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Abstract

Machine learning (ML) holds the potential to impact many aspects of our lives,

particularly in high-stakes areas like law, autonomous systems, and healthcare. The

prospects of leveraging large quantities of data to mine patterns, improve decision-

making, and navigate the complexity of biological systems are especially appealing and

can have far-ranging consequences; however, ensuring the robustness and reliability

of machine learning models has proven a remarkably difficult challenge, leading to

considerable efforts by the research community.

In particular, understanding how ML models generalize to new observations is

a necessary condition for the fruitful translation of these advancements in machine

learning to clinical practice or to expand biological domain knowledge. When the

training and test settings correspond, and the individual observations do not affect

each other—the so-called independent, identically distributed (IID) setting—machine

learning and deep learning have displayed remarkable capabilities. But when the data-

generating distribution shifts, or when we want to solve related but slightly different

tasks, then the quality of the predictions of a model can rapidly deteriorate.

In this thesis, I will examine the challenges that arise when generalizing beyond the

training distribution in biomedical machine learning and the approaches developed to

tackle such challenges. The first part of the thesis will provide a broad overview of the

topic of generalization in machine learning, starting from a conceptual formulation of

the generalization problem and the progress made in laying theoretical foundations for

generalization in ML. Delving into the topic, I will provide an examination of the most

common paradigms developed to improve predictive performance when generalizing

outside the training distribution, and I will discuss the role of causal reasoning within

this picture.

Afterwards, I will review the state of biomedical applications of machine learning,

highlighting some of the most well-studied areas of research, as well as fields where
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the use of ML has yet to deliver on its promise. Of particular interest is the topic of

biases in biomedical data: given the staggering complexity of biological phenomena,

and the considerable experimental constraints on gathering relevant data, it is crucial

that we understand how to separate noise and natural variability from meaningful

signal. Related to this idea, I will also discuss the ever-present challenge of validating

the results of biomedical ML models.

Following these broad overviews of generalization and biomedical machine learning,

I will present two works revolving around the application of deep learning to biological

and clinical data. In each of them, the generalization challenges and paradigms

presented in the earlier chapters play a crucial role, enabling novel prediction tasks or

revealing insights into the properties of the models. The first work, that focuses on the

task of imputing epigenomic signals, showcases how the use of transfer learning enables

the out-of-distribution imputation of individual-specific epigenomic patterns, a case

study in personalized epigenomics that is, to the best of my knowledge, the first of its

kind. Afterwards, I will present a research project that tackles the task of predicting

antimicrobial resistance from clinical proteomics data; when delving into the workings

of the models proposed, the analysis of zero-shot prediction tasks offers a window into

their robustness, which can guide future developments and offer insights for the data

collection efforts required to progress further.



Zusammenfassung

Maschinelles Lernen (ML) hat das Potenzial, viele Aspekte unseres Lebens zu beein-

flussen — insbesondere in kritischen Bereichen wie Recht, autonome Systeme und dem

Gesundheitswesen. Die Aussicht, große Datenmengen nutzen zu können, um Muster

zu erkennen, Entscheidungsprozesse zu verbessern und sich in der Komplexität biolo-

gischer Systeme zurechtzufinden, ist besonders reizvoll und kann weitreichende Folgen

haben. Es hat sich allerdings auch als eine bemerkenswert schwierige Herausforderung

erwiesen, die Robustheit und Zuverlässigkeit von ML-Modellen zu gewährleisten, was

zu erheblichen Anstrengungen in der Forschung geführt hat.

Insbesondere das Verständnis, wie gut oder schlecht Modelle auf neue Beobachtungen

verallgemeinern, ist eine notwendige Voraussetzung dafür, um die Fortschritte aus

der ML-Forschung in die klinische Praxis zu übertragen oder um das biologische

Fachwissens zu erweitern. Wenn die Trainings- und Testszenarien übereinstimmen

und die einzelnen Beobachtungen sich nicht gegenseitig beeinflussen (das sogenannte

independent, identically distributed (IID) Setting), haben maschinelles Lernen und Deep

Learning bemerkenswerte Fähigkeiten gezeigt. Wenn sich jedoch die datenerzeugende

Verteilung ändert, oder wenn wir verwandte, aber leicht unterschiedliche Aufgaben

lösen wollen, kann die Qualität der Vorhersagen eines Modells schnell abnehmen.

In dieser Arbeit werde ich die Herausforderungen untersuchen, die beim General-

isieren über die Trainingsverteilung hinaus im biomedizinischen maschinellen Lernen

auftreten, sowie die Ansätze besprechen, die entwickelt wurden, um diese Heraus-

forderungen anzugehen. Der erste Teil der Arbeit wird einen breiten Überblick über

das Thema Generalisierung im maschinellen Lernen geben, angefangen mit einer konzep-

tionellen Formulierung von “Generalisierung” und den Fortschritten bei der Schaffung

theoretischer Grundlagen hierfür. Weiterhin werde ich die gängigsten Paradigmen

vorstellen, die entwickelt wurden, um die Vorhersageleistung bei der Generalisierung

über die Trainingsverteilung hinaus zu verbessern, und die Rolle des kausalen Denkens

in diesem Zusammenhang diskutieren.
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Anschließend werde ich einen Überblick geben über den aktuellen Stand der Anwen-

dung von maschinellem Lernen in der Biomedizin und dabei einige der am intensivsten

beforschten Bereiche hervorheben sowie Gebiete aufzeigen, in denen der Einsatz von ML

sein versprochenes Potenzial noch nicht gänzlich eingelöst hat. Besonders interessant

ist dabei das Thema Bias (Verzerrungseffekte) in biomedizinischen Daten: Angesichts

der überwältigenden Komplexität biologischer Phänomene und der erheblichen experi-

mentellen Einschränkungen beim Sammeln von relevanten Daten ist es entscheidend,

dass wir verstehen, wie man Rauschen und die natürliche Variabilität von echten

Signalen voneinander trennt. Damit verbunden werde ich auch die allgegenwärtigen

Herausforderungen bei der Validierung der Ergebnisse biomedizinischer ML-Modelle

diskutieren.

Nach diesem breitgefasstem Überblick über die Generalisierung und das biomedizinis-

che maschinelle Lernen werde ich zwei Arbeiten vorstellen, die sich um die Anwendung

von Deep Learning auf biologische und klinische Daten drehen. In beiden diesen

Arbeiten spielen die in den früheren Kapiteln dargestellten Herausforderungen und

Paradigmen in Bezug auf Generalisierung eine entscheidende Rolle, indem sie neue

Vorhersagen ermöglichen oder tiefere Einblicke in die Eigenschaften der Modelle geben.

Die erste Arbeit, die sich auf die Imputation (das heißt, das Ergänzen fehlender Daten)

epigenomischer Signale konzentriert, zeigt, wie der Einsatz von Transfer Learning

die Out-Of-Distribution-Imputation von individuellen epigenomischen Mustern er-

möglicht — eine Fallstudie in der personalisierten Epigenomik, die meines Wissens

die erste ihrer Art ist. Anschließend werde ich ein Forschungsprojekt vorstellen, das

sich damit beschäftigt, antimikrobielle Resistenzen anhand klinischer Proteomikdaten

vorherzusagen. Bei der Untersuchung der Funktionsweise der vorgeschlagenen Modelle

bietet die Analyse von Zero-Shot-Vorhersagen einen Einblick in deren Robustheit.

Dies kann zukünftige Entwicklungen leiten und Erkenntnisse liefern für die Erfassung

zusätzlicher Daten, die für den weiteren Fortschritt erforderlich sind.
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Chapter 1

Introduction

The essence of knowledge is generalisation. That

rubbing wood in a certain way can produce fire is a

knowledge derived by generalisation from individual

experiences; the statement means that rubbing wood in

this way will always produce fire. The art of discovery

is therefore the art of correct generalisation. [...] The

separation of relevant from irrelevant factors is the

beginning of knowledge.

The Rise of Scientific Philosophy

Hans Reichenbach

What does it mean to generalize? The concept of generalization is so integral to our

understanding of intelligence and cognition that it is challenging to provide a single

answer encompassing all the exquisite complexity hidden behind this question. We

commonly use the term to describe the setting in which previously acquired knowledge

applies to novel situations and inputs. We human beings are adept at generalizing

knowledge in many ways, and we excel at learning abstractions and generalizations

from examples: a child will learn what a tree is not by receiving a complex and nuanced

description, but by repeatedly pointing at trees and asking “what is that?” or “is that

also a tree?”

Generalization is an exceedingly broad task that has shaped our inquiries into the

nature of intelligence for as long as humans have wondered about the world, and we

learned to recognize its role in different settings. From an evolutionary perspective, for

example, the capacity to learn information and behaviours that can be used to face a
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multitude of situations is such a powerful survival tool that it has become inextricably

linked with our definition of “higher intelligence.” We consider an organism “intelligent”

when it can use its limited experience to adapt to novel situations through the use of

strategies, tools, interactions, and knowledge; the more abstraction required in the

process, the higher the level of intelligence we attribute to the organism. Similarly, it

is no coincidence that the highest ambition of artificial intelligence (AI) research is the

creation of artificial general intelligence, highlighting how intrinsic the capability of

generalization is to the notion of intelligence.

For a long time, top-down deductive reasoning was considered the more rigorous

approach to generalizing knowledge: starting from known principles, a robust chain

of reasoning leads to deriving new conclusions which must necessarily hold true as

well [1]. With the advent of the Renaissance and the rise of empiricism, a growing

acceptance of the imperfect nature of our observations of the world led philosophers to

emphasize inductive reasoning more [2]. This bottom-up approach attempts to derive

abstract principles from finite observations of reality; if this process of abstraction has

captured some “truth” of the world, then these derived principles can then be applied

to novel settings, thus generalizing from an imperfect set of observations.

These two forms of reasoning are core to the formalization and diffusion of the

scientific method, the crowning achievement of systematic reasoning. The conjoined

nature of inductive and deductive reasoning has been the object of debate since Aristotle

[3], and historical trends in the development of a system of reasoning have leaned

towards one or the other without ever being able to fully separate them. Scholars

such as John Stuart Mill focused firmly on inductive reasoning [4], while following

conceptions formalized by Karl Popper pushed for a larger role of deductive reasoning

[5]. Over time, the scientific method replaced the certainty of logical reasoning with

the uncertain guarantees provided by repeated attempts to falsify the theory tested.

Crucially, with this paradigm of learning, the complete certainty in the truth of a

hypothesis is no more than a mirage: only its falsehood or incompleteness have a

chance of being fully determined. This newfound humility is even reflected in the

naming conventions developed over centuries, moving from absolute laws (Newton’s

law of gravitation), to tested theories (Einstein’s theory of general relativity, Darwin’s

theory of evolution). The latter, even though supported by ample amounts of evidence,

can never be labelled as complete descriptions of the world.

The tools to systematize the level of certainty in scientific theories were developed

from the 18th century onward in the field of statistics. Starting from the collection of
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demographic and economic data by states—hence the etymology of the term—the field

evolved to offer refined mathematical tools that promised to quantify the “correctness”

of a model or a theory. Unable to establish an objective truth judgment of a theory,

we moved to p-values, effect sizes, confidence intervals in the so-called frequentist

approaches, and to posterior probabilities, Bayes factors, and model comparisons in

Bayesian formalisms.

This much more fluid conceptualization of correctness proved to be a valuable

tool in the late 20th century, when the advent of modern computers enabled the

modelling of observed phenomena with unprecedented richness. The paradigm of

inductive learning was systematized and automated in the field of machine learning

(ML), wherein computer programs and mathematical models learn from observed data.

It is here that measuring how well a model generalizes to new inputs offers a proxy

measure of how much it has learned the true information underlying the phenomenon

studied. Conversely, understanding the factors that hinder this generalization—and

how to address them—is crucial for the robust application of machine learning in

practice.

The last two decades have seen a veritable explosion in the development and

deployment of machine learning in real-world applications. From recommender systems

to diagnostic models, from image generation to speech synthesis, this revolution has

been powered by an unprecedented increase in availability of data and computational

power [6]. Due to its ubiquity, machine learning is affecting the lives of many people,

with a large portion of them not even realizing the spread of these technologies in our

everyday life [7]. While in some cases the reliability of these computational systems is

not the primary concern, machine learning is increasingly adopted to improve decisions

and processes in high-stakes settings. ML models are used to guide self-driving cars

[8], predict crime [9], and solve cybersecurity issues [10], to name a few.

In such situations, the failure of a model can inflict serious harm, so it becomes

more important than ever to determine how we can know that the model works as

intended and evaluate its safety [11]. Unfortunately, there is no silver bullet, and many

factors can influence this robustness. To be able to trust and rely on the predictions of

a model, we need to identify the subpopulations or samples on which it performs well,

and to pinpoint and manage appropriately those on which it performs poorly [12, 13].

The way to achieve this is to design and conduct robust validation procedures for a

model, or to focus specifically on the interpretability of such models [14].
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Philosophically, this demand for reliability can be linked to the difference between

learning and intelligence. This distinction, which in humans can be blurry [15], is

especially relevant for machine learning systems as they model correlations from

observational data rather than building an understanding of the world. These models

learn from data, but this process does not automatically lead to what we would consider

an intelligent system; this limitation makes them generally unsuitable to go beyond

the observational setting and consider interventions [16], which is often what we desire

in practice. Ultimately, we develop machine learning models as a mean to an end: to

improve our decision-making, prioritize our limited resources, and more generally bring

to fruition a desired outcome.

Among high-stakes settings, the biomedical applications of machine learning are

perhaps the most crucial field in which robustness is required. With the label of

“biomedical” applications I indicate both those models that examine the processes

involved in molecular biology and human health, as well as those systems that aim

to improve clinical practice and medical care. In biomedicine, failures in predictive

capabilities of ML models can lead to expensive and time-consuming errors—such as

selecting the wrong candidate drugs for clinical trials—and can culminate in outright

inflicting harm by recommending unsuitable treatments or misdiagnosing a disease

[17], or unfairly determining who needs extra clinical care [18, 19].

These challenges are not just technical hurdles, but also social ones. The field of

statistics as a whole has been developed and coopted by systematic efforts to ensure

unequal structures of power, with several founding fathers of the field like Karl Pearson

and R. A. Fischer having clear and deplorable views on the role of this tool for eugenics

[20, 21]. Mechanisms of oppression for underrepresented populations are just as relevant

for machine learning, with the added complication of the opacity and inscrutability of

many ML models; such concerns are not purely speculative, and have already been

shown to disproportionately affect certain sections of the population [18]. Facing this

challenge will require concerted social and political efforts that go well beyond technical

improvements to the robustness of ML models; ultimately, the intersection of machine

learning and healthcare is a multifaceted effort, and we will need a more in-depth

understanding of all its complexities to produce meaningful progress.

Despite these risks and challenges, ML also opens up unprecedented opportunities

to enhance the biomedical field; it is the core component behind the development of the

field of precision medicine, an alternative paradigm of care that aims to stratify patients

into small groups—or even at the level of the individual—to provide more effective
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personalized medical care [22]. In addition to clinical care, ML offers compelling

possibilities for mining large-scale datasets and inferring patterns and connections that

can progress our understanding of biology. This latter prospect is also appealing on a

conceptual level: many facets of molecular biology are controlled by pattern recognition

mechanisms, and training a model to learn such patterns has the potential to help

us decode the complexity of biological systems and identify potential biomarkers or

targets for intervention.

Given the potential of ML applied to biomedicine, the exploration and systematiza-

tion of the generalization properties exhibited by these models is a crucial, high-impact

area of research. The successful translation of research results to novel insights and

improved clinical practices will require enormous collaborative efforts so that we can

ensure equitable outcomes and lead to transformative changes for the benefit of all.

This thesis will present a structured discussion of the technical aspects of the

challenges described, where I will analyse the role of predictions beyond the training

distribution in biomedical machine learning. I will first examine the concept of

generalization in machine learning as a whole, the formalisms developed to understand

it, and the approaches developed to improve generalization performance. Afterwards, I

will focus on the biomedical field, discussing the specific biases and systemic issues that

affect the robust application of machine learning. Finally, diving into the opportunities

of precision medicine, I will explore two research projects that tackle generalization

tasks in the biomedical setting and that well represent the challenge of producing

accurate predictions when generalizing outside the training distribution.

1.1 Outline

Aside from this brief introduction, this thesis includes 5 main parts:

• Chapter 2 contains a discussion of the forms of generalization in machine learn-

ing, the paradigms developed to improve this aspect of ML models, and their

relevance in the biomedical field. I will present an overview of the most common

methodologies to increase robustness, selected based on their role in Chapters 4

and 5, or because of their broader role in biomedicine. I will additionally discuss

the progress in laying theoretical foundations of generalization, as well as the role

of causality in shaping machine learning towards robust and reliable systems.
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• Chapter 3 is a review of the current state of biomedical ML and the specific

challenges encountered when applying ML to the biosciences, such as the sources

of bias in biomedical data or systemic issues like validating the predictions of

biomedical ML models.

• Chapter 4 describes an application of deep learning for imputing the incom-

plete human epigenome. This work includes a case study in personalized epige-

nomics, demonstrating how the use of transfer learning enables the imputation

of individual-specific epigenetic signals. This chapter is based on [23].

• Chapter 5 presents a research work that employs deep neural networks to combine

clinical proteomics and chemical features for predicting antimicrobial resistance

outcomes and recommending effective drugs. This work shows how different

data-generating processes affect our predictive models, and examines several

zero-shot prediction tasks to gain more in-depth insights into the workings of

these predictors. This chapter is based on [24].

• Chapter 6 is a discussion of the results presented, including how the generalization

paradigms described in the introductory chapters relate to the two applied projects.

I will describe the limitations of the two studies presented, and present some

considerations on possible future directions.



Chapter 2

Generalization in Machine Learning

2.1 Generalizing to new data

In applied machine learning, we are generally presented with a set of data points

on which to train a model (i.e., fit a function), which will then be used on new sets

of observations. This model is commonly supposed to serve a specific aim, and not

to be the final result of our analysis; ultimately, what we are truly interested in is

improving our decision-making, supporting interactions of automated systems with

their environment, or detecting meaningful patterns in the data.

The main challenge keeping us from realizing the full potential of applied machine

learning is that it relies on the (generally implicit) assumption that the training

and test data come from the same distribution. In the so-called IID (independent,

identically distributed) regime, ML models have shown high performance and robust

predictive capabilities. Under the IID assumption, we can obtain an optimal model

using frameworks such as empirical risk minimization (ERM), with robust guarantees

that its predictions will successfully generalize to the test set [25, 26]. However, when

the predictive setting diverges from the training conditions, the performance of ML

models can rapidly deteriorate [27].

This issue is especially relevant in applied biomedical machine learning, as having

test data from the same distribution as the training data is the exception rather than the

norm [28], especially when combining datasets collected from several laboratories and

institutions [29]. Factors like shifts over time, biased data collection, data processing
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procedures all impact the applicability of ML models in practice (see Section 3.2 for

an in-depth discussion of the issue).

It is thus clear that the capability to generalize is perhaps the most crucial property

for a machine learning model, as it concerns its effectiveness in practical scenarios

beyond controlled experiments and training environments. It should not come as a

surprise, then, that this research field is flourishing with varied contributions, attempting

to paint a more complete picture of the practical and theoretical aspects involved.

Many works in the literature focus on the development of specific architectures and

techniques that make models more robust to shifts, while other researchers attempt

to lay the theoretical foundations to understand the generalization mechanisms in

learning algorithms. The last two decades have seen notable advancements on both

fronts, which will be described in this chapter.

2.2 Generalization in the IID setting

To set up the appropriate context and to properly compare the IID setting to the

challenge of generalizing outside the training distribution, let us first define what

generalization is and provide adequate notation to support our discussion. While

describing every possible task for machine learning with a single formalism can lead to

exceedingly abstract representations, we can look at generalization through the lens

of a specific problem formulation that is common in many real-world scenarios, and

therefore suitable for our discussion.

In many applied settings, we gather observations x ∈ X , where X represents any

space, and we use them to make predictions. For example, the space of covariates X

could be a Euclidean vector space R
d, or the set of all 256 × 256 images, or the set

of texts written in English. The data-generating process of these observations can be

described by the distribution P (X), where X is the random variable representing the

observations x. Each observation x is associated to some output y ∈ Y , which can be

an explicit output in the case of supervised machine learning (e.g., labels associated

to images), or an implicit quantity to determine in the case of unsupervised learning

(e.g., cluster assignments). These outputs are generally described by a probability

distribution P (Y ); however, what we are truly interested in is the joint dependency of

y and the covariates x, described by the joint distribution P (X, Y ), or alternatively

the conditional distribution P (Y |X) = P (X, Y )/P (X).
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Machine learning is the automated process of modelling this relationship and

inferring its characteristics from data. The approximation of the joint distribution

P (X, Y ) is the subject of generative modelling, where paradigms such as variational

autoencoders, normalizing flows, and diffusion models offer the flexibility to learn these

complex probabilistic relationships and enable tasks such as sampling new observations

[30].

Alternatively, the modelling of the conditional relationship P (Y |X) is the object of

fields such as supervised learning. In this setting, we have access to a set of training

instances Strain = {(x1, y1), ..., (xn, yn)}train, and we want to obtain a predictive model

that can produce accurate approximations of the outputs y1, ..., yn by using as input

the covariates x1, ..., xn. A common assumption adopted in this application of machine

learning models is that the stochastic dependency of the outputs on the covariates

can be split into two components, a deterministic part and external noise. This

decomposition can be expressed as follows:

P (Y |X = x) = f(x) + ϵ (2.1)

where ϵ can model random stochastic fluctuations (homoskedastic noise, ϵ ⊥⊥ x), but

also include unaccounted confounders that depend on the covariates (heteroskedastic

noise, ϵ ⊥̸⊥x). In common use cases of machine learning—particularly in deep learning—

we model the deterministic link f using a parametric model fθ : X → Y , where the θ

represents the parameters of the model.

Intuitively, we can say that a model that was trained on a set of observations Strain

generalizes well if it produces accurate predictions even when employed for a new set of

observations Stest = {x1, ..., xm}test. But what does it mean to “perform well” on this

test data? How can we formalize this concept? Often, the generalization capability of

a model is discussed within the formulation of the generalization error. Let us consider

the previously described supervised learning setting, where we want to predict the

label y given the covariates x. To quantify the correctness of a prediction ŷ = fθ(x)

produced by the model fθ, we define a loss function L : Y ×Y → R, which produces low

values if the prediction ŷ is similar to y, and higher values otherwise. The population

risk is then the expected value of L under the data-generating distribution:

R[fθ] = Ex,y∼P (X,Y )[L(y, ŷ)] (2.2)
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Since in practice we only have access to a finite sample S, such as our previously

defined training set {(x1, y1), ..., (xn, yn)}train, we use the empirical risk as estimator:

RS[fθ] =
1

n

n
∑

i=1

L(yi, ŷi) (2.3)

We can define the generalization error—or sometimes generalization gap—as the

difference between the population risk and the empirical risk, i.e. R[fθ]−RS[fθ]; we can

then claim that a model generalizes well if the generalization error is low, ideally going

to zero as the number of training samples grows sufficiently large. We usually do not

have access to the population risk R[fθ], so different approaches have been developed

to make use of this concept. Theoretical formulations often seek to determine bounds

for the generalization error as just defined, eschewing the need for explicit estimates of

the population risk.

Empirical approaches, on the other hand, commonly rely on evaluations of the

model performance on a hold-out set of data. For this applied setting, we can calculate

the empirical generalization error RStest
[fθ] − RStrain

[fθ], which acts as an estimator for

the generalization error.

At its heart, the problem of minimizing the generalization error in the IID setting

revolves around the necessity of providing a functional approximation that fits the

information contained in the data (i.e., the link f), without fitting the noise that

inevitably affects finite samples gathered in an experimental setting. This challenge

is captured well in the so-called bias-variance tradeoff, which classically describes the

necessity of hitting a “sweet spot” in the flexibility of the model to achieve this balance

[31].

When training a model, its bias represents the systematic errors between the expected

predictions and the true values. This bias stems from the simplifying assumptions

made when modelling complex real-world phenomena (i.e., the inductive biases), which

are a core component of robust applications of ML. A model with high bias is prone to

underfitting, and might not possess the necessary expressive power to model complex

functional relationships; however, model biases allow us to restrict the hypothesis space

available to the learning algorithm, reducing the amount of data needed to obtain a

robust predictor [32]. The variance of a model, instead, refers to the error introduced

by the model’s sensitivity to small fluctuations in the training set. High variance is

typical of models with a great capacity to represent complex functions, that can learn
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to fit not just the functional dependence between observables and targets, but also the

noise of the measurements, in the phenomenon called overfitting.

Both high variance and high bias can lead a model to generalize poorly to new data,

and we would ideally minimize them both; in practice, however, there appears to be a

tradeoff between the two, so that a model with low bias will tend to have high variance,

and vice versa.

Counterintuitively, the selection of biased estimators for the function we want to

fit may outperform unbiased estimators. One of the most bizarre phenomena that

demonstrates this possibility is given by Stein’s paradox and the related Stein-James

estimator; this setting shows that, in estimating the means of multiple Gaussian

distributions, using a combined shrinkage estimator can yield more accurate results

than estimating each mean separately, even if the distributions are independent [33, 34].

This observation has profound implications for applied machine learning as a whole.

Several widespread techniques that are ubiquitous in practice have their roots in an

advantageous exchange where an increase in bias is counterbalanced by a greater

reduction in variance. Among these methods, we find regularization approaches such as

Tikhonov regularization and lasso regularization [35], ensemble techniques like bagging

and boosting [36], and (arguably) also Bayesian modelling.

2.3 Theoretical foundations of IID generalization

2.3.1 The challenge of systematizing generalization

Machine learning as a whole is a field that has found its modern-day success after

embracing its deeply experimental nature [37–39]. Many of the seminal advances in the

field of learning algorithms were conceived to mimic biological intelligence and were

not founded on a strong theoretical basis. The function of the neuron, for example,

served as inspiration for the formalism of the McCullogh-Pitts neuron [40], which

led to the creation of the Perceptron [40, 41], and ultimately to the development

of artificial neural networks and deep learning. Similarly, the concepts underlying

Convolutional Neural Networks—such as receptive fields—are inspired by earlier work

on the stimulation of the visual cortex in cats [42].

For many developments in machine learning, first comes empirical observation and

the development of algorithms that improve learning and predictive performance, and

only afterwards are theoretical justifications researched. To cite an example relevant to
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the work presented in Chapter 4, the core ideas at the base of transfer learning (TL)

can be traced back as far as the 1970s [43], and were popularized in the early 1990s [44].

However, the first theoretical foundations for TL were laid in the years following the

initial implementations [45], with more considerable focus from the research community

in the last decade [46–49].

Finding a complete and cohesive grounding of machine learning is an extremely

challenging task. This post hoc derivation of theoretical justifications often leads to

significantly different theoretical analyses for the same approach. Consider, for an

example relevant to the ResMLP model in Chapter 5, batch normalization (BN), a

technique that improves the training of neural networks by normalizing layer inputs

across the elements in a mini-batch. The research paper that proposed the method

justifies its effectiveness by claiming that it works by addressing internal covariate

shift [50]; however, follow-up works have argued that internal covariance does not

explain the success of BN [51], or that its value lays in enabling the phenomenon of

“super-convergence” [52], or that its primary role is that of a regularizer that smooths

out the loss landscape [53, 54]. All of these descriptions offer information on different

facets of this methodology; however, a complete theoretical description is still not

available.

