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Nomenclature

Roman Symbols

A Matrix

a Vector

a Scalar

w Weight matrix

D Dataset

X Dataset inputs (matrix with N rows, one for each datapoint)

y Dataset outputs (vector with N elements, one for each datapoint)
Xj Input consisting of the i-th data point

i Model output of the i-th data point
Vi Ground-truth label of the i-th data point
w h p Dimensionality of the feature maps with width w, height h, and p channels
L Number of network layers
Learning rate in Gradient Descent (GD)

Number Sets

< Real numbers

Other Symbols

N The Gaussian distribution

Abbreviations

e.g.  Exempli gratia ("for the sake of an example”)
ie. Idest (7it is”)

w.r.t. With respect to



Vi NOMENCLATURE

Notation

The following notation is used throughout the work. Bold lower-case letters denote vectors
(e.g. an input imagex ), and standard-weight letters (e.g. its ground-truth label y) denote
scalar quantities. We use subscripts to denote either entire rows or columns (with bold
letters, x;), or speci c elements (x; ). A dataset of input images is identi ed by standard-
weight upper-case letters (e.g. the set of input images<). The model parameters are
identied as . The feature extraction obtained by a forward pass of an input imagex to
the network layers is denoted as the transformation function (), where '() represents
the representation obtained at thel-th layer.



Abstract

The application of deep learning to medical imaging tasks has led to exceptional results
in several contexts, including the analysis of human tissue samples. Convolutional neural
networks (CNNSs) constitute a highly performant model, that can almost perfectly detect
even the smallest tumor cells in tissue biopsies. These models may have a great potential
to support physicians if introduced in the clinical routines.

Despite their impeccable performance on the test sets, CNNs fail in the real-world
settings of the clinical work ow, lacking generalization capabilities to unseen data coming
from diverse domains. New approaches shall be researched to evaluate whether a model
has learned to detect correct patterns and can provide a reliable outcome. Particularly in
the medical domain, understanding what are the limitations of a model is a compelling
task, to ensure physicians that the model predictions are in line with the standards of
clinical practice and can thus be considered in clinical routines. This thesis investigates
this task by developing new interpretability techniques, with the aim of making the inner
working of deep learning classi ers understandable to physicians and applicable to new
inputs.

By narrowing the focus onto microscopy images of breast cancer, my work starts by
demonstrating that prior knowledge is a valuable source of input for explaining the model
behavior. | introduce information about where the nuclei are located in the images to
generate visual explanations that demonstrate that the model predictions are based on
the pixels inside the nuclei contours. | then propose a method called Regression Concept
Vectors (RCVs) to produce explanations based on the representation of arbitrary concepts
that can be obtained as measures directly extracted from the images or annotated by
experts. This approach demonstrates that variations of the texture in the images are
relevant to the model.

Going beyond the purpose of generating explanations, | directly tackle the general-
ization de ciencies of existing models. | propose a pruning system that uses RCVs to
remove from the model's learning process the undesired behavior of capturing content
about unwanted features. As an example, | analyze the removal of the implicitly learned
invariance to object scale in models that are pre-trained on natural images, since scale is
instead a relevant measure for the analysis of medical images. | then guide the training of
CNNs to learn morphology features while discarding the confounding information about
data provenance, demonstrating that the resulting model has increased generalization ca-
pabilities.
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Resune

La recherche sur ledeep learningappligle aux images nedicales a conduita des esultats
d'analyse presque parfaits dans de multiples contextes tels que les images de biopsie
d'organe. Les eseaux d'apprentissage convolutifs, appekes Convolutional Neural Networks
(CNN), constituent un mockle extrémement performant, qui peut étre applique pour iden-

ti er les plus petites cellules tumorales dans les biopsies d'organes avec une pecision ex-
ceptionnelle. S'ils etaient introduits dans les routines cliniques, les CNN o riraient un
enorme potentiel pour soutenir le personnel nedical.

