterogeneity of ventilation distribution or regional lung compliances [45]. To
a lesser extent, thoracic EIT is influenced by changes in the blood content of the lung
tissue, which are induced by cardiac activity and superposed on the ventilation. Thus,
it has also been suggested that EIT enables monitoring of pulmonary perfusion [60].
The amplitude of cardiac related impedance changes is quite small compared to the
more prominent lung ventilation, making this evaluation more challenging, but there
is emerging evidence for its diagnostic value, refer to [60]. In mechanically ventilated
patients, the separation of these two effects — lung ventilation and perfusion — is an
important problem, that to this date remains largely unsolved. In particular, point-
wise temporal Fourier filtering is not applicable because the higher harmonics of
the ventilation usually overlap with the frequencies of the perfusion signal. Several
algorithms have been proposed based on gating [58], principal component analysis
(PCA) [164], or empirical mode decomposition [110]. Yet, none of the methods manage
to solve the problem to a satisfactory degree: they either require initial training phases
leading to lack of adaptivity, or rely entirely on modeling temporal dynamics while
omitting relevant spatial effects. It is also worth noting that most previously proposed
EIT separation methods solve the problem in two separate steps, that is, they first
solve the inverse problem in each time step individually and then apply filtering to the
pixels of the reconstructed image series.

The following section proposes a novel approach to EIT perfusion/ventilation sepa-
ration based on a spatio-temporal mixture of non-stationary Gaussian processes as
in equation (6.6). This method enables to incorporate prior knowledge about the
statistics of both signal components. Very importantly, the reconstruction and sepa-
ration is treated in an end-to-end fashion, that is, a probabilistic forward model is
formulated and then the inverse problem is solved with respect to the perfusion and
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ventilation images in closed form. The method exploits both Kronecker and Toeplitz
structure for fast MVMs, rendering the inference scalable. This work builds upon
the spatio-temporal EIT model proposed by Graßhoff and Rostalski [79], who applied
GPs to reconstructed EIT images, but did not yet incorporate a solution to the inverse
problem, i.e., images were reconstructed prior to the GP filtering. The following section
will first provide necessary background on EIT reconstruction and then proceed by
presenting the novel structure exploiting model.

6.4.1 Temporal EIT solver

This section largely adopts the problem formulation and notation from the classical
EIT reconstruction literature, refer for example to [6, 7]. The goal in EIT is to solve
the inverse problem with respect to the spatio-temporal resistivity distribution ρ(s, t)
of the lung tissue (measured in Ω m for 3D or Ω for 2D domains). In practice, the tissue
conductivity σ(s, t) = 1/ρ(s, t) (measured in S m−1 in 3D or S in 2D domains) is often
more convenient and employed by most authors. In the following, it is assumed that
ρ and σ are real-valued quantities. The EIT forward problem can be formulated in
terms of a nonlinear operator F that maps from the conductivity distribution σ(s, tk)
to a Q-dimensional vector of electrical potentials v(tk) measured on the boundary of
the domain for a set of Q electrodes at timesteps tk:

v(tk) = F(σ(s, tk)) + ϵk, (6.19)

where ϵk ∼ N (0, σ2
nI) is Gaussian measurement noise and the forward operator F

is established mathematically in terms of Maxwell’s equations with a certain set of
boundary conditions, which are provided in appendix A.3. The forward operator also
depends on the stimulation pattern, the type of electrodes used and the amplitude
of the injected current. Here, the main focus is the temporal EIT reconstruction
problem, that is, σ(s, t) is to be estimated from noisy measurements v(tk) at timesteps
k = 1, . . . , T .

It was assumed that the conductivity is given by an additive mixture

σ(s, tk) = σvent(s, tk) + σperf(s, tk) + σ0(s) (6.20)

of a spatio-temporal perfusion and a ventilation process, denoted by σvent(s, t) and
σperf(s, t), respectively, and σ0(s) denotes a constant homogeneous background conduc-
tivity. The goal is to reconstruct and separate the components of model (6.20) using the
voltage measurements given by equation (6.19). Note that equations (6.19) and (6.20)
are a nonlinear variant of the general mixture model that has been introduced in
equation (6.6), i.e., the nonlinear functional F takes the role of H. Based on the
considerations in section 6.2, a scalable temporal EIT solver can be formulated that
exploits prior knowledge of the perfusion and ventilation process. As a model for the
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temporal evolution of the data, periodic Gaussian process priors were used on both
the perfusion and ventilation component:

cov(σvent(s, t), σvent(s, t′)) = kϕ,vent(t, t′) = kvent(ϕvent(t), ϕvent(t′)) (6.21)
cov(σperf(s, t), σperf(s, t′)) = kϕ,perf(t, t′) = kperf(ϕperf(t), ϕperf(t′)), (6.22)