Despite the daunting effort required, the systematization of machine learning is a

crucial research field that attempts to bring order to the complex interactions between

mathematical formalisms, computer science, statistics, and engineering that converge in

machine learning. Naturally, a large portion of these efforts extend to the understanding

of the generalization capabilities of ML models. I will present here a brief overview of

the main threads that have guided the systematization of generalization in machine

learning, and examine why these efforts are not always applicable to deep learning.

2.3.2 Statistical learning theory and computational learning

theory

Foundational approaches to establishing a theoretical basis of generalization in ML lay

in the work of Vapnik, who provided comprehensive explorations of statistical learning

theory (SLT) and its applicability to real-world problems [55]. This theory focuses on

the statistical properties of learning algorithms and is complemented by the field of

computational learning theory (CLT) [56], that describes the computational aspects of

learning algorithms. These two branches of machine learning and statistics exhibit a
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large degree of overlap, and the formalisms developed in both tend to come into play

synergistically to paint a richer picture of learning algorithms.

One of the core concepts established in SLT is the Vapnik-Chervonenkis (VC)

dimension [26, 57], a criterion that describes representational capacity of learning

algorithms based on their ability to perfectly classify all possible labellings of a given

set of points. The VC dimension serves as a foundation to demonstrate the validity

of empirical risk minimization as a learning rule, and can be used to analyse the

generalization properties in the IID setting. In general terms, SLT and CLT show

that it is desirable to select an algorithm with a sufficiently broad hypothesis space to

contain the true function to be fit, while limiting the complexity as much as possible.

This modern statistical form of Occam’s Razor [58] is reflected in frameworks such

as structural risk minimization [55], but also in statistical measures like the Akaike

information criterion [59] and the Bayesian information criterion [60], which directly

encapsulate this tradeoff between complexity and goodness of fit.

The concept of VC dimension is an appealing tool to describe the expressive power

of a class of models; however, precise calculations of the VC dimension for complex

models are far from trivial, and it is often necessary to rely on upper and lower bounds

instead [61]. More crucially, the VC dimension does not properly account for the

inductive biases in the learning algorithms, nor the data distribution; both of these

factors are known to be important for the generalization properties of deep neural

networks [62], which limits the practical usefulness of the VC dimension in deep learning.

For this reason, the complexity of deep neural networks may be better described by

data-dependent criteria like Rademacher complexity [63].

The VC dimension has nonetheless led to many insights into the generalization

properties of learning algorithms and their sample complexity. This formalism is central

to the derivation of bounds on the generalization error within probably approximately

correct (PAC) learning theory [64], a framework that offers statistical guarantees on the

learnability of functions from data within a probabilistic margin of error. Most crucially,

the PAC formalism examines this learnability in a manner that is independent of any

specific data distribution, thus deriving general properties of the learning algorithm; as

a consequence, PAC learning aims to bound the generalization error uniformly for all

distributions.

Some works have related these generalization bounds to the complexity of the model

class [65], following the spirit of the previously presented information criteria. Other
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approaches have framed the upper bound as a function of algorithmic stability, which

is a description of how much a change in the training data affects the output [66, 67].

Both these formulations bear strong connection to the bias-variance tradeoff: complex

models tend to have lower bias, as they can describe richer classes of functions, but are

generally less stable. Alternative theoretical descriptions have attempted to overcome

the limitations of traditional PAC learning theory and focused on the concept of model

compression, highlighting how optimizers are likely to focus only on a small subset of

the possible model classes, thus enabling learning [68–71].

PAC learning theory offers many appealing ideas for laying a robust foundation of

generalization in ML. However, just like the concept of VC dimension, PAC bounds

for the generalization error do not account for the data distribution, which makes it

difficult to extend them to deep learning. Some works have attempted to use PAC

learning to tackle auxiliary tasks such as estimating confidence sets [72], but the PAC

framework in its original formulation is not suitable to provide a complete formalization

of deep learning.

2.4 Generalization in deep learning

2.4.1 The surprising generalization properties of deep neural

networks

When considering the generalization performance of machine learning models, the case

of deep learning (i.e., deep neural networks) appears especially puzzling when com-

pared to simpler statistical models, as neural networks display excellent generalization

performance in many settings [73]. This holds true even though there are many factors

that should theoretically hinder neural networks [74], such as the high dimensionality of

the inputs leading to the set of problems colloquially called the curse of dimensionality

[75], and the highly non-convex loss landscapes that give no guarantee of the system

converging to a good local minimum [76].

Most perplexing, perhaps, is the fact that even overparameterized neural networks

can learn to generalize well [77]. Based on the established theories in statistics,

increasing the number of learnable parameters beyond a certain point should lead

to severe overfitting [78], and analysis of the properties of neural networks in their

earlier iterations seemed to support this view [79]. However, many applications have
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empirically demonstrated the contrary, with certain state-of-the-art models like GPT-4

[80] depending on a truly impressive number of learnable parameters.

Counter-intuitively, raising the number of parameters far beyond the interpolation

regime can lead to a considerable improvement of the generalization performance, a

phenomenon dubbed double descent [81]. This occurrence seems to break the classical

bias-variance tradeoff [82], leaving us puzzled regarding how to reconcile empirical

results with our theoretical understanding. To delve into the workings of double descent,

some works in the literature have examined this phenomenon through the properties

of the Hessian at the optimum [83], of gradient descent [84], and of certain forms of

regularization [85].

While the precise mechanisms of this surprising phenomenon are not yet fully

understood, this property of neural networks is one of the factors that led to a new

paradigm in machine learning, the use of foundation models. Foundation models are

large-scale neural networks pre-trained on vast quantities of data, which can then

serve as foundations for fine-tuning to specific tasks [86]. This novel approach presents

considerable challenges, but it has the potential to transform certain fields of application

for machine learning by supplementing insufficient quantities of data with features and

relationships learned from large-scale settings. Robust applications of this methodology

depend on properly understanding the influence that shifts between the larger training

datasets and the small application setting have on the foundation model; this deviation

from the training distribution is the subject of Section 2.5.

It is clear, then, that unravelling the mysteries of generalization in deep learning—

especially outside the training distribution—is a vital research effort, crucial to guar-

anteeing the robust application of large-scale models in a wide variety of settings. In

particular, many sectors of the biomedical sciences would massively benefit from robust

methodologies to transfer knowledge and combine datasets, as the field is often hindered

by cost and resource constraints, biases in the data, and challenges in validating the

predictions of a model.

2.4.2 The role of machine learning architectures in enhancing

generalization

Advancements in our understanding of generalization rely on the systematization of its

theoretical basis and the development of techniques such as regularization. However,
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one of the most interesting aspects that have driven the progress in machine learning is

the creation of innovative architectures that are particularly suited for specific settings.

In certain tasks, machine learning languished until the introduction and widespread

adoption of novel paradigms that encode suitable inductive biases for that specific

application. A most emblematic example is found in the task of image classification: for

many years, models struggled to achieve meaningful performance, and it was only with

the introduction of AlexNet [87], a model based on the convolutional neural network

paradigm proposed three decades earlier [88], that we saw a considerable leap forward.

Interestingly, while some of these methodologies are first developed to solve specific

tasks, they often find further success in applications that differ from the original

conception. This is also the case for two such advancements that are used in the works

presented in Chapters 4 and 5, the Transformer and the Residual Network, respectively.

The Transformer architecture was first introduced in 2017 by Vaswani et al. [89]

to implement a form of attention that would be suitable for sequence-to-sequence

models. Attention mechanisms attempt to mimic the selective focus that humans place

on stimuli from the external world, which allow us to prioritize cognitive resources

and assign different importance to certain signals. Early approaches to implementing

attention had found moderate levels of success a few years prior [90], however the

introduction of the Transformer led to a qualitative jump in the performance of machine

learning on natural language tasks.

This architecture, in its original conception, implements the so-called scaled dot

product attention. In this formalism, vectorial representations of the inputs are linearly

projected into three separate vector spaces, and named queries, keys, and values. The

first two are used to describe relationships between elements of the input: a query is

compared to each key using a dot product operation, to obtain an attention weight that

describes their relatedness. Afterwards, these attention weights are used to produce a

weighted sum of the values corresponding to each element, thus obtaining the output

representation of the elements of the input.

The Transformer has been developed with the aim of improving natural language

modelling, where it has proven remarkably successful [80, 91]; however, it has now

shown positive results also in computer vision [92], time series analysis [93], and speech

recognition [94]. The eDICE model presented in Chapter 4 makes use of a variant

of the Transformer (derived from the Set Transformer [95]) to impute unperformed

epigenomic assays; the flexibility of this attention mechanism enables the model to
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learn relationships between epigenetic modifications and between cell types to better

predict the unobserved signals.

Chapter 5 introduces the ResMLP model, a neural network with residual connections

that we employ to predict resistance to antimicrobial compounds. Residual connections,

or skip connections, are architectural features in neural networks that enable the

bypassing of one or more layers by directly feeding the input of a previous layer

to a subsequent layer. The use of skip connections, introduced in 2015 by He et

al. [96], improves the properties of the loss landscape [97], allows models to learn

multiscale features [98], alleviates the issue of vanishing or exploding gradients [99],

and generally enables the training of very deep models [100]. The result of all these

appealing properties is that skip connections lead to a more robust training procedure

and improve generalization performance more broadly [101, 102]. In our work, the use

of a residual neural network enhanced the training and performance of the predictive

model for the antimicrobial resistance of pathogenic samples.

2.4.3 Training dynamics in deep learning

Section 2.3.2 described several approaches to understand generalization in machine

learning, as well as their limitations concerning the analysis of deep learning models.

Given their widespread use, a more in-depth understanding of deep neural networks is

crucial for innovative applications of these models. As frameworks like PAC learning

proved to be unsuitable for describing the properties of neural networks, researchers

have focused considerable efforts into examining the setting in which the inductive

biases and data distributions interact more directly: the training procedure of deep

learning models.

Deep learning is a vast field that includes a variety of paradigms for fitting experi-

mental data and modelling data distributions. There are several possible strategies

to train a model for a predictive task; however, the most common by far is the use of

gradient descent with backpropagation [103]. In this approach, the gradient of the loss

function is calculated with respect to all the tunable parameters of the models, which

are then slightly modified in the direction opposite the gradient. We can view the loss

function as a surface in the (p + 1)-dimensional space defined by the loss as a function

of the p parameters of the model, and a specific configuration of a model as a point on

this surface; the gradient descent procedure moves the model configuration downward

on this landscape to reach the lowest height possible from its starting point, one step

at a time.
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This paradigm is pervasive in many applications of machine learning, and as a natural

consequence, considerable research efforts have been dedicated to understanding the

properties of this learning procedure and how they relate to generalization performance.

The most direct analysis involves the characteristics of the loss landscape itself.

Simple statistical models (e.g., a linear regression model with a mean squared error loss)

display a convex loss surface, which is a well-studied setting with established solutions

[104]. Complex non-linear models such as deep neural networks, on the other hand,

exhibit a highly non-convex landscape [76], leading to the necessity of methodologies

such as gradient descent that can find local minima of the loss function. As these loss

landscapes lack the theoretical guarantees of convex losses, we can investigate what

influences the performance of the model. In what conditions does gradient descent

lead to “good enough” local minima? Are there characteristics that distinguish good

minima from bad minima?

For example, it has long been speculated that the shape and curvature of the

loss landscape has strong connections to the generalization performance; particular

attention has been dedicated to “flat minima,” i.e. local minima that are not very

sensitive to small perturbations of the parameters [105–107]. Indeed, more rigorous

analyses based on local Gibbs distributions [108] or PAC Bayes bounds [109] support

this hypothesis, although these works often rely on unrealistic assumptions.

Other works have looked at the learning process itself, to relate the dynamics of

descending the loss landscape to the generalization performance. A rich line of works

has examined the stability of the training procedure [110–112], noting how optimization

procedures that produce similar results under small variations of the data generalize

better.

The analysis of the loss optimization procedure can rely on diverse mathematical for-

malisms such as random matrix theory, which has been used to explain how the training

process of deep neural networks implicitly implements a form of self-regularization [113],

influencing the dynamics of learning in a way that protects against overfitting even

in high-dimensional regimes [114]. The random initialization of large neural network

appears to be a crucial factor in explaining the performance of overparameterized

networks, allowing the derivation of generalization guarantees in certain settings [115].

Alternative approaches have sought to link the dynamics of gradient descent to

statistical mechanics, enabling the analysis of more complex qualitative properties of

the generalization performance of networks [116]. This approach reconciles empirical
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results with theoretical predictions by incorporating factors such as effective data load

and temperature interpretations.

Perhaps one of the most popular theoretical frameworks to analyse the training

dynamics of neural networks and their generalization properties is the neural tangent

kernel (NTK) [117]. The NTK provides insights into how neural networks learn and

generalize by connecting them to kernel methods, which are well-studied in statistical

learning theory.

The concept of NTK is particularly relevant for understanding the behaviour of

neural networks in the regime where the number of parameters tends to infinity

[118], where it can be shown that the NTK effectively governs the learning dynamics

throughout training. Kernel methods enable the derivation of analytic bounds on

the generalization error [119], and their connection to infinitely wide neural networks

extends these results to them under the NTK regime [118].

The analysis of training dynamics under the NTK can be used to guide the design

of more efficient architectures that generalize better [120]. More generally, a theoretical

understanding of the influence of various factors such as initialization, network size,

and training time can reveal many properties of how neural networks learn [121].

By providing a bridge between neural networks and kernel methods, the NTK offers

theoretical insights and practical benefits for improving machine learning models, and

constitutes a crucial concept to expand our theoretical understanding of generalization

in machine learning.

2.5 Generalizing beyond the training distribution

Much of the success in generalizing the predictions of machine learning algorithms

is found when generalizing to new data that comes from the same distribution as

the training data. However, in many real-world scenarios we observe shifts over

time, changes in the functional connection between outputs and covariates, and more

generally shifts in the data-generating distribution, i.e. Ptrain(X, Y ) ̸= Ptest(X, Y ).

The generalization under distributions that differ from the training distribution is often

referred to as out-of-distribution (OOD) generalization [27].

What does it mean, concretely, when we say that the test distribution differs

from the training distribution? Broadly speaking, anything that causes a change

in the joint distribution P (X, Y ) satisfies this definition. To provide more details,
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we can keep in mind the relationship between joint and conditional distributions

P (X, Y ) = P (Y |X)P (X), and consider how each part may change. A shift in the test

distribution, therefore, can be caused by one or more of the following situations:

(i) the data-generating process of the population shifts, P (X) → P ′(X), a phe-

nomenon called covariate shift or data drift

(ii) the features change to a different set, X → X ′, generally referred to as domain

shift

(iii) the conditional distribution changes, P (Y |X) → P ′(Y |X) (either the noise or

the functional dependency), a setting often labelled concept drift

(iv) we are predicting a different but related outcome Y → Y ′, i.e. generalization to

new tasks

Such shifts are common in practical settings in biomedicine. Imagine a situation

where we have developed a predictive algorithm for the treatment response to an

infectious pathogen based on the patient’s clinical history. We might have to adapt

the model if the population of the area around the hospital changes over time (i), if we

start gathering metabolomics data instead of using the patient’s clinical history (ii), if

the pathogen develops resistance to certain treatments (iii), or if we predict specific

complications rather than the response to treatment (iv).

Each of these situations represents a different challenge to address, and this com-

plexity has led to the development of various methodologies to improve generalization

performance, ranging from transfer learning, to domain generalization, to meta-learning.

The following sections will address these paradigms for teaching a model to generalize,

and examine the current state of the theoretical support describing their workings.

2.6 Paradigms to improve OOD generalization in

machine learning

Depending on the structure of the predictive problem (as described in Section 2.5),

several related but distinct approaches have been developed in machine learning to

improve generalization performance when deviating from the training distribution.

From an evaluation perspective, testing a model on hold-out OOD sets can be a good

proxy for measuring generalization performance; it has been observed that in- and
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out-of-distribution performance tend to increase jointly, although there is a strong

dataset-dependent influence [122].

Rather than just evaluating the OOD performance of the model, several method-

ologies have been developed to improve the robustness of ML models and increase

their predictive capabilities in complex settings. I will present here an overview of

some of the main concepts employed in this field, which were selected because of their

relevance for biomedical applications generally, or more specifically for the applications

presented in the following chapters. In particular, the epigenomic imputation task

presented in Chapter 4 makes use of transfer learning to predict individual-specific

epigenetic patterns, and the prediction of antimicrobial resistance from Chapter 5

employs variants of zero-shot learning (ZSL) to analyse the generalization challenges

for predictive models.

The literature on improving generalization in ML models includes a much wider

array of methodologies, including distributionally robust optimization [123], adversarial

learning [124], active learning [125], and many more. However, an in-depth discussion

of these methodologies goes beyond the scope of this thesis.

2.6.1 Transfer learning

The standard setting in machine learning assumes that the training and test data share

the same data-generating processes, and the same feature space. In many situations,

however, it may be difficult or outright infeasible to obtain sufficient training data.

The method of transfer learning (TL) relies on transferring knowledge or obtaining a

high-performance predictor for the target set from a related source domain.

The principles underlying TL are easy to contextualize, and we can find intuitive

examples of their workings even in human behaviour. We expect, for example, that an

artist skilled in drawing with a pencil would have a much easier time learning to paint

than somebody who has no experience with the visual arts: the two tasks bear enough

similarity that the shared information is beneficial for the learner. The same concept

is then applicable to machine learning: a learning algorithm trained on related data or

a similar task can be used to overcome limitations of insufficient data.

To formally define TL, let us follow the convention adopted in previous works in

the literature [126, 127], wherein a domain D is defined as a pair
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D = {X , P (X)} (2.4)

where X is a general feature space, and P (X) is the marginal probability distribution

for the observations x ∈ X . Given a domain, we generally want to solve a task T ,

which can be represented as a pair

T = {Y , f(·)} (2.5)

where Y is an output space representing the prediction target, and f : X → Y is a

predictive function.

Following the notation just introduced, then, transfer learning is defined as improving

a predictive function fT for a target task TT on a target domain DT by using information

from a source domain DS and corresponding task TS (compared to simply training a

model fT using data from the target domain). Crucially, TL methods rely on having

access to data from the target domain at training time; if we aim to overcome differences

in the source and target setting, they need to share information on some level, and

this information must be available to the algorithm.

The specific methodologies to implement TL are varied, but all of them require

additional interventions on source models or data. We can see this, for example, in

the case of shifts in the marginal distributions between domains, where simply using

a function trained on a source domain does not lead to optimal performance on a

target domain [128]; the model requires, therefore, some form of additional training or

adaptation.

Transfer learning is a general term that covers a variety of approaches to transferring

knowledge between domains and tasks. TL can address changes in both the marginal

and conditional data distribution between sources and targets, but importantly it

relies on access to data from the target, whether labelled or unlabelled. Because of

this generality, transfer learning is strongly associated with other branches of machine

learning, and some special cases of TL are treated as a research field of their own. The

main example of this latter situation is domain adaptation (DA), which refers to the

setup where there is a shift in the distribution of the covariates Psource(X) ̸= Ptarget(X),

but the conditional distribution remains the same Psource(Y |X) = Ptarget(Y |X) [129].

DA is a well-studied setting, for which it is possible to derive theoretical bounds [130],
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and it is especially prevalent in biomedical applications, particularly for biomedical

imaging.

Semi-supervised learning (SSL) [131] also bears some resemblance to TL; however,

the crucial difference is in the fact that in SSL methods the labelled and unlabelled

data come from the same domain, and the task is shared between the training and test

settings. In a sense, then, TL is a broader and more challenging paradigm than SSL.

While certain implementations of TL require complex workflows, a very common

approach in practice is the pre-training and fine-tune paradigm. Essentially, the model

is first trained on the large source dataset; subsequently, the model is fine-tuned on

the smaller target dataset using a much lower learning rate, so that the pre-training

phase essentially acts as a good initialization of the model parameters, allowing the

convergence to a good local minimum of the loss function even with a small amount of

data. A huge challenge of this and similar approaches is the phenomenon of catastrophic

forgetting, where subsequent training erases learned information from the network

[132]. To obviate this risk, some parameters in the pre-trained model may be frozen

before tuning to preserve the feature maps learned by the model.

Additionally, when the source and target domains are not sufficiently related (or

similar), or the model chosen is unsuitable to transfer knowledge between the two

domains, we may incur in negative transfer, meaning that the use of source knowledge

actively deteriorates the target performance [133].

Within the context of healthcare and biomedicine, transfer learning has been

employed for disease diagnosis from medical imaging [134], glucose level prediction for

diabetic people [135], analysis of EEG data [136], MRI brain imaging [137], analysing

genomic sequences [138], and imputing individual-specific epigenetic patterns [23],

among other tasks. For more extensive reviews on the topic of Transfer Learning, I

refer to [127, 139–141].

2.6.2 Domain generalization

The goal of domain generalization (DG) is to learn a model using one or multiple related

domains, such that the model generalizes well to a target unseen domain [142, 143].

For example, a classifier model could be trained on sets of photographic images and

pencil drawings, and then be used to classify the content of oil paintings.
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Crucially, domain generalization differs from domain adaptation and transfer learning

because DG methodologies do not have access to data from the target domain at training

time [144]. The most typical DG setup involves the use of multiple training domains,

which is labelled multi-source DG [145]; when training only on a single source domain,

the problem essentially reduces to the analysis of OOD robustness [146].

DG shares some similarities with the field of multitask learning, an approach where

a model is optimized on several tasks at the same time to learn robust representations

from the covariates [147, 148]. However, multitask learning does not generally attempt

to extend to new domains, but rather focuses on the specific training tasks; DG can

then be considered an extension of multitask learning.

Without access to the target domain, the task of selecting the best model becomes

a considerable challenge [149]. The common methodology of using a validation set

provides relevant information only if the validation set is sufficiently similar to the test

set; in case this condition does not hold, there is no reason to expect that a model that

performs well on the validation set will also display good results at test time.

One of the most common methodologies for domain generalization is based on

learning domain-invariant representations of the data by minimizing differences across

training domains [150, 151]. Intuitively, if the learned features are robust to domain

shift, we can expect them to offer valuable information also on a new unseen domain.

This domain alignment can be achieved with a variety of methods, ranging from

contrastive losses [152], to minimizing maximum mean discrepancy [150], to adversarial

learning [145].

Given its potential for improving the robustness of ML models, DG is a topic of

considerable interest for the biomedical field. Exploration of DG methods has shown

some results in EEG classification [153], medical image segmentation and classification

[154, 155]; however, its effectiveness has been put into question in certain settings [156],

highlighting the need for more extensive research work.

Domain generalization remains an extremely challenging task that is nonetheless

crucial for improving the robustness of machine learning models. For more extensive

reviews of the field of DG, I refer to [144, 145].
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2.6.3 Meta-learning

Meta-learning, often referred to as “learning to learn,” is a paradigm in machine

learning where the goal is to automatically derive suitable inductive biases, starting

from several related tasks to generalize to unseen tasks [157]. Meta-learning is about

adapting the learning process itself, utilizing past learning experiences to tackle new

tasks more effectively. It contrasts with traditional machine learning approaches that

typically start each task from scratch [158]. By learning optimal learning strategies

from a variety of tasks, meta-learning models can generalize better to new tasks. This

is because they develop an in-depth understanding of task structures and dependencies,

which can be transferred across tasks [159]

The field encompasses various strategies, such as optimizing hyperparameters,

algorithm selection, and architecture design. These methods help in identifying the

most suitable learning approaches for specific problems based on the characteristics

of the data and the tasks. We can also classify some of the most commonly used

techniques for improving the learning process of a model, such as bagging [160] and

boosting [161], under the label of meta-learning.

A popular approach to meta-learning focuses on the gradient descent process used

to train ML models. This gradient-based meta-learning is best exemplified by model-

agnostic meta-learning [162], a framework to optimize a model’s initialization such

that it can quickly adapt to new tasks using only a few gradient updates. Other meta-

learning applications focus on memory-based strategies to learn from past experiences

[163, 164]. Such approaches attempt to mimic the flexibility of human intelligence,

where individual observations can lead to large shifts in behaviour. The hope is that

with these procedures, and given sufficient computation resources and data, a learning

system can learn not just a model for its environment, but rather a reasoning procedure

[163].

Meta-learning has been effectively applied in areas like few-shot learning, where

models learn from a minimal amount of data, and reinforcement learning, where it

aids in faster adaptation to new environments [158]. Despite its potential, however,

complex meta-learning solutions face challenges such as computational efficiency [165],

the need for effective task design [166], and the risk of overfitting to the meta-tasks

[167]; these issues can hinder its ability to generalize across truly novel tasks [168].

Due to the ubiquity of its most established approaches like bagging and boosting,

meta-learning approaches have long been employed in the biomedical field. Some
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more complex versions of meta-learning have been employed for disease prediction

[169], analysis of electronic health records [170], and drug design [171]. For a review of

meta-learning approaches in machine learning, I refer to [172].

2.6.4 Zero-shot and few-shot learning

Classification is one of the most studied tasks in machine learning, due to its wide

applicability, the availability of considerable theoretical tools such as diverse and

meaningful evaluation metrics, and the good scaling properties of classifiers.

Standard classification models can only recognize samples belonging to classes

observed in training. Frequently this characteristic is hardwired in the architecture,

with many models making use of softmax activations to assign a label to each sample.

This methodology is convenient for mapping a representation produced by a hidden

layer of a neural network to a set of predefined labels; however, it generally precludes

extending predictions to new and unseen classes. Methodologies to generalize prediction

to classes that are not seen during training have been developed under the label of

zero-shot learning (ZSL), whereas the slightly less stringent case in which just a few

samples for the new class are available is called few-shot learning.

ZSL is a challenging research field, one which has many practical implications; some

important application settings include the cases where target classes are rare or change

over time, and when the space of target classes is huge [173].

One of the key parts of ZSL is the inclusion of semantics describing the classes to

be able to bridge from training classes to test classes [174]. Essentially, to perform

zero-shot prediction, we need a method that can obtain suitable representations for

the new classes, such as a language model used to embed the description of the unseen

class.

While in the original setting of ZSL the test set is composed entirely of novel classes,

a more relevant approach that has been gaining traction is the so-called generalized

zero-shot learning [175], where the test set is a mix of novel classes and classes for

the training set. This approach is a much closer approximation of many real-world

scenarios where the generalization of a zero-shot model might be relevant

ZSL methods can be further distinguished into inductive and transductive learning

approaches, where the differentiating factor is that transductive learning includes

unlabelled data from the unseen class in the training procedure, while inductive learning
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does not [176]. Transductive learning is strongly associated with semi-supervised

learning, with the two approaches corresponding when the unlabelled data belongs

solely to the unseen classes. As transductive ZSL has access to some unlabelled data

from the unseen classes, it holds an edge compared to the inductive method [177].

Focusing on biomedical applications, ZSL methodologies have been used in disease

classification [178], medical image classification [179], clinical natural language process-

ing [180], and protein function prediction [181]. For a general review of the topic of

ZSL, I refer to [173].