Neanmoins, les capacies des CNN ne sont parfaites que sur les donrees de tests
experimentaux etechouent dans I'environnement de ux de travail clinique du monde eel.
Ces moctles ne s'awerent pas su samment capables detendre leur capacie d'analyse a
des donrees nouvells, et donc de gereraliser leurs performances sur des donrees provenant
de nouvelles sources, rendant impossible leur application dans les routines de laboratoire.
Il existe un besoin de gererer de nouvelles approches qui permettent de \eri er si un
mockle a eellement appris les motifs corrects dans les donrees pour donner une eponse
able. Comprendre les limites des CNN et y renedier est une tAche extremement im-
portante pour rassurer le personnel medical que les eponses du processus automatise
sont conformes aux normes de la pratique cliniqgue. Le but de ce travail de these est
de remplir cette thchea travers l'investigation et la conception de nouvelles technologies
d'interpretabilie, qui peuvent clari er et expliquer le mecanisme d'apprentissage ainsi
que permettre la compehension des esultats du deep learning par le personnel nedical
et expliquer, en les documentant, les limites.

En restreignant le champ d'application aux images microscopiques du cancer du sein,
mon travail de these commence par cemontrer que les connaissances pealables sont une
source d'information importante pour expliquer ce que le mocele a appris. En introduisant
des informations sur les positions des noyaux dans les images, j'ai cevelopge une nmethode
pour gererer des explications visuelles, qui illustrent que la eponse du moctle est baee
sur les pixels dans les noyaux. J'ai ensuite ceveloppe une approche appeke Regression
Concept Vectors (RCV) pour expliquer le mockle a l'aide de mesures repesentant un
concept speci que (par exemple la taille des noyaux) pouvant &tre directement mesue
sur les images ou annot par des experts. Cette approche cemontre que les variations
d'apparence, et peciement de texture, sont peponderantes dans la decision des CNN.

J'ai alors directement analys le probeme de la gereralisation. A l'aide de la methode
RCV, j'ai corcu un syseme de pruning qui supprime l'apprentissage incesirable de cer-
taines caraceristiques, telles que l'invariance dechelle d'un objet, ce qui est important
dans l'analyse d'images nedicales. Jai guice l'apprentissage des CNN pour incorporer
des informations sur les variations morphologiques des noyaux et obtenir l'invariance vers
l'origine des donrees. Le mockle esultant augmente ses capacies de gereralisation vers
des donrees inconnues.
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Riassunto

La ricerca sul deep learning applicato ad immagini mediche ha portato verso risultati
quasi perfetti in molteplici contesti come, ad esempio, I'analisi microscopica di tessuti
patologici. Le reti di apprendimento a base convoluzionale, le cosiddette Convolutional
Neural Networks (CNNs), costituiscono un modello estremamente performante, che puwo
essere applicato per identi care con accuratezza eccezionale le pu piccole cellule tumorali
in biopsie di organi. Se introdotte nelle routine cliniche, le CNNs avrebbero un potenziale
enorme nel supportare il personale medico.

Ciononostante, le capacit delle CNNs sono impeccabili soltanto sui dati sperimentali
di test e falliscono nell'ambiente reale del usso di lavoro clinico. Questi modelli non si
dimostrano su cientemente in grado di estendere, e quindi generalizzare, le loro perfor-
mance su dati provenienti da nuove fonti, rendendo impossibile la loro applicazione nelle
routine di laboratorio. Sussiste il bisogno di generare nuovi approcci che permettano di
veri care se un modello abbia appreso e ettivamente i pattern corretti nei dati per donare
una risposta a dabile. Capire le limitazioni delle CNNse un compito estremamente im-
portante per assicurare al personale medico che le risposte del processo automatico sono in
linea con gli standard della pratica clinica. Lo scopo di questo lavoro di tesie di adempiere
a tal compito attraverso lo studio e l'ideazione di nuove tecnologie dinterpretability , che
possano chiarire e spiegare il meccanismo appreso dai modelli di deep learning al personale
medico.

Restringendo I'ambito applicativo alle immagini microscopiche di cancro al seno, il mio
lavoro di tesi inizia dal dimostrare che la conoscenza pregressae una fonte d'informazioni
importante per spiegare lefeatures apprese dal modello. Introducendo informazioni sulle
posizioni dei nuclei nelle immagini, ho sviluppato un metodo per generare delle spiegazioni
visive, le quali illustrano che la risposta del modello si basa sui pixel all'interno dei nuclei.
Ho poi sviluppato un approccio chiamato Regression Concept Vectors (RCV) per spiegare
il modello utilizzando delle misure rappresentanti un concetto di tipo arbitrario (ad esem-
pio la dimensione dei nuclei) che possano essere direttamente misurati sulle immagini o
annotate da esperti. Questo approccio dimostra che variazioni nell'aspetto, e precisamente
nella texture, sono di rilievo nella decisione delle CNNs.