where kvent and kperf are quasi-periodic kernels with period length 2π, and ϕvent and
ϕperf denote the nonlinear phases of the respiratory and cardiac cycle, respectively.
To numerically solve the forward problem, the spatial domain was discretized using
FEM. This allows to represent the conductivity function in timestep tk via a vector
σk ∈ RL corresponding to the L tetrahedal or triangular elements of an FEM mesh.
The forward problem could thus be written as

vk = F (σk) + ϵk = F (σvent,k + σperf,k + σ0) + ϵk, (6.23)

where F (·) denotes the nonlinear mapping calculated by means of an FEM solver, and
σvent,k, σperf,k and σ0 are vectors representing the FEM elements of the ventilation,
perfusion and constant signal component, respectively. A common practice in EIT is
to linearize the forward problem for small variations around the reference conductivity
vector σ0, which is often referred to as difference EIT [7]. The Jacobian (also referred to
as sensitivity matrix) of the forward FEM solution is defined as J (i,j) = ∂F (i)(σ)

∂σ(j)

∣∣∣
σ=σ0

,
allowing to approximate the relationship with

yk = Jxk + ϵk, (6.24)

where xk = σk−σ0 and yk = vk−v0. Here v0 denotes a reference potential vector, which
can in practice be obtained by averaging measured voltages across end-expiratory time
points (i.e., when the conductivity is relatively stable).

For the spatial domain, the matrix P ∈ RQ×Q is defined to model prior covariance
between the discrete elements of the FEM — several prior matrices have been proposed
for EIT, a common choice is to use the inverse of the discrete Laplacian filter matrix
evaluated over the FEM grid, refer to [6]. This prior provides a simple model for
smoothness across the spatial domain. It does not correspond to a proper GP distri-
bution, but can be easily calculated in FEM meshes and proves to perform very well
in EIT reconstruction problems. Assuming separability of the spatial and temporal
process, the prior covariance for the vector x̃ =

[
x⊤1 , . . . , x

⊤
T

]⊤
, concatenating FEM

elements of all time points, can be given in terms of the Kronecker product

Km = (Kϕ,perf +Kϕ,vent)⊗ P, (6.25)

where Kϕ,perf = kϕ,perf(t1:T , t1:T ) and Kϕ,vent = kϕ,vent(t1:T , t1:T ). Using the techniques
proposed in this chapter, the source separation problem with respect to σvent and σperf
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can be solved efficiently. For the convenience of the reader, the complete solution is
provided here: given the vector ỹ =

[
y⊤1 , . . . , y

⊤
T

]⊤
consisting of all voltage measure-

ments, the posterior mean for the perfusion/ventilation at a test point t∗ is given
by

σvent,post(t∗) = (kϕ,vent(t∗, t1:T )⊗ P ) J̃⊤α̃ =
(
kϕ,vent(t∗, t1:T )⊗ (PJ⊤)

)
α̃ (6.26)

σperf,post(t∗) = (kϕ,perf(t∗, t1:T )⊗ P ) J̃⊤α̃ =
(
kϕ,perf(t∗, t1:T )⊗ (PJ⊤)

)
α̃ (6.27)

with

α̃ =
(
J̃KmJ̃

⊤ + σ2
nI
)−1

ỹ (6.28)

=
(
(Kϕ,perf +Kϕ,vent)⊗ (JPJ⊤) + σ2

nI
)−1

ỹ, (6.29)

where J̃ = I ⊗J . Similar equations have been used in the spatio-temporal reconstruc-
tion framework by Adler et al. [7]. One can immediately exploit Kronecker structure
between the spatial and temporal domain for fast MVMs. Toeplitz structure can
be induced via the techniques described in section 6.2.2. Thus, the temporal kernels
were approximated via Kϕ,vent ≈W1Kϕ,vent,Û1Û1

W⊤1 and Kϕ,vent ≈W2Kϕ,vent,Û2Û2
W⊤2 ,

where Û1 and Û2 are the inducing points, respectively. Then the solution to the system
of linear equations can be calculated efficiently using CG as described in section 6.2.2,
which ensures scalability to very long time axes with T ≫ 104 samples. As opposed to
previous methods, the solution in equations (6.26)–(6.29) allows to directly estimate
the perfusion/ventilation images from the measured voltages in an end-to-end fashion.

Hyperparameter learning

What remains to be solved is the tuning of kernel hyperparameters. As discussed
before, the length-scales of periodic processes can often be adjusted manually based
on prior knowledge of the data, for instance, the local length-scale is chosen to roughly
reflect short-term smoothness of the data while the global length-scale is tuned to
reflect the correlation between adjacent respiratory/cardiac cycles. Here, fixed values
of ℓSE,vent = 5 rad, ℓPer,vent = 0.75 rad were used for the ventilation prior, and
ℓSE,perf = 30 rad, ℓPer,perf = 0.4 rad for the perfusion prior. The proposed GP solution
appeared to be not too sensitive regarding the precise choice of length-scales, thus,
no lengthy tuning was necessary. Alternatively to manual adjustment, one may also
consider patch-based optimization techniques for learning the temporal length-scales
(as in chapter 5).