2.7 The role of causality in generalization

Machine learning has been exceptionally efficient in modelling correlations from observed

data in certain settings. However, it has proven remarkably challenging to extend this

success when generalizing to new data, and even more so to new tasks and problems.

In recent years, the connection between causality and machine learning has gained

increasing attention for its potential to address these shortcomings [182].

Reasoning in animals—and especially humans—makes use of complex structures

and subtasks such as counterfactual outcomes, temporal shifts, and relationships

between domains. By learning causal connections between observations, we are able to

imagine alternative futures and plan the actions that will lead to the desired outcome.

Extending this reasoning framework to computational models would offer appealing

possibilities to increase robustness and transparency; contrary to neural networks,

human perception turns out to be robust to many types of perturbations of the input

[183, 184], which is a highly desirable feature for high-stakes applications of machine

learning.

To this end, progress in causality for machine learning has required the development

of new tools that allow us to discover causal structures and infer the functional

relationships between variables, ranging from Pearl’s Do Calculus [185] to Rubin’s

Potential Outcomes framework [186]. Moving from correlational observations to causal

queries like interventions and counterfactuals is a daunting task, but the potential

impact on machine learning is remarkable.

One of the most tantalizing possibilities offered by causality is the robust and mean-

ingful factorization of data distributions into a form that modularizes the dependencies

between variables to only include direct causal connections. The so-called independent
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mechanisms assumption states that the generative model of a causal process is com-

posed by independent, autonomous modules that do not affect each other [187, 188].

This characteristic leads to interesting consequences for generalization capabilities and

practices like transfer learning: for example, a shift in certain covariates will only

impact a few modules of the causal model, leaving the remaining modules unaffected

[189, 190]. This limited shift, in turn, enables the adaptiation of a model with only

small adjustments.

There are many formalisms that can be used to describe these modular mechanisms,

but perhaps the most popular is the structural causal model, in which we have a set of

random variables X1, ..., Xn associated with the nodes of a directed acyclic graph G

[185]. Each variable is affected by the incoming edges from the parent nodes, and can

be described as:

Xi = f(Pai, Ui) (i = 1, ..., N) (2.6)

where Pai represents the set of parent nodes and Ui represents the exogenous

variables not described by the model.

Access to a full causal model (i.e., knowledge of the functions f and the exogenous

variables Ui) enables queries that would prove impossible with a purely correlational

machine learning model. Interventional and counterfactual queries, where we answer the

questions “what if...?” and “what would have happened if...?” enable the exploration

of alternative outcomes in a systematic manner. This transparency is particularly

desirable in high-stakes applications like biomedicine, since it enables interpretation of

the decision process of a model, which can then be communicated to patients and other

stakeholders, leading to a more robust and ethical use of predictive models [191]. It is

no coincidence, then, that causal formalisms constitute a sizeable portion of explainable

approaches in biomedical ML [192].

Discovering and quantifying the causal relationships between variables is, however, a

major challenge. The first obstacle arises with the collection of data: to analyse causal

relationships, we can either collect explicitly causal data (e.g., perform interventions like

gene knockout experiments), or we can use observational data and make assumptions

on the structure of the underlying causal graph G [193]. This proves especially complex

in the realm of biology, where data is inherently noisy, and it is often hard or impossible

to access information on the ground truth.
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Due to this challenge, an alternative research direction is to use state-of-the-art

machine learning models to learn representations of the data that capture the causal

structure of the data generating process [194]. This causal representation learning

task is extremely complex; nevertheless, several methodologies have shown promise

in applications such as domain generalization and generative modelling [195, 196].

Other related approaches, such as modelling causal structure into neural networks,

hold promise for improving generalization in the zero- and few-shot settings [197].

The formalization of causality is a difficult research direction that raises unique

challenges for the common approaches to machine learning. For example, most machine

learning classification tasks are anti-causal, as we infer causes (labels) from effects

(observations) [198]. In this case, the search for a causal mechanism that leads to an

observed effect is driven by anti-causal models, and yet we still need a causal model to

validate the results.

Many of the approaches developed for the theory of causality are restricted to

relatively simple settings, such as acyclic causal graph, and a limited number of variables.

Additionally, causal methods are often tested on extremely idealized datasets, that

do not resemble real-world datasets [199]. In contrast, many biomedical applications

deal with high-dimensional data that is generated by processes composed of feedback

loops, and that often present strong shifts over time; the direct translation of causality

methods to biomedical practice, therefore, still proves challenging. However, recent

works have shown promise in leveraging insights from causality, for example for the

identification of biomarkers [200], the analysis of single-cell perturbations [201], and

the prediction of treatment outcomes [202].





Chapter 3

Biomedical Machine Learning

3.1 The state of machine learning applied to biomed-

ical data

One of the core aims of machine learning algorithms is learning to identify patterns in

data. Applying this capability to biology and healthcare is especially appealing so that

we can learn to identify mechanisms of disease, risk factors, and targets for intervention

and treatment. Aside from practical considerations, this pattern recognition paradigm

that enables machine learning mirrors many of the biological processes that control

and regulate the biochemistry of life; after all, many facets of molecular biology are

controlled by mechanisms of complementary patterns, where chemical and structural

properties of complex molecules control their interactions and combine into an exquisite

cascade of pathways.

The mechanisms for the detection of patterns are truly pervasive at every level of life.

For individual cells, forms of biological pattern recognition range from the fundamental

Watson-Crick-Franklin base pairing that controls interactions between nucleic acids

[203], to more nuanced mechanisms such as motifs, short recurring patterns in sequences

of nucleotides that influence the binding of proteins to DNA and RNA [204–206], and

more generally to active sites on enzymes or proteins [207].

At a higher level of the hierarchy of biology, the pattern recognition paradigm is a

crucial component to regulate and maintain the extraordinarily complex processes that

govern multicellular systems. Perhaps no example is more emblematic in this sense than

the mechanisms of immunity and the recognition of foreign dangers. Evolutionarily, the
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necessity of recognizing external pathogens and dangerous substances has arisen from

the earliest stages of life [208]. However, a truly advantageous system of immunity has

to rely on patterns to distinguish the “self” from the “non-self” and to preserve memories

of dangerous pathogens for future interactions. Such mechanisms are hundreds of

millions of years old [209] and have taken many diverse forms, including the bacterial

CRISPR-Cas system [210], Argonaute proteins [211], pattern recognition receptors

[212], and up to the exquisitely complex systems of antigen presentation and recognition

by T-cell and B-cell receptors [213–215].

Finally, zooming out further, recognition of patterns has been posed as one of the

main components underpinning higher cognitive processes, regulating complex social

interactions and subconscious processes [216, 217].

Given their ubiquity and importance, investigating these biological pattern recogni-

tion mechanisms is crucial for improving our understanding of biological processes and

human disease; however, the extremely complex interplay that happens between organic

molecules and biological systems makes deciphering their patterns a daunting task.

Here is where machine learning comes into play, with the promise of leveraging vast

amounts of data to decode the latent patterns of interactions and guide experimental

results. This idea is appealing for numerous processes in molecular biology; an example

can be found in the interplay of epigenetic modifications, which are control mechanisms

that regulate gene activity, and play a crucial role in development and disease [218].

Of particular interest for the work presented in Chapter 4 are the post-translational

modifications of histone proteins, the structural support around which DNA is wrapped

to form nucleosomes. Histone modifications are speculated to follow a hidden “code”

that relates patterns of modifications to phenotypic outcomes [219, 220], and decoding

these patterns could reveal crucial information on human disease.

This is then the most tantalizing possibility of biomedical ML: the hope that, if

a model has learned to accurately predict the outcome of a biological process, we

can understand the patterns governing the process itself by examining the patterns

learned by the algorithm. In practice, however, this decoding of patterns from data

has not been the primary output of biomedical ML research, due to the complexity of

the task. Currently, the most impressive advancements in biomedical ML consist in

large improvements in the predictive performance of models applied to specific tasks,

which does not necessarily translate to a more in-depth understanding of the biological

mechanisms involved.
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Some areas where large quantities of structured data are available, such as protein

structures and biomedical images, have advanced considerably; other applications

where that is not the case, such as phylogenetics, are still immature and yet to

produce innovative outcomes [221]. Among the most well-studied applications of

ML to large-scale biomedical data we find protein structure predictions [222, 223],

protein function prediction [224, 225], multi-omics data integration [226], medical

image analysis [227, 228], and image-based profiling assays in high-throughput imaging

[229, 230].

The advances of many of these predictive tasks are founded on the extensive work

done by international consortia to gather data on genetic and epigenetic annotations

(Ensembl [231], ENCODE [232, 233], Roadmap Epigenomics [234]), protein sequences

and structures (UniProt [235], PDB [236]), cancer data (TCGA [237]), and more.

Due to the experimental and resource constraints intrinsic to biological and clinical

experiments, collaborative efforts to gather large-scale high-quality datasets will play a

pivotal role in advancing our understanding of human disease in the coming years.

The decoding of patterns in molecular biology is not the only appealing research

direction predicated on the paradigm of machine learning. Disentangling and distill-

ing information from complex biological data opens up interesting opportunities in

healthcare, such as the identification of disease risk factors, predicting the response of a

patient to specific therapies, and tailoring clinical treatments to maximize effectiveness.

The stratification of patients into small groups—or even at the level of the single

individual—is the core concept of the field of precision medicine [238, 239], which is

founded on the hope that personalized treatment can significantly improve the effec-

tiveness of healthcare and optimize resource allocation. The potential of integrating

complex and heterogeneous sources of biological information was recognized early in

the development of precision medicine [240], and the field has now moved to include

diverse sources of data, from the so-called -omics sources (proteomics, metabolomics,

epigenomics, and more), to electronic health records, and up to medical imaging [241].

Within the field of precision medicine specifically, recent developments in ML

applications include methods for diagnosis and disease prediction [242, 243], the

prediction of treatment outcomes and drug response [244], identification of biomarkers

[245], clinical trial design [246], and drug discovery [247]. Importantly, the progress

of machine learning models for healthcare is not restricted to theoretical in silico

predictions, but it is leading to increasing translation into practical settings. For

example, several of the advancements brought by ML have enabled improvements to
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medical devices, with hundreds of them approved by the Federal Drugs Administration

in the USA [248]. It is important to note, however, that the vast majority of these

advancements have produced applications mainly in radiology and for the treatment of

cardiovascular and neurological diseases, while many other areas of research have not

led to the same level of success.

The translation of in silico results to clinical practice remains an enormously

challenging task to undertake. The term “AI Chasm” aptly describes the large

discrepancy between the development of innovative models and their application in

practice [249]. Often, ML models that show good performance in an isolated study fail

to translate to practical applications [250]. Emblematic is the case of diagnostic and

prognostic models for COVID-19, which were developed in large numbers during the

pandemic, but showed high risk of bias in two systematic reviews [251, 252].

The main factors that limit the translation of machine learning progress to clinical

practice revolve around methodological errors and biases that arise in the data collection

and model design. Such biases introduce confounding factors and spurious correlations

that can seriously hinder the generalizability of the results obtained, for example leading

to cases where a model trained within a specific hospital offers poor performance when

ported to another. Some of the specific problematics that I will discuss in Section

3.2 are a direct cause of distribution shifts as examined in Chapter 2, while others

present more broad issues for the biomedical applications of machine learning. The

development of methodologies to ensure robustness within generalization settings will

be crucial to overcome these challenges; their correct application will also require careful

consideration and a more in-depth understanding of the biases present in biomedical

data.

3.2 Sources of bias in the data and design

In this thesis, the label “biomedical data” is used as an umbrella term that refers to

data that describes biological processes involved in human disease, as well as data that

describes all the variables found in the clinical practice. As such, under this label I

included a wide variety of typologies of data, like clinical records, molecular structures,

sequencing data, and images.

Biomedical data is a rich source of information that can lead to actionable im-

provements in clinical decision-making [253], to the development of novel drugs and

treatments [254], and to shaping policymaking [255]. However, biomedical data presents
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several criticalities that need to be addressed; otherwise, the intentional or uninten-

tional misuse of the findings derived from such data can lead to negative real-world

consequences [256]. After all, it is well known that data quality is one of the most

crucial limiting factors for machine learning tasks [257], and this holds doubly true for

biomedical machine learning.

The data itself is, however, only one piece of the puzzle in the pursuit of a scientific

inquiry; many other considerations have to be carefully explored to ensure the quality

of the research outcomes. What tools are used to perform the analysis? How do we

measure the performance of a model? What target is the model trained on, and is it a

suitable task to then achieve the desired real-world application?

I will present here a discussion of some of these factors, as they are crucial for

the development and translation into clinical practice of innovative applications of

biomedical machine learning. The topic of validating the results of biomedical ML

models is examined separately in Section 3.3, due to its critical importance for addressing

the AI Chasm.

3.2.1 Selection bias

The first and most obvious challenge in developing robust research applications in

biomedicine and healthcare is the issue of selection biases. This type of bias refers

to systematic errors in the selection of samples in a study. This general definition

can refer to the selection of patients in clinical studies, the outsized representation of

certain categories in population studies, or even the biomolecules that are the focus of

in-depth analysis.

A biased selection can severely affect the conclusions linking exposure and effect or

the relationship between biological molecules. Essentially, non-random associations

can muddle the causal connections that would be employed for decision-making, often

by inducing or preserving confounding biases and spurious correlations [258].

As a result, medical studies can lead to the identification of erroneous risk factors

[259] and to substantially biased estimates of associations [260]; due to the spurious

correlations introduced by improper selection, it can even become complex to ascertain

whether a study was properly randomized [261].

The selection of cohorts on which these studies are performed is often influenced

by selective participation or attrition that distorts the associations analysed [262].



36 Biomedical Machine Learning

The data sources produced in this way can lead to an overwhelming representation of

the population of certain countries—such as the United States of America—and can

amplify systematic under-representation of other populations [263].

Finally, within the context of molecular biology, a biased selection of targets for

research efforts can lead to skewed knowledge bases that can affect downstream analysis.

For an example relevant to Chapter 4, the selective study of histone modifications may

lead to biased datasets where certain mechanisms are mapped far more extensively

than others. Some of these modifications (e.g., H3K4me3 and H3K27ac) are extensively

studied, due to how evolutionarily well-conserved they are [264] and the availabil-

ity of biochemical methods to study them [265]; however, many other less-studied

modifications still play crucial roles in gene regulation [266, 267], and yet are poorly

understood. The visualization of the data matrix used for the experiments in Chapter

4 (Supplementary Figure A.1) offers a clear example of this type of selection bias.

Epigenetic modifications are far from the only molecular mechanism affected by

this kind of bias. For example, the uneven research effort dedicated to different

proteins can lead to inherent biases in protein-protein interaction networks [268, 269],

to limitations on our understanding of protein function due to an over-reliance on

certain methodologies [270], and to biased semantic similarity measures for proteins

[271].

3.2.2 Reporting and publication biases

A major issue in the assessment of healthcare interventions is caused by certain types

of data or outcomes being disproportionately represented in training datasets, often

due to selective reporting or publication bias [272]. For example, interventional studies

with negative results are often not published, which skews the relevant literature to

represent only a biased subset of the relevant evidence [273, 274].

This issue has been known for a long time [275] and addressing it is crucial for robust

applications of machine learning. As ML models learn the biases of the data used to

train them, they may encode skewed functional relationships, leading to inaccurate

predictions or recommendations. In biomedical machine learning, this can manifest

in several detrimental ways, with models that fail to generalize across diverse patient

populations [276], overlook rare diseases [277], or exacerbate existing health disparities

[278].



3.2 Sources of bias in the data and design 37

The reliability of biomedical machine learning applications hinges on the represen-

tativeness of the training data and the validity of the background domain knowledge

used to select suitable inductive biases. Addressing publication biases and developing

better standards for reducing overoptimistic reporting is a crucial challenge that needs

to be addressed by the research community [279].

3.2.3 Non-stationary systems and data drift

One of the most common problems to tackle in biomedical ML is that the underlying

systems rarely exhibit the stationary stability necessary to guarantee the IID assumption

over time. To begin with, many biological systems themselves are complex dynamic

entities that exhibit nonlinear fluctuations and systematic drifts [280]. This constantly

evolving nature is a considerable challenge for many machine learning models, as their

capacity for capturing this layer of information depends entirely on the data collection

process and the inductive biases designed into the algorithms.

An emblematic example of these limitations is the AlphaFold2 model [222], con-

sidered one of the greatest successes of applied ML in biology. AlphaFold2 performs

very well on frozen structures of proteins, but has to rely on contrived procedures

to predict structural ensembles [281], and is completely unable to describe complex

dynamic proteins such as intrinsically disordered proteins [282].

This issue extends beyond the small scale of molecular biology and typically affects

also the clinical setting, where drifts in data distributions over time represent a major

concern [283, 284]. The causes of such drifts are varied, from evolving clinical practices

[285], to demographic shifts in patient populations, or changes in data acquisition

methodologies and policy chances [286]; handling this concept drift is, therefore, the

topic of considerable research efforts in ML [287].

Several mitigation strategies can be employed, although all approaches present

practical constraints that may limit their efficacy. Among the strategies to ensure

that the data drift does not lead to unacceptable clinical risks we find continuous

monitoring of the models [283], periodic retraining [288], continual learning [289], and

the use of generalization approaches such as those described in Section 2.6 to enhance

OOD robustness.
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3.2.4 Data aggregation and batch effects

Due to cost or technical constraints, the gathering of biomedical data often leads to

limited datasets. This phenomenon is especially prevalent in clinical settings, where

small datasets are a common occurrence for a wide variety of reasons, ranging from low

prevalence of certain diseases, to ethical constraints and resource limitations [290–292].

A small sample size may hinder the robust development of ML models; it has been

shown, for example, that insufficient data may lead to biased performance estimates

when paired with unsuitable study design [293]. To overcome this issue, there is often

the necessity of integrating similar datasets collected in different settings. However,

combining datasets gathered in different conditions is far from trivial; challenges such

as data heterogeneity, inconsistent data quality, and differences in population may

introduce detrimental biases in the combined data. This bias can lead to negative

consequences, as models trained on heterogeneous, inconsistent, or non-representative

data are prone to poor generalization, leading to decreased performance when they are

applied to new data from different sources.

Additionally, the aggregation of different datasets entails entirely new issues, such as

ensuring privacy and security for the human participants involved [294, 295]. Several

solutions are being developed to address these additional concerns of data integration,

such as federated learning; however, these methodologies require careful consideration

to account for the domain shifts between data sources [296].

Data aggregation is not just a challenge in the clinical setting, but also for biological

data gathered in large-scale experiments, due to the presence of batch effects. Batch

effects are systematic non-biological variations that arise from technical inconsistencies

during data collection and processing; these variations can be attributed to factors

such as differences in equipment, operator handling, time of experiment, environmental

conditions, and sample processing protocols [297]. Such effects are pervasive across

various biomedical domains, including genomics, proteomics, microbiome analysis,

and imaging [298–300]. Batch effects pose significant challenges to the development

and application of machine learning models in biomedical research, as they can lead

to false positives or misleading patterns, suggesting biological relevance where none

exists because of spurious learned correlations [301]. In turn, models trained on batch-

affected data may fail to generalize to new datasets from different batches, limiting

their usefulness.
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3.2.5 The curse of dimensionality

The curse of dimensionality refers to the exponential increase in computational complex-

ity and data sparsity as the number of features or dimensions in a dataset grows [31].

This phenomenon poses significant challenges in the field of biomedical machine learn-

ing, where high-dimensional data is commonplace due to the vast number of potential

biomarkers, genetic variations, imaging features, and clinical variables involved.

In high-dimensional spaces, data points become increasingly sparse, and conversely

the amount of data necessary to cover the feature space increases exponentially; this

sparsity makes it difficult for machine learning models to find meaningful patterns

and generalize from training data. In the clinical context, where sample sizes are

often limited due to the cost and difficulty of data collection, this issue is particularly

pronounced [302].

Reducing the dimensionality through the use of feature selection techniques can

remove sources of noise and reduce the biases captured in a dataset [303, 304]; for some

ML models, the increased difficulty in defining meaningful distances can lead to poor

generalization performance that leads to inaccurate predictions [305]. Additionally,

the high number of features typical of certain biomedical settings can make it harder

to examine the workings of ML models, which can lead to biased interpretations of a

model’s outputs and hinder the identification of actionable insights.

A common strategy to mitigate the biases introduced by high-dimensional data in

biomedical machine learning is the use of dimensionality reduction techniques to extract

a lower-dimensional representation of the signal while discarding noise [306]. The use

of linear dimensionality reduction techniques such as principal component analysis and

singular value decomposition is prevalent in many bioinformatics workflows, due to

their convenient statistical properties and computational efficiency [307, 308].

When the scale and structure of the data allow it, non-linear methods offer the

opportunity to capture the structure of the data in a much richer manner. Models

that learn lower-dimensional representations offer interesting possibilities in molecular

biology and healthcare, due to their capability for handling complex data such as

graphs [309], sequences [310], and electronic health records [311]. Other non-linear

techniques are of special interest because they enable rich visualizations of the data

despite all the limitations involved [312], which can aid the exploration of the data and

improve the communication of research outcomes.
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By addressing the challenges posed by the curse of dimensionality, researchers

can develop more robust and reliable machine learning models that enhance our

understanding of complex biomedical phenomena and improve clinical outcomes.

3.2.6 Missing data

Missing data is a prevalent issue in clinical datasets, stemming from various sources

such as patient non-compliance, errors in data collection, and limitations in recording

systems [313]. The presence of missing data can significantly impact the development

and performance of machine learning models, and the robustness of statistical findings

in general. Improper handling of missing data can be a major source of bias in clinical

trials [314–316]. If the missing data is not properly accounted for, the model may be

trained on a biased subset of the data, leading to skewed predictions.

To ensure that missing data does not negatively affect the results, it is important

to consider the cause of the missing features. Different patterns of “missingness” can

have considerably different consequences on a statistical analysis; a commonly used

classification devised by Rubin [317] classifies missing data into missing completely at

random (MCAR), missing at random (MAR), and missing not at random (MNAR).

The non-random component of MNAR data can carry information in and of itself, and

can be leveraged to improve predictive performance [318]; however, improper handling

can lead to biased estimates [319] and loss of statistical power [320].

A common approach to account for missing data (MCAR or MAR) is to impute the

unobserved values [321]; this method can prove quite effective, although researchers

must exercise caution when considerable portions of the data are missing, as it could

lead to biased estimates [322]. Additionally, a common pitfall when using imputation

methods is the accidental introduction of information leakage between the training

and test data [323].

An alternative methodology to account for missing data consists in relying on models

that can handle missing data directly, such as gradient-boosted trees [324]; however,

many state-of-the-art architectures such as deep neural networks cannot natively handle

missing values.

By understanding the nature and extent of missing data, applying appropriate im-

putation methods or selecting suitable algorithms, and conducting thorough sensitivity

analyses, researchers can mitigate the risks associated with missing data. This ensures
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that the conclusions drawn from ML models are robust, generalizable, and reflective of

the true biomedical phenomena under investigation.

3.2.7 Proxy measures: the lack of ground truth and gold-

standards

The development and validation of machine learning models in biomedical research

heavily depends on the availability of high-quality ground truth data or gold-standard

datasets. This requirement is reflective of the broader issue of data quality in machine

learning, as the presence of biases in datasets can introduce spurious correlations and

severely impact applications of ML [325].

Often no such high-quality data is available, for practical or technical reasons,

leading to the use of imperfect targets or proxy measures on which the models are

trained and tested. ML models trained on such imperfect signal are generally optimized

to perform well on this specific prediction task, which might not necessarily mean that

they perform well on the actual target task.

The use of surrogate measures is quite common in clinical studies, and it requires

an exceptional level of caution to ensure that the robustness of the resulting claims

[326]. Additionally, when we lack an objective evaluation setting for ML models, it

can be extremely challenging to compare different approaches and to evaluate their

effectiveness [327].

For an example relevant to the content of Chapter 4, the enrichment of chemical

modifications on histone proteins is measured through ChIP-seq experiments that have

to be processed with a complex bioinformatics pipeline. Establishing a ground truth

result in this case would require the analysis of biological samples of exceptional quality,

for example by using a large sequencing depth and numerous replicates. In practice,

data of such quality is rarely available, and the samples measured ultimately provide an

indirect and noisy measure of the presence of histone modifications for most experiments

that can be used to train a model. The models trained on these signals learn to predict

the noisy signal rather than the local enrichment of certain histone modifications,

hindering the generalizability of the results. This fact complicated considerably the

evaluation of the 2019 ENCODE Imputation Challenge [328], a competition organized

to develop novel epigenomic imputation models that led to the development of the

eDICE model [23].
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The impact of these proxy measures can lead to considerable issues in the use of

ML models in clinical practice. For example, it has been shown that algorithms that

approximate healthcare needs using patient costs can lead to the exacerbation of racial

inequalities in the provision of clinical care [18]. In the context of biomedical machine

learning, high-quality datasets that directly capture information on the underlying

phenomena are critical for training algorithms, evaluating their performance, and

ensuring their generalizability to real-world applications. The scarcity or absence of

such datasets presents significant challenges that hinder the progress and reliability of

ML models in this field (e.g., [329]).

For classification problems specifically, high-quality data often requires annotation

from human experts [330], which is costly and time-consuming [331, 332]. This factor

limits the amount of data that can be collected, hindering the validation and even

more so the training of ML models. Some works explored the use of crowdsourced

annotations [333], which can be a viable method in certain fields like biomedical images

annotation [334]; additionally, the disagreements and inconsistencies introduced by the

crowd may actually be a positive feature that better reflects the complexity of real

data [335], although other works highlight the possible issues raised by inconsistent

annotations [329].

Due to the recent progress in the field of large language models and other foundation

models, the idea of automatic annotation powered by these algorithms is an appealing

prospect that could scale up the annotation efforts by a huge margin [336, 337].

However, the robustness of these models is still a point of contention, and their use

should still be adequately monitored to avoid issues such as hallucinations and random

variations caused by the specific prompts used [338, 339].

An alternative solution explored in the literature is the creation of synthetic data

on which to train and evaluate the models [340]. With this approach, the complete

ground-truth of the data is available to exactly quantify the performance of the

models. However, simulated data is not guaranteed to capture the full complexity

and variability of real biological systems; a model trained on such data may perform

well on simulated data, but poorly on real data [341]. While synthetic data offers

interesting possibilities—especially for preserving privacy—research in the field is still

at an early stage, and requires considerably more effort to reach the robustness required

for applying biomedical ML at scale.
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3.2.8 Complex multilayered workflows

Bioinformatics workflows have become indispensable in the analysis and interpretation

of large-scale biological data. With the advent of increasingly refined experimental

techniques, the processing of raw data to extract the desired information has grown

in complexity to include steps such as quality control, filtering, alignment, functional

annotations, taxonomic analysis, and integration with established databases.

These procedures are typically composed in a workflow consisting of a sequence of

computational steps that integrate diverse tools and databases to process raw data into

meaningful biological insights. However, the increasing complexity of these software

stacks introduces potential biases that can affect the reliability and reproducibility of

the results.

