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Chapter 1

Introduction: on Precision

Medicine, Artificial Intelligence,

and their Symbiosis

Parts of this chapter will be prepared for publication

It is not my aim to surprise or shock you
— but the simplest way I can summarize
is to say that there are now in the
world machines that think, that learn
and that create. Moreover, their ability
to do these things is going to increase
rapidly until - in a visible future — the
range of problems they can handle will
be co-extensive with the range to which

the human mind has been applied.

Herbert Simon, 1957
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Throughout history, medicine has undergone multiple transformations in its approach to
personalisation. During times in which medicine was still guided by mysticism, religion,
and patient’s faith in the healer - the efficacy of which would today be attributed to the
placebo-effect [1, 2] - treatments could be regarded as highly individualised due to the
sheer lack of knowledge available to practitioners.

In the 1800s, a time still governed by the belief that diseases were caused by "miasmas" -
noxious forms of air [3] - sceptical thinkers began to challenge these ideas. Notably, without
understanding the exact mechanisms, physician John Snow traced the source of a cholera
outbreak in a London district solely through careful observation of facts [4]. His studies,
now regarded as the founding event of modern epidemiology, laid the cornerstone for
redefining centuries-old medical paradigms and introduced a new concept: evidence-based
medicine. With its focus on clinical trials including large-scale studies, randomisation,
and double-blind procedures, evidence-based medicine allows clinical decision-making
to be more structured, objective, and tied to external clinical evidence from systematic
research, as opposed to the beliefs of experts [5]. However, the rise of evidence-based
medicine came at the expense of personalised treatment. With its focus on identifying
generalised standards in large cohorts of patients, evidence-based policies leave little room
for patients not fitting the respective norm [1]. With the non-responder rates in clinical
trials not seldom exceeding 50% [6], the question of what happens to these patients
remains unanswered although "inter-patient variability in response to drug therapy is the
rule, not the exception, for almost all medications" [1, 7].

Accelerated by the achievement of big scientific milestones such as the completion of
the Human Genome Project [8], the 21st century saw the acknowledgement of patient
diversity gaining more and more momentum. Critical voices regarding the principles
of evidence-based medicine, especially applying population means to individual patients,
became louder, a concern that Kravitz et al. fittingly termed "trouble with the averages" [9].

This momentum shaped the concept that would come to be known as precision medicine.

1.1 What is Precision Medicine?

Patient heterogeneity was a nuisance
for evidence-based medicine but a

blessing for precision medicine.

M. R. Kosorok et al., 2019 [10]

Precision medicine, or personalised medicine, describes a scientific approach wherein
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Figure 1.1: Traditional evidence-based medicine versus precision medicine. Adapted from [11].

patient heterogeneity is leveraged through data-driven approaches [12, 13]. Although the
term is not easily summarised, the European Commission defined that precision medicine
"refers to a medical model using characterisation of individuals’ phenotypes and genotypes
(e.g., molecular profiling, medical imaging, lifestyle data) for tailoring the right therapeutic
strategy for the right person at the right time, and/or to determine the predisposition to
disease and/or to deliver timely and targeted prevention" [14].

The objectives of precision medicine therefore encompass several distinct aspects [12,
15-17]:

(I) Personalised pharmacogenomics

i. improve the medication effectiveness for patients

ii. reduce the risk of adverse treatment effects by avoiding therapies showing no

clear positive effect on the disease, while at the same time exhibiting (partially
unavoidable) negative side effects

(I) Diagnosis and prevention

i. establish early disease diagnosis and prevention through molecular and non-
molecular biomarkers

(III) Disease management

i. improved disease management with the help of wearable sensors and mobile
health applications
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(IV) Healthcare economics

i. lower healthcare costs as a consequence of effective use of therapies

ii. smarter design of clinical trials due to selection of likely responder at baseline

1.1.1 Do we need Precision Medicine?

It comes as no surprise that the 21st century’s prevailing trend toward individualism is
reflected in our expectations of healthcare systems. However, why should we care about
precision medicine? Do we even really need it?

I present here two scenarios where evidence-based medicine reaches its boundaries, and
where patients could potentially benefit from the application of precision medicine princi-

ples.

Necrotising Soft Tissue Infections (NSTI)

Frankie became unwell on Monday 8th April 2013 and he was only a 1 year of
age. He had flu like symptoms. (...) In the late morning of Tuesday 9th April,
Frankie appeared to become very unwell with similar pustules on his face and a
red pinprick rash all over his arms, chest and back. (...) Frankie looked totally
delirious. He could barely move. I noticed that the skin on Frankie’s back was
now red in parts. (...) The doctors started putting what she said were antibiotics
into Frankie’s cannula and pushing large syringes of saline into him one after the
other. This was when I became worried something was really, seriously wrong.
(...) Frankie was in surgery for almost 10 h (...). We were told that Frankie’s
body had been extensively damaged by the infection. The surgeon had removed
all the layers of skin and fascia from almost his entire back, left side and quite
a lot of his left thigh and muscle had been removed. We were told that they had
not been able to remove all the infection because Frankie was too weak for any
further surgery and that he was been given strong antibiotics intravenously. The
consultant told us that they had done everything they could at the point and
that it was now up to Frankie’s body to fight the infection with the help of some
broad-spectrum antibiotics. We were asked to get everyone we needed up to the
hospital because they did not believe our baby was going to survive the night. -

Lucy Dove, Frankie’s mother [18]

Frankie, 12 years old today, is a survivor of the devastating infectious disease termed

necrotising soft tissue infection (NSTI) [18]. NSTI are caused by bacteria and may affect
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any layer of the soft tissue, and thus can appear on any part of the body. Presentations
of the disease can therefore vary considerably [18] but commonly include symptoms
perceived as "mild", such as influenza-like symptoms (fever, nausea), as well as swelling,
redness of the skin, and pain in the affected area [19, 20]. However, the frequent absence
of fulminant symptoms may not indicate the lack of seriousness of NSTI’s fatality: patients
frequently suffer from septic shock, a life-threatening condition (28-50%), with mortalities
ranging between 10-29% [19, 21-25]. The lucky survivors have to deal with a significantly
reduced quality of life due to extensive scarring, amputations, and psycho-social burdens
[26-29].

But why does NSTI present such a challenge to our modern healthcare system? As evident
from the case report, NSTI progresses rapidly - if left untreated, it can be fatal within days
[18]. Paired with the vague initial symptoms that cause patients to seek medical help only
after several days of experiencing symptoms at home [30], NSTI is frequently diagnosed
when it is already too late. Adding to this, the disease is very uncommon, affecting only 1.8
- 15 per 100,000 inhabitants per year [31], and is thus frequently underdiagnosed. Once
successfully recognised, clinical decisions do not get easier as NSTI presents itself as highly
heterogeneous with regards to age, sex, the presence of comorbidities, and disease-causing
micro-organisms [32], with its pathophysiology still incompletely understood [33].

So how can modern precision medicine concepts improve NSTI care? Firstly, the estab-
lishment of novel biomarkers could help in diagnosing patients earlier and more reliably.
Palma Medina et al. report thrombomodulin to be a unique and powerful biomarker for
the detection of NSTI. Additionally, it is possible to differentiate between specific clinical
phenotypes of NSTI based on the inflammatory profiles of patients, which has direct impli-
cations regarding the choices of therapeutic intervention [34]. The observed differences
in inflammatory response are likely driven by pathogen-specific underlying mechanisms,
which underlines the necessity to further explore host-pathogen interactions. In an attempt
to anticipate patient’s individual responses to infections, Jahagirdar et al. have studied
NSTI type-specific responses in the patients [35]. They found that the degree of dysreg-
ulation of the host response to infection is directly linked to the severity and outcome of
NSTI. Concerning the patient’s phenotype, they were able to postulate differing modes of
entry and immune evasion for different bacteria, which can be regarded as the first step
in identifying novel targets for more personalised interventions.

Despite these studies presenting early endeavours in applying precision medicine to
NSTI, the compelling results presented underscore the significant potential that precision

medicine holds for advancing the diagnosis, prognosis, and therapy of NSTI.
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COVID-19

At the time of writing this thesis, which is January 2024, it feels superfluous to introduce
COVID-19. However, for the sake of future (or oblivious) readers, here I offer a brief
introduction to COVID-19 and how patients could have benefited from healthcare systems
employing modern precision medicine concepts.

The coronavirus disease 2019 (COVID-19) caused by the Severe Acute Respiratory Syn-
drome CoronaVirus 2 (SARS-CoV-2) was first reported in December 2019 and already
declared a "public health emergency of international concern" by the end of January 2020
[36]. A total of 774.075.242 COVID-19 cases were reported to the WHO as of January
2024, accompanied by more than 7.000.000 deaths [37]. These horrifying numbers place
COVID-19 on the fifth rank of the list of the deadliest epidemics and pandemics in history
[38].

An infection with the SARS-CoV-2 virus can show diverse manifestations ranging from
asymptomatic infections to severe, life-threatening conditions. Most commonly the symp-
toms include fever, a sore throat, and fatigue, with recovery times ranging from two weeks
for mild infections to prolonged ICU stays for severe cases. Between 5-50% of patients suf-
fer from persisting long-term consequences, including but not limited to fatigue, shortness
of breath, sleep problems, and anxiety [39, 40]. Initial COVID-19 treatments consisted
of antiviral and anti-inflammatory drugs - originally developed to treat malaria, HIV, and
Ebola - which showed variable efficacy and frequent adverse reactions. In an unprece-
dented joint global effort, the first vaccine was introduced only 8 months after the first
COVID-19 case was reported [41]. Mass vaccination campaigns followed, with more than
13.59 billion doses administered worldwide as of today [37]. However, the developed
vaccine was designed to target whole communities, independent of age, comorbidities,
sex, or geographical region. To no surprise, this led to dramatic differences in preventive
efficacy and adverse side effects of vaccinated [41].

The heterogeneity of COVID-19 disease courses, treatment response, and vaccination effi-
cacy is attributable to a diverse set of factors, such as virus variants as well as human im-
mune response determinants, genetic makeup, age, sex, and ethnicity [42]. While this het-
erogeneity poses a significant hurdle for evidence-based medicine, precision medicine can
help with elucidating individual susceptibility to the infection as well as inter-individual
variability in clinical course, prognosis, and response to treatment. By following the ba-
sic principles of precision vaccinology, for instance, we can develop improved vaccines
delivering tailored immunisation for vulnerable populations with distinct immunity [43].
To control the variable drug responses and limit adverse outcomes following therapies

with antiviral drugs, stratification of patients according to their inflammatory profiles has
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been able to identify distinct sub-phenotypes in patients with similar clinical features.
These sup-phenotypes hold substantial clinical significance. For instance, convalescent
plasma therapy, a therapeutic approach utilising blood from individuals who have recov-
ered, demonstrated beneficial effects in one subgroup (with a 3% decrease in mortality)
but appeared harmful in another subgroup (with an increase in mortality of up to 11%)
[41, 44] Precision medicine also aims at redefining aspects such as disease management
and healthcare economics. In hindsight, the COVID-19 pandemic could have greatly bene-
fited from established digital health solutions, as a lack of data in the initial stages of the
outbreak led to its rapid spread across the world [45]. Smart healthcare solutions, such
as pandemic monitoring apps, could have empowered policy-makers to swiftly respond to
emerging developments. Additionally, mobile health apps and telemedicine would have
enabled citizens to avoid unnecessary visits to healthcare institutions, thereby alleviating

the strain on hospital resources [46].

1.1.2 Integrating Precision Medicine into Clinical Practice: Clinical

Decision Support Systems

While the potential benefits of precision medicine are substantial, there does not exist a
uniform concept on how to integrate it into clinical routines. While there are many ideas
and concepts, they can easily seem abstract and lack applicability. So might the specific
implementation of holistic and data-driven precision medicine applications in clinical
routines look like?

For inspiration, let’s look at how visionaries of our time imagined the integration of ad-
vanced technology in everyday lives: Science Fiction writers. The Emergency Medical
Holographic program (EMH) created in the fictional Star Trek future is a prototype de-
signed to provide medical assistance during emergencies. Portrayed as a human-looking
hologram it is programmed with over five million possible treatments from around 2000
medical references. Equipped with adaptive programs to learn over time and fifty million
"gigaquads" of computer memory, it supplements humanoid medical staff [47]. In combina-
tion with another standard equipment found on Federation starships, the medical tricoder,
which is a high-resolution, hand-held scanner used to check all vital organ functions and
equipped with an extensive data bank even enabling the treatment of other life forms,
Starfleet officers are well-equipped to deal with all cosmic eventualities [48].

While EMH and tricorders may seem preposterous - and will only be developed in the early
2370s - they encompass the core idea of a precision medicine tool: a piece of equipment
or software clinicians can (i) interact with via an interface, capable of (ii) evaluating

patient information and delivering patient-specific recommendations based on (iii) an

9
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extensive knowledge base, which are ultimately presented to the clinician for consideration
and decision-making. Fortunately, such a tool is not limited to Science Fiction novels
anymore; rather, it is rapidly gaining popularity and is commonly referred to as a Clinical
Decision Support System (CDSS) [49]. A CDSS commonly operates across multiple levels,
incorporating data management, modelling and prediction, and visualisation into a single
platform. At its core, CDSS rely on inference machines, which commonly are predictive
models employing machine learning or deep learning methods to identify diseases, disease
stages, and patient-specific patterns [50]. In clinical practice, CDSS serve multiple valuable
functions, such as giving recommendations and suggestions, creating automated alerts
and reminders in the ICU, or reducing clinical error through e.g. complicated calculations
of treatment dosing [51]. One of the biggest advantages the use of CDSS entails is having
the possibility to easily take into account information from multiple different sources and
modalities, abrogating the need for resource-intensive manual comparison of evidence
from e.g. different medical guidelines. Another benefit lies in their circular, iterative design.
By constructing predictive models atop a knowledge database system, the addition of
new patients or updates to available information can occur in an automated fashion.
Consequently, this enhances the accuracy of recommendations over time, as the system

continuously learns and adapts with each piece of added information [49].

1.1.3 The Data Powering Precision Medicine

Precision medicine re-imagines the functioning of our healthcare approaches and systems
by placing the individual patient at its core. But how does it aim at realising this ambitious
concept? The key to success lies in the collection of evermore information about patients,
diseases, and treatments. The more information we possess, so the idea, the better we
can make decisions that deliver the best outcomes. This paradigm led to the collection
of immense amounts of data in health sciences. Accelerated by the broad availability of
technological innovations such as next-generation sequencing (NGS), patients can now
not only be assessed using their demographics and a handful of clinical parameters, but are
characterised by a wealth of genomic, imaging, and real-time data [52]. However, not only
the amount of data is tied to its clinical usefulness, but also its quality. A common saying in
machine learning nicely summarises this: "garbage in, garbage out". Missing data points,
convoluted and inconsistent representations, subjectivity, or error-prone measurements
all severely diminish the quality of data, thereby limiting the representativeness of models
trained on them [53].

The overload of information available - also referred to as 'Big Data’ (Figure 1.1) - is what

provides precision medicine the needed depth and what distinguishes it from traditional

10



INTRODUCTION

evidence-based medicine [15, 54].

Some examples of data powering precision medicine include:

* Electronic health records (EHR), which are the sum of computerised medical
records for patients. This includes demographics, family and medical history, med-
ication and allergies, immunisation status, laboratory test results, vital signs, and

radiology images [55].

* Omics data, which refers to comprehensive, high-throughput biological datasets.
With the establishment of efficient technologies like NGS, we are now able to observe
biological events associated with specific diseases at unprecedented resolution. Be-
fore clinical symptoms manifest several aberrations in biological processes happen
- whether it be genetic mutations, epigenetic alterations, or post-translational de-
fects. Each type of omics measurement therefore reveals an aspect of cell complexity.
Although it is impossible to curate a comprehensive list of all omics types due to
the speed at which technologies are developing, the most important areas include

genomics, epigenomics, transcriptomics, proteomics, and metabolomics [56].

* Real-time (RT) data, which includes the continuous collection, monitoring, and
analysis of patient-related information. With the advanced capabilities of personal
devices like smartphones and smartwatches, which can count steps, monitor heart
rate, and assess sleep quality, there is a growing interest in leveraging real-time data
for the early diagnosis of cardiovascular diseases [57, 58], Alzheimer’s [59], and for

monitoring the health and safety of the elderly [60].

The mass of data we are now able to provide for each individual has not only revealed a
new perspective on the intricate way biological systems function but has also re-defined
our requirement for tools that can be applied to analyse this wealth of heterogeneous in-
formation. Many diseases that pose a challenge for today’s healthcare system such as NSTI,
COVID-19, cancer, diabetes, metabolic syndrome, and neurological, or immunological dis-
orders are complex, affecting several biological sub-systems [61]. It is close to impossible
to e.g. find a single genomic biomarker stratifying a lung cancer population in drug re-
sponders and non-responders [62], or identify an easily measurable clinical parameter for
early diagnosis of metabolic-associated fatty liver disease [63]. Also, when aiming to make
causal inferences from observational data, one needs to consider - and potentially correct
for - the presence of systematic biases, such as confounding factors. Confounding factors
are variables associated with both, the exposure and outcome of interest. This "mixing of
factors" can obscure a true association or, more frequently, simulate an association, leading

to false conclusions [64].

11
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In order to assist patients, we must seek computational tools capable of interpreting com-
plex, interconnected, biased, and heterogeneous data across multiple dimensions. Artificial

intelligence stands out as a potential answer to our question.

1.2 From Hype to Reality: Artificial Intelligence enabling
Precision Medicine

An unprecedented wealth of data also requires an unprecedented innovation in tools
analysing respective data. It can therefore be argued that the personalised health care
revolution we currently find ourselves in is only made possible by these tools, of which

artificial intelligence is at the epicentre.

1.2.1 What is Artificial Intelligence?

Artificial intelligence (AI) encompasses a range of methods that empower computers to
imitate human actions and perform complex tasks autonomously or with minimal human
intervention, often surpassing human decision-making capabilities [ 65]. Machine learning
(ML) and deep learning (DL) are both subcategories of Al; their hierarchy is illustrated in
Figure (Figure 1.2a). Therein, deep learning is a subset of machine learning that relies on
artificial neural networks, a structure inspired by the human brain, to process and analyse
information.

While early Al research focused on hard-coded rule sets that can be parsed to infer logical
assumptions about the data, modern approaches focus on developing algorithms that can
learn from data it was not explicitly programmed for. "Learning" in this sense means that,
given a problem, an algorithm’s performance measures (accuracy, error rate) improve with
experience - the more examples of an instance a model has seen, the better can abstract the
problem [66]. The aforementioned problems an algorithm may encounter can be grouped

into one of the following categories [67] (Figure 1.2b):
(I) Supervised:

(i) Classification: problems in which the output can only be one of a fixed number
of classes e.g. predicting whether a patient died or not (binary), which cancer

subtype is present (multi-class).

(ii) Regression: problems in which the target output is a continuous value e.g

estimating how many days will a patient stay in the intensive care unit (ICU).

12
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(I Reinforcement Learning: tasks the model to learn to make decisions based on past
experiences from trial and error interactions to achieve a clearly defined goal e.g.

deduce treatment policies for septic patients to maximise their survival [68].
(IlI) Unsupervised:

(i) Anomaly Detection: problems in which patterns are analysed and the task is
to detect examples that do not follow the general pattern, e.g. finding abnor-

malities in medical images [69].

(ii) Dimensionality Reduction: process of simplifying a dataset by removing noisy
and irrelevant data while preserving as much information as possible; e.g.
training a model only on selected variables correlated with the outcome of

interest.

(iii) Clustering: learns structure within the data and attempts to group similar

samples together, ultimately forming e.g. clusters of related patients.

Machine Learning (ML)

Deep Learning (DL)

clustering.

unsupervised

Environment

Figure 1.2: Artificial Intelligence (AI) and its categories. (a) Hierarchy of Al. (b) Categories of
problems Al can be trained on: supervised (classification, regression), reinforcement learning, and
unsupervised (anomaly detection, dimensionality reduction, clustering).

The following section offers an overview of how machine learning and deep learning can

13
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be applied to biomedical data. I will elucidate the distinctions between the two and why

precision medicine cannot thrive solely with either of these approaches.

1.2.2 Selecting the Right Tool for the Job: Machine Learning or Deep

Learning?

There are an overwhelming abundance of artificial intelligence algorithms, each with its
own application area, strengths, and weaknesses. A key decision for data scientists at the
start of each new project is the choice of which algorithm is most fitting to solve the question
at hand. Although there exist a number of factors influencing this decision, two major
things should be considered: firstly, in which category of the ones outlined above falls the
problem (classification, regression, clustering) and secondly, what the nature of the data
is that the analysis will be based upon. While it is often straightforward to determine the
desired outcome, understanding the nature of the data that will be used is more complex.
Researchers need to not only consider the number of variables measured, the type of the
variable (continuous, discrete, text), and the number of samples (or patients) included
but also the relationship between variables or between variables and measured outcome.
Being aware of the structure of the data is of central importance, as algorithms make
different assumptions about the data, resulting in varying capacities to abstract the data.
A well-versed data scientist is aware of this and selects the right tool for the job.

To introduce various models featured in this thesis and elucidate the considerations going
into algorithm selection, I will showcase three progressively complex medical examples or
problems. By looking at a regression, classification, and clustering scenario, I aim to explore
the limits of machine learning and demonstrate that, although powerful, the application of
deep learning algorithms does not come without significant challenges. It is important to
note, however, that the scenarios presented are greatly simplified and designed to illustrate
the concept of how to apply machine and deep learning concepts to medical questions. An
overview of the relationship between the complexity of the data, model performance, and
indication of which areas the outlined medical problems reside in can be found in Figure
1.3.

(D) Simple Problem: Estimating Cholesterol Levels of Patients from Clinical Data
Problem summary:
* Task: predict the cholesterol levels of patients

¢ Number of features: low (<10 features)

14
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Deep Learning

=== Machine Learning

Performance

Amount of input data

Figure 1.3: Relationship between input data and Al model performance. x-axis denotes the
amount (and complexity) of input data, whereas y-axis denotes the achievable performance of
models. The dashed line denotes the inflection point where the performance of deep learning
and machine learning models diverges with increasing data volume. (I), (II), and (III) indicate
the positions of exemplary medical examples/problems categorised as simple, intermediate, and
difficult, respectively, as discussed in this section.

* Complexity of feature interactions: low (linear interactions)

In the first presented scenario, the medical problem we encounter deals with estimating
the cholesterol levels of patients. A sufficiently large number of patients was recruited
(>1000 patients), and a few demographic and clinical parameters were assessed, including
age, blood pressure, body mass index (BMI), and others. As shown in Figure 1.4, we
observe a linear relationship between the target (cholesterol levels) and features (age,
blood pressure).

Due to the low number of features and the simple interactions between the dependent
and independent variables, we decide to train a linear machine learning model, such as

linear regression, for predicting the cholesterol levels of future patients.

Linear regression - and logistic regression, its extension for binary and multiclass out-
comes - are amongst the most simple class of algorithms as they model the relationship
between a target and one or more features by fitting a linear equation to observed data
[70]. Despite their simplicity, logistic regression models are of immense clinical relevance
as they form the base of a number of clinical outcome prediction scores, including the
Mortality Probability Model (MPM) [71], Acute Physiology and Chronic Health Evaluation
(APACHE) [72], Simplified Acute Physiology Score (SAPS) [73]. These clinical scoring sys-
tems are used indicate of the risk of death of groups of patients admitted to the intensive
care unit (ICU); e.g. APACHE is one of the most widely used scores to obtain a severity of

illness score for ICU patients, whereas the SAPS score can be used to directly estimate the

15
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Figure 1.4: Example of a simple medical correlation. A linear relationship between blood pressure
and age (left), as well as cholesterol levels and age (right) can be observed. Graph generated using
simulated data.

risk of mortality in ICU patients.

(II) Intermediate Problem: Predicting the Risk of a Cardiovascular Event from Biomark-

ers
Problem summary:

* Task: predict the probability of a cardiovascular event

¢ Number of features: low (<10 features)

* Complexity of feature interactions: complex (non-linear interactions)

In this second scenario, we aim to predict the risk of a cardiovascular event using patients’
age and diagnostic test scores. This medical problem, as opposed to the first one presented,
is considerably more difficult due to an increase in the complexity of feature interactions.
An example of interactions observed in the data is shown in Figure 1.5a; in more detail,
we observe a polynomial third-degree interaction between age and the diagnostic score,
as well as a sinodial relationship between the target variable (cardiovascular event) and
both independent variables (age, diagnostic score). While linear models are among the
most widely used methods in medicine and biology, their assumption of linearity consti-
tutes a major limitation, preventing them from modelling the more complex non-linear
relationships present within this dataset.

Therefore, we decide to train a Random Forest Classifier (RFC) to predict possible cardio-

vascular events for unseen patients.
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Figure 1.5: Example of an intermediate medical problem.(a) Non-linear relationship between
a diagnostic test score (y-axis), patients’ age (x-axis) and the occurrence of a cardiovascular event
(colour). Graph generated using simulated data. (b) Conceptual depiction of Random Forest Classi-
fiers. Two decision trees from the forest are shown, with triangles denote the starting or root node,
squares denote decision nodes, and circles denote decision outputs. The decision path taken within
each tree is shown in colour. The output of all decision trees in the forest is averaged, yielding a
final prediction result.

Random Forest Classifier (RFC) [74] belong to the ensemble machine learning models,
as they combine the output of individual smaller classifiers, namely Decision Trees, to one
final result (Figure 1.5b). Decision trees possess a flowchart-like structure, consisting of
root nodes, which represent the starting point, internal decision nodes, and terminal leaf
nodes, holding a class label. The goal is to create a tree that predicts the value of a target
variable by learning simple decision rules inferred from the data features at each internal
node. Ideally, the learned rules should optimally separate the target classes. Decision Trees
and, by extension, Random Forests (RFC) are among the most popular ML methods, due
to their capacity to capture non-linear relationships in data and their logical structures,

which make them intuitive and easy to interpret [67, 75].

(I11) Difficult Problem: Identifying Clinical Sub-Types of Glioblastoma Multiform
Based on Their Epigenetic Profiles

Problem summary:
* Task: cluster glioblastoma multiform patients based on their DNA methylation data
* Number of features: very high (935.000 features)
* Complexity of feature interactions: complex (non-linear interactions)

Our last medical problem is motivated by an ongoing challenge in cancer research: the
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stratification of glioblastoma multiform (GBM) patients based on their epigenetic profiles
[76-78]. GBM is the most common, aggressive, and treatment-resistant primary brain
cancer known; the average length of survival for glioblastoma patients is estimated to be
only around 8 months [79]. Recent studies have shown the potential to accurately stratify
patients using DNA methylation [80, 81]. DNA methylation is typically evaluated using
an array that measures up to 935.000 DNA methylation sites per sample. This means,
that for us to cluster patients according to their DNA methylation profiles, models need
to abstract the relationships between 935.000 features. This is where machine learning
algorithms encounter their limits, due to a phenomenon commonly known as the "curse
of dimensionality” [65]. The curse of dimensionality refers to the fact that the amount of
data required for models to make accurate predictions on previously unseen data, referred
to as the generalisability of models, increases drastically with the number of features we
include in our analysis. Adequately modelling 935.000 features thus requires recruiting
millions of GBM patients - a number which quite frankly does not exist given a 5-year
survival rate of only 6.9% [79].

So to identify clinical GBM subtypes, we must expand our repertoire of methods and turn
to algorithms which are less affected by the curse of dimensionality. More precisely, we

must turn to deep learning.

Artificial Neural Network (NN) are the simplest form of deep learning framework.
Drawing inspiration from the information processing in biological neuronal systems, an
NN is an interconnected network of individual neurons. Neurons thus serve as the funda-
mental building blocks of every deep learning framework. They are simple units capable
of receiving inputs, performing some processing, and producing an output (Figure 1.6a).
While a single neuron may not be powerful on its own, the strength lies in combining mul-
tiple neurons to work together, allowing them to theoretically approximate any function.
But how does a neural network learn? The learning process of a neural network involves
repeatedly adjusting the connection strength between individual neurons. Therein, a sam-
ple is passed to the network, which generates a predicted outcome for the respective
sample. By calculating the difference between the predicted value and the actual value,
the network adjusts its weights to minimise the error, aiming to achieve an output that
closely aligns with the ground truth [82].

What makes neural networks a universal tool capable of dealing with diverse medical
problems lies in the adaptable arrangement of neurons. For instance, in our effort to cluster
GBM patients, we must initially reduce the dimensionality of our dataset as clustering

algorithms like K-means [83] are incapable of working with all 935.000 features. We
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Figure 1.6: Example of a difficult medical problem. (a) Computations within a single neuron.
Input signals from successor nodes with their corresponding weights (w1, w2, w3) as well as the
bias are received. Subsequently, an activation function (f) is applied to their weighted sum (3)).
(b) Structure of an autoencoder (AE). The encoder (left) consists of contiguous hidden layers, each
with fewer nodes. The latent embedding (yellow) represents the bottleneck of the AE with the
minimum number of nodes. The decoder reversely mirrors the layer structure of the encoder, with
the final layer featuring the same number of nodes as the input layer as it attempts to reconstruct
the original input from the latent embedding. (c) Exemplary clustering of GBM patients, coloured
by mortality rates. Three clusters are visible, with one showing visibly higher overall mortality rates.
Graph generated using simulated data.

therefore utilise a special type of artificial neural network: the autoencoder.
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Autoencoder (AE) are neural networks designed for unsupervised learning (Figure 1.6b).
Autoencoders show a mirrored architecture, consisting of an encoder and a decoder part.
While the encoder maps the high dimensional input data into a lower dimensional latent
embedding, the decoder attempts to reconstruct the original input from said embedding.
The network is trained to try to minimise the error between original input and reconstruc-
tion [65]. The unique architecture of autoencoders opens up intriguing possibilities for
various applications. For instance, their encoder-decoder structure allows autoencoders to
act as efficient dimensionality reduction tools capable of accommodating input data in a
joint low-dimensional embedding. As opposed to other dimensionality reduction methods
like principal component analysis (PCA), autoencoders are able to model non-linear fea-
ture interactions and accommodate heterogeneous inputs from different sources, making
them a valuable tool for data integration in precision medicine [84]. The low-dimensional
latent embedding can also be adapted for generative purposes in various ways, for example
by incorporating probabilistic elements into the encoding process. This variant, known
as the variational autoencoder (VAE), enables sampling from the latent space, allowing
the generation of diverse outputs for a given input [85]. A semi-supervised extension of
autoencoders termed conditional variational autoencoder (cVAE) have recently gained pop-
ularity in genomics due to their potential to guide the learning and generation of latent
representations. By supplying auxiliary information to the encoder and decoder (e.g. age
of patients) the model’s behaviour can be controlled. This "conditioning" of autoencoders
has shown promise as an effective tool for eliminating undesirable signals from biomedical

data, such as measurement errors or technical noise [86, 87].

Overall, deep learning models possess remarkable versatility, capable of handling diverse
datasets by avoiding assumptions about data structure and leveraging the ability to ap-
proximate complex interactions through layer stacking and neuron combination. However,
despite their immense power, the application of deep learning models encounters signifi-
cant challenges, notably limiting their utility in medical use cases [88].

To illustrate this, let us once again examine our clustering of GBM patients. After success-
fully training an autoencoder on the measured DNA methylation data, we retrieve three
distinct cluster of patients, indicating different clinical sub-types. Mapping the mortality
rates of patients belonging to each cluster reveals that one cluster shows a significantly
increased mortality (Figure 1.6c). From a clinical point of view, it is of paramount im-
portance to now identify DNA methylation biomarkers in order for these patients to be
stratified early to improve their outcomes.

This means, we have to start understanding according to which criteria the autoencoder
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groups together patients, to learn about biomarkers characterising patients belonging to
each cluster. In other words, we want to explain or even fully interpret the latent space. This
seemingly simple task, however, is not trivial. As the architecture of deep learning models
becomes more complex, with numerous layers and parameters, they become inherently
more difficult to interpret, ultimately resembling ”black boxes” [88]. The interpretation of
how and why deep learning models make specific predictions, or cluster specific patients
together, thus poses a significant challenge. So we conclude that to bring Al models out
of research and into a clinical setting, we need to focus on increasing the transparency of

models.

1.2.3 Towards Trustworthy Al

The First Law: A robot may not injure a
human being or, through inaction,
allow a human being to come to harm.
The Second Law: A robot must obey the
orders given it by human beings except
where such orders would conflict with
the First Law.

The Third Law: A robot must protect its
own existence as long as such
protection does not conflict with the
First or Second Law.

The Zeroth Law: A robot may not harm
humanity, or, by inaction, allow

humanity to come to harm.

Isaac Asimov, I, Robot, 1950

As Al-powered applications continue to impact our daily lives due to their use in high-stakes
applications like healthcare, business, government, education, and justice, the societal
awareness regarding the safety, reliability, and overall trustworthiness of these applications
has escalated [89, 90]. While researchers and developers commonly prioritise enhancing
the predictive performance of their models, solely focusing on accuracy is no longer ad-
equate. Rather, new requirements arise, prioritising the reliability of models over their
accuracy. Factors contributing to a model’s trustworthiness include, but are not limited to:
explainability, interpretability, transparency, fairness, robustness, stability, responsibility,
accountability, and ethics [91]. Although ideally, a trustworthy model should encompass

all the aforementioned factors, in this work, I will concentrate on a subset of the three

21



From Bytes to Bedside and Back | Chapter 1

most central and crucial aspects: explainability, interpretability, and fairness.

There exists a lack of consistency between studies in using the terms "interpretable" and
"explainable" AI [91]. However, it is commonly acknowledged that there does exist a
conceptual difference between the two which should not be confused [90]. Therefore, the

following notations will be used in this thesis for consistency and clarity:

* Explainability: ability to understand why a model derived a final prediction. Explain-
ing a model is the most important aspect when communicating results to end-users,
i.e. clinical personnel, as it gives insight into the considerations (and as a logical

conclusion also potential pitfalls) of the model.

* Interpretability: ability to fully understand how the model functions. This implies
understanding the "inner workings" of a model, which is also referred to as intrinsic
interpretability. By this definition, interpretability captures more detail than explain-

ability, as it aims for full transparency of the model.

* Fairness: attempt to correct for any algorithmic bias in the decision processes of
models. Especially models used for societal purposes commonly include "sensitive"
variables, including information on gender, race, disabilities, and age [92]. Recent
years have seen an increased awareness of the pitfalls and limitations of these mod-
els, with disturbing reports on tools used for recruiting [93] or juristic purposes
[94] exhibited discriminatory behaviour against subgroups, including women and
darker-skinned individuals [92, 95]. A recent large scale study on ICU data reported
disparate treatment in prescribing mechanical ventilation among patient groups
across ethnicity, gender and age, proving that also medical applications are not
free of unwanted bias [96]. This unfairness of models is rooted in the data-driven
learning of algorithms, as training data might contain human biases, which must be

actively corrected for [95].

Why Strive Toward Explainable, Interpretable, and Fair Models?

So, why exactly we should aim at making models ideally interpretable, but at least ex-

plainable, and always fair?

Clinicians’ needs As already illustrated by the practical scenarios (section 1.2.2) the
limited interpretability of the decision-making of Al models stands in the way of successful
adoption in clinical setting [97-99]. A recent survey attempting to capture the expectations
clinicians have with regard to machine learning explainability revealed that they "view

explainability as a means of justifying their clinical decision-making" [100]. Interestingly,
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and in opposition to the technical researchers in the field who strive for evermore accurate
predictions potentially at the cost of explainability, the survey revealed that for clinicians
it is not all about accuracy - even models falling short in performance were deemed
acceptable as long as they provided clarity on why the model under-performs in this specific
case. This also means that the model does not necessarily be intrinsically interpretable,

but rather it should permit a decision of trust, rather than trust itself [101].

Scientific Validation and Discovery

Ideally one might marry people’s
unique knowledge of what is
comprehensible with an algorithm’s
superior capacity to find meaningful
correlations in data; to have the
algorithm discover new signal and then

have humans name that discovery

J. Ludwig and S. Mullainathan, 2023
[102]

Upon the breakthrough of deep learning in multiple fields, some (overly optimistic) re-
searchers believed the end of classical, hypothesis-driven science to be near. In the future,
the believe, all novel insights would come from the unsupervised algorithmic analysis of
large datasets [15]. As we know today, this was not - and will probably never be - the
case, as the correlation patterns Al algorithms uncover in data do not necessarily imply
causation. Nevertheless, it is worthwhile for researchers to seek algorithmic explanations

in the form of interpretable models for two reasons: validation and discovery [103].

1. Validation of performances: Firstly, explainability can be considered a way of
improving a model’s accuracy, as it highlights the limits of the model that can poten-
tially be improved through training data used or additional parameters, ultimately
enhancing the predictive power [90]. Secondly, introducing explainability into mod-
els is an effective guard against unexpected errors and can improve generalisability
by preventing overfitting. For instance, let us consider a model developed for the
stratification of patients in high-risk and low-risk groups in an ICU setting [104].
Counter-intuitively, this model classified patients with clearly increased fatality risk,
due to i.e. comorbidities, as having a low risk of mortality. Subsequent interpretabil-
ity analyses revealed that this false prediction derived from a spurious association
in the training data of the model: respective patients were at such great risk that

they received extra medical attention, effectively lowering their risk of mortality.
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One can only imagine the grave consequences of using such a model without expert

supervision in the decision-making in a triage setting of a hospital.

2. Discovery of underlying biological mechanisms: To illustrate how interpretable
models can be used to expand our biological knowledge, let us assume we were
successful in developing a neural network which shows high performance in the
diagnosis of a rare disease. Due to the rarity of the disease, paired with its unusual
molecular mechanisms, we have limited knowledge of the disease’s molecular patho-
physiology. If our neural network proves to be not only performant but also robust
and replicable, this suggests that it bases its decision-making on true, previously
unknown signals. This true signal might not have been captured by simpler methods
(linear regression) as it is e.g. the non-linear combination of multiple variables. By
incorporating interpretability into our respective model, we can unravel its decision-
making process, enabling a deeper understanding of the molecular mechanisms that
distinguish healthy from diseased individuals. This not only enables us to gain in-
sights into patient stratification but also empowers us to generate new hypotheses
for further investigation. The recently published framework "Geneformer" exem-
plifies the range of possibilities such a framework offers for hypothesis generation:
through in silico perturbations they explore the downstream effect of gene mutations

or propose novel candidate therapeutic targets [ 105].

"The Right to Explain" It is however not only the opinion of clinicians that requires
researchers to consider the transparency of their model when developing Al algorithms
for health-related settings. Since the late 2010s, lawmakers and international authorities
continuously established requirements regarding the reliability of Al models. Early efforts
of the European Commission include the establishment of an independent High-Level
Expert Group on Artificial Intelligence (AIHLEG) in June 2018, which published an as-
sessment list for evaluating Al systems regarding their trustworthiness [106]. The work
of this group has later been expanded in the form of an official European Commission’s
Artificial Intelligence Act (EU AIA), which is deemed the world’s first comprehensive Al
law regulating the use of Al in the EU. Specifically, its goal is to "ensure that Al technolo-
gies are utilised ethically and responsibly, aligning with fundamental rights and societal
values" [107], of which the model’s fairness is an integral part. Furthermore, article 13 of
the EU AIA explicitly highlights the need for medical applications to be explainable and/or
interpretable by stating that "high-risk Al systems shall be designed and developed in such a
way to ensure that their operation is sufficiently transparent to enable providers and users

to reasonably understand the system’s functioning" [108]. Also, the General Data Protec-
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tion Regulation (GDPR) has seen recent additions concerning the use of Al, emphasising
“explainability” as a top priority in machine learning research, phrasing the right of data
subjects (i.e. patients) to "obtain an explanation of the decision reached" and to "challenge
the decision" in the special case of decisions reached using automated processing [109]. All
of these recent changes to international policies make it clear that developing Al models
that are transparent, explainable, fair, and overall trustworthy is no longer an option, but

a must, which is enforced through EU law.

Glimpsing Inside the Model: From Black to (Partially) White Box

As the architecture of deep learning models becomes more complex they become inherently
more difficult to interpret and are therefore commonly described as resembling ”black
boxes”. This terminology has become prevalent in literature, leading to the classification
of models as white, grey, or black boxes based on their degree of interpretability.

White box describes models that offer complete interpretability, allowing users to fully
understand their inner workings, decision-making processes, and parameters. These mod-
els provide clear insights into how inputs are transformed into outputs, making it easy
to trace and interpret their behaviour. Mechanistic models used in molecular modelling,
rule-based models, and simpler machine learning models such as linear and logistic re-
gression, decision trees, and Random Forests with a limited number of trees are generally
considered to be white box models, as they build to be intrinsically interpretable [110,
111].

Grey boxes combine the advantages of inherently interpretable modelling techniques like
mechanistic models (white box) with the predictive power of complex machine or deep
learning models (black box). For example, neural networks can be included in mechanistic
models to account for systematic errors or estimate unobservable parameters [112]. Re-
cent advancements in deep learning for genomics include the utilisation of sparse neural
networks, which are black box models with a simplified architecture making them fully
or at least partially interpretable (see section1.2.3)

Black box are models that do not offer any insight into their decision-making. These mod-
els typically provide accurate predictions or classifications but due to the large number
and diversity of their layers, they offer little insight into how those results are generated
[113]. Input features important for derived predictions can only be approximated through
explainability methods (see section 1.2.3) Densely connected deep neural networks are a
common example of a black box model.

It is a common conception that the degree of interpretability of a model is indirectly corre-

lated with its predictive power (Figure 1.7). This means, that the more a model resembles a
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white box, the lower its performance and vice versa. This paradigm of a trade-off between
interpretability and accuracy in models introduces a layer of complexity for researchers
striving to enhance the transparency of their models. But which methods do biomedical
researchers have at their disposal for making their models interpretable, or at least ex-
plainable? In the following section, I will highlight common methods used in genomics to
achieve transparency in models. A more extensive description of interpretable genomics
can be found in Chapter 4. I will differentiate between passive and active interpretability
methods, where the former is model-independent and can be readily applied after model

training, while the latter requires changes to the architecture of the models.

a. b. Black box
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Figure 1.7: Relationship between model explainability and performance. (a) Trade-off between
explainability and peformance for a selection of machine learning and deep learning models. (b)
Intuition on which category of models can be regarded as black, grey, or white boxes. Figure adapted
from ’Unbox the black-box for the medical explainable Al via multi-modal and multi-centre data
fusion: A mini-review, two showcases and beyond’, by Guang Yang et al., in Information Fusion, 2022,
Elsevier [114]. GAN: Generative Adversarial Network, NN: Neural Networ, CNN: Convolutional
Neural Network, RF: Random Forest, SVM: Support Vector Machines
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Passive Explainability: Post-Hoc Attribution Approaches Passive attribution approaches
stand out as the most popular and extensively employed approaches for enhancing model
transparency. Their popularity stems from their inherent model-agnostic nature and the
convenience of application after model training (post-hoc). Given the widespread adoption
of attribution approaches, a multitude of diverse strategies have emerged, each offering
distinct methodological implementations. Here, I will focus on two of the most prevalent
strategies that also make an appearance in this thesis: perturbation/permutation and
game theory. I will give an intuition on their underlying concepts, as well as highlight
advantages and limitations.

Permutation as well as perturbation of input features belong to the earliest explainability
methods, with Garson’s et al. sensitivity analysis having been published in 1991 [115].
Permutation methods involve the random shuffling of features to disrupt their connection
to samples, while perturbations maintain the data’s structure while altering individual
feature values. Both methods forward-propagated these changes and analyse the resulting
changes in the network, comparing alterations to the original data to determine the signifi-
cance of features [116, 117] and even hidden nodes [118-120]. While the straightforward
concept of perturbations makes them a universally appreciated method, their practical util-
ity is hindered by scalability issues. Specifically, the computational burden associated with
generating a large number of perturbations limits their effectiveness, particularly when
applied to a large-scale dataset or when investigating combinatorial feature interactions.
SHAP (SHapley Additive exPlanations) [121] is founded on principles from game theory
and provides local approximators by looking at the model as a cooperative game, where
players are input features (e.g. genes) and credits are the model’s prediction. It seeks to
fairly allocate credit among the input features responsible for the model’s output, assigning
more credit to more important features. The derived SHAP values are easy to interpret and
utilise, which has contributed to its widespread adoption as one of the most commonly
used methods in explainable machine learning. However, the utility of SHAP for large
genomic datasets is limited due to its high computational expense. Generally, computing
exact SHAP values is considered NP-hard, and although approximation algorithms exist,

they do not scale well to the large datasets prevalent in biomedical sciences.