For learning the standard deviation of the noise and kernel, Graßhoff and Rostalski [79]
used marginal likelihood maximization on the reconstructed images, which however
tends to converge very slowly due to the noise involved in the stochastic trace estima-
tion. Therefore, in this work, a novel, highly scalable method is proposed, inspired by
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Adler and Guardo [3], who used a noise amplification metric for adjusting regulariza-
tion parameters. The herein proposed method is based on the observation that — once
the length-scale parameters of kϕ,perf and kϕ,vent are fixed — the posterior means in
equations (6.26) and (6.27) only depend on the ratio between the noise variance σ2

n
and the variances of the perfusion/ventilation priors, denoted by σ2

perf and σ2
vent, respec-

tively. Thus, one can simplify the hyperparameter tuning problem by only adjusting
two ratios, defined as β2 = σ2

vent
σ2

perf
and λ2 = σ2

n
σ2

perf+σ
2
vent

, where β balances the influence of
the two source processes and λ controls the trade-off between data fit and prior. Both
β and λ take the role of classical regularization parameters. Note that the posterior
means in equations (6.26) and (6.27) are fully defined by β and λ (which can be easily
seen when factoring out σ2

n from the inverse term). Interestingly, after fixing β and λ,
this leaves one degree of freedom for choosing absolute values for σ2

n, σ2
perf and σ2

vent
without influencing the result of equations (6.26) and (6.27) — this degree of freedom
can be understood quite naturally as scaling the noise variance σ2

n in concert with the
prior variance σ2

perf + σ2
vent. Notice that the above proposed simplification (of only

tuning the ratios β and λ) does not suffice when the posterior uncertainty is also of
interest, because for a well calibrated uncertainty estimate all standard deviations (σ2

n,
σ2

perf and σ2
vent) would have to be optimized for (e.g., using the marginal likelihood

approach). But, as in this case study the main concern was on reconstructing a good
posterior mean, a full marginal likelihood optimization was not necessary. Empirical
tests showed that β = 2 seemed to be a robust choice across most scenarios, imple-
menting the prior belief that amplitudes of the ventilation process are roughly twice
as high as those of the perfusion process. Then, the only remaining parameter was
λ, which was optimized via the approach by Adler et al. [3], who proposed to use the
reconstruction’s noise amplification as a performance metric. To this end, the noise
figure NF = SNRi/SNRo was calculated as the ratio of SNRs of the input voltage and
the reconstructed output images, denoted by SNRi and SNRo, respectively. Following
recommendations in [4], λ was optimized such that NF = 0.5 was reached.

As in section 6.3, fixed respiratory/cardiac phase functions ϕperf and ϕvent were used,
which could be derived from available reference signals (such as ECG or ventilator
data). Alternatively, it may also sometimes be possible to detect breaths and heart
beats directly in one of the measured EIT voltages without reconstructing a full EIT
image.

Dual reconstruction model

This work employs a 2D-3D dual model for solving the image reconstruction [5]. This
modeling approach is based on the idea of solving the FEM forward problem on a
detailed 3D model and then projecting the solution vertically to a coarse 2D mesh. The
image reconstruction was thus performed in 2D, making it computationally efficient,
while also preserving relevant properties of the higher-dimensional model [5]. This
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Fig. 6.3: The dual (2.5D) reconstruction model. The mesh on the left represents the 3D
thorax model on which the FEM forward problem was solved. The solution was
then projected vertically to the 2D mesh on the right, which was used for solving
the inverse problem.

technique, referred to as 2.5D modeling, outperforms standard 2D FEM solutions [37]
and is provided as one of the preset models in the EIDORS library [8]. EIDORS was
used to calculate the Jacobian J3D on the 3D phantom model depicted in figure 6.3
(generated with NETGEN [198]), consisting of ∼ 2.5 × 104 tetrahedal elements. The
corresponding 2D model depicted in figure 6.3 can be thought of as a cross-section
through the 3D phantom at the height of the electrodes, and it was constructed as
a partial 64 × 64 square grid, consisting of ∼ 6.5 × 103 triangles. Using EIDORS
a projection matrix C was calculated (called “coarse-to-fine mapping” in EIDORS),
where the entry C(i,j) is the fraction of the ith 3D element contained in the jth 2D
element along the vertical axis [69]. The Jacobian J of the coarse model is thus given
by J = J3DC, which allows for efficient MVMs and is therefore used in the GP-based
source separation.