Firstly, each software tool is based on specific algorithms and heuristics, each of

which can introduce its own specific biases. Even programs designed for the same

functionality may rely on different algorithms, leading to differences in the output data

[342], which complicates the comparison of results produced by different laboratories if

they employ different workflows.

In addition, different versions of the same tool can produce different results due to

changes in algorithms, default parameters, or bug fixes. And even further, variations

in configuration settings, such as quality thresholds or alignment parameters, can lead

to inconsistent results. Many bioinformatics tools rely on a chain of dependencies,

including libraries and auxiliary tools; incompatibilities or bugs in these dependencies

can propagate through the workflow, introducing subtle biases.

The result is that systematic errors introduced at various stages of the workflow can

accumulate, potentially leading to incorrect biological interpretations. For example,

biases in variant calling can affect downstream analyses such as association studies or

functional predictions, impacting the reliability of the conclusions drawn from the data

[343, 344].

To address these issues, it is necessary to develop and adhere to standardized

protocols and best practices. Such practices can include the use of version control

tools [345], the creation of extensive documentation [346], and the development of

pipelines to ensure reproducibility with tools such as Galaxy [347], Nextflow [348], and

Snakemake [349]. Such workflows improve the tracking of data provenance, increase

portability and scalability, and increase efficiency by avoiding repeating redundant
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steps [350]. As a final layer to ensure the encapsulation of all the tools needed, the

containerization of a bioinformatics pipeline using tools such as Docker and Singularity

can streamline reproducibility [351].

While the use of these best practices can ensure robustness and reproducibility, well

established benchmarking tasks are crucial to ensure the highest standard in publicly

available pipelines [350, 352, 353]. Such resources enable the comparison of different

tools, and can allow researchers to test their models on data processed with different

pipelines to examine the robustness to the biases introduced by the software stack.

3.3 Validating predictions in biomedical machine

learning

The robustness of clinical studies relies on first formulating a hypothesis, then conduct-

ing a study with adequate sample size and a suitable population, and then assigning a

level of significance to the rejection of a null hypothesis in the form of a p-value. Issues

like p-hacking, insufficient statistical power, and confounding biases can hinder the

quality of the results, and ultimately slow or prevent the translation of actionable results

into clinical practice [354, 355], although in certain settings such as meta-analyses the

conclusions may be affected to a lesser extent [356].

Machine learning models are based on the opposite paradigm, wherein the data

is gathered first, and only afterwards we attempt to derive relationships from it;

ML models, therefore, cannot be evaluated in the same manner as clinical studies.

Within this approach, the poor performance of the analysis is not described by the

lack of significance for a statistical hypothesis, but rather by overfitting and lack of

generalization capabilities [357].

Due to this shift in paradigm, validating the results of a machine learning model in

biomedicine can be an extremely challenging task. The highest standard of evaluation

would be to use the trained ML model to conduct a prospective study, and obtain

experimental confirmation of its predictive capabilities. This method, however, is

severely limited by cost and resource constraints: in many situations, gathering a

sufficiently high-quality test set would require enormous expenses and might not be

feasible on short time-scales. It is no coincidence that, for many biomedical ML

tasks, only a small minority of the studies conducted employ external validation (e.g.,

[358, 359]).
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The most common approach adopted in machine learning more broadly, and also in

many biomedical ML applications specifically, is some form of internal validation. In

this case, the data is split using methods such as cross-validation or bootstrapping to

evaluate informative performance metrics on hold-out datasets [360]. Where possible,

the use of publicly available datasets constitutes a valuable tool for the validation of

ML models [361], especially because the wide availability of these datasets offers a

common benchmarking setup on which competing models can be evaluated fairly.

In high-stakes settings such as healthcare, however, external validation still con-

stitutes one of the best tools to ensure the necessary robustness standards [362, 363].

Approaches to systematize the evaluation of robustness of machine learning models,

such as meta-validation based on similarity between datasets [364, 365], provide crucial

insights that will enable responsible and effective adoption of ML tools in clinical

practice.

On a practical level, a synergistic combination of internal and external validation

is the most effective path to translate models into clinical practice [366]; internal

validation can provide a first filter to select promising methodologies, so that resources

for the costly and time-consuming external validation can be properly allocated [367].

When validating predictions for ML models, it is crucial to select evaluation criteria

that accurately reflect the ultimate goal of a research endeavour. It is not uncommon

for ML practitioners to select evaluation criteria that are accurate on a technical level

and yet do not fully capture the necessary complexity of the research question. A deeper

collaboration with domain experts and clinicians might ensure a more fruitful scientific

inquiry; however, these experts are often involved only in parts of the studies [368].

The development of interdisciplinary guidelines for the development of biomedical

ML models [369], or protocols for the reporting and assessment of their performance

such as TRIPOD and PROBAST [370, 371]—and their extensions to AI models

[372]—can provide valuable tools to support good scientific practice and ensure fruitful

collaboration across domains.

The path from ML development to implementation in clinical practice is rife with

challenges, including experimental design, ethics, and regulation [373]. This process

also requires ongoing monitoring after adoption of novel models in clinical practice, as

it is crucial to follow-up on their effects through impact studies [374].

Overall, the topic of validation for ML models in biomedicine is of crucial importance

to ensure a successful translation of cutting-edge techniques to clinical practice and
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other biomedical settings; while external validation is the gold-standard for model

evaluation, its extensive use is still limited by resource constraints. Complementary

efforts such as the creation and publication of large-scale databases and the development

of systematic benchmarking settings could help bridge the gap between in silico research

and robust evaluation of trained algorithms.



Chapter 4

Getting personal with epigenetics:

towards individual-specific

epigenomic imputation with

machine learning

Epigenetic modifications are dynamic mechanisms involved in the regulation

of gene expression. Unlike the DNA sequence, epigenetic patterns vary not

only between individuals, but also between different cell types within an

individual. Environmental factors, somatic mutations and ageing contribute

to epigenetic changes that may constitute early hallmarks or causal factors

of disease. Epigenetic modifications are reversible and thus promising

therapeutic targets for precision medicine. However, mapping efforts to

determine an individual’s cell-type-specific epigenome are constrained by

experimental costs and tissue accessibility. To address these challenges, we

developed eDICE, an attention-based deep learning model that is trained to

impute missing epigenomic tracks by conditioning on observed tracks. Using

a recently published set of epigenomes from four individual donors, we show

that transfer learning across individuals allows eDICE to successfully predict

individual-specific epigenetic variation even in tissues that are unmapped

in a given donor. These results highlight the potential of machine learning-

based imputation methods to advance personalized epigenomics.
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4.1 Introduction

Epigenetic mechanisms play an essential role in developmental biology and human

disease [375, 376]. They act at the intersection of genetic and environmental factors to

control, regulate, and propagate cellular responses, significantly contributing to diverse

cellular phenotypes. Importantly, their influence on gene activity is reversible without

altering the underlying DNA sequence. Therefore, they provide unique diagnostic and

therapeutic opportunities and offer promising targets for precision medicine approaches

[377–379], with particular interest for applications in cancer treatment [380, 381].

Advances in epigenome editing technologies are paving the way for including epigenetic

modifications not just as biomarkers, but also as direct intervention targets for novel

treatments [382–384]. However, crucial challenges remain, mainly because epigenomes

are cell-type specific and dynamically changing on different time scales, for example

during the cell cycle, development, or ageing. Therefore, decoding epigenetic patterns

is particularly laborious, expensive, and data-intensive.

A more in-depth understanding of epigenetic modifications has shed new light

on the mechanisms involved in certain neurological and neurodegenerative diseases,

developmental disorders, and some forms of cancer [377, 385–387]. Large-scale efforts

to map the functional properties of human epigenomes proved essential for these

developments and have provided a crucial resource to understand how the interplay

between genetic and epigenetic factors affects cellular identity and function [388,

389]. While these projects aim to profile diverse cell types exhaustively using various

epigenetic assays, the associated experimental costs impose constraints that lead

to incomplete maps, with many cell types still sparsely analysed. This sparsity

presents a particular challenge for the study of individual-specific epigenomic variation.

Individual-specific epigenomic signatures have the potential to inform personalized

predictions for risk stratification [390], drug resistance [391, 392], or personalized

therapies [393]; however, producing comprehensive individual-specific epigenomic maps

remains practically infeasible, not least because of the difficulty of obtaining samples

from certain tissues.

As a result, computational approaches that can leverage existing epigenomic data to

impute the results of as-yet unperformed assays are of considerable interest, particularly

if they are able to predict individual-specific variation. As well as advancing overall

understanding of the epigenomic landscape, effective imputation methods have the

potential to play a role in the development of novel precision medicine workflows, for

example by predicting the results of epigenetic assays in tissues that are difficult to
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probe in living patients, or aiding in the prioritization of epigenomic measurements

[394]. Previous work in epigenomic imputation has shown that machine learning models

can be trained to exploit the correlations between sets of epigenomic marks within and

between cell types to successfully predict missing measurements [395–397]. However,

these studies have focussed on the imputation of reference epigenomes, and have not

explored the use of imputation methods to generate individualized predictions.

In this work, we introduce eDICE (Figure 4.1), a Transformer-inspired imputation

model, which is trained to impute missing epigenomic tracks given sets of observed

tracks. eDICE learns to encode the epigenomic signal in a set of observed tracks into

factorised local representations of each cell type and each assay, enabling imputations to

be made for unseen combinations of cell type and assay by decoding from the appropriate

representations. We first show that our architecture leads to improved imputation

performance relative to previous methods on the reference Roadmap epigenomes, while

displaying significant practical benefits. Next, we use recently published individual-

specific epigenomes from EN-TEx [398] to test whether eDICE can be used to generate

individualized epigenomic imputations. Inspired by precision medicine applications,

we devise a task designed to assess the utility of imputation methods for predicting

individualized epigenomes in hard-to-access tissues, and find that transfer learning

across individuals allows eDICE to predict individual-specific epigenomic variation in

this setting.

4.2 Results

4.2.1 eDICE and previous work on epigenomic imputation

In 2015, Ernst and Kellis pioneered work in the field of large-scale epigenomic imputation

by introducing ChromImpute [395], an imputation strategy for the reference epigenomic

datasets produced by the Roadmap and ENCODE projects [388, 389]. Given sets

of reference epigenomes generated by performing various epigenomic assays in a

set of cell-types, the epigenomic imputation task posed by ChromImpute is that of

predicting epigenomic tracks representing combinations of cell-type and assay for which

experimental data are not available, thereby “completing” the epigenomic map. To

solve this problem, ChromImpute adopts a regression-based approach, requiring the

training of a separate ensemble of models for each target track. While ChromImpute

has shown effective performance, it relies on manual engineering of input feature sets
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and the training of thousands of separate models, preventing the effective sharing of

information across the highly related tasks of imputation of different tracks.

Subsequently, imputation strategies based on tensor factorization have been proposed

as a way of reducing the complexity of ChromImpute. PREDICTD [396] generates

predictions via a linear combination of learned factors representing cell type, assay,

and genomic location. Avocado [397] replaces the linear combination of factors used in

PREDICTD with a learned nonlinear operation, by passing concatenated embeddings

corresponding to each factor through a neural network. Tensor factorization approaches

have the appealing property that, given a learned set of factors, predictions can be

generated at any genomic location for a track corresponding to any combination of one

of the modelled cell-types and assays. Nonetheless, the performance of these approaches

has only outstripped ChromImpute on a subset of metrics.

Seeking to combine the strengths of prior approaches, we developed a deep learning

model, eDICE (epigenomic Data Imputation via Contextualized Embeddings), based

on framing the epigenomic imputation problem as one of masked input reconstruction.

During training, a random subset of the observed signal values for a set of epigenomic

tracks at a single genomic position are masked out, and the model is tasked with

learning to impute the masked values given the remaining observed values. Unlike

in standard masked input reconstruction applications, the epigenomic imputation

problem requires models to be capable of predicting signal values for tracks never seen

during training, representing novel combinations of cell type and assay. To achieve

this combinatorial form of generalization, eDICE encodes the input signal at the

genomic position of interest into separate latent representations summarizing the local

epigenomic state of each cell type and the local activity profile of each assay. The signal

value in a masked track is then reconstructed by concatenating the representations for

the relevant cell type and assay and passing them through a multi-layer perceptron

(MLP) decoder. At test time, predictions for new tracks can be generated in the same

way, by feeding the model with the signal values of a set of observed tracks at a genomic

location of interest, and decoding from the representations of the target cell type and

assay.

To implement the factorized encoding of local epigenomic signals, we developed a self-

attentive neural network module (Figure 4.1), based on the Set Transformer architecture

[95]. This module starts by independently encoding the signal in each cell type and

each assay, then constructs contextualized representations of each cell type and each

assay by transferring information among related cell types and related assays using self-
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attention. By conditioning on observed signal values to build representations of the local

epigenomic state, rather than learning location-specific embeddings, eDICE achieves

the generalization capacity of tensor factorization models while offering substantial

improvements in both training efficiency and performance. A full description of the

architecture and training procedure are provided in the Methods section.

4.2.2 eDICE imputations are highly accurate on the reference

epigenomes

For direct comparison with previous imputation work, we evaluated the accuracy of

eDICE imputations on a dataset of epigenomic tracks collated by the Roadmap project

[234] and used in previous studies [395–397]. This dataset consists of 1014 signal

tracks from 24 epigenomic assays in 127 cell types. All but one of the assays target

histone modifications, with the remaining assay profiling chromatin accessibility via

DNase-seq. A core set of five assays (H3K4me1, H3K4me3, H3K36me3, H3K27me3

and H3K9me3) is available in most cell types, while coverage of the cell types with the

remaining assays varies widely. We used the first train/test split defined by Durham

et al. [396], which consists of 709 training tracks, 102 validation tracks, and 203 test

tracks (Supplementary Figure A.1 and Supplementary Section A.3.1). To compare the

performance of imputation methods, we report a series of metrics assessing the quality

of imputations of the tracks in the test set by models trained on tracks in the training

and validation sets (and optionally using these tracks to provide inputs at test time).

The metrics are computed across chromosome 21 of the hg19 assembly, the smallest

human chromosome, spanning approximately 48 million base pairs. As baselines,

we report results for the prior methods ChromImpute, PREDICTD, and Avocado

(Section 4.4.6). Finally, as a parameter-free baseline, we also report predictions made

by averaging the signal of the target assay in all other cell types in the training data

except the target cell type (AVG).

Previous studies of imputation methods have varied in the choice of the primary

metrics by which to assess performance [395–397]. In an attempt to provide a balanced

view of model quality, we report performance on a selection of metrics designed to

capture three desirable characteristics of imputations: (i) global similarity between

imputations and ground truth values (ii) similarity between imputations and ground

truth values focusing on foreground (Fg) and background (Bg) bins, as determined by

MACS2 [399] and (iii) discriminative accuracy for a peak vs non-peak classification

task. The first two categories are assessed using mean-squared error and Pearson
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Fig. 4.1 Schematic representation of the eDICE model. For each cell type,
we collect all measured signal values from assays performed in that cell type at the
target bin, and project this set of values into a shared embedding space, where it
is combined with a global embedding representing the cell type (1). We do likewise
for assays, projecting the sets of values measured in different cell types from each
assay into a distinct embedding space. We then apply self-attention over both sets of
embeddings separately, allowing the network to capture relationships between cell types
and between assays to produce contextualized latent embeddings which are functions of
the local signal values in all observed tracks (2). Finally, a feed-forward neural network
combines the contextualized embeddings for a target cell type-assay combination to
generate a prediction for the local signal value (3).
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correlation on the arcsinh-transformed signal values, while in the latter category we

measure peak classification performance via the threshold-agnostic area under the

precision-recall curve (AUPRC), as well as by precision and recall after calling peaks on

the imputations using MACS2. Additional details on all metrics are found in Methods

and Supplementary Section A.3.2.

The performance of the models is presented in Figure 4.2 and Supplementary Figures

A.2-A.9, with numeric values reported in Supplementary Table A.2. eDICE outperforms

PREDICTD and Avocado across all metrics, and ChromImpute across the majority,

although ChromImpute shows strong performance for the prediction of peak height in

the foreground (Figures 4.2 and 4.4, Supplementary Figures A.2 and A.3). eDICE’s

relative disadvantage here suggests a tendency to systematically underestimate the

absolute signal values within peaks, which is exemplified in the trade-off between

precision and recall compared to ChromImpute. However, it ranks peak and non-peak

regions relative to each other more accurately than ChromImpute, as demonstrated

by the fact that it outperforms all baselines on the AUPRC metric, thereby offering

the best overall imputation in terms of global discriminatory power. We emphasize

that while PREDICTD and Avocado generated imputations respecting the same data

split used for eDICE, the ChromImpute imputations were produced in a leave-one-out

fashion, so our model’s improved performance comes despite a considerable handicap

relative to ChromImpute in terms of the available training data.

Qualitatively, eDICE presents many of the characteristics that were present in its

predecessors, such as a general smoothing of the imputed tracks, which is especially

notable in the background regions (example in Figure 4.3). Additionally, the imputed

tracks reduce the impact of outlier values, such as the extremely high peaks present in

a few tracks for H3K4me3. Such peaks are not necessarily a direct representation of the

high significance of the local enrichment but can be heavily affected by the coverage and

quality of control samples, which, when low, can bias the estimated p-values towards

extreme values (see further discussion in Supplementary Section A.3.1).

To confirm that these aggregate results were not unduly influenced by variation in

the range of metric values across different types of assay, we also examined the metrics

at the level of individual tracks (Figure 4.4 and Supplementary Figures A.4-A.6) and

aggregated by assay (Figure 4.5). The track-level comparisons confirm that eDICE’s

performance improvements are consistent across different combinations of cell-type and

assay. Grouping tracks by assay reveals significant differences in the performance of

imputation methods depending on the type of epigenetic mark. For example, all models
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Fig. 4.2 Comparison of imputation methods on the Roadmap reference
epigenomes. Performance metrics for the imputation of the n=203 test tracks on
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a

b

Fig. 4.3 Signal reconstruction using eDICE. Examples of observed epigenomic
tracks with the signals imputed by eDICE for the assay H3K9ac in two selected tissues
(E025 (a), E052 (b)). Below the tracks, the peaks detected with MACS2 highlight how
the imputations accurately capture enriched regions. The peaks were detected using
a one-sided Poisson hypothesis test with Benjamini-Hochberg correction for multiple
test correction and a cut-off value of 0.01.
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tend to perform relatively poorly when predicting H3K27me3 and H3K9me3 (Figure 4.5

and Supplementary Figures A.7-A.9). Comparing the average assay-level performance

of each model shows that the improvements brought by eDICE are consistent across

the board despite these discrepancies between assays (Supplementary Figure A.2).

Finally, we explored whether differences in performance between types of assays could

be related to differences in specific properties of the epigenetic marks. Some histone

modifications can be classified as either narrow-peak (H3K27ac, H3K4me2, H3K4me3,

H3K9ac) or broad-peak marks (H3K27me3, H3K36me3, H3K4me1, H3K79me2, H4K20me1).

Comparing the performance of eDICE on test tracks across these two groups, we ob-

served that performance tended to be higher on narrow-peak than on broad-peak marks

for correlation and classification metrics (Figure 4.6a). Furthermore, a similar divide is

observed when splitting histone modifications into repressive (H3K27me3, H3K9me3)

and activating marks (the active promoter-associated H3K9ac, H3K4me2, H3K4me3,

active enhancer-associated H3K4me1 and H3K27ac and DNase-seq, displayed in Figure

4.6b). As repressive marks are often linked to heterochromatin configurations, this

discrepancy is possibly due to biases introduced by the processing pipelines because of

systematic sequencing differences in these regions. However, as repressive marks also

tend to display broad peaks, it is challenging to pinpoint the precise reason for the

observed differences.

Importantly, the performance benefits of eDICE are coupled to an increased efficiency

in the training procedure. Relative to ChromImpute, this is a result of training only a

single model rather than a separate ensemble of models for each target track. Relative to

Avocado and PREDICTD, eDICE can make accurate genome-wide predictions without

needing to train on every genomic location, leading to major improvements in training

efficiency. To highlight this, in Figure 4.7, we show the results of training eDICE on

smaller subsets of the randomly selected genomic locations. Even when trained on a

small fraction of the available genomics data, eDICE outperforms Avocado, suggesting

that the tensor factorization models severely overparameterize the imputation problem

by learning a representation for each genomic bin.

4.2.3 Imputations capture significant differences between tis-

sues

Epigenomic patterns differ between cell types to control and register cell function and

identity. It is critical that imputations accurately capture these differences if they are
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Fig. 4.4 eDICE outperforms competitor models on most metrics. Percentages
of test tracks on which eDICE outperforms the baselines for each metric. ChromImpute
shows good performance on tasks related to the height of the peaks, while eDICE
outperforms PREDICTD and Avocado on all metrics.
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Fig. 4.5 Imputation performance varies significantly between different as-
says. Grouping the tracks by assay reveals considerable differences in the imputation
performance. This phenomenon is observed in the previous models as well, indicating
that it is most likely due to the nature of the specific modifications and the biases that
their signal includes. The colour of each dot indicates the number of training tracks
that share the cell type with that specific test track, while the light blue bars in the
background show the number of training tracks that share the same assay.
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a b

Fig. 4.6 The type and function of histone modifications affects imputation
performance. (a) Assays split into broad- and narrow-peak marks show consistently
different performance for the imputation task. For each metric, we performed a 2-sided
Welch’s t-test under the null hypothesis that both sets of metrics have the same
mean, and reported the resulting p-value at the bottom of each plot. (b) Splitting
the histone marks by functionality (repressive vs. activating) shows a similar bias as
the comparison in (a). For each metric, we performed a 2-sided Welch’s t-test under
the null hypothesis that both sets of metrics have the same mean, and reported the
resulting p-value at the bottom of each plot.
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Fig. 4.7 eDICE can be trained on a smaller set of genomic regions. Learning
curves that display several global performance metrics against the number of genomic
positions used in training. Tensor factorization models such as Avocado need to be
trained on the whole genome to make genome-wide predictions. eDICE, on the other
hand, can be trained efficiently on a small subset of genomic regions and still obtain
improved performance, suggesting that previous models severely overparameterized
the imputation problem. Data are presented as mean ± 95% confidence interval for
n=203 test tracks.
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to constitute valuable resources of cell-type-specific epigenomic landscapes. However,

within the scale of the whole genome, these cell-type-specific differences are subtle and

global evaluation metrics such as those considered above are dominated by regions

that have a shared functionality across cell types, such as large intergenic regions.

In the analysis of epigenetic modifications, it is crucial to capture not just a

single instance of the local signal measured by experimental assays, but also the local

variability which may characterize each tissue. To distinguish potentially functional

differences from either technical or biological fluctuations, established experimental

protocols explicitly require several biological replicates to estimate local variability.

This is essential for robust statistical hypothesis testing [400]. On the other hand,

experimental tracks are generally pooled for imputation tasks, and predictions thus

constitute mean epigenomic tracks per cell type, where the inherent variability is lost.

We present here a case study in which we estimated local variability on the training

data and then generated simulated replicates from the mean epigenomic imputation.

This strategy was used to predict and identify differential peaks in H3K9ac tracks

across two tissues (corresponding to Roadmap cell types Adipose-Derived Mesenchymal

Stem Cell Cultured Cells (E025) and Muscle Satellite Cultured Cells (E052)).

We highlight that the overall shape of individual peaks is remarkably conserved

between individual experimental replicates for corresponding tracks (Figure 4.8a). In

the case of tissue-specific peaks, on the other hand, the signal shapes are distinct

between replicated measurements derived from different tissues (Figure 4.8b). We

have previously exploited this observation for differential peak calling [401], where we

considered the genomic region of the peak as a metric space and treated the pile-up of

sequenced reads like a sample from a hidden probability distribution on that space.

This strategy dramatically improves the test’s statistical power compared to methods

based on total counts alone. We also note that the shape differences are well captured

by the mean signals (Figures 4.8a and 4.8b bottom panels). To quantify differences in

peak shapes across the two cell types, we computed the Wasserstein (WS) distance

between the pooled ground truth signals across the two cell types, and likewise between

the imputed signals. Figure 4.8c shows that the distances in imputed and ground

truth tracks are strongly correlated, indicating that the imputations accurately capture

cell-type-specific differences in the shape of signal enrichment at peak regions.

As an independent analysis, we next took advantage of the robustness of the

existing differential peak analysis method, DiffBind [402]. Since DiffBind requires

replicates for statistical testing, we estimated the local variability of cell-type-specific
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c
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Fig. 4.8 Imputations with eDICE capture variation between tissues. (a) and
(b) show examples of non-specific and tissue-specific peaks respectively for H3K9ac in
the two chosen tissues (E025 and E052). The upper part shows the measured replicates,
while the lower portions display the aggregate p-value tracks for the observations and
the corresponding imputations. The aggregate tracks do not capture the information
on the biological variability between samples. (c) A scatter plot of the Wasserstein
distance between the signal in the two tissues, for each peak in the enriched peakset
of E025. The x-axis displays the WS distance between observed signals, while the
y-axis between imputed signals. The imputations retrieve most of the information
contained in the measurements, especially for the stronger differences between tissues.
We highlighted the two points corresponding to the peaks shown in (a) and (b).
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test tracks (Supplementary Section A.3.4). Assuming a negative binomial distribution,

the estimated variance parameters were subsequently used to simulate replicates from

the imputed mean signal tracks on chromosome 21. While an arbitrary number of

replicates can readily be generated in this way, we chose to use three to four simulated

replicates, similar to typical experimental scenarios. Those tracks were fed into the

standard differential analysis pipeline, and the outcome was compared with the results

obtained from the corresponding analysis of actual replicated measurements. We

emphasize that the simulation procedure employed only replicates from the training

set and tissue-specific control samples in addition to the imputed tracks, and made no

use of any information from the test set.

Employing the DiffBind library [402] we compared binding affinity scores, which

are indicative of the strength of interaction between DNA and biomolecules (such

as modified histones). Figure 4.9a shows a correlation heatmap for the similarity

of affinity scores for different samples. The block structure highlights the expected

relationship between the replicates derived from different tissues; however, the simulated

replicates show high similarity across tissues, possibly due to the adopted procedure

underestimating the biological variance between samples.

Within DiffBind, we used DESeq2 to identify peaks of differential enrichment

with default parameters. Specifically, we used a ‘glmGamPoi’ fit type to estimate

dispersion and used a Wald test for negative binomial distribution (‘nbinomWaldTest’)

to identify statistical significant peaks. A total of 1165 and 1299 peaks were detected as

differentially enriched in measurement and imputations, respectively (FDR threshold

of 0.05). 855 peaks (∼ 73% of the measured peaks) are shared between the two sets,

resulting in a Positive Predictive Value of 0.66 (Figure 4.9b). Binding affinity scores

for each differentially enriched peak in the consensus peakset derived from imputations

and measurements are shown in Figure 4.9c, where the block structure resulting from

agglomerative clustering of the measurements (left side) is replicated in the imputations

(right side).