Active Interpretability: Sparse Neural Networks As the name implies, sparse or visible
neural networks, introduce interpretability by sparsifying the architecture of networks,
thereby significantly reducing their complexity. The approach is gaining momentum and
interest in the genomics community, as sparsification does not occur randomly, but is

achieved by integrating biological knowledge into the network. In the resulting biologically
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informed sparse neural networks, every node represents a gene, pathway, or even tissue,
while edges represent the known interactions between them. The reduced number of
interactions also makes the model (intrinsically) interpretable and allows researchers to

directly deduce relevant genes or pathways from a model decision [122-125].

1.3 Aim and Outline of the Thesis

CDSS

Stratification

Education

Explainability

Figure 1.8: Structure of this thesis. Each Part of the thesis focuses on a different aspect of pre-
cision medicine: Clinical Decision Support Systems (Part 1), patient stratification (Part 2), model
explainability (Part 3), and interdisciplinary education in precision medicine (Part 4). Omitted are
the Introduction and general Discussion. CDSS: Clinical Decision Support Systems ,GAS: Group A
Streptococcus, NSTI: Necrotising Soft Tissue Infections
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Throughout this chapter, I have explored the multi-faceted field that is Precision Medicine,
offering insights into its diverse computational aspects. Within each facet, I highlighted
the associated challenges hindering its seamless integration into clinical practice. These
obstacles range from handling the vastness, heterogeneity, and complexity of biomedical
data, to navigating through the plethora of analysis algorithms or developing models that

are not only accurate but also deemed trustworthy.

This thesis aims to advance the integration of precision medicine principles into healthcare
by developing artificial intelligence models utilising a variety of biomedical data and
focusing on explainability and fairness. By prioritising transparency in models, I sought
to create innovative tools that are not only effective but also capable of providing insights

into the underlying biology of diseases while meeting clinicians’ requirements.

I achieve this aim by:

(I) developing machine learning-based clinical decision support tools.

(II) designing fair stratification tools for cancer patients that integrates information from

diverse biological layers.

(I11) utilising explainable deep learning algorithms to explore the complexities of the

human epigenome.

The Introduction offers an overview of the concept and objectives of precision medicine,
providing concrete medical examples to illustrate how our healthcare system can benefit
from this novel paradigm. It emphasises the central role Al plays in enabling precision
medicine and introduces the algorithms that will be discussed in the thesis through hy-
pothetical yet realistic case studies. Furthermore, it underscores the importance of un-
derstanding the decision-making processes of Al models and describes approaches that
enable the explanation of these models.

In Part 1 I explore how we can utilise precision medicine concepts to enhance the man-
agement and care of patients suffering from Necrotising Soft Tissue Infections (NSTI)
(Chapter 2 and 4) and COVID-19 (Chapter 3). Working in close collaboration with clinical
experts, I developed machine learning-based tools to predict important patient outcomes,
such as the risk of mortality, or the anticipated disease severity. Besides attempting to ac-
curately predict these outcomes, I focus on the explainability of models, closely analysing
which medical factors determine their decision-making which ultimately enables clinicians
to make more informed decisions.

Part 2 delves into the world of disease sub-typing and patient stratification. While group-

ing patients using high-dimensional, multi-omics data is a widely adopted approach, the
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impact of confounders - external factors unrelated to the condition, such as batch effects,
age, or sex - on clustering is often overlooked. In Chapter 5, we thus propose and compare
deep learning methods for achieving fair patient clustering, which involves clustering that
is devoid of confounding factors.

The focus of Part 3 lies in demonstrating how to use explainable deep learning algorithms
for hypothesis generation in genomics. The recent years have seen the development of
numerous diverse interpretability strategies, making it increasingly difficult to navigate
the field. Therefore, the first part of the chapter, Chapter 6, provides an overview of the
current state of the field. By employing predefined criteria, we identify the interpretability
solutions most commonly utilised, highlight exceptional examples, and pinpoint promising
areas for further research. Chapter 7 subsequently illustrates the use of explainable Al
in exploring novel biological associations. By combining explainable deep learning with
epigenetic data, we illustrate the potential of not only efficiently modelling the input data
but also uncovering interactions lacking extensive characterisation.

The final part of this thesis, Part 4, explores the interdisciplinary nature of precision
medicine. Addressing the challenges associated with the paradigm shift in disease preven-
tion and healthcare necessitates the integration of expertise from various fields, including
genomics, informatics, medicine, and ethics. Training the next generation of precision
medicine experts thus requires the development of cross-disciplinary, international, and
education-focused doctoral programs. In Chapter 8 we examine the training and collab-
oration experiences of early-stage researchers within TranSYS, an Innovative Training
Network (ITN) for precision medicine funded under the EU’s Horizon Europe program.
To strengthen these education-focused doctoral programs, we identify challenges and pro-
pose solutions to design improved training networks for the next generation of aspiring
researchers.

The thesis ends with a Discussion, which summarises key findings and places them within
the broader context of precision medicine. A significant portion of the Discussion is de-
voted to highlighting the open challenges that need to be addressed to integrate precision
medicine into routine clinical practice. Lastly, I provide my perspective on opportunities
that are essential in shaping the future of the field. The organisation of this thesis is

visualised in Figure 1.8.
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1.4 Supplementary Notes
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Abstract

Background: Necrotizing soft-tissue infections (NSTI) are severe infections with high
mortality caused by various pathogens affecting a heterogeneous population. Thus, there
is the need for a Clinical Decision Support System (CDSS) able to detect NSTI early, to pro-
vide an overview of expected outcomes and individualized treatment recommendations,
thereby also increasing early awareness among clinicians.

Methods: Interviews with eight clinicians from different departments were performed
to identify relevant clinical needs, resulting in 24 unique questions. Interesting clinical
questions were subsequently used as targets to develop a machine learning based pre-
dictive system (Random Forest). Data obtained from the INFECT study, comprising 409
prospectively included NSTI patients [126], was used.

Results: Risk of 30-day mortality was generally deemed relevant in interviews and thus
selected as the primary health endpoint. It could accurately be estimated using sixteen
parameters available in the data set on the first 24 h following ICU admission. These
parameters mostly reflected the severity of sepsis (i.e. lactate, urine production, blood
pressure) and one baseline characteristic (age), while no NSTI specific parameters (loca-
tion or type of NSTI, skin changes) were found predictive. The ROC AUC of 0.91 (95% ClI,
0.88-0.96), displayed better performance than the SOFA score (ROC AUC=0.77 (95% CI,
0.69-0.84), p-value=5.07E—05) and was slightly higher than SAPS II prognostic estimates
(ROC AUC=0.88 (95% CI, 0.83-0.92)). The models proved to be robust regarding missing
input parameters, with ROC AUC > 0.8 even in the case of >50% missingness. Subsetting
of selected variables according to typical clinical availability revealed the possibility to
make reliable predictions (ROC AUC > 0.8) using data obtainable within the first hour
(vital parameters, blood gas values) in the ICU.

Conclusions: This study lays the foundation for a CDSS in NSTI. It indicates that risk of
mortality can be accurately estimated for NSTI patients utilizing a machine learning based
approach. By extending predictions to other relevant characteristics (i.e. risk of septic
shock, risk of acute kidney injury) a complete, clinically relevant overview of the expected
disease course can be obtained. Ultimately, this can support clinicians in making early

treatment choices, resulting in improved resource management and clinical outcomes.
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2.1 Background

Necrotizing soft-tissue infections (NSTI) are rare, fulminant infections, which affect het-
erogeneous population in regards to age, sex, and the presence of comorbidities [127].
Both a single pathogen (monomicrobial type) or multiple pathogens acting synergistically
(polymicrobial type) may be responsible, with different pathogenic mechanisms [128].
Besides local tissue destruction, these pathogens cause systemic toxicity, leading to sepsis,
and in many cases septic shock (28-50%) [129, 130]. If left untreated, NSTI will be fatal
within days, making timely recognition an essential prerequisite for successful disease
management. Current reported mortality is 10-29% [129, 131-135]. Besides mortality,
long-term morbidity is extensive: functionally due to scars, amputations, fatigue, as well as
psychosocially, which may including fear for recurrence, post-traumatic stress, depression

and changes in social activities [136-139].

2.1.1 Treatment

As soon as the diagnosis of NSTI is suspected, surgical inspection is initiated, followed
by obtaining tissue cultures and surgical debridement when the diagnosis is confirmed.
Broad-spectrum intravenous antibiotic therapy should be started, as well as resuscitation
and organ support in the ICU in most cases (68-92%), according to the severity of the
sepsis [ 132, 140, 141]. Amputation of extremity needs to be performed, usually if muscular
involvement is so extensive that no functionality of the affected body part is expected [ 142].
Both intravenous immunoglobulins (IVIG) and hyperbaric oxygen treatment (HBOT) may
be used additionally.

A major challenge in the effective treatment of NSTI is its early recognition due to the
low incidence of NSTI, as well as the often non-specific symptoms upon presentation. Re-
portedly, 41-96% of patients with NSTI are misdiagnosed upon presentation [143]. After
the diagnosis is established, another major challenge is to provide adequate, individual-
ized treatment, as early as possible, while preventing over-treatment or under-treatment.
Current treatment strategies are empiric at the start, with refinement taking place later as
the disease progresses. For example, initially broad-spectrum antibiotics are administered
until the definitive cultures are known, which can take multiple days. IVIG administration
usually depends on the presence of septic shock in combination with gram stain results,
which may take several hours from presentation to become known [129]. Early predictions
of streptococcal involvement and risk of septic shock could therefore lead to earlier intro-
duction of targeted treatment. This might also apply to mortality, where differentiating

those with a high risk of death versus those with high chances of survival, could help to
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allocate resources earlier and more efficiently, thereby potentially reducing both over- and

undertreatment.

2.1.2 Predictive scores

Currently, there are various prediction scores for NSTI or sepsis in general. Diagnostically,
the LRINEC score was developed in 2004, to identify patients having a high risk of NSTI
based on laboratory values [ 144]. However, despite promising initial results, a recent meta-
analysis of observational studies using this scoring system demonstrated low sensitivity
for diagnosis of NSTI [145]. The prediction of outcomes, which is important for both
treatment allocation as well as in the communication with patients and their families, is
currently performed for mortality using general ICU mortality predictions (SOFA score
[146], SAPS II [147], SAPS III [148], APACHE 1V score [149]). Also other prediction
systems are available, for example for estimating Acute Kidney Injury (AKI) [150, 151] or
the risk of septic shock development [152]. It has however not been sufficiently studied
how well these general prediction scores perform among patients with NSTI. In a mixed
ICU population for example, one study found the SAPS II mortality prediction to be less in
case of sepsis compared to other disorders for which patients were admitted [153]. Also,
the requirement of different predictive scoring systems to estimate different outcomes is
not practical. Ideally, a more comprehensive overview of expected disease characteristics,
disease progression, and outcomes would be obtained early after admission. For example,
the ability to accurately estimate whether streptococcal involvement is likely and whether
sepsis may progress to septic shock, could result in earlier administration of IVIG, to ideally
reduce progression to severe sepsis. Although microarray based analysis systems promise
to reduce the time from sampling to bacterial identification to only few hours, such systems

are still under development and thus not yet readily available in clinics [154].

2.1.3 Clinical decision support system

We believe the outlined shortcomings in efficacy (accuracy, applicability) of general clinical
scoring systems might be addressed by a so-called clinical decision support system (CDSS).
A CDSS is a framework aiming to link health observations (e.g. clinical data, patient-
reported outcomes) with health knowledge, thereby supporting the decision-making pro-
cess by providing consultation to medical personnel. It consists of multiple levels, incorpo-
rating data management, modeling, and data visualization in one platform. The central
piece of the CDSS, the predictive models, are frequently based on machine learning or

deep learning methods and utilize Big Data approaches to identify disease, disease stages,
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as well as patient-specific patterns. They have shown promising results in the diagnosis of
sepsis [155, 156], and gain popularity as personalised medicine tools [157]. A CDSS holds
many advantages compared to the current scoring systems in use. They can be designed
to be highly versatile, addressing different health endpoints at the same time, such as
treatment choices or prognostic outcomes. Creation of such a multiple-endpoint CDSS
abrogates the need for individual scoring systems used in parallel. Furthermore, CDSS
are flexible regarding the use of available information and can be tailored towards one
specific disease. Another advantage is their circular, iterative design. By building the pre-
dictive models on top of a database system, new patients can easily be added or available
information updated in an automated manner. This, in turn, makes predictions more and
more accurate - so the system learns as it grows. Decision support in the treatment of
NSTI has until now been limited to simple algorithmic procedures in guidelines [158],
with substantial differences. Some of these differences include the timing to second look
(<12h [159], 24-48h [160], 48-72h [161]), use of HBOT (never [161], consider if avail-
able [160, 161]) and IVIG suppletion (not mentioned [162], in case of GAS [159], in case
of organ dysfunction [160]). A CDSS is expected to improve evidence based treatment,
both by being used complementary to local guidelines, or by use on its own.

In this publication, we present the first steps towards the realization of a multiple-endpoint
CDSS for improving NSTI patient care. To identify the most relevant clinical shortcom-
ings in NSTI care and outcomes, we first conducted interviews with clinical specialists
involved in the diagnosis and treatment of NSTI. As proof of concept and to illustrate how
a CDSS could assist the decision-making process, the risk of mortality for patients was
predicted. In an attempt to compare our CDSS to current systems in use, we benchmarked

its performance on the SAPS II and SOFA score at admission.
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Figure 2.1: Graphical abstract.
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2.2 Methods

2.2.1 Semi-structured interviews

To create an overview of the various relevant clinical questions, semi-structured interviews
were conducted (Figure 2.2, Table S2). An interview guide was constructed with the Per-
MIT project group, an international consortium dedicated to demonstrating the potential
benefits of personalized medicine approaches for NSTI and sepsis patients (https://permedinfect.com/,
grant number 8113-00009B). Eight clinicians (3 ICU specialists, 2 surgeons, 1 microbi-
ologist, 1 ER specialist, 1 general practitioner) were interviewed by one of the authors
(JS). During the interviews, participants were asked which clinical questions they believed
were most relevant in the various phases (pre-hospital, pre-ICU, ICU). When new questions
emerged, those were added. Each participant was asked to attribute a score for relevance
to each question; (3) highly relevant, (2) relevant, or (1) interesting but not relevant. In
case of insufficient knowledge on a topic, it could be left blank. Some questions were
added later in the process, in which case fewer participants scored it for relevance. The
average score for the relevance of each of the questions was calculated for those that

attributed a score to a question.

2.2.2 INFECT study cohort

The INFECT data set utilized in this study is the result of an international, multicentre,
prospective, cohort study of adult patients with NSTI included prospectively at five Scan-
dinavian hospitals, which were referral centers for NSTI (INFECT study: ClinicalTrials.gov,
number NCT01790698). A total of 409 patients above the age of 18 and with surgically
confirmed NSTI cases were enrolled [126]. Data recorded in the INFECT study include
patient demographics, clinical data (blood samples, clinical findings), daily ICU data for
a period of up to 7 days (fluid administration, medication, observed parameters), infor-
mation regarding specific treatments and samples (surgical procedures, microbiological
findings, HBO treatments), as well as follow-up data (90-day follow-up, 365-day follow-
up). All of this information is encoded in a total of 2,400 variables, making the INFECT
study the largest prospective study in patients with NSTI to date. A detailed description
on the INFECT cohort is offered by Madsen et al. [126].
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2.2.3 Data pre-processing
Time-dissection of data set

To identify the earliest possible time-point for mortality predictions, the data set was split
into 11 subsets. Respective subsets comprised: ENTRY (upon hospital admission), PRE-
SURGERY (prior to first surgical procedure), POST-SURGERY (posterior to first surgical
procedure and prior to ICU admission), BASELINE (BL; first 24 h of ICU admission), ICU-
dayl (first day in ICU), ICU-day2 (second day in ICU), ICU-day3, ICU-day4, ICU-day5,
ICU-day6, ICU-day7. The ICU day follows the fluid charts, typically from 06.00 to 06.00.
Day 1 is from admission time to the start of the fluid chart the next day, giving variable
lengths of day 1 from O to 24 hours. To address this discrepancy between patients, the
BASELINE data set was included, as variables therein pertain to time of ICU admittance
and 24 hours forth.

Data cleaning & imputation

The selected (binary) target was 30-day mortality. All other clinical endpoints were omit-
ted, as were patients with missing mortality data (n=4), resulting in a sample of 349
alive and 56 deceased patients. Only data available upon ICU admission were included.
Irrelevant or potentially biasing variables (e.g. PatientIDs, dates), duplicates, or variables
with disputable accuracy due to subjectivity of the data (i.e. estimated Glasgow Coma
Scale) were additionally removed from the analysis. Imputation was performed if the to-
tal number of missing entries per variable did not exceed 5%, while variables with higher
percentages of missing data were discarded. Discarded variables included mostly cytokine
measurements, few preoperative lab values (hemoglobin, glucose, lactate, natrium), skin
anesthesia and crepitus upon presentation, gas upon radiology, alcohol, and smoking sta-
tus. To account for the mixed data types present in the data sets, we differentiated between
continuous (numerical), binary, and categorical features during imputation. Continuous
features were treated using the IterativeImputer from scikit-learn [163] and scaled through
min-max normalisation. Missing binary information was completed using k-Nearest Neigh-
bours method. Categorical features, such as hospital names, were imputed by the most
frequently occurring value and encoded to numerical representation by an ordinal encoder.
For the total numbers of variables and patients included in each subset after data cleaning

and imputation see Supplementary Material, Table S1.
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Variable selection

Relevant variables were selected using a combination of unsupervised filtering and manual
curation in a two-step process. Firstly, the preprocessed, time-dissected data sets underwent
an unsupervised feature selection step, in which the full feature space was filtered using
the python implementation of the Boruta algorithm [164]. Secondly, during optimization
of the best-performing model, the filtered variables were manually curated, removing
variables that were deemed impractical to use in clinical practice. The original variable
names in the INFECT data set, abbreviations used in this publication, and a more detailed
clinical description of curated variables can be found in Supplementary Material, Table
S2.

2.2.4 Classification

Model development and validation

Random Forest Classifiers (RFC) were utilized to predict patient mortality [74]. Robust
internal validation was achieved by an iterative 5-fold double cross-validation (DCV) ap-
proach (100 iterations). To quantify the quality of the classification models, we calculated
and compared several different metrics, including areas under the receiver operating char-
acteristic curve (ROC AUC), the F; score, and the F, score. Conversion of SAPS II and
SOFA scores to probabilities of mortality was done using the relationship established by Le
Gall et al. [165] and Moreno et al. [166], respectively. Confidence intervals of ROC curves
were computed using bootstrapping. For the p-values, a two-sided test for difference in
AUC was performed. For additional information on model development, validation and

metrics please refer to Supplementary Material, Supplementary Methods.

Assessing model stability

To assess the robustness of our systems towards missing variables, iterative random re-
moval of variables was conducted. Therefore, a pre-specified number of variables (between
1 and m — 1 where m is the total number of variables in the subset) were removed from
the data set and the reduced model was trained and validated using the same approach

as during model development.

Selection of surrogate variables

Surrogate variables were determined by calculating the absolute Pearson correlation for

selected (primary) variables with the whole feature space, excluding cross-correlation
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amongst primary variables themselves. The effects on model performance were assessed
by replacing missing variables through surrogates, random variables, or removing them
from the data set for all patients. Random variables were defined as features with absolute
correlations of less than 5% with any primary variable (correlation < 0.05). Model training

and validation were carried out using the iterative DCV described above (100 iterations).

2.2.5 Software

For all classification algorithms the implementations available in the scikit-learn Python
library (version 0.24.1) [163] were used. ROC curve bootstrapping and p-value calculation

was done using the R package pROC [167].

2.3 Results

2.3.1 Interviews

The interviews yielded a total of 24 unique questions that were deemed relevant in the
diagnostic and treatment process of patients with NSTI. All emerged during the first five
interviews. Of these questions, 14 were treatment support questions, and 10 were predic-
tions (Figure 2.2). Most questions (14) concerned the ICU phase, but relevant questions
were also identified in the pre-ICU phase (7) and the pre-hospital phase (4). One question,
regarding expected microbial etiology, was deemed relevant in both the ICU and pre-ICU
phase, and therefore mentioned in both phases with a different score for relevance (Fig-
ure 2.2). As can be observed in the table (Supplementary Material, Table S2) and figure
(Figure 2.2), there was substantial variation (1.5 - 3.0) in the average scores for relevance
attributed to the different questions. Although all questions are relevant to varying de-
grees, those that can potentially be answered by the available INFECT data set are of most
relevance for the initial development of a CDSS on NSTI. Among the most relevant (score
>2) of these questions were the prediction of causative microbes, chance of developing
septic shock, chance of mortality, and chance of developing Acute Kidney Injury (AKI). Of
these relevant endpoints, the prediction of mortality was selected as the first to develop

an artificial intelligence based approach within the CDSS.

2.3.2 Earliest time point for prediction of mortality

Comparison of prediction performances showed distinct differences between different
time-dissected data (Figure 2.3). Prediction with ICU data sets (BASELINE (BL) - ICU-
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Figure 2.2: A graphical display of the various (24 unique) treatment support questions (or-
ange) and outcomes (green) which resulted from interviews with 8 clinicians from different
involved specialties. The questions and outcomes are abbreviated, the full questions can be found
in Supplementary Note 9. The questions and outcomes are distributed according to phase of the
diagnostic and treatment process on the x-axis, and clinical relevance as attributed by the inter-
viewed clinicians on the y-axis. In the first two phases (Pre-hospital phase and ED phase) arrows are
placed which indicate how various questions are connected. Grey boxes are added where needed
to improve the interdependence of various questions.

day7) revealed that performance peaks using data acquired within the first 24 hours in
the ICU (BL), constituting the earliest time point for satisfactory mortality predictions.

Therefore, the BL data set was selected to act as the base for further analysis.

2.3.3 Model optimisation

The BL model included a total of 20 variables derived through unsupervised feature selec-
tion. To further refine our model, we conducted manual curation, leading to the removal of
the variables ‘total blood product administration’ (impracticality), ‘total fluid administra-
tion’, ‘systolic blood pressure’ (duplicate entries), ‘Glasgow Coma Score (GCS)’ (disputable
accuracy due to subjectivity of the data), after which 16 variables remained (Figure 2.4A,
Figure 2.4B, Supplementary Material, Table S2). Comparison of the predictive power of
this model to the SAPS II and SOFA score (Figure 2.4C) revealed excellent discriminatory
power (AUC=0.91 (95% CI, 0.88-0.96)) of our system, outperforming the SOFA score
(AUC=0.77 (95% CI, 0.69-0.84)), p-value=5.07E — 05) and showing slightly, yet not sta-
tistically significantly, higher AUC than the SAPS II score (AUC=0.88 (95% CI, 0.83-0.92),
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Figure 2.3: Comparison prediction performances of time-dissected data sets. Scores displayed as
average Fl-score (macro averaging) over 100 double cross-validation iterations. Notches represent
95% confidence interval around the median.

p-value=0.07).

Probabilities of death were derived and examined for all patients (Figure 2.5A). The
calculated likelihood of mortality for patients that are known to be alive (blue) ranges
from 0% to around 40% with a dominating peak at around 10%, illustrating the ability of
our system to proficiently identify non-critically ill patients. In the probability distributions
of patients known to have deceased (orange), the picture is less distinct. Three subgroups
of patients can be distinguished, with peaks around 20, 60, and 80% respectively. The
lowest-performing subgroup constituted more often of individuals dying at later time
points (after day 10), indicating that predictions are better for early deaths (Figure 2.5B).
It is evident from Figure 2.5A that using an intuitive threshold of 50% for identifying
patients with higher probabilities of death is not optimal and results in elevated numbers
of false-negative predictions (Table 2.1). Determination of the optimal threshold (through
trying to minimize the number of false negatives) instead yielded an ideal cutoff value of
30% (26%, red line), resulting in a good trade-off between the number of false-positive

(FP) and false-negative (FN) predictions.
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Variable Total Urine (BL) 1.0
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Figure 2.4: Overview (A) manually curated variables (ordered alphabetically), (B) respective
feature importance, and (C) prediction performances of manually curated variables displayed
as ROC curve with SAPS/SOFA score as comparison. The relative importance displayed is the
number of iterations (100) minus the (geometric) mean ranking of variables according to their
importance during mortality predictions; rank 1 indicated the most important variable and rank 16
the least important.

2.3.4 Improving flexibility and usability

To maximize the flexibility of the developed system the 16 selected variables were grouped
into subsets according to their availability (Figure 2.6A). Performance comparison showed
that not all identified predictors needed to be included for the model to perform well (Fig-
ure 2.6B). Using only variables obtainable within an hour in the ICU (BLOOD set) resulted
in a satisfactory mortality prediction. Comparison to the SAPS II and SOFA score proved

good discriminatory power with AUC < 0.8 (Supplementary Material, Fig. S1).

In an everyday clinical setting, some variables may be missing. To simulate the effect of
missing data a specified number of random variables from our data sets were iteratively
removed and subsequently the predictive power of the perturbed set was measured (Figure
2.7). This highlights the stability of our system towards missing information, with ROC
AUC scores remaining high (AUC 0.9) even when removing more than half of the data
(e.g. removing variables: AUC = 0.89 (95% CI, 0.88-0.89)). Similar results were obtained
when using the early available BLOOD set (Supplementary Material, Fig. S2). The gradual
increase of standard deviation can be accredited to differences in the importance of vari-

ables (Figure 2.4B). With higher missingness rates, important features in the successful
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Figure 2.5: Calculated probabilities of patient mortality. (A) CDSS predictions for patients known
to be alive (blue) or deceased (orange). (B) Patients known to be deceased, plotted with regard to
their time-point of death. Red line indicates the optimal decision threshold when aiming to minimise
false-negative predictions. Densities calculated from the average probability of mortality for each
patient over 100 iterations.

prediction of patient mortality are more likely to be absent, and subsequently prediction
performance decreases. Despite the robustness of our system, excluding (key) variables
like urine, lactate, or amount of administered noradrenaline, has a negative impact on
model performance. Therefore, alternative measurements replacing potentially missing
variables were identified (Table 2.2). Exchanging variables with their highly correlated
alternatives revealed no noticeable loss of performance, illustrating the relevance of the
approach (Supplementary Material, Fig. S3). In the case of multiple missing variables,
compensation for absent values performs better than simply removing the missing values
from the model. This is of special importance in scenarios of high missingness rates (>

60%) (Supplementary Material, Fig. S4).

2.4 Discussion

This study identified multiple relevant clinical questions and predictions for which data-
driven support may facilitate early individualized treatment for NSTI patients. One of the
most relevant outcomes to be predicted, identified through interviews, was risk of 30-day
mortality, which was subsequently taken as health endpoint to develop a machine learning
based predictive system. Mortality predictions proved to be highly accurate, robust, and

able to handle substantial amounts of missing data.
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Table 2.1: Summary of model accuracy at different threshold levels. Highlighted in bold is the
threshold identified as optimal trade-off between model precision and recall when aiming to reduce
false-negatives as much as possible.

Threshold [%] | TN [%] FP[%] FN[%] TP[%] TPR TNR
0 0 86 0 14 1.00 0.00
10 62 24 1 13 0.93 0.72
20 75 12 3 11 0.79 0.86
30 80 6 4 10 0.71 0.93
40 84 2 6 8 0.57 0.98
50 85 1 7 7 0.50 0.99
60 86 0 9 5 0.36 1.00
70 86 0 11 3 0.21 1.00
80 86 0 12 2 0.14 1.00
90 86 0 14 0 0.00 1.00
100 86 0 14 0 0.00 1.00
TN - true negatives FP - false positives FN - false negatives

TP - true positives ~ TPR - true positive rate TNR - true negative rate

2.4.1 Clinical needs

The development of a novel decision support system in NSTI is of special clinical rele-
vance, as scoring systems currently in use have several disadvantages compared to a CDSS.
Firstly, scoring systems are developed for a specific clinical endpoint, such as AKI [151],
mortality [168], or septic shock [169]. Secondly, they are retrospectively designed, static,
and incapable of easily incorporating novel patient information. Furthermore, they have
limited flexibility regarding missing input data. Comparable decision support tools, such
as the AKlpredictor, performed as as good as physicians, with ROC-AUC scores of 0.94
(95% CI, 0.89-0.98) (physician) versus 0.89 (95% CI, 0.82-0.97) (AKIpredictor) [170].

The interviews with various clinicians of different specialities provide a starting point of
relevant clinical questions, on which the CDSS can be based. Highly relevant questions
were identified in various domains, as early as upon presentation to the GP However,
although questions in all phases would ideally be supported, the currently available INFECT
data set limits the possibilities to perform predictions for questions in the pre-ICU phases,
mainly because of the lack of sufficient pre-hospital data as well as the lack of non-NSTI
patients for diagnostic predictions. Therefore, the initial CDSS will be designed for use in
the ICU, and include the most relevant questions in the ICU phase. When adjacent data

sets become available, this could be expanded in the future.
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Figure 2.6: Taking variable availability into account. (A) Variables included in subsets of BL model.
Time points indicate the approximate time of availability in the ICU. (B) Prediction performances
of models trained on selected variable subsets.

2.4.2 Proof of concept

Our results clearly demonstrate that the developed system proves to be proficient in esti-
mating patient mortality risks early on and with performances that are comparable (and
in some cases better) than scoring systems currently in use. Additionally observed benefits
of our CDSS include flexibility and robustness towards changes in the input parameters.

The variables selected to be relevant for mortality predictions are diverse, ranging from
demographics and vital measurements to information obtainable only after a certain time
period spent in the ICU. However, all of the selected variables are well-known parameters
when assessing the vital state of patients, especially in the ICU. Therefore, many of the iden-
tified variables can also be found in established scoring systems like the SAPS II (age, pulse,
systolic blood pressure, bicarbonate, carbamide)[165], SOFA score (platelets, bilirubin,
creatinine, urine output, vasopressor requirement)[147], or APACHE IV score (pH) [149].
Also previously described as associated with mortality were lactate [171, 172], base excess
[173], C-reactive protein [174], and INR [175]. Since fluid requirement increases depend-
ing on sepsis severity, this predictor was expected as well. More computationally-oriented
publications comparable to the work carried out here have reported similar variables as

informative, although their ranking of importance differs [155, 168, 176, 177]. The fact
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Figure 2.7: Assessment of model stability through iterative removal of random variables. 24
HOUR set with a total number of 16 variables. Displayed as average ROC-AUC score over 100
iterations. Notches represent 95% confidence interval around the median.

that all selected variables were previously found to be associated with risk of mortality in
sepsis patients validate the findings from this study. It is evident that the selected variables
do not include information unique to NSTI, such as the type of causative micro-organism,
anatomical location affected, or surgical findings. This is likely due to the fact that mortal-
ity of these patients in the ICU is primarily due to sepsis, making it logical that identified
predictors are connected to the systemic disease rather than the local characteristics of
NSTI. Estimation of NSTI specific endpoints, such as wound size or need for amputation,

may yield a more specialised set of predictive variables.

2.4.3 Practicality

The final CDSS envisioned should not merely deliver a binary prediction of patient out-
comes, but rather give information on the likelihood of an event, which can subsequently
be interpreted by clinicians. When examining the calculated likelihood of death for each
patient, the CDSS notably seems much more capable of identifying survivors than patients
at risk. This pronounced difference might be ground in the heavy imbalance observed in
the data set, potentially favoring the identification of alive patients. The observed cluster-
ing of deceased patients during the first week is explainable from a clinical perspective,
since patients with refractory septic shock will often die in the first day after admission.
Since those early deaths represent the majority of those who died during admission, it is

unsurprising that most predictors selected are related to septic shock, and may therefore
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Table 2.2: Overview on selected surrogate variables and their respective Pearson correlation
to the original variable. Best performing surrogates are highlighted in bold.

Original Surrogate Correlation
Age - -

Lowest systolic BP (BL) | Skin bullae (preop) -0.17
Highest pulse (BL) Potassium (BL) 0.27
Lactate (BL) Potassium (BL) 0.26
Base excess (BL) Creatinine (preop) -0.33
INR (BL) Chronic liver disease 0.29
Bicarbonate (BL) Creatinine (preop) -0.36
pH (BL) Creatinine (preop) -0.37
Bilirubin (BL) Chronic liver disease 0.26
CRP (BL) CRP (preop) 0.67
Creatinine (BL) Creatinine (preop) 0.88
Platelets (BL) WBC (BL) 0.35
Carbamide (BL) Creatinine (preop) 0.63
Noradrenaline (BL) Potassium (BL) 0.22
Total urine (BL) Creatinine (preop) -0.25
Total fluids (BL) Corticosteroid use 0.22

lead to the most accurate predictions for early deaths.

The exceptional stability of our CDSS is of high clinical relevance, as missing measurements
are frequent in a typical clinical setting. Strategies of handling missing data when working
with the existing scoring systems include imputation strategies such as i) replacement by
a previous measurement or ii) assuming the value to be in the normal physiological range.
Although easy to use, both of these approaches may introduce erroneous data points po-
tentially biasing predictions and should thus be applied with care. Not all variables possess
equal explanatory power, leading to more and less favorable scenarios of data missingness.
Suggestions of alternative measurements could mitigate the effect of missing variables, es-
pecially of those with high predictive power. Our results suggest that including alternative
variables can be successfully implemented in the case of well-suited surrogates (e.g. with

correlation > 0.5) and is of special importance when multiple measurements are missing.

2.4.4 Strengths and limitations of our study

By engaging the clinical specialists upfront through interviews, we were able to not only

clearly identify clinical needs, but also rank them according to relevance. Although no
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classic qualitative approach was applied and the ranking system used is not a validated
method, we believe the obtained overview is sufficient to act as a starting point for the
design of a CDSS. For the development of a mortality prediction model, we used the
largest NSTI cohort available as of today, which is a major strength. However, the model
development still suffered from small sample sizes with heavy imbalance, potentially lim-
iting validity and generalizability. Despite using widely approved imputation strategies
to account for missing entries in the data set, the need for data imputation remains a
limitation in the pre-processing pipeline. Although the performance of our CDSS is yet
to be externally validated, we have taken care of deploying robust internal validation
techniques during variable selection and model development phases. The final framework
uses a small number of predictors that are readily available in most ICUs, which facilitates
international use. The possibility of providing various input variables allows this CDSS to
be used at different stages throughout the treatment process. Despite the potential benefits
of a CDSS it must be stressed that there is an inherent risk for misuse, as with any tools
of this kind. Special care must be taken when relating probabilities to outcomes, as e.g.
the intuitive classification threshold of 50% does not translate to a 50% risk of mortality.
Proper application and consistent monitoring of results will be essential in fostering trust

in a DSS utilizing machine learning algorithms.

2.4.5 Future directions

To successfully deploy the comprehensive multiple-endpoint CDSS envisioned, future ef-
forts will cover several areas including data management, model optimization, framework
extension, and deployment. Firstly, the ongoing efforts to establish a data management
system underlying the predictive models will be intensified. This will facilitate easy addi-
tion of novel patient information, paving the way for the models to ‘learn as they grow’.
Secondly, the predictive models developed in the course of this study will be i) validated
using external cohorts ii) extended to cover a wider array of clinical questions identified
in the interviews. The integration of more diverse data types will be aspired (e.g. -omics
data) to refine patient stratification and deduce underlying biological disease mechanisms.
The lack of NSTI-specific information needed to estimate the risk of mortality provides the
opportunity of testing the developed framework on a more general sepsis cohort, thereby
broadening its field of application. Simultaneously, however, the inclusion of more NSTI-
specific variables will enable the creation of a specialized framework addressing health
endpoints unique to NSTI, such as the prediction of suspected microbiological species.
Lastly, we seek to deploy models in the most user-friendly way by developing (free) appli-

cations tailored to end-user needs (including web, phone, and tablet apps).
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2.5 Conclusion

In summary, our study lays the foundation of a comprehensive CDSS for NSTI patients. To
the best of our knowledge, we have for the first time provided a qualitative assessment of
the clinically relevant questions in NSTI patient care. By intertwining clinical and bioin-
formatic expertise, we have developed a tool proficient in predicting 30-day mortality
for patients with NSTI admitted to the ICU. The possibility for users to adapt the input
variables without severely affecting model performance is a major advantage compared
to other clinical scoring systems currently in use, as it is the possibility of continuously
updating the predictors as patients are included. Furthermore, the framework itself can be
easily expanded to other health endpoints related to NSTI diagnosis and treatment such
as suspected microbiological species, risk of septic shock, or risk of acute kidney injury,

thus creating a universal tool for improving NSTI care and outcomes.
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doi.org/10.1016/j.ijmedinf.2022.104878

2.5.1 Acknowledgements

The authors are grateful to all members of the INFECT, PerAID and PerMIT collaborations,
as extensive discussion within the consortium have greatly contributed to the finalisa-
tion of this manuscript. Beside named authors in this article, the INFECT Study Group
includes: Michael Nekludov, Ylva Karlsson, Per Arnell, Morten Hedetoft, Marco B. Hansen,
Peter Polzik, Daniel Bidstrup, Nina E Barnthsen, Gladis H. Frendg, Erik C. Jansen, Leerke
B. Madsen, Rasmus B. Miiller, Emilie M. J. Pedersen, Marie W. Petersen, Frederikke Ravn,
Isabel E G. Smidt-Nielsen, Anna M. Wahl, Sandra Wulffeld, Sara Aronsson, Anders Rose-
mar, Joakim Trogen, Trond Bruun, Torbjgrn Nedrebg, Oddvar Oppegaard, Eivind Rath and
Marianne Savik. The PerAID/PerMIT Study groups, besides named authors, include: Mat-
tias Svensson, Kristoffer Stralin, Trond Bruun, Oddvar Oppegaard, Knut Anders Mosevoll,
Jan Kristian Damas, Paul van Zuijlen, Laura M. Palma Medina, Lorna Morris, and Marco
Anteghini.

2.5.2 Funding

The study was supported by the European Union Seventh Framework Programme (FP7/2007-
2013) under the grant agreement 305340 (INFECT project); the Swedish Governmental
Agency for Innovation Systems (VINNOVA), Innovation Fund Denmark, and the Research
Council of Norway under the frame of NordForsk (project no. 90456, PerAID); the Swedish
Research Council, Innovation Fund Denmark, the Research Council of Norway, the Nether-
lands Organisation for Health Research and Development (ZonMW), and DLR Federal
Ministry of Education and Research, under the frame of ERA PerMed (project 2018-151,
PerMIT); the European Union’s Horizon 2020 research and innovation programme under
the Marie Sklodowska-Curie grant agreement No. 860895 TranSYS.

54


https://doi.org/10.1016/j.ijmedinf.2022.104878
https://doi.org/10.1016/j.ijmedinf.2022.104878







Chapter 3

COVID-19 and cholesterol
biosynthesis: Towards innovative

decision support systems

Eva Kotar', Sonja Katz*, Ziga Pusnik*, Petra Bogovi¢, Gabriele Turel, Cene Skubic, Tadeja
Rezen, Franc Strle, Vitor A.R Martins dos Santos, Miha Mraz, Miha Mogkon*, Damjana

Rozman

Tauthors contributed to the study design, data collection, and performing of wet-lab experiments (section 3.2.2)

*authors contributed to the implementation of computational models (section 3.2.3)

Published in: iScience. 2023 Oct 20;26(10)
DOI: 10.1016/j.is¢i.2023.107799

57


https://doi.org/10.1016/j.isci.2023.107799

From Bytes to Bedside and Back | Chapter 3

Abstract

With COVID-19 becoming endemic, there is a continuing need to find biomarkers charac-
terizing the disease and aiding in patient stratification. We studied the relation between
COVID-19 and cholesterol biosynthesis by comparing 10 intermediates of cholesterol
biosynthesis during the hospitalization of 164 patients (admission, disease deterioration,
discharge) admitted to the University Medical Center of Ljubljana. The concentrations of
zymosterol, 24-dehydrolathosterol, desmosterol, and zymostenol were significantly altered
in COVID-19 patients. We further developed a predictive model for disease severity based
on clinical parameters alone and their combination with a subset of sterols. Our machine
learning models applying 8 clinical parameters predicted disease severity with excellent
accuracy (AUC = 0.96), showing substantial improvement over current clinical risk scores.
After including sterols, model performance remained better than COVID-GRAM. This is
the first study to examine cholesterol biosynthesis during COVID-19 and shows that a
subset of cholesterol-related sterols is associated with the severity of COVID-19.
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3.1 Introduction

COVID-19 is still very much present and, according to epidemiologists, its causative agent
SARS-CoV-2 is likely to become endemic with new variants recurring seasonally [178].
Therefore, searching for new biomarkers for disease course and outcome prediction re-
mains of high importance.

Viral infections can trigger changes in the host organism’s lipid profile, which could serve as
a biomarker. In fact, dyslipidemia seems to be a hallmark of viral infections, as previously
shown in hepatitis C virus (HCV), human immunodeficiency virus (HIV), and dengue virus
infection [179]. In 2020, Hu et al. [180] were among the first to report an altered lipid
profile in COVID-19 patients. Serum total cholesterol as well as HDL- and LDL-cholesterol
levels were significantly lowered in patients suffering from COVID-19. Reports about
dyslipidemia linked to SARS-CoV-2 infection from other groups soon followed [181-194],
but findings were not always concordant. Furthermore, increased serum levels of the
liver enzymes alkaline phosphatase (ALP), alanine aminotransferase (ALT), and aspartate
aminotransferase (AST) seen in COVID-19 patients were suggested to be explained by liver
damage as a result of the infection [179, 182]. Chen et al. [188] showed that liver-specific
proteins that regulate sterol and cholesterol transport were downregulated in COVID-19
patients. Although altered blood cholesterol levels have been reported in patients suffering
from COVID-19, the effect of COVID-19 on intracellular biosynthesis of cholesterol remains
to be determined.

Besides being a fundamental lipid component of vertebrate cell membranes, primarily as
a lipid building block of ordered membrane micro-domains — lipid rafts [179, 195, 196]
— cholesterol also modulates their permeability, signaling, and transport. Furthermore, it
can be integrated into lipoproteins, and stored in lipid droplets and cholesteryl esters
[179, 197]. Importantly, its metabolic pathways branch out in several ways, resulting
in physiologically important, active compounds (e.g., bile acids, oxysterols, steroid and
glucocorticoid hormones, vitamin D, coenzyme Q) [179, 197-199]. As cholesterol is an
important molecule with versatile functions in numerous physiological processes and an
excess of non-esterified cholesterol may potentially be toxic, maintaining its homeostasis
is pivotal [ 179, 200]. Cholesterol biosynthesis is a tightly regulated housekeeping pathway
and takes place mainly in the liver. The pre-squalene part of de novo cholesterol biosynthe-
sis starts with acetyl-CoA and terminates with the enzymatic conversion of farnesyl-PP to
squalene (Figure 3.1). A more detailed description of the pre-squalene pathway is given
elsewhere [201]. Conversion of squalene to lanosterol is the link between the pre- and

post-squalene parts of the biosynthesis. Lanosterol is converted through a series of enzy-
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matic reactions to cholesterol via the Bloch and/or Kandutsch-Russell (K-R) pathway [199,
201, 202]. Both pathways are enzymatically identical, except for the first and the last steps
(Figure 3.1). In the Bloch pathway, CYP51A1 catalyzes the conversion of lanosterol to FF-
MAS, while in the K-R pathway, sterol-A24-reductase (DHCR24) catalyzes the same sterol
intermediate to 24,25-dihydrolanosterol. In the last enzymatic step of the Bloch pathway
desmosterol is converted to cholesterol by DHCR24, while the final reaction of the K-R
branch is the conversion of 7-dehydrocholesterol to cholesterol by DHCR?7. Since all sterol
intermediates (referred to as sterol intermediates or sterols throughout the manuscript)
from lano- to desmosterol in the Bloch branch contain A24 double bonds, DHCR24 can in
principle metabolize any of them, and both branches, therefore, intertwine. Nonetheless,
an in vitro study showed that 24-dehydrolathosterol is the most plausible switching point
between both branches, indicating that cholesterol biosynthesis preferentially starts via
Bloch and later shifts to the K-R pathway [203]. Depending on tissue type, one or an
interplay of both pathways dominates de novo cholesterol biosynthesis.