6.4.2 Results on simulation and clinical data

To demonstrate feasibility of the herein proposed perfusion/ventilation separation
technique, results on both simulation and experimental data are presented in the
following.

Simulation case study

The 3D phantom model depicted in figure 6.4 was used to simulate pulsatile sources,
corresponding to cardiac and respiratory activity. To this end, an FEM mesh was
generated with EIDORS [8] and NETGEN [198] with two embedded lung geometries
and a spherical volume for the heart, comprising a total of ∼ 1.4 × 105 elements.
Around the model, 16 electrodes were positioned equidistantly at half of its height, and
an adjacent stimulation pattern was used to simulate output voltages. All geometries
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Fig. 6.4: The model that was used to generated artificial EIT data. The mesh on the left
represents the 3D model which contains embedded geometries for the lung and heart.
Respiratory and cardiac activity was simulated by changing the conductivity of the
mesh elements according to the functions σvent and σcard plotted on the right.

were modeled to have homogeneous, time-varying conductivities and all remaining
elements were given a constant background conductivity of σ0 = 1 S m−1. Similar to
previous publications [216], the heart and lung cycles were simulated via sinusoidal
functions, which are plotted in figure 6.4. The resulting voltages were calculated using
the EIDORS solver. The reconstruction of the ventilation and perfusion signals was
solved via the GP based separation techniques introduced above, the CG tolerance
was set to 5 × 10−4, results are plotted in figure 6.5a. This case study demonstrates
the feasibility of separating pulsatile components in an end-to-end fashion: notably,
in the region between the heart and lung (pixel 2 in figure 6.5a) the two sources are
separated successfully despite their spatial proximity.

Clinical case study

Next, a clinical case of a spontaneously breathing neonate in intensive care is presented.
The data were previously recorded, and published in [88]. The neonate was in prone
position and 16-electrode EIT data were recorded for 220 frames at 13 Hz, leading
to a total of 45 760 independent measurements. This dataset has previously been
investigated with GPs, refer to [79], but there the solution has not yet been calculated
in end-to-end fashion. On this dataset, the phase functions ϕperf and ϕvent could be
extracted directly from the data. To this end, the impedance time-course of two spatial
points were calculated using standard spatial reconstruction available in EIDORS
and evaluated. This reconstruction step was done prior to the full spatio-temporal
reconstruction proposed in this chapter, but only requires to evaluate two individual
pixels, thus, posing very small additional computational costs. The respiratory phase
was estimated from a pixel located in the left lung by detecting the peaks of the
respiratory waveform and assuming a piece-wise linear phase in between peaks. The
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Fig. 6.5: An illustration of reconstructed EIT images and their temporal evolution at selected
pixels. The red and light green line show posterior means of σperf and σvent,
respectively, the black line shows σperf + σvent. (a) Result of the simulation case
study. At both pixels the separated signals recover the sinusoidal patterns from
figure 6.4. (b) Result of the clinical case study. Both in the right lung (pixel 2) and
in the mediastinum (pixel 3) a superposition of cardiac and respiratory activity can
be observed, which is successfully separated by means of the proposed GP model.

cardiac phase was extracted in the same way by detecting peaks of the cardiac waveform
from a pixel close to the heart (where the perfusion signal was strongest). Then, the
perfusion and the ventilation images were solved for with the structure exploiting
techniques proposed above. As in the simulation experiment, the CG tolerance was
set to 5×10−4. An excerpt of the full kernel matrix Kϕ,vent corresponding to two spatial
locations is shown in figure 6.6. The separated signals are plotted in figure 6.5b. This
case study demonstrates the applicability of the proposed EIT framework to clinical
datasets with non-stationary respiratory and cardiac phases.
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Fig. 6.6: An excerpt of the prior kernel matrix Kϕ,vent. The matrix was evaluated at two
spatial points (s1 and s2) on the clinical dataset from figure 6.5b. The non-
stationarity of the data stems from fluctuation in respiratory rate and is reflected
by the warped near-Toeplitz structure of the temporal submatrices.