The differential analysis procedure was repeated for all the models analysed, with

eDICE outperforming Avocado and ChromImpute; the model PREDICTD showed

comparable performance (Supplementary Figure A.23). In summary, we conclude

that the imputations accurately capture cell-type-specific differences, both in terms of

altered shapes of signal enrichment at peak regions and also regarding integrated total

counts in the peak regions, when considering local variability. In general, increasing

the number of replicates in a sequencing experiment leads to more robust results [403].
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a c

b

Fig. 4.9 Differential peak analysis using imputed epigenomic tracks. (a)
Correlation heatmap of the affinity scores for different replicates. The simulated
replicates correctly retrieve the expected relationships to the measured replicates,
although they show a high degree of similarity between themselves, likely an artefact of
the simulation procedure. (b) Venn diagram representing the peaks that are detected
as differentially enriched between tissues using imputed and measured signals. The
imputed signal retrieves 66% of the true peaks. (c) Binding affinity heatmaps for
the measured replicates and the imputed pseudo-replicates. Each row corresponds
to one of 1609 differentially enriched peaks detected in either of measurements and
imputations. The imputed replicates display the same global block structure as the
measurement replicates.
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Therefore, a similar augmentation strategy could also be applied to complement certain

existing experimental data sets with additional replicates from an imputed mean track.

4.2.4 eDICE accurately predicts personalized epigenomes in

unseen tissues

Recent advances have highlighted the role that alterations in the epigenetic machinery

play in human disease [404–406]. In the field of precision medicine, epigenetic mutations

are currently examined mainly for their potential role in early detection and drug

response prediction [407–409]. However, increasingly robust epigenome editing methods

[382] open up exciting opportunities for direct interventions on the epigenome for the

treatment of illnesses such as cancer [384]. Achieving a more in-depth understanding

of individual- and cell-type-specific epigenetic patterns and their effect on the cellular

machinery will be crucial to realizing the promise of such applications.

Recently, a collaboration between the ENCODE [388, 410] and the Genotype-Tissue

Expression (GTEx) consortia created data sets that include extensive individual-specific

histone modification measurements from four donors [398]. We decided to use this

dataset to test whether eDICE could be applied to impute epigenomic measurements

in an individual-specific manner. One particular use case for imputations in this

setting could be to predict epigenomic measurements in otherwise hard-to-access

tissues, potentially avoiding the need for invasive procedures. Motivated by this use

case, we developed a task to test the prediction of epigenomic measurements in a

particular individual in tissues for which no epigenomic information for that individual

is available. Specifically, we aim to impute epigenomic tracks for a target tissue in

one individual patient (“target individual”), by using other observations from the

same individual, as well as a more complete set of observations for another individual

(“training individual”), which include the target tissue. To adapt eDICE to this task,

we adopt a transfer learning approach. We first train an eDICE model on the complete

set of observations for the training individual. The model is then fine-tuned on the set

of observations for the target individual that do not include the target tissue, before

imputing the target observations (Figure 4.10). We employed an eDICE model with

the same architecture as that used for Roadmap, but altered the masking process used

during training to reflect the tissue-based prediction task, ensuring that the set of

masked tracks at each genomic bin all belonged to a single randomly selected tissue.
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Fig. 4.10 Transfer learning scheme for the imputation of unseen tissues in
the EN-TEx dataset. The full set of tracks for a training individual are used to
pre-train an eDICE model so that it can learn to appropriately encode all the tissues
represented in the dataset. Afterwards, the model is finetuned on a subset of tracks
from the target individual that exclude a target tissue. Finally, the model is used to
predict the epigenomic signal for the target tissue in the target individual.

To get a better understanding of this task, we performed an initial analysis of

epigenomic variation between individuals in the EN-TEx dataset. The data includes

measurements spanning 25 different tissues from two adult males, 37 and 54 years

old, and two adult females, 53 and 51 years old. We selected for further study 29

tissue-assay combinations comprising measurements of histone modifications available

for all four individuals (Supplementary Table A.3), focusing on chromosome 21 in all

cases. Initial analysis of observed tracks revealed both a large degree of similarity in

epigenomic signal across individuals in numerous instances (Figure 4.11), as well as

the dominant role of tissue identity in determining epigenetic patterns, in particular

for marks H3K27ac, H3K4me1, and H3K9me3 (Figure 4.12a).

Individual-specific peaks unique to only one or a subset of individuals are nonetheless

observed, most notably for H3K9me3 (Figure 4.12b). Three-dimensional histograms of

co-occurrences across tissues and individuals highlight that across all marks individual-

specific peaks are typically also specific to one or a small number of tissues, and that

the frequency of such peaks varies substantially between marks (Figure 4.12c and

Supplementary Figures A.17-A.21). These personal epigenomic differences may either

reflect underlying DNA sequence variants, in which case they may be observable across
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Fig. 4.11 Patterns of epigenetic modifications are largely shared across
individuals. Sigmoid Colon-H3K4me3 track spanning 800kb and showing consistent
patterns for all four individuals. For the central peak we display a slice across the
epigenomic tensor demonstrating signal conservation across tissues and individuals.
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a b

c

Fig. 4.12 Occupancy histograms across tissues and individuals reveal high
variation in the data. (a) Occupancy histograms for the enriched bins across tissues.
(b) Occupancy histograms for the overlap of enriched bins across individuals. (c)
Occupancy across tissues and individuals for each enriched bins in the tracks for Male
37 for the Esophagus Muscularis Mucosa tissue.

different tissues of the same individual, or they may result as a consequence of ageing

or due to interactions with external stimuli, potentially in a tissue-specific manner.

We next assessed the accuracy of eDICE imputations generated using the transfer

learning scheme described above. We compared these predictions to imputations from

two model-free baseline methods. The first method directly uses the corresponding

track in the training individual as a prediction of a given track in a target individual.

The second method generates a predicted track by averaging the tracks from the

target assay in all tissues apart from the target tissue in the target individual (i.e.,

an individualized version of the AVG baseline used previously). For each method,

we consider all possible combinations of target tissue, target individual, and training

individual, and evaluate the resulting predictions. Using the transfer learning strategy
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presented, eDICE produces imputations which are globally more accurate than either

of the baseline methods, as measured by MSE and Pearson correlation (Figure 4.13),

indicating that transfer learning successfully adapts eDICE to the context of a new

individual, while retaining the understanding of tissue types inherited from the training

individual to allow successful prediction in tissues without measurements in the target

individual.

4.2.5 eDICE captures epigenetic variation between individuals

Finally, we used the same transfer learning framework to assess eDICE’s ability to

predict individual-specific epigenomic signatures. Defining such signatures is far

from trivial; a robust analysis would require more than four individuals to properly

understand the overlap of enriched regions and the external factors that influence

them. As a working approximation, we define individual-specific peaks as those

enriched regions detected from the measured samples that span at least 150bp (i.e.

the approximate length of the DNA wrapped around a nucleosome) and which are

present only in the target individual, and not the training individual. This definition

aims to capture peaks such as the example shown in Figure 4.14a, where H3K4me3 is

clearly found in one individual. This task presents significant challenges due to the

relatively small portion of epigenetic enrichments that meaningfully differ between

individuals and because of the complex epigenetic patterns that arise in these regions

of variability, exemplified by the heatmaps displayed in the lower portion of Figure

4.14a. In these cases, local variability is observed not just between individuals, but

also between tissues within the same individual (Figure 4.14b).

To assess the ability of eDICE to predict these individual-specific peaks, we compared

imputations to test tracks after excluding enriched regions shared with the training

individual. We additionally excluded enriched regions specific to the test individual

but spanning less than 150 bp. Within the remaining regions, we assessed the extent

to which the imputations successfully distinguished individual-specific peaks from the

background using the area under the precision-recall curve (AUPRC). For completeness,

we included the fraction of positive samples (Pos. Fraction) as a standard baseline for

the AUPRC measure [411]. The results, presented in Figure 4.15a, show that eDICE

improves the prediction of individual-specific enrichment compared to the model-free

baselines. A track-level comparison of eDICE’s improvement over the model-free

baselines is shown in Figure 4.15b.
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Fig. 4.13 Imputation performance on the whole ENTEx tracks. Pearson
correlation (a) and MSE (b) for the leave-one-tissue-out imputation of chromosome
21 using transfer learning from one training individual to the target individual. n=72
imputed tracks for the ‘Training Ind. Track’ baseline and eDICE for each assay
except H3K36me3, where n=60. n=24 for the “AVG” predictor for each assay except
H3K36me3, where n=20. Boxes represent the IQR, with the middle line representing
the median; the whiskers represent points that lie within 1.5 IQRs of the lower and
upper quartiles.
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a b

Fig. 4.14 Individual-specific peaks. (a) Individual-specific H3K4me3 enrichment
for (Male 37) in Esophagus Muscularis Mucosa tissue. For this genomic location, we
display a slice of the epigenomic tensor for each of the four individuals, highlighting the
challenge of imputing these varied patterns. Peaks were detected with MACS2 using
a one-sided Poisson hypothesis test with Benjamini-Hochberg correction for multiple
test correction and a cut-off value of 0.01. (b) Observed and imputed tracks for the
H3K4me3 assay in Male 37 across tissues in the same genomic region as (a).
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Fig. 4.15 Imputation for precision epigenomics (a) AUPRC for the prediction
of individual-specific enrichment in the LOO EN-TEx imputations, where the peaks
shared with other individuals have been masked out. n=72 imputed tracks for each
model for all assays except H3K36me3, where n=60 for each model. Boxes represent
the IQR, with the middle line representing the median; the whiskers represent points
that lie within 1.5 IQRs of the lower and upper quartiles. (b) Track-level AUPRC for
the prediction of individual-specific enriched bins.
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Capturing individual-specific differences is crucial for the robust application of

state-of-the-art machine learning models to epigenetics within a clinical context. The

case study presented aims to be a guiding example for the development of better and

more accurate models that may be included in a clinical workflow.

4.3 Discussion

We presented eDICE, a deep-learning-based epigenomic imputation framework which

achieves high accuracy by combining the advantages of its predecessor models. Like

ChromImpute, eDICE uses the local signal of observed tracks to encode information

on genomic position, removing the need to learn explicit embeddings for each position.

Similar to the tensor factorization models PREDICTD and Avocado, eDICE uses

factorized representations to achieve combinatorial generalization, while drastically

reducing the required parameter count (Supplementary Table A.1). On reference

epigenomes, eDICE’s performance is robust across a variety of metrics capturing

different facets of imputation performance, surpassing all baselines across the majority

of metrics, while offering significant practical benefits as a simple single-model approach

that is efficient to train and run.

We emphasize the need for imputation models to be trained and designed with

the aim of including imputations in established bioinformatics processes. As a case

study, we explored the possibility of simulating biological replicates from the imputed

data, which are then used for differential peak calling obtaining results compatible to

the measured replicates. We pose that future developments in the field of epigenomic

imputation should account for and predict not only the average value of measurements,

but also the intrinsic biological variability of different samples. Explicitly modelling

the variance of epigenomic measurements would allow for more robust analysis to

distinguish the differences caused by fluctuations due to the natural variability of the

samples from the true differences between tissues and marks that encode the functional

variations of cell profiles.

Finally, we demonstrated the possibility of imputing personalized epigenomic tracks,

showing how eDICE can be adapted to generate imputations for unseen tissues that

outperform those from model-free baselines. The transfer learning approach adopted

allows the model to learn representations for all tissues from a training individual, which

can then be transferred to a target patient, enabling accurate imputations in tissues

where no data for the target individual is available. While our results offer a proof of
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concept for the direct applicability of methods originally designed for the imputation of

reference epigenomes in this setting, individual-specific imputation presents additional

challenges which future works might seek to address directly. In particular, further

enhancements in accuracy might be unlocked by incorporating information from DNA

sequence, as well as information aggregated across other individuals and from reference

datasets to augment the relatively limited number of measurements in any single

individual. In order to fully leverage the promise of transfer learning across epigenomic

datasets, further consideration should be paid to the role of systematic biases introduced

by differences in experimental methodology and bioinformatics pipelines used to process

sequencing data, as highlighted by the findings of the ENCODE imputation challenge

[328], to which we submitted a prize-winning entry using a predecessor of eDICE.

We believe that our results offer a strong indication that machine learning methods

are well-placed to address these challenges, and, in so doing, to help overcome the

experimental constraints that limit our understanding of epigenetic variation.

4.4 Methods

4.4.1 Data

A dataset of epigenomic measurements from the Roadmap Consortium [389] was

selected to allow direct comparison with prior imputation methods. The Roadmap

dataset consists of 1014 signal tracks from 24 types of epigenomic assay in 127 cell types.

Each signal track is obtained by mapping a set of sequence reads to a genome to form

a genome-wide activity profile. All but one of the assays target histone modifications,

with the remaining assay profiling chromatin accessibility via DNase-seq. A core set of

five assays, targeting H3K4me1, H3K4me3, H3K36me3, H3K27me3 and H3K9me3, is

available in each cell type, while coverage of the cell types with the remaining assays

varies widely. We use the first train/test split defined by [396], which consists of 709

training tracks, 102 validation tracks, and 203 test tracks. Supplementary Figure A.1

gives an overview of the data splits over training, validation, and test.

Following previous imputation work, we work with signals in the form of negative

logarithms of p-values (− log10 p-value) tracks, which indicate the statistical significance

of a mark at each genomic position, and seek to impute the average − log10 p-value

within each non-overlapping 25 base pair interval in a given subset of the genome. We

additionally preprocess the − log10 p-value signal using an arcsinh transform, which
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reduces the impact of outliers and differences in distribution between different types of

assay, again inspired by prior work [396, 397, 412].

The EN-TEx dataset contains the results of a variety of functional genomic assays

in 25 tissue types from four donors (in the main text, for consistency with prior

publications, we use ‘tissues’ to refer to biosamples in EN-TEx and ‘cell type’ to

refer to biosamples in Roadmap; for the purposes of the imputation method the two

terms should be treated as interchangeable). We selected 116 histone modification

tracks common to all four individuals (Supplementary Table A.3). These tracks were

processed in the same manner as those from Roadmap. The tracks measured for

‘thoracic aorta’ and ‘ascending aorta’ were merged to cover all four individuals.

4.4.2 Enrichment detection and evaluation metrics

We used MACS2 [399] to detect peaks in observed tracks, using a one-sided Poisson

hypothesis test with Benjamini-Hochberg correction for multiple test correction and

a cut-off value of 0.01. We refer to the 25-bp genomic bins belonging to the peaks

detected by MACS2 for a given track as ‘enriched bins’ or ‘foreground regions’ for that

track. Enriched bins detected in this way were used to define evaluation metrics for

the tasks of both reference epigenome imputation and individual-specific imputation,

as described in detail below and in Supplementary Section A.3.2.

Roadmap imputation metrics

The global quality of imputations was measured using the mean squared error (MSE)

and Pearson correlation coefficient applied to imputed and ground-truth tracks. These

metrics were also evaluated separately on foreground and background regions. Recovery

of enriched bins (i.e. bins occurring in MACS2 peaks) was measured using the threshold-

agnostic area under the precision-recall curve (AUPRC). Finally, MACS2 was applied

to imputed tracks to generate a set of predicted peaks using the same fixed parameters

as used to call peaks on the observed tracks. The resulting peaksets were then compared

with the peaksets returned from the observed tracks using precision and recall.

Individual-specific imputation metrics

Global imputation performance was measured as above. For prediction of individual-

specific peaks, we used the AUPRC to compare imputed tracks and MACS2 peaks, after
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excluding all genomic regions containing peaks conserved across individuals involved

in the transfer learning and spurious individual-specific peaks of less than 150bp.

4.4.3 Tensor factorization

Given a set of observed tracks that are the result of performing at least one of a set

of na assays (a1, . . . , ana
) in each of a set of nc cell types (c1, . . . , cnc

), the goal is to

generate imputations for all assay-cell type combinations which are not represented by

tracks in the observed set. The complete set of possible measurements (all assays in all

cell types at all genomic locations) can be represented as a rank-3 tensor Y , with Yijk

the signal observed at the kth genomic position when performing the jth assay in the

ith cell type.

Tensor factorization approaches model entries in the tensor as interactions between

separate representations for each dimension. In PREDICTD and Avocado, learned cell

type embeddings, c, assay type embeddings, a, and genomic bin embeddings, b, are

combined via a parametric function gθ to reconstruct or impute tensor elements:

Ŷijk = gθ(ci, aj, bk) . (4.1)

The embeddings are learned to optimally reconstruct the observed tensor entries.

Crucially, the use of a factorized functional form allows such models to generate

predictions for arbitrary combinations of cell-type, assay and genomic location, meaning

that missing values in the tensor can be straightforwardly imputed given the learned

embeddings.

4.4.4 eDICE model

Given that individual epigenomic tracks are either completely observed or completely

missing, to impute a particular missing entry Yijk corresponding to the signal value

in a missing track at a particular genomic location k, the most important source

of information is the observed values of other tracks at the same location. Let Y k

represent the partially observed (nc × na) matrix corresponding to taking a slice of the

tensor at a particular genomic position. Our strategy is to learn to impute masked

subsets of entries in Y k given the remaining entries, by learning a factorized regression

function:
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Ŷ k
ij = gθ

(

ci(Ỹ
k), aj(Ỹ

k)
)

. (4.2)

Here Ỹ k is the matrix of local signal values in which a subset of tracks has been masked

by setting the corresponding entries of the matrix Y k to 0. All missing tracks likewise

have their values set to 0. Factorization is achieved by encoding the matrix of local

signal values into cell-type- and assay-type- specific representations, ci(Ỹ
k) and aj(Ỹ

k).

These representations are thus directly conditioned on the local signal, unlike in the

case of tensor factorization approaches, where cell-type and assay representations are

global and parameterized directly.

The model produces the local embeddings c(Ỹ k) and a(Ỹ k) via separate cell and

assay encoders. First, these encoders embed the local signal in each cell and each assay,

then use self-attention to produce cell and assay embeddings that are informed by the

signal in related cells and assays, respectively.

The model is trained by minimizing the mean squared error of the predictions of

signal values in masked tracks in expectation over masks. The loss for a single genomic

location is then:

L(θ, ϕ, Y k) =
1

|M |

∑

{ij}∈M

(Ŷ k
ij (θ, ϕ) − Y k

ij )2 . (4.3)

The mean squared error is minimized with respect to the parameters of the encoders

ϕ and decoder θ over a fixed training set of randomly selected genomic locations. At

each iteration, a single mask M is drawn at random for each location and used to

compute a Monte Carlo estimate of the loss. In practice, we mask 120 tracks at a time

(|M | = 120), and use the remaining tracks as ‘context’ to predict the masked values.

This training objective can be seen as a kind of self-supervised learning, similar to

that employed by denoising autoencoders [413], but differing in the use of a factorized

encoder and decoder. At test time, all tracks from the training set are used as inputs

to predict the values of held out tracks.

Cell encoder

Let y(k)
ci

denote a partially observed signal vector characterizing the signal in tracks

across all assays in cell type ci in the kth bin (i.e. the size of this vector is na, where

na is the total number of assays, some of which may be missing, and therefore set
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to 0 for the cell type in question). This cell-specific local signal vector is mapped

to an embedding space through a non-linear function fϕC
, shared by all cell types,

and implemented through a fully connected layer with parameters ϕC and a ReLU

activation function. To allow the network to combine the local signal representation

with knowledge of the global properties of the cell type, we add to the local signal

embedding a learned global cell type embedding uc, which plays the role of a position

embedding in the standard Transformer architecture.

hk
ci

= fϕC
(yk

ci
) + uci

(4.4)

The cell encoder then applies a Transformer-style self attention block to the resulting

embeddings:

c1(Ỹ
k), ..., cnc

(Ỹ k) = SAB(hk
c1

, ..., hk
nc

) (4.5)

The self-attention block (SAB) is identical to a standard self-attentive Transformer

layer [89], except for the removal of Layer Normalisation, which we did not find

important in our shallow networks.

To account for differences in the number of observed entries across cell types, a

scaling step is applied in the signal embedding. This step involves multiplying the

activations of the fully connected layer ϕC by a factor 1
nobs

, where nobs is the number of

observed assays in the cell type, in an attempt to account for the uneven mapping of

the epigenome, similar to the activation scaling used in Dropout [414].

Assay encoder

The assay encoder operates analogously to the cell encoder, taking as inputs assay

signal vectors whose entries are the local signal values observed when performing a

given assay in each cell type:

hk
aj

= fϕA
(yk

aj
) + uaj

(4.6)

a1(Ỹ
k), ..., ana

(Ỹ k) = SAB(hk
a1

, ..., hk
ana

) . (4.7)
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Signal Decoder

The result of the factorized self-attention is a set of cell representations (c1
k, . . . , cnc

k)

and a set of assay representations (a1
k, . . . , ana

k), each of which is a function of the

identity of the particular entity being represented and the full set of local signal values in

all observed tracks at the k-th genomic bin
(

ck
i ≡ ci

(

ci, Y
(k)

obs

)

and ak
j ≡ aj

(

aj, Y
(k)

obs

))

.

Given these representations, the prediction for a given cell type-assay pair is obtained

by passing the corresponding contextual cell type and assay representations through

the fully connected neural network gθ (Equation 4.2).

4.4.5 Hyperparameters and training details

The model uses cell and assay embeddings of dimension 256 at all stages in processing.

Within the self-attention block, we use 4 attention heads, whose output is concatenated

and fed to a feed-forward neural network with a single hidden layer with 128 neurons and

a 256-dimensional output. Finally, the combination of cell and assay representations

are fed to a multilayer perceptron with 2 hidden layers with ReLU activations and 2048

neurons per layer. During training, Dropout with rate 0.3 is applied to each hidden

layer in the output MLP.

The model used to analyse the eDICE performance in the Results section was

trained on the union of the training and validation set for 50 epochs, using the Adam

optimizer with a learning rate of 3 × 10−4, and masking 120 randomly selected tracks

to use as imputation targets for each training bin. Hyperparameters for this model

were manually adjusted to maximise performance on the validation set.

For the EN-TEx imputations, the reconstruction task is modified so that the

masked values belong to the same cell type in each individual bin, which closer mimics

the generalization task analysed. The EN-TEx models have a reduced number of

parameters in the embedding layers (128-dimensional) and the MLP hidden layers (512-

dimensional), to account for the smaller dataset size. The transfer learning procedure

involves training on one individual for 30 epochs, followed by 15 epochs of fine-tuning

on the target individual with a reduced learning rate 3 × 10−5.

4.4.6 Baselines

ChromImpute and PREDICTD imputations were downloaded directly from the re-

sources accompanying their respective publications [395, 396]. In the case of ChromIm-

pute, these imputations were generated in a leave-one-out manner, while PREDICTD’s
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imputations for tracks in our test set were generated by models respecting the same

train-test split used to train eDICE, and our thus directly comparable to our results.

Avocado’s publicly available imputations, on the other hand, were generated by a

model trained on the full Roadmap dataset (i.e. on all tracks, including the tracks in

our test set), and therefore cannot be used to compare performance with other models.

We therefore retrained an Avocado model from scratch to respect the data splits used

here. To achieve this, we followed the two-stage procedure from [397], first training

all parameters on chromosome 4, then freezing all parameters other than the genomic

location embeddings, and fitting these for chromosome 21, to allow the generation of

predictions for the test tracks on this chromosome. All results for Avocado refer to

imputations made using this re-trained model.

4.4.7 Data and code availability

The Roadmap dataset is available at http://www.roadmapepigenomics.org/

The epigenomic tracks for the 4 individuals part of the EN-TEx dataset can be

found on the portal for the ENCODE project https://www.encodeproject.org/. The

accession codes used for the EN-TEx analysis are listed in Supplementary Table A.3.

The processed HDF5 files containing the training bins and chromosome 21 for the

Roadmap dataset, and chromosome 21 for the selected tracks of the EN-TEx dataset

can be found online at on Edmond, the open research data repository of the Max

Planck Society [415].

Source code for eDICE [416] can be found at https://github.com/alex-hh/eDICE.



Chapter 5

Multimodal learning in clinical

proteomics: enhancing antimicrobial

resistance prediction models with

chemical information

Large-scale clinical proteomics datasets of infectious pathogens, combined

with antimicrobial resistance outcomes, have recently opened the door

for machine learning models which aim to improve clinical treatment by

predicting resistance early. However, existing prediction frameworks typi-

cally train a separate model for each antimicrobial and species to predict

a pathogen’s resistance outcome, resulting in missed opportunities for

chemical knowledge transfer and generalizability.

We demonstrate the effectiveness of multimodal learning over proteomic and

chemical features by exploring two clinically relevant tasks for our proposed

deep learning models: drug recommendation and generalized resistance

prediction. By adopting this multi-view representation of the pathogenic

samples and leveraging the scale of the available datasets, our models

equalled or outperformed the previous single-drug and single-species predic-

tive models. We extensively validated the multi-drug setting, highlighting

the challenges in generalizing beyond the training data distribution, and

quantitatively demonstrate how suitable representations of antimicrobial
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drugs constitute a crucial tool in the development of clinically relevant

predictive models.
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5.1 Introduction

Antimicrobial resistance (AMR) poses a significant threat to human health worldwide.

Based on recently published predictive statistical models, an estimated 4.95 million

(3.62–6.57) deaths were associated with bacterial AMR in 2019, including 1.27 million

(95% UI 0.911–1.71) deaths attributable to bacterial AMR [417]. Effective prevention

strategies are urgently needed to stall AMR emergence and dissemination.

With a detailed understanding of the potential resistance mechanisms of the

pathogen, clinicians can select specific antimicrobials with a higher chance of success.

In this regard, disk diffusion and microdilution antibiograms are still the references for

determining AMR [418]. While effective, these approaches are too cumbersome and

time-consuming to enable the rapid selection of an adequate targeted antimicrobial

treatment [419–421].

The emergence of matrix-assisted laser desorption/ionization time-of-flight mass

spectrometry (MALDI-TOF MS) provides a fast and cost-effective method for analysing

bacterial strains. This technology is predominantly used as an analytical tool to identify

and understand the structure of unknown biomolecules [422–424], and it has been used

as an antimicrobial resistance detection tool in the clinic [425]. However, the usefulness

of MALDI-TOF as a data source for machine learning AMR detection has only recently

garnered interest in research [426–428]. These studies have mainly focused on creating

models for specific combinations of antimicrobials and pathogens.

Many state-of-the-art (SOTA) tools such as CARD-RGI [429], AMRFinder [430],

and SARGFAM [431] use variants of alignment-based methods like BLAST [432].

More recently, deep learning-based techniques have shown SOTA performance. Using

similarity features to compare the query sequence to existing antimicrobial resistance

gene (ARG) databases, DeepARG [433] was developed by building on a multi-layer

perceptron model. Li et al. [434] proposed a multitask deep learning framework called

HMD-ARG that first predicts whether the input sequence is an ARG and then predicts

the resistant antimicrobial family, resistance mechanism, and gene mobility. Many

published studies used pathogens such as Staphylococcus aureus and the β-lactam

antimicrobial family [435–437]. Other relevant clinical pathogens, such as quinolones

and macrolides, were studied in [438, 439]. Feucherolles et al. [421] showed that

MALDI-TOF MS combined with ML provides a useful tool for AMR screening in the

case of C. coli and C. jejuni.
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Fig. 5.1 Description of antimicrobial resistance prediction tasks. The dataset
consists of MALDI-TOF mass spectra for bacterial samples of hospital patients treated
for infection. For each sample, a set of compounds c1, c2, c3 is annotated as inducing
a sensitive or resistant outcome in the bacterial sample (left panel). From this data,
we construct two new tasks extending the previous setting (middle panel) where each
compound gives rise to a single binary classification task of resistance versus sensitivity
for a given spectrum s. In this work, we introduce two tasks (right panel), which are
to predict resistance given a drug-spectrum pair and to recommend antimicrobials for
a given observed spectrum.