Ho poi analizzato direttamente il problema della generalizzazione. Utilizzando il
metodo RCV, ho ideato un sistema dipruning che rimuove l'apprendimento indesiderato
di alcune caratteristiche, ad esempio l'invarianza alla scala di un oggetto, che e' importante
nell'analisi d'immagini mediche. Ho guidato I'apprendimento delle CNNs per inglobare
informazioni sulle variazioni di tipo morfologico dei nuclei e per ottenere invarianza verso
la provenienza dei dati. Il modello risultante aumenta le sue capacit di generalizzazione
verso dati hon noti.
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Chapter 1

Introduction

1.1 Motivation: Deep Learning Classi ers of Medical Im-
ages Require Interpretability

\All models are wrong, but some are useful" is a quote that | have often heard in statistics
and ML classes. The quote refers to George Box's statement that \all models are wrong"
in the Journal of the American Statistical Association of 1976 (Box 1976). Box had the
intention of clarifying that the models are approximations based on assumptions, either
implicit or explicit, that are never exactly true. The adoption of a model, even if wrong,
is justi ed by its usefulness in describing the properties of a given phenomenon.

I nd it rather compelling to understand when a model is good enough to be useful
for a given application. Working on medical tasks where mistakes come at a high cost,
understanding the limitations of the current models has a high priority. If pitfalls are
uncovered, new models can be built to be more reliable and trustworthy than the already
existing ones. The model's quality can be evaluated by its performance and generalization
to unseen input data, namely the expected value of the model's error on new inputs. Under
the simplied conditions of training and testing data being sampled from very similar
underlying distributions (i.e. with little domain shift), near-perfect performance was shown
by Deep Learning (DL) models in various applications (Gulshan et al. 2016, Giusti et al.
2014), with Convolutional Neural Networks (CNNs) becoming the backbone of numerous
state-of-the-art approaches in medical image classi cation for diagnostic support (Ertosun
& Rubin 2015, Wang et al. 2014, Ehteshami Bejnordi et al. 2017, Brown et al. 2018).
As retrospective studies have shown, these techniques are not yet ready to generalize to
real-world data and clinical work ows (Nagendran et al. 2020, van der Laak et al. 2021,
Arvidsson et al. 2018, Kelly et al. 2019), hence this is where existing models need to
be improved the most. My concerns about model reliability are, in fact, a relevant and
debated issue in this eld (Doshi-Velez & Kim 2017, Caruana et al. 2015, Babic et al.
2021). The performance drop is most often due to the poor availability of well-curated,
multi-institutional datasets resembling real-world scenarios where data originates from
di erent hospitals, are acquired with multiple protocols and devices. This shift between
the real-world conditions of the clinical setting and the simplied ones of the existing
training and testing datasets reduces the pertinence of performance as a way to evaluate
the usefulness of a model.

The applicability of DL models to clinical settings is consequently surrounded by un-
certainty on whether the model performance will be su ciently reliable for trusting the

7
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algorithm output on the real-world tasks. This particularly worries physicians, who re-
strain from relying on opaque automated tools and question about when and why is the
model expected to fail on their data (Graziani, Marini, Otlora, Ciompi, Aztori, Fragetta

& Mualler 2021, Tonekaboni et al. 2019). As remarked by Doshi-Velez & Kim (2017), the
answer to these types of questions should be sought in a \di erent approach to evaluating
model performance"”, where the reliability of the automated outcomes is evaluated not
only by their testing performance but also by the understandability of the model mech-
anisms and priorities. Physicians often ignore the processes of feature extraction, model
selection and training that is involved in the generation of automated outcomes. If only
they were explained on the basis of which features the model can predict a certain output,
they would then be able to predict eventual model failures and justify unexpected out-
comes. Equating the \correct functioning” of a DL system to high performance on a test
set is, therefore, an insu cient de nition of the system's purpose and design objective,
particularly when this system interacts with, makes decisions about, or has an impact
on human lives (Graziani, Dutkiewiczk, Calvaresi, Pereira Amorima, Yordanova, Vered,
Nair, Abreu, Blanke, Pulignano, O. Prior, Lauwaert, Reijers, Depeursinge, Andrearczyk &
Muller 2021). Doshi-Velez & Kim (2017) de ned this fundamental under-speci cation of
the system evaluation as the main limitation towards providing reliable models, highlight-
ing the necessity of new evaluation criteria that include measuring model interpretability.