6.5 Discussion

This chapter has investigated additive mixtures of non-stationary GPs for modeling
large biomedical datasets. The approach exploits Toeplitz/Kronecker structure of the
kernel matrix, enabling highly scalable inference and model learning. To account for
non-stationarity, the technique uses SKI with multiple sets of non-equispaced/warped
inducing points. The validity of this approach was demonstrated in two relevant
temporal/spatio-temporal source separation problems in sections 6.3 and 6.4. The
findings of the chapter indicate that the proposed techniques have a high potential of
uncovering new and relevant structure in biomedical datasets, where GPs could not be
applied so far, in particular in long spatio-temporal recordings of respiratory/cardiac
activity. This work is part of a larger push in the recent GP literature that aims
to alleviate computational requirements of classic GP regression by accessing the
kernel matrix only through fast matrix vector multiplications [51, 63, 237, 240]. As in
standard SKI, the herein proposed method reduces computational cost for inference
and model learning to a worst case of O(N +M logM) when exploiting only Toeplitz
structure. Thus, the presented method complements existing works on GP source
separation, e.g., by Liutkus et al. [124], who investigated convolutive GP mixtures,
but relied on framing and circulant approximations for scalability. The approach by
Liutkus et al. did not account for potential non-stationarities of the mixture terms,
which limits applicability to biomedical problems. Being closely related to deep
kernel learning (DKL), the main difference of the herein proposed technique is that
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it employs multiple mapping functions ϕ to model non-stationarities of (biomedical)
data. On temporal/spatio-temporal data it would be much more difficult to infer
the nonlinear mapping functions ϕi and would require strong hyperpriors regularizing
the optimization, which has been discussed for ECG data by Noorzadeh et al. [152].
Generally for biomedical applications, simply using fixed phase functions — derived
from available features — is a viable option and allows to extract very meaningful
structure from the data.

The case studies in section 6.3 and 6.4 aim to demonstrate the potential of the
proposed source separation techniques on large biomedical datasets. To this end,
the first case study replicated experiments by Niknazar et al. [150] on extracting
fetal/maternal ECG signals from single-channel abdominal recordings. Scalability to
105 data points was achieved for both inference and learning by inducing Toeplitz
structure. The performance metrics in table 6.1 reveal a strong improvement of the
fetal ECG’s SNR, which is in the same order of magnitude as the classical batch
GP solution. The second case study was concerned with the separation of perfusion
and ventilation processes in electrical impedance tomography. Building upon earlier
work by Graßhoff and Rostalski [79], the thesis has developed the first end-to-end
solution to this problem, which is based on using a spatio-temporal prior and then
solving the inverse problem with respect to the mixture components. Scalability was
reached by exploiting existing Kronecker structure and inducing Toeplitz structure on
the temporal domain via inducing points. The proposed solution was demonstrated
on simulation data and a first clinical case. The presented test cases already prove
feasibility of the approach, but further experimental data will be needed for a more
comprehensive validation.

Non-stationary phase functions can also be implemented via equivalent state-space
models using the Kalman filtering techniques described in section 2.1.4, which theoret-
ically enables linear complexity in the number of timesteps. However in practice, these
state-space models often require a high state-dimension to reach a good approxima-
tion, making the solution computationally expensive. It has also been recognized that
the state-space approach tends to become slow when gaps between data points ∆ti
are uneven or when kernel inputs depend on a nonlinear function ϕ(t), because much
of the computation time is spent on the recalculation of the discrete-time transition
matrices [149]. Nickisch et al. [149] proposed a remedy for this problem by precom-
puting transition matrices on a fixed set of ∆ti values. When choosing between the
batch approach investigated in this chapter and the recursive state-space approach one
has to trade-off the different factors influencing the runtime for the specific problem
at hand. One of the main advantages of the state-space approach is that, by design, it
estimates uncertainties of the prediction in each timestep. In contrast, the CG based
methods presented in this chapter provide scalable estimates for the posterior mean,
but are less suited for estimating the posterior uncertainty (because it would require
to solve N linear systems). As an extension to techniques discussed in this chapter,
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6.5 Discussion

scalable sampling-based methods could be considered to also estimate uncertainties
via matrix-vector multiplications, refer to [127] for more details.
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Chapter 7

Conclusion

Completely non-invasive techniques for estimating respiratory activity may facilitate
the assessment of clinically relevant quantities in patients under mechanical ventilation.
This thesis has explored surface electromyography and Gaussian process regression,
two techniques enabling to quantify the respiratory effort of patients. The main focus
of this work was on the development of model-based estimators that allow to infer
latent parameters and states of the respiratory system by integrating pneumatic and
electrical measurements. The following sections provide a summary of the thesis’ key
findings and an outlook to future research directions.

7.1 Summary and key insights

The current clinical gold standard for assessing respiratory effort relies on measuring
the esophageal pressure with an invasive, nasogastric catheter. This technique is rarely
used in clinical practice as it is considered to be error-prone and time-consuming.
Surface electromyography (sEMG) represents a promising alternative: Its measure-
ment only requires placement of a few electrodes on the patient’s thorax and gives
direct insight into the electrical activity of respiratory muscles. This thesis has made
important contributions to respiratory effort estimation by combining ventilator and
sEMG data in a single model. To this end, it has explored a range of statistical
models, including estimators based on robust regression and Gaussian process regres-
sion. These considerations have also spurred the development of new methods for
scalable Gaussian process regression on non-stationary biomedical data.