In 2022, Weis et al. [440] developed a large (over 700,000 resistance labels and

300,000 MALDI-TOF spectra) Database of Resistance Information on Antimicrobials

and MALDI-TOF Mass Spectra (DRIAMS) and utilized ML models to predict the

resistance of significant pathogens like Staphylococcus aureus, Escherichia coli, and

Klebsiella pneumoniae. The study concluded that focusing on predicting resistance for

specific species-drug pairs improved classifier accuracy, likely due to the complexity of

resistance mechanisms.

Drug recommendation is another ML application that has been gaining significant

interest, particularly in cancer research. Various solutions have emerged, including

Kernelized Bayesian Multi-Task Learning [441], which learns the relationships between

different drugs during training. This algorithm, along with random forest, was the

best-performing approach in a challenge-based competition on a breast cancer dataset

[442]. Another promising approach is Kernelized Rank Learning [443], which focuses on

providing a ranked list of drugs instead of exact sensitivity values and was specifically

designed to handle sparse training datasets. Along these lines, recommendation models

could assist in maintaining or enhancing infection coverage rates while employing fewer

broad-spectrum antimicrobials than current practices [444].
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Although previous works show promising results, the current SOTA AMR prediction

methods based on proteomics do not integrate multiple relevant data sources, such as

the chemical composition of antimicrobials alongside MALDI-TOF spectra obtained

from pathogenic samples. Instead, a separate model is trained for each antimicrobial

and pathogen species combination, limiting the potential for knowledge transfer,

generalizability to new drugs, and deciphering the underlying resistance mechanisms.

Developing such general-purpose models could enhance patient care in a robust and

highly adaptable way.

To address this problem, our work focuses on incorporating chemical data into

antimicrobial resistance prediction using mass spectrometry pathogen profiles (Figure

5.1). This learning framework has been successfully applied in predicting cell line

response to cancer drugs, with some models proving successful [445, 446]. We propose

several prediction and evaluation settings for antimicrobial resistance where chemical

information can be utilized and demonstrate increased prediction performance and

generalizability compared to single-drug models. Furthermore, we define direct drug

recommendation models to predict drugs with a high chance of sensitivity or resistance

for unseen spectra and thoroughly evaluate their feasibility and performance.

5.2 Methods

Using the DRIAMS dataset (Section 5.2.1) and molecular fingerprinting (Section 5.2.1),

we explore two major prediction settings which leverage chemical information: drug

recommendation (Section 5.2.2) and resistance prediction (Section 5.2.3). Through

these settings, we test whether chemical information can be used to improve resistance

prediction SOTA and propose new model development avenues. These workflows are

illustrated in Figure 5.1.

5.2.1 Dataset

MALDI-TOF mass spectra dataset

This study utilized the publicly accessible DRIAMS dataset [447], a comprehensive

resource comprising MALDI-TOF mass spectra obtained from hospital patients across

four Swiss diagnostic labs during the period spanning 2016 to 2018. The dataset

encompasses 303,195 mass spectra and 768,300 antimicrobial resistance labels, covering

803 different bacterial and fungal pathogen species. The dataset has been meticulously

organized into four distinct sub-collections, each representing different hospital sites.
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Each data point contains a mass spectrum from a patient sample, complemented

by annotations denoting its susceptibility or resistance to as many as 71 antimicro-

bials. In our analysis, we harnessed the 6000-dimensional binned mass spectra vector

representation, aligning with the methodology proposed by Weis et al. [440].

Chemical feature extraction

Molecular fingerprinting [448, 449] is a popular method for encoding chemical informa-

tion into numerical features for ML models. It represents a molecule as a series of bits

that encode the presence or absence of certain substructures. This technique captures

important information about the molecular structure, including topological, physio-

chemical, and structural properties. The use of molecular fingerprints is prevalent in

chemical informatics and drug discovery and has been shown to be effective in many

applications [450].

We tested three standard techniques, namely the Molecular ACCess Systems keys

(MACCS) [451] (166-bit keyset), the PubChem Fingerprints (PubChemFP) [452] (881-

bit long keys), and the 1024-bit long Morgan fingerprints [453]. We obtained the

fingerprints for the antimicrobial drugs in the DRIAMS dataset using RDKit [454]

and PubChemPy [455], two open-source Python packages. Certain treatments present

in the dataset consist of mixtures of compounds; since it is impossible to associate a

fingerprint representation in such cases, they have been excluded from our analysis.

5.2.2 Drug recommendation

We first examine the interaction between clinical proteomics and chemical features

through the task of drug recommendation. In the recommendation setting, a model

directly suggests a set or a ranking of potentially suitable drugs for a query spectrum.

To perform this search, we test various explicit and learned functions of spectrum and

chemical similarity for each query spectrum, returning n recommendations.

We evaluate the effectiveness of five personalized treatment recommendation methods

focusing on the impact of incorporating various levels of information into the drug

ranking process, including the pathogen species, spectra, and drug features:

1. Random baseline: randomly select k samples from the training set for a query

sample and return the drugs that most frequently elicited a sensitive reading

among the k samples.
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2. Baseline species: randomly select k samples from the training set which correspond

to the same pathogen species as the query, and again return the drug which most

frequently results as effective.

3. Spectrum similarity: given a similarity function between spectra, select the

k most similar spectra to the query. We test multiple measures of similarity

between spectra, namely cosine similarity, correlation, Euclidean, Manhattan

and Wasserstein distances.

4. Siamese networks: learn joint embeddings of the drugs and spectra and use

logistic regression (LR) on the embeddings to rank drugs for recommendations

based on the resulting probabilities. Siamese networks [456] contain two identical

subnetworks with shared weights and work in tandem on two input vectors

composed of the MALDI-TOF mass spectra and the chemical fingerprints to

minimize the difference between the actual and predicted similarity between pairs

of observations (Supplementary Figure B.3a).

5. ResMLP: train a classification multi-layer perceptron with residual skip-connections

[457] to predict the probability of resistance for drug-spectrum pairs. Each drug

is then ranked according to the predicted resistance likelihood. This model

uses skip-connections that provide a path for data to reach deeper layers in

the network by skipping some layers (Supplementary Figure B.3b), generally

improving the training procedure. To account for the different number of features

in the MALDI-TOF mass spectrum and the chemical fingerprint, the model

first projects each to the same dimension before concatenating the two vector

representations and using them as input for the feed-forward network.

We test multiple values of k ∈ {1, ...100} and study their impact on performance

to determine the optimal threshold. Then, we use majority voting: among the drugs

with known response values for the test sample, we recommend the drug that results

most often sensitive across the chosen k samples. If multiple drugs have the highest

occurrence, we select all as recommended treatments. If there are no common drugs

between the drugs tested for a specific sample in the test and the drugs we recommend,

then we do not compute the performance.

Evaluation

The test set consists of a random selection of 20% of the samples and all associated

tested drugs to ensure that all observations related to a spectrum are in the same set.
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Additionally, we impose a constraint that each spectrum in the testing set must be

associated with at least one resistant and one sensitive outcome.

We conduct our recommendation analyses on the DRIAMS-B dataset, with the

training set containing 1907 pathogen samples and the test set containing 477 pathogen

samples, and report multiple measures to evaluate the performance of each approach

derived from the literature on information retrieval, namely precision P , precision at

cutoff n P@n, and the mean average precision at cutoff n mAP@n (additional details

in Supplementary Section B.4).

5.2.3 Generalized antimicrobial resistance prediction

In the resistance prediction task, each observation corresponds to a biological sample

and a drug to which it was exposed. The aim is to associate with each sample-drug

pair an outcome that estimates the likelihood of the sample being resistant to the drug.

The task can be formalized as learning a mapping f : X × C → [0, 1] where X

is the space of bacterial samples and C is the space of chemical compounds. Each

biological sample is represented by the measured MALDI-TOF spectrum, while the

chosen molecular fingerprints represent the antimicrobial drugs. With this formalism,

we model the output f(xi, cj) as the probability that the sample corresponding to

the mass spectrum xi is resistant to the antimicrobial drug represented by cj. This

formalism generalizes the original prediction setting introduced in [440], which learns

one predictor for each compound and only uses the spectrum as input.

We compared three machine-learning-based approaches to model the resistance

prediction function:

1. Baseline: principal component analysis (PCA) with LR. As the dimensions of

the mass spectra and the chemical fingerprints are of different scales, applying

PCA projects them to lower and comparable dimensions while preserving 95% of

the variance of the original variables. These embeddings were then concatenated

and used as input for the LR model.

2. Siamese networks: similarly to the drug recommendation case, we use the learnt

joint representations from the Siamese networks as input to LR to yield the

resistance predictions.

3. ResMLP: train a classification ResMLP to predict the probability of resistance

(we use the same configuration as the recommendation task; see Section 5.2.2).
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We designed three data splits to reflect different data-generating processes to examine

the prediction capabilities of the previously described machine learning models.

1. Random split: the observations in each DRIAMS dataset are randomly sampled

to create training, validation, and test sets with a partitioning of 70%, 10%, and

20%, respectively. This data split corresponds to the IID setting, where all the

sets are drawn from the same joint distribution.

2. Species-drug zero-shot split: the test set contains novel pairs of species and

drugs. Given the finite size of the datasets, we used a heuristic to randomly select

species-drug combinations that account for approximately 20% of the data and

ensured that the species s and the drug d are not present in any observations of

the training set. The remaining data is randomly split into training and validation

sets that contain approximately 70% and 10% of the dataset, respectively.

3. Drug zero-shot split: we hold out as a test set all the observations corresponding

to the target drug d and test how accurate the predicted resistances are for a

compound that the model has never seen in training.

We report three standard classification metrics for imbalanced data: area under

the precision-recall curve (AUPRC), balanced accuracy, and Matthews correlation

coefficient (MCC). To analyse the importance of chemical features in the AMR pre-

diction task, we employed SHAP [458], a framework rooted in game theory that is

among the most popular post-hoc interpretation methodologies (additional details in

Supplementary Section B.5).

5.2.4 Data and code availability

The DRIAMS dataset is publicly available online1. The code used to produce the

results presented in this work is available at https://github.com/BorgwardtLab/

MultimodalAMR.

5.3 Results

In this section, we ask whether (i) the drug recommendation setting using DRIAMS

contains useful and non-trivial spectrum-drug associations (Sections 5.3.1, 5.3.2,

5.3.5), and (ii) whether generalized AMR prediction models are comparable to SOTA

1https://datadryad.org/stash/dataset/doi:10.5061/dryad.bzkh1899q
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single-drug models and how they behave under different data-generating distributions

(Sections 5.3.3, 5.3.4).

5.3.1 Model-free approaches offer strong baselines for recom-

mending drugs

We first analyse the use of 3 model-free recommendation approaches to select drugs

suitable for treating clinical patients (Section 5.2.2). The random baseline, baseline

species, and spectrum similarity methodologies rely on similarities between a test

sample and samples from the training set. In these set-ups, we select the top-k similar

samples and recommend the drugs that result as effective most often in the selected

set.

For all three methods, the test precision quickly increases up to 15 ≤ k ≤ 30, then

stabilizing or showing small changes (Figure 5.2 (a)). Therefore, selecting a high k is

preferred over including only a few samples. Based on these results, in the following

analyses, we used k = 30.

The performance based on the random baseline set-up is the lowest among the three

methods. This indicates that the other two methods incorporate additional information

beyond recommending drugs based on the highest occurrence across samples. The

spectrum similarity approach led to comparable performance to the baseline species

method, suggesting that spectra similarity is insufficient to capture significant additional

information compared to the species. In the baseline species, the performance is only

computed when more than k available samples correspond to the same species in the

training set. This could introduce a bias when k increases if the number of species

in the training set is not random but can be accounted for by external variables or

properties. For instance, the performance could be deflated if the drug sensitivity is

more homogeneous for species that only appear a few times in the dataset.

We evaluated the effect of increasing the number of top similar samples on the number

of recommended drugs. Indeed, if multiple drugs have the same highest occurrence

across the top-similar samples, it leads to the recommendation of several drugs. We

found that as the number of samples used for the majority vote increases, the likelihood

of obtaining a ranking with no similar occurrence also increases (Supplementary Figure

B.1a). The baseline species set-up resulted in the highest number of recommendations

(ranging from 12 drugs with k = 1 to 2 drugs with k = 100) while the random baseline
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Fig. 5.2 Performance metrics for the recommendation task. (a) Recommen-
dation performance for the most frequently recommended drugs based on the top-k
similar samples, with 95% Confidence Intervals. The top-k most similar samples
to the new observation are selected; drugs are ranked according to the number of
similar samples sensitive to the drugs. The drug that exhibits the highest frequency of
sensitivity is identified. If multiple drugs show comparable sensitivity properties across
similar samples, we include them all. The precision obtained from these drugs for the
new sample is reported. Three approaches to assess the similarity between samples
are compared: random, baseline species option 1, and spectrum similarity (details in
Section 5.2.2). Precision (b) and mean average precision (c) at multiple cut-offs n
across all samples in the test set for the different recommendation methods. For the
random baseline, baseline species, and spectrum similarity option 1 approaches, the
number of top neighbours k is set to 30. In the spectrum similarity option 2 set-up, k
is the maximum number of samples available in the training set that correspond to the
same species that the sample investigated in the testing set. The dashed lines in (b)
and (c) represent recommendations that aim to assign high ranks to drugs to which
the sample is sensitive, while the continuous lines aim to rank the drugs to which the
sample is resistant.

set-up had the lowest number of recommendations (ranging from 6 drugs with k = 1

to 1 drug with k = 100).

5.3.2 Beyond sensitivity: the challenge of targeting resistance

in drug recommendation systems

After examining the model-free baselines, we tested their performance against the

Siamese network and ResMLP models by producing ranked recommendations. The

recommendations targeted both sensitivity and resistance. They were evaluated with

precision at cutoff n and the mean average precision at cutoff n. In this context,

sensitivity and resistance refer to the pathogen’s response to the effects of a drug, either
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by being susceptible to its therapeutic action or by having mechanisms to withstand

its impact.

Fig 5.2b illustrates the precision at cut-offs 1 to 5 for both sensitivity and resistance.

For the baseline species set-up, we also consider the additional option of setting k to

the maximum number of samples available in the training set that correspond to the

same species that the sample investigated in the testing set (baseline species option

2). With this approach, k changes from one test sample to another. In the sensitivity

recommendation setting, the performance of the random baseline is again the lowest,

with the other methods yielding comparable performance. The spectrum similarity

approach already achieves a very high mean precision (0.97).

Overall, integrating drug fingerprints in the models produced results similar to those

from the baseline species approaches for the recommendation task. A limitation of the

approaches based on the top-k neighbours (including the baseline species set-up) is

that we cannot evaluate the precision for drugs not tested in the top-k neighbours. The

precision decreases when the drug cut-off increases for all methods in the resistance

setting. This is likely due to the low numbers of drugs to which samples in the testing

set are resistant (3.2 on average versus 12.3 for sensitivity).

In general, the precision at cut-offs 1 to 5 of the drug sensitivity recommendation

(dashed lines) is overall higher than the corresponding precision for the drug resistance

recommendation. However, this could be due to the metric used to evaluate the

recommendation system. Indeed, the resistance precision at cut-off n may decrease

due to the test sample being resistant to very few drugs.

To address this, we also evaluated the truncated version of precision at cut-off

n (Supplementary Figure B.2), confirming that resistance is more challenging than

sensitivity as a recommendation target.

Finally, we determined the mean average precision at cutoff n, which considers

not only the number of correct predictions but also the associated ranking (Figure

5.2c). For the identification of the sensitivity, the random baseline and random baseline

option 1 still lead to the lowest performance. The other methods give very close results.

However, for the identification of the resistance, from cutoff n = 2, the ResMLP

model performs better than all the other approaches. Hence, while most approaches

are able to recommend a sufficient number of sensitive drugs, the ResMLP model

demonstrates greater consistency in identifying the most resistant drugs, leading to

the highest mAP@n overall. This result highlights the value of using the ResMLP
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model and, more generally, the inclusion of the drug chemical features in the resistance

prediction task. Overall, Figures 5.2b, 5.2c, and Supplementary Figure B.2 show that

precise drug recommendation offers promising opportunities but also highlights the

complexity of the task. These analyses motivate further research on the methodological

developments of MALDI-TOF mass spectra and drug molecular fingerprinting for

antimicrobial recommendation.

5.3.3 Joint modelling of chemical and proteomics information

subsumes single-species single-drug classifiers

To evaluate the effectiveness of joint multimodal learning, we compared our deep

learning model to the more restricted machine learning-based approaches proposed in

[440] where a single model is trained for each drug-species combination.

We selected the same drug-species combinations described in the paper, and we

present here 3 of them. The full set of the drug-pathogens combinations showcased in

Figure 2 of [440] can be found in the Appendix B (Supplementary Figures B.4 and

B.5). We specifically focus on a marker for methicillin-resistant Staphylococcus aureus

(MRSA) [459] by analysing resistance to Oxacillin, and a marker for resistance against

broad-spectrum beta-lactam antibiotics by examining the resistance of Escherichia coli

and Klebsiella pneumoniae samples to Ceftriaxone.

We adopted a 5-fold validation scheme to estimate the test performance using

the area under the receiver operating characteristic curve (AUROC) and AUPRC as

metrics. For each combination, the target samples are held out from the DRIAMS

A set and split into 5 folds. A ResMLP is trained on all the remaining DRIAMS A

samples that do not include the target spectra to obtain a pre-trained network, using

the configuration described in Supplementary Section B.3. Finally, each of the 5 test

splits is selected as target, and the remaining 4 splits for the target combination are

used to fine-tune the last 2 layers of the model with a reduced learning rate before

outputting the predictions for the test fold.

In addition to this fine-tuned model, we also trained a ResMLP by including in the

pre-training phase samples corresponding to the target spectra, but in combination

with drugs other than the target drug. This effectively changes the prediction task to

be closer to a few-shot learning setting, where some of the resistance labels for a target

spectrum are given, and we look to impute the resistance to the target drug.
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The results of these experiments are shown in Figure 5.3, where the fine-tuned

ResMLP model displays performance comparable or slightly improved compared to

the baseline model. Interestingly, the extended setting in which the model learns from

the additional resistance labels shows considerably better results, highlighting how

effective this transfer of information is. This result is expected, as the DRIAMS A

dataset contains samples for antibiotics with related modes of action (such as Cefepime

and Ampicillin for the beta-lactam antibiotics). To corroborate this observation, we

can highlight how beta-lactam antibiotics constitute a sizable portion of the DRIAMS

A dataset (∼ 23% of observations), and there is no lack of samples for which multiple

resistance outcomes are available, hence the large improvement for Oxacillin and

Ceftriaxone. In contrast, fusidic acid is a drug that inhibits the bacterial elongation

factor G (EF-G) during protein synthesis; no other drug with the same mode of action

is present in the DRIAMS A dataset, which is likely a determining factor for the

poor predictive performance and basically non-existent improvements for the ResMLP

model on the prediction of resistance to fusidic acid in Staphylococcus aureus samples

(Supplementary Figures B.4 and B.5).

This large improvement based on the added pre-training data suggests that more

research is needed to examine the effects of data availability on the predictive power

of the model, which can further direct data collection efforts. Additionally, it is not

uncommon for infections to reoccur in the same individual; in this case, access to the

clinical history of the patient can provide valuable information that has been shown to

be relevant in certain cases [460].

Overall, the multimodal ResMLP architecture displays comparable or often slightly

better performance than the single-species single-drug baselines (Supplementary Figures

B.4 and B.5), while enabling the use of the model for additional tasks such as drug

recommendation (Section 5.3.2).

5.3.4 Deep learning enables accurate predictions of antimicro-

bial resistance in the IID setting

The performance of AMR prediction models can vary significantly depending on the

data-generating process of the target prediction task.

We performed a set of experiments to analyse the predictive performance of our

models in the three data splits described in the Methods section. The random,

species-drug zero-shot, and drugs zero-shot splits correspond to the IID setting, the
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Fig. 5.3 Comparison with the LightGBM baseline model from [440] for
three significant drug-species combinations. On this subset, the ResMLP model
performs comparably to the original baseline, with the fine-tuned ResMLP offering
some performance advantages on average. With a model that has access to other
resistance labels for the target spectra, the performance improves by a large margin.
This is most likely due to the presence of other antimicrobials with similar mode of
action in the training set. Numerical values of AUROC and AUPRC are reported
from the average performance over 5 train-test splits for the target drug-pathogen
combination.
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Table 5.1 Direct AMR prediction results with multi-drug models on the
DRIAMS B dataset. The average metrics are reported together with their standard
deviation that is obtained by repeating the analysis over multiple randomization seeds
for the random and species-drug zero-shot splits, and for each held-out drug in the
drug zero-shot split. In bold, we highlighted the best average metric across models for
a specific split.

Split type Model
Cross-validation performance

score - mean (SD)
AUPRC Bal. accuracy MCC

Random PCA + LR 0.64 (0.02) 0.705 (0.007) 0.51 (0.02)
Siamese + LR 0.49 (0.01) 0.76 (0.01) 0.53 (0.02)
Sp-ResMLP 0.35 (0.04) 0.59 (0.03) 0.21 (0.05)
ResMLP 0.87 (0.02) 0.90 (0.01) 0.79 (0.02)

Species-drug
zero-shot

PCA + LR 0.44 (0.04) 0.63 (0.02) 0.30 (0.04)
Siamese + LR 0.42 (0.01) 0.664 (0.004) 0.40 (0.01)
Sp-ResMLP 0.52 (0.04) 0.62 (0.02) 0.30 (0.04)
ResMLP 0.54 (0.04) 0.70 (0.02) 0.39 (0.03)

Drug zero-shot PCA + LR 0.33 (0.25) 0.57 (0.12) 0.12 (0.16)
Siamese + LR 0.18 (0.16) 0.52 (0.05) 0.08 (0.14)
Sp-ResMLP 0.17 (0.16) 0.50 (0.12) 0.01 (0.17)
ResMLP 0.47 (0.31) 0.71 (0.15) 0.35 (0.28)

generalization to novel species-drug combination, and the generalization to new drugs,

respectively.

The best results obtained by each model, shown in Table 5.1 for the dataset DRIAMS

B and in Supplementary Table B.2 for all collection sites, reveal several interesting

aspects of the AMR resistance prediction task. The IID setting of the random split

allows the models to produce the best possible results, while the out-of-distribution

splits pose a considerable challenge for obtaining accurate predictions.

The ResMLP model outperformed the other approaches in several prediction settings

by significant margins. This model represents the largest of the methods tested, with

∼ 8.9M trainable parameters in the final configuration adopted, and required a much

higher computational cost with training that included up to several hundred epochs of

optimization (with a certain amount of variability due to the use of early stopping).

This result suggests that the AMR prediction task may benefit from using large-scale

deep learning models, whose success is predicated on collecting large quantities of data.
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The species-drug zero-shot split leads to a noticeable degradation in performance for

all models except the ablation experiment Sp-ResMLP (Section 5.3.5), suggesting that

training the model on data that captures the interaction between specific pathogenic

samples and antimicrobial drugs is crucial to leverage the information contained in the

MALDI-TOF spectra.

The drug zero-shot prediction task was a difficult challenge for all models, as

indicated by the large standard deviations in the measured metrics (Table 5.1). The

high variability in performance can be attributed in part to the heterogeneous test

splits for this task. Unlike the other two test settings, where the overall class balance

from the dataset can be maintained with stratified splits, the class imbalance in the test

set can vary significantly depending on the held-out target drug (see Supplementary

Figure B.7). Additionally, we speculated that the test performance for a held-out

drug could depend on its similarity to the remaining compounds in the training set.

However, further analysis in this direction failed to reveal any direct correlation (see

Supplementary Figure B.1).

The full set of plots showcasing the test AUPRC in the drug zero-shot split is

available in Supplementary Figure B.9.

5.3.5 Ablation experiments and feature importance show the

value of combining MALDI-TOF spectra with chemical

features

We evaluated various configurations and design options for each model. These included

early integration of the MALDI-TOF and chemical fingerprint, dimensionality reduction

with a single PCA projection, and the use of different chemical fingerprints and classifiers

for the PCA and Siamese methods. However, none of these design choices yielded

results that surpassed those of the deep-learning-based ResMLP model.

To determine the value added by the MALDI-TOF spectra in predicting AMR

compared to considering only the species of the bacterial samples, we trained a ResMLP

model by replacing the input of the MALDI-TOF spectra with a simple 1-hot encoding

of the species. The results, as shown in Table 5.1 under the label Sp-ResMLP, indicated

a significant decline in performance in most test scenarios.

During our experimentation, we tested the use of different molecular fingerprinting

methods. The use of feature importance analysis revealed the value of using chemical
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fingerprinting methods. However, no specific fingerprint class emerged as consistently

superior to the others (Supplementary Table B.3, Supplementary Figure B.8). Where

it is not otherwise specified, we made use of the 1024-dimensional Morgan fingerprints

(also known as ECFP4), which we chose since it is one of the most popular molecular

representations used for small molecule screening, which has demonstrated robust

performance in several tasks.

Finally, we utilized SHAP values [458] to quantify the contributions of the sets

of spectral and chemical features for AMR in a ResMLP model trained using the

MACCS chemical fingerprints. Analysing the feature importance grouped by data type

(Supplementary Figure B.10) and the most important features (Supplementary Figure

B.11) showed that both the spectrum and fingerprint features played an important

role in the final prediction, corroborating our design choices.

Mapping back the highlighted features to the input MACCS fingerprints uncovered

intriguing patterns related to well-known AMR mechanisms [461–463]. Specifically,

our findings demonstrated that, for beta-lactam antimicrobials, the beta-lactam ring

was a critical feature, especially in penicillins. The top features of aminoglycoside

antimicrobials included amine or alcohol groups from sugar rings. Chloramphenicol

and macrolide antimicrobials also displayed significant chemical features that align

with known resistance mechanisms. These insights may inform the design of novel

antimicrobials with improved resistance profiles. A visual representation of these

findings can be seen in Figure 5.4, where antimicrobial structures are displayed with

highlighted atoms corresponding to the discussed chemical features.