In this context, interpretability, as formally de ned in Section 2.2.1, represents a way
to gain an understanding of the underlying mechanics that drive the predictions. The
central point of this thesis work is the use of interpretability as a human-centric tool: for
the physicians, to improve their understanding of the model and the features used for the
prediction; for ML developers, to address the generalization drop; for patients, to improve
their acceptance and trust in DL-based tools for diagnostic support.

Figure 1.1 shows the high-level organization of the thesis, which is further described
in Section 1.5. Sections 1.2 and 1.3 introduce the main notions of ML and interpretability
that will be used in the other chapters. Section 1.4 presents the main research question of
this work and the thesis objectives. Section 1.7 reports the entire list of my publications.
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Figure 1.1: Organization of the manuscript. An arrow from one chapter to the other in-
dicates work that was built on top of the considerations in the previous chapters. Among
the proposed methods, this work presents the techniques of Sharp Local Interpretable
Model-agnostic Explanations (Sharp-LIME) (Graziani, Palatnik de Sousa, B. R. Vel-
lasco, Costa da Silva, Muller & Andrearczyk 2021) and Regression Concept Vectors
(RCVs) (Graziani et al. 2018)
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1.2 Machine Learning and Deep Neural Networks

This thesis assumes that the reader has experience with ML and DL. To provide self-

contained content, however, this section presents the basic concepts in ML and DL that

are used throughout the thesis. The many improvements to the methodology, network

training and architecture design that have been proposed in recent years, despite being
relevant, are not reported in this section because they are not necessary to understand
the content of this work. Most of the content in this section summarizes the concepts

presented in Goodfellow et al. (2016). Readers willing to deepen their knowledge on these
topics may refer to the reference book.

1.2.1 From Statistics to Machine Learning: Linear Regression

Developed in the eld of statistics as a way to understand the relationship between two
numerical variables, linear regression has then been borrowed by ML and is how a promi-
nent approach in this eld. Given N input-output pairs f(xi;yi)gi’\‘zl, we assume that
there is a linear function that maps each of thex; to the labelsy;. The linear regression
model is a function of the type:

f(xj)= xiW + b: (1.1

Where W 2 <" 9 js the weight matrix, b 2 < is the bias, andx; 2 <", y; 2 <.
The aim of learning a linear regression model is nding parametersV ;b that minimize
the error ovey our observed data, wich can be computed as the average sum of squares

Y= 15N o, . 2
LOGY) = § =i (xiW + b

1.2.2 Deep Feed-forward Neural Networks

Deep Feed-forward Neural Networks (DNNs) are a family of DL models in which the
input data ow in a feed-forward way. Given a mapping of some inputx to a label y
(for simplicity, we consider y 2 f 0; 1g, although this can easily be scaled toy 2 <9, with
d 1), we approximate the mapping with a function f () by learning some parameters
. These networks can have multiple internal layers which introduce a sequence of non-

linearities that are typically not observed, the reason for which they are calledhidden
layers. The DNN elaborates the data owing through each layer in cascading order, with
the intermediate computations in the hidden layers being used to compute the prediction
% = f (Xi). In these architectures, there are no connections that feed backwarg ihto the
intermediate layers.

In a network with L hidden layers, an intermediate layer| (with | < L ) computes a
function of the output of the (1  1)-th layer. This function computes what is referred to
as the pre-activated output as follows.

Z(x; )= w'h' Y(x; )+ b; (1.2)

where the matrix W ! is the weight matrix of layer | and b' is the bias. The valuez'(x) is
then passed through an activation function () to obtain the layer's output:

h'ix; Y= (Z'(x; ): (1.3)
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For a binary classi cation task, the output layer of the network is a logistic regression
function, de ned for an input z(' D as:

1

( 1)y — )
(@ V)=

(1.4)
Training a neural network consists of learning the parameters that minimize a loss
function Ly, for example, the Binary Cross-Entropy (BCE) loss:

X
Ly= o (log)+(@  y)logL $) (15)
i=1
The non-linearity introduced by the composition of multiple intermediate layers causes
the loss function to become non-convex. The optimization, in this case, needs to be
solved by an iterative optimizer that aims at reducing the loss as much as possible. This
approach, while making it possible to work in a non-convex landscape, o0 ers no guarantee
of convergence, and may be sensitive to parameter initialization. Gradient Descent (GD) is
one of the simplest and most used optimization algorithms for DL. The key idea of GD is to
follow the gradient of L for the entire training set on a downhill path. The computation of
one GD iteration on all input points is, however, very expensive since it requires evaluating
the model on the entire dataset. In practice, Stochastic Gradient Descent (SGD) is used
to evaluate the gradient on a mini-batch of m input samples drawn from the input data.
The small batches provide a regularizing e ect and have lower memory requirements than
the computation on the full dataset used in GD. The parameter update at iteration is
given by the following equation:

= 1 rL y( )j = 1 (1.6)

where 2 < g is the learning rate determining the size of the downhill step of the
gradient. It is a common practice to gradually decrease the learning rate over time,
hence having a value that also changes depending on the iteration . Several other
considerations can be made on the learning rate, for example, the addition of momentum
to accelerate the learning processes (Goodfellow et al. 2016). These are not reported in
this section for brevity. Where not clearly stated otherwise, SGD with linear weight decay
will be used for the experiments.

1.2.3 Convolutional Neural Networks

CNNs (LeCun et al. 1999) are specialized feed-forward networks used to process data with
a grid-like topology, e.g. images (2-D grid of pixels). The spatial structure of this data
motivated the design of speci c DNN architectures to reduce their complexity, i.e. number
of parameters, and exploit the translation symmetries of the data.

The convolutional layer is the building block of CNNs, consisting of a set of small
trainable Iters. Each neuron is locally connected to a small region of the output of the
preceding layer, removing the dense connections of DNNs. The spatial extent of this local
connectivity of a neuron is a hyper-parameter called thereceptive eld or lter size of the
neuron. The input to the layer is passed to a mathematical operation called convolution,
which replaces the general matrix multiplication in Eqg. 1.2. For a bidimensional input,
i.e. an imagex, the input is convolved with a two-dimensional Iter (w) to generate a
feature map ((x ~ w)(i;j )), as in the following:
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b3 h 3
(X ~w)(i;j) = (i m;i nw(m;n); (1.7)
m=1 n=1
wherew (i m;j n)is the kernel at the pixel location (m, n) and x(i m;i n)isthe
input image at the location (i m;i n)!. The purpose of the lter is to help with detecting
features in the input by activating for a certain pattern. A single Iter may be useful to
detect the same pattern at multiple locations. Based on this assumption, CNN parameters
are tied to store a single Iter that can be used at any location rather than one Iter per
location. This particular form of parameter sharing gives the convolutional layer the
property of translation equivariance?, meaning that if the input is translated, the output
is translated accordingly. The activations at all locations in the feature map are passed to
an elementwise non-linear activation function such as a Recti ed Linear Activation Unit
(RELU) that thresholds the activations above zero: max(0;z). An aggregation operation
such as max pooling or local average pooling is then used to make the representation
approximatively invariant to small translations, hence locally invariant 3.

1.3 Interpretability of Machine Learning

Interpretability is a concept rather complex to de ne in a unique way. The next sec-
tion starts from the analysis of the etymology and of existing de nitions that | published

in Graziani, Dutkiewiczk, Calvaresi, Pereira Amorima, Yordanova, Vered, Nair, Abreu,
Blanke, Pulignano, O. Prior, Lauwaert, Reijers, Depeursinge, Andrearczyk & Muller
(2021), clarifying the de nitions used in this thesis. Sections 1.3.2 discusses the con-
notation of interpretability as a social relationship of trust. This is used in Section 1.3.3
to further specify the requirements for ML interpretability development in the clinical
context.

1.3.1 Etymology and De nitions

A clear and unique de nition of terms such as interpretable, explainable, transparent and
fair does not yet exist in the context of ML, nor in the broader context of Arti cial In-
telligence (Al) (Graziani, Dutkiewiczk, Calvaresi, Pereira Amorima, Yordanova, Vered,
Nair, Abreu, Blanke, Pulignano, O. Prior, Lauwaert, Reijers, Depeursinge, Andrearczyk
& Muller 2021). The terminology used by multiple research groups presents several dis-
cordances, particularly when referring to the terms (i) interpretable and explainable, (ii)
transparent and decomposable, and (iii) intelligible and interpretable, about which | com-
ment in the following.