The first part of the investigation (chapter 3) was concerned with characterizing the
relationship between sEMG and respiratory muscle pressure Pmus. The analysis proved,
for the first time, that an appropriately preprocessed sEMG signal is well correlated to
Pmus, and it also showed that the relation between these two quantities is approximately
linear. The chapter has proposed a method for leveraging the availability of multiple
channels: a simple channel selection technique based on the signal-to-noise ratio
significantly improved correlation to Pmus. Thus, it provided strong evidence for the
benefits of selecting the channel with the most favorable measurement conditions,
whereas earlier studies [27] tended to favor channel averaging. The key insight from
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the chapter is that, despite the substantial level of noise, sEMG represents a viable
surrogate for the total pressure exerted by the respiratory muscles.

The following parts of the thesis (chapter 4 and 5) were concerned with the devel-
opment of novel inference algorithms that incorporate sEMG and available pneumatic
data to estimate Pmus completely non-invasively. All methods developed in these chap-
ters were based on a sensor fusion paradigm, which means that noise in the estimated
quantity (Pmus) is reduced by combining all available measurements. Two different
directions have been pursued: the first one was focused on robustness against arti-
facts, the other one on incorporating prior knowledge about the unknown respiratory
effort signal. Both directions are intended to address the shortcomings of simpler least
squares estimators, which often fail to produce viable estimates because they are overly
sensitive to outliers, signal delay and model mismatch [111, 147, 180, 215].

Chapter 4 introduced several new techniques for increasing the robustness of respira-
tory parameter estimation. This includes a technique for determining the respiratory
time constant τ as well as a new integrated variant of the equation of motion, and
using robust regression methods instead of classical least squares regression. The
results prove that the performance of Pmus estimation could be significantly improved
through these approaches — notably, a very high breath-wise correlation of 0.95 with
invasively measured Pmus was attained by combining all the new techniques mentioned
above. One of the key takeaways of this chapter is that model-based methods offer
a remedy for many of the shortcomings of respiratory sEMG: The level of noise is
reduced substantially and the scaling of the sEMG signal can be identified without
using any disruptive maneuvers. There are still limitations regarding the composition
of the input data, for instance, parameters can only be identified if the data contain
sufficient variation of patient-ventilator workload shares.

The family of models presented in chapter 5 sought to exploit prior knowledge about
the statistics of Pmus signals. Earlier approaches to modeling Pmus were either based
on highly nonlinear neurological models [142–144, 209] or rather simplistic models,
such as template functions [61, 136, 182] or (damped) harmonic oscillators [159, 196].
In contrast, chapter 5 employed Gaussian processes (GPs), a Bayesian nonparametric
model, to capture key characteristics of the data by means of dedicated kernel func-
tions. The estimation of respiratory effort could then be posed as a Bayesian inference
problem, to which two different solutions have been presented. The results prove
that the incorporation of prior knowledge is highly beneficial and might allow to esti-
mate Pmus on a single pressure support level without using any disruptive maneuvers.
However, in both chapter 4 and 5, the highest performances were reached by estimating
the neuromechanical coupling index during short airway occlusion maneuvers, which
is an important takeaway regarding the practical use of sEMG.

Many authors have employed Gaussian processes, because they generalize well on
small datasets and are inherently suited for quantifying prediction uncertainties [12,
170]. The results obtained in this thesis support the use of Gaussian processes as an
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effective tool for modeling non-stationary biomedical signals with temporal or spatio-
temporal structure. In particular, they provide straightforward means to account
for complex physiological processes that are governed by mixtures of quasi-periodic
patterns, which is very common in biomedical applications. Moreover, Gaussian
processes are closely related to other widely used methods, such as Tikhonov regular-
ization and Kalman filtering/smoothing, which makes them very useful as a unifying
framework and for analyzing the relation between different algorithms.

A recurring theme of this thesis was the reduction of computational complexity: the
runtime of the classical GP regression formulation scales cubically in the number of
data points, which is intractable for many (spatio-temporal) biomedical datasets. Two
different directions have been investigated. Chapter 5 has used a reformulation in terms
of equivalent state-space models, allowing to solve the inference via Kalman smoothing
with quasi-linear complexity. This approach is highly useful, but still breaks down on
many spatio-temporal datasets, because the state-dimension often becomes excessively
large. Thus, chapter 6 has investigated the exploitation of existing Toeplitz/Kronecker
structure within the kernel matrix. To this end, it has been demonstrated that
structured kernel interpolation [240] with multiple sets of non-equispaced inducing
points can be used to account for non-stationarity of the data. This technique enables
highly scalable inference and hyperparameter learning. It has led to the first end-to-
end solution for reconstructing pulsatile sources (perfusion and ventilation) in electrical
impedance tomography (EIT) data.

7.2 Outlook

The findings made in this thesis confirm the great potential of sEMG as a monitoring
tool in intensive care. Still, several limitations exist that warrant further clinical studies
and methodological research. The following section points out some key research gaps
and paths for further development. It also provides an outlook on potential therapeutic
applications of the technologies presented in the thesis.