5.4 Discussion

This study explored the integration of chemical and proteomics data to predict antimi-

crobial resistance outcomes. By employing deep learning models, we examined the

benefits of combining patient MALDI-TOF mass spectra with chemical fingerprints,

which can be collected in a time-sensitive manner, making it highly relevant for various

clinical applications. Our results indicate that combining information from multiple

drugs and species outperforms baseline methods and demonstrates the potential of

transferring chemical knowledge to improve antimicrobial resistance predictions. More-

over, we showed the potential for generalizability of our approach by incorporating

drug information and evaluating its effectiveness on unseen compounds.
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Fig. 5.4 Chemical structures of representative drugs in four common an-
tibiotic families. The beta-lactam ring in Penicillin (highlighted in red) is a key
structural feature in beta-lactam antibiotics such as Penicillin, where resistance is
frequently conferred by beta-lactamase enzymes, which hydrolyse the amide bond, ren-
dering the antibiotic inactive. The beta-lactam ring ranks among the first in the SHAP
feature importance analyses presented in this paper for most Penicillin antibiotics (such
as Amoxicillin, Oxacillin, Ampicillin and Benzylpenicillin). Interestingly, antibiotics
that are not susceptible to beta-lactamases (such as Cefepime and Aztreoman) do
not follow this trend. Gentamicin is an aminoglycoside antibiotic, as are Amikacin
and Tobramycin. Although other resistance mechanisms involving these drugs have
been reported, by far the most prevalent involve aminoglycoside-modifying enzymes
that target the glycoside rings and their aglycone components, which matches the
top-ranked features by the provided SHAP analysis (highlighted in red). Chloram-
phenicol encounters high-level bacterial resistance due to the enzyme chloramphenicol
acetyltransferase. This enzyme mediates the transfer of an acetyl group from acetyl
CoA to the primary hydroxyl group within the chloramphenicol molecule, which ranks
as the top chemical feature in the provided SHAP analysis. Erythromycin is a
macrolide (like Azithromycin), a family of antibiotics where drug modification is also
the prevalent resistance mechanism in place. Among others, hydrolysation of the ester
group by esterases in particular acts in the ester group next to the atoms highlighted
in red (which rank first in the provided feature importance analysis for both mentioned
macrolide antibiotics).
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The use of deep learning in antimicrobial resistance prediction is not new. In

contrast to other methods that require genetic sequencing [433], we rely on publicly

available information on drug structure and on mass spectrometry data, which is

already a routine for species identification, preceding cell culture to identify the best

antimicrobial treatment [440]. We expect that this work will offer new insights to the

AMR community in the direction of unifying knowledge and eventually deciphering

the relationship between pathogen composition and chemical features of treatments.

Exploring further the idea of reasoning over chemical space for AMR prediction,

we proposed recommendation systems that can robustly predict drugs with a high

chance of sensitivity or resistance for unseen spectra. By reducing the application of

generic, non-specific medications in most cases, machine learning models could also

help prevent antimicrobial overuse.

Proteomics and genomics have both been used in AMR prediction [464, 427, 465, 421].

Proteomics, notably MALDI-TOF MS, offers a rapid and cost-effective diagnostic

method for infectious diseases in clinical settings. It provides almost real-time insights

into organism responses to antibiotics and functional information, aiding in tracking

adaptive responses and discovering resistance mechanisms. Genomics, on the other

hand, provides stable DNA data for consistent comparisons and identifies intrinsic

resistance mechanisms like gene mutations. Molecular diagnostics like PCR swiftly

detect resistance genes, but often target single genes and lack comprehensive insight

into non-genetically mediated resistance mechanisms.

Although our primary focus is on the application of MLPs in AMR prediction, there

is also potential in multi-label classification approaches [466]. For instance, ensemble

methods [467] could offer a promising avenue for further investigation. Moreover, the

astonishing progress in graph neural networks [468] makes it attractive to represent

compounds as attribute-rich networks, and representation learning attempts have

already shown that these approaches can successfully generate molecules with specific

properties [469]. A follow-up in this direction could help increase performance even

further by representing drugs more efficiently. As data collection efforts grow across

multiple sites worldwide, the prospect of training large-scale representation learning

models, akin to foundation models [86], for AMR prediction appears increasingly

attainable. Additionally, evaluating the cross-site generalizability of our models is

paramount to ensure the robustness and applicability of our findings across diverse

healthcare settings, ultimately enhancing the potential impact of our research.
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Nonetheless, our approach represents a novel and more flexible development over

the previous state-of-the-art. It constitutes a step towards building technologies that

can leverage as much information as possible from different relevant modalities. This

advancement holds the promise of enhancing patient care through more precise and

adaptable predictive tools.



Chapter 6

Conclusions

6.1 Summary and discussion

The transformative potential of machine learning applied to biomedicine is a key

driver of novel developments and opens up unprecedented opportunities for decoding

biological mechanisms and improving clinical care. Different interests come into play

in a complex picture that raises crucial challenges to ensure that this research benefits

all parties involved.

The focus of this thesis was the analysis of the technical hurdles in enabling

biomedical machine learning models to perform well outside the training distribution.

The task of generalizing to new domains or data-generating distributions is a crucial part

of ML research (Chapter 2); while machine learning—and deep learning in particular—

performs incredibly well in the IID regime, difficulties arise when the test setting differs

significantly from the training data (Section 2.1). Within the biomedical field, this

issue is especially relevant: the variety and frequency of biases in the processes to

gather and analyse biomedical data inject spurious correlations and confounding biases

that obfuscate the underlying biological mechanisms (Section 3.2).

So the fundamental question at the heart of this thesis arises: how do we train

biomedical ML models to generalize outside the training distribution, and in doing

so, achieve personalized or fine-grained predictions that enable precision medicine?

Understanding the sources of bias and accounting for them in the development of ML

models is vital for achieving the best possible outcome when translating the results of

ML research into practical applications.
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To this end, this thesis examined various paradigms that have been developed over

the years to correct for data shifts, transfer knowledge, or learn representations that

are less affected by domain changes (Section 2.6). These methodologies, in particular

transfer learning and zero-shot learning, played a central role in the two projects

presented in Chapters 4 and 5.

The TL scheme adopted with the eDICE model, for example, enabled the pre-trained

model to learn representations for all the tissues available for the training individual;

with the added fine-tuning step, the model was able to impute individual-specific peaks

(Section 4.2.4), a first case study for the application of deep learning to personalized

epigenomics.

The zero-shot learning prediction tasks designed to test the ResMLP model, on the

other hand, allowed us to delve into the workings of the ResMLP model developed

to predict resistance to antimicrobials from MALDI-TOF spectra (Chapter 5). A

careful combination of ablation experiments and tests of the model under different data-

generating distributions revealed several insights that can guide the future developments

of this approach, ranging from the inclusion of the patient’s clinical history, which has

already been shown to be relevant for certain infections [460], to the need for more

informative representations for chemical compounds.

Overall, generalization approaches are a key piece of biomedical machine learning

(as the two projects presented demonstrated), and it needs to be front and centre in the

priorities of the research community. Increasing the reliability and robustness of ML

models, excluding biases from the data, and carefully combining computational results

with domain knowledge will be necessary for facilitating the translation of machine

learning into real-world results in biology and healthcare.

It is important to remark, however, that the technical aspects of robustness and

generalization are only one piece of the puzzle in the development of biomedical machine

learning. Some of the additional challenges that we need to consider are social in

nature, and speak of our relationship with automated systems. Given what is at stake

in the clinical setting, how do we know that we can trust the predictions of some

cutting-edge algorithm? Building such trust is a daunting exercise in good validation

practices, the use of explainable machine learning techniques, and clear communication

that can involve all the stakeholders to clarify the nuances of the matter. Explaining

and justifying the workings of a model has become increasingly important in the

biomedical field [192], and it is likely that this trend will continue; ultimately, a robust
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explanation of a machine learning model can be significantly more convincing than

a direct quantitative evaluation, and it can be communicated far more effectively to

policymakers and clinicians. Obtaining such a robust explanation is, of course, an

extremely complex undertaking.

When interpretability is not an option, it may be sufficient to perform extensive

validation of the models to offer convincing evidence for its translation into practice.

Part of this thesis explored why validation is such a challenge in the current landscape of

biomedical machine learning research (Section 3.3). With the considerable constraints

on gathering and sharing many types of biomedical data, external validation is adopted

in a small minority of the biomedical ML publications, despite being the most robust

form of evaluation.

The necessity of demonstrating the performance of a model and engendering trust

in its robustness is deeply linked to regulatory and socioeconomic factors that must

be addressed for the fruitful translation of biomedical ML to the clinical practice.

Such factors include the protection of privacy [470], legal liability [471], regulatory

approval by the relevant organizations [472], fairness [473], and building trust through

transparency with all the relevant parties [474].

Overcoming the challenges presented will require a convergence of efforts, ranging

from the development of best practices for in silico validation, to the improvement of

international collaborations that are the source of many large-scale databases which

play a crucial role in biomedical ML.

6.2 Key contributions and limitations

The main research contributions presented in this thesis constitute Chapters 4 and 5.

The remaining parts of the thesis aim to present a high-level picture of the challenges

involved both on the side of machine learning and the biomedical domain.

6.2.1 Epigenomic imputation

In Chapter 4, I presented the development and extensive validation of the eDICE

model. Within the broad context of the Roadmap reference epigenomes, eDICE proved

remarkably successful, learning contextualized representations of epigenomic data and

outperforming competitors on most measures. The use of self-attention blocks enabled

the models to include interactions between tissues and between epigenetic modifications,
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which allowed eDICE to produce high-quality imputations for unperformed assay even

with a reduced amount of training data. The case study on the EN-TEx dataset explored

how transfer learning can be used for the imputation of individual-specific peaks; by

having the model learn a representation for all tissues from a source patient, we can

perform zero-shot predictions on a target tissue for a target patient outperforming

model-free baselines. To the best of my knowledge, this is the first application of deep

learning to personalized epigenomics, a novel research direction that is sure to see

increased interest in the coming years.

The experiments performed with eDICE present obvious limitations, which relate

mostly to the quantity and quality of data available. For starters, the aggregation of

epigenomic measurements in the Roadmap and ENCODE datasets aims to reconstruct

a reference landscape of the human epigenome, akin to the reference human genomes to

which DNA sequences are mapped. However, epigenetic marks are affected by various

factors, including the genetics of the donor, their age, environmental exposure, and

other hereditary factors. As such, a proper picture of the human epigenome would

need to rely on more robust sets of experiments that explicitly account for all these

additional factors. In this sense, the EN-TEx dataset is actually a more consistent set

of measurements, given the numerous samples taken from each donor; however, the

fact that it only includes four individuals is a strong limitation on the robustness of

the conclusions that we can obtain.

Such limitations are expected when analysing biological mechanisms of such exquisite

complexity as the epigenetic regulation of the genome. Large-scale efforts to gather

epigenetic data have started only around 2003 [475, 232], with the technologies involved

undergoing considerable improvements over the two decades passed since then. I expect

that the issues caused by limited data will be overcome in time, with collaborative

efforts to gather additional data to train even better models.

6.2.2 Antimicrobial resistance prediction

The analysis presented in Chapter 5 provides a strong argument for the continued

exploration of MALDI-TOF spectrometry for the timely prediction of antimicrobial

resistance. MALDI-TOF spectrometry has many appealing qualities, as experiments

with this technology are cost-effective and scalable. Additionally, MALDI-TOF spec-

trometry has seen considerable growth in its use for pathogen identification [476–478],

meaning that the instruments to perform this type of mass spectrometry are already

available in many clinical settings. Most important of all is the fact that obtaining
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information on the proteomic content of a pathogen through mass spectrometry is

considerably faster than alternative workflows that include genetic analyses.

My colleagues and I have demonstrated how joint multimodal learning over chemical

features and mass spectra enables the use of machine learning to recommend effective

drugs, a task in which the proposed ResMLP model shows promising performance.

The extensive analysis of how different data-generating processes affect our models,

paired with ablation experiments and explainability techniques, offered insights into

the challenges faced by our models in different generalization setups. Such insights can

be leveraged to improve the model architecture in future iterations, and to guide data

collection efforts to obtain highly informative samples for improving machine learning

approaches for AMR prediction.

All the aforementioned advantages of MALDI-TOF spectrometry, however, come

at the cost of the quality of the information that can be obtained on a pathogenic

sample. A MALDI-TOF spectrum carries information about the proteins and peptides

contained in the sample; however, this information comes in the form of a histogram of

the mass-to-charge ratio of these biomolecules. As such, we obtain a “low-resolution”

picture of the proteomics content of the pathogen, which cannot cover all the relevant

information.

This limitation, in turn, means that a MALDI-TOF spectrum is suitable to recognize

only certain pathways of resistance, as the wide array of resistance mechanisms includes

complex processes that can have different effects on the proteome of the pathogen

[479, 480]. Some resistance mechanisms, such as changes in the activity of beta-

lactamases, can produce a clear signal in the mass spectra [481], and are particularly

suitable for MALDI-TOF detection. Other mechanisms might not affect significantly

the mass profile of the proteome of the pathogen, and therefore they might be difficult to

identify through MALDI-TOF spectrometry; for example, upregulation of efflux pumps

is not generally detectable in MALDI-TOF spectrometry [482], and the modification

of the target sites of antibiotics [483] might lead to subtle changes that do not affect

the mass of an enzyme but severely impact the effectiveness of the drug.

Aside from these intrinsic limitations of the methodology, our study focused on

certain aspects of the prediction of antimicrobial resistance (such as the recommendation

of effective drugs, or the impact of different data-generating processes), while other

avenues of research were not yet analysed. Primarily the analysis of the generalization

performance between different collection sites, or the aggregations of the separate
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datasets into a cohesive whole, have not yet been examined with the required attention.

Additionally, we relied on a relatively simplistic encoding of antimicrobial drugs by using

molecular fingerprints. Foundation models for learning rich representations of chemical

compounds are becoming increasingly available, and open up new opportunities to

improve the effectiveness of models such as the ResMLP. These promising research

directions are currently being explored.

Overall, MALDI-TOF spectrometry appears to be a valuable tool to combat the

growing issue of antimicrobial resistance. While it cannot offer a comprehensive

solution on its own, I expect that the integration of MALDI-TOF spectrometry

into multimodal systems can be a key contributor to developing robust solutions for

combatting antimicrobial resistance.

6.3 Personal reflections

When I started my Ph.D., the field of machine learning was well on its way to showing

great potential. Starting from the early successes of models such as SVMs and LSTMs

just three decades ago, machine learning models begun to show a glimpse of just how

powerful the modelization of data could be to solve very different problems. Afterwards,

with the rise of deep learning (starting from AlexNet and VAEs, to GANs, AlphaGo,

and BERT), there was an expectation that machine learning would really be the

innovative paradigm that could fully leverage our technological advancements.

It was with high expectations, then, that I walked through the doors of the Max-

Planck Institute on the 1st of December 2019, ready to make my mark. However,

even my excitement in joining the machine learning research community could not

predict the pace of developments that happened since. The advancements of models

like AlphaFold, CLIP, and GPT have transformed the landscape of research during my

doctoral studies, opening up unprecedented opportunities and raising critical challenges.

My motivation to work on biomedical research using machine learning led me to

glimpse the sheer possibilities at hand: just what could we achieve, if we learn to

precisely model the most complex diseases, if we could perfectly tailor therapies to

each individual, if we could decode the biological machinery of the cell? The more I

learned about the biological sciences and their stunning complexity, however, the more

I felt lost in Borges’ Library of Babel, a world of uncountable possibilities where only a

few make sense. As the author writes: “The certitude that some shelf in some hexagon

held precious books and that these precious books were inaccessible, seemed almost
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intolerable.” Similarly, in biological systems, the vastness of the space of possible states

seems like an insurmountable challenge. For instance, there is an inconceivable number

of possible sequences of amino acids, some of which represent revolutionary drugs that

may completely alter our lives; among the countless variations of the human genome,

some can explain the mechanisms of certain diseases.

The ever-accelerating development of machine learning might just provide some

of the tools we need to navigate the uncountable configurations of molecular biology;

perhaps, through it, we will be able to find some of the “meaningful books,” which

will take the form of an RNA sequence that prevents a terrible infectious disease, a

chemical formula that enables cheap and equitable access to effective medications, or

maybe a biomarker that can be screened for to prevent enormous suffering.

With the current pace of progress in machine learning, it is difficult to predict just

how successful the endeavours of biomedical AI will be, but I have become increasingly

optimistic in this regard. At the same time, I realized first-hand the challenges involved,

which made me appreciate even more the complex ecosystem that supports these

advancements.

In biology—and healthcare in particular—collaborative efforts to gather and process

data are absolutely vital to enabling any kind of advanced machine learning. When

I also considered the multidisciplinary interactions needed between domain experts

and machine learning researchers, I came to realize just how much the progress of

biomedical machine learning is dependent on collaboration. I have high expectations

for the progress that we can make in biomedicine through the use of machine learning;

however, it is just as important that we face all the challenges involved, and we

do not ignore that research is ultimately conducted by humans. We need to foster

collaboration, encourage open research and good scientific practice, ensure equitable

access to the fruits of these developments, and demand fairness in the socioeconomic

impacts of machine learning. It will require considerable efforts from all of us, but only

in this way we can try to realize the lofty promises of AI for a better future.

I look forward to being surprised again and again.
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A.1 Supplementary figures

Fig. A.1 Roadmap data split. The data matrix shows which tracks from the
Roadmap consortium were part of the training (blue), validation (orange) and test
(green) sets.
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Fig. A.3 Best model for each test track. This heatmap displays the model that
achieves the best performance for each assay-cell type combination in the test set, split
by metric.
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individual test track, whose coordinates are given by the metric of the plot for the
baseline and eDICE. The percentage in the top-left corner of each plot indicates the
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Fig. A.6 eDICE vs Avocado - individual test tracks. Scatter plots for the
comparison of the performance of eDICE against Avocado for each individual test track
on a subset of the evaluation metrics metric.
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ChromImpute - Assay-level Performance

Fig. A.7 ChromImpute performance on the Roadmap test set. Track level
performance of the imputations divided by assay for ChromImpute on the 203 test
tracks from the Roadmap dataset.
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PREDICTD - Assay-level Performance

Fig. A.8 PREDICTD performance on the Roadmap test set. Track level
performance of the imputations divided by assay for PREDICTD on the 203 test tracks
from the Roadmap dataset.
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Avocado - Assay-level Performance

Fig. A.9 Avocado performance on the Roadmap test set. Track level performance
of the imputations divided by assay for Avocado on the 203 test tracks from the
Roadmap dataset.
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Fig. A.14 The attention weights shift with different patterns in functional
regions of the genome. Differential percentage of attention that the 4 attention
heads dedicate to each assay over the annotated portions of chromosome 21.
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Fig. A.15 Summary of the attention shifts in the functional regions of the
genome. Visual summary of the attention shifts for each assay in annotated regions
of the genome.
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Fig. A.16 Summarized attention shifts for each transformer head. Visual
summary of the attention shifts for each attention head in annotated regions of the
genome.
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Fig. A.17 3D occupancy histogram - H3K27ac. 3D Histograms representing
between how many tissues and individuals each enriched bin is shared for H3K27ac
tracks in the EN-TEx dataset.
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Fig. A.18 3D occupancy histogram - H3K4me1. 3D Histograms representing
between how many tissues and individuals each enriched bin is shared for H3K4me1
tracks in the EN-TEx dataset.
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Fig. A.19 3D occupancy histogram - H3K4me3. 3D Histograms representing
between how many tissues and individuals each enriched bin is shared for H3K4me3
tracks in the EN-TEx dataset.
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Fig. A.20 3D occupancy histogram - H3K9me3. 3D Histograms representing
between how many tissues and individuals each enriched bin is shared for H3K9me3
tracks in the EN-TEx dataset.
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Fig. A.21 3D occupancy histogram - H3K36me3. 3D Histograms representing
between how many tissues and individuals each enriched bin is shared for H3K36me3
tracks in the EN-TEx dataset.
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Fig. A.22 Differential analysis pipeline. Schematic of the steps performed to
compare peaks between two different cell types.
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Fig. A.23 Differential peak analysis pipeline comparing different imputation
methods. Only measurement samples were used to derive the consensus peakset:
(a) Correlation heatmap of the affinity scores for different methods and replicates
(b) Upset plot showing the size of set intersections of differentially enriched peaksets
among imputation methods (c) Venn diagram showing peaks that are detected as
differentially enriched between tissues using imputed and measured signals.
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A.2 Supplementary tables

Table A.1 Number of models and parameters per model required to make
genome-wide predictions on the selected Roadmap test set. While PREDICTD
and Avocado require several billion parameters for genome-wide prediction, eDICE
requires only 6 million to obtain competitive performance.

Model # models # parameters per model
ChromImpute 203 /
PREDICTD 8 ∼ 11.5 B

Avocado 1 ∼ 3.4 B
eDICE 1 ∼ 6 M
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Table A.2 Performance metrics for the imputation of the 203 test tracks
on chromosome 21. In bold, we highlighted the best performance for each metric.
For each performance metric, we checked whether any model other than the best one
failed to reject the null hypothesis of a shared mean in a two-sided paired t-test with a
significance level of 0.01 (N=203). No comparable performance was found.

Genome-Wide Reconstruction MACS vs Imp. Classification

GW Corr MSE Global AUPRC MACS AUROC MACS

AVG 0.563 ± 0.02 0.159 ± 0.008 0.45 ± 0.029 0.931 ± 0.006
Avocado 0.668 ± 0.022 0.108 ± 0.005 0.593 ± 0.033 0.956 ± 0.005
ChromImpute 0.697 ± 0.019 0.119 ± 0.005 0.625 ± 0.032 0.967 ± 0.004
PREDICTD 0.669 ± 0.02 0.106 ± 0.005 0.592 ± 0.032 0.96 ± 0.005
eDICE 0.735 ± 0.018 0.091 ± 0.005 0.651 ± 0.031 0.969 ± 0.004

Background Reconstruction Foreground Reconstruction

Bg Corr Bg MSE Fg Corr Fg MSE

AVG 0.311 ± 0.015 0.124 ± 0.005 0.467 ± 0.028 1.328 ± 0.097
Avocado 0.401 ± 0.016 0.073 ± 0.004 0.537 ± 0.03 1.283 ± 0.089
ChromImpute 0.455 ± 0.016 0.102 ± 0.004 0.571 ± 0.028 0.73 ± 0.057

PREDICTD 0.418 ± 0.016 0.074 ± 0.003 0.548 ± 0.029 1.189 ± 0.087
eDICE 0.503 ± 0.016 0.063 ± 0.003 0.614 ± 0.028 1.041 ± 0.082

Obs. MACS vs Imp. MACS Classification

F1 MACS MCC MACS Precision MACS Recall MACS

AVG 0.41 ± 0.024 0.415 ± 0.023 0.451 ± 0.027 0.451 ± 0.03
Avocado 0.45 ± 0.034 0.484 ± 0.031 0.744 ± 0.029 0.373 ± 0.033
ChromImpute 0.544 ± 0.027 0.554 ± 0.025 0.574 ± 0.029 0.603 ± 0.033

PREDICTD 0.453 ± 0.032 0.485 ± 0.029 0.739 ± 0.025 0.371 ± 0.031
eDICE 0.481 ± 0.034 0.52 ± 0.029 0.803 ± 0.023 0.392 ± 0.033
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Tissue Assay ENCDO845WKR (male 37 years old) ENCDO451RUA (male 54 years old) ENCDO793LXB (female 53 years old) ENCDO271OUW (female 51 years old)

ascending aorta

H3K27ac ENCFF472VCY ENCFF002VCM
H3K36me3 ENCFF529EEQ ENCFF602IDJ
H3K4me1 ENCFF971TZV ENCFF843GKY
H3K4me3 ENCFF229NZH ENCFF383JQQ
H3K9me3 ENCFF616UAG ENCFF644UVB

thoracic aorta

H3K27ac ENCFF652JBU ENCFF344YDV
H3K36me3 ENCFF700ZLW ENCFF556REM
H3K4me1 ENCFF141KEC ENCFF388BWY
H3K4me3 ENCFF327VEH ENCFF723SJI
H3K9me3 ENCFF221YER ENCFF198OYC

esophagus muscularis mucosa

H3K27ac ENCFF969PNR ENCFF437XOA ENCFF282WYM ENCFF707HDC
H3K36me3 ENCFF476ILL ENCFF567TNH ENCFF723KNC ENCFF861YVB
H3K4me1 ENCFF295FVH ENCFF478GEN ENCFF067DEH ENCFF877IZN
H3K4me3 ENCFF280VIW ENCFF979ERR ENCFF156BAJ ENCFF636QVZ
H3K9me3 ENCFF501FLV ENCFF380LRK ENCFF885KSL ENCFF729RCC

stomach

H3K27ac ENCFF440VXQ ENCFF241NFR ENCFF134NHD ENCFF140JKH
H3K36me3 ENCFF302OSD ENCFF414FQR ENCFF428LSW ENCFF441GAP
H3K4me1 ENCFF140RPG ENCFF034VHX ENCFF411ZSD ENCFF131UFO
H3K4me3 ENCFF175WCH ENCFF221JKN ENCFF309DCR ENCFF468UJW
H3K9me3 ENCFF285GPE ENCFF765FRJ ENCFF674DMF ENCFF554RBC

upper lobe of left lung

H3K27ac ENCFF204PWD ENCFF305XCG ENCFF071QUR ENCFF178DCM
H3K36me3 ENCFF549FDA ENCFF572VAG ENCFF267DPL ENCFF700BQU
H3K4me1 ENCFF076BNQ ENCFF614CUN ENCFF777AOP ENCFF344GZI
H3K4me3 ENCFF898DYH ENCFF526RLU ENCFF887IUV ENCFF578OBF
H3K9me3 ENCFF672QOH ENCFF583KBZ ENCFF076RRH ENCFF317KCA

sigmoid colon

H3K27ac ENCFF669TSI ENCFF507VUO ENCFF156QWL ENCFF497GAF
H3K36me3 ENCFF284VTI ENCFF312AHC ENCFF577WWK ENCFF744WIO
H3K4me1 ENCFF686SIG ENCFF427WMO ENCFF126IMK ENCFF113YOI
H3K4me3 ENCFF892GNP ENCFF445QHF ENCFF905JEN ENCFF135XHH
H3K9me3 ENCFF811EKT ENCFF925APW ENCFF782WTP ENCFF477NHW

spleen

H3K27ac ENCFF230ZQJ ENCFF786NLG ENCFF735GCH ENCFF702AJP
H3K4me1 ENCFF873LAX ENCFF049HBP ENCFF402YZU ENCFF599IBO
H3K4me3 ENCFF422ZXF ENCFF189KXE ENCFF656AAS ENCFF462VQE
H3K9me3 ENCFF952NOQ ENCFF418KYC ENCFF447CEL ENCFF088KFT

Table A.3 EN-TEx accession codes. Accession codes for the 116 selected tracks
from the EN-TEx dataset used in the imputation of personalized epigenomes. The
measurements for “thoracic aorta” and “ascending aorta” were merged into a single
tissue label “aorta”.
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A.3 Supplementary notes

A.3.1 Evaluation strategy

Measuring the performance of an imputation model is far from trivial. Properly

designing an evaluation strategy is crucial to ensure that the results reflect the workings

of the models and that the comparison to a selected set of baselines aligns with the

use case intended for the model.

Ernst and Kellis [395] validated the performance of ChromImpute with a leave-one-

out (LOO) strategy, where all tracks short of the one specific target test track are used

during different training instances. This strategy provides a substantial prediction

advantage due to the optimal number of training data sets. However, it may not

give the best assessment of the method’s generalization ability [484]. In contrast, the

authors of PREDICTD and Avocado have analysed the imputed values for a hold-out

set of test tracks using 5-fold cross-validation. This procedure has also been adopted

in a recent ENCODE Imputation Challenge [328], and we will do the same in this

work. The split of the data is identical to one of the folds used in [397]. Supplementary

Figure A.1 depicts a data matrix showing which tracks from the Roadmap consortium

were part of the training, validation and test sets. Quality control of the Roadmap

Consortium guarantees a minimum standard for all data sets [389].