The aim of this study was to evaluate the effects of COVID-19 on intracellular cholesterol
biosynthesis, to develop a predictive model for the severity of COVID-19 course based on
simple clinical parameters obtained at hospital admission using machine learning models,
and to investigate the potential benefits of measuring metabolic pathways for disease
monitoring. Including metabolic biomarkers into clinical diagnostics is attracting growing
interest, emphasizing the importance of investigating their potential use in this context.
Previous research has focused on altered blood cholesterol levels in COVID-19 patients,
but detailed knowledge of endogenous cholesterol biosynthesis in patients with SARS-
CoV-2 infection is scarce. In addition, existing prognostic models have limitations and lack
reproducibility across different populations. Thus, we sought to identify readily available
clinical variables and reliable methods to predict disease severity beyond the established
COVID-GRAM risk score, as well to investigate biomarker potential of sterols. We per-
formed targeted lipidomics to monitor changes in blood sterol intermediates — indicators
of de novo intracellular cholesterol biosynthesis — in hospitalized COVID-19 patients. In
addition, machine learning techniques were used to retrospectively estimate disease sever-
ity based on clinical parameters alone and also to investigate the biomarker potential of

cholesterol-related sterols measured at hospital admission.
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Figure 3.1: The cholesterol biosynthesis pathway. The cholesterol biosynthesis pathway is divided
into pre- and post-squalene parts. In the pre-squalene part, acetyl-CoA is converted to squalene
through a series of enzymatic reactions. The conversion of squalene to lanosterol represents a linking
point between the two parts of the biosynthesis. After lanosterol, the biosynthesis branches into
the Bloch and Kandutsch-Russell (K-R) pathways. In the Bloch pathway, lanosterol is converted to
FF-MAS by CYP51A1, while in the K-R pathway DHCR24 converts it to 24,25-dihydrolanosterol. The
final reaction in the Bloch pathway is a conversion of desmosterol to cholesterol by DHCR24, whilst
in the K-R pathway DHCR?7 catalyzes the conversion of 7-dehydrocholesterol to cholesterol. Both
pathways can intertwine but data show that 24-dehydrolathosterol is the most plausible substrate
where switching occurs, indicating that cholesterol biosynthesis preferentially starts via the Bloch
and later shifts to the K-R pathway. Enzymes catalyzing each reaction are shown in gray. Sterol
chemical names are listed in Table S1.

61



From Bytes to Bedside and Back | Chapter 3

3.2 Results

3.2.1 Cohort description

164 adult patients admitted to the Department of Infectious Diseases of the University
Medical Center Ljubljana (Slovenia) from July 2020 to July 2021 suffering from a severe
course of COVID-19 were enrolled in this study. Their basic clinical characteristics are
shown in Tables 3.1 and S2.

3.2.2 COVID-19 impact on de novo intracellular cholesterol biosyn-

thesis

As the concentration of blood cholesterol depends on different factors, e.g., de novo biosyn-
thesis and dietary cholesterol, the rate of de novo intracellular cholesterol biosynthesis
can only be estimated according to the presence of sterol intermediates. We used liquid
chromatography with tandem mass spectrometry (LC-MS/MS)-based targeted lipidomics
to provide insight into cholesterol intermediates during COVID-19. Ten sterols from the
post-squalene part of cholesterol biosynthesis were measured in serum samples at three
different time points during hospitalization of 62 COVID-19 patients, i.e., lanosterol, 24,25-
dihydrolanosterol, T-MAS, dihydro-T-MAS, zymosterol, zymostenol, 24-dehydrolathosterol,
lathosterol, desmosterol, and cholesterol. Samples were collected upon admission to the
hospital care (T1), in case of severe deterioration or in the middle of treatment (T2), and
upon discharge (T3). An additional 102 COVID-19 patients serum samples were collected
only at T1 and sterol intermediates were measured. Concentrations of sterol intermedi-
ates at all time points are shown in Table 3.2. Statistical significance was tested using
the nonparametric Friedman test (Figures 3.2A and 3.2B) comparing three time points of
sterol concentrations. For multiple comparisons, the adjusted p-values were determined
using Dunn’s test. Results show more significant alterations in cholesterol biosynthesis
in patients with severe (Figure 3.2B), compared to those with mild disease course (Fig-
ure 3.2A). In the latter, statistically significant changes during the course of the disease
were found in the concentrations of 24-dehydrolathosterol (T1 vs. T2), zymostenol (T1
vs.T2), and cholesterol (T1 vs. T2), whereas in patients with severe course of COVID-19
statistically significant changes were observed in zymosterol (T1 vs. T2, T1 vs. T3), 24-
dehydrolathosterol (T1 vs. T3, T2 vs. T3), desmosterol (T1 vs. T3, T2 vs. T3), zymostenol
(T1 vs. T2) and finally cholesterol (T1 vs. T3), most of them being representatives of the
Bloch pathway. Findings are shown in Figures 3.2A and 3.2B, Tables 3.2 and S3.
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Figure 3.2: Changes in serum lipid profile during COVID-19. (A and B) Changes in serum lipid
profile during COVID-19 in patients with (A) mild and (B) severe course of the disease tested with
the nonparametric Friedman’s test followed by Dunn’s post hoc test for multiple comparisons testing.
Statistical significance of Friedman’s and Dunn’s tests is indicated beside the sterol name and inside
the graph, respectively. Data are represented as mean G SD. See also Table S3. SD, standard deviation.
* < 0.05, ** < 0.01, < 0.001, **** < 0.0001
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Table 3.1: Basic demographic, clinical, and biochemical parameters of hospitalized COVID-
19 patients. The comorbidities section contains the presence of diabetes, hyperlipidemia, thyroid
disease, arterial hypertension, heart failure, chronic disease of lung, liver, and kidney, rheumatic
disease, active malignant disease, and/or transplantation. See also Table S2. Disease category data
are number (%); other values are given as mean + SD. BMI, body mass index; CRE, C-reactive
protein; LDH, lactate dehydrogenase; SD, standard deviation.

Number of patients
Age
BMI
Disease category
Mild
Moderate
Severe
Critical
Comorbidities
yes
no
Other parameters

Reason for admission*

Oxygen saturation measured with
or without oxygen supplementation*
Oxygen saturation [% J*

CRP [mg/LJ*

Ferritin [ug/LJ*

LDH [ypkat/LJ*

X-ray — lung abnormalities*

X-ray — lung opacities locations*

In-hospital outcome
Survival
Deaths

164
61.0 £ 14.0
31.9+6.7

7 (4.27%)
23 (14.02%)
100 (60.98%)
34 (20.73%)

125
39

need for oxygen: 119
subjective feeling of difficulty breathing: 17
worsening of the underlying diseases: 6
other: 23
oxygen: 95
air: 69
94.0 £ 3.0
104.4 £ 75.1
1008.7 + 839.4
5.72 £ 1.99
yes: 140
no: 22
unilateral: 16
bilateral: 121

159
5

*At admission to hospital.
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Table 3.2: Concentration of sterol intermediates in patients with mild (N = 14) and severe (N
= 48) COVID-19 measured at hospital admission. Data are represented as mean * SD. See also
Table S3. SD, standard deviation.

Concentration [ng/mL]

T1 T2 T3
Sterol name Mild Severe Mild Severe Mild Severe

lanosterol 48.34 £ 100.98 19.95 £ 11.77 52.65 + 77.73 36.21 + 62.40 48.76 + 80.54 24.42 + 16.60
24,25-dihydrolanosterol 4.15+3.83 40.46 + 228.38 7.18 £ 6.54 36.09 +178.55 7.63 £9.27 33.92 +£180.78

T-MAS 31.18 £ 11.46 36.13 £ 11.16 45.17 £ 22.25 47.65 + 38.81 43.02 + 21.14 44.32 + 18.36

dihydro-T-MAS 38.83 + 38.33 48.17 + 44.41 68.10 £+ 69.70 58.52 + 53.27 63.56 + 72.67 54.53 + 43.83
zymosterol 234.29 + 146.37 196.70 £ 107.56 387.69 + 487.68 291.07 £ 234.56 266.49 + 224.34 300.75 + 262.96
zymostenol 593.27 £ 263.01 546.95 + 352.53 819.32 £ 521.05 696.03 + 446.04 752.53 + 419.62 569.46 + 314.30

24-dehydrolathosterol 51.84 +30.73 36.94 + 20.31 81.06 + 96.69 49.50 + 40.53 69.65 £ 70.39 56.50 + 32.96
lathosterol 781.71 £ 677.21 974.93 £ 524.65  1200.01 + 1475.55 1050.77 &+ 565.37 1258.76 £ 979.63 1171.96 + 764.83
desmosterol 538.41 + 548.88 302.72 £ 112.58 577.32 £ 516.68 352.64 + 180.33 630.24 + 957.82 465.34 £ 195.47
cholesterol 1156.96 + 385.43 1112.98 £ 271.54  1442.01 +£398.03  1233.75 + 335.29 1107.95 £+ 267.97 1253.15 + 336.29

3.2.3 Developing machine learning models for COVID-19 course pre-

diction

The specific aims of the study were (1) to predict disease severity based on clinical pa-
rameters using machine learning models better than the currently established COVID-19
clinical risk score (i.e., COVID-GRAM [204]), and (2) to evaluate whether the inclusion
of sterol intermediates could strengthen the prediction performance.

The cohort utilized in this study recorded more than 70 clinical variables upon admission
and measured concentrations of 10 sterols at T1. Using all clinical variables to estimate
disease severity would lead to overfitting of machine learning models, resulting in poor gen-
eralizability. Therefore, to identify a smaller subset of meaningful variables, we conducted
an unsupervised variable selection to identify important predictors for disease severity
among clinical, as well as sterol intermediates measurements. This yielded a total of 8
clinical and 4 sterol variables (Table S4), which included the reason for hospital admission,
information on how oxygen saturation was measured and its level, conclusions drawn
from X-ray analyses, and concentrations of ferritin, LDH, CRB 24,25-dihydrolanosterol,
zymostenol, 24-dehydrolathosterol, and desmosterol. An overview of these variables can
be found in Table 3.3, with a more detailed description in Table S5.

To evaluate the predictive power of the selected clinical variables, T1 sterols, and their
combination, we first trained eight different machine learning models on each scenario
using leave-one-out-cross-validation. Their performances were compared with several
metrics and the best performing model selected based on highest scores across all metrics,
model simplicity, and interpretability (Figure S1; Table S6). The best performing models
of each scenario were subsequently compared to each other (Figure 3.3A; Table 3.4). A

model trained on clinical variables alone showed excellent predictive power ("clinical",
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Table 3.3: Summary overview on variables, measured at admission to hospital, contained in
each variable set (clinical, T1 sterols, clinical + T1 sterols. See also Tables S4 and S5. CRB C-
reactive protein; LDH, lactate dehydrogenase.

Variable Scenario

Reason for admission

Oxygen saturation measured with or without oxygen supplementation

Oxygen saturation [%]
CRP
Ferritin
LDH

X-ray — lung abnormalities

clinical

clinical + T1 sterols

X-ray — lung opacities locations
24,25-dihydrolanosterol
zymostenol
24-dehydrolathosterol

desmosterol

T1 sterols

AUC = 0.96). Based on T1 sterol measurements alone, disease severity can be estimated
with moderate confidence ("T1 sterols", AUC = 0.66). The performance of the model
remained excellent when both groups of variables were combined ("clinical + T1 sterols",
AUC = 0.95).

To gain more insight into the decision making of each model, feature importance for each
scenario was evaluated using a permutation-based feature importance method (see STAR
methods, classification models), revealing sets of features with the highest importance in
the prediction of COVID-19 severity (Figure 3.3B). We observe that although variables
were selected in a data-driven manner, not all of them display equal importance during the
predictive task. While the primary reason for hospital admission ("reason for admission"),
CRE and the measurement method of oxygen saturation ("Oxygen saturation measured
with or without oxygen supplementation") remain highly important across scenarios, we
see a shift in the importance of, e.g., X-ray measurements or 24,25-dihydrolanosterol upon
combining clinical and T1 sterols information. This may indicate that the selected sterols
correlate with the respective clinical measurements, resulting in an overlap of information
(Figure S2).

In order to put our model performances in the context of established clinical practices, we
compared them to the COVID-GRAM risk score, as well as a "clinical baseline" model we
developed using three variables commonly used to stratify patients into disease severity
groups, namely concentrations of LDH, ferritin, and CRP upon admission (Figure 3.3C).
It is evident that the "clinical" as well as combined "clinical + T1 sterols" models greatly

outperform the COVID-GRAM and clinical baseline estimates. We can also observe that
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while the clinical baseline model can predict disease severity fairly accurately, the inclusion
of only a handful of additional variables would greatly benefit model accuracy. Sterol
measurements alone show moderate performance similar to COVID-GRAM risk estimates.
In general, the validity of COVID-GRAM for this cohort is to be questioned, as although it
uses a similar set of variables to the "clinical" and "clinical baseline" model it seems to be
unable to delineate patient trajectories.

Table 3.4: Evaluation metrics for binary classification for best performing classifiers in each

scenario. See also Table S6. AUC, area under the ROC curve; f1, F1-score; GNB, Gaussian Naive
Bayes; MCL, Majority Classifier; RFC, Random Forest.

Performance metric

Dataset Classifier
precision recall f1 accuracy AUC
clinical GNB 0.976 0.910 0.942  0.909  0.955
T1 sterols RFC 0.849 0.963 0.902 0.829 0.664
clinical + T1 sterols RFC 0.926 0.940 0.933 0.890 0.950
MCL 0.817 1.000 0.899 0.817 0.500

3.3 Discussion

3.3.1 Viral infections lead to changes in the lipid metabolism of the
host

It is well known that host undergoes a number of physiological changes during viral
infection. Studies have previously demonstrated significant alterations in lipid metabolism
driven by bacterial and viral infection [179, 180, 205-211], including SARS-CoV-2 [180,
182, 212-225]. The degree of hypolipidemia was shown to inversely correlate with disease
severity and fatality rate in COVID-19 patients [185, 213, 221, 226, 227]. Additionally, a
few studies reported progressive changes in levels of different phospholipids [220] and
sphingolipids [224], suggesting lipidome signature as a putative biomarker of disease
severity and outcome.

A handful of papers have reported viral infection affecting levels of sterol intermediates.
Mercorelli et al. [228] have recently shown that human cytomegalovirus (HCMV) in-
creased CYP51 gene expression in the U-373 MG cell line, whose protein product is in
charge of the enzymatic conversion of lanosterol to FE-MAS. Furthermore, CYP51 expres-
sion is also induced by HIV-1 Nef protein in order to upregulate cholesterol biosynthesis

and its transport to lipid rafts, resulting in increased virion infectivity [229]. In contrast,
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significantly decreased levels of serum lathosterol were seen in HCV genotype 3 patients
[230] while metabolite profiling of JFH1 cell culture infected with HCV demonstrated an
approximately 10-fold accumulation of desmosterol [231, 232]. However, to our knowl-
edge there is no report that provides a detailed characterization of endogenous cholesterol
biosynthesis during viral infection. The results of our study show that in patients suffering
from severe COVID-19, the Bloch pathway (three of five sterol intermediates — zymos-
terol, 24-dehydrolathosterol, desmosterol) and, to a lesser extent, the K-R pathway (one
of four sterol intermediates — zymostenol) of endogenous cholesterol biosynthesis are
significantly impaired (Figures 3.1 and 3.2B). In patients with mild/moderate disease
course only 24-dehydrolathosterol from the Bloch and zymostenol from the K-R path-
way were significantly altered (Figures 3.1 and 3.2A). However, serum concentrations of
cholesterol were significantly elevated in both patient groups (Figures 3.2A and 3.2B). At
hospital discharge, an increase in the concentrations of T-MAS, zymosterol, zymostenol,
24-dehydrolathosterol, lathosterol, and desmosterol was noted, indicating that their levels
started to recover. This is consistent with previous reports on other biochemical parame-
ters [182, 214, 233, 234]. However, we cannot say with certainty that they reached their
basal level. Accordingly, some studies report that alterations of some metabolic parameters
persist in recovered patients for a longer period of time, suggesting a long-term systemic
effect on the hosts’ metabolism following SARS-CoV-2 infection [225, 235-237]. Differ-
ent durations and stages of illness at admission to hospital, and the fact that T2 samples
were collected either in the case of severe deterioration or in the middle of hospitalization
might explain higher standard deviations seen in several sterol intermediates (i.e., 24,25-
dihydrolanosterol, T-MAS, zymostenol, and lathosterol; Figures 3.2A and 3.2B). However,
the broad distribution of sterol concentrations in T2 could also indicate a different course
of the disease between individual patients.

Plasma levels of sterol intermediates reflect liver function. Liver injury seen in COVID-19
patients, especially in those with severe or critical course of the disease, may be a result of
a variety of mechanisms including direct viral damage, systemic inflammation, immune
injury, hypoxia and ischemia, drug-induced liver injury as well as worsening of underlying
liver diseases [238-240].

3.3.2 Data-driven variable selection identifies a set of clinical vari-

ables highly predictive of disease severity

Patients suffering from severe COVID-19 may experience rapid deterioration and admis-
sion to the intensive care unit, which represents, on the one hand, a threat to the patient’s

life and, on the other, a considerable burden on the medical system, as experienced during
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the first epidemic waves [241]. Timely recognition and correct prognosis of the disease are
essential for the optimal use of available resources. Therefore, we investigated whether
we could better predict the development of severe COVID-19 in our patient cohort using
machine learning models based on clinical parameters measured at hospital admission
than using the currently available clinical risk score COVID-GRAM. In the second part, we
aimed to delineate a possible biomarker potential of sterols in predicting disease severity.
Our analyses revealed that a set of 8 clinical measurements is sufficient to predict disease
severity with high accuracy (Tables 3.3 and S5). Among the most important clinical vari-
ables were those found to be the reason for admission to hospital, such as the need for
oxygen treatment or difficulties breathing, and "oxygen saturation measured with or with-
out oxygen supplementation", which detailed whether patients at the time of saturation
measurement evidently need supplemental oxygen (and were therefore receiving oxygen
therapy) or not (they were breathing normal air). These findings are not surprising, as
dyspnea has been reported as an important factor determining COVID-19 course [242].
Hentsch et al. [243] showed that perceived breathlessness usually occurs in an advanced
stage of the disease, which suggests that the reason for admission might be an indicator
on how far the disease has progressed prior to hospital admission. Also, several biochemi-
cal parameters, namely concentrations of LDH, ferritin, and CRE were deemed important
for severity predictions. Increased concentration of CRE a type I acute phase response
protein synthetized in the liver and regulated by the pro-inflammatory cytokines IL-6,
IL-1, and TNF-a, correlates with disease severity and predicts a need for ICU treatment,
as well as mechanical ventilation. Patients with a critical course of COVID-19 also show
elevated levels of ferritin, D-dimer, and lactate dehydrogenase (LDH), which are associ-
ated with poor prognosis and outcome [242, 244, 245]. Our analyses further found chest
X-ray information to be relevant, which is supported by recent publications showing the
usefulness of X-rays in risk stratification for clinical worsening and prediction of fatality
rate in COVID-19 patients [246, 247].

In addition, we found that a subset of four sterols was associated with disease sever-
ity, namely 24,25-dihydrolanosterol, zymostenol, 24-dehydrolathosterol, and desmosterol
(Table 3.3). The latter three were also significantly altered during the course of the dis-
ease (Figures 3.2A and 3.2B). We believe that this is not a coincidence, since oxygen is
needed for several enzymatic reactions in cholesterol biosynthesis and COVID-19 patients
suffer from hypoxemia [203]. Three molecules of oxygen are needed for conversion of
lanosterol to FE-MAS (or 24,25-dihydrolanosterol to dihydro-FF-MAS) by CYP51A1 and
for conversion of T-MAS to zymosterol (or dihydro-T-MAS to zymostenol) by SC4MOL,

while one molecule of oxygen is required for transformation of 24-dehydrolathosterol to
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7-dehydrodesmosterol (not measured within this study) and further to desmosterol by
SC5DL and DHCR?7, respectively (Figure 3.1). The most significant change during COVID-
19 was seen in desmosterol concentrations in severe COVID-19 patients (Figure 3.2B)
which is not surprising as it is the last precursor before cholesterol and the effect of oxygen
deprivation accumulates through the biosynthesis chain. However, the significant changes
in cholesterol biosynthesis could also be a result of promoting viral infectivity. Namely,
host-derived lipids are required for the viral life cycle (i.e., entry, replication, and assembly)
and could therefore also be a potential target for antiviral drug development [246, 248].
Higher level of plasma membrane cholesterol increases viral infection rate by promoting
membrane fusion [248, 249], while its depletion disrupts virion membrane composition
[250]. Additionally, Costello et al. [232] showed the importance of desmosterol for HCV
replication by increasing membrane fluidity, while the inhibition of its biosynthesis resulted

in an antiviral effect.

3.3.3 Computational models for estimating COVID-19 severity

Our machine learning models using a unique set consisting of only clinical information
measured at hospital admission to predict COVID-19 disease course showed excellent
performances (AUC: 0.96; Table 3.4; Figure 3.3A) comparable to other machine learning
models published (Figure 3.3C) [251, 252]. Other biostatistical tools attempting to predict
COVID-19 course have found sets of relevant variables and models comparable to our
study. The neural network developed by Statsenko et al. [253] has demonstrated the
ability to estimate the risk of patients being administered to the ICU, with ferritin, LDH,
and CRP being powerful predictors. In an impressive and early work, Yan et al. [254]
showed the stratification of patients at high and low risk of mortality by a tree-based model
utilizing only CRE LDH, and lymphocyte measurements. Xiong et al. [251] successfully
trained several machine learning models to predict COVID-19 severity identifying a set
of laboratory and imaging features as relevant. To put our model performances directly
in context with established clinical practice, we compared them to the COVID-GRAM
risk score [204], as well as a clinical baseline model we developed using three variables
commonly used to stratify patients into disease severity groups (i.e., CRB LDH, ferritin)
(Figure 3.3C). It is evident that all of our models using clinical information significantly
outperformed current clinical patient stratification strategies (AUC: 0.96 vs. AUCpe1ine:
0.74 and AUCcoyip—gram: 0.68). Although the baseline model performed well despite
only using three measurements, it is clear that by adding a few variables that are easy to
assess and routinely measured, for example the reason for hospital admission or oxygen

saturation levels, performances could be greatly improved. Unfortunately, the usefulness
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of COVID-GRAM as a risk score predicting critical illness among patients hospitalized
with COVID-19 could not be confirmed in our cohort. This finding supports the concerns
initially raised by Moreno-Perez et al. [255] who found similar limitations in their Spanish
cohort (AUC: 0.72). The inability to validate COVID-GRAM in European cohorts reflects
the limitations encountered when applying risk prediction tools in new populations. In
contrast to this, Sebastian et al. [256] have reported good correlation of COVID-GRAM
derived risk scores with mortalities in a Polish cohort. This may indicate the usefulness of
COVID-GRAM tool assessing the risk of fatality rate rather than disease severity.

A subset of 4 sterol measurements alone shows similar performance to COVID-GRAM risk
estimates (AUCrqser0150 0.66; AUCcovip—_gram:0.68; Table 3.4; Figures 3.3A and 3.30).
However, when clinical variables were combined with sterol measurements, the perfor-
mance of the model remained excellent without improving (AUC,j;picq : 0-96;

AUC jinical+T1sterols: 0-95; Table 3.4; Figures 3.3A and 3.3C). We do not find it surprising
since the clinical model already shows exceptional accuracies, reflecting a lack of per-
formance improvement upon combining sterol measurements and clinical information.
Although we do not find sterols to be indicative of disease severity, they should not be
discarded as potentially useful biomarkers, as there are a number of other clinical out-
comes highly relevant for optimal COVID-19 patient care. One of them gaining relevance
with the rising number of long-COVID cases are the long-term adversarial effects of a
SARS-CoV-2 infection, including on the liver. Independent of pre-existing chronic liver
diseases, abnormalities in liver enzymes are common in COVID-19 patients, reflecting
a dysregulation of hepatic function. In most patients without previous liver conditions
hepatic injury is mild and transient [257], while a profound deterioration of hepatic injury
was reported in patients with severe courses of COVID-19 [258]. Interestingly, studies
also show elevation of the liver fibrosis index FIB-4 and serum hyaluronic acid in acute
COVID-19 patients upon admission to hospital care, suggesting liver fibrogenesis [259].
Moreover, patients with chronic liver diseases and COVID-19 present with higher risk of
long-term morbidity and fatality rate, where approximately 30% of those patients present
with symptoms consistent with long COVID-19 [260]. Also, hospitalized patients had sig-
nificantly lower HDL-cholesterol values at a follow-up [261]. A recent computational study
shows that acute liver injury is a common complication in COVID-19 (39.9%) with patients
unable to fully recover until hospital discharge. The average time to recover may take up
to two months, but can be reliably estimated using statistical models and measurements
taken upon patients leaving the hospital [262]. All of this evidence suggests that the liver
function, especially of metabolically compromised patients and those most susceptible for

complications, should be monitored even after being discharged from hospital care.
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3.4 Conclusion

In conclusion, infection-associated dyslipidemia in COVID-19 patients has been widely
reported. However, most of the clinical studies concentrate only on lipoproteins [183, 184,
233] while little is known about the underlying mechanism of cholesterol metabolism.
Herein we focused in depth on de novo intracellular biosynthesis of cholesterol in hospital-
ized COVID-19 patients and showed statistically significant differences in sterol concentra-
tions over the course of COVID-19. A greater number of sterols were significantly altered in
patients with a severe disease course (i.e., zymosterol, zymostenol 24-dehydrolathosterol,
desmosterol, cholesterol), than in patients with a mild disease course (i.e., zymostenol,
24-dehydrolathosterol, cholesterol).

Furthermore, SARS-CoV-2 is known to be rapidly evolving, with symptoms and disease
courses changing according to the most prevalent variant. The inability to validate risk
scores in populations outside their original development, and the fact that much is still
unknown about the long-term adverse effects on the health of recovered COVID-19 pa-
tients, warrants a continuing search for novel biomarkers characterizing this disease. Our
machine learning models provided a unique set of 8 clinical variables sufficient to predict
disease severity with excellent accuracy (AUC = 0.96). This proved to be a substantial
improvement over currently used clinical risk scores. Although the concentrations of sterol
intermediates have not improved our already exceptional clinical model, we have shown
that their concentrations change during disease course and that the changes differ between
mild and severe COVID-19 cases. Accordingly, we strongly believe that their biomarker
potential should be further explored, as they may have prognostic value for clinical out-
comes other than disease severity prediction, such as the adverse effects of a SARS-CoV-2
infection (including on the liver).

To our knowledge, this is the first study relating to COVID-19 to examine the blood sterol
intermediates that arise from the endogenous biosynthesis of cholesterol in detail, which
contributes to our understanding of the SARS-CoV-2 pathogenesis and disease course.
The second contribution of our study is a unique set of readily available clinical variables
capable of predicting COVID-19 course with excellent accuracy. Finally, we believe that
our study will also serve as inspiration for future studies aimed at investigating potential

biomarkers outside the routine clinical setting.
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3.5 Limitations of the study

Because our study was based on hospitalized patients, the majority of the patients had
severe disease. Thus, the distribution of patients in the present study reflected the actual
situation in hospitalized patients but not in outpatients in whom mild(er) illness prevailed.
In addition, since patients were admitted to hospital with different pre-hospital durations
of illness and at different disease stages, baseline as well as consecutive blood samples were
obtained over a considerable time span. Furthermore, the T2 samples were collected either
at the occurrence of severe deterioration or in the middle of the hospitalization. Another
limitation of our study is that some clinical variables could not be included because of the
high proportion of missing data in patients. Furthermore, COVID-19 deterioration may
not only be a result, of course, of SARS-CoV-2 infection, but is usually a consequence of a
rather complex condition including underlying disease worsening, secondary infections,
or noninfectious complications, that were not considered. Finally, it is essential to test
our models in an external cohort and, although we found evidence of the potential value
of sterols as biomarkers for COVID-19 and discussed their potential importance in the

manuscript, we were not able to test these hypotheses in the context of this study.

3.6 Methods

3.6.1 Experimental model and study participant details

Human participants

165 adult patients (53 females and 112 males, aged 23 to 93 years) admitted to the
Department of Infectious Diseases of the University Medical Center Ljubljana (Slovenia)
from July 2020 to July 2021 with COVID-19, were enrolled in the prospective study. In
all patients, infection with SARS-CoV-2 was demonstrated by the presence of the virus in
nasopharyngeal swabs using real-time PCR. All participants provided written informed
consent, and the study was approved by the Medical Ethics Committee of the Republic of
Slovenia (No. 0120-211/2020/7 and No. 0120-33/2022/3).

3.6.2 Method details

Materials

All sterol standards (See Table S1 and key resources table) were bought from Avanti

Polar Lipids (Alabaster, AL, USA), except cholesterol, which was purchased from Merck
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(Darmstadt, Germany). LC-MS grade cyclohexane, methanol, and 1-propanol were pur-
chased from Honeywell (Charlotte, NC, USA). Formic acid was from Fluka (Honeywell)

and sodium hydroxide from Merck (Darmstadt, Germany).

Sample collection

Blood samples were collected at 3 different time points during the hospitalization of 62
COVID-19 patients: upon admission to hospital care due to a severe course of COVID-
19, in case of severe deterioration or in the middle of treatment, and upon discharge
from the hospital. In 103 COVID-19 patients, blood samples were only collected upon
hospitalization. Samples were collected in vacutainer tubes and centrifuged at 1811 X g
(Eppendorf 5810R) at room temperature for 10 min to obtain serum samples which were

stored at -80°C until further use.

Assessment of clinical parameters

Information was obtained using a questionnaire. More than 200 clinical parameters were
recorded, including patient demographics, comorbidities and associated diseases, regular
therapies, COVID-19 vaccination status, symptoms and signs of the disease and their in-
tensity, laboratory and X-ray findings, information regarding specific treatments, as well
as a patient condition upon discharge. According to disease severity, patients were clas-
sified into 4 groups — mild, moderate, severe, and critical. Grouping was done according
to NIH recommendations (Table S7) [263]. Demographic data and selected clinical and

biochemical parameters are listed in Tables 3.1 and S2.

Sterol isolation

200 ng of lathosterol-D7 (Avanti Polar Lipids, Cat. No. 700056P) and 1 mL of hydrolysis
solution (4g NaOH dissolved in 10 mL Milli-Q water and 90 mL 99.5% ethanol) were
added to 250 pL of serum sample and mixed well. After 1 h of incubation in a water bath
with shaking at 65°C, 500 pL of Milli-Q water and 3 mL of cyclohexane were added to the
solution, vortexed, and centrifuged at 1301 X g (5810 R centrifuge, Eppendorf, Germany)
for 10 min at room temperature. The upper organic phase was transferred to a new 15
mL glass vial and the extraction step with cyclohexane was repeated. Extracts were then
combined and the organic solvent was evaporated at 45°C using Eppendorf concentrator
5301. Lipid films were dissolved in 100 pL of LC-MS grade methanol, transferred to HPLC
vials, purged with N2, and stored at -20°C until LC-MS/MS analysis.
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LC-MS/MS analysis

The analysis was carried out according to a modified method from our previous study
[264]. Briefly, chromatographic separation using two pentafluorophenyl columns Phe-
nomenex Luna 3 pm (Phenomenex, USA) was performed on a Shimadzu Nexera XR
HPLC (Shimadzu, Japan), with an oven temperature of 40°C, mobile phase composition
of methanol/1-propanol/formic acid/water (v/v/v/v, 80:10:0.05:9.95), and isocratic flow
200 pL/min, except for cholesterol 300 pL./min. The injected volume of standard or sample
was 5 L, except for cholesterol the injection volume was 1 pL.

Detection was performed on an SCIEX Triple Quad 3500 mass spectrometer (AB Sciex
LLC, USA) with APCI ionization in a positive mode. Detailed information about sterols
and mass spectrometry detection conditions are listed in Table S1. A standard solution
consisting of the same concentration of each sterol was used for their quantification in

serum samples. Analyst software 1.6.3 (AB Sciex LLC, USA) was used for data evaluation.

Data preprocessing

The selected target variable for predictions was the degree of disease severity, which was
categorized into 4 classes, according to increasing severity and in consensus with NIH
guidelines (Table S7) [263]. Class 1 represented the mildest and class 4 the most severe
course of the disease. Due to the small number of members in classes 1, 2, and 4, patients
were combined into two groups, namely those with mild illness (classes 1 and 2) and
those with severe illness (classes 3 and 4) cases. Patients with missing disease severity
annotations were discarded (N = 1), resulting in a sample of 30 and 134 patients for the
mild and severe groups, respectively.

159 variables (also referred to as features throughout the manuscript) with the potential to
be used for prediction were included in the information available upon hospital admission,
namely patient demographics, vaccination status, comorbidities and associated diseases,
regular therapies upon admission, symptoms and/or signs of the disease and their inten-
sity, and other clinical and laboratory findings. Irrelevant or potentially biasing variables
(e.g., dates, patient IDs, some clinical endpoints) were omitted during preprocessing. 77
variables were used as an input for variable selection.

Imputation was performed for variables if their degree of missingness did not exceed
15%, as imputation accuracy cannot be guaranteed in the case of higher missingness.
Variables exceeding this threshold were removed from the analysis. During imputation,
we accounted for the mixed data types present in the collected data by differentiating

between continuous, binary, and categorical variables. Continuous features were treated

75



From Bytes to Bedside and Back | Chapter 3

using the IterativeImputer from scikit-learn [265] and scaled through min-max normaliza-
tion. Binary information was completed using the K-Nearest Neighbors method. Missing
categorical features were imputed by the most frequently occurring value and encoded to

numerical representation by an ordinal encoder.

Variable selection

To combat overfitting of the machine learning models, variables relevant for disease sever-
ity prediction were selected prior to model training using a variant of the unsupervised
feature selection method proposed by Kursa et al. [266], called Boruta. Our variant of
Boruta, referred as iterative Boruta, included the recording of relevant variables over 100
iterations of the feature selection process. Only variables occurring in at least 50% of
iterations were deemed relevant and kept. This feature selection process was conducted
separately for the clinical ("clinical") and sterol ("T1 sterols") datasets. Selected variables

from both datasets were subsequently merged into a combined set ("clinical + T1 sterols").

Classification models

Eight predictive models were trained, namely Random Forest [267], Gaussian Processes
[268], AdaBoost [269], Logistic Regression [270], K-Nearest Neighbors [271], Multilayer
Perceptron [272], Gaussian Naive Bayes [273], and Quadratic Discriminant Analysis [274].
To ensure optimal performance, model hyperparameters were optimized during training
through an exhaustive search, with balanced accuracy as a scoring metric.

The predictive power of each classification model was assessed by leave-one-out cross-
validation (Figure S3) and evaluated using several metrics including balanced accuracy,
precision, recall, F1-score, and ROC-AUC score. Their definition is based on a confusion
matrix consisting of four elements (TB true positive; TN, true negative; FB false positive;
FN, false negative). For additional information about each metric please refer to Note S1.
Within each cross-validation split, the importance of individual variables for prediction
was measured by applying an iterative permutation-based feature importance assessment
[267] with 100 iterations. For analyses, the feature importance of all 100 iterations was

averaged.

Comparison to COVID-GRAM and clinical baseline

COVID-GRAM, developed by Liang et al. [ 204], is a risk score for COVID-19 patients used to
predict patients’ risk of developing a critical illness. It utilizes 10 clinical variables available

at the time of admission including age, the presence of hemoptysis, dyspnea, or abnormali-
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ties in the X-ray, whether patients arrive unconscious, the number of comorbidities, records
of cancer history, the neutrophil to lymphocyte ratio, and the concentrations of lactate
dehydrogenase (LDH) and bilirubin. As the COVID-GRAM score was not assessed during
patient recruitment, we calculated it post-hoc for each patient. Individual risk scores were
subsequently translated into probabilities and used for further analyses. For respective
formulas, please refer to the Note S2.

To make a comparison to current clinical practices, we selected three variables commonly
used to stratify patients into disease severity groups, namely concentrations of LDH, ferritin,
and C-reactive protein (CRP) upon admission. Classification models were subsequently
trained using only these three variables (as outlined in section classification models) - we

refer to those as “clinical baseline” models.

3.6.3 Quantification and statistical analysis

Statistical significance was tested comparing three time points of serum sterol intermediate
concentrations with a nonparametric Friedman’s test since the collected data did not follow
a normal distribution. For multiple comparisons, the adjusted p-values were determined
using Dunn’s test. The adjusted p-value < 0.05 was considered statistically significant.
Statistical analysis was carried out using GraphPad Prism 9 software (Dotmatics, California,
USA).
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Figure 3.3: Computational models for estimating COVID-19 severity. (A) Performance evaluation
of machine learning classification models for predicting disease severity in a cohort of COVID-19
patients (N = 164). This utilized three different sets of variables, namely clinical parameters (F =
8), sterol intermediates measured at T1 (F = 4), and their combination (F = 12). Only the best
performing models for each variable set are displayed. E number of features; N, number of patients.
(B) Variable importance in different scenarios. Feature importance for all three scenarios is shown:
upper left - clinical parameters; upper right - sterol intermediates in T1; lower: combination of both
clinical and T1 sterols. *Oxygen saturation measured with or without oxygen supplementation upon
admission. (C) Receiver operating characteristic (ROC) curve of all three scenarios, COVID-GRAM,
and clinical baseline model. The area under the curve (AUC) for each set is displayed in the legend.
The dashed diagonal line reflects the performance of a diagnostic test that is no better than chance

level. See also Tables S5 and S6.
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3.7 Supplementary Notes

Supplemental information can be found online at https://doi.org/10.1016/j.isci.2023.
107799.

3.7.1 Data and code availability

Our code is available at https://github.com/sonjakatz/covid_sterols_ML. Data used for
analysis in this study cannot be deposited in a public repository because of patient privacy

concerns.
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Abstract

Objectives: To develop and externally validate machine learning models for predicting
microbial aetiology and clinical endpoints, encompassing surgery, patient management,
and organ support in Necrotising Soft Tissue Infections (NSTI).

Methods: Predictive models for the presence of Group A Streptococcus (GAS) and for five
clinical endpoints (risk of amputation, size of skin defect, maximum skin defect size, length
of ICU stay, and need for renal replacement therapy) were built and trained using data
from the prospective, international INFECT cohort (409 patients, 2013-2017) implement-
ing unsupervised variable selection and comparing several algorithms. SHapley Additive
exPlanations (SHAP) analysis was used for model interpretation. GAS predictive models
were externally validated using data from a Dutch retrospective multi-centre cohort from
the same calendar period (216 patients).

Results: Eight variables available pre-surgery (age, diabetes, affected anatomical locations,
prior surgical interventions, and creatinine and haemoglobin levels) sufficed for prediction
of GAS aetiology with high discriminatory power in both the development (ROC-AUC:
0.828; 95%CI 0.763, 0.883) and validation cohort (ROC-AUC: 0.758; 95%CI 0.696,0.821).
The prediction of clinical endpoints related to surgical, patient management, and organs
support aspects, was not successful.

Conclusion: An externally validated prediction model for GAS aetiology before organ
support aspects was unsuccessful, having implications for targeted treatment decisions of
NSTI.
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4.1 Introduction

Necrotising soft tissue infections (NSTI) are rare, yet severe, bacterial infections that im-
pact a diverse demographic population regarding age, gender, and comorbidities [127].
NSTI can be caused by either a single pathogen (monomicrobial, type II NSTI), most of-
ten Streptococcus pyogenes (group A streptococcus; GAS), or a combination of multiple
pathogens (polymicrobial, type I NSTI), each employing distinct pathogenic mechanisms
[126, 128]. In addition to tissue damage, NSTI is characterised by systemic toxicity, of-
ten resulting in sepsis and septic shock (28-50%) [19, 130]. The course of the disease is
rapid, and mortality rates vary from 10-29% [130, 132, 134]. Long-term consequences
include extensive morbidity, manifesting in functional impairments such as amputations,
scarring and fatigue with significant psychosocial impacts, including fear of recurrence,
post-traumatic stress, depression, and changes in social engagement [137, 139].

Given the severity of NSTI, an early overview of disease characteristics predicting out-
comes could significantly improve prognosis and outcomes. A major factor in deciding the
appropriate treatment revolves around ascertaining whether GAS is the causative microor-
ganism [275], thereby guiding specific antimicrobial treatment including clindamycin
[276]. Whereas intravenous immunoglobulin (IVIG) is not routinely recommended for the
treatment of NSTI in general, data supports it may lead to improved outcomes in case of
GAS based NSTI [277, 278]. Therefore some guidelines recommend routinely using [279]
or considering IVIG [275] in case of GAS-based NSTI. Because the earliest method to iden-
tify the likelihood of GAS involvement is a gram stain on samples obtained during surgery
[279], an earlier accurate, and preferably pre-surgery, identification of these patients could
reduce the time until the start of IVIG within hours. Given the recent worldwide surge
in the incidence of GAS [280-282], an early prediction of GAS aetiology could lead to
the start of targeted treatment before results of microbiological tests are available, while
avoiding over-treatment.

Applying machine learning-based predictive models holds promising potential in over-
coming shortcomings related to accuracy, individualisation, and applicability in clinical
decision-making for NSTI patients. We have recently shown (18) that such a model can
accurately predict 30-day mortality. We built and trained a predictive machine learning
model using just sixteen clinical parameters/variables collected within the initial 24 hours
of ICU admission enabling a more precise prediction of 30-day mortality compared to com-
monly used clinical scoring systems, like the Simplified Acute Physiology Score (SAPS)
[148] and the Sequential Organ Failure Assessment (SOFA) [146] scores used to predict

mortality in intensive care units (ICU) patients.
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In this study we develop and externally validate prediction models for several clinical
endpoints relevant to NSTI, including likely GAS aetiology, surgical aspects (risk of ampu-
tation, size of skin defect after fist surgery, maximum skin defect size), as well as patient
management (length of ICU stay), and need for organ support (need for renal replacement

therapy) .

4.2 Methods

4.2.1 Study design
Development cohort

Subjects and data of the cohort used to develop and train the prediction models were ob-
tained from the INFECT study (https://permedinfect.com/; registration number NCT01790698,
ClinicalTrials.gov), an international, multi-centre, prospective, cohort study with patients
with NSTI included prospectively at five Scandinavian hospitals (Supplementary Note 1).
A total of 409 patients above the age of 18 and with surgically confirmed NSTI cases were
enrolled between February 2013 and June 2017. Patients’ enrolment and data collection

protocols, as well as demographics, have been published previously [19, 126].

Validation cohort

Subjects and the predictive models were obtained from a Dutch retrospective multi-centre
cohort [283] comprised of 216 patients admitted for acute treatment of NSTI to 11 centres
between January 1, 2013, and December 31, 2017, irrespective of a subsequent ICU ad-
missions (Supplementary Note 1). Patient characteristics have been previously described
[283].

4.2.2 Clinical endpoints

Six clinically relevant NSTI endpoints were selected through semi-structured interviews as
previously described [284] and were used for machine learning modelling. The selected
endpoints encompass different clinical aspects of NSTI. Bacterial aetiology: presence of
GAS (binary). Surgical aspects: risk of amputation (binary); size of skin defect after fist
surgery, % of body surface (continuous); maximum skin defect size, % of body surface
(continuous). Patient management: length of ICU stay (continuous). Organ support: need

for Renal Replacement Therapy (RRT) (binary). The binary endpoints were coded as 0-1
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Table 4.1: Overview for the number of patients included and data subsets assessed for each
clinical outcome.