A crucial step towards a practical application of sEMG-based respiratory effort moni-
toring will be its validation on severely ill patients undergoing long-term mechanical
ventilation. The data used in chapters 3–5 did not involve any patients with acute
or chronic respiratory failure and previous studies on ICU patients have relied on
rather small cohorts [27, 159]. It seems evident that the simple equation of motion
is not applicable to represent severe ARDS and COPD. Therefore, the models used
throughout this thesis should be extended to better account for these pathologies and
validated on further study data. Refer to [90, 91] for recent work in that direction.

Another important practical hurdle are the limited real-time capabilities of the herein
presented algorithms. All estimators used in this thesis have been implemented as
offline methods and were solved on pre-recorded data. Note that real-time require-
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ments depend on the specific use-case: for purely diagnostic questions, offline analyses
may suffice, but for therapeutic purposes (e.g., adjusting ventilator settings at the
bedside), online processing with small delays would be required. The development of
an online solution is challenging. Firstly, a real-time capable algorithm for detecting
and removing ECG artifacts is needed — to this end, gating seems to be a good choice,
because it allows for relatively small delays and could be easily combined with wavelet
filter banks. Secondly, for online Pmus estimation, sequential algorithms such as recur-
sive least squares or Kalman filters can be used, which was already demonstrated by
Petersen [159], but should be validated on a larger cohort. A pragmatic solution to
this problem would be to perform parameter estimation and Pmus calculation sepa-
rately: during an initial training phase, parameters could be identified with an offline
algorithm and then be treated as constant values during online Pmus reconstruction.
A similar approach has been taken for example in [114, 200, 241] and in proportional
pressure support ventilation modes.

This raises another important research question: when and how often should maneu-
vers be used? Each maneuver entails a disruption to the natural breathing rhythm of
a patient, but at the same time improves identifiability of respiratory parameters. A
practical solution to this trade-off is complex and requires further research. Ideally,
maneuvers would be triggered automatically when a certain level of parametric uncer-
tainty is exceeded. To make matters more complicated, the identifiability of param-
eters is also influenced differently depending on the maneuver and the spontaneous
breathing pattern of patients. Thus, maneuvers should be selected individually for
each patient in a way that is least disruptive to them. This thesis has investigated
mainly airway occlusion maneuvers and pressure support steps, but other options could
also prove useful, such as a variation of trigger and cycling criteria, refer to a recent
patent application [56], which was co-written by the author of this thesis.

There are several paths for further methodological development. A combination of
the methods used in chapter 4 and chapter 5 seems to be a natural next step towards
improving the estimation performance. To this end, a Gaussian process prior for Pmus
could be combined with a robust non-Gaussian likelihood function. Inference in such
a model is usually intractable and necessitates the use of approximate methods, such
as expectation propagation, variational inference, or variants thereof. An interesting
line of methodological research that is currently very active is the development of
scalable sequential solutions to this class of inference problems, refer to [149, 236]
for recent developments. Yet another, completely different direction is to investigate
fully data-driven approaches, that is, to use machine learning methods such as deep
neural networks. A first proof-of-concept of this idea has been published in [35], a
paper co-written by the author of this thesis. In these methods, no or very little prior
knowledge would be exploited, that is, the relationship between measurements and
latent variables has to be learned entirely from the available data. While state-of-the-
art machine learning makes it possible to represent complex nonlinear relationships,
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its performance relies on the availabilty of large training datasets that reflect clinical
variability of patients and treatments. To this date, there is no single dataset of
mechanically ventilated patients that could fulfill this requirement, because collecting
data from critically ill patients is costly, requires ethical approval and often involves
time-consuming procedures. Research in this direction could be advanced by fusing
existing datasets and augmenting simulated or synthetic data.

Finally, it should be pointed out that potential therapeutic applications may be
derived from the herein proposed techniques. This work was concerned mainly with
the extraction of diagnostic information from the sEMG signal, in particular for the
estimation of respiratory effort. A potential future clinical use could rely on “closing the
loop”, that is, using the sEMG signal directly to control ventilatory parameters. This
idea has an enormous potential for improving patient care and relieving clinical staff,
but of course it entails major technological and regulatory hurdles that must be over-
come. A first approach in this direction is to trigger the ventilator on the sEMG signal
(or on the estimated Pmus signal) to reduce patient-ventilator asynchronies. Another
highly promising approach is an sEMG-based proportional pressure ventilation mode,
where ventilator assistance is given in proportion to the estimated Pmus signal. This
would give patients full control over the breathing pattern, thus, enabling a much
more physiological mode of ventilation. Notably, proportional pressure support venti-
lation has been hypothesized to offer both lung- and diaphragm-protection because it
retains the patient’s physiological control mechanisms against lung injury and prevents
diaphragm atrophy [106].
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Appendix

A.1 Study data

Table A.1: Clinical characteristics of included patients (n = 43) from [76].