In previous work, including the Encode Imputation Challenge, training, validation

and test tracks are processed following established computational pipelines1. This

pipeline includes a pooling step for biological and technical replicates and subsampling

to maximum library size. Notably, the MACS2 peak caller is applied to calculate the

statistical significance of enrichment at each base pair in the genome. The resulting

genome-wide signal tracks containing the statistical significance of enrichment (i.e., the

−log10 p-values) at each base pair in the genome have been used both as input training

data and to validate imputations [397]. Recently, however, it has been demonstrated

that MACS2 outputs biased p-values and false discovery rate estimates that can be

many orders of magnitude too optimistic [485]. This systematic bias raises several

problems; for instance, there is no sound basis for choosing a p-value cut off for

reporting results. Additionally, as the introduced bias depends on the ChIP-Seq data

from which the p values are computed, there can be “distributional shifts” between

training and test sets, as observed in the Encode Imputation Challenge.

1https://github.com/ENCODE-DCC/chip-seq-pipeline2
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To reduce the impact of possible systematic biases, we employ a varied set of

performance metrics, each aiming to capture different facets of the imputation task.

For example, comparing models using Area-Under-Curve metrics ensures that choosing

a specific p-value cut-off is not the determining factor in ranking the imputation models.

A.3.2 Performance metrics

An appropriate choice of metrics is essential for robust comparisons between imputation

models. The most immediate and intuitive approach from a machine learning point

of view is to measure the ability of a model to reconstruct genome-wide signals (i.e.

corrected −log10 p-values). Commonly used measures include genome-wide mean-

squared-error (GW MSE) and genome-wide Pearson correlation (GW Corr) [397].

Importantly, however, most histone modifications are only significantly enriched on a

small subset of genomic bins. The remaining bins have low background signals, which

are strongly determined by experimental conditions, including unspecific binding of

the antibody. As these background regions are over-represented on the genome, they

easily dominate genome-wide assessment measures.

Durham et al. [396] therefore defined additional performance measures, including

MSE1obs, which measures the MSE on the top 1% of the positions according to the

ChIP-seq signal; MSE1imp measures the MSE on the top 1% of the positions according

to the imputed signal. On the other hand, outside the imputation literature, it is

a common strategy to analyse histone modification measurements by focusing on

foreground regions which are identified using peak callers such as MACS2 [399]. In this

case, significant enriched regions are merged if they are close together and fluctuations

below a given threshold are tolerated within a foreground peak if they are small enough.

Additionally, regions of significant enrichment have to have a minimum length (at least

as big as the fragment length) to be called foreground peaks. Peak callers therefore

provide a more robust segmentation of the genome into foreground and background

regions. Here, we follow a hierarchical analysis to evaluate the imputations. First, we

test the ability of the model to correctly classify genomic regions into foreground and

background regions (e.g. [486]). The signal reconstruction potential of the models is

then separately analysed for bins categorized as foreground and background. For the

foreground regions, we are additionally interested in how well the peak intensities are

predicted (e.g., [487]), and whether the shape of the signal in the peak is well captured

by the prediction. (e.g., [488, 401]).
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A.3.3 Validation on the Roadmap reference epigenome

Table A.2 presents the numerical results for the imputation of the test tracks of the

Roadmap dataset. For each metric, we highlighted the best-performing model, as well

as the competitors for which a 2-sided t-test failed to reject the null hypothesis with a

significance threshold of 0.01 (N=203).

Comparing eDICE to the baselines at the assay level (Figure A.2) and at the individ-

ual track level (Figures A.3, A.4, and A.5) highlights that the reported improvements

are consistent across the board, with the notable exception of four metrics in which

ChromImpute outperforms eDICE (Fg MSE, Precision MACS, F1 MACS, and MCC

MACS). For all four of them, the underlying issue is that factorization models such

as eDICE and PREDICT consistently underestimate the height of peaks, leading to

reduced detection of enriched regions. As a consequence, eDICE is more conservative

than ChromImpute in its prediction, a fact that is mirrored in the Recall MACS

metrics.

Different assays present different overall imputation performance. For example, in

the evaluation of eDICE, H3K9me3 and H3K27me3 displayed consistently suboptimal

performance. Figures A.7 and A.8 highlight how this tendency is not exclusive to

eDICE, but shared by the baseline models.

A.3.4 Differential peak analysis

Differential peak analysis aims to detect meaningful differences between biological

samples and typically involves multiple replicates in each group of interest. The

inclusion of multiple samples enables the discrimination of natural variability within

cell types from differentially enriched regions caused by the biological differences

between tissues.

To analyse the use of imputed signals for detecting differential enrichment, we

chose the H3K9ac assays for cell types E025 (Adipose-Derived Mesenchymal Stem Cell

Cultured Cells) and E052 (Muscle Satellite Cultured Cells) as samples for a case study.

These two epigenomic tracks are part of the hold-out test set, share a comparable

number of tracks for the two tissues in the training, validation, and test sets, and have

4 and 3 measured replicates, respectively.

We tested the use of imputations for differential analysis with the DiffBind package

[402]. DiffBind requires specifying the peak set and providing the aligned reads for
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treatment and control in a sample sheet. For the measurement group, we use the data

from the Roadmap consortium, which includes the aligned reads for each replicate in

.tagAlign format and the peaks called with MACS2 in .narrowPeak format. In addition,

each replicate is associated with a cell-type-specific control track. The aligned .tagAlign

files are converted to BAM format with BedTools [489].

For the imputed tracks, we devised a procedure to simulate replicates from the

predicted p-value signal. Such a procedure is an approximation that requires several

assumptions, yet it suffices to provide a proof of concept for using imputation models in

bioinformatics software pipelines. Nevertheless, for such applications, future imputation

models would likely need to focus on modelling not only the average value of a signal

but also the uncertainty involved.

To simulate replicates using p-value signals, we assume that the read counts at

each genomic position follow a negative binomial distribution, a common model used

for sequencing data [490–492]. To draw samples from this distribution, we need to

estimate two parameters, mean and dispersion.

We estimate the mean parameter by inverting the procedure used to generate the

p-value tracks. The p-value signal results from the survival function of a background

Poisson model. The genomic-position specific mean parameter of the background

distribution is calculated from tissue-specific control samples available in the Roadmap

dataset. Using the parameters of the background distribution, the read counts for a

given track are obtained through the inverse survival function (ISF).

To infer the dispersion parameters for each cell type, we made use of the software

package DESeq2 [491]. Specifically, DESeq2 is capable of fitting a function that, given

the mean value as input, can output the dispersion value. We selected tracks from the

training set for H3K9ac whose tissues present sufficient similarity to the target tissues

(E023 for E025 and E107-E108 for E052). These selected tracks are used to estimate

the mean-dispersion functions, which are then used on the previously estimated mean

parameters to generate bin-wise dispersion parameters.

Given these bin-specific parameters derived from the imputed signals, we generate

three samples per cell type by sampling from the negative binomial distribution.

The MACS [399] command bdgcmp and bdgpeakcall were used to generate the peak

set on the p-value track for each cell type in both measurement and simulated replicates.

Next, the consensus peakset for all samples was estimated using DiffBind. ENCODE
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blacklisted regions [493] were removed from the consensus peakset. Aggregated counts

for these consensus peaks were computed for both measurement and simulated replicates,

and were directly read into the DiffBind DBA object with dba.peakset function. Using a

false discovery rate (FDR) threshold of 0.05, we determined the differentially enriched

peaks for both measurements and imputations. An overview of the differential peak

analysis pipeline can be found in A.22.

A.4 Interpreting the model

A.4.1 Global embeddings

eDICE learns global embeddings that capture the high-level relationships between

assays and cell types, which we can display through a UMAP [494] projection.

Epigenetic modifications that are generally associated with the same functionality

tend to cluster together in the learned representations (Figure A.10). Assigning

global roles to epigenetic modifications neglects much of the nuance of the regulatory

mechanisms of the genome. Nonetheless, we can consider some general patterns.

H3K9ac, H3K4me2, H3K4me3 are modifications typically associated with active

promoters [495, 496], while H3K4me1 and H3K27ac (and partially H3K4me2) are

linked with active enhancers [496, 497]. We classify these marks, together with the

DNase-seq assay [498], under the broad label of activating modifications.

H3K27me3 is an antagonist to H3K27ac and is broadly associated to gene repression

together with H3K9me3 [499, 500].

H3K36me3, H4K20me1, H3K79me1 are linked to exons [501], and we consider these

modifications under the label of transcription-associated together with H3K79me2,

which is associated with active gene bodies and alternative splicing [502, 503].

The partitioning of the epigenetic marks reflects the correlation patterns that emerge

from the observed data. We calculated the average tracks for each assay across all cell

types and performed agglomerative hierarchical clustering on these tracks. The results,

summarised in Supplementary Figure A.13, show that modifications with shared global

functions tend to cluster together.

Likewise, eDICE is capable of learning the broad similarities between tissue types

through the global cell embeddings represented in Figure A.11.
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A.4.2 Measures of attention

Inspired by the analysis of attention mechanisms in protein language models [504], we

define the portion of attention that each attention head h dedicates to a specific assay

a in the set of observed assays A over a portion g of the genome as:

ph(α) =
∑

g∈G

∑

a∈A

w(g,h)
aα /

∑

g∈G

∑

a∈A

∑

a′∈A

w
(g,h)
aa′ (A.1)

where w(g,h)
aα denotes the attention weight for the key assay α given the query assay

a in the genomic bin g for attention head h. Within the formalism of key-value-query

attention in Transformer models, this definition of portion of attention corresponds

to the average attention given to each key. Due to the softmax function used in the

calculation of the attention weights in the scaled dot-product attention, the portion of

attention adds up to one over the space of all assays for a single attention head, which

makes it suitable to be expressed as a percentage of the total attention of the attention

head.

To evaluate how the state of the attention blocks changes in correspondence with

the functional regions of the genome, we calculated of the attention percentage while

restricting the genomic bins to the aforementioned annotated regions and evaluated

the relative difference in the percentage of attention dedicated to the assays compared

to the global pattern in the chromosome. We define this attention shift for a given

region R of the genome as:

d
(R)
h (α) =

ph(α)|G≡R − ph(α)

ph(α)
(A.2)

where R is any type of annotated region of the genome, e.g. promoters or enhancers.

A.4.3 Interpreting the attention weights

Attention models assign a weight to the relationship between elements in an input set

or sequence, which is often considered a proxy to interpret the underlying interactions

between said elements. This area of research is mainly active within the application

of Transformer models to natural language processing (NLP) tasks [505, 506], with a

strong focus on the visualization of the attention weights (e.g. [507]).
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Despite this excitement, recent works have begun to highlight the limitations of

attention as an explanation method, showing that in specific contexts, attention weights

are at best noisy predictors of the importance of input components for a model [508]

or outright misleading and weak to adversarial attacks [509]. Although these studies

present some critical limitations, such as the focus on NLP models or the comparison to

alternative measures of feature importance which are not necessarily valid as “ground

truth,” we believe caution in the analysis of attention weights to be warranted. Adding

these considerations to the non-deterministic result of training attention models, we

consider the analysis presented here as a diagnostic exploration rather than a detailed

claim on the biology examined by the model.

The results presented are derived from the same instance of eDICE used for the

reference epigenome validation. Although the details vary due to the stochastic training

of the attention block, we observed that the conclusions drawn tend to hold across

training instances.

We specifically focus on the attention block used for the contextualization of the

assay embeddings. The attention measures employed (detailed in Supplementary

Section A.4.2) are based on averages of attention weights, which paint a higher-level

picture than comparisons of individual coefficients.

To obtain a general overview of the eDICE model, we calculated the percentage of

attention given by each head to each assay for the entire chromosome 21. These results,

displayed in Figure A.12, highlight how at least two of the attention heads consistently

dedicate a significant portion of attention to just a few histone modifications. These

marks are among the core modifications extensively mapped across many cell types in

the Roadmap dataset, i.e. H3K27ac, H3K36me3 H3K9me3, H3K4me1, and H3K4me3.

Interestingly, this phenomenon proved quite consistent over different experiments,

with minor variations such as focusing on H3K27me3 rather than H3K27ac. Overall,

this result suggests that the model relies extensively on marks for which a large amount

of information is present during training.

To further explore the workings of the attention layer in eDICE, we gathered

genomic annotations for chromosome 21 from the Ensembl [510] version 104 GRCh37

assembly for protein-coding gene bodies, enhancers, promoters, open chromatin, and

transcription factors binding sites. We calculated how the percentage of attention

shifts within these functional regions of the genome and displayed the results in Figure

A.14.
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Overall, these attention shifts reveal known patterns from the literature yet present

unexplained peculiarities, such as the significant shift within enhancer regions for

H3K4me1, a known chromatin hallmark for these functional regions. Intuitively, one

would expect the attention weight for H3K4me1 to grow within enhancers, given its

biological importance, yet we observe the opposite, especially for attention head 2.

Nevertheless, this pattern is inconsistent for such a setting: H3K36me3, a histone

modification enriched on the gene body region associated with active gene transcription

[511], shows a positive average attention shift within protein-coding genes.

Much remains to be understood about the workings of attention models. Therefore,

we limit our analysis to the qualitative consideration that the larger attention shifts

within functional regions correspond to known epigenetic marks that characterize said

regions. Examples of these patterns include the DNase shifts for open chromatin

regions [512], the shifts in DNase and H3K4me1 for transcription factor binding sites

[513], and the shifts within promoters for H3K4 methylation [514], H3K9ac, H3K27ac,

and their antagonists H3K9me3 and H3K27me3 [495].

We include two high-level visual summaries of the attention shifts in Figures A.15

and A.16, in which the absolute value of the attention shifts was summed up over

the attention heads and the assays, respectively, and then 0-1 normalized for each

annotated category. The resulting heatmaps provide at a glance an overview of which

assays present the most considerable relative changes and which attention heads are

significantly affected within functional regions of the genome.

Interestingly, it appears that the attention heads specialize at least partially, with

attention head 2 being the most affected in promoters, enhancers, and open chromatin

regions. In contrast, attention head 3 presents the most significant shifts for protein-

coding gene bodies and transcription factor binding sites. The scarce shifts for attention

head 4 also indicate that this head is not contributing significantly to the final prediction,

a known phenomenon in the use of multi-headed attention models, and could be a

candidate for pruning [515].

A.5 ENCODE imputation challenge model

An early version of our model was used as the basis of our third-placed entry in the

2019 ENCODE Imputation Challenge [328]. This model follows Avocado in adopting

the factorized structure of Equation 4.1, but instead of directly parametrizing genomic
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bin representations bk, computes non-linear, low dimensional transformations of the

input signal at each bin,

Ŷijk = gθ(ci, aj, fϕ(vec(Y k))) , (A.3)

where vec(Y k) is a fixed-size vector whose entries are the signal values for all observed

tracks at the kth bin, together with zeros for all unobserved tracks. In practice, the

functions gθ and fϕ are both implemented with two-layer MLPs, and ci and ai are

learned cell and assay embeddings, equivalent to the ‘global embeddings’ uci
and uai

described in the Online Methods (Equations 4.4 and 4.6). This model can be seen as a

kind of denoising autoencoder in which the decoder has a factorized structure, inherited

from Avocado, allowing it to impute signal values for previously unobserved cell-assay

combinations. In contrast, our model is fully factorized, replacing a single global

transformation of the input signal with cell- and assay-dependent transformations of

the input signal, learned via self-attention (Equation 4.2).

The challenge model is used as a strong baseline in our experiments, since it

has demonstrated competitive performance with state-of-the-art methods including

Avocado in the blind-test setting of the ENCODE Imputation Challenge.
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B.1 Supplementary Tables

Table B.1 Overview of the DRIAMS datasets. Location, collection period, and
number of samples gathered for the four DRIAMS datasets.

Dataset Laboratory Collection period MALDI-TOF MS AMR labels AM drugs

DRIAMS-A University Hospital Basel 34 months (11/2015–08/2018) 145,341 3 101,660 71

DRIAMS-B Canton Hospital Basel-Land 6 months (01/2018–06/2018) 6,416 37,453 44

DRIAMS-C Canton Hospital Aarau 8 months (01/2018–08/2018) 22,500 50,114 56

DRIAMS-D Viollier 6 months (01/2018–06/2018) 75,813 98,708 52
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Table B.2 Direct AMR prediction results with multi-drug models. The best
average metric is highlighted for each dataset and split.

Dataset Split type Model
Cross-validation performance

score - mean (SD)
AUPRC Balanced accuracy MCC

DRIAMS-A Random PCA + LR 0.644 (0.003) 0.704 (0.002) 0.491 (0.003)
Species-ResMLP 0.30 (0.04) 0.53 (0.02) 0.08 (0.05)
ResMLP 0.92 (0.01) 0.90 (0.01) 0.81 (0.01)

Species-drug zero-shot PCA + LR 0.28 (0.02) 0.57 (0.01) 0.16 (0.02)
Species-ResMLP 0.31 (0.04) 0.54 (0.02) 0.09 (0.03)
ResMLP 0.42 (0.03) 0.64 (0.02) 0.28 (0.03)

Drug zero-shot PCA + LR 0.35 (0.27) 0.55 (0.14) 0.11 (0.25)
Species-ResMLP 0.34 (0.32) 0.51 (0.07) 0.02 (0.14)
ResMLP 0.47 (0.29) 0.65 (0.13) 0.28 (0.24)

DRIAMS-B Random PCA + LR 0.64 (0.02) 0.705 (0.007) 0.51 (0.02)
Siamese + LR 0.49 (0.01) 0.76 (0.01) 0.53 (0.02)
Species-ResMLP 0.35 (0.04) 0.59 (0.03) 0.21 (0.05)
ResMLP 0.87 (0.02) 0.90 (0.01) 0.79 (0.02)

Species-drug zero-shot PCA + LR 0.44 (0.04) 0.63 (0.02) 0.30 (0.04)
Siamese + LR 0.42 (0.01) 0.664 (0.004) 0.40 (0.01)
Species-ResMLP 0.52 (0.04) 0.62 (0.02) 0.30 (0.04)
ResMLP 0.54 (0.04) 0.70 (0.02) 0.39 (0.03)

Drug zero-shot PCA + LR 0.33 (0.25) 0.57 (0.12) 0.12 (0.16)
Siamese + LR 0.18 (0.16) 0.52 (0.05) 0.08 (0.14)
Species-ResMLP 0.17 (0.16) 0.50 (0.12) 0.01 (0.17)
ResMLP 0.47 (0.31) 0.71 (0.15) 0.35 (0.28)

DRIAMS-C Random PCA + LR 0.62 (0.01) 0.72 (0.01) 0.49 (0.01)
Species-ResMLP 0.41 (0.11) 0.59 (0.06) 0.17 (0.13)
ResMLP 0.92 (0.01) 0.89 (0.01) 0.81 (0.02)

Species-drug zero-shot PCA + LR 0.39 (0.04) 0.60 (0.02) 0.23 (0.05)
Species-ResMLP 0.48 (0.05) 0.62 (0.04) 0.28 (0.08)
ResMLP 0.55 (0.03) 0.69 (0.02) 0.39 (0.00)

Drug zero-shot PCA + LR 0.24 (0.29) 0.63 (0.23) 0.03 (0.13)
Species-ResMLP 0.22 (0.27) 0.47 (0.23) 0.05 (0.26)
ResMLP 0.34 (0.35) 0.66 (0.25) 0.17 (0.28)

DRIAMS-D Random PCA + LR 0.67 (0.01) 0.76 (0.01) 0.60 (0.01)
Species-ResMLP 0.57 (0.07) 0.71 (0.03) 0.47 (0.08)
ResMLP 0.76 (0.01) 0.82 (0.01) 0.64 (0.01)

Species-drug zero-shot PCA + LR 0.49 (0.06) 0.63 (0.02) 0.36 (0.05)
Species-ResMLP 0.67 (0.04) 0.72 (0.02) 0.51 (0.04)
ResMLP 0.63 (0.05) 0.72 (0.03) 0.47 (0.05)

Drug zero-shot PCA + LR 0.23 (0.27) 0.52 (0.15) 0.02 (0.04)
Species-ResMLP 0.18 (0.28) 0.52 (0.16) 0.01 (0.05)
ResMLP 0.36 (0.31) 0.66 (0.16) 0.20 (0.22)
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Table B.3 Results of one-way Kruskal-Wallis analysis of variance for compar-
ing the performance of the ResMLP model using the different categories
of molecular fingerprints (MACCS, 1024-dimensional Morgan, Pubchem).
Using the random split setting, 10 train/test splits were performed on each of the 4
DRIAMS collection sites. A ResMLP model was trained using the same configuration
as the main section of the classification experiments. The resulting metrics were used
to calculate the Kruskal-Wallis H statistic. The resulting p-values indicate that no
fingerprint choice leads to significantly different results, using a significance threshold
of 0.05.

Metric Kruskal-Wallis H Statistic P-Value

MCC 4.296865 0.116667
AUPRC 1.373165 0.503293
Balanced Accuracy 1.367955 0.504606
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B.2 Supplementary Figures
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Fig. B.1 Properties of recommendations generated with the baselines that
depend on the selection of samples. (a) Comparison of the number of drugs
recommended with different variations of the approach based on the similarity between
spectra. The error bars represent the 95% confidence interval. (b) Comparison of
performance of different variants of the spectrum similarity set-up based on the top k
similarity. The y-axis shows the average precision across all individuals in the test set.
The error bars represent the 95% confidence interval.
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Fig. B.4 ROC curves for 12 selected pathogen-drug combinations. Full set
of Receiver Operating Characteristic curves for the combinations presented in Figure
2 from [440]. Numerical values are reported from the average performance over 5
train-test splits for the target drug-pathogen combination.
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Fig. B.5 PR curves for 12 selected pathogen-drug combinations. Full set of
Precision-Recall curves for the combinations presented in Figure 2 from [440]. Numerical
values are reported from the average performance over 5 train-test splits for the target
drug-pathogen combination.
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Fig. B.6 Visualization of the performance metrics for two data-generating
splits. Comparison of ResMLP predictions on the four DRIAMS datasets for random
and species-drug zero-shot data splits. The error bars reported represent a 95%
confidence interval.
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Fig. B.7 Test set imbalance. Fraction of the test samples with a positive label
(i.e. displaying resistance to the drug). The random split allows us to sample with
stratification to obtain consistent test splits. The species-drug zero-shot split relies on
a heuristic to construct test sets that approximately constitute a specific percentage
of the total available samples, leading to small fluctuations in the fraction of positive
samples in each test split. The drug zero-shot setting, on the other hand, does not
allow for any control on the imbalance of the test split. The resulting variability is a
challenge for the machine learning models tested to overcome.
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Fig. B.8 Comparison of the performance of a ResMLP model trained using
the different types of molecular fingerprints. For each DRIAMS collection site,
10 train/test splits are randomly selected, and a ResMLP model is trained using the
same configuration presented for the results in the classification performance. The
resulting metrics display a small level of variation. An analysis of variance test, however,
confirmed that the choice of molecular fingerprint is not statistically significant.
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Fig. B.9 AUPRC for the predictions in the drug zero-shot task on the four
DRIAMS datasets. Drugs for which only one class of response was available have
been excluded from the analysis. In orange, we represented as dots the highest Tanimoto
index calculated by comparing the MACCS fingerprints of the target drug with the
rest of the compounds in the dataset. This measure of similarity does not appear to
share a pattern with the generalization performance measured by the AUPRC.
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Fig. B.10 Grouped SHAP importance for the two sets of features. Across
multiple training runs with different randomization, the ResMLP model assigns almost
equal overall importance to the spectrum features and the chemical features, as
measured by SHAP
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Fig. B.11 Most important features according to SHAP. The 50 most important
features for the AMR prediction task for the ResMLP model trained on the MACCS
fingerprints, split by DRIAMS dataset. In each case, we clearly see contributions from
both the spectrum and the chemical fingerprint.
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B.3 Hyperparameters and training configurations

Siamese parameters in all analyses: 512 generated features, models trained for 200

epochs with a batch size of 256, and input of 100,000 pairs.

The PCA baseline used a number of components sufficient to capture 95% of the

variance in the training set for each data source (i.e. MALDI-TOF spectra and chemical

fingerprints). The resulting projections are concatenated before being used to train

logistic regression models. The results presented in the paper are obtained using the

MACCS keys as chemical fingerprints.

The ResMLP configuration and training are kept constant in all experiments.

The input projections encode the 6000-dimensional MALDI-TOF spectra and the

1024-dimensional Morgan fingerprints into 512-dimensional vectors, which are then

concatenated. The model consists of 5 residual blocks, including ReLU activation,

a linear layer of dimensionality 1024, a dropout layer with probability 0.2, and a

BatchNorm layer. The ResMLP is trained with early stopping with a patience parameter

of 50 epochs using an Adam optimiser with a learning rate of 3 ∗ 10−4 and a weight

decay of 10−5. For the predictions on the single drug and species combinations, to

compare to previous work, the first four blocks of the model were frozen, and the last

block was additionally tuned with a reduced learning rate of 3 ∗ 10−5 on the subset

of samples for the target drug-species combinations that are not part of the test split

using early stopping.

B.4 Drug recommendation - Evaluation

To evaluate the recommendations produced, we use as metric the precision P , defined

as the number of correct drugs recommended divided by the number of drugs in the

intersection between the test data and the recommendation set. If no drug exists in the

intersection, precision is set to 0. To analyse the effect of choosing different sizes for

the recommendation set, we use the precision at cutoff n (P@n), which corresponds to

the precision calculated for the top n recommendations. The truncated version of P@n

adjusts the calculation when fewer than n items are retrieved to avoid penalizing the

system for returning fewer items. Finally, we computed the mean Average precision

at cutoff n (mAP@n), an informative measure that considers not only the number

of correct predictions but also the order of the recommended drugs. mAP@n is the
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mean of the Average Precision at cutoff n, AP@n, calculated over all available queries.

AP@n is calculated as AP@n = 1
n

∑n
k=1 P@k.

In the literature, an alternative formulation of AP@n is also frequently found,

which is calculated as AP@n = 1
min(n,T P (total))

∑n
i=1

T P (i)·rel(i)
i

, where TP stands for True

Positives, and rel(i) is a binary indicator with value 1 if the ith item is relevant, 0

otherwise. This alternate formulation focuses more on the relevant items, which may

lead to overly optimistic estimates in case of sparsity of relevant items in the top-n

recommendations. The previously introduced definition, on the other hand, offers a

more comprehensive summary of the recommendation results overall.

B.5 SHAP feature importance

To analyse the feature importance of the ResMLP model and verify the impact of the

chemical fingerprints, we employed SHAP analysis [458]. We used the DeepExplainer

implementation of the Python SHAP package.

To interpret the importance assigned by the ResMLP to the chemical features, the

model was trained with the same configuration as for the quantitative evaluation of

the classification performance over 10 randomized train/test splits for each DRIAMS

dataset. The overall importance of a feature is computed by averaging the absolute value

of the SHAP value for that feature over the samples in the test set. The importance of

a group of features is computed by first summing the SHAP values corresponding to

the features for each sample, and then calculating the overall importance of this sum

as before.
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