Outcome No. of No. of patients (%
Outcome . Time-dependent data subsets Prediction task P (%)
category patients (n) or mean + SD
ti Entry, pre- 4 P
caf.lsa e Presence of GAS 409 iy, pre surger?' classification (y/n) 126 (30.8%)
microbes post-surgery, baseline
ical Risk of amputation 409 Entry, pre-surgery classification (y/n) 54 (13.2%)
surgica Size of skin defect .
aspects . 391 Entry, pre-surgery regression (pct. of body surface) 49+52
(after first surgery)
Size of skin defect (maximal) 409 Post-surgery, baseline regression (pct. of body surface) 6.4+73
tient Entry, pre- 4 .
patien Length of ICU stay 402 i pre surger?' regression (days) 10.7 £10.8
management post-surgery, baseline
Need for RRT 409 Ent t lassification (y/n) 57 (13.9%)
rgan ntry, pre-sur A -SUr i ion n B
orea - (within 24h after ICU admission) 1 pre-surgeny; post-surgery cassification ty :
suppo:
PP Need for RRT (within 90 days) 351 Baseline classification (y/n) 24 (6.8%)

(absence-presence, no-yes). An overview on the number of patients included and label

balance for each clinical outcome can be found in Supplementary Table 4.1.

4.2.3 Data preprocessing

For our development cohort we utilised data from within the INFECT study during which
over 700 clinical variables were collected, encompassing data available from hospital
admission to ICU admission [126]. The clinical variables were categorised depending
on their availability at four time points: entry (upon hospital admission, 45 variables),
pre-surgery (prior to the first surgical procedure in the referral centre, 56 variables), post-
surgery (posterior to first surgical procedure and prior to ICU admission, 723 variables),
baseline (BL; first 24 h of ICU admission, 762 variables). For a graphical overview detailing
the time point for data collection see Supplementary Figure 4.1b; the number of variables
in each subset can be found in Supplementary Table 2. Data cleaning, imputation, and
post-processing have been implemented as previously described [284]. For validation of
models, we extracted the subset of variables required for prediction from the validation
cohort and preprocessed the data using the same cleaning and imputation procedure as

those applied to the development cohort.

4.2.4 Selection of input variables for the prediction

The selection of variables relevant for the prediction of each clinical endpoint was done
through unsupervised variable selection utilising the Boruta algorithm [164]. To obtain
robust sets of relevant variables, we implemented an iterative version. Therein, we i)
created a subset of the dataset by randomly sampling 80% of patients and ii) iteratively
ran Boruta for 50 times with different initialisation on the bootstrapped dataset and iii)

repeated steps i) - ii) for 30 iterations. Only variables identified in more than 50% of the
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iterations were considered relevant and kept for further analyses.

4.2.5 Machine-learning model development

A graphical overview detailing the developmental and validation process of the machine

learning models can be found in Supplementary Figure 4.1a.

Model selection

For classification models involving binary endpoints (GAS aetiology, need for RRT, risk of
amputation), three different predictive models based on different statistical and machine
learning approaches were developed and compared: logistic regression [285], Gaussian
process classifier [286], and Random Forest classifier [ 74]. Models for regression tasks
(length of ICU stay, maximum size of skin defect) included lasso regression, ridge regres-
sion, elastic nets, Gaussian process regression [286], multi-layer perceptron regression,
and Random Forest regression [74].

The predictive power of each model was compared through leave-one-out cross-validation.
Model hyperparameters were optimised using an exhaustive grid search, using balanced
accuracy for classification and negative mean squared error for regression as scoring met-
ric for model selection; a summary on the hyperparameters optimised can be found in
Supplementary Note 2. Only the best performing models were used for internal validation

with bootstrapping.

Model training and internal validation

Internal validation was conducted to ensure optimism-corrected performance evaluation
and quantify the uncertainty associated with our developed models. This entailed repeating
the model training and hyperparameter optimisation process over 1000 bootstrap samples
(n=1000) drawn from the development cohort, enabling the calculation of robust 95%

confidence intervals (95% CIs).

External validation

For external validation, the generalisation performance of the trained models was assessed
through bootstrapping of the validation cohort (n = 10000). To enable models to account
for the heterogeneity of data across time, geography and facilities, we adopted the local
validation scheme proposed by [287] and fine-tuned models trained on the development

cohort using 30% of the validation data.
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Model performance

The quality of The performance of classification models was evaluated using several met-
rics: Precision, Recall, F;-score, balanced accuracy, Brier score, area under the receiver-
operator curve (ROC-AUC), and average precision-recall score (PR). The quality of regres-
sion models was assessed using the coefficient of determination (R?) as well as the mean
absolute error (MAE) and mean squared error (MSE). Quality measures are given as mean

and associated 95%CI calculated over all bootstrapping iterations.

Model explainability

SHapley Additive exPlanations (SHAP) values were used to assess relative contribution of
clinical variables to the prediction/classification models [288]. SHAP values were calcu-
lated for each model training/validation step since they are sensitive to model parameter-

isation and data splits. Results are given as mean with associated 95%CI.

Software

For all machine-learning models the implementations available in the scikit-learn Python
library (version 1.4.2) were used. For variable selection, Boruta version 0.3 was used

[164]. SHAP analysis was conducted using the package version 0.43.0.

4.3 Results

4.3.1 Prediction of GAS aetiology in NSTI

To predict GAS aetiology in NSTI as early as possible, we trained prediction models for the
presence/absence of GAS using time-dependent subsets of clinical variables, namely entry,
pre-surgery, post-surgery, baseline. We conducted variable selection to identify a minimal
set of clinically relevant variables that are feasible to obtain in a clinical setting. This
process aimed to optimise the model by reducing the risk of overfitting while maintaining
high prediction quality. The number of selected variables ranged from 6 (entry) to 14
(baseline) as shown in Table 4.2.

Based on these reduced sets of variables, the performance of several machine learning-
based classifiers was compared, with Random Forest classifiers standing out in terms of
performance across all subsets. Therefore, only results for the Random Forest prediction

model will be presented. Results for other models are available in Supplementary Table 4.
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Table 4.2: Overview of variables yielded through unsupervised variable selection. A more de-
tailed variable description can be found in Supplementary Table 3.

Entry Pre-surgery Post-surgery Baseline
(6/45 variables) (8/56 variables) (9/723 variables) (14/762 variables)
affected': upper arm affected': upper arm affected!: upper arm affected!: upper arm
affected!: lower arm affected': lower arm affected!: lower arm affected!: lower arm

affected': anogenital area  affected': anogenital area  affected!: anogenital area affected': anogenital area

surgery before surgery before surgery before surgery before
diabetes diabetes diabetes diabetes
age creatinine? creatinine? creatinine?
haemoglobin? haemoglobin? haemoglobin?
age creatinine® creatinine®
Anatomical site sampled systolic BP (lowest)*
creatinine*
noradrenaline*
platelets*
lactate*
glucose?

1 at arrival at specialised hospital

2 preoperative (preop): before the first surgery, which is before ICU admission
3 preadmission: upon ICU admission

4 baseline (BL): during the first 24 hours in the ICU

Comparison of prediction performances showed distinct differences between different time-
dependent subsets (Supplementary Table 4.3). Notably, this revealed that performances
peak using information already available pre-surgery (ROC-AUC 0.828; 95%CI 0.763,
0.883), constituting the earliest possible time point for prediction of GAS aetiology (Figure
4.2a, blue).

We sought to validate the performance of the pre-surgery model in an external valida-
tion cohort, composed of 208 patients with information available on microbial aetiology
(208/216 patients, 96.3%). A comparison of the variable characteristics between the de-
velopment and validation cohorts showed a high degree of similarity (Table 4.4).
Overall, our model showed a good discriminatory power within the validation cohort
with a ROC-AUC of 0.727 (95%CI 0.672, 0.783) (Figure 4.2a, green). Fine-tuning trained
models using 30% of the validation data improved its performance to a ROC-AUC of 0.758
(95%CI 0.696, 0.821) (Figure 4.2a, pink; Supplementary Table 4.3). Determination of the
optimal threshold by trying to minimise the number of false negatives, yielded an ideal
cutoff value of 40%, resulting in a good trade-off between sensitivity and specificity (Table
4.5).
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Table 4.3: Model performances in estimating GAS involvement for time-dissected datasets.
Depicted are the mean and the 95% confidence intervals (in parentheses). Acc.: balanced accuracy,
Prec.: precision, Brier: Brier score, ROC AUC: area under the receiver-operator curve, Ave. prec.:

average precision

Pre-surgery

Entry Pre-surgery Post-surgery Baseline
(fine-tuned)
Acc. 0.652 (0.574,0.735)  0.726 (0.642,0.796)  0.723 (0.644,0.791)  0.727 (0.658,0.799) 0.677 (0.617, 0.737)
Prec. 0.572 (0.435,0.724)  0.666 (0.548,0.784) 0.683 (0.556,0.811)  0.729 (0.600,0.867) 0.644 (0.534, 0.776)
Recall 0.463 (0.267,0.698)  0.583 (0.391,0.739)  0.564 (0.396,0.720)  0.547 (0.396,0.700)  0.568 (0.417, 0.726)
F1-score 0.502 (0.351,0.632) 0.617 (0.483,0.719) 0.613 (0.486,0.714) 0.621 (0.500,0.729)  0.598 (0.509, 0.682)
Brier 0.170 (0.142,0.203)  0.152 (0.128,0.183)  0.149 (0.125,0.180) 0.147 (0.125,0.172)  0.199 (0.168, 0.238)
ROCAUC 0.794 (0.733,0.851) 0.828 (0.763,0.883)  0.836 (0.775,0.891) 0.839 (0.779,0.894)  0.758 (0.697, 0.817)
Ave. prec. 0.617 (0.494,0.719) 0.684 (0.568,0.787) 0.685 (0.570,0.788) 0.703 (0.592,0.807) 0.701 (0.604, 0.780)

Table 4.4: Comparison of predictive variables’ characteristics between the development and
validation cohort. Only variables relevant for the pre-surgery model were considered. Detailed
variable descriptions can be found in Supplementary Table 3.

Development cohort Validation cohort

(n=409) (n=208)
GAS, n (%) 126 (30.8) 82 (39.4)
age, y, mean (SD) 58.7 (15.1) 58.2 (15.5)
affected: upper arm, n (%) 48 (11.7) 20 (9.3)
affected: lower arm, n (%) 56 (13.7) 23 (10.7)
affected: anogenital area, n (%) 143 (35.0) 64 (29.8)
surgery before, n (%) 77 (18.8) 53 (26.2)
diabetes, n (%) 98 (24.0) 58 (26.9)
creatinine (preop), mean (SD) 161.2 (121.3) 153.7 (123.3)
haemoglobin (preop), mean (SD) 11.4 (3.04) 12.7 (2.5)

4.3.2 Model interpretation

To gain more insight into the decision-making of the model and quantify how much indi-
vidual variables contributed to predictions, we conducted post-hoc interpretability analysis
using SHapley Additive exPlanations (SHAP) (Figure 4.2b). Inspecting the SHAP values
revealed the profound impact of anatomical location on model decisions, with infections
occurring in upper extremities being highly predictive of GAS, whereas infections in the
anogenital areas hinted at a non-GAS infection. The preoperative creatinine levels, how-
ever, appears to be the most influential variable, with values above approximately 110
pmol/L being indicative of GAS (Supplementary Figure 3a). On the other hand, the pres-

ence of diabetes, a surgery conducted four weeks prior to diagnosis, and a higher age (>50
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Threshold Sensitivity Specificity
FPR FNR

[%] (TPR) (TNR)

0 1.00 (1.00, 1.00)  0.00 (0.00, 0.00)  1.00 (1.00, 1.00)  0.00 (0.00, 0.00)
10 0.93 (0.81,1.00) 0.29 (0.11,0.49) 0.71(0.51,0.89) 0.07 (0.00, 0.19)
20 0.85 (0.69,0.97)  0.46 (0.29,0.63)  0.54 (0.37,0.71)  0.15 (0.03, 0.31)
30 0.76 (0.59,0.90) 0.59 (0.42,0.74) 0.41 (0.26,0.58) 0.24 (0.10, 0.41)
40 0.67 (0.50, 0.82) 0.69 (0.55,0.84) 0.31 (0.16, 0.45) 0.33 (0.18, 0.50)
50 0.57 (0.42,0.73)  0.79 (0.64,0.91) 0.21 (0.09,0.36) 0.43 (0.27, 0.58)
60 0.46 (0.31,0.62) 0.86 (0.73,0.97) 0.14 (0.03,0.27)  0.54 (0.38, 0.69)
70 0.36 (0.21,0.52)  0.92 (0.80,0.99) 0.08 (0.01,0.20)  0.64 (0.48, 0.79)
80 0.25(0.10,0.41) 0.96 (0.87,1.00) 0.04 (0.00, 0.13) 0.75 (0.59, 0.90)
90 0.13 (0.02,0.29)  0.99 (0.95,1.00)  0.01 (0.00, 0.05) 0.87 (0.71, 0.98)
100 0.00 (0.00, 0.03) 1.00 (1.00,1.00)  0.00 (0.00, 0.00) 1.00 (0.97, 1.00)

Table 4.5: Summary of fine-tuned model accuracy at different decision threshold levels. Depicted
are the mean and the 95% confidence intervals (in parentheses). Highlighted in bold is the threshold
identified as optimal trade-off between model precision and recall when aiming to reduce false-
negatives as much as possible. The FPR can be interpreted as the risk of over-treatment, while the
FNR indicates the risk for under-treatment. TPR - true positive rate, TNR - true negative rate, FPR -
false positive rate, FNR - false negative rate.

years; Supplementary Figure 3b) were pointed at a low risk for GAS involvement. SHAP
findings were consistent between development and validation cohort (Supplementary

Figure 4).

4.3.3 Predicting clinical endpoints: surgical aspects, patient manage-

ment, and need of organ support

To explore the possibility of estimating clinical endpoints beside the causative microorgan-
isms, we trained predictive models to estimate surgical aspects (risk of amputation, the
size of skin defect after fist surgery, the maximal size of skin defect), patient management
aspects (such as the length of ICU stay), as well the necessity of organ support (need for
RRT within 24 hours after ICU (BL)).

For each outcome, we conducted unsupervised variable selection, yielding between 11 and
16 predictive variables (Supplementary Table 6). Similar to the prediction of GAS aetiology,
the performance of several machine-learning models on all time-dependent subsets were
compared. Internal validation of the best performing models revealed a lack of predictive
performance across all clinical endpoints (Figure 4.3a, b). Analysis of SHAP values for
surgery-related endpoints, such as the risk of amputation, revealed that models assign high

importance to clinically relevant variables, such as the presence of discoloration, creatinine
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Table 4.6: Prediction performance for clinical endpoints revolving around surgical aspects,
patient management, and organ support. Ave. prec. : average precision, R2 coefficient of deter-
mination, MAE: mean absolute error, MSE: mean squared error

. . Size of skin defect . ) . ) Need for RRT
Risk of amputation Size of skin defect (maximal) Days spent in ICU L
(after first surgery) (24h after ICU admission)
Acc. 0.503 (0.483, 0.546) - - - 0.543 (0.493, 0.610)
Prec. 0.137 (0.000, 1.000) - - - 0.467 (0.000, 1.000)
Recall 0.020 (0.000, 0.106) - - - 0.109 (0.000, 0.250)
Fl-score  0.033 (0.000, 0.182) - - - 0.168 (0.000, 0.345)
Brier 0.113 (0.092, 0.136) - - - 0.105 (0.083, 0.125)
Ave. prec. 0.261 (0.159, 0.411) - - - 0.385 (0.238, 0.540)
R? - 0.120 (0.044, 0.178) 0.179 (0.100,0.234) 0.018 (-0.063,0.056) N
MAE N 3.500 (3.144, 3.831) 4.383 (3.905, 4.879) 7.047 (6.194,7.976)
MSE - 24.086 (16.334, 34.611) 43.328 (27.789, 66.054) 111.952 (65.077, 172.308)

values, of patient’s age (Figure 4.3c).

4.4 Discussion

In this study we developed and externally validated prediction models for aetiology and
various clinical endpoints related to NSTI. Our findings indicate that by using variables
available before the first surgery in the referral centre, the presence of GAS aetiology can
be successfully predicted, which was confirmed during external validation. Additionally,
we showed that fine-tuning trained models on a fraction of the validation data further
improved model performances without leading to over-fitting. However, other clinical
endpoints explored in this study (i.e. amputation of an extremity, size of the skin defect
after surgery, ICU length of stay, need for Renal Replacement Therapy (RRT)) could not
be satisfactorily predicted.

The eight variables relevant to predicting GAS selected through unsupervised variable
selection proved to be diverse, ranging from the anatomical location involved to labora-
tory values. However, all of the selected variables have previously been associated with
GAS infections. Thus, prior investigations in NSTI have revealed a higher occurrence of
monomicrobial infections, including GAS, in the upper extremities, while polymicrobial
infections were more common in the truncal region [289]. This study found a negative
association between other surgeries performed last four weeks prior to the NSTI and GAS
etiology. There were 77/409 (19%) patients in the INFECT study with this risk factor [19],
whereas numbers were 5/126 (4%) in patients with GAS etiology [277]. The elevated
creatinine among GAS NSTI cases reflects that septic shock (65%) and multiorgan dys-
function are common in this group and more frequent than in NSTI of other microbial
etiologies [277]. Differently, among the GAS NSTI cases there is a negative association

to hemoglobin concentrations. This may be explained by the higher number of patients

91



From Bytes to Bedside and Back | Chapter 4

with pre-existing comorbidities, more lengthy clinical courses, and more surgery in the
preceding four weeks in the non-GAS cases [19, 277].

Our assessment of surgical endpoints, such as the risk for amputation and the size of the skin
defect, highlights the challenge in objectively evaluating surgical endpoints. Interestingly,
we noted that the variables deemed important in predicting the risk of amputation, such as
discoloration, bruising, or age, appear to be clinically closely linked to surgical endpoints
[161]. Despite the logical relevance of these variables, they prove insufficient in predicting
skin defect size and whether an amputation of an extremity is performed. This suggests
that either unsupervised variable selection failed to yield objective predictors, and more
detailed information about surgical findings upon first debridement would be required.
Alternatively, the variability in the decision to perform amputation and the amount of
skin that needs to be excised are subjective and influenced by individual surgeons or local
guidelines. This latter argumentation is supported by a recent interactive survey on current
practice of the debridement of NSTI, which found a major variety in the amount of skin
that needed to be resected according to Dutch general surgeons and plastic surgeons [290].
These results may imply a similar variability in the decision-making process surrounding
the need for amputation. A gene predisposition in the STING gene has been linked to
amputation and associated with the expression of virulence factors, indicating the complex
interaction between host and pathogen influencing NSTI patients’ outcomes [291].
Solely using clinical information ranging from hospital admission to the first 24 hours
in ICU, we were unable to accurately estimate the length of stay in the ICU. Given the
complexity and heterogeneity of NSTI progression and the fact that patients may need to
spend prolonged periods in ICU [19], we believe more longitudinal ICU data is required
to predict this outcome successfully.

Previous studies have proven the value of providing decision-support regarding patients’
renal status [170] in predicting the need for renal replacement therapy (RRT). However,
the limited number of patients requiring RRT in INFECT resulted in wide confidence
intervals, which hindered our ability to draw firm conclusions on the efficacy of our models.
The combination of clinical and computational biology expertise presents a significant
strength of this study. By employing a data-driven approach under the guidance of clinical
experts, we were able to investigate previously unexplored clinically significant endpoints
for NSTI. In addition to utilising the largest NSTI cohort currently available, we conducted
rigorous internal validation, as well as externally validated our findings using data from
a referral centre not included in the original study. This allowed us to realistically esti-
mate the generalisability of our models. However, the usefulness of external validation

to measure a model’s clinical utility and generalisability across different institutions has
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recently been questioned [287, 292]. By fine-tuning a pre-trained model with local data,
we fully exploited the transferability of machine learning-based models. Our approach
showcased the significance of conducting local fine-tuning, enabling the models to adapt
to the potential heterogeneity present in data across different timeframes, geographical
locations, and facilities, all while avoiding overfitting. The strengths of our findings should
be considered within the context of certain limitations. The development cohort utilized
originates from an ICU-focused study, with limited access to pre-hospital data. Due to
the uncertainty surrounding the timing of initial symptoms, there exists the possibility
of considerable diversity in the progression of the disease among patients, which could
potentially affect the performance of our models. Also, we believe the inability to estimate
patient management and need of organ support can be partially attributed to the lack of
longitudinal data and large imbalances in target labels. Lastly, despite successful external
validation, the clinical usefulness of models must still be assessed through prospective
validation directly comparing model results with clinician’s decision.

Our findings demonstrate that prediction of bacterial aetiology is possible, which opens
up the possibility of delivering targeted interventions earlier in the disease course of NSTL
The early availability of predictive variables implies that our models can already be used in
an emergency room setting. Given the rising incidence of GAS in the Western world [280-
282] and studies indicating the beneficial effects of early IVIG administration on survival
in GAS patients [277], we believe our findings hold high clinical relevance. Additionally,
the conclusions drawn from the prediction of clinical endpoints highlight the need for
more research on surgical decision-making.

To the best of our knowledge, this is the first study using machine learning-based methods
to estimate aetiology and clinical endpoints relevant to improving NSTI care. Using only
eight readily available variables, we developed and validated models capable of estimating
the bacterial aetiology prior to surgical debridement. We believe the results of this study
to have significant implications for sepsis treatment in patients with NSTI caused by GAS,

which may ultimately improve their survival and quality of life.
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Figure 4.1: Structured flowcharts detailing the (a) developmental and validation process of the
machine learning models (b) time-dependent data dissection. (a) This conceptual pipeline was
systematically implemented for every clinical outcome assessed. External validation was exclusively
pursued concerning the bacterial etiology (presence of Group A Streptococcus).(b) The INFECT
study cohort was split into the time-dependent subsets entry, pre- and post-surgery at referral center,
baseline, depending on the clinical availability of the data. n: number of patients/iterations; LOOCV:
leave-one-out cross-validation; LR: logistic regression, GPC: Gaussian process classifier, GNB: Gaus-
sian naive bayes; RFC: Random Forest classifier; Lasso: Lasso regression, Ridge: Ridge regression,
EN: elastic net regression, GPR: Gaussian process regression, MLP: multi-layer perceptron; RFR:
Random Forest regression.
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Figure 4.2: (a) ROC-curves comparing the performance of the development (blue), external vali-
dation (green), and fine-tuned validation (pink) cohorts. 95%CI: 95% confidence interval derived
through 1000 (development) and 10000 (validation) bootstrapped samples (b) SHAP values for
models estimating of GAS aetiology. Variables are sorted from most impactful (top, creatinine)
to least impactful (bottom, diabetes), with every dot representing a patient. Positive SHAP values
for a variable indicate a positive contribution to the model’s decision to identify the patient as
GAS-positive. Conversely, negative SHAP values indicate a contribution to classifying the patient as
GAS-negative. The colour gradient denotes the variable values, with red indicating high values (e.g.
age 70 years) and blue indicating low values (e.g. age 20 years). SHAP findings are consistent
between development and validation cohort.
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Figure 4.3: Prediction performance for clinical endpoints revolving around surgical aspects,
patient management, and organ support. (a) Precision-recall curves for binary endpoints, includ-
ing predicting the risk of amputation (turquoise) and need for RRT within the first 24h after ICU
admission (baseline, BL). (b) Predicted versus true values for continuous endpoints, including the
estimated days in ICU (red, days), size of skin defect after first surgery (blue, percent body surface),
and the maximal size of skin defects (orange, percent body surface). (c) SHAP values for models
predicting the risk of amputation. Depicted are the mean and the 95% confidence intervals derived
through 1000 bootstrapped samples (in parentheses). Summary on included variables and more
performance metrics can be found in Table 4.6 and Supplementary Table 6 respectively. AP: average
precision, R? coefficient of determination.
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Abstract

Unsupervised learning, particularly clustering, plays a pivotal role in disease subtyping
and patient stratification, especially with the abundance of large-scale multi-omics data.
Deep learning models, such as variational autoencoders (VAEs), can enhance clustering al-
gorithms by leveraging inter-individual heterogeneity. However, the impact of confounders
- external factors unrelated to the condition, e.g. batch effect or age - on clustering is often
overlooked, introducing bias and spurious biological conclusions. In this work, we intro-
duce four novel VAE-based deconfounding frameworks tailored for clustering multi-omics
data. These frameworks effectively mitigate confounding effects while preserving genuine
biological patterns. The deconfounding strategies employed include: i) removal of latent
features correlated with confounders ii) a conditional variational autoencoder, iii) adver-
sarial training, and iv) adding a regularization term to the loss function. Using real-life
multi-omics data from TCGA, we simulated various confounding effects (linear, non-linear,
categorical, mixed) and assessed model performance across 50 repetitions based on recon-
struction error, clustering stability, and deconfounding efficacy. Our results demonstrate
that our novel models, particularly the conditional multi-omics VAE (cXVAE), successfully
handle simulated confounding effects and recover biologically-driven clustering structures.
cXVAE accurately identifies patient labels and unveils meaningful pathological associations
among cancer types, validating deconfounded representations. Furthermore, our study
suggests that some of the proposed strategies, such as adversarial training, prove insuffi-
cient in confounder removal. In summary, our study contributes by proposing innovative
frameworks for simultaneous multi-omics data integration, dimensionality reduction, and
deconfounding in clustering. Benchmarking on open-access data offers guidance to end-

users, facilitating meaningful patient stratification for optimized precision medicine.
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5.1 Introduction

Unsupervised learning, in particular clustering, focuses on subgrouping individuals based
on their intrinsic data structures, therefore playing an essential role in tasks like disease
subtyping and patient stratification. In the realm of biology and medicine, where large-
scale multi-omics data, including genomics, transcriptomics, and epigenomics, is prevalent,
deep learning models can enhance clustering algorithms. Their ability to reduce the di-
mensionality of complex data allows clustering algorithms to more effectively explore the
heterogeneity between patients. Underscoring the utility of deep learning models, in par-
ticular autoencoders, in terms of data integration, dimensionality reduction, and handling
a multitude of heterogeneous input data, Simidjievski et al. recently benchmarked various
variational autoencoder models for multi-omics data [293].

Although patient stratification with deep learning methods are gaining traction in genomic
data applications, they are often susceptible to external influences that are unrelated to the
condition of interest. One severe limitation is the entanglement of biologically meaningful
signals with variables unrelated to the inherent structure that one is interested in, i.e.
technical artifacts, random noise from measurements, or other biological factors such as
sex, ethnicity, and age (Figure 2.1a). These factors, referred to as confounders in the
context of unsupervised learning, may cause clustering algorithms to form subgroups
based on irrelevant signals, which may ultimately lead to spurious biological conclusions
[294, 295].

Conventional strategies to account for and mitigate confounders involve training linear
regression per feature against the confounder and take the residual part during pre-
processing [296] or adjustments like pruning predictive dimensions after model training
[297]. Conditional variational autoencoders (cVAE) have been used to create normative
models considering confounding variables, such as age, for neurological disorders [298].
Dincer et al. proposed adversarial training to derive expression embeddings devoid of
confounding effects [299], expanded upon by the single-cell Generative Adversarial Net-
work (scGAN) for batch effect removal [300]. Liu et al. used a regularization term in
the autoencoder’s loss function to minimize correlation between latent embeddings and
confounding bias [301]. Despite their methodological diversity, these methods have only
been validated to work effectively on data from a single omics source and are not tailored
towards disease subtyping and patient stratification.

To address this gap, we propose four novel VAE-based deconfounding frameworks for
clustering of multi-omics data, utilising the i) removal of latent features correlated with

confounders ii) a conditional variational autoencoder [298] iii) adversarial training [299,
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300], and iv) adding a regularisation term to the loss function [301] as deconfounding
strategies. To objectively assess whether our models can remove out-of-interest signals
and find a patient clustering unbiased by confounding signals, we applied and evaluated
our models on gene expression and DNA methylation pan-cancer data from The Cancer
Genome Atlas (TCGA) program which we augmented with artificial confounding effects.
In total, we simulated four different types of confounders, including linear, non-linear,
categorical, and a mixture thereof, resembling realistic confounders such as age (linar,
non-linear) [302-304] , BMI (non-linear) [305], or batch effects (categorical) [294, 299].

The contribution of our study is as follows:

* Four novel multi-omics clustering models based on VAE and different deconfounding

strategies are presented.

* We highlight that various deconfounding techniques address confounded clustering

in distinct ways, often overlooked within the algorithm’s framework.

* Different confounding effects are simulated on the real-life TCGA dataset to demon-
strate the influence of confounders on clustering and underscore the necessity for

deconfounding models.

* Readers are provided with guidelines detailing strengths and limitations of each
approach, along with suggestions on selecting an appropriate framework fitting

their purposes.

5.2 Materials and methods

5.2.1 Data collection & preprocessing

This study utilized data collected within The Cancer Genome Atlas project (TCGA) [306],
encompassing gene expressions (mRNA) of 4333 patients and DNA methylations (DNAm)
of 2940 patients across six different cancer types, including breast invasive carcinoma
(BRCA), thyroid carcinoma (THCA), bladder urothelial carcinoma (BLCA), lung squamous
cell carcinoma (LUSC), head and neck squamous cell carcinoma (HNSC), and kidney renal
clear cell carcinoma (KIRC). We prioritized these six types for their balanced sample sizes
and excluded highly heterogeneous cancers to ensure robust clustering. Focusing solely on
gene expression and DNA methylation omics, we aimed to optimize model performance

and prevent overfitting. Additionally, selecting these omics introduced diversity in data
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Figure 5.1: a. A simplified graphical representation of a measured signal (gray) which is a mix of
independent sources such as the true signal (pink), a biological confounder (purple), and a technical
confounder (blue). Note the difficulty of extracting the true signal from the measured additive
signals. b. Graphical summary of the work conducted in this study. (1) Based on multi-omics
pan-cancer TCGA data (section 5.2.1) different confounding effects were simulated (section 5.2.2).
(2) Subsequently, four different deconfounding VAE frameworks (section 5.2.4) were trained on the
the artificially confounded data. (3) The obtained deconfounded data was compared to the original,
un-confounded input data in terms of clustering stability and deconfounding capabilities (section
5.2.6).

formats and distributions, with gene expression ranging continuously and DNA methyla-
tion exhibiting a largely bimodal beta distribution, enhancing the complexity and depth
of our analysis.

Datasets were downloaded using the R package TCGAbiolinks [307]. The subsequent
filtering step removed patients with (i) only a single data type available, (ii) missing
clinical metadata, (iii) “american indian” or “alaska native” ancestry, and (iv) unknown
tumor stage, resulting in a total of 2547 patients. The preprocessing of mRNA and DNAm
data included the removal of probes (i) not shared across all cancer types, (ii) with missing
values, and (iii) with 0 variance across all included patients, resulting in 58456 mRNA and
232088 DNAm features. To reduce the number of input features, we only considered the
2000 probes showing the largest variance across patients for each data type, resulting in a
final data set of 2547 patients and 4000 features. This reduction strikes a balance between
the number of features included and biological variability addressed and is in line with
other clustering works on TCGA data [308]. TCGA-BRCA molecular subtype information
for 724 (out of 731) patients was derived from the TCGA Pan-Cancer Atlas [309] via the
cBioPortal [310].
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5.2.2 Simulation of confounders

To imitate common confounding scenarios in real-life clustering applications we simulated
linear, squared, categorical confounders, and a mixture thereof, resembling e.g. ageing
[302-304], BMI [305], or batch effects [294, 299]. These confounders hinder the true
or biologically meaningful clustering by intrinsically affecting the data structure in an
unwanted way and possibly leading to a confounded clustering.

Here we denote the mRNA data as X; € R™? and DNAm data as X, € R™*9, where n,p,q
are the number of patients, gene expressions, and DNA methylations, respectively. We first
rescaled every mRNA and DNAm feature to the range [0, 1] to avoid large ratios between
the raw feature and the confounding effect. A visualisation of all confounding effects can

be found in the Supplementary Methods.

Linear confounder

We uniformly generated a random numeric confounder ¢ € R" with discrete values
{0,1,2,3,4,5}, leading to a confounder clustering of six classes. Its linear effect on each

individual is ¢+ 5 and a random weight for each feature was multiplied with it:
X! =X, +E" =X, +(c+5)®w, (5.1)

X=X, +Ei"* =X, +(c+5)®w, (5.2)

, where ® denotes the outer product between two vectors, and w; € R? ~ U(0,0.1),
wy € R? ~ U(0,0.2). We chose the uniform distribution of w; to range from 0 to 0.1
so that the total linear effect would range from O to 1, having the same scale as X;. We
increased the upper bound of w, to 0.2 due to our observation that X, is less sensitive to

linear confounders.

Non-linear confounder

Non-linear effects were simulated in a similar way to linear effects. However, to mimic a
non-linear confounder, as observed in, e.g. the significant quadratic association between
body mass index and colon cancer risk [305], we considered adding an element-wise

squared confounding effect ¢ on the features:

square

X =X, +E" =X, +Fow, (5.3)

square

X, =X+ E" =X, + Fow, (5.4
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, where w; ~ U(0,0.04), w, ~ U(0,0.04). The distribution of w; and w, was also deter-

mined based on the scale of X; and X,.

Categorical confounder

The categorical confounding effect was achieved by shifting patients with the same con-
founder class to a distinctive direction in the feature space. More specifically, we first
sampled six p-dimensional vectors for shifting mRNA data and six g-dimensional vectors
for shifting DNAm data, both from U(0, 1) and corresponding to six different confounder
classes. The n patients were randomly assigned to each of the six categories. As a result,
two matrices C; € R™? and C, € R™? denote the concatenation of shifting vectors of
every patient for mRNA and DNAm, respectively. The categorical confounder is therefore
the membership of all individuals in the six classes. A typical example of categorical con-
founders for clustering could be batch effects caused by collecting data from different

centers [294, 299]. Then the confounded features were created via:

X =X, +E;"*® =X, + diag(w) - C; (5.5)
X} =X, + ES*® = X, + diag(w) - C, (5.6)

, where diag(-) converts a vector into its corresponding diagonal matrix. Different from
the case of a numeric confounder, the weight vector w € R" ~ U(0, 1) of the categorical
confounder indicates to what extent every patient was shifted so that patients would have

various strength of association with their confounder class.

Mixed confounder types

Real-life data analyses are likely affected by multiple confounders of different kinds, for
instance, many cancer studies correct for age, age squared, education, etc. jointly in their
models [303, 304]. Here we simulated a mixed confounding effect of linear, non-linear,

and categorical confounders as described below:
X| = X, + Elinear  pravere 4 peaces (5.7)
X)) = X, + Einear 4 pravare 4 pracee (5.8)

i i t t .
, Where Ellmear, E;“ear, Eiqum, E;quare, E;a e Ega 8 represent the second term in Formula (1-

6), respectively.
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5.2.3 Variational autoencoder for data integration (XVAE)

A variety of different VAE architectures exist for the purpose of data integration, as ex-
tensively compared by Simidjievski et al. [293]. In this study, we utilize one architecture
recommended by the respective authors, namely the X-shaped Variational Autoencoder
(XVAE) (Figure 5.2). This architecture merges the heterogeneous input data sources into a
combined latent representation z by learning to reconstruct each source individually from
the common representation. Here we consider only two data types of a single datapoint

x, and Xx,, and the loss function of XVAE is as follow:

LXVAE(d): 9; X1, Xz) = _Ez~q¢(z|x1,x2)[IOgPO(XD X2|2)]+ﬂ *MMD(Q¢(Z|X1,X2)||P(Z)) (59)

L L

aet %% o,
e %

Figure 5.2: Schematic representation of an X-shaped Variational Autoencoder (XVAE). The two
input layers (X;, X,) denote the two omics dimension used in this study, namely gene expression
and DNA methylation. The encoder consists of contiguous hidden layers, each with fewer nodes. We
design the encoder of XVAE with a total of 2 layers prior to the latent embedding. In the first hidden
layer, the dimension of each input entity is reduced individually. In the second hidden layer, input
entities get fused into a combined layer. The latent embedding (red) represents the bottleneck of
the XVAE with the minimum number of nodes. The decoder reversely mirrors the layer structure of
the encoder, with the final layer featuring the same number of nodes as the input layer as it attempts
to reconstruct (X;’, X,’) the original input from the latent embedding.

, where q4(z|x;, x,) encodes the latent space as a probability distribution over the input
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variables (parameterised by ¢) and pg(x1, x,|2) encodes the reconstruction of input vari-
ables as a probability distribution over the latent space (parameterised by 6). Following
the originally proposed implementation, we use maximum mean discrepancy (MMD) as
a regularization term to constrain the latent distribution g, to be a standard Gaussian
distribution, balanced by the constant beta (), which is set to 1 for all experiments. A
more detailed description on autoencoders, as well as the XVAE architecture and training

procedure can be found in the Supplementary Methods.

5.2.4 Multi-omics deconfounding models

Here, we will first describe in section 5.2.4 the use of linear regression for confounder
correction and PCA for dimensionality reduction, which we deem the "baseline model"
due to their wide popularity. Then, we outline in section 5.2.4 - 5.2.4 the four XVAE-based
deconfounding models proposed in this study. Throughout this section we denote the

confounder value of a single data point as c.

Baseline model: linear regression and PCA (LR+PCA)

Under the assumption that the effects of one or multiple confounders are linearly additive
to the true signal of a feature, we build a linear regression (LR) model for the confounders
against each mRNA or DNAm feature and then take their residuals as adjusted features.
Subsequently, the adjusted features from the two data types are concatenated and their
dimensionality is reduced via PCA (LR+PCA). We select the top 50 PCs explaining most
of the variance of data to keep the embedding size identical to that of every XVAE-based
model. The 50 PCs explaining the most variance of data are considered for the final

clustering, for which KMeans with 10 random initialisations is applied.

Conditional X-shaped Variational Autoencoder (cXVAE)

Conditional variational autoencoder (cVAE) [311] is a semi-supervised variation of VAE,
which originally aims to fit the distribution of the high-dimensional output as a generative
model conditioned on auxiliary variables. Lawry et al. proposed to achieve deconfounding
through a cVAE incorporating confounding variable information as auxiliary variables
[298]. We extend this initial idea to be able to handle multi-omics data by replacing
the originally proposed VAE with the XVAE model, resulting in a conditional X-shaped
variational autoencoder (cXVAE) architecture (Figure 5.3A). We tested the integration of

confounders at different levels of the cXAVE, including the input layer, the hidden layer
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that fuses multiple inputs, and the embedding. More details on cXVAE implementations
can be found in the Supplementary Methods.

X-shaped Variational Autoencoder with adversarial training (adv-XVAE)

The adversarial deconfounding autoencoder proposed by Dincer et al. [299] follows the
idea of training two networks simultaneously - an autoencoder to generate a low dimen-
sional embedding and an adversary multi-layer perceptron (MLP) trained to predict the
confounder from said embedding (Figure 5.3B). By adversarially training the two net-
works, i.e. the autoencoder aims to generate an embedding which can not be used for
confounder prediction by the MLP it aims at generating embeddings that can encode bio-
logical information without encoding any confounding signal. As the original framework
can only handle a single data type, we adapt it to work with multi-omics input by replacing
its autoencoder with XVAE architecture. Details on architecture and training procedure of

adv-XVAE can be found in Supplementary Methods.

A B

—
ﬂ
>~
:
—
~.
;

adversarial network

Figure 5.3: Schematic representation of (A) conditional variational autoencoder (cVAE) and
(B) adversarial deconfounding XVAE (adv-XVAE). (A) Depicts the cXVAE implementation termed
input + embed due to the addition of confounders (green) in the first layer of the encoder and
decoder. (B) Depicts the adv-XVAE implementation termed multiclass due to the usage of only a
single supervised adverarial network (light green) trained to predict confounders (green) using
a multiclass prediction loss. X; and X, are the two omics dimensions, namely gene expression
and DNA methylation, while X;” and X,” denote their respective reconstruction. More details and
visualisations of other implementation can be found in the Supplementary Material.
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X-shaped Variational Autoencoder with deconfounding regularization (cr-XVAE)

Augmenting the loss function of deep learning models is an effective way to impose
restrictions on the model or enforce learning of specific patterns. As an example, studies
focused on disentangling the often highly correlated latent space of autoencoders impose
constraints on the correlation between latent features by adding a penalty term to the loss
function [301]. Inspired by this idea, we formulate a deconfounding regularization term
aiming to reduce the degree of correlation between latent features and confounders. The

regularized loss function becomes:

Le—xvae(@, 0;5x1,X5,¢) = Lyyar(@, 05 x1,x5) + f(2,¢) (5.10)

, where f(z, ¢) denotes the joint association between latent features and confounders. More
specifically, we choose two different association measurements, Pearson correlation and
mutual information. Because Pearson correlation ranges from -1 (negatively correlated)
to 1 (positively correlated) and both indicate strong relationship, we regularize only the
magnitude of correlation by two methods, taking its absolute value or squared value.
Because the confounder distribution needed for mutual information is usually unknown,
we implement two methods to approximately compute mutual information as loss function,

with differentiable histogram or kernel density estimate.

Feature selection by removing correlated latent features (XVAE+FS)

The removal of latent features correlated with confounders comes from the idea of post
hoc interpretation of latent features [312]. To identify confounded latent features, we
calculate the Pearson correlation between each latent variable and the confounder. For
determining the threshold indicating which latent features are being removed from further

analyses, we test two different approaches:

1. p-value cutoff - the p-value of the Pearson correlation indicates the probability that
the computed correlation is smaller than a random correlation between uncorrelated

datasets. Latent features with a p-value < 0.05 are excluded from analyses.

2. absolute correlation coefficient - Pearson correlation measures the linear relationship
between two variables. Latent features exhibiting an absolute Pearson correlation

of more than 0.3 (weak correlation) or 0.5 (strong correlation) are excluded.
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5.2.5 Consensus clustering

Different from the baseline linear regression model which adopts KMeans on the decon-
founded features for clustering, we apply consensus clustering on the latent features of
each VAE-based deconfounding model. Here, consensus clustering takes the advantage of
random sampling in a VAE and it aggregates the individual clustering of each embedding
sampled from the latent distributions [313]. We first generate 50 embedding matrices for
all the n samples, on each of which a KMeans clustering is performed. Subsequently, a
consensus matrix A € R"*" is constructed from all the 50 clusterings:

.

A= 2 A (5.11)

i=1

, Where A; € R™" is the binary matrix of each KMeans clustering indicating if two data
points are assigned to the same cluster or not. Values of A are in the range [0,1], where 0
means the two corresponding samples are never clustered together in the 50 clusterings
while 1 means they are always in the same cluster. Finally, a spectral clustering is performed
on the consensus matrix A to derive a stable clustering of the patients. To experiment on the
potential impact of the number of embedding matrices, we rerun the model with various
numbers (10, 50, 100, 150, 200) and compare the model performance (Supplementary
Table 4).

5.2.6 Evaluation metrics

We apply each of the aforementioned models to the artifically confounded multi-omics
dataset described in section 5.2.1 and 5.2.2. Every model is evaluated in terms of their
XVAE reconstruction accuracy, measured as the relative reconstruction error of inputs,
their clustering stability, evaluated by the dispersion score of consensus clustering (CC),
and deconfounding capabilities for clustering, estimated by calculating the Adjusted Rand

index (ARI) for true (cancer types) and confounder labels.

XVAE reconstruction accuracy

Model training is monitored through inspection of the validation loss. To evaluate recon-
struction quality of the trained XVAE model, we compute the L2 relative error (RE) between

the original input (x) and reconstructed data (x/) for (i) each data type individually:

(5.12)
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, as well as (ii) for the combined data types:

S Vo X — X2
S Vo 12

, Wwhere m = 1, 2 indicates the two data types.

RE = (5.13)

Clustering stability

Before assessing how well each model can derive a meaningful clustering, we want to
first check if a model can stably cluster the samples. To achieve this goal, we employ the
dispersion score to measure the internal stability of consensus clustering based on its

consensus matrix A:

iy 2jeq (A —0.5)* x4
n2

Dispersion = (5.14)

The dispersion score ranges from 0 to 1, where 1 shows a perfect stability that every
value in A is either 0 or 1, i.e. no confusion among the clusterings, and the lower the less

consensus among the clusterings.

Deconfounding capabilities

We compare our clustering with two different labels, the true one, namely cancer types, and
the confounder. An ideal model should deconfound the features sufficiently while keeping
the meaningful information for obtaining the true clustering. In other words, we expect
a model with high ARI with the true label and low ARI with the confounder label. The
association between true patient label and clusters obtained when modelling the original
(unconfounded) data represents the best achievable clustering, with ARI value converging
towards 1.

Similar to ARI, we compute another external clustering metric, the normalized mutual
information (NMI), which measures the dependence between two clusterings. As it only
shows complementary information to ARI, we record the NMI of every clustering model

in Supplementary Table 1.