The meaning assigned to the words interpretable and explainable (i) emerges as one
of the main dividing points in the literature. Several researchers equate these two terms
(Miller 2019, Adadi & Berrada 2018, Arya et al. 2019, Clinciu & Hastie 2019, Murdoch
et al. 2019). An even larger number of works suggests, however, that most of the academics
di erentiate interpretability from explainability (Rudin 2019, Lipton 2018, Biran & Cotton
2017, Montavon et al. 2018, Mittelstadt et al. 2019, Chromik & Schuessler 2020, Arrieta
et al. 2020, Palacio et al. 2021).

LFor further explanations, we redirect the reader to Chapter 9 of Goodfellow et al. (2016).
2Formally, a function f (x) is equivariant to a transformation g( ) if f (g(x)) = g(f (x)).
8A function f (x) is invariant to a transformation g( ) if f (g()) = f()
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Similarly, transparency (ii) is lightly intended as a synonym of interpretability in some
publications (Murdoch et al. 2019, Arrieta et al. 2020), while it is used with the meaning
of model decomposability (as de ned by Lipton (2018)) in other papers (Clinciu & Hastie
2019, Chromik & Schuessler 2020). As Mittelstadt et al. (2019) explain, transparency can
also be seen as understanding the functioning of the model, for example, by acknowledging
particular properties such as monotonicity (Rudin 2019, Nguyen & Martnez 2019).

The concept of intelligibility (iii) is equated to inherent interpretability in Arya et al.
(2019), while it is used meaning the introduction of interpretability constraints in the
model design by Clinciu & Hastie (2019) and Montavon et al. (2018). Acknowledging these
main di erences is important to understand the points of view of the multiple research
groups in this eld.

The inconsistencies in the taxonomy caused confusion that led to several unifying
papers with the intent of clarifying the approaches Lipton (2018), Arrieta et al. (2020),
Montavon et al. (2018), Adadi & Berrada (2018), Arya et al. (2019). The technicalities
and implementation details of the interpretability methods have been used to de ne most
of the taxonomy papers. Most works do not consider the perspective of other experts that
are also involved in the use of ML: lawyers, sociologists and ethicists. This should be a
concern, since using terminology that is understandable and usable solely by the people
in ML design may cause having the helpless being led by the clueless (Miller et al. 20%7)
In other words, if interpretability is not developed in collaboration with social scientists,
there is a high risk of creating Al systems only for other researchers in Al. Section 1.3.2
further dives into this aspect, clarifying the need for a uni ed perspective from the social
and technical sciences.

These considerations drove my preliminary research on the historical formation and
the original meaning of the words used in ML interpretability (Graziani, Dutkiewiczk,
Calvaresi, Pereira Amorima, Yordanova, Vered, Nair, Abreu, Blanke, Pulignano, O. Prior,
Lauwaert, Reijers, Depeursinge, Andrearczyk & Mudller 2021). Table 1.1 reports my re-
search on the etymology of the terms, shedding light on their roots, history and intrinsic
meaning. From this and the other review works, | derived the de nition of interpretability
reported in the following:

Key Term 1 |

A multidisciplinary de nition of ML interpretability  is:

Given a ML system, interpretability constitutes a set of techniques or model prop-
erties that make the output generation process of the system explainable and un-
derstandable to humans. This can be achieved by introducing interpretability by
design i.e. before training the model parameters or by generating post-hoc ex-
planations that do not a ect the training of the model parameters. Achieving
interpretability is an iterative process that should be adapted to the receiver's re-
quirements. Interpretability analyses should foster the accountability of the system,
empowering the user with the information needed to accept or deny the automated
outcome.

As underlined by the de nition, ML interpretability is strictly connected to the hu-
man ability of understanding information. Cognitive psychology describes the process of
understanding as the ability of the human brain to infer or make predictions within the
area of the semantic memory. The semantic memory is wired by connections of neurons

4In the original paper, this problem is formulated as that of \the inmates running the asylum".
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that are created and consolidated by positive enforcement. A high-level model of such
neural connections identi es areas that are specialized for reacting to speci c stimuli (e.g.

numbers, words, shapes, colors, actions, sounds). Depending on what kind of information
is being understood, these areas may be used individually or share functions (Ward 2019).

Key Term 2 |

The understandability = of something is here used to identify the property of an
object, may this be a model or the outcome of interpretability methods, to be
understood by a human. Because the wiring of the neurons constituting the areas
in the semantic memory is a result of individual experiences, understandability
incorporates some degree of subjectivity and variability, e.g. what is understandable
to someone may not be understandable to someone else. The addressees of t
interpretability results in this work are mostly physicians without prior knowledge

of ML. Understandability here does not require any prior training concerning the