Characteristic Result

Age, mean±SD year 64± 11
Men, n (%) 34 (79)
Weight, mean±SD kg 79.0± 8.9
BMI, mean± SD kg m−2 26± 6
TLC, mean± SD l 6.7± 2.4
VC, mean±SD l 3.6± 1.4
FEV1 % predicted, mean±SD % 82± 29
Tiffeneau index, mean±SD % 69± 19
RV, mean± SD l 3.4± 2.4
RV/TLC, mean± SD % 45± 19
iPEEP, mean± SD cmH2O 2.1± 1.4
Diagnosis, n (%)

OSAS 4 (9)
COPD 16 (37)

GOLD I 2 (5)
GOLD II-III 14 (33)
ACOS 3 (7)

Bronchial asthma 5 (19)
ILD 7 (17)
Lung cancer 20 (47)
Infectious or rheumatic diseases 11 (26)

BMI: Body-mass index; TLC: total lung capacity; VC: vital capacity;
FEV1: forced expiratory volume in 1 s; RV: residual volume; iPEEP:
intrinsic positive end-expiratory pressure; OSAS: obstructive sleep
apnea syndrome; COPD: chronic obstructive pulmonary disease;
ACOS: asthma–COPD overlap syndrome; ILD: interstitial lung disease;
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A.2 Kalman filtering and smoothing algorithm

The following section provides algorithms for executing the linear Kalman filter [108]
and Rauch-Tung-Striebel smoother [172] using the state-space model

xk = Ak−1xk−1 + qk−1

yk = Hkxk + rk,
(A.1)

with system matrix Ak−1, measurement matrix Hk, additive process noise qk−1 ∼
N (0, Qk−1) and additive measurement noise rk ∼ N (0, Rk). The negative log marginal
likelihood of the model can be calculated alongside a forward Kalman filter pass [187,
section 12.3.2].

Algorithm 1: Linear Kalman filter and log marginal likelihood evaluation
input : Initial mean m0; initial covariance P0; discrete-time state-space model

matrices Ak−1, Qk−1, Hk, Rk depending on hyperparameters θ;
measurements yk for k = 1, . . . , N

output: Mean mk and covariance Pk of filtered state estimates p(xk|y1:k) for
k = 1, . . . , N ; negative log marginal likelihood ϕN of
hyperparameters θ

ϕ0 ← 0
for k ← 1 to N do

// prediction step
m−k ← Ak−1mk−1
P−k ← Ak−1Pk−1A

⊤
k−1 +Qk−1

// update step
vk ← yk −Hkm

−
k

Sk ← HkP
−
k H

⊤
k +Rk

Kk ← P−k H
⊤
k S
−1
k

mk ← m−k +Kkvk
Pk ← P−k −KkSkK

⊤
k

// negative log marginal likelihood
ϕk ← ϕk−1 + 1

2 log |2πSk|+ 1
2v
⊤
k S
−1
k vk

end

140



A.3 EIT forward equations

Algorithm 2: Linear Rauch-Tung-Striebel smoother
input : Kalman filter estimates mk and Pk, and discrete-time state-space

model matrices Ak−1, Qk−1 for k = 1, . . . , N
output: Mean ms

k and covariance P s
k of smoother state estimates p(xk|y1:N ) for

k = 1, . . . , N
ms
N ← mN

P s
N ← PN

for k ← N − 1 to 1 do
m−k+1 ← Akmk

P−k+1 ← AkPkA
⊤
k +Qk

Gk ← PkA
⊤
k

(
P−k+1

)−1

ms
k ← mk +Gk

(
ms
k+1 −m−k+1

)
P s
k ← Pk +Gk

(
P s
k+1 − P−k+1

)
G⊤k

end

A.3 EIT forward equations

The following equations are reproduced from [213]. Let σ be the conductivity distribu-
tion within a domain Ω with a piece-wise smooth boundary ∂Ω. The forward electrical
impedance tomography (EIT) model uses a static variant of Maxwell’s equations, which
is given by

∇ · (σ∇u) = 0 in Ω (A.2)

with u being the scalar electrical potential. The domain boundary comprises L

electrodes with boundaries el and contact impedances zl (l = 1, . . . , L). The complete
electrode model (CEM) is defined by the following set of boundary conditions:

u+ zlσ
∂u

∂v
= Ul on el for l = 1, . . . , L (A.3)∫

el

σ
∂u

∂v
= Il for l = 1, . . . , L (A.4)

σ
∂u

∂v
= 0 on ∂Ω \⋃Ll=1 el, (A.5)

where v is the outward normal vector on ∂Ω, Ul is the potential at the lth electrode,
and Il is the current injected at the lth electrode.
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