5.2.7 Implementation

For better stability and generalization, we train each model 50 times using i) randomly
sampled training and validation sets with a ratio of 80:20 and ii) different seed of ran-

domization.
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5.2.8 Software

All of the models described in this study are built in Pytorch Lightning [314] and trained
using the GPU units RTX 2080 Ti 11GB.

5.3 Results

5.3.1 CcXVAE outperforms other considered deconfounding strategies

in the presence of a single confounder

Confounded
a. TCGA pan-cancer data b. (categorical conf.)
20 5 RN -
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_
S add >
s confounder
Pe ] Cancer type
@oit@n» e THCA
e BRCA
® HNSC
0 5 10 15 0.0 25 5.0 75 10.0 125 15.0 ° LUSC
UMAP1
UMAP1 Ste 2 . KIRC
P2 e BLCA
Deconfound Confounder
° 1
x 2
¢ XVAE d. adv-XVAE e CXVAE . 3
12 + 4
12 . 5
10 + 6

UMAP2
o

8 10 12 14 25 5.0 7.5 100 125 15.0
UMAP1 UMAP1

Figure 5.4: Deconfounding behaviour of several developed models. Dimensionality reduction
(UMAP) plot of the (a.) unconfounded TCGA pan-cancer data, (b.) categorically confounded data,
as well as deconfounding using the (c.) vanilla XVAE (d.) adv-XVAE, and (e.) cXVAE. Marker colors
indicate the true label labels (i.e. TCGA cancer types), while marker shapes indicate the six classes
(1-6) of the confounder (see section 5.2.2). The steps indicated describe the experimental order
(see Figure 2.1).

We simulated different types of confounding effects - linear, non-linear (squared), and cat-
egorical - on the multi-omics TCGA pan-cancer dataset to benchmark a total of four decon-

founding frameworks, namely XVAE with Pearson correlation feature selection (XVAE+FS),
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conditional XVAE (cXVAE), adversarial training with XVAE (adv-XVAE), and confounder-
regularised XVAE (cr-XAVE) (see Methods for more details). We additionally included
two baseline models to compare with: 1) confounder correction with linear regression
(LR+PCA) and 2) vanilla XVAE without any deconfounding (XVAE). To estimate the ro-
bustness of each method, each model was trained on 50 iterations of randomly sampled
training and validation data (80:20 split) and random seed initialization.

All proposed deconfounding approaches were able to correct for a linear confounder, as
denoted by the high ARI for true clustering and low ARI for confounder clustering (Table
5.1). Performances started to decline for non-linear confounding problems, with cXVAE
clearly outperforming other strategies. For non-linear confounders we noted large ARI for
confounder clustering across all strategies and simulation setups. This illustrates that, while
good clustering performance for true labels were achieved, the full removal of unwanted
signal was not easily achievable for all the models. Categorical confounding was perceived
to be the most difficult, with all models except cXVAE exhibiting a high decrease in true
clustering performance. Notably, cr-XVAE and XVAE+FS were able to remove artificial
confounders completely, however at the cost of simultaneously removing true clustering
signal. adv-XVAE, which in theory should be a strategy well suited to deal with categorical
problems, fails to consistently remove the categorical confounding effect. In general we
noted a decline of reconstruction accuracy of models with increasing complexity of the
confounder simulations.

To illustrate the deconfounding capabilities of several of the developed models, we ex-
amined their clustering results obtained on the TCGA dataset involving categorical con-
founders (Figure 5.4). The UMAP plot of the original, unconfounded data (Figure 5.4, a.)
shows the distinct clustering of THCA (thyroid carcinoma), KIRC (kidney renal clear cell
carcinoma), and BRCA (breast invasive carcinoma), while the clustering of BLCA (bladder
urothelial carcinoma), LUSC (lung squamous cell carcinoma), and HNSC (head and neck
squamous cell carcinoma) appears to be more entangled. The observed clustering was
significantly obscured by the addition of an artificial categorical confounder, visible as the
clustering being dictated by the confounder class rather than cancer type (Figure 5.4, b.).
An attempted deconfounding using a vanilla XVAE (Figure 5.4, c.) or adv-XVAE (Figure
5.4, d.) model displayed little improvement over the confounded clustering, demonstrat-
ing the models’ inability to remove the artificially introduced signal. The cXVAE model,
however, proved to be able to effectively mitigate the confounding effect, resulting in a
clustering similar to the original, unconfounded data (Figure 5.4, e.). In an attempt to
investigate whether the deconfounding using cXVAE not only restores pan-cancer type

but can also recover cancer subtypes, we examined the clustering of several TCGA-BRCA
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molecular subtypes, including Her2, LumA, Basal, LumB, and normal, before and after
deconfounding (Supplementary Figure 5). This revealed that while molecular subtypes
were completely masked by the simulated categorical confounders (Supplementary Figure
5, b), deconfounding with cXVAE could retrieve their original clustering (Supplementary
Figure 5, c).

In summary, across all confounder simulations, cXVAE clearly outperformed other decon-
founding strategies in terms of clustering accuracy, deconfounding power, and model
robustness. The ARI on true clustering obtained by ¢XVAE in all three scenarios reached
around 0.7, which is very close to the performance of the vanilla XVAE on unconfounded
data (0.731, see details in Supplementary Table 2).

A more detailed summary of the performances of each model can be found in Supplemen-
tary Table 1.

The dimensionality reduction plots for models not displayed in Figure 5.4, namely LR+PCA,
XVAE+FS, and cr-XVAE can be found in Supplementary Figure 2. It illustrates that while
XVAE+FS and cr-XVAE yield performances similar to XVAE and adv-XVAE, LR+PCA seems
unable to distinguish the true signal from the confounder signal. Furthermore, the decon-
founded clustering derived by cXVAE in the presence of multiple confounder is shown in
Supplementary Figure 4, which indicates the capabilities of cXVAE to deconfound even in
this complex scenario. While Table 5.1 depicts the best performing implementation of each
deconfounding model, we tested a number of possible implementations (see Methods),
which we observed to have a notable impact on model performance (Supplementary Table
2). Therefore, we provide design recommendations for each deconfounding strategy in

the Supplementary Results.

5.3.2 cXVAE is easily extendable to handle multiple confounders of
mixed types

In a realistic setting datasets can be confounded by multiple confounders with different
biasing effects. In an attempt to investigate how well deconfounding strategies can handle
more than one confounder, we simulated the parallel presence of three confounders of
different effect, namely linear, non-linear, and categorical (Table 5.2). In line with our
observations with the single confounder simulations, cXVAE outperformed other mod-
els in terms of true clustering accuracy and deconfounding efficiency. While also other
strategies like XVAE+FS, cr-XVAE, or LR+PCA were able to successfully remove all three
simulated effects, they achieved this at the cost of true signal. adv-XVAE failed to fully
remove confounders, while also showing very low true clustering accuracy and can there-

fore be considered unsuitable for the task. We also noted that the decline in reconstruction
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accuracy with increasingly complex confounding situations is even more pronounced in

multiple confounder settings.

5.3.3 cXVAE is able to retrieve biology-driven clustering from con-
founded data

To illustrate the deconfounding capabilities of cXVAE, the model that outperformed oth-
ers across all four evaluation metrics in various confounding scenarios, we examined the
clustering results obtained on the TCGA dataset involving categorical confounders (Figure
5.4). The UMAP plot of latent features clearly showed that BRCA (breast invasive carci-
noma), THCA (thyroid carcinoma), and KIRC (kidney renal clear cell carcinoma) were well
clustered by cXVAE, while BLCA (bladder urothelial carcinoma), LUSC (lung squamous
cell carcinoma), and HNSC (head and neck squamous cell carcinoma) were still entangled.
In summary, we found the deconfounding behaviour of cXVAE to not only yield clusterings
resembling those of the unconfounded data, but also be in line with the pathological and
physiological differences between the pan-cancer types. BLCA arises from urothelial cells
in the transitional epithelium, which can change from cuboidal to squamous form when
stretched. Furthermore, squamous differentiation is by far the most common histological
variant of urothelial carcinoma [315], indicating a close relationship between urothelial
carcinoma and squamous cell carcinoma. Apart from BLCA, the overlap in clustering of
LUSC and HNSC can be directly explained by their common origin of squamous cells, while
BRCA, THCA, and KIRC are all carcinoma related to glandular cells [316]. Supporting the
validity of our obtained cXVAE clustering, other multi-omics pan-cancer studies utilising
stacked variational autoencoders [317], penalized matrix factorization [318], or supervised

VAE [319] have retrieved similar cancer type clustering.

5.4 Discussion

In this study, we addressed the possible harm of ignoring or inadequately handling con-
founders to clustering samples with (multi-)omics measurements. In epidemiology, a con-
founder is a variable that can affect the result of a study because it is related to both the
exposure and the outcome being studied. Here, we extended the definition to unsuper-
vised models for disease subtyping to indicate variables that can distort the relationship
between inferred or predicted cluster membership and disease.

Extensive simulation revealed that cXVAE stands out as a versatile and accurate decon-

founding approach. The applicability of conditional autoencoder to biological data to e.g.
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correct for batch effects [298] or disentangle confounders in fMRI [320] or microRNA
data [321] has been shown before. However, by merging the principles of a conditional
autoencoder with the framework of an autoencoder specifically tailored for the integration
of multi-omics data, our research charts new frontiers in the domain of deconfounded
patient stratification.

While adversarial training may offer an alternative flexible deconfounding approach, we
confirm that optimization of model hyper-parameters is challenging [300]. Instability
may become more pronounced in the presence of multiple confounders. This can be
explained by the fact that adversarial networks were trained separately for each confounder,
sequentially adding extra terms to its objective function (see Supplementary Table 2).

In the literature, a statistical correlation loss has been proposed to replace the adversarial
prediction loss in a adversarial training model [322], resembling our cr-XVAE model. The
difference is that cr-XVAE directly computes the correlation between the VAE embedding
and the confounder without an additional adversarial network. We implemented Pearson
correlation and mutual information as the regularization term of cr-XVAE but other associ-
ation measures could also be adopted, e.g. Spearman correlation and cosine similarity. In
the case of multiple confounders, it is also possible to weigh their associations differently
in the loss function to balance deconfounding strength.

The identification of disease subtypes requires performing a clustering algorithm at some
point. Even though iterative training of the clustering in a joint autoencoder loss function
can overcome inconsistencies between training and downstream clustering performance
[323-325], we chose for a decoupled strategy. This was to 1) avoid having too many terms
in loss function to confuse training, and 2) reduce computation time and initialization
settings with iteratively training clustering in a joint loss function. Consensus cluster-
ing furthermore has several advantages in data science including robustness, stability,
interpretability and flexibility, as it can be applied to various types of data and clustering
algorithms. Our consensus clustering scheme adopts spectral clustering as its final step
because the consensus matrix can be naturally viewed as a graph of all patients and the
superior performance of spectral clustering has been shown on graphs [326]. We chose
to sample and cluster the embedding for 50 iterations to construct the consensus matrix.
Having more iterations can improve the robustness of consensus clustering but at the cost
of computation time. We observed that the 50 individual clusterings are very consistent
and increasing the number of iterations won’t necessarily improve the final performance
(Supplementary Table 4).

It remains a daunting task to generate data that adequately reflect the complexity of

real-life cases. Therefore, one needs to be aware that simulations of confounders always
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represent simplifications of real observable effects. Note that the range of weight vectors
w; and w, may have an important influence on how the data is confounded. A large weight
will cause a stronger confounding effect and potentially increase difficulty in finding the
true clustering. Currently, we set their values based on the scale of the original features
to balance between the true signal and confounder signal. While this study is limited to
the use of two data types, in principle the XVAE design utilised allows the integration of
heterogeneous data from many more sources simultaneously. Additionally, since all evalu-
ated deconfounding strategies share the same XVAE design as a foundation, we anticipate

consistent training time and performance across models when scaling up dimensions.

5.5 Conclusion

In this study, we presented four VAE-based multi-omics clustering models and their varia-
tions, following different deconfounding strategies. Their clustering and deconfounding
performance was evaluated and compared with baseline models on the multi-omics pan-
cancer dataset from TCGA with artificailly generated confounding effects. The results
showed both the necessity to adjust for confounders and that our novel models, cXVAE
in particular, can effectively deal with the confounding effects and obtain the biologically
meaningful clustering. We demonstrate that our multi-omics deconfounding VAE clus-
tering models have big potential in delivering accurate patient subgrouping or disesase

subtyping, ultimately enabling better personalised healthcare.
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linear
Clustering performance (ARI)
. CC True label
Reconstruction error . . Confounder
dispersion (cancer type)
LR+PCA - - 0.692 0.001
XVAE 0.246 (£ 0.004) 0.844 (£ 0.045) 0.506 (£ 0.116) 0.151 (£ 0.057)
XVAE+FS 0.245 (£ 0.004) 0.860 (£ 0.028) 0.571 (£ 0.092)  0.008 (£ 0.007)
cXVAE 0.234 (£ 0.003) 0.935 (£ 0.023) 0.712 (£0.055) 0.001 (£ 0.001)
adv-XVAE 0.245 (£ 0.004) 0.901 (+0.032) 0.568 (+0.070)  0.093 (+ 0.051)
cr-XVAE 0.244 (£ 0.003) 0.873 (£ 0.028) 0.598 (+ 0.074) 0.004 (£ 0.004)
non-linear
Clustering performance (ARI)
. CC True label
Reconstruction error . . Confounder
dispersion (cancer type)
LR+PCA - - 0.391 0.215
XVAE 0.236 (+ 0.003) 0.826 (£ 0.042) 0.307 (£ 0.141) 0.297 (£ 0.071)
XVAE+FS 0.236 (£ 0.003) 0.805 (£ 0.040) 0.411 (£ 0.142) 0.138 (£0.078)
cXVAE 0.227 (£ 0.002) 0.908 (+ 0.031) 0.646 (£ 0.079) 0.076 (£ 0.074)
adv-XVAE 0.238 (+ 0.004) 0.942 (£ 0.025) 0.568 (£ 0.049)  0.194 (+ 0.006)
cr-XVAE 0.235 (+ 0.002) 0.852 (£ 0.043) 0.478 (£ 0.129) 0.154 (£ 0.042)
categorical
Clustering performance (ARI)
. CC True label
Reconstruction error . . Confounder
dispersion (cancer type)
LR+PCA - - 0.150 0.071
XVAE 0.216 (£ 0.003) 0.762 (£ 0.055) 0.330 (£ 0.125)  0.048 (£ 0.088)
XVAE+FS 0.216 (£ 0.003) 0.787 (£ 0.040) 0.361 (+ 0.100) 0.010 (£ 0.023)
cXVAE 0.210 (£ 0.002) 0.911 (£ 0.033) 0.664 (+ 0.070) 0.001 (£ 0.001)
adv-XVAE 0.217 (£ 0.002) 0.764 (£ 0.058) 0.240 (+ 0.188) 0.156 (£ 0.084)
cr-XVAE 0.216 (£ 0.003) 0.813 (£ 0.034) 0.368 (£ 0.101) 0.001 (£ 0.001)

Table 5.1: Overview performances of deconfounding strategy for single confounder simulations.

Values are displayed as mean =+ standard deviation of 50 runs with different parameter initialisation

and randomly sampled training and validation data. Models on the first column indicate the follow-

ing deconfounding strategies and implementations thereof: linear regression followed by principal
component analysis and KMeans clustering (LR+PCA), vanilla XVAE without any deconfounding

(XVAE), XVAE with feature selection in the form of removing correlated latent features (XVAE+FS,

correlation cutoff = 0.5), conditional XVAE (cXVAE, input + embedding), adversarial training with

XVAE (adv-XVAE, multiclass MLP), confounder-regularised XVAE (cr-XAVE, squared correlation reg-

ularisation). Reconstruction error: relative error in the reconstruction of X1 and X2 weighted eqally;
CC dispersion: consensus clustering agreement over 50 iterations; True clustering: adjusted rand
index (ARI) of consensus clustering derived clusters with True label labels; Confounder clustering:

ARI of consensus clustering derived clusters with simulated confounder labels.
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multiple confounders

Clustering performance (ARI)

Reconstruction CC True label Linear Squared Categorical
error dispersion (cancer type) confounder confounder confounder
LR+PCA 0.215 0.001 0.014 0.001

XVAE 0.161 (£ 0.003)  0.725 (£ 0.043)  0.216 (£ 0.089)  0.015 (£ 0.019)  0.140 (£ 0.043)  0.067 (+ 0.048)
XVAE+FS ~ 0.161 (£ 0.003)  0.731 (£ 0.037)  0.265 (£ 0.085)  0.007 (£ 0.009)  0.019 (£ 0.030)  0.109 (+ 0.057)
cXVAE 0.146 (+ 0.002) 0.905 (£ 0.022) 0.634 (+ 0.042)  0.001 (£ 0.001) 0.001 (+ 0.001) 0.001 (£ 0.001)
adv-XVAE  0.158 (£ 0.004) 0.753 (£ 0.066)  0.225 (£ 0.120)  0.016 (£ 0.023)  0.107 (£ 0.052)  0.106 (+ 0.051)
cr-XVAE  0.161 (£ 0.003)  0.764 (£ 0.031)  0.369 (£ 0.064)  0.003 (£ 0.002)  0.007 (+0.010)  0.001 (+ 0.001)

Table 5.2: Overview performances of deconfounding strategy in the presence of multiple con-
founders. Values are displayed as mean + standard deviation of 50 runs with different parameter
initialisation and randomly sampled training and validation data. For a detailed description of
columns and models, please refer to Table 5.1.
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5.6 Supplementary Notes

All Supplementary Material, including figures and tables, are available under: https://
doi.org/10.1101/2024.02.05.578873

5.6.1 Data and code availability

Our code is available at https://github.com/Zugili/Multi-view-Deconfounding-VAE. The
simulated data generated in the course of this study are available at Zenodo
(https://doi.org/10.5281/zenodo.10458941).
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Abstract

Deep learning applications have had a profound impact in many scientific fields, including
functional genomics. Deep learning models can learn complex interactions between and
within omics data, however interpreting and explaining these models can be challenging.
Interpretability is not only essential to help progress our understanding of the biological
mechanisms underlying traits and diseases but also for establishing trust in these models’
efficacy for healthcare applications. Recognizing this importance, the recent years has
seen the development of numerous diverse interpretability strategies, making it increas-
ingly difficult to navigate the field. In this review, we present a quantitative analysis of
the challenges arising when designing interpretable deep learning solutions in functional
genomics. We explore design choices related to the characteristics of genomics data, the
neural network architectures applied, and strategies for interpretation. By quantifying
the current state of the field with a predefined set of criteria, we find the most frequent
solutions, highlight exceptional examples, and identify unexplored opportunities for de-

veloping interpretable deep learning models in genomics.
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6.1 Introduction

The overarching goal of functional genomics research is to understand and intervene in
the underlying biological processes between genotype, environment and phenotype [327].
To probe these underlying biological processes, a wide variety of omics are gathered.
Genetic data (genotype arrays, DNA sequences) serves as the stable foundation from which
many biological processes start. Transciptomics data, provides the expression of genes,
dynamically transcribed from the DNA it can be regulated by various epigenetic mechanism.
These epigenetic mechanisms include, DNA methylation, RNA methylation, regulatory non-
coding RNA, histone modifications and chromatin accessibility. All together, these omic
types provide insight in the biological processes that link heritable and environmental
factors to observable characteristic in a cell or individual [327]. These underlying biological
processes can be very complex [328] and massive amounts of data are acquired to study
these processes. The massive amount of data and the complexity of the biological processes,
allow and justify the use of more complex models, such as deep learning models to help
unravel the complexities between genotype, environment and phenotype.

Deep learning, a subset of machine learning, consists of a group of methods that can capture
complex interactions and non-linear relationships given a sufficiently large number of
examples. Deep learning solutions have had successes in a wide variety of applications, a
few examples include: biomedical image segmentation [329] natural language modelling
[330] and protein modelling [331]. Despite the widespread popularity and convincing
performances of deep learning models there are drawbacks in using neural networks; deep
learning methods offer no explanation for their decision-making processes.

Explaining the decision making process of Al-driven technologies is essential given that
these technologies impact various facets of our daily lives, encompassing critical domains
such as healthcare, governance, and legal systems [89]. Recent European data and pri-
vacy legislation, particularly the General Data Protection Regulation (GDPR), has put
“explainability” as a top priority in machine learning research [109]. In the special case
of decisions reached using automated processing, the right of data subjects (e.g. patients)
were phrased as to "obtain an explanation of the decision reached" [332], encoding the
right to explanations for data subjects within European law. Interpretability is central for
inspiring trust in a neural network. Understanding why and how a model make decisions,
as opposed to blindly trusting in that they are correct, contributes to a model’s trustwor-
thiness [89]. The ability to understand the reasoning behind a model’s prediction (the
why) is often termed "explainability", whereas the ability to fully understand the inner

workings of the model (the how) is refereed to as its "interpretability". According to this
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definition, all interpretable Al is inherently explainable but not all explainable Al systems
are interpretable. Generally, rule-based models, and simpler machine learning models
such as linear and logistic regression, decision trees are intrinsically interpretable. More
complex models, like large random forests and dense neural networks, predictions can
often only be approximated through explainability methods [90].

Designing an interpretable deep learning application is an inherently creative process
without a set path to a successful application. Researchers require not only an in-depth
knowledge of the data they are working with, but also need to be aware about the different
types of model architectures that can be applied, how these architectures can be made
interpretable, and finally combine it in a way that yields insight into the biological question
of interest. Fortunately, there are numerous successful applications of interpretable deep
learning in genomics that can guide development and inspire novel approaches. In this
study, we provide an in-depth analysis of the current state of the interpretable genomics
field by discussing the most prevalent solutions, visualize common combinations of so-
lutions, and identify interesting opportunities for designing interpretable deep learning
applications in genomics. While there exist numerous comprehensive reviews outlining
different interpretability approaches [333-337] we provide a more practical guide for
researchers that want to bring interpretability into their models. We dissect the challenges
associated with the three key considerations of every interpretable deep learning applica-
tion in genomics: (i) the characteristics of the utilised data, (ii) the model architecture,
and (iii) the interpretation strategy selected. We assessed each surveyed paper according
to a predefined set of criteria relating to these key considerations (Section 6.2), resulting
in an overview table that provides a quantitative overview of all approaches and applica-
tions of interpretable deep learning in genomics (Section 6.3). From this comprehensive
overview table, we extract general statistics that provide insight into the prevalent research
questions addressed and the popularity of both models and interpretability methods. Fur-
thermore, we provide supporting graphics to outline (dis-)advantages for combinations
of data types, models, and interpretation strategies, with the goal to identify inspirational
examples, challenges, and unexplored opportunities in developing an interpretable deep
learning model.

In the first section Considerations for Designing an Interpretable Model we discuss the
major decisions that need to be taken during model development and we provide a short
intuition on the most commonly used data types, models, and interpretability strategies.
After establishing the fundamentals, we analyze and visualize trends and statistics of
current solutions in section The current state of the field: a quantification. Finally, in

Opportunities and perspectives, we highlight unexplored opportunities, good practices
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and considerations for designing interpretable deep learning applications in genomics.

6.2 Considerations for Designing an Interpretable Model

We focus on three key aspects that mark major decisions during developing an interpretable
deep learning model for omics data: (i) the type and characteristics of data used, (ii) the
model architecture of choice, and (iii) the interpretability strategy deployed. As all these
three aspects are intertwined and can not be discussed separately, we aim on clarifying
dependencies by gradually stacking information. First we expand and motivate the criteria
for the quantitative analysis, before moving on to the quantitative analysis itself.

Criteria and considerations used for evaluation:

1. Characteristic of the input data

(a) Sequencing type: was the data generated using single cell or bulk sequencing?

(b) Omic type: which omics (e.g. SNPs, CNVs, mRNA, CpGs) were used in the study?

Single omic or multi-omic?
(c) Data dimensions: what is the number examples (e.g number of patients, cells)
in the dataset?
2. Choosing a model architecture:
(a) Neural network type: what kind of neural network architecture was used (CNN,
VNN, transformer etc.)

(b) Input dimensions: what was the dimension of the input for each example to
the network? (e.g between 50 and 100, between 1000 and 2000, more than 1

million)
(c) Computational resources: which computational resources (CPU/GPU memory)
was available for model construction and interpretation?
3. Navigating interpretation strategies
(a) Biological level of interpretation: on which (biological) level was interpretability
applied (gene-level, pathway etc.)?

(b) Interpretation taxonomy: how was model interpretation facilitated (global, lo-

cal, attribution methods, hidden semantics etc.)?

(c) Interpretation strategy: what are the defining characteristics of the interpre-
tation method (use prior knowledge, visualisation, backpropagation method

etc.)?
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(d) Prior knowledge: If prior knowledge was used, which database was used? (KEGG,

Reactome, Gene-Onthology etc.)

6.2.1 Characteristics of the input data

The data is the basis on which the neural networks are built and it is characteristics largely
influence the choice of model architecture and the interpretation method. We included
studies with at least one of the following types of data: genetic (SNPs, CNVs), transcrip-
tomics (mRNA), epigenetic data such as chromatin accessibility (ATAC-seq, DNase), non-
coding RNAs (ncRNAs) and DNA methylation (CpGs). We make a distinction between
single-cell and bulk, as the challenges and characteristics between these sequencing types
can be quite different and we categorized the number of examples in the dataset to provide
an impression of the volume of the data needed to perform the study.

Table 6.1 highlights some of the characteristics of the omic types and challenges associated
with designing a neural network for the included omic types. These characteristics and
challenges, in combination with the research question mainly shape the realm of possible
options for neural network architectures. For instance, due to the expansive dimensions of
genetic data, utilizing sparse models becomes necessary, since fully connected layers could
exceed GPU memory capacities. For sequence data, neural networks that "scan" the se-
quences for patterns, such as convolutional neural networks are typically utilized. However,
the atypical out-of-the box applications, are interesting to highlight. These demonstrate
that with conventional and unconventional transformations of the data, one can open up
new possibilities. For example, the use of k-mers to decrease the input size of genetic data,
and to increase the depth of the data [338]. Transforming the gene expression data to
images in order to apply convolutional neural networks and image-based interpretation
strategies [339-341]. ChromBPnet [342] avoids peak-calling by using the raw count an
additional network to correct for a bias in the measurements of ATAC-seq (TN5 bias). This
latter is also a great example for demonstrating that a thorough understanding of the data
and prepossessing steps, is crucial in identifying steps that can be replaced or benefit from

deep learning.

6.2.2 Choosing a model architecture

The choice of model architectures is mainly driven by data, technological innovations, and
trends. Most deep learning architectures are variations of neural networks, we categorize
each network as one of the main neural network types: multi-layer perceptron (MLP),

convolutional neural networks (CNN), graph neural networks (GNN), autoencoders (AE),
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Genetic

Transcriptomics

Epigenetic

Category

SNPs, sequences

Bulk gene expression

Single-cell gene

expression

Chromatin

accessibility

Methylation

Methods

Genotype arrays,

whole genome sequencing

RNA-seq, microarrays

scRNA-seq

ATAC-seq, DNase-seq

BeadChip

Number of measurements

>88 million variants

~24,000 genes

>24,000 genes

Millions of reads

~450,000 CpGs

Data type

Categorical (nucleotide, dosage)

Positive continuous

(gene expression level)

Positive continuous

(gene expression level)

Positive continuous

(read counts per region)

Fraction (CpG methylation level)

Challenges for ML

Large input size, small

effect sizes, non-coding regions

Input order, mixture

of cell signals

Identifying cell-types

and cell-states, data sparsity

TN5 bias,
peak-calling

High dimensionality,
cell-type heterogeneity

Table 6.1: Overview of the characteristics and challenges of the main omics types encountered
in the surveyed papers.

visible neural networks (VNN) and the recently introduced generative pretrained trans-
formers (GPT). Historically, convolutional neural networks were designed for image data,
graph neural networks for data that can be represented as graphs (e.g. social networks,
molecules and proteins), and transformers had their first successes in text-based natural
language tasks. However, neural networks can consist of a mix of multiple types of layers,
providing endless opportunities to tailor the neural network to specific problems and data
types, such as the various types of omics data. Genomics data generally has a large input
dimension and one can choose to modify the network to take all the inputs or choose
a subset of the data to feed into the network. This is related to the last criterion, the
computational resources, larger networks that take all the data need more memory train
longer.

Multi-layer perceptron (MLP) are the most traditional neural networks [344]. Each layer
consist of a set of neurons that is fully connected to neurons in previous and subsequent
layers (see Figure 6.1a). These feed-forward neural networks do not need to be deep with
multiple subsequent layers to model complex functions. It has been shown that a shallow
networks with a single layer, with infinite width, can accurately approximate any function
[345, 346].

Convolutional neural networks (CNN) have a rich history of successful applications, par-
ticularly in imaging, where they excel in extracting useful patterns from local correlation
structures, such as edges in images [344]. CNN are not fully connected, instead, in each
convolutional layer it optimises a predefined number of filters that slide across the input
features (as shown in Figure 6.1b). This sliding operation over the inputs makes the net-
work invariant to where the pattern is located, in other words, the network is translation-
invariant. Stacking multiple layers results in a fully convolutional neural network. In such
a network, each subsequent layer can capture more abstract patterns. Stacking convo-
lutional layers also contributes to increasing the receptive field; the region used by the
network to create a particular feature. The receptive field defines thus the largest distance

for which interactions can be learned by the network. In the context of genomics, this can
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Figure 6.1: Overview of the most popular neural network architectures. a) Multilayer perceptron,
a fully connected neural network. b) Convolutional neural network, ¢) Graph neural network. d)
GPT; Generative pretrained transformer, here displayed the attention mechanism (inspired by [343])
e) Visible neural network and f) Autoencoder.

be the length of a DNA sequences or values of reads (e.g. DNase, ATAC-seq data) mapped
to a reference sequence.

Graph neural networks (GNN) [347] are designed for analyzing data structured as graphs
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(e.g. molecules, proteins social networks, protein interaction networks). A graph neural
network is structured like a graph, using prior information to describes which nodes are
connected to which nodes (see Figure 6.1c) . For example, each protein in a protein
interaction network is a node, with edges between proteins that interact. Message passing,
aggregating information from neighbouring nodes, enables each node to aggregate and
process information from its immediate neighbors. This process occurs in each layer, where
layers can be thought of as iterations of the graph with updated weight. This iterative
aggregation enables the network to learn node representations that reflect not only the
features of the nodes themselves but also their relationships within the graph. With each
successive layer, GNN integrate information from broader neighborhoods, capturing more
complex and global patterns in the graph structure.

Visible neural networks (VNN) were introduced in the field of biology to tackle two com-
mon problems for deep learning in genomics: dealing in an efficient manner with the
large input size and addressing the lack of interpretability. These types of neural networks
reduce the number of learnable parameters by embedding biological information in the
network architecture so that only biologically meaningful connections are retained (see
Figure 6.1d). Each neuron in a visible neural networks represents a biological entity, for
example a gene or a pathway [348]. In the network illustrated in Figure 6.1d the high-
lighted neuron represents a gene, only genetic variants that have a relation to that gene
(according to prior biological knowledge) is used as an input. The output of this gene
could be connected neurons representing pathways that this gene is involved in. Visible
neural networks can be seen as a hybrid between graph neural networks and multi-layer
perception. It uses the mechanics of fully-connected feed-forward layers but are shaped
like a graph using external sources of biological knowledge.

Generative pretrained transformers (GPT) are the most recently proposed class of neural
networks that have had a major impact in research and society [349]. Transformers were
developed for the task of translating natural language texts and perform best on sequential
data. A transformer alternates between feed-forward layers and the self-attention mecha-
nism. Self-attention (see Figure 6.1¢) allows each element in a sequence to dynamically
weigh the importance of all other elements. In the original translation task, each word in
a sentence can ’attend’ to all other words, enabling the model to understand context and
relationships within the sequence. In genomics, the equivalents of 'words in a sentence’
can be seen as ’genes in a cell’ [350]. Generative pretrained transformers are large trans-
formers models that have been trained on massive amounts of data. During training, these
models learn to predict the next output in a sequence given the previous inputs. During

this self-supervised training procedure, the model gains a deeper understanding of the
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data and should, therefore be aware of context. For example, it should be able to infer the
gene expression of a masked gene in a cell given the expression of all other genes. These
models are also referred to as foundation models, since the pretrained models, with their
better understanding of the general concepts, can be used for various downstream tasks
with little fine-tuning [351].

Autoencoders (AE) (Figure 6.1f) are unsupervised neural networks consisting of an en-
coder and a decoder [344]. The encoder maps the high dimensional input data into a
lower dimensional latent embedding while the decoder reconstructs the original input
from this smaller dimensional embedding. This unsupervised encoder-decoder structure,
with such an information bottleneck, allows autoencoders to act as dimensionality reduc-
tion tools. Variational autoencoders (VAE) [85] use probabilistic resampling to model the
output of the encoder as a distribution over the latent space. An extra regularization term
is added in the loss function to encourages the learned distributions to approximate a
prior distribution (typically a Gaussian). As a consequence of the probabilistic resampling,
each sample can be sampled from a wider area in the latent space as opposed to a single
point in regular autoencoders. This results in a coherent latent space that can be used for

generating new data points by sampling from this latent space.

6.2.3 Navigating interpretation strategies

We classified the interpretation strategies in each paper by the taxonomy defined by Zhang
et al. which utilises three dimensions to categorise approaches [335] (Figure 6.2).

The first dimension divides the interpretation approaches into active and passive according
to whether they require to change the network architecture. Active approaches need a
specific configuration of the network to work, for example embedding biological knowl-
edge in the network architecture. Passive approaches do not have this requirement and
can be applied post-hoc to (nearly) any network. The second dimension describes the
type of explanation that is obtained by using the method. It differentiates between three
major types: logic rules, hidden semantics, attributions (ordered by decreasing explanatory
power). Methods that extract logic rules approximate the learned function of the neural
network by a set of rules. Hidden semantics includes methods that explain the inner state
of a neural network. Attribution, the final option for the second dimension, was subdi-
vided further into gradient-based, permutation, perturbation, game theory, attention, each
describing a different mechanism to attach an importance value to each input. The third
and final dimension describes the level of interpretability with regard to the input space,
differentiating between global, semi-local, and local approaches. Global interpretability

refers to understanding the overall decision logic of a model and its behaviour across all
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Figure 6.2: Overview of the three dimensions defined by Zhang et al. [335] to categorise in-
terpretability strategies. Dimension 1 divides approaches into whether they require to change the
network architecture (active) or can be applied post-hoc (passive). Note that active and passive
approaches are not mutually exclusive. Dimension 2 further delineates passive interpretability ap-
proaches, including methods implementing them. Dimension 3 describes the level of interpretability
with regard to the input space, thus differentiating between strategies applicable to whole popula-
tions (global), a group of individuals (semi-local), or an individual (local).

examples, for example a global overview of the importance of features over the whole pop-
ulation. Local explanations, provide the interpretation for a single example. To illustate,
this could be the contribution of all features to the prediction of a specific patient.[352].
As the transition between global and local interpretation is soft, the category of semi-local
approaches describes an intermittent state which can be thought of as e.g. a group of
similar patients.

In addition to the taxonomy, we examined which level of biological information was ex-
tracted from the network. This can be an inputs (SNPs, genes etc.) or higher level con-
cepts such as gene sets and pathways. Since many of the interpretation methods are novel
approaches, we also tagged each interpretation methods based on keywords describing
methodological characteristics. Finally, if prior biological knowledge is used in the design

of the neural network, we tabulate the source of the prior knowledge.
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6.3 The current state of the field: a quantification

During literature retrieval, we employed a systematic literature retrieval and subsequently
continuously included newly published articles using the snowballing procedure. In total,
our systematic search identified 2008 studies, of which 1146 remained after exclusion of du-
plicates. During abstract screening, studies were included that i) use human (multi-)omics
measurements ii) utilise deep learning architectures iii) attempt to facilitate interpretabil-
ity. Furthermore, to select the most relevant primary studies for our area of interest, we
further excluded studies which used data featuring a spatial (2D/3D images, spatial-omics)
or time component (metabolomics, proteomics; except if used in a multi-omics study), as
well as studies with a focus on drug development or genome regulatory functions. Ad-
ditionally, we included relevant articles identified by the snowballing procedure [353],
resulting in a total of 123 research articles for our analysis. A detailed description of the
literature retrieval procedure can be found in Supplementary Methods. The table with all
the surveyed studies is online available as an interactive table for easy navigation, filtering

and sorting (http://www.roshchupkin.org/xai).
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6.3.1 Characteristics of the input data
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Figure 6.3: Data types in, and the biological context of, interpretable deep learning studies
(121 publications). a) Summary on the data types usage. b) Overview of biological fields

Interpretable deep learning solutions have been applied to a wide variety of fields and
tasks within genomics. Figure 6.3b shows an overview of fields represented in this study.
The majority of interpretable deep learning applications are found in oncology (48%),
with neurology (10%) and immunology (10%) following closely behind. Regarding the
types of tasks, supervised learning dominates the field, constituting 78% of interpretable
neural network applications. Specifically, supervised classification represents 54%, while
regression tasks, encompassing survival prediction, make up 24% of the included appli-
cations (see Table 6.2). Overall, this demonstrates that the utilization of interpretable
models is not limited to specific biological fields or use case but is widely employed across
various disciplines.

Figure 6.3a graphically summarises the datatypes found in the surveyed papers. Despite
the recent advancement of single-cell sequencing, we found that most studies used bulk
sequencing (81%). Single-cell sequencing was mostly restricted to single-cell RNA sequenc-
ing (n = 22) and to a lesser extend single-cell ATAC-seq (n=4).

Genetic data was used as at least one of the input types for 29% of the studies included in
the survey (Figure 6.3a). The small effects and the large number of genetic variants has
forced the community to bundle genetic datasets to acquire the sample sizes necessary for
these studies. This, together with the relatively low cost of genotyping, results in datasets
with large numbers of individuals. The largest sample size among interpretable deep learn-

ing applications amounted to 21,105 individuals [354]. However, there is thus a large gap
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General
Publication per year 2023 (13)* 2022 (45) 2021 (32) 2020 (12) other (19)
Research Field oncology (70) immunology (15) neurology (15) heritable traits (8) other (39)
Task supervised classification (76) | supervised regression (33) | unsupervised clustering (31)
Data
Bulk/single-cell bulk (97) single-cell (23)

Data type transcriptomics (88) genetics (56) epigenetics (34) clinical (7) other (10)
Sample size between 500 and 1000 (33) | >1000 & <5000 (29) >10 000 & <50 000 (19) >5000 & <10 000 (12) other (52)
Model
Model architecture multilayer perceptron (37) autoencoder (36) visible neural networks (24) | graph neural network (17) other (27)
Number of features <10000 (40) <50000 (31) <1000 (20) <100 000 (13) other (16)
Computational resources unspecified (88) GPU <13 GB (23) GPU >13 GB (16) CPU (11) other (5)
Interpretability

Active/passive (1st dimension) passive (72) active (35) passive & active (14)

Interpertation strategy (2nd dimension) attribution (101) hidden semantics (47) prior knowledge (37) connection-weights (32) other (41)
Interpretation methods (2nd dimension) SHAP (14) Integrated Gradients (10) | DeepLIFT (9) Layerwise Relevance Propagation (7) | other (41)
Granularity of interpretation (3rd dimension) global (61) local (49) semi-local (17)

Level of interpretation genes (92) pathways (35) SNPs (14) gene sets (11) other (24)
Source of prior knowledge (active interpretability) | Gene-Onthology (15) KEGG (13) Reactome (11) StringDB (4) other (32)

Table 6.2: Overview of the largest categories for each criteria in the main table (see http://www.roshchupkin.org/xai for the full table. Not all
categories sum to the total number of papers (n = 121) since some studies fall under multiple categories or use multiple methods or datasets. *The
systematic literature review was completed before the end of the year
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between the sample sizes used in interpretable deep learning applications and the millions
of individuals included in GWAS studies (e.g., [355]). Genetic data is sensitive data that
cannot be readily shared and gathering large datasets in one place is often infeasible. Dis-
tributed learning could be a solution to increase sample sizes [356, 357]. Especially since
most common research questions revolve around predicting phenotypes [358-360] and
diseases, most commonly cancer [339, 361-366], but also neuro-degenerative diseases
[367], psychiatric [368, 369], or hyper-inflammatory [370] conditions. Around these top-
ics, GWAS consortia have formed that have the proper data agreements in place. However,
interpretable deep learning with genetic data is not just restricted to these traits and dis-
eases. Examples of other topics for these applications include: differentiating populations
[371, 372] or the detecting gene-gene interactions and epistasis [110, 373-375].
Transcriptomics is the most frequently utilised input type covering 45% of the applications.
Effect sizes of genes are generally larger than genetic variants and studies can therefore
use smaller sample sizes. Sample sizes in the surveyed papers varied between several
hundreds [341, 376-378] to tens of thousands individuals [339, 379-382]. Similarly to
studies with genetic data, research questions for studies that use bulk transcriptomics data
often revolve around predicting various phenotypes based on gene expression differences.
Studies that use single-cell sequencing generally have different research questions, and
are focused on clustering and integration using autoencoder architectures e.g. [383-386]).
Recent popular publications on these tasks use foundation models, which are promising
as they can perform several tasks such as cell-type annotation and batch correction. These
large generative models are trained on millions of cells, Geneformer [105] used 30 million
cells, scGPT [350] was trained with a 33 million cells and scFoundatation [351] on 50
million cells.

Epigenetics is an increasingly popular research area, covering 17% of publication. Epige-
nomics data are commonly included as one of the inputs in a multi-omics framework -
only few publications focus on the sole use of epigenetic data (Supplementary Figure 4).
Lemsara et al. [387] combined four omic types in a sparse autoencoder based on pathways
and Pan et al. [388] showcased the combination of up to six different data types using
a vanilla autoencoder to improve stratification of breast cancer patients. Epigenetic data,
often in combination with other data types, have been used to predict cancer states [363,
366, 389-392], drug response [393], COVID-19 [394] or even data types, such as gene
expression [377, 395] or even metadata [396].
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Figure 6.4: General trends and statistics for model architectures used in the surveyed studies.
a) Number of publications over the years (cumulative) split per neural network type. b) Heatmap
illustrating the variety and quantity of data-model combinations.

6.3.2 Neural network architectures underlying interpretable models

Figure 6.4a shows the publication date of these papers categorized per network type. From
this figure it is clear that the field is in rapid development, with the vast majority (94%) of
papers included in this study being published in 2017 or later. It is also evident that the field
has not converged to a single network type, and many types of neural networks are being
explored. 6.4b provides an overview of the network architectures per data type. Absence
of interpretable deep learning architecture for a certain data type can be a consequence
of technical limitations, incompatibility or an opportunity. For example, it will only be a
matter of time before interpretable transformer architectures are applied to epigenetics
data. At this time, traditional fully connected neural networks (26%) are still the most
applied neural network type, closely followed by all the variations of autoencoder (26%),
visible neural networks (17%) and graph neural networks (12%).

Fully neural networks can only work with a limited number of input features. When
working with expression data this is generally solved by choosing the five-thousand, or less,
most differentially expressed genes. However, this loss of data can be avoided by using
other network types. Graph neural networks and in particular visible neural networks
can learn from larger number of features. Due to the sparely-connected architecture and
reduced computational load, visible neural networks are ideal candidates in applications

with large number of inputs and limited compute. The largest number of input features,
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using more than 4 and 6 million genetic variants, were found in studies employing visible
neural networks [369, 397]. Standard graph convolutional neural networks [398], have
been used in all data types (see figure 6.4b). Graph neural networks come in a wide-array
of variations and can even vary in the way that information from neighbouring nodes are
combined. To illustrate, [399] integrated self-attention from transformers in graph neural
networks, while [400] used spectral graph convolutions.

All unsupervised learning applications (22.1% of the studies) were clustering tasks, and
almost all were applying variations of autoencoders. Here we find notable differences
between the use of bulk data and single cell data. For single cell data, there is a data-
specific challenge to accurately cluster cell types. Recent articles have proposed to use
auto-encoders for this task as autoencoder can provide additional functionalities aside
from reducing the dimensionality, for example; remove batch effects, denoise the data, find
clusters and integrate multi-omics data [383, 386, 394, 401, 402]. Around 75% surveyed
papers using single cell data use variations of autoencoders for clustering.

The concept of visible networks was recently adopted for autoencoders, with the pioneering
work of Seninge et al. [386] who designed VEGA, a sparse variational autoencoders for sc-
transcriptomics supporting user-defined modules, subsequently inspiring numerous other
works. Amongst them was by Lotfollahi et al. [385] who designed the latent dimensions
of a sc-transcriptomics autoencoder to represent biological modules with their activities
being directly interpretable, further proving the versatility of different autoencoder designs.
Using biological knowledge to create more sparse autoencoders, allows these networks
to work with more input features with a reduces computational cost, something that
autoencoders - with their mirrored design - historically struggled with. It is still an ongoing
debate if the encoder, decoder, or both parts of the model should be sparsified [403]. Finally,
the latent embedding of autoencoders is known to suffer from the presence of confounding
variables [404, 405] and latent features may be entangled, meaning they encode similar

information, which hampers direct interpretability.

6.3.3 Interpretability

Dimension 1: Active, passive, or both?

Active interpretability methods require architectural changes, often by integrating bio-
logical knowledge, in the network structure prior to training. Naturally, the source of prior
biological knowledge is largely determined by the application area of the active network.
We found a rich diversity of knowledge sources - around 18 different - during our liter-

ature search (see Supplementary Figure 3), demonstrating the big advantage of active
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networks, namely to tune the model with respect to ones scientific interest. While around
50% of publications use one of the three major gene / pathway annotation databases
(Gene Ontology (GO) knowledgebase, Reactome, or the Kyoto Encyclopedia of Genes and
Genomes (KEGG)), others utilise smaller databases describing e.g. miRNA interactions
(miRTarBase) [384], functionally associated genes (GeneMania) [381], curated gene sets
(MSigDB) [390, 392, 406], or even own data [377, 391, 407]. Active networks can model
gene interactions, reactions, or even whole pathways, but in this they are restricted by the
quality of the prior knowledge. Integrating incomplete or subjective data may severely
limit model performances and interpretability. Active networks are also hampered in their
potential to uncover novel biological connections. None of the active deep learning appli-
cations had the ability to learn new connections or relations after the prior knowledge was
introduced, limiting the viability for niche data types, such as microRNA and non-coding

RNA, where only few experimental validated interactions are recorded in databases.
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Figure 6.5: Overview of the interpretability methods and strategies employed. a) Sunburst plot
depicting the strategies employed for the first and second dimensions of interpretability, along with
their respective prevalence among 121 surveyed publications. b) Heatmap illustrating the variety
and quantity of data-interpretability combinations. . ¢) Stacked barchart highlighting the identified
of model-interpretability combinations.)

Passive interpretability approaches can be applied post-hoc, meaning they do not require

researchers to change model architectures prior to training. There are a wide variety
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of post-hoc interpretation algorithms, most of them model-agnostic. The latter, allows
developers to make easy to use out-of-the-box interpretation solutions that can work for
most neural network architectures. Examples of frameworks for passive interpretation are
Captum [408], LIME [409], tf-explain [410] and SHAP [121]. The ease of use makes them
the interpretabilty method of choice in many studies (passive n = 72, active & passive
n = 14, Figure 6.2a). However, while these methods are flexible regarding the type of
model used, most of them provide approximations or make strong assumptions regarding
data structures.

Active and passive interpretability approaches are not mutually exclusive. For exam-
ple, [389] used visible neural networks in combination with DeepLIFT [411], a passive
approach. Passive analysis methods can complement active methods such as visible neural
networks well. Edge weights do provide global attribution scores but do not provide the

important patterns per individual or which features interact.

Dimension 2: How explicit do explanations need to be?

Logic rule sets were found in the earliest applications of interpretability in neural net-
works [373, 412-414] However, logic rules are not a method of the past; a recent work
of Montanez et al. [110] showcased how association rule mining can be used to study
epistasis. Association rule mining relies on the construction of sets of SNPs that often
occur together across different individuals. By describing the relationship between SNPs
in sets, easily understandable logic rules can be derived. Another recent publication, [111],
tackled the problem of explainability in healthcare by developing a framework capable of
directly extracting rule sets from neural networks, which can subsequently be inspected
and adjusted by clinical experts. Deriving rule sets is indisputably the most explicit way of
understanding the decision making process of networks. In the case of large or complex
networks, however, deriving a reasonable number of (understandable) rules might be
infeasible.

Attribution methods, provide less explanatory power as logic rules but are generally
quite feasible to apply, as demonstrated by their popularity. Attribution methods, make up
44.8% of the interpretation strategies (Figure 6.2a). As attribution strategies span such a
large portion of the interpretation strategies we subdivided them further based on method-
ological differences. Table 6.3 shows the types of attribution strategies accompanied by a
selection of representative application examples.

The largest category, gradient-based methods, contains many variations that differ on
how the gradient is propagated back to obtain the feature importance. All gradient-based

methods surveyed, with the exception of GradCAM, need a reference input to compute
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the attribution score. This gives researchers the flexibility to compute importance’s with
respect to different starting conditions, for example to distinguish between tumour and
normal tissue samples, normal tissues can be utilised as reference points [415]. However,
the use of inadequate references holds the possibility of spurious or misleading results, as
demonstrated in the framework XOmiVAE [416]. In this study, the authors show that their
interpretability results vary substantially depending on the reference chosen and conclude
that the use of random sets of reference samples is inferior to using normal tissue samples
as reference, as the latter specifically highlights important cancer pathways.
Permutation as well as perturbation shuffle or change the inputs and observe the change
in output. While permutation and perturbation of samples represent a simple way of
deriving explanations for any model, they are not well suited for studying large input
dimensions or interactions between inputs (e.g. epistasis), as this quickly leads to an
exploding number of input combinations to perturb. Perturbations and permutations were
used in 11 studies, mainly in for transciptomics and in studies that aim to find epistasis
[375]. Sun et al. [417] used local interpretable model-agnostic explanations (LIME) [409]
to reveal which genetic variants drive the progression of age-related macular degeneration.
LIME utilises perturbed samples to build simple surrogate models approximating the
predictions of an underlying black box model, thereby revealing important features [118,
363, 418].

Interpretability methods relying on game-theory almost exclusively revolve around Shap-
ley additive exlanations (SHAP) [121]. Its root in cooperative game theory makes SHAP
model-agnostic and thus universally applicable - from finding which genes attribute to
important pathways in visible neural networks [403], patient-specific feature importance
scores for multi-omics cancer data [387], or capturing relevant age-related CpG-CpG in-
teractions with SHAP GradientExplainer, an extension of the integrated gradients method
[419]. However, the calculation of SHAP values is complex (NP-hard) [420], so it can
be computationally infeasible to deal with high-dimensional data. Additionally, they are
designed to handle continuous data and thus show limited support for categorical features,
making it challenging to apply them to genetic data.

Attention-based interpretations is mainly used in transformer architectures, but has also
been integrated in graph neural networks. Through the use of a graph transformer network
and separate attention values for nodes and edges, Kaczmarek et al. [391] were able to
determine important miRNAs and mRNAs (nodes) as well as their interactions (edges) in
TCGA cancer samples. The use of attention is popular when translating one omics type
into another, for example when attempting to predict DNA methylation patterns from

genetic sequences, as it reveals relevant regions of interest of the input data type giving
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further insight into the interplay of genomic mechanisms [395, 421].

Although the bulk of attribution methods in genomics are adopted from the fields of
image recognition or natural language processing, we wanted to highlight some unique
approaches stemming from the biological domain. LINA, a linearizing neural network
architecture developed by Badre et al. [374] is a backpropagation method capable of
delivering first order (individual feature importance), as well as second order (feature
interactions) interpretability. Applied to SNP data with the task of epistatis detection, it
outperformed other attribution methods such as DeepLIFT or LIME. DeepResolve [422] sets
the goal of visualising how genetic features interact and contribute to a final phenotype.
The method uses gradient ascent and allows negative values in its feature interaction map,
thereby addressing limitations of other gradient-based methods.

Table 6.3: Overview on most widely used attribution methods with a hand-picked selection of

manuscripts applying each method. The full overview table with all entries can be found online
(http://www.roshchupkin.org/xai) and in Supplementary Materials

Strategy Methodology Citation
integrated gradients [380, 415, 423, 424]
DeepLIFT [375, 383, 389, 407, 425]
Gradient-based GradCA.M ) [341, 400]
Layerwise relevance propagation (LRP) [366, 426, 427]
SHAP GradientExplainer [419, 428]
DeepSHAP [429]
permutation - [363, 418]
, LIME [417]
perturbation o
modify input [118, 430]
game theory SHAP [387, 403, 431, 432]
attention - [391, 395, 421, 433]
LINA [374]
other DeepResolve [422]

Diet Networks with element-wise input scaling [365]

Hidden semantics - should be considered, if the goal is to decipher the inner workings
of network rather than focus on what is important for the final result. Exploring which
patterns hidden neurons are sensitive to can be easily done when working with active
networks. As hidden nodes represent biological entities in sparse networks, such as GO
terms [434] or gene modules [385, 386], their activation can be directly interpreted as
their activity. In the VEGA framework, authors even propose calculating differential latent
variable (gene module) activity, deriving a differential gene expression-like metric. If there

is an interest in sequence motives rather than gene sets, Wang et al. showcased that the
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examination of convolutional filters in CNN, which act as a 'motif detector,” can uncover
known Alzheimer disease-associated patterns [359]. In a versatile framework, Martens
et al. showed the possibility to simultaneously reduce dimensions and enforce clustering
in latent space of a VAE [435]. To circumvent the need for additional dimensionality
reduction methods like tSNE or PCA, autoencoder with only two latent dimensions were
designed, which upon plotting are directly interpretable as x- and y-axis[371, 372]. For
studies not directly observing the activation of hidden nodes or employing autoencoders
with a minimal latent size, our survey revealed that also post-hoc attribution methods
can be used to infer the meaning of hidden nodes. As an example, Janizek et al. utilised
integrated gradients in their biologically constrained autoencoder to (i) explain latent
feature contribution to reconstruction accuracy (ii) which genes contribute how much to
pathways [403]. Also the analysis of single-cell multi-omics data was enabled through the
sequential perturbation of latent features in an variational autoencoder, by observing its

downstream differences [402].

Dimension 3: from individual explanations to general patterns

Interestingly, during our survey we could not find any preferences in terms of data types,
networks, or interpretability methods for inferring local, semi-local, or global explanations
- at which granularity interpretability is achieved thus only depends on the goal of each
study.

For precision medicine, local methods are employed to obtain patient-specific explana-
tions. Popular examples include the investigation of import input features for supervised
prediction of a variety of phenotypes, including cancer [339, 380, 397, 436], autism [437],
macular degeneration [434], and multiple sclerosis [367], or interpretation of ECG read-
outs [430]. Besides interrogating the decisions behind predictions for patients, local in-
terpretability can also be used to gain insight in how genes influence the glycophenotype
of cells [438], how gene expression and DNA methylation are connected [395], or which
genes are best used to approximate the activity of other genes in gene regulatory networks
[439].

If not solely the outcome of one individual, but rather a group of individuals is of inter-
est, semi-local approaches should be preferred. Semi-local interpretability is of consider-
able interest when conducting biomarker discovery or survival analysis, as these research
questions have the underlying assumption that groups of individuals exist that can be
characterised by a unique genomic pattern. Especially in cancer research, namely NSCLC
[364, 440], GBM [441], and BRCA [388, 416], we found that by employing semi-local

interpretability approaches, the direct characterisation of patient subgroups in terms of
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important (multi-omics) features was enabled. In single-cell sequencing, semi-local meth-
ods can enable the characterisation of cell clusters or pseudo-bulk aggregates, which is a
key point when trying to study tissue heterogeneity [368].

The highest level of interpretation is constituted by global approaches. They aim at ex-
plaining the network as a whole - these research questions revolve around identifying the
most predictive variants, genes and pathways. Linear models, as used in GWAS studies,
always provide global interpretations. Neural networks can achieve these interpretations
by taking a bottom-up approach of deriving global insight by aggregating all local inter-
pretations when assuming independent and identically distributed random samples [442]
or by using global interpretation methods such as inspecting the weights of visible neural

network or by extracting a rule set.

6.4 Opportunities and perspectives

There is a plethora of tools and strategies to achieve interpretable deep learning. In this
review, we have tabulated and analysed 121 studies of interpretable deep learning appli-
cations in genomics. We observe an evolving and growing field, rich with a wide variety of
strategies and tools. Overall, the most applied neural network architecture is still the tra-
ditional fully connected neural network, closely followed by newer network types such as
the autoencoder, visible neural network and graph neural network. Post-hoc interpretation
methods, in particular attribution methods, from popular frameworks such as DeepLIFT
[411], SHAP [121], and Captum [408] make up the majority of interpretablity approaches.
However, with the rising popularity of graph and visible neural networks, the number of
applications with active approaches, in which biological knowledge is used to shape the

connections in a neural network, will continue to grow.

6.4.1 A lack of diversity and reproducibility within studies

Unfortunately, we found that most studies (n = 115) utilise only a single interpretation
strategy, only six studies used multiple interpretation strategies [339, 379, 393, 403, 423,
430]. With this wide range of different interpretation methods available, and without a
consensus on the best methods, it is worth-wile to apply multiple interpretation strategies
to obtain multiple perspectives. As each interpretation methods has its own set of strengths
and weaknesses, a combination of interpretation methods will paint a clearer and more
consistent picture. Especially the usage of interpretation methods of different categories
may complement each other, as global interpretation strategy might miss individual-level

or group-level patterns. Local interpretation strategies, on the other hand, may fail to
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provide a a clear overview. Even the use of multiple interpretation methods from the same
dimension may be beneficial, as some methods are particularly designed to find interac-
tions between features while others are designed to find the most important features. Next
to the observation that most studies just apply a single interpretation strategy, we also
observe that most studies just apply the interpretation approach once. Neural networks
have stochastic elements, and each trained network will inevitably find a different local
minimum with different weights. If the goal of a study is to understand the underlying
biology, then it is vital to assess the stability of the interpretation. Studies will need to asses
if the set of the most important genes or pathways is consistent over multiple runs. In the
surveyed papers, we noticed a general lack of reporting regarding the reproducibility, sta-
bility, or overlap of results from different passive interpretation strategies. Only a handful
of studies have focused on estimating the robustness of their interpretability results [362,
382, 396, 423, 443, 444].

Finally, it is important to consider that neural networks are non-linear, and that non-linear
interactions cannot be captured in a single value. Therefore, extracting a set of rules,
although harder, provides more value than the popular attribution methods. Extracted
rules can provides insight in the number of interactions, the stability of the prediction
model, the behaviour of examples that fall outside of the training set. In this regard, the
noticeable absence of probabilistic deep learning methods is noteworthy. A well-calibrated
certainty estimate could offer a clear indication of whether a method is applied effectively

to a sample unlike the training examples.

6.4.2 Future innovations for interpretable deep learning

The majority of the future innovations in interpretability strategies will likely come from
adapting established technologies to genomics data. Novel strategies to explain or inter-
pret deep learning will follow from all scientific fields where deep learning is applied.
In fields with inherently more interpretable data, such as image data, the validity of the
obtained interpretation can be visually assessed. For example, one can overlay an image
and the attribution scores and visually asses the plausibility or, for autoencoders, one can
generate the resulting images while traversing through the latent space. In genomics, in-
tuitive validation is limited. Simulated data, can bring relief, and the field has provided
useful tools for validating new interpretation strategies (e.g., [445-447]). The field of
genomics in itself also offers unique opportunities for interpretable deep learning. High
quality databases with various types of knowledge (protein-protein interactions, gene and
pathways annotations) have been leveraged in various ways to create interpretable neural

network architectures. The field has had novel contributions for interpretable deep learn-
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ing such as DeepLIFT [411] and many specialized neural networks architectures such as
visible neural network architectures [348].

Visible neural networks are promising neural network architectures where all weights are
interpretable. Nevertheless, this most likely comes with a cost in performance and in this
aspect there is room for improvement. For example, in most implementations genes and
pathways are represented with a single neuron. The number of patterns that a network
can learn within a gene or pathway is quite restricted. In contrast, convolutional neural
networks use commonly between 64 and 512 feature maps. Additionally, the sparsity of
the connections limit the number of interactions that these models can capture between
genes and pathways. The quality of interpretations is thus strongly dependent on the
quality of the biological information embedded. None of the current implementations can
compensate well for missing information and here lies an opportunity to balance between
a data-driven approach and a knowledge-guided approach. Learning the gap in the prior
knowledge may not be easy, but interoperability, for example finding the interacting nodes,
can be a tool to aid in identifying the missing connections. Networks that can learn missing
connections will not only perform better and provide higher quality interpretation, they
will also provide opportunities to fill gaps in biological knowledge.

Generative pretrained transformers (e.g., [105, 350, 351]) will be a popular tool for at
least the short-term future. Ease of use, as shown by the popularity of model-agnostic
interpretation methods, is a major factor for adoption. Here, autoencoders, graph neural
networks and visible neural networks have a disadvantage as they require more expert
knowledge in the design phase. Counter-intuitively, transformers are easily adopted, as
once trained, they can be widely shared and easy applied. Interpretation for these large
complex models is more complex for various reasons. Experiments in the natural language
domain have shown that there is often little correlation between important features re-
vealed by gradient-based interpretation methods and attention. Completely different set
of attention weights can results in the same prediction [448], and Bastings et al. [449]
argues that attention weights reflect the importance of representations of inputs rather
than the original input themselves and that those representations might already have
mixed in information from other inputs. Finally, transformers are often used as an extra
preprocessing step that transforms the data before applying an additional network for a
downstream task, bringing an extra hurdle for interpretation. Novel interpretation strate-
gies may therefore be required to enable transformer architectures help researchers in
understanding the underlying biology in genomics.

In the long-term, we expect more large-scale multi-omics datasets. Integrating multi-omics

data is difficult as the data combines the complexities of all the omics types used [450].
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Deep learning applications offer unique qualities that are particularly useful for combining
omics data. While other machine learning or statistical methods often depend on dimen-
sionality reduction tools, such as PCA, to bring the data to the same dimension, deep
learning models can handle multiple inputs of different sizes and use the appropriate
layers for each input. Sequence data can be fed through convolutional filters whereas
expression data can be processed using attention, or fully connected layers. The hierar-
chical structure of a neural network - each layer leads to a more abstract representation -
provides freedom in when and how to connect separate inputs. Similarly, other types of
data such as clinical data, imaging data and patient records can be integrated in a single
prediction model [451, 452]. These models will grow is size with the complexity of the
data, and the complexity of the task, but distributed learning might offer a solution to
acquire the sample sizes necessary to train these large models. Finding novel ways to
interpret these large models or to combine this data efficiently in smaller interpretable

smaller models, will be the challenge.

6.5 Concluding remarks

There are many ways to bring interpretability in deep learning applications in genomics,
and many opportunities to develop novel approaches to interpret and explain neural
networks. Aside from the concerns and opportunities raised in the previous sections, we
quantified and visualized common solutions and combinations of solutions. We observed
an exponentially growing field, rich with a wide diversity of methods and strategies, and
we believe that this healthy diversity will inspire the next generation of more interpretable

and trustworthy interpretable deep learning applications.
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6.6 Supplementary Notes

All Supplementary Material, including figures and tables, are available under: 10.5281/
zenodo. 11504748.

6.6.1 Data and code availability

All tabulated information can be found online under http://www.roshchupkin.org/xai. All
code to reproduce all figures can be found on GitHub: https://github.com/sonjakatz/

reviewInterpretability_figures.
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Abstract

Background: In the quest to unravel the mysteries of our epigenetic landscape, researchers
are continually challenged by the relationships among CpG sites. Traditional approaches
are often limited by the immense complexity and high dimensionality of DNA methylation
data. To address this problem, deep learning algorithms, such as autoencoders, are in-
creasingly applied to capture the complex patterns and reduce dimensionality into latent
space. In this pioneering study, we introduce an innovative chromosome-wise autoencoder,
termed mEthAE, specifically designed for the interpretive reduction of methylation data.
Results: mEthAE achieves an impressive 400-fold reduction in data dimensions without
compromising on reconstruction accuracy or predictive power in the latent space. In at-
tempt to go beyond mere data compression, we developed a perturbation-based method
for interpretation of latent dimensions. Through our approach we identified clusters of
CpG sites that exhibit strong connections across all latent dimensions, which we refer
to as ’global CpGs’. Remarkably, these global CpGs are more frequently highlighted in
epigenome-wide association studies (EWAS), suggesting our method’s ability to pinpoint
biologically significant CpG sites. Our findings reveal a surprising lack of correlation pat-
terns, or even physical proximity on the chromosome among these connected CpGs. This
leads us to propose an intriguing hypothesis: our autoencoder may be detecting com-
plex, long-range, non-linear interaction patterns among CpGs. These patterns, largely
uncharacterised in current epigenetic research, hold the potential to shed new light on
our understanding of epigenetics.

Conclusion: Our study does not only showcases the power of autoencoders in untangling
the complexities of epigenetic data but also opens up new avenues for understanding the

hidden connections within CpGs.
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Figure 7.1: Graphical abstract.
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7.1 Background

Epigenetics comprises all changes in gene expression that are independent from DNA se-
quence alterations. DNA methylation, the most extensively studied epigenetic mechanism
[453], involves the addition of a methylation group to a nucleotide, typically the cytosine
residue of a cytosine-guanine (CpG) dinucleotide. Epigenome-wide association studies
(EWAS) of high-throughput sequencing data have uncovered strong methylation signa-
tures in response to extrinsic factors, such as environmental changes, as well as intrinsic
factors such as stress [454-457]. Furthermore, the integrity of the methylome has been
closely linked to healthy ageing, as aberrant DNA methylation patterns have been linked
to age-related diseases, including Alzheimer disease, cardiovascular diseases, and cancer
[458].

The reversible conversion between methylated (hypermethylated) and de-methylated
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(hypomethylated) CpG regions has been shown to be highly dynamic [459]. EWAS aim
at examining the effect of epigenetic alterations on genome function by identifying DNA
methylation variants statistically significant associated with phenotypes of interests. Using
general linear models EWAS identify differentially methylated positions by conducting
pairwise comparison of mean CpG methylation values between different phenotypes [460].
Despite the wealth of knowledge generated through EWAS [461], such univariate linear
analyses are incapable of taking into account the spatial relationships of the up to 450.000
CpG sites measured simultaneously on each array [462]. However, as the genomic distribu-
tion of DNA methylation is tightly linked to its gene regulatory functions, gaining a deeper
understanding of the relationship between CpG sites is crucial for comprehending how
epigenetic modifications influence gene expression and thus ultimately have an impact
on human health and diseases [463]. A recent study [464] demonstrated how ageing
related CpGs can interact. They show that the contribution of individual CpGs to ageing
can be fully dependent on secondary, interacting CpGs. In some instances, a biologically
relevant primary CpG site can be completely silenced by a secondary hypermethylated
CpG; upon hypomethylation of the respective secondary CpG site, the silencing effect
disappears. We therefore argue that it is essential to expand the pool of methods capable
of modelling high-dimensional methylomics data, with the goal of finding not only single
CpGs of interest, but genome-wide methylation patterns.

One promising approach to overcome the limitations of EWAS in studying the relationship
between CpGs is the application of autoencoders to genome-wide DNA methylation data.
Autoencoders, and variations thereof, are versatile deep learning frameworks capable of
non-linear dimensionality reduction [465-467], clustering [467], data generation and
imputation [386, 468, 469], and performing classification and regression tasks [470, 471].
However, the application of autoencoders for whole genome methylation data has proven
to be challenging due to their sensitivity to hyperparameter selection [472] and high
computational cost [473]. Additionally, autoencoders, as other deep learning frameworks,
are inherently not interpretable. Various approaches have been developed to approximate
what an autoencoder learns. Most commonly, this involves visualisation of the latent dimen-
sion, revealing possible clusters or regions of interest [384, 474, 475]. While autoencoders
are frequently being applied to DNA methylation data [465, 466, 470] little work has been
conducted on interpreting individual latent features and exploring, for example, which
CpGs share a relation through common latent features.

We hypothesise that the way an autoencoder groups together CpGs in its latent dimensions
has biological meaning and might reveal novel insights regarding the relationship of CpGs.

To explore this, we propose a chromosome-wise autoencoder framework for interpretable
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dimensionality reduction of methylation data (mEthAE). In an attempt to validate the
performance of our autoencoder, we conduct supervised prediction of age and sex from
the latent embedding. Our interpretability pipeline, which is based on latent feature per-
turbations, yields groups of related CpGs at the latent-feature specific (local), as well as
embedding-wide (global) level, which allows us to study CpG relationships at different
granularities. In an attempt to put the obtained local and global CpG groups into a biologi-
cal context, we compare them to EWAS findings, assess their power to predict phentoypes
(age), analyse their genomic location, associated biological pathways, correlation patterns,
and genomic distances.

Bettering our understanding of the relationship between CpGs could, in the long term,
contribute to our understanding of epigenetic mechanisms and have important implica-
tions for the development of novel therapeutic strategies for various diseases, as well as

for the identification of biomarkers that can help diagnose and predict disease risk.

7.2 Results

7.2.1 Architecture optimisation

To reduce the dimensions of genome-wide DNA methylation data we propose mEthAF,
a framework based on chromosome-wise autoencoders. We decided to split our dataset
per chromosomes and train 22 individual models, as the high number of input CpGs
led to an explosion of trainable parameters if we attempted to train all chromosomes
simultaneously. This parameter explosion disabled us from exploring using e.g. multiple
hidden layers or larger latent dimensions. With 22 individual models, we were able to
thoroughly explore and compare different hyperparameter settings (see Material and
Methods). During optimisation, we focused on achieving a good trade-off between size of
the embedding and performances, measured as validation loss and reconstruction accuracy
which is defined as the Pearson correlation between input and reconstructed CpGs. An
overview of the best models, their latent sizes, and reconstruction accuracies for each
chromosome can be found in Table 7.1. Overall, we found it possible to compress the
input information to a factor of up to 400, while simultaneously achieving reconstruction
accuracies close to the maximal possible value (Figure 7.2). We expected the number of
optimal latent dimensions to correlate with the size of the input. Interestingly however,
although the number of CpGs for each chromosome greatly varies, we observed good
performances with latent sizes of 70 across all chromosomes. During optimisation, we

often observed a spike in performance around this number of latent dimensions, whereas

159



From Bytes to Bedside and Back | Chapter 7

performances only increased marginally when significantly more latent features were
added (Supplementary Figure 2). To judge whether we encoded biologically meaningful
information, we combined the latent dimensions of all autoencoders, totalling 1389 latent
features, and conducted supervised prediction of age and sex. Age regression yielded a
coefficient of determination of 0.82 and a RMSE of 8.72 years, while the classification AUC
ROC was 0.95, clearly displaying the combined autoencoders captured biological signal

in their embedding (Supplementary Figure 3).
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Figure 7.2: Comparison of reconstruction accuracies in relation to the compression factors for
each chromosome. Red dashed line: reconstruction of models with a latent size equivalent to the
number of input CpGs (no compression), averaged over all chromosomes; grey dashed line: recon-
struction of models with a latent size of 1 (maximal compression), averaged over all chromosomes.
Details on the models with no and maximum compression can be found in Supplementary Table 2.

7.2.2 Embedding-wide (global) CpG connectivity

By assessing the perturbation effects of CpGs across all latent features, we were able to esti-
mate the embedding-wide (global) CpG relationships. We believe that the more impacted
CpGs are by perturbations of the latent embedding, the stronger they are connected to
(multiple) latent features. This degree of connectivity between latent features and CpGs -
in short the CpG connectivity - reflects their importance in the network. CpGs exhibiting
similar connectivities form what we refer to as global CpG connectivity groups. We sought
to further characterise these global connectivity groups in terms of inter-cluster differences

and potential biological relevance.
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Table 7.1: Overview of models after hyperparameter optimisation.

Number of CpGs Latent Size Reduction Factor Reconstruction

accuracy

chrl 29482 72 409 0.56 £0.21
chr2 21984 60 366 0.58 £0.21
chr3 15547 45 345 0.58 £0.21
chr4 13100 50 262 0.55+0.21
chr5 15965 38 420 0.53 £0.22
chr6 23070 78 296 0.52+£0.21
chr?7 19599 70 280 0.54 £ 0.21
chr8 13704 88 156 0.54 £ 0.22
chr9 6619 88 75 0.55 £ 0.22
chr10 15736 52 303 0.53 £0.21
chr11l 18570 50 371 0.56 £0.21
chrl2 15165 52 292 0.55+0.21
chrl3 7802 90 87 0.55 £ 0.22
chr14 9417 48 196 0.50 £0.23
chr15 9715 48 202 0.50 £0.22
chrl6 13823 50 276 0.49 £ 0.22
chrl7 17044 60 284 0.51 £0.23
chrl8 3654 72 51 0.58 £0.22
chr19 15475 60 258 0.50 £0.22
chr20 6567 88 75 0.58 £0.21
chr21 2719 60 45 0.57 £0.19
chr22 5243 70 75 0.57 £0.21

300000 1389 233 £ 121 0.54 £ 0.21

Number of CpGs: number of input CpGs; Latent Size: number of nodes in latent
embedding; Reduction Factor: fold reduction from input size compared to latent size;
Reconstruction acuracy: Pearson correlation between input and reconstructed CpGs -
indicated for each model by the mean and standard deviation reconstruction accuracy
over all CpGs

Degree of global connectivity reflects sample and probe heterogeneity

Our interpretability approach (see material and methods) categorised all input CpGs in
three different connectivity groups, shown in Table 7.2. Whereas most CpGs show no or
a low connectivity (none, 28.8%; low, 60.9%), a small percentage of CpGs were highly

connected across the embedding (high, 10.3%). This ratio of highly connected CpGs was
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similar across all chromosomes, indicated by the low standard deviation, whereas the ratio
of lowly and not connected CpGs differed substantially between chromosomes. In-depth
comparison of these different global groups revealed clear differences between them. When
inspecting the range of beta values, CpGs in the highly connected groups showcased a wide
range of values, while CpGs in lower global connectivity clusters increasingly converge
towards values of O or 1 (Figure 7.3A). The inter-sample heterogeneity, indicated through
the standard deviation of beta values across samples, correlated directly with the degree of
connectivity, with highly connected CpGs showing the highest standard deviations between
samples (Figure 7.3B).

Table 7.2: Characteristics of global CpG groups.

Global Ratio Total number of CpGs

connectivity group | of associated CpGs | across all chromosomes
global-high 10.3 + 1.3% 30949
global-low 60.9 £+ 14.6% 181798
global-none 28.8 £ 15.4% 87523

Normalised with regard to the total number of CpGs on each chromosome and average
across all chromosomes
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Figure 7.3: Characterisation of global connectivity groups. (A) average and (B) standard deviation
of CpG beta values across all samples for the different clusters.
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Globally highly connected CpGs show higher biological relevance

To estimate whether a distinction in biological relevance between CpGs from different
global connectivity groups can be made we (I) interrogated how frequently CpGs from
groups are reported in EWAS studies (Fig7.4A) and (II) investigated their predictive power
by assessing how accurately participants’ age can be predicted using CpGs from the differ-
ent groups (Figure 7.4B). Comparison to EWAS studies revealed that CpGs from different
groups are reported with differing frequencies (Figure 7.4A, dashed lines). To put this
finding into relation, we employed a bootstrapping strategy (see Material and methods)
(Figure 7.4A, densities). This combined approach revealed that highly connected CpGs are
more often reported in EWAS studies than other groups or in the bootstrapped subset. The
observed effect is still present, however less pronounced, with lowly connected CpGs and
vanishes completely for not connected CpGs. We additionally conducted supervised age
regression (Figure 7.4B, dashed lines) and evaluated in a similar bootstrapping approach
as outlined above, namely through comparison against the prediction accuracies obtained
with randomly drawn CpG subsets of the same size (Figure 7.4B, density). Similar to the
picture obtained through the comparison to EWAS findings, it was observed that CpGs
with high connectivities are more predictive than other clusters (bootstrap p-value < 0.05),
while not connected CpG perform worse than a random subset. As a summary, using two
independent approaches, we observed that the global connectivity of CpGs correlates with

their biological relevance.
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Figure 7.4: Analysis of biological relevance of globally highly connected CpGs (A) Proportion
of CpGs reported as significant in EWAS catalogue. (B) Supervised age prediction using CpGs from
different global connectivity groups. Dashed line - CpGs recovered through interpretation approach;
distribution - 100 times randomly sampled CpG set of the same size.
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7.2.3 Latent feature-specific (local) CpG groups

In an attempt to gain a deeper understanding of the relationship between CpG sites, we
focused on interpreting individual latent features, as we hypothesised that the way an
autoencoder groups together CpGs in its latent dimensions has biological implications.
By subsequently perturbing latent features and categorising CpGs into different groups
based on the observed perturbation effects, we are able to delineate how strongly CpGs
are linked to respective latent features. This approach yielded groups of high (local-high),
medium (local-medium), low (local-low), and not (local-none) connected CpGs for each
latent feature (see material and methods). An overview of the average number of CpGs
assigned to each perturbation group can be found in Table 7.3. It is evident that a majority
of CpGs are not affected upon perturbing a latent feature (89.4%); only a small percentage
of CpGs show high (1.5%), medium (2.2%), or low (6.8%) effects. The e.g. local-high

perturbation group only consists of around 208 + 107 CpG on average per latent feature.

Table 7.3: Proportion of CpGs in local perturbation groups.

Perturbation group | Total number of CpGs? Ratio
of associated CpGs?
local-high 208 + 107 1.5+ 0.2%
local-medium 296 + 144 2.2+ 0.5%
local-low 930 £ 475 6.8 £1.8%
local-none 12202 + 6127 89.4 £ 2.2%

laveraged across all latent features

averaged across all latent features and chromosomes

Following the observations from the analyses of global CpG groups, namely that globally
highly connected CpGs seem to have biological implications, we aimed to investigate this
further at a latent feature-specific level, hypothesising that CpGs part of the same local-
high perturbation group are functionally or biologically connected. We thus tested whether
these CpGs share genomic context associations, biological pathways, correlation patterns,

or are spatially located in close vicinity to each other.

Latent feature-specific CpGs are enriched in specific genomic sites

Inspecting the genomic contexts annotated to the local-high CpGs in each latent feature
proved that these CpGs are significantly more often located in genomic regions of interest
(Table 7.4). Above 40% of latent features and their associated highly perturbed CpGs

164



METHAE: AN EXPLAINABLE AUTOENCODER FOR METHYLATION DATA

can be linked to Enhancer sites or 5‘UTR. Between 10-30% were enriched in DNase I
Hypersensitivity Sites (DHS), the first exon, in the vicinity of the TSS (TSS1500), or at the
3“UTR. It is to be noted that close to no association to CpG island, shelf or shore regions

were found. The most common enriched site, with 62%, were gene bodies.

Table 7.4: Summary of highly perturbed CpGs for each latent feature significantly associated
(p-value < 0.05) with different genetic contexts.

Latent features associated

Ratio [%]
(p-value <0.05)

Gene body 861 0.62
Enhancer 622 0.45
5'UTR 586 0.42
DHS 383 0.28
1stExon 305 0.22
TSS1500 299 0.22
3'UTR 223 0.16
TSS200 55 0.04
N-Shelf 26 0.02
S-Shelf 19 0.01
N-Shore 17 0.01
Island 13 0.01
S-Shore 9 0.01

Ratio: Number of features normalised over the total number of latent features (n=1389)

Biological pathways, correlation patterns, or spatial proximity do not explain CpG

grouping

Explanations behind the observed grouping of locally highly perturbed CpGs may include
their biological roles, a similar co-correlation pattern, or proximity regarding their genetic
locations.

To investigate a potential common biological role of CpGs in the local-high perturbation
group, we tested for each latent feature if those CpGs are significantly associated with the
same Gene Ontology (GO) term or Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway (FDR < 0.05) (Supplementary Table 3). Out of 1389 latent features, only 201
showed association to (at least one) GO / KEGG term (14.5%). Notably, we observed big
differences between chromosomes - while in most chromosomes not more than 15% of

latent features could be linked to biological annotations, the CpG groups of every latent
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feature in chromosome 6 could be matched to a GO term (100%).

Deep learning models organise information following patterns in the data - we therefore
examined possible co-correlation patterns between CpGs belonging to the same perturba-
tion group by calculating their Spearman cross-correlation (Supplementary Figure 4). An
average cross-correlation of <0.1 was observed, which suggests the absence of prominent
correlations of monotonic associations.

Lastly, we hypothesised that CpGs are strongly encoded in a common latent feature due to
spatial proximity on the chromosome, forming linkage disequilibrium (LD)-like clusters.
To test this, we examined (I) the median pairwise distances of CpGs as well as (II) defined

a LD-cutoff of 0.25 megabases (MB) and calculated a sparsity ratio for each latent feature,
whereas a sparsity of close to 1 denote large spatial distances between CpGs (see material

and methods). It is evident that CpGs highly perturbed for the same latent feature are

spatially not clustered together on the chromosome, with median pairwise distances of
>10 MB even for small chromosomes (Supplementary Figure 5A). This observation is

confirmed upon inspecting the sparsity ratios for each chromosome (Figure 7.5). Even in

the case of increasing the LD-cutoff, only a small decrease in the sparsity ratio is observed

(Supplementary Figure 5B). An exception to this is chromosome 6 - it shows low median

pairwise distances, a low sparsity ratio, as well as high sensitivity to variation in the LD-
cutoff.
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Figure 7.5: Sparsity ratio of local-high CpG perturbation clusters for all latent features with a
fixed LD-cutoff of 0.25 MB. A sparsity ratio of 1 denotes distances of CpG sites above the designated
cutoff, whereas 0 indicates identical positioning of CpGs.
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7.3 Discussion

The application of deep learning on DNA methylation data is a promising approach having
already made an impact in the field, but it remains challenging to delineate the learned
biology from models. We therefore set out to build a framework not only capable of
efficiently encoding methylation array data, but also enabling interpretation of how CpGs

are grouped together in the latent embedding.

7.3.1 High compression in latent embedding suggests signal sparsity

Although the Illumina 450K array only covers 2% of CpG sites of the human genome [476]
and are therefore considered very sparse, our work reveals a high degree of redundancy in
the data, demonstrated by the feasibility of compressing the input in a few latent features.
We show that just 1389 latent features - as opposed to 300.000 input CpGs, which translates
to compression of up to 400-fold - suffice to successfully achieve high reconstruction
accuracies. Our results align with previously published deep learning models, which found

comparable compression factors [465, 466, 470].

7.3.2 Global CpG groups capture biological diversity

With the aim of interpreting which information is compressed in individual latent features,
we developed an interpretability pipeline based on latent feature perturbations. Perturbing
or permuting nodes of interest and observing the downstream effects on the network is a
widely used attribution method for many data types [335, 477, 478]. A recent publication
by Minoura et al. utilised the step-wise perturbation of hidden nodes to find the correla-
tions of genes of interest with individual latent features, ultimately deducing regulatory
programs associated with each latent dimension [402]. We took inspiration from these
approaches and applied them to methylation array data. To facilitate a more structured
interpretation we divided the obtained perturbations effects in two levels: a local, latent
feature-specific level, as well as a global embedding-wide level, obtained by grouping CpGs
that show perturbations across multiple latent features.

Our analysis of global CpG groups shows a clear pattern: the more these groups are influ-
enced by perturbations of latent features, the stronger their connection to these features,
and the more biological information they seem to carry. This becomes evident when we
compare groups with varying levels of global connectivity based on their methylation
beta values. Firstly, groups with higher connectivity usually contain CpGs with beta values

around 0.5, a level often associated with significant variability in methylation patterns
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across different cells. Secondly, groups with higher connectivity also display a higher vari-
ability of beta values across samples, indicated by a high standard deviation. This is of
interest, as typically probes with low variability (low standard deviation) across samples
are deemed less biologically significant and are commonly removed during pre-processing.
Furthermore, we find that CpGs with higher connectivity are more frequently reported in
significant findings from epigenome-wide association studies (EWAS) and tend to show
greater predictive power in supervised learning models. Together, this reinforces the idea
that (i) the CpG groupings established by our autoencoder is biologically-driven, capturing
meaningful relationships among CpGs of different chromosomes and (ii) we are able to
observe this with our interpretability method, which suggests that CpGs in the high-global

connectivity group may be key in capturing biological variations.

7.3.3 Local groupings suggest potential long range non-linear CpG

interactions

Building on the understanding that global CpG groups possess biological significance,
our study ventured to explore the reasoning behind the local, latent-feature specific CpG
groupings. Our investigations revealed that these CpGs often occupy crucial genomic sites
like enhancers, exons, or gene bodies.

This is of particularly interest as it aligns with recent findings indicating the substantial
impact CpGs located outside transcription start sites have on gene regulation [479, 480], a
departure from earlier focus areas in research [481]. For example, enhanced methylation in
gene bodies has been linked to increased gene expression [482, 483], while the methylation
of first exons is closely associated with gene silencing [484]. Notably, enhancer methylation
has recently emerged as a critical regulatory element, drawing significant attention in
genomics [485-487].

Although this discovery resonates with our broader analysis, it doesn’t completely clarify
the specific relationships within the CpG groupings. Our association of latent feature
groupings with biological annotations like GO and KEGG terms indicates that only a
fraction can be linked to biological processes or pathways. This suggests the absence of a
uniform pattern across these groupings.

Additionally, we found low cross-correlation within these groups together with low ratio
of short to mid-range CpG interactions. Instead, we observed that CpGs within the same
perturbation group were dispersed along the chromosome, with considerable distances
between adjacent sites, suggesting the presence of a long distance regulatory mechanism. A
notable exception was chromosome 6, where we observed tighter clustering of CpGs within

the same perturbation group, as evidenced by lower sparsity ratios and median pairwise
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distances. This aligns with the known genetic density and complexity of chromosome 6,
which houses key immune response regulators like the human leukocyte antigen (HLA)
complex [488, 489].

While our analyses suggest that the autoencoder groups CpGs based on long-range, non-
linear interaction patterns, these patterns are not yet fully characterised in the current
research landscape. While strong associations between nearby CpG sites are well known
to impact gene expression [463, 490-492] the regulatory role of distal CpG sites is an
underrepresented topic because of the difficulty in defining CpG-target gene relationships
[493]. However, the importance of long distance CpG sites is not to be underestimated,
as it has been shown that most genes are associated with trans-methylation sites more
than 10 Mb from their promoter region, which explain on average 50% of the variation in
gene expression [494]. Long distance CpGs have also been recently proven to be putative
biomarkers for subtype-independent breast cancer diagnosis [493]. With the recent finding
on the importance of ultra-long-range interactions between regulatory elements [495],
we are now prompted to re-imagine the role of long distance methylation marks on gene
modulation. However, the challenge to extract novel biological insights from complex data
using deep learning remains a daunting task [466].

Our study thus contributes to a deeper understanding of the genomic distribution of DNA
methylation and its biological implications, marking a significant step forward in epigenetic

research.

7.3.4 Limitations

Due to the computational restrictions we trained individual autoencoder models on each
chromosome. Therefore, our current framework can not detect cross-chromosomal in-
teractions of CpGs. While this topic is underrepresented in literature, given our current
findings it would be important to test such hypothesis and train one large model for all
chromosomes [496, 497].

7.4 Conclusion

In this research, we have successfully developed chromosome-specific autoencoders for
methylation array data, achieving a remarkable up to 400-fold reduction in data size
without compromising the performance of our models. Our innovative approach, which
includes a custom perturbation-based method, allowed us to explore both broad and

specific CpG connections within the embedding.
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Our finding that we are able to reduce the data size by 400-fold encourages a re-evaluation
of thresholds applied in EWAS studies; the redundancies observed in the data suggest that
the number of true independent tests may be lower than currently assumed for most
studies, which would affect the EWAS significance threshold. A key finding from our
interpretability analysis is that CpGs with strong connections across the entire embedding
demonstrate significant biological relevance, corroborating findings from epigenome-wide
association studies (EWAS). When examining CpGs grouped in individual latent features,
we observed that these groupings did not correspond to typical correlation patterns or
proximal locations on chromosomes.

This intriguing result points towards the possibility of long-range, non-linear interactions
between CpGs, a phenomenon that has not been extensively characterised in epigenomic
research. Our study thus opens up new avenues for understanding the complexities of
DNA methylation and its role in gene regulation, indicating a rich field of study for future

research in epigenomics.

7.5 Methods

7.5.1 Datasets

The data used derived from a continuous ageing study, publicly obtainable from the Gene
Expression Omnibus (GEO) under accession number GSE87571. This study by Johansson
et al. assessed the methylome of the white blood cells of 732 participants, ranging in age
from 14 to 94 years old, using the Illumina Infinium 450K Human Methylation Beadchip
[498]. For comparison to the EWAS studies, all metadata and results of the EWAS catalogue
[499] were downloaded (version 2022-8-18). For analyses, only studies with results from

measuring whole blood samples were included.

7.5.2 Preprocessing

We preprocessed the raw data using the PyMethylProcess pipeline, following the steps
described in the original PyMethylProcess publication [500]. This yielded a total of 300.000
DNA methylation values, called beta values, which are continuous variables between 0 and

1, representing the ratio of methylated versus unmethylated probes for the same locus.
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7.5.3 Computational framework
Autoencoder

To reduce the dimensions of the DNA methylation data, our study utilised an autoencoder
network, which is an unsupervised neural network consisting of an encoder and a decoder
part (see Figure 7.6). While the encoder maps the high dimensional input data into a
lower dimensional latent embedding, the decoder attempts to reconstruct the original
input from said embedding. We trained the network through a mean squared error (MSE)
loss function which quantifies the error between the original input and reconstruction.
Prior to training models, the data set was divided into 70% training, 20% testing, and 10%

validation.
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Figure 7.6: Schematic representation of an autoencoder. The input (x) denotes a set of input CpGs
e.g. 29482 CpGs for chromosome 1. The encoder (E, parameterised by ¢) consists of contiguous
hidden layers, each with fewer nodes. The latent embedding (z) represents the bottleneck of the
autoencoder with the minimum number of nodes. The decoder (D,, parameterised by ) reversely
mirrors the layer structure of the encoder, with the final layer featuring the same number of nodes
as the input layer as it attempts to reconstruct the original input from the latent embedding.

Architecture optimization To ensure that we do not compromise model design due to
memory issues, we split our dataset chromosome-wise, ultimately training and optimising
22 separate models, one for each chromosome. To derive an optimal architecture for our
autoencoders, we carried out an exhaustive hyperparameter search assessing the combina-
tion of multiple activation functions, layers (batch normalisation, dropout), learning rates,
and number of latent features. All tested architectures were based on densely connected

autoencoders with 2 hidden layers before the bottleneck (see Figure 7.6). Between each
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hidden layer, reduction factors of 3 and 2 were selected, resulting in a total reduction to
6% of the original input size respectively (Supplementary Table 1). Our hyperparameter
optimisation strategy comprised two consecutive parts: firstly, a coarse scan to evaluate
a broad range of hyperparameters, followed by a fine scan further optimising the best
performing settings.

Coarse hyperparameter scan - During the coarse scan we evaluated latent space sizes with
a reduction factor of 2, 4, 8, 16, 32, or 64 respective to the last hidden layer. As a regular-
isation method to avoid over-fitting, dropout layers with probabilities of 0.1, 0.3, and 0.5
were evaluated. Batch normalisation layers [501] were added to the encoder, which was
observed to also enhance training speed and stability. Learning rates evaluated ranged
from 0.0001 until 0.005. For the activation function, we used the Parametric Rectified
Linear Activation Function (PReLU) [502] in all layers except the output layer, which em-
ployed a sigmoid activation function, as beta values are finite continuous values between
0 and 1. Models were trained for a fixed period of 500 epochs using an Adam optimiser
[503] and a batch size of 64. As loss function mean squared error (MSE) was used. To
evaluate and rank the training performance of models the loss on the validation set was
monitored as well as the reconstruction accuracies, measured as the Pearson correlation
coefficient (p) between the original and reconstructed CpGs. To identify an optimal latent
space size from the coarse scan, we evaluated and ranked all combinations of hyperpa-
rameters for each latent space size. Subsequently, the latent size showing a satisfactory
trade-off between validation loss, reconstruction accuracy, and number of dimensions was
selected for further refinement in the fine hyperparameter scan.

Fine hyperparameter scan - To design the latent size grid for the fine hyperparameter
scan, six latent sizes in close vicinity of the optimal latent space size from the coarse scan
were selected. An overview of the final models including hyperparameters can be found
in Supplementary Table 1. Subsequently the fine search followed the same strategy as
the coarse search, assessing the identical set of hyperparameter combinations. Ultimately,
our optimisation procedure yielded one hyperparameter-tuned autoencoder model per

chromosome.

Evaluation of reconstruction accuracies To objectively evaluate whether the recon-
struction accuracies (measured by the Pearson correlation (p) between the input and
reconstructed CpGs) of our optimised models are satisfactory, we wanted to compare
them to a version of the model without any compression in the latent space (number of
latent dimensions = number of input CpGs), as well a version with maximum compression

(number of latent dimensions = 1). In theory, the model without any compression should
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achieve the maximum possible reconstruction accuracy, while the model with only a single
latent dimension denotes the minimum achievable accuracy.

All models were built in pytorch (version 1.10.2) [504] and trained on using the GPU units
RTX 2080 Ti (11GB).

Supervised prediction of age and sex

The amount of biological information encoded by the autoencoders was estimated by trying
to predict participants’ age and sex from the latent embeddings using a supervised model.
Therefore, we used the scikit-learn [505] implementation of the Random Forest Regressor
and Random Forest Classifier. Hyperparameters of the model were left unchanged, except
for the number of trees in the forest, which was raised to 1000. Participants with missing
annotation were excluded from the supervised prediction. To avoid data leakage, we
used the same train-test splits for training the supervised model as were used for training
the autoencoder. Scoring for age regression was done by calculating the coefficient of
determination (R?) from actual and predicted age and for sex using the area under the
ROC curve (AUC-ROCQC).

Interpretability of latent features

To understand how the autoencoder encodes input information (CpGs) in the latent embed-
ding, we implemented a post-hoc interpretation approach based on sequential perturbation
of latent features which is outlined in the following sections. A graphical summary of the
steps is provided in Figure 7.7.

Step (1) - Latent feature perturbations: Latent feature perturbations were carried out
sequentially one at a time while holding the remaining latent dimensions fixed. The pertur-
bation value was determined to be one standard deviation of the latent feature activation.
Subsequently, other forward passes were conducted, this time with the latent feature acti-
vation being altered by the addition or subtraction of the perturbation value. To estimate
the effect of the introduced perturbation on each CpG, the median absolute difference
between the original, unperturbed reconstruction and the new, perturbed reconstruction
was calculated. Finally, the differences over all samples and both perturbation values were
averaged, resulting in a single perturbation effect value for each CpG. Repeating this pro-
cedure for each latent feature yielded a perturbation matrix with a single perturbation
effect value for each CpG and latent feature.

Step (2) - Deriving perturbation effect clusters for each latent feature (local CpG
groups): For each latent feature we sought to categorise CpGs into different groups based

on the perturbation effects ranging from highly, medium, lowly, to not perturbed groups
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- we refer to those as ”local” CpG groups. To categorise CpGs into the aforementioned
effect groups, we determined each latent feature’s mean perturbation effect and standard
deviation and assigned latent-feature specific thresholds (Table 7.5). Subsequently, for each
latent feature the perturbation effect of every CpG was examined and CpGs assigned to an
effect group using these thresholds. It is important to highlight that CpG assignments were
not unique, as these group assignments were performed for each latent feature sequentially.
Table 7.5: Latent-feature specific thresholds for assignment of CpGs to perturbation effect

groups. Thresholds were derived through determining each latent feature’s mean perturbation
effect and its standard deviation.

. threshold
perturbation effect group
lower upper
local-high > 3xstd() -
local-medium >2x%std() < 3xstd()
local-low >1xstd() <2x*std()
local-none - <1xstd()

Step (3) - Deriving embedding-wide perturbation effect groups (global CpG groups):
In addition to the latent feature-wise CpG grouping described above, we also sought to
infer CpG groups based on all latent feature perturbations combined. We therefore used
the effect groups derived from Step (2) to assess the “global” CpG relationships, which
are the perturbation effects of individual CpGs across all latent features. Similar to the
thresholding procedure described in Step (2), the mean perturbation effect of all CpG was
derived and each CpGs classified into three global relationship groups, termed global CpG
connectivitiy groups: globally highly, lowly, and not connected (Table 7.6).

Table 7.6: Thresholds for assigning CpGs to global connectivity groups.

. threshold
global connectivity group
lower upper
global-high > 1xstd() -
global-low >0 <1xstd()
global-none =0

As a summary, our interpretability approach yields insights on two levels. Firstly, a detailed
insight of which CpGs share a relationship by being linked to common individual latent
features. Secondly, an estimate of how strongly CpGs are perturbed across the whole

embedding, indicating their overall (global) connectivity in the network.
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Figure 7.7: Graphical summary of the interpretability approach utilised in this work which
bases on latent features perturbation. An in-depth description of each step can be found in section
7.5.3. An example of the observed perturbation effects can be found in Supplementary Figure 1.
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7.5.4 Characterisation of CpG clusters

Comparison to EWAS findings

A biological validation of the global CpG groups derived by our interpretability pipeline
was done through comparison to the EWAS catalogue, calculating how often CpGs from
each connectivity group are reported in the EWAS catalogue. To estimate whether the CpGs
found by our interpretability method were significantly over- or under-represented with
regards to CpGs reported through EWAS, we followed the bootstrapping approach outlined
here: (i) all CpGs of the perturbation group under study were checked for significant
associations in EWAS studies and the number noted; (ii) a random set of CpGs of the same
size as the CpG group under study was drawn and checked for significant associations
in EWAS studies; (iii) repeat (ii) for 100 iterations to derive a distribution indicating the
chance of a random group of CpGs being mentioned in EWAS; (iv) derive a significance
measure by comparing the number of random CpG group configurations that showed the

same or higher overlap with EWAS findings than our group of interest.

Investigation of common genomic context, enrichment in biological pathways, cor-

relation, and spatial location

We tested for potential common genetic location or functions of CpGs that are part of the
same perturbation group by extracting the genetic information provided in the Illumina
Infinium Methylation450K manifest (version 1.2). We applied hypergeometric testing to
assess whether CpGs have a common location relative to the nearest gene, association to
the same CpG island, location relative to the CpG island, regulatory feature group, DNase
I Hypersensitivity Site (DHS), or are located in the same enhancer site. Additionally, using
the missMethyl package [506] in R, we tested whether CpGs of the same perturbation
groups belong to the same Gene Ontology (GO) terms or Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathways (significance threshold FDR < 0.05). To test for intra
group correlation we examined the average Spearman cross-correlation of CpGs in the
same perturbation group. To investigate whether CpGs connected to the same perturbation
group form LD-like clusters on the chromosome, we assessed their spatial distances by
calculating a CpG sparsity ratio. We therefore calculated the pairwise distances of CpGs
within the same perturbation group and defined a LD-cutoff of 0.25 MB. The sparsity ratio
was subsequently calculated by assessing the number of pairwise distances not within the

LD-cutoff divided by the total number of distances.
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7.6 Supplementary Notes

All Supplementary Material, including figures and tables, are available under: https://
doi.org/10.1101/2023.07.18.549496.

7.6.1 Data and code availability

All code for framework development and performance analysis associated with the current
submission is available at https://github.com/sonjakatz/methAE_explainableAE_methylation.
Any updates will also be published on Github. Preprocessed data as well as trained models

are available upon request.
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Abstract

In the evolving healthcare landscape, precision medicine’s rise necessitates adaptable doc-
toral training. The European Union has recognized this and promotes the development of
international, training-focused programmes called Innovative Training Networks (ITNs).
In this article, we introduce TranSYS, an ITN focused on educating the next generation of
precision medicine researchers. In an ambition to go beyond describing the consortium
goals, our article explores two key aspects of ITNs: the training and collaboration. Our
quantitative analysis approach reveals substantial improvements in scientific, professional,
and social skills among young researchers facilitated by the engagement in this interdis-
ciplinary network. We provide case studies underlining the advantages of collaborative
environments, featuring innovative scientific exchange within TranSYS. While challenging,
ITNs foster positive growth in young researchers, yet exhibit weaknesses such as balancing
stakeholder interests and partner commitment. We believe this study may benefit a vari-
ety of stakeholders, from prospective ITN creators to industry partners, to design better

sustainable training networks going forward.
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8.1 Introduction

Precision medicine (PM) represents an evolving field within the healthcare sector, cen-
tered on the fundamental premise that an individual’s reaction to diseases and therapeutic
interventions is intricately shaped by their unique genetic makeup, environment, and a
constellation of personalized biological factors. By meeting the specific needs and char-
acteristics of each patient, PM intends to make both clinical decision-making and data
communication more effective and to minimize potential side effects [507], and also im-
prove patients compliance. The ambition is to use individuals’ phenotypes and genotypes
(e.g. molecular profiling, biomarkers, lifestyle data) to tailor the right disease prevention
or therapeutic strategies for the right person at the right time. To approach the challenges
associated with this paradigm-shift in disease prevention and healthcare, the involvement
and collaboration of key stakeholders, including healthcare professionals, academia, policy
makers, industry, and patients is required. In order to achieve this goal, understanding
the molecular-level causality of pathogenesis becomes crucial. Highly interdisciplinary
skill sets are now needed to exploit big datasets and scientific advances that can drive
improvements in the prevention, diagnosis, and development of tailor-made interventions
for individuals or groups of individuals.

The collaborative nature of precision medicine, which integrates expertise from diverse
fields such as genomics, informatics, and clinical practice, demands a commitment to
ethical standards. Transparent communication across disciplines guarantees a shared un-
derstanding of goals, methodologies, and potential implications, fostering a cohesive and
responsible research environment. Ethical considerations extend to acknowledging and
addressing biases, promoting inclusivity, and safeguarding against the misuse of data. So-
cially, a commitment to interdisciplinarity promotes a holistic approach to healthcare that
reflects the complex interplay of genetic, environmental, and lifestyle factors. In this way,
precision medicine can fulfill its promise of providing tailored, effective, and ethically
sound healthcare solutions for individuals and communities.

In this context, Innovative Training Networks (ITNs), and under the EU’s Horizon Europe
programme the new Doctoral Networks have emerged as valuable frameworks for global
research and education collaborations. ITNs are an example of a multinational interdis-
ciplinary PhD programme jointly implemented by academic institutions, industries and
others across Europe [508]. These training networks are designed to facilitate transna-
tional cooperation, fostering the exchange of expertise, ideas, and best practices among
researchers, and professionals worldwide. Their origin can be traced back to the late 20th

century, a period marked by increasing globalization and the rapid evolution of informa-
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tion and communication technologies. In response to the need for enhanced international
collaboration, the European Commission took a pioneering step in 1990 by launching the
Marie Sklodowska-Curie Actions (MSCA) program, which aimed to support mobility and
training for researchers within Europe [509, 510]. ITNs revolve around several key focuses,
each contributing to the enrichment of research, education and professional development

on a global scale [511]:
* Interdisciplinary research

* Mobility and knowledge exchange

Skill development and training

* Collaborations and consortia building
* Innovation

* Human capital development

* International cooperation

The European Union recognized the importance of developing a skilled workforce that
could address current and future challenges and drive innovation in biomedicine. To meet
this training need the TranSYS ITN was established to offer Early Stage Researchers (ESRs)
the opportunity to gain interdisciplinary training, engage in collaborative research projects,
and develop novel techniques and tools with the goal to advance PM [512]. By supporting
this interdisciplinary training network, the EU aims to foster innovation, promote scien-
tific excellence, and address critical health-related issues in an increasingly interconnected
world. It has evolved from joint workshops and consultations, identifying training gaps in
European levels. Preliminary results from implementing pharmacogenomics in clinical set-
tings (cardiology, oncology, and psychiatry) show potential to improve drug use, minimize
adverse reactions, and reduce healthcare costs [513, 514].

The consortium at the core of TranSYS consists of a combination of expertise in various
fields including Systems Medicine, Functional Genomics, Bioinformatics, Biostatistics, In-
tegrative Biology, Artificial Intelligence (A.L.), Software Development, Blockchain, Ethics,
and Pharmacogenomics, completed by industry partners at the forefront of innovative
future healthcare. All ESR research projects were complemented by training covering
technical (genomics, bioinformatics, health informatics, statistics, data mining, systems
medicine and ethics) and key soft skills relevant to high-level research career paths as
future leaders for the Precision Medicine revolution. The ESR projects in TranSYS aim to

address barriers related to translational systemics (e.g., limited access to validated data

184



TRANSYS TRAINING PROGRAMME FOR NEXT-GENERATION SCIENTISTS

and lack of standards for data storage and curation, along with data privacy concerns) and
deliver key innovations to enhance disease detection, diagnosis, treatment, and preventive
healthcare.

This paper provides an in-depth exploration of the TranSYS ITN, including its inception,
primary areas of focus, and notable achievements. In an ambition to go beyond simply
describing goals of the consortium, we aim on giving a detailed insight into two key features
of ITNs: the ESR training and collaboration. Using self-reported metrics we evaluate the
scientific, professional, and personal growth of ESRs over the duration of the ITN and
investigate whether this can be linked to network activities. Furthermore, we measure the
scientific output of the consortium and highlight individual projects that could only be
facilitated by the collaborative nature of an ITN. Finally, we provide an ESR-perspective
on open challenges within ITNs and suggest possible solutions to further improve the

experience for early career researchers joining a MSCA-ITN.

8.2 Results

8.2.1 Overview of ESR projects and expertise

The ESRs recruited for TranSYS are as multidisciplinary and diverse as the program itself.
Taken together, the ESRs showed a high degree of interaction within the network (Figure
8.1a, chords), but also with the scientific community outside TranSYS (Figure 8.1a, dots).
The healthy mix of wet and dry lab projects (Figure 8.1b) enabled the onboarding of ESRs
from a broad variety of backgrounds: from physics, engineering, and statistics, to genetics,
molecular biology, pharmacology, and ethics (Figure 8.1c). A more in-depth overview of
individual projects and how they fit into the frame of TranSYS work packages (WP) can

be found in section Mission and structure of the TranSYS consortium and Table 8.1.

8.2.2 Professional, scientific, and personal growth of ESRs throughout
TranSYS

All ESR individual research projects were complemented by training covering technical
(genomics, bioinformatics, health informatics, statistics, data mining, systems medicine and
ethics) and key soft skills essential for taking a leading position in the Precision Medicine
of the future. With the goal of gaining a more quantitative impression on the achievements
of TranSYS in terms of scientific innovation and impact of ESR training, we conducted
a survey amongst ESRs. This survey included the questions regarding formal education,

a variety of technical, managerial, and soft skills, as well as ratings of official TranSYS
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Figure 8.1: Summary on TranSYS ESRs. (a) Circos diagram displaying the number (panel), second-
ments/collaborations (chords), and the scientific output (dots) of each TranSYS ESR. (b) Technical
nature of projects. (¢) Combined educational background or formal training of ESRs. ESR color
coding is consistent throughout the manuscript.

events, such as summer schools and secondments, assessing their perceived impact on the
development respective skills.

To assess the development of ESRs throughout the period of TranSYS, we compared the self-
reported skill ratings of a set of diverse categories from the start (1st year) to the end of the
ITN period (3rd year) (Figure 8.2). A more detailed analysis of each category can be found
in Supplementary Figures 1. It is evident that while ESRs strengthened their skills overall,
especially their competences in communication (adjusted p-value < 0.05) and research
(adjusted p-value< 0.01) significantly improved. Communication skills include public
speaking, writing, and presentation skills, while research skills encompass areas such as
knowledge of the field, critical reading, or understanding data ownership. Other categories,
however, do not reflect this trend, with individuals reporting perceived indifference or even
worsening of skills. Foremost, we find a lack of growth in the area of Work-Life-Balance,
revolving around topics such as quality of life, healthy time management, or maintaining
personal motivation. ESRs also felt like they did not grow a lot in their professionalism,
referring to their competence in upholding deadlines, seeking advice, or contributing to a
team.

One can argue that during three years spent working in academia an improvement of skills
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Table 8.1: Overview of ESR projects.

ESR Affiliation Title of the project WP Lab Keywords

gene-based networks,

1 KU Leuven, Belgium Development of individual-specific molecular networks 2 Dry L
multi-omics

Hunting for patient subtypes
2 KU Leuven, Belgium through image-based phenotypes as biomarkers 2 Dry
for major gene effects in medical disorders

genomic data,
patient stratification

Iti-omics,
3 Erasmus MC, Netherlands GDPR regulation in translational medicine 1,2,3 Both .mu ! on“n‘cs .
patient stratification
bioethics.
. Polygenic Risk Score(s) in the clinic: 5 1cs,
4 KU Leuven, Belgium . ) . 2 Dry PRS,
ethical challenges and stakeholders’ perspectives ELST
. . R Personalized molecular signatures for modulating progression genome-scale
U ity of Ljubl
5 Tiversity 0_ _Ju Jana, N of metabolism associated liver disease (MAFLD) 1 Both metabolic models,
Faculty of Medicine, Slovenia .
to hepatocellular carcinoma HCC
Dissecting cellular heterogeneity of Parkinson’s disease (PD) PD,
6 Université du Luxembourg, Luxembourg  related iPS cells during aging by integrated single cell transcriptomics 1 Wet scRNA-seq,
and imaging analysis to identify disease modifiers neurodegeneration
bladd
7 Spanish National Cancer Personalized approaches to modulate tumor 1 Wet ar. ite(:rt}f:::e'rés
Research Centre (CNIO), Spain behavior using vitamin D3 € & pies,

patient derived organoid
transcriptomics,

8 Institut Pasteur, France Integrated modeling of systemic autoimmune diseases 2 Dry . R s
inter-individual variability

. . Patient-centric data integration framework data integration,
9 Barcelona Supercomputing Center, Spain . 5 . 2 Dry .
for highly dimensional data system-level analysis

Development of a Federated Blockchain-based data interoperability,

10 KU L Belgi . . . o 1,23 D N
euven, Belgium Clinical Architecture for Empowering Data Interoperability v data sharing
1 Max Planck Institute of Psychiatry, Identification of biological subtypes related 5 b depression,
Germany to treatment resistant depression v patient subtyping
Iti-omi
12 University Medical Centre Groningen, Multi-omi lysis to delineate dru thy 3 Both da‘t:uinlt:nr]al:is(;n
The Netherlands ulti-omics analysis to delineate drug-response pathways of ¢ g ;
single-cell analysis
Max Planck Institute of Psychiatry, . . hiatry,
13 ax Flanck Institute of Fsychiatry Understanding stress-responsive molecular networks 3 Dry psyehiatry,
Germany PRS
14 The Golden Helix Foundation, Standardization of disease and population-specific 3 Both preemptive
United Kingdom genotyping panel for preemptive pharmacogenomics pharmacogenomics
Developing data mini; d A.L tool AL,
15 LifeGlimmer GmbH, Germany eveloping cata mining an 00'8 3 Dry

to better understand patient heterogeneity patient stratification

Displayed are the ESR number (ESR), Affiliation, Project title, Associated work package

(WP), Technical nature of the project (wet lab, dry lab, both), and Keywords outlining the
field of research.

at every level will occur regardless of the possibilities offered within an ITN. To test this,
we correlated the growth of each ESR - measured as the difference between skill levels
reported in the 3rd and 1st year - with their rating on the perceived value of TranSYS events
such as summer schools (Fig 8.3a) and secondments (Fig 8.3b) for each skill category.
While research skills seem to have improved independently of summer school activities
(Fig 8.3a, left panel), TranSYS events can be clearly correlated with an improvement
in communication (right), evident by the large number of ESRs in the green quadrant.
Interestingly, although many valued events for their positive impact on Work-Life-Balance,
no real improvement of skill was visible (middle); on the contrary, all ESRs reporting
a worsening in this category were dissatisfied with the events. What summer schools
were lacking in terms of impact on research skills, the secondments clearly compensated

for (Fig 8.3b, left panel). A majority of ESRs rated their secondments very positively,
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going hand in hand with noticeable learning effects. A similar effect was observed for
the categories communication (right), as well as management, and career advancement
(Supplementary Figures 2). However, secondments were also perceived to have a negative
impact across a majority of ESR’s Work-Life-Balance. Especially the subcategories "living"
and "effective time management" suffered (Supplementary Figures 2). The data is clear
that while secondments are invaluable in improving research skills and an interdisciplinary
mindset, they are intense, taking a toll on ESRs by adding stress due to e.g. relocation to

another country.

8.2.3 Scientific achievements

Mission and structure of the TranSYS consortium

Although the global market offer promising job opportunities and sustainable career paths,
there is a significant demand for skilled researchers who can bridge the interdisciplinary
gap between life- and data/computational sciences in the industry. Consequently, the con-
sortium at the core of TranSYS consisted of a combination of expertise in various fields like
Systems Medicine, Functional genomics, Bioinformatics, Biostatistics, Integrative Biology,
artificial intelligence (A.L.), Software Development, Blockchain, Ethics, and pharmacoge-
nomics, completed by industry partners at the forefront of innovative future healthcare.

An eagle-eye view of the structure of TranSYS can be found in Figure 8.4. Projects were
outlined and designed by beneficiaries according to their research areas and capabilities, in
order to achieve the following three main goals through interdisciplinary collaborations:
A) Narrowing the gap between preclinical performance and treatment benefit through the
integration of preclinical wet-lab observations with in-silico modeling. The aim was to pro-
mote the development of more sophisticated disease progression models and significantly
enhance discovery and validation of biomarkers. By bridging the gap between experimen-
tal and computational approaches, TranSYS ESRs could unlock a deeper understanding
of diseases, leading to more effective diagnostic tools and targeted therapeutic interven-
tions. Noteworthy among these efforts are the contributions of Najjary et al. (ESR3), who
elucidated the omics on immune responses and immune system associated with the devel-
opment of cancers [515]. Additionally, Walakira et al. (ESR5), who applied genome-scale
metabolic modeling to integrate transcriptomics data in a human reference model and
extract personalized, context specific models for patients with HCC [516, 517]. Wilson
et al. (ESR6) dissected the cellular heterogeneity of Parkinson’s disease related iPS cells
during aging by multiomics to identify disease modifiers (manuscript in preparation).

Furthermore, Berca et al. (ESR7) generated a full-characterized (at the histology, transcrip-
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tomic, genetic and epigenetic level) biobank of PDO from bladder tumor samples and use
them to study the underlying mechanisms driving resistance to Erdafitinib (manuscript in
preparation).

B) Developing integrative strategies and corresponding integrated workflows by taking advan-
tage of top-tier, state-of-the-art data resources across seven disease areas: inflammatory
and autoimmune diseases, cancer, non-alcoholic fatty liver disease, neurodegenerative
diseases, psychiatric disease, cardiovascular disease, and rare diseases. Cutting-edge data
analysis approaches and innovative tools were employed to analyze intricate multi-level
datasets, to gain unprecedented insights into these complex medical conditions, driving
forward the understanding and treatment of these diseases. The pursuit of our research
objectives has led to the development of groundbreaking data analysis methodologies and
innovative tools. For instance, Melograna et al. (ESR1) explored the potential of interaction,
specifically of individual-specific networks or epistasis, to provide personalized insights
on an individual’s health or disease [518, 519]. Li et al. developed a novel multi-view
clustering pipeline based on networks and extraneous information [520]. Andreoli et al.
conducted a systematic review of reasons to identify the ethical and social implications
related to the clinical use of polygenic risk scores. They identified a series of normative
gaps to be urgently addressed before polygenic scores are implemented in the clinic [521].
Yousefi et al. took advantage of network-based machine learning approaches to analyse
clinical variation and capturing the dynamics of microbiome data [522-524]. Mihajlovic
et al. (ESR9) developed novel machine-learning algorithms based on non-negative matrix
tri-factorization (NMTF) for integrating and mining time-series single cell transcriptomics
data of Parkinson’s disease cell line and a corresponding control with molecular networks
and bulk omics data. They aimed to uncover novel disease-associated genes, emphasize
mechanisms related to disease progression and propose treatment strategies based on
drug-repurposing ([525], second manuscript in preparation). The integration method was
adapted and used to gain further insights into NRAS mutant melanoma cells’ adaptation to
treatment [526]. Lalli (ESR10) explored the significance of interoperability in model and
data integration, spanning multi-omics and multi-modal datasets, and the transformation
of raw data into reusable structures. Taheri et al. (ESR11) identified ageing biomarkers
using network-specific MRI analysis (manuscript in preparation).

C) Improving understanding of patient heterogeneity and developing economically viable pa-
tient stratification strategies via the employment of innovative methods and the creation of
novel tools to effectively preprocess and analyze the above-mentioned datasets. Through
the meticulous examination of population heterogeneity, variations in disease progression

and treatment responses could be discerned. These findings served as a foundation to es-
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tablish criteria for patient stratification in complex disease areas, enabling more targeted
and personalized approaches to treatment. Leveraging advanced techniques, ESRs con-
tribute to a deeper understanding of these challenging medical conditions and pave the
way for more effective and tailored healthcare interventions. Korshevniuk et al. (ESR12)
are dedicated to develop tools for integaring eQTL summary statistics, creating a pipeline
for coexpression QTL mapping combining it in a framework for large-scale federated co-
eQTL mapping [527]. Knauer-Arloth, Hryhorzghevska et al. (ESR13) investigated the impact
of genetic variants and glucocorticoid receptor activation on gene expression and DNA
methylation and the relationship of these variants with disease risk [528]. Karamperis
et al. (ESR14) advanced clinical pharmacogenomics in Europe [529, 530] but also de-
ciphered the complex interaction of pharmacogenomic variants linked to adverse drug
events across diverse populations, highlighting their substantial influence on commonly
prescribed medications [531]. Katz et al. (ESR15) focused on the development of artificial
intelligence models to capture patient characteristics utilising a variety of data, spanning
from biochemical measurements to molecular data [284, 532-534].

While the scientific ideas at the basis of TranSYS are formulated as these three main goals,
they are executed in the form of three work packages, namely Preclinical Science and
Molecular Medicine (WP1), Systems Analytics (WP2), and Targeted Therapeutics (WP3).
For more detailed information on the strategies formulated within each work package can

be found in the Supplementary Note 2.

Case studies: how collaboration within TranSYS enabled scientific success

Collaboration, communication, and scientific exchange are values standing at the core of
each ITN. TranSYS was no exception to this, and in the following paragraphs we attempt to
give a selection of three diverse examples on how collaboration amongst ESRs facilitated
projects that would have otherwise been deemed unfeasible; a graphical representation
can be found in Figure 8.5. A more complete overview of the scientific output of the

consortium can be found in Supplementary Table 1.

Capturing the dynamics of microbial interactions through individual-specific net-
works Behnam Yousefi (ESR8), Federico Melograna (ESR1) [522, 523]

In a perfect example of how the expertise of ESRs can be combined to tackle prior un-
feasible projects, ESR1 and ESR8 joined forces to tackle the challenge of personalizing
the analysis of temporal microbiome data [522]. The analysis of individual-specific mi-
crobiome profiles over time or across conditions is an underrepresented topic in the field,

due to the sheer complexity of the data. Combining the scientific vision and programming
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skills of ESR8 with the expertise of ESR1 in individual specific networks and statistics,
Yousefi and Melograna et al. were able to propose a out-of-the-box way of handling mi-
crobiome data, which they refer to as multiplex network differential analysis (MNDA).
MNDA is able to resolve microbial dynamic patterns by combining representation learning
and individual-specific microbial co-occurrence networks, ultimately uncovering taxon
neighborhood dynamics. Supporting the movement of open science, MNDA is publicly

available as an R package [523].

A worldwide spectrum of clinically relevant SNPs associated with drug toxicity: Ge-
netic structure and risk characterization using population sequencing data to un-
ravel geographical patterns and spatial trends in prescribed medications Kariofyllis
Karamperis (ESR14), Sonja Katz (ESR15), Federico Melograna (ESR1); manuscript submitted
The rapidly progressing field of personalized pharmacogenomics presents a significant
potential to transform global approaches to patient drug treatments. Under the scientific
guidance of a lead researcher (ESR14) and with collaborative efforts from two fellow
researchers (ESR1 and ESR15), endeavors were made to identify, categorize, and analyze
genetic variations associated with drug-induced toxicity. This initiative laid the foundation
for the investigation of the prevalence of these risk-associated genetic alleles on a global
scale, offering potential guidelines tailored to specific populations, which could be valu-
able for regulatory agencies. This collaborative endeavor serves as a compelling example
of how the combined expertise of researchers with backgrounds in biology and computa-
tional sciences can culminate in a project of substantial significance for both national and
international stakeholders. While the biological objectives were formulated by ESR14, the
comprehensive analysis of genomic variants was made possible through the data mining
proficiency of ESR15. Furthermore, the statistical and programming acumen contributed
by ESR1 enhanced the project’s communication by generating clear and information-rich

visual representations of the findings.

Deconfounding Variational Autoencoders for Multi-omics Data Zugqi Li (ESR2), Sonja
Katz (ESR15) [533]

The advent of high-throughput sequencing and the analysis of different types of “omics”
data has shifted paradigms in biology and medicine. Today the field has developed towards
multi-omics approaches, which follows the idea of using ever more data from different
sources, aiming to be rewarded with a holistic picture of e.g. the disease under study.
However, the integration of multiple data types, especially from different domains, is not
trivial and biological meaningful analysis is hindered by another problem well known in

epidemiology: confounding. Currently available data integration frameworks are able to
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either accommodate multiple data types (from different domains) or correct for biological
confounders. ESR2 and ESR15 aim to address this shortcoming by merging these two,
currently mutually exclusive, concepts. By combining their expertise in confounder adjust-
ment and clustering (ESR2) and knowledge on developing deep learning models (ESR15),
the two ESRs were able to implement a variety of deconfounding deep learning frame-
works. This collaboration shows the potential held in matching ESRs strong computational
backgrounds and complementary research interests; advanced in-silico projects yielding
tools that may benefit the scientific community beyond the boundaries of TranSYS can be

realized.

8.3 Discussion

The continuous progression of basic biomedical research, drug discovery and clinical appli-
cations, is allowing the implementation of PM in modern healthcare. Today, PM is widely
recognized as an integral component of our future healthcare landscape. This realiza-
tion has brought about a relevant shift in strategy, transforming PM from a scientifically-
driven "bottom-up" development that forged its own path, to a "top-down" approach where
decision-makers and healthcare systems actively facilitate PM-based approaches. The
"bottom-up" approach often relies on regional networks, as exemplified by Sweden and
Germany [535]. On the other hand, the "top-down" approach involves national genome
initiatives funded by governments, as seen in countries like England, France, and Den-
mark [536]. This complementary combination of approaches has fostered the integration
of PM into mainstream healthcare, ensuring its widespread implementation and impact.
A European Partnership for Personalized Medicine was launched in October 2023 to boost
research in precision medicine across the European Research Area. This builds on the
activities of the International Consortium for Personalized Medicine (ICPerMed) action
plan. This partnership will implement the Strategic Research and Innovation Agenda for
Personalized Medicine, developed in collaboration with the European Commission. Achiev-
ing this ambition and taking a “Systems of Health” approach will require all key players
to interact to deliver the societal benefits of PM to patients, citizens and society. At its
core this PM strategy needs highly skilled researchers trained in interdisciplinary cross-
sector environments, with collaborative cultures and creative mindsets, as pioneered by
the TranSYS network and first cohort of researchers [537].

In the past two decades, remarkable strides have been made in the advancement and
implementation of PM. During this period, we have observed the rapid emergence of high-

throughput genomic technologies and big data analytics, initially employed in research
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to uncover the intricacies of disease mechanisms, and later adopted in clinical settings as
potent diagnostic tools [507]. Ongoing directions of biomedical research involve analyz-
ing phenomena that occur across multiple scales, from molecular interactions to cellular
processes and whole organism behavior. This has also underpinned a deepening under-
standing of disease and patient heterogeneity and tools to stratify patient populations and
cluster diseases with similar aetiologies. Concurrently, novel targeted therapies have been
developed, focusing on specific pathomechanisms, particularly in the context of cancer
and rare diseases [538]. This progress has paved the way for enhanced diagnostics and
personalized treatment, representing a significant change from the traditional "one-size-
fits-all" approach to precision healthcare [539]. To tackle these intricate systems effectively,
a holistic approach is required, where researchers from diverse disciplines collaborate and
pool their expertise.

MSCA Training Networks have established themselves as a valuable part of the Horizon
Europe Framework that aims at developing a skilled workforce capable of driving innova-
tion especially in interdisciplinary fields, including PM. The TranSYS ITN was established
under the previous Horizon 2020 programme offers young researchers the opportunity to
gain multilayered training, engage in collaborative research projects, and develop novel

techniques and tools revolving around personalized medicine.

8.3.1 ESRs showed clear improvement in scientific, professional, and

social skills relatable to actions within the ITN

To give a more in-depth view on an ITNs most important asset - the researchers - we
evaluated how the opportunities within TranSYS impacted the personal development of
its 15 ESR. Across the 4 year ITN duration each ESR delivered a core 36 month individual
research project and honed their skills in a range of different categories, showing a positive
learning trend in 5 out of 6 assessed categories.

Unsurprisingly, amongst the expertise that can be clearly linked to ITN activities, research
and communication skills showed the highest degree of improvement. The interdisciplinary
nature of an ITN results in the need of clear communication with peers from different scien-
tific fields and sectors. The networks also provide a platform that lends itself to constantly
exposing researchers to new knowledge which drives the improvement of research-related
skills. Our findings align with a recent evaluation study of the European framework pro-
grammes for research and innovation for excellent science, which found that around 80%
of ITN fellows consider training options to be good or very good [540]. However, we
found that not all skill improvements could be attributed to direct ITN training activities.

Some, such as management and leadership skills or professionalism, including skills such
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as networking or maintaining positive work relationships, rather evolve naturally in the
course of doing a PhD project that is at the core of the ITN. Very notably, the category
“Work-Life-Balance” entailing ratings on maintaining a healthy time management, keeping
personal motivation or physical and emotional well-being, showed no improvement and
could even be negatively associated with the mobility required within an ITN. The impli-
cations that can be learned from this finding are further discussed in the Open Challenges
within an ITN section of the Discussion.

Although the statistical power of our analysis is limited due to the small number of ESRs,
we found that the key training points within an ITN - scientific excellence and advanced
communication skill in an increasingly interconnected world - are well reflected in the

skill improvement for ESRs.

8.3.2 TranSYS stood out in terms of the large quantity and quality of

research outputs

The recent evaluation study of the European framework programmes report a remark-
ably high quantity and quality of research originating from MSCA actions, and measure
an expansion of the professional network due to collaborations within consortia [540].
The scientific achievements of TranSYS reflect that general finding well - at the time of
writing this manuscript, a total of 17 different datasets or computational tools have been
generated. As of today, the combined number of publications anticipated at the conclusion
of the PhD for all ESRs is expected to surpass 50, with the majority of these manuscripts
currently in various stages of preparation, submission, or revision. The high number of col-
laborations outside of the planned secondments paint a picture of extensive collaboration
and networking within TranSYS, often initiated by the ESRs. Our selection of collaboration
success stories clearly illustrate what collaboration within TranSYS looked like, how it was
facilitated through the skills of individuals, and which scientific outcomes were delivered.
We believe these showcases underline the spirit and opportunities within ITNs, as none
of these (and other) projects would have been feasible for individual students, but were

facilitated - or even positively reinforced - within TranSYS.

8.3.3 The impact of TranSYS outside academia

EU Framework Programmes, including Horizon 2020, promote several concepts to define
societal impact, amongst them the (i) better contribution of research to tackling societal
challenges and the (ii) better societal acceptance of science and innovative solutions [510,

540]. We argue that TranSYS ESRs have significantly contributed to both points, with their
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focus on tools advancing personalized medicine, with the intention of improved patient
well-being. TranSYS featured ESRs solely dedicated to aspects including responsible data
storing and model sharing through federated learning and blockchain technology (ESR10)
or ethical questions and stakeholders’ perspectives on the clinical use of genomic data
in clinics (ESR4). With a mindsets towards open and data-driven research and develop-
ment, all manuscripts by ESRs were published open access, and the underlying data or
code is available publicly or upon request. In terms of societal acceptance, ESRs actively
participated in a number of outreach and science communication activities. However, ITN
outreach activities largely remained on a local and individual level due to the costs and
need for having an established name associated with some activities, e.g. international
science fairs. To broaden the societal impact of MSCA actions and help bring ITNs out of
academia and into society, we feel the need for dedicating parts of the budget towards
funding a joint ITN outreach activity. This could be of larger-scale and marketed more

effectively than the individual small outreach activities currently organized.

8.3.4 Open challenges within an ITN

In the spirit of adding to the continuous development of the MSCA Doctoral Training
Networks, we provide a critical view on current bottlenecks in ITNs, as perceived by ESRs,
and give suggestions on how these can be best addressed to further improve the experience
of future ESRs.

The act of balancing interests

By its nature, ITNs are consortia with a variety of stakeholders - universities, academic
partners, industry beneficiaries and others - each with unique interests that sometimes can
not be easily aligned. Despite the unique opportunities offered by this mix of stakeholders,
it can result in a demanding and straining program for ESRs struggling to balance uni-
versity requirements for obtaining a PhD degree, the scientific goals of their supervising
PIs, and the competitiveness of industry partners. Secondments with industry partners not
hosting ESRs were found to be challenging; a lack of awareness of the project and skills
of visiting ESRs, no clear objectives for secondment projects, or the clash of intellectual
property interests preventing company knowledge sharing with ESRs who could have
contributed positively to further developments in the company. This balancing act is not
unique to ITNs within the field of personalized medicine - another biotechnology-focused
ITN called YEASTCELL found that the lack of a common ground in industry—academia co-

operation may jeopardize the success of entire ESR projects [509, 541]. To avoid conflicts
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of interest, they must be identified early in the project planning phase and all stakeholders
have to actively communicate their interests to achieve a set of focused and shared ITN
objectives. For example, to facilitate the academic requirements of ESRs, doctoral schools
enrolling ESRs should acknowledge ITN training with ECTS. Also, industry partners should
be given the chance for direct input into the design of the research programme, this secures
stronger industry engagement, and a stronger partnership with less potential for conflicts

of interest.

Mobility: a challenging gift

A key point making ITNs such exceptional programmes for young researchers are their mo-
bility opportunities. During secondments, ESRs have the possibility to visit other partners
from within the network for extended periods, of up to 6 months, to receive training and
collaborate in person - an endeavor which is fully funded by the beneficiary institution
that employs the ESR. While mobility is the most prestigious part of ITNs and our study
can link successful secondments to an improvement in scientific and professional exper-
tise, we also find that they have a negative impact on the quality of life of ESRs (Figure
8.3B). Although aspiring researchers are aware of the mobility requirements within ITNs
prior to starting the position, it is easily underestimated the scale of the disruption to life.
TranSYS included two secondments within three years that each lasted several weeks and
involved relocations. A majority of the difficulties accompanying secondments arise from
the challenges associated with relocation to another country, for example extensions of visa
allowances or finding short-term housing, or difficulties in continuing ongoing projects
next to the new responsibilities within the secondment, especially in the case of wet-lab
experiments. We argue that there is a clear need for counteracting the negative trends seen
in the "Work-Life-Balance" category with (i) more workshops focused on acquiring skills
to improve the quality of life of ESRs and (ii) a stronger sense of responsibility from guest
institutions for visiting ESRs. With the elevated rates of depression, burnout, and anxiety
in PhD students being well documented [542] useful training included in an ITN may
revolve around topics such as effective project management, mindful productivity, stress
identification and management, or how to negotiate difficult topics with supervisors. To
alleviate some of the stress associated with a secondment, a stronger sense of responsibility
or even the formal commitment from hosting institutions to assist ESR is needed in the
period leading up to their visit. This is already built into Doctoral Networks planning but
based on the experience of ESRs a more proactive approach needs to be encouraged from
the project kick-off. A local representative responsible for offering translating skills, com-

munication with officials, or aiding in identifying adequate housing may prove invaluable
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for visiting ESRs.

It takes a village - of not just PhD students

The personal perception of TranSYS being very successful in terms of collaboration, scien-
tific output, and shared knowledge aligns well with the numbers identified in the course
of this study. However, we argue that the degree of connectivity within TranSYS could
have been promoted even more; while ESRs were highly connected through secondments,
summer schools, or daily communication channels, the willingness to collaborate lacked
amongst some PIs. The COVID-19 pandemic enforced restriction on traveling and in-person
events, and while summer schools were mandatory for ESRs, the rules for PIs were less
strict, often resulting in few of them joining events. This led to a number of initial project
ideas not getting pursued, due to the lack of engagement by supervisors, or changes in
the supervisory team leading to conflicts between initial project directions and changing
supervisor interests. Collaborations also rarely extended beyond ESRs or Pls to the lab
members of beneficiaries; this could be compounded by the individual nature of the PhD
projects.

We can conclude that while a demanding programme, the opportunities provided within
ITNs are well worth the effort and commitment required to succeed in the dynamic modern
research landscape. However, we argue that ITNs are not without faults. Giving attention
to some of the points outlined in this section can lead to the design and implementation
of better Doctoral Networks in the future. The weaknesses identified can be mitigated
without compromising the strengths of MSCA doctoral training programmes, ultimately

making ITNs an even more attractive choice for aspiring future leaders.

8.3.5 Future Prospects

Despite the majority of projects coming to a conclusion in 2023, TranSYS is far from ending.
Currently most ESRs are in the process of working towards their PhD degrees and looking
towards starting new positions in academia and industry all over Europe. However, the
multidisciplinary network they built throughout the period of the ITN will not disappear -
especially for ESRs seeking to stay in research. The connections and working relationships
are certain to contribute towards a successful career start in academia. In the course of
the last official consortium meeting, ESRs agreed to the organization of informal yearly
reunions to maintain contact in a scientific, but also personal sense. We hope that this way

the connections we built through TranSYS will not only stay strong, but even thrive.
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8.4 Conclusion

Precision Medicine has undeniably become a cornerstone of our forthcoming healthcare
landscape. In this context, MSCA training actions have firmly established themselves within
the Horizon Europe Framework, as the driving force of the new generation of highly qual-
ified scientists. Notably, the TranSYS ITN has showcased substantial enhancements in the
expertise of its ESRs, spanning research insight and communication proficiencies. The
inherent interdisciplinary nature of an ITN necessitates effective communication among
peers from diverse scientific backgrounds. This environment also exposes ESRs to a contin-
uous influx of novel knowledge, thereby fostering the refinement of research-related skills.
Moreover, the ITN has yielded substantial collaborative opportunities that extend beyond
planned secondments. It is crucial to underscore the social impact achieved through out-
reach and training initiatives, as these actions effectively bridge the gap between ITNs and
society at large. Even though some challenges still remain to be overcome, the excellent
outcomes derived from this ITN experience across several dimensions and reflected in this
work, are progressively laying the foundation for robust networks capable of conducting

exceptional basic and translational research for the future.

8.5 Material and Methods

8.5.1 Collection of self-reported evaluation metrics

To assess the development of ESRs during the course of TranSYS, a questionnaire was
prepared covering various areas, including background and education, technical skills and
competences, academic mobility, collaborations, and scientific output. We additionally
utilized the self-assessment survey part of each ESR’s Career Development Plan (CDP) - a
mandatory tool within all ITNs to track ESR development - to assess the improvement of
ESRs in a range of technical and soft skills. This self-assessment survey adapted from the
University of Florida allows the evaluation of current strengths and weaknesses. Therefore,
we asked ESRs to report their CDP assessment from two different time points: the first
CDP filled upon starting the project, and the last CDP filled upon project end, ultimately
covering a period of 3 years (with individual starting points). The self-assessment covered
the following major categories, each made up by a number of minor categories and rated
with scores from 1 (no knowledge) to 5 (expert) (Table 8.2). In an attempt to relate the
impact of TranSYS activities (summer schools, bootcamps) on each minor skill category, we

asked ESRs to rate the perceived impact of each activity on their development. The ordinal
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scale used for this purpose ranged from 1 (negative impact) to 10 (highly beneficial).

8.5.2 Statistical analysis

For statistical analysis of data collected using the self-assessment survey, we aggregated the
minor categories to obtain one skill rating per major category for each ESR. P-values for the
comparison of 1st and 3rd year ratings were subsequently derived using a Wilcoxon signed-
rank test and multiple testing corrected using Bonferroni correction. To investigate whether
TranSYS events show an effect on the skill improvement of ESRs, a linear regression for
each category was conducted. All analyses were carried out using R (version 4.3.1) and

python (version 3.8.5).

Table 8.2: Overview of major and minor skill categories assessed.

Research Skills Work-Life-Balance Professionalism Management and Communication Career
Leadership Advancement
Broad-based Maintaining Identifying and Providing Writing for experts Building
knowledge of field openness and seeking advice instruction and in my field transferable skills
curiosity guidance
Critical reading of Living (physical, Upholding Providing Writing for a lay Identifying career
literature in the field emotional, commitments and constructive audience options
financial) deadlines feedback
Experimental and Effective healthy Maintaining positive Dealing with conflict = Grant writing skills ~ Preparing
research design time management relationships application or
valorization
materials
Careful record Maintaining Contributing to a Serving as a role Speaking clearly Asking the right
keeping practices personal motivation  team in the office or ~model and effectively questions

Understanding data
ownership

Demonstrating
responsible conduct
in human or animal
research and
publications
Identifying research
misconduct

Fostering diversity
of academic
perspectives

lab
Contributing
outside the team

Building and
maintaining
scientific network

Delegating
responsibilities in
research setting
Leading and
motivating others

Using the right body
language

Editing own work

Carrying out peer
review

Negotiating skills

Participating in
professional service

Adopting long-term
approach to career
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Figure 8.2: Improvement of ESRs throughout the period of TranSYS in six different major skill
categories. Data was collected using a self-assessment survey upon joining TranSYS (1st year) and
prior to rotating off (3rd year) (see Material & Methods). Each dot represents the one ESR, the
lines connecting dots represent the relative change in skill rating. Boxplots indicate the summary of
all ESRs in respective category and timepoint. P-values were derived using a Wilcoxon signed-rank
test and multiple testing corrected using Bonferroni correction. A value < 0.05 can be considered

significant.
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Figure 8.3: Impact of TranSYS bootcamps (top) and secondments (bottom) on ESR growth. The
x-axis shows ESRs’ perceived impact of TranSYS events on the evolution of skills. Skill improvements
(y-axis) were derived by calculating the difference in subjective skill ratings of the 3rd and 1st
year within TranSYS. Individuals in the upper right quadrant (green) show a positive association
between event rating and skill improvement. Individuals in the lower left quadrant (red) display
dissatisfaction with TranSYS events paired with a lack of growth in respective skill.
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Figure 8.4: The structure of TranSYS. The outer circle represents the three key TranSYS objectives:
(A) Narrowing the gap between preclinical performance and treatment benefit (B) Developing
integrative strategies and corresponding integrated workflows (C) Improving understanding of
patient heterogeneity and developing economically viable patient stratification strategies. The inner
Venn Diagram illustrates the three work packages of TranSYS and the beneficiaries contributing to
each of them: WP1 (blue) Preclinical Science and Molecular Medicine, WP2 (green) Systems Analytics,
and WP3 (purple) Targeted Therapeutics.
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Figure 8.5: Graphical representation on how ESRs collaborated in successful TranSYS projects.
(a) Capturing the dynamics of microbial interactions through individual-specific networks; (b) A world-
wide spectrum of clinically relevant SNPs associated with drug toxicity: Genetic structure and risk
characterization using population sequencing data to unravel geographical patterns and spatial trends
in prescribed medications; (c) Deconfounding Variational Autoencoders for Multi-omics Data
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Discussion

Parts of this chapter will be prepared for publication
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In this thesis, I explored the integration of precision medicine concepts into clinical practice
through the utilisation of computational tools (Figure 9.1a). The benefits and potential
impact of Al-based frameworks in a variety of topics were demonstrated: from the devel-
opment of decision-support (Part 1) to models enabling unbiased patient stratification
(Part 2), or showcasing how explainable Al can drive scientific research (Part 3). Ad-
ditionally, training and education programmes for PhD candidates that align with the
interdisciplinary nature of precision medicine were presented (Part 4). In this chapter,
I will highlight how the research done within the frame of this thesis creates value for
different stakeholders and thus ultimately contributes to realising the utopic vision that is
PM. I will also take a more critical look at precision medicine approaches in practice and
discuss, why - 80 years after establishing the concept [543] - the practical use of PM is
still limited. Finally, acknowledging that precision medicine’s transformative impacts are
ongoing, this chapter concludes with a discussion of an upcoming opportunity, which, if
seized successfully, has the potential to accelerate the integration of precision medicine

into clinical routines and, consequently, our daily lives.

9.1 The Benefit of Precision Medicine: A Matter of Per-
spectives

Precision medicine encompasses the individual, economical, and societal dimensions. Each
facet involves stakeholders whose unique values and needs must align for precision medicine
initiatives to thrive. This section aims to provide a contextual framework for the research
presented in this thesis, illustrating how our contributions fit into the multi-stakeholder

puzzle that is precision medicine (Figure 9.1b).

9.1.1 Accurate and Confident Decision-Making

The most central value for both patients and clinicians lies in the possibility of making
accurate decisions with a high degree of confidence [544]. In Chapters 2, 3, and 4 I
present computational frameworks that are designed to aid in the realisation of both these
needs simultaneously: clinical decision support systems (CDSS).

When starting the work underlying this thesis in 2020, no tool for the prognosis of NSTI ex-
isted; while there had been a diagnostic tool established, its accuracy was subject to debate
and with it, its clinical utility in question [145, 545]. Concerning the rarity, rapid progres-
sion, and heterogeneity NSTI presents itself with, optimally recognising and handling the

disease is challenging, especially for smaller hospitals and non-referral centres.
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Figure 9.1: (a) Structure of this thesis. Each Part of the thesis focuses on a different aspect of
precision medicine: Clinical Decision Support Systems (Part 1), patient stratification (Part 2), model
explainability (Part 3), and interdisciplinary education in precision medicine (Part 4). Omitted are
the Introduction and general Discussion (b) Summary of the research context and how each part
of this thesis relates to precision medicine goals (section 9.1). CDSS: Clinical Decision Support
System, GAS: Group A Streptococcus, NSTI: Necrotising Soft Tissue Infections
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Being part of the PerAID/PerMIT consortium, I was fortunate to work in close collaboration
with experienced clinicians, which enabled us to develop a CDSS tailored to the needs of
NSTI patients and treating doctors. Chapter 2 and 4 present the fruits of these efforts: not
only were we able to provide a mortality prediction tool that uses a basic set of variables
readily available even in non-specialised clinics, but we explored a large number of other
NSTI-specific clinical outcomes, such as the need for amputation, the anticipated wound
size, estimated time spent in ICU, or the presence of specific pathogens, including Group
A Streptococcus (GAS).

To the best of our knowledge, our efforts in predicting the presence of GAS represent a
forefront in NSTI research which could have significant implications for patients, as this
knowledge is crucial in determining early treatment regimens [275].

I was able to translate the knowledge gained from developing a CDSS for NSTI to another
infectious disease of high societal importance: COVID-19. In Chapter 3, not only did we
explore novel biomarkers "outside the box" in the form of sterol intermediates, but we were
able to integrate these with conventional clinical parameters into a joint decision-support
tool.

Furthermore, our work revealed that CDSS can exhibit limited generalisability across dif-
ferent populations and time - our comparison to COVID-GRAM, a logistic regression model
developed in Wuhan, China, showed that while both models use similar parameters to as-
sess disease severity, COVID-GRAM severely under-performs in our Slovenian cohort. This
is a well-known problem with CDSS and confirmed by several independently conducted
reviews [546-549].

Consequently, I began to question whether the use of external validation is suitable to
measure the performance of models that emphasise their adaptability and potential to
"learn as they grow". Inspired by researchers sharing this opinion [287, 292], our latest
NSTI models presented in Chapter 4 explored the possibility of providing a localised
version of a pre-trained CDSS. By fine-tuning models using hospital-specific data, we
effectively re-calibrated them to provide suggestions taking into account the heterogeneity

of data across time, geography and facilities, ultimately improving their practical utility.

9.1.2 The Value of Knowing

Increasingly, people seek to understand better what contributes to their personal well-
being. Wearable sensors took the consumer market by storm [550] and the global direct-
to-consumer genetic test market exploded in the last decade [551]. While an obsession for
the data provided by these applications can lead to severe problems such as unintended

modification of behaviour or even eating disorders [550, 552], it’s worth noting the positive
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effects of consumers turning to medical experts, seeking understanding of their results and
guidance about managing their health [553]. Clinicians, in turn, need to provide answers to
their curious patients, which implies making sense of the often complex and multi-morbid
diseases, correctly interpreting analytic results, or justifying clinical decisions.

Therefore, throughout this thesis, all CDSS were equipped with ways to explain the pro-
vided suggestions, be it the information on the overall importance of variables through per-
mutations (Chapter 2), or delineating variable importance for individual patients through
game-theoretic approaches (Chapter 3 and 4).

By prioritising the use of explainable Al models in our CDSS, we aim to foster trust among
clinicians considering the use of our tools. Additionally, this empowers patients by provid-
ing them with access to crucial insights about their well-being, allowing them to derive
personal benefits from the wealth of data collected. With the growing use of deep learning
models in decision-making, interpreting them has become increasingly important.
Chapters 6 and 7 delve into methodologies that attempt to delineate the decision-making

processes within more complex model architectures.

9.1.3 Effective Treatment Outcomes

Realistically, the large heterogeneity in which diseases manifest themselves makes it nearly
impossible to provide the ideal treatment for every patient at all times. This translates into
a constant act of balancing the trade-off between under- and over-treatment of patients is
happening. For instance, the guidelines for NSTI care emphasise that the cornerstone of
managing the disease is immediate, aggressive, and radical surgical debridement [554].
This underscores the implication that under-treatment or delayed interventions can signif-
icantly increase the risk of fatality for patients. However, aggressive surgical interventions,
often including amputations, come at a significant loss in the quality of life of patients
[555, 556]. Additionally, from an economical standpoint, over-treatment in hospitals has
been reported to account for up to 30% of health care costs [557], translating to billions
of dollars.

These examples should illustrate that it is not only in the interest of clinicians and patients
but also healthcare providers to determine with the highest accuracy possible, which group
of patients will benefit most from a certain treatment.

To deliver a realistic estimate this stratification ideally takes into account a range of diverse
patient data such as demographic, clinical, multi-omics, and longitudinal data [558-560].
To integrate and interpret this diverse set of information, modern patient stratification
tools commonly utilise Al

However, it is acknowledged that the quality of stratification, especially across diverse
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patient populations distinguished by factors such as age, gender, or ethnicity, is highly
dependent on which data models were trained on [561].

To provide truly accurate patient stratification, and therefore maximise the effective treat-
ment outcomes in our increasingly diverse societal landscape, the model should be free
of so-called confounders, which are external factors unrelated to the condition of interest.
While no model is ever truly devoid of confounders [562], known biases can be corrected
during model development.

Working towards the ambitious goal of an unbiased patient stratification tool operating
on heterogeneous and multi-dimensional data, in Chapter 5, we thoroughly explored and
compared different patient stratification models capable of removing confounders in multi-
omics data. While previous studies have addressed patient stratification using multi-omics
data [563] and the treatment of confounders separately from each other [299, 564, 565],
we believe these concepts can not - and should not - be addressed independently.

While our models exhibited major differences in performance, illustrating the complexity
of the topic, we were able to develop a framework capable of accurately recovering true
patient labels in the presence of confounders while conserving meaningful biological
associations. With the trend for Big Data Analytics and even bigger models dominating
the current technological landscape, I believe our research addresses a topic that will only

continue to gain importance in the future to come.

9.1.4 Optimally Allocating Resources

This thesis focused on two acutely infectious diseases, namely NSTI and COVID-19, which
both require intensive care unit (ICU) resources due to the need for close monitoring.
The critical infrastructure in hospitals, such as the number of ICU beds, can be limited;
especially during the COVID-19 crisis, many hospitals operated close to ICU capacities
[566], raising the - ethically difficult - question on how to justly allocate capacities in acute
resource scarcity [567].

The CDSS developed in Chapter 2 and 3 focuses on the prediction of clinical outcomes
essential in patient management, namely the estimated 30-day mortality of NSTI patients
and the likely disease severity for COVID-19. Consequently, it can be utilised to predict
supply shortages and facilitate timely patient transfers if necessary. This proactive ap-
proach helps mitigate the need for immediate triage, potentially averting or delaying such
measures altogether.

Considering the large local difference in treatment guidelines and resources among care
facilities, the localisation of pre-trained models presented in Chapter 4 could prove in-

valuable. It enables fine-tuning of models to provide suggestions aligned with the practical
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realities of each hospital. Such customisation significantly enhances the clinical utility of
CDSS in patient management, ensuring recommendations are tailored to the resources

available within each facility.

9.1.5 Novel Treatments and Diagnostic Biomarker Sets

Next to effectively using the resources and options available to us today, the healthcare
economy has a big interest in the constant development of novel diagnostic tools and
treatment options. To avert another crisis comparable to the antibiotics resistance crisis,
which can be largely attributed to the lack of new drug development [568], there is a con-
tinuous endeavour to uncover disease mechanisms that can be exploited to our advantage.
In recent decades, however, we observed an increase in costs of drug development [569]
and a decline in the efficiency of pharmaceutical research and development, which can be
attributed to increasing complexity of drug targets [570, 571].

Today, the capability of Al to relate clinical outcomes to complex, multi-dimensional data
patterns, makes it an invaluable tool in the life sciences. I argue that failing to understand
the rationale behind AI model decision-making would be a missed opportunity, hindering
the advancement of novel drugs and biomarkers. However, the interpretation of Al models
is neither trivial nor straightforward, especially for researchers new to computational
biology. Every data type and model architecture offers multiple interpretation strategies,
each based on different sets of assumptions. Despite the plethora of reviews delineating the
various possibilities of interpreting models [333, 352, 572, 573], first-time deep learning
users may easily feel overwhelmed with the combinatorial possibilities presented to them.
With the aim to guide fellow researchers and unravel the convoluted field that is ex-
plainable genomics, Chapter 6 is our attempt to capture the current state of the field by
quantifying which interpretability strategies are commonly paired with which data types,
model architectures, and scientific questions. Our work distinguishes itself by providing
a meticulously curated and fully interactive overview table, allowing readers to retrieve
studies matching their own research questions, data, or preferred model architecture and
provide concrete inspiration on which interpretability methods to test.

In Chapter 7 I aimed to showcase the possibilities explainable AI provides for hypothe-
sis generation, focusing on its application in the field of epigenetics, in particular DNA
methylation. Obstructed by a large number of methylated sites, fully understanding the
organisation and interactions within our methylomes remains challenging [464]. Our
research proved that representation learning can be successfully used to filter out redun-
dant and correlated signals, significantly reducing the volume of information to analyse.

A post-hoc explainability strategy subsequently revealed groups of methylated sites with
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biological significance. However, these findings couldn’t be readily explained by common
correlation patterns, spatial proximity, or biological pathways. This suggests that the pro-
posed framework could serve as a valuable tool for generating novel hypotheses regarding
CpG interactions, which can then be investigated further experimentally.

Precision medicine is an inherently interdisciplinary discipline, necessitating the integra-
tion of expertise from various fields, including genomics, informatics, medicine, and ethics
to develop novel diagnostic tools and treatment options. Therefore, training the next gen-
eration of precision medicine experts thus requires the development of cross-disciplinary,
international, and education-focused doctoral programs [574]. The European Commission
has recognised this need and funded TranSYS, an Innovative Training Network (ITN) for
precision medicine. As a participant in TranSYS, my fellow early-stage researchers and I
critically evaluated the training and collaboration experiences within our ITN, which are
presented in Chapter 8 of this thesis. Our quantitative analysis revealed the significant
scientific output enabled by TranSYS, ranging from biomarker discovery and molecular
mechanisms to patient stratification and the deployment of Al-based computational tools.
Also, we found substantial personal improvements in scientific, professional, and social
skills among young researchers, clearly linked to interactions within the network. However,
we also identified several hurdles and shortcomings, such as a lack of communication
among supervisors, insufficient managerial resources, and inadequate training in soft skills
related to personal well-being.

Taken together, we believe the insights generated through this work can add to the con-
tinuous development of the Marie Sklodowska-Curie Action (MSCA) Doctoral Training
Networks and improve the training of precision medicine researchers following in our

footsteps.

9.2 Barriers to Implementing Precision Medicine

Given the abundance of perspective and opinion articles extolling the impact of precision
medicine, critical minds may ask themselves why every hospital worldwide has not yet
adopted precision medicine practices. After all, other Al models such as OpenAl’s ChatGPT
have managed to take the Western world by storm, acquiring 1 million users just 5 days
after their launch [575, 576].

So why are we still slacking to incorporate CDSS into medical routines or do not take into
account genomic information in clinical decisions? Throughout the research leading up
to this thesis, I have asked myself these exact questions and realised that the practical

implementation of PM is hindered by a number of fundamental shortcomings with respect
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to data infrastructure and abundance, as well as model development, explainability, and
transferability (Figure 9.2).

Challenges include data
infrastructures, such as
FAIR database management
systems, and underdeter-
mined models due to
insufficient samples sizes.

Obstacles in model
development include
balancing complexity with

Challenges with model
explainability revolve
around the limitation that
current explainability
methods do not
necessarily infer causal

in Precision Medicine

Transferability

Enabling the transferabili-
ty of models and data can
counteract data siloing and

relationships in the data.

facilitate the creation of
large-scale CDSS without
complex data transfer
agreements.

interpretability and the
scarcity of methodologies
specifically designed for
biomedical data.

Figure 9.2: Challenges in precision medicine identified in this Thesis. Presented are shortcomings
with respect to Data, Model Development, Model Explainabiliy, and Data and Model Transferability
that were encountered through the work associated with this Thesis. Icons retrieved from The Noun
Project (CC BY 3.0)

9.2.1 Data Challenges: Is Big Data Too Big, Not Big Enough, or Both
Simultaneously?

Currently, a large amount of research efforts are invested in the development of high-
performance inference engines of CDSS. While inference engines - the Al-powered models
that process patient information and generate decisions - are undoubtedly the core of
every CDSS, they can not make predictions without a comprehensive knowledge base to
extract data from.

The development of a robust and versatile knowledge base is a crucial aspect that presents

significant challenges. For example, how to organise and store heterogeneous clinical data,
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such as images, laboratory results, and handwritten notes, without hindering users from
extracting or entering data efficiently? The significance of a well-designed knowledge
base in a CDSS, or a hospital’s overall system, is exemplified by the recent problematic
deployment of Epic’s electronic health record (EHR) system in Europe.

The US-based Epic Systems Corporation, commonly known as Epic, develops and ser-
vices relational database management systems for whole hospitals. Their recent launch
in multiple European countries, including the UK, Finnland, Denmark, and Norway was
characterised by staff reporting chaos due to a lack of training, unstable software, and a
Ul so convoluted, it endangered patient safety. Launches culminated in large protests by
hospital staff, petitions to remove the system, and reports of doctors experiencing stress-
related health issues due to the new IT system, that made them consider to quit their job
[577].

Precision medicine’s goal of creating a more transparent healthcare system requires us
to rethink how I store data in order for it to be machine-readable, interoperable between
systems, and reusable. While the system developed by Epic promotes data siloing, going
as far as charging the sharing of data with users of competitors’ software [578], more
forward-thinking infrastructures endorse the FAIR (Findability, Accessibility, Interoperabil-
ity, and Reusability) Data Principles [579, 580]. Combining FAIR principles with semantic
web technologies allows us to construct databases that effectively link diverse data modal-
ities in a structured manner [581-583]. This fosters a circular data economy, ensuring
the long-term sustainability of CDSS and other precision medicine tools. As increasingly
more patient-specific data is generated, which could be leveraged for the patient’s benefit,
there is a pressing need to shift researchers’ focus from developing inference machines to
establishing FAIR semantic databases in clinical settings.

The work encompassed in this thesis entailed the development of methodologies for a
variety of data types, diseases, and research questions. Yet, irrespective of the specific focus,
we encountered a similar challenge throughout the field: underdetermined systems. An
underdetermined system refers to a system, in which the number of samples is insufficient
relative to the number of parameters being estimated. This means that there may be
multiple possible solutions that fit the available data equally well, or the model may be
unable to accurately capture the underlying relationships in the data due to the lack of
information [584]. With the millions of single nucleotide polymorphisms genomics data
yields, or the large number of trainable parameters in a deep neural network, working
with biomedical data implies that systems are more commonly than not underdetermined.
While often overlooked, this harbours a range of risks, including a lack of unique solutions,

the difficulty of models to generalise, or a large uncertainty to predictions [65].
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With large language models (LLM) getting increasingly adopted into computational biology,
this problem is prone to increase. LLM may require millions of tokes to sufficiently train
[585], which is not easily obtained from the biomedical dataset. The recent surge in the
application of LLM to various biomedical issues underscores another inherent challenge
in the field: the scarcity of original methodologies. Given that LLM stems from natural
language processing (NLP), they are designed to handle text-like input formats, which are
rarely encountered in biological data.

Currently, the approach of using LLM with biomedical data involves treating it as text
[586]; while this may not be far from the truth for genomic and protein sequences, other
(numerical) data types, such as gene and protein expression or DNA methylation may not
be as interpreted as naively.

Despite the trend of Big and even Bigger Data continuing, the amount of information
available in biomedical domains will never be equal to the wealth of input available for
other NLP or imaging tasks, due to the resource-intensive process of collection, annotating,
and handling sensitive data. Therefore, instead of developing many individual, underde-
termined systems, more communal effort should be put into data and model sharing using

transfer learning (more on that in section 9.2.4).

9.2.2 Challenges in Model Development: The Ever-Increasing Com-
plexity of Models

With the latest advancements in LLM and quantum computing expected to provide close
to unlimited computing power in the near future, the field of computational biology seems
to be in a constant race to create more extensive and sophisticated frameworks.

The prevailing belief is that we require increasingly complex frameworks to effectively
model biomedical data. This is supported by the often-cited trade-off between model in-
terpretability and complexity, which implies that inherently interpretable models, such as
logistic regression, suffer in performance with respect to larger models with more parame-
ters such as deep learning models. However, there is evidence to believe this to be nothing
but a wrong dichotomy [587, 588].

Recent studies have proven that some computational problems might not benefit from
the large modelling capacities complex models like LLM possess; in simple tasks, such as
cell type annotation in single-cell data LLM do not outperform logistic regression [589].
Some studies have shown that logistic regression models, when enhanced through fea-
ture extraction, exhibit predictive performances comparable to those of more complex
supervised models like gradient-boosted trees [590]. Moreover, it has been reported that

the significant impact of hyperparameter tuning on performance may even surpass the
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variability observed between different models during model selection [591].

To effectively transition precision medicine from research to clinical practice, researchers
should redirect their focus away from rapidly adopting new methods and generating imme-
diate results. Instead, we should prioritise the exploration of the plethora of methodologies
available to us, and aim to fully leverage their potential.

As a concrete example, when comparing different machine learning models, commonly
their performance is compared, and the best performing one is selected. "Performance”
in this respect is commonly limited to metrics capturing model accuracy, not taking into
account other important factors, such as model interpretability or complexity. In concor-
dance with others [90, 592], I argue that this is a significant short-slightness in the field, as
nowadays models intended to be of clinical use are required to be more than just accurate.
The advantages a complex deep learning model brings over an inherently interpretable
machine learning model must be carefully weighed, and when in doubt, the more simplistic
model should be preferred. In addition thereof, computational biology has to stop blindly
adopting methodologies from other fields and start developing solutions tailored to and
utilising the uniqueness of biomedical data. Recently, for instance, an expert on causal
inference suggested that the biomedical sciences possess a range of interventional and
observational tools invaluable for causality research, a feature seldom found in other
disciplines [593].

9.2.3 Challenges with Respect to Model Explainability: Correlation,

Causation, or Randomness?

With experimental validations remaining expensive and often challenging, it is more of-
ten than not unclear if the statistical dependencies models capture have "true" biological
meaning, or are merely co-correlations of causal biology, technical artefacts, such as mea-
surement biases, confounders, or even random associations. A multitude of biomarker
combinations can be constructed to separate the same patient groups [594] and this raises
further questions concerning the causality underlying the biological associations uncov-
ered by explainable AI. While it can be seen as a major advantage of Al models to not
require a detailed understanding of cause-effect relationships or biological mechanisms
to start modelling data, introducing causality or mechanistic modelling into black box
models may represent the next step in the interpretation of complex models (Figure 9.3).
Causality research aims to answer questions central to precision medicine, such as "What
is the best treatment to recommend for this patient?", by modelling how variables influ-
ence each other in a cause-effect relationship. The treatment effect, for instance, is the

difference between two outcomes: the factual outcome (e.g. treatment A received) and the
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Figure 9.3: Different classes of machine learning models and their interpretability. Reprinted
from ’From hype to reality: data science enabling personalized medicine’, by Holger Frohlich et al.,
in BMC medicine, 2018, Springer [595].

counterfactual one (treatment B received); logically, only one of them can be observed in
reality. While traditional machine learning focusing solely on association can infer which
treatment similar patients have received, therefore giving suggestions, they can not esti-
mate the effect different treatments have on patients. Causal models attempt to fill this
gap and reason about hypothetical scenarios in which different actions could have been
taken [596]. Commonly, causal models are presented as directed acyclic graphs where
nodes present biomedical information, such as symptoms, diseases, and risk factors, and
edges denote their causal relationship [593, 597].

The main challenge of working with causal models is their construction, as the underlying
causal graph can only be recovered up to a certain degree from real-world observational
data [598]. Missing information must be filled by making assumptions, which need to
constantly be re-evaluated and require in-depth domain knowledge to be constructed. The
possibilities causal modelling promises, however, are significant: it can be used to identify
variables with influence on patient outcomes [599], identify novel drug targets, estimate
toxicity and dosing of novel drugs, select the most fitting patients for clinical trials [593],
or act as a in-silico patient representation to determine the most promising interventions
[597].

While causal modelling tries to infer relationships without the need to understand the
whole underlying system, mechanistic modelling takes these ambitions further and aims
at representing biological systems based on known physiological mechanisms using exact
mathematical equations. With a more bottom-up in-silico approach based on the under-
standing of the mechanism of action [600], examples of mechanistic models include phar-
macokinetic [601, 602] and metabolic modelling [603, 604]. However, the construction of
mechanistic models is challenging, as it requires knowledge of disease-driving mechanisms

across scales [595].
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However, the widespread use of fully mechanistic models in the near future is rather
unlikely given the number of only partially understood biological mechanisms, available
knowledge can be implemented into machine learning frameworks forming hybrid or grey
box models [112]. Although hybrid models have shown success in the past [112], more

case studies are needed to generate interest in this area of research.

9.2.4 Transferability Challenges: The Future Is Decentralised

As demonstrated throughout this thesis, the quality of a CDSS mainly hinges on the amount,
quality, accessibility, and representativeness of data. Overall, the lack of resources dedi-
cated to data interoperability and sharing hinders the exploration of CDSS usability and
consequently undermines the establishment of trust in this upcoming technology [546—
549]. As the collection of such amounts of diverse data for sure exceeds the capabilities
and finances of individual institutions, data sharing holds the key to realise large-scale,
and therefore powerful, CDSS.

This is of special importance for rare diseases characterised by their extremely low number
of incidences, such as NSTI [605]. However, these centralised learning strategies, for which
all data is transferred to a central server which does calculations, are embedded in privacy,
ownership, and regulatory issues that prevent combining medical data into traditional
centralised storage. Currently, data transfers from the European Union (EU) to the United
States (US) for medical research are impeded, as the European (GDPR) imposes strict rules
on the transfer of personal data outside the EU to ensure adequate levels of protection
[605]. The US does not automatically meet this high standard, primarily due to differences
in data protection laws and practices, resulting in a halting of transfers. However, even
for data transfers within the EU, the arrangement of data agreements can take weeks to
months [606].

Combating these problems, the recently proposed counterpart of centralised learning,
termed decentralised learning, aims to provide a privacy-preserving alternative which does
not require sensitive information to be shared. A decentralised learning strategy, such as
federated learning avoids the sharing of medical data by utilising a central server only to
store the model and its parameters. Cyclically, the servers share respective parameters with
each client, for example, each hospital, which trains a local model on their locally stored
data. After training, only the updated model parameters are returned to the central server,
which aggregates the model parameters from various clients and sends the aggregated
parameters back to the clients [607].

Even though decentralised learning strategies need to overcome several practical obstacles,

from technical problems such as communication failures or large energy consumption
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[608] to problems specific to biomedical data such as differences in data annotation,
noise, and heterogeneity [609], it is clear that this nascent field is the future of clinical
research. Its potential to maintain data privacy while increasing the generalisability and

power of models, holds the key to enabling large-scale international collaboration.

9.3 The Digitalisation of Hospitals as an Opportunity

Healthcare infrastructures currently invest millions into fast-paced digitalisation programs;
Berlin’s Charité university hospital aims to be fully digitalised by 2030 [610], while the
Germany-wide digitalisation of hospitals is estimated to take a yearly 2 billion euros of
investment [611]. I believe this ambitious transitioning phase is the opportunity to address
many of the shortcomings outlined in the previous section, especially those related to data
infrastructures.

For instance, the investment into computational resources will not only enable in-house
research, advanced analytics, and federated learning infrastructures but pave the way
to the establishment of a circular data design using FAIR database management systems.
"Computational infrastructures" however do not only comprise the acquisition of machines,
but include the employment of highly-educated and specialised staff like data semantics
and ontology experts, computer scientists, and biomedical data engineers. Additionally,
with next-generation sequencing becoming cheaper by the year, hospitals now are in a
position to acquire and implement omics data into clinical workflows. Throughout this
thesis, I continuously focused on providing explanatory models, with the idea for medical
staff to foster trust in AI models and increase societal acceptance.

Aversions to these novel and complex innovations, however, may be unrelated to a lack of
insight but rather stem from a general lack of digital competencies of staff [612]. Fortu-
nately, as digital-native generations like Generation Z enter the workforce and Millennials
advance into higher positions, while the baby boomer generation gradually retires, edu-
cating end-users on the responsible use of Al becomes more feasible. Naturally, combining
a native digital understanding with education on the opportunities, limitations, and pit-
falls of AI will significantly enhance trust in these innovations, potentially leading to the
disappearance of aversions without extensive interventions.

As a summary, I believe that the ongoing digitalisation of hospitals presents a unique
opportunity for precision medicine advocates to shape the vision of healthcare 4.0. This
offers a realistic prospect of bridging the gap between computational biology research and
clinical care, thereby moving closer to the vision of a more integrated and personalised

healthcare system.
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In conclusion, this thesis has aimed at exploring the integration of precision medicine
concepts into clinical practice, leveraging computational tools as the means to achieve this
objective.

The CDSS developed for Necrotising Soft Tissue Infections and COVID-19 not only enhance
clinical decision-making but also provide transparent explanations for the decisions made,
thereby strengthening the reliability and trustworthiness of the system.

Moreover, the developed deep learning framework, capable of simultaneously integrating
multidimensional genomic data and correcting for potential confounders, presents a fair
patient stratification tool. This tool holds promise in enhancing treatment effectiveness
and minimising side effects by identifying the patient groups most likely to benefit from
specific treatments.

Across various projects, emphasis has been placed on the explainability of deep learn-
ing methods. The research presented in this thesis included a quantitative analysis on
commonly used methodologies to interpret deep learning genomics frameworks. These
methods have proven advantageous in navigating high-dimensional data, facilitating hy-
pothesis generation beyond the capabilities of traditional analysis methods.

With the goal of contributing to the scientific community, this thesis includes a critical
assessment of the training and educational proficiency of Innovative Training Networks
(ITNs). By analysing the personal and professional experiences of young researchers within
ITNs and highlighting the significant drawbacks of these networks, this thesis aims to pave
the way for improvements in ITNs and empower the next generation of young researchers
to realise their full potential.

Throughout the work underlying this thesis several barriers hindering the practical im-
plementation of precision medicine have been encountered and identified. These barriers
encompass challenges related to data infrastructure, model development and explain-
ability, as well as the transferability of models and data. I argue that with the ongoing
digitalisation of hospitals, the time has come to address the highlighted problems, partic-
ularly concerning data management and sharing. By addressing these issues proactively,
we can envisage a future where Clinical Decision Support Systems and precision medicine

concepts transition from research to clinical practice.
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9.4 Supplementary Notes

Acknowledgements

Language, expression, and grammar in this chapter were polished using ChatGPT to im-

prove readability.
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Summary

In an era marked by an unprecedented wealth of information, technological possibilities,
and computational resources, Artificial Intelligence (AI) stands at the epicentre of the dig-
ital revolution reshaping Western societies. In addition, scientific advancements of the last
decades have broadened our understanding of health, the human body, and diseases, lead-
ing to the growing consensus that I need to modernise our healthcare systems and harness
the technological advancements readily available to us. These societal needs are reflected
in the concept of precision medicine, with its overarching goal to transform healthcare
systems towards transparency, data-driven practices, and personalised approaches.

This thesis seeks to advance the principles of precision medicine and facilitate this trans-
formation by developing artificial intelligence models that utilise diverse biomedical data,
emphasising explainability and fairness. The concrete goals of this thesis therefore are
as follows: (I) develop machine learning-based clinical decision support tools for Necro-
tising Soft Tissue Infections (NSTI) and COVID-19, (II) design fair stratification tools for
cancer patients that integrate information from diverse biological layers, and (III) utilise

explainable deep learning algorithms to explore the complexities of the human epigenome.

The first goal, the development of clinical decision support tools, is addressed in Part 1,
which explores how we can utilise precision medicine concepts to enhance the manage-
ment and care of patients suffering from NSTI (Chapter 2 and 4) and COVID-19 (Chapter
3).

Chapter 2 explores the possibility of utilising machine-learning methods, namely Random
Forest Classifiers, to estimate the risk of mortality of NSTI patients. However, the chapter
also provides an overview of relevant clinical needs in NSTI care, derived from qualitative
interviews with clinicians from different departments. These interviews yielded 24 unique
clinical questions, which served as the base for further projects, such as the work presented
in Chapter 4. The risk of 30-day mortality could be accurately estimated using clinical

parameters available in the data set on the first 24 h following ICU admission (ROC AUC:
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0.91 (95% CI, 0.88-0.96)), thereby surpassing the performance of clinical scoring systems
commonly utilised for the same purpose. Analysis of feature importances revealed that
the selected variables are highly clinically relevant, as they are linked to septic shock,
a frequent cause of NSTI mortality, further increasing trust in the system. This chapter
highlights the potential of machine learning models to enhance clinical decision-making,
resource allocation, and early communication with patients and families.

In Chapter 3, the knowledge gained from developing a CDSS for NSTI was applied to
COVID-19. This chapter aims to evaluate the effects of COVID-19 on intracellular choles-
terol biosynthesis and develop a predictive model for COVID-19 severity. In an attempt
to assess the potential new biomarkers for disease monitoring, the benefits of measur-
ing metabolic pathways, specifically endogenous cholesterol biosynthesis, were explored.
Several machine learning models were trained on a combination of clinical data and
sterol intermediates to predict disease severity. These models ultimately outperformed the
COVID-GRAM, a comparable clinical model developed for the same purpose. This chap-
ter demonstrates the capability of Al-powered CDSS to seamlessly integrate data from
diverse domains into a unified model and directly evaluate the predictive power of new
biomarkers.

Chapter 4 revisits the clinical needs associated with NSTI by exploring various clinical
endpoints, such as the need for amputation, anticipated wound size, estimated length of
ICU stay, and the presence of specific pathogens, such as Group A Streptococcus (GAS).
By attempting to predict each of these endpoints through machine learning models, it was
found that GAS aetiology can be predicted before the first surgery, significantly earlier than
current methods allow. However, predicting other endpoints besides GAS efficiently was
not possible due to biased outcomes influenced by individual surgeons or local guidelines,
and the need for more longitudinal data, highlighting shortcomings in current NSTI re-
search. Overall, the findings presented in this chapter could enable targeted interventions
for GAS earlier in the NSTI disease course, demonstrating the high clinical relevance of

results generated by a CDSS.

Part 2 of this thesis addresses the second goal formulated, namely the design of fair
stratification tools for cancer patients that integrate information from diverse biological
layers. While grouping patients using high-dimensional, multi-omics data is common,
patient stratification is practically often limited by the impact of confounders like batch
effects, age, or sex on clustering.

Chapter 5 therefore introduces novel variational autoencoder-based frameworks on multi-

omics data capable of mitigating these confounders while preserving biological patterns.
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Four different deconfounding strategies are presented and compared using data with sim-
ulated confounding effects. This chapter illustrates the power of deep learning not only
to integrate diverse omics measurements into a unified framework but also to effectively
handle confounding effects and recover biologically driven clustering structures. It accu-
rately identifies patient labels and uncovers meaningful pathological associations, offering

guidance for meaningful patient stratification in precision medicine.

The focus of Part 3 lies in demonstrating how explainable deep learning algorithms can be
used to explore the complexities of the human epigenome and drive hypothesis generation
in genomics.

Chapter 6 addresses the fact, that while the interpretation of deep learning models is
challenging, it is essential for understanding biological mechanisms and establishing trust
in healthcare applications. Therefore, this chapter offers an overview of interpretable
deep learning solutions in functional genomics. It includes a quantitative exploration of
framework design choices concerning genomics data characteristics, neural network ar-
chitectures, and interpretation strategies. Through the evaluation of the genomics field
using predefined criteria, common solutions are identified, and opportunities for devel-
oping more interpretable models are uncovered. The chapter aims to serve as guidance
for genomic researchers looking to integrate interpretable deep learning models into their
methodologies.

Chapter 7, on the other hand, provides a concrete showcase of how explainable AI can
be utilised to drive hypothesis generation in epigenomics. With traditional methods often
falling short in understanding the relationships among DNA methylation sites due to the
complexity and high dimensionality of the data, deep learning algorithms like autoen-
coders offer promising solutions. This chapter introduces mEthAE, a chromosome-wise
autoencoder designed to interpret and reduce methylation data dimensions effectively. In
an attempt to go beyond mere data compression, an explainability approach is presented,
which successfully identifies clusters of biologically relevant DNA methylation sites exhibit-
ing strong connections across the reduced latent space. Interestingly, these connected sites
do not show correlation patterns or physical proximity on chromosomes, suggesting the
detection of complex, long-range, non-linear interactions by our autoencoder, suggesting
an interaction pattern largely uncharacterised in current epigenetic research. This chapter
demonstrates the potential of explainable deep learning frameworks in unravelling the

complexities of (epigenetic) data and proposes new hypotheses in genomics.

The final part of this thesis, Part 4, explores the interdisciplinary nature of precision
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medicine. Addressing the challenges associated with the paradigm shift in disease preven-
tion and healthcare requires integrating expertise from genomics, informatics, medicine,
and ethics. Training the next generation of precision medicine experts, therefore, necessi-
tates developing cross-disciplinary, international doctoral programs focused on education.
Chapter 8 follows this vision and introduces the training and collaboration experiences of
early-stage researchers within TranSYS, an Innovative Training Network (ITN) for preci-
sion medicine funded under the EU’s Horizon Europe program. Training and collaboration
aspects within the ITN are examined, revealing significant improvements in young re-
searchers’ scientific, professional, and social skills. Case studies highlight the benefits of
collaborative environments and innovative scientific exchange within TranSYS. Despite
challenges like balancing stakeholder interests, the ITN was found to foster positive growth
within young researchers. Overall, this chapter provides insight into the scientific topics

and training of the next generation of precision medicine experts.

The thesis ends with a Discussion that summarises the key findings and situates them
within the broader context of precision medicine. It shows the value of the work presented
in this thesis concerning different goals of precision medicine, including the need for ac-
curate decision making, explainability, effective treatment outcomes, optimally allocating
resources, and finding novel biomarkers and treatment. A significant portion of the Discus-
sion is devoted to highlighting the open challenges that need to be addressed to integrate
precision medicine into routine clinical practice. Lastly, the chapter presents a perspective

on the opportunities crucial for shaping the future of the field.
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9.5 General courses
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Scientific Artwork, Data visualisation and

. . WGS online 2022
Infographics with Adobe Illustrator

9.6 Other activities

Name of the course/meeting Organizing institute(s) City (Country) Year

Preparation of research proposal SSB Wageningen (NL) 2020
PhD trip SSB USA 2022
TranSYS Journal Club TranSYS online 2021-2022
SSB Journal Club & Seminar SSB Wageningen (NL) 2020-2024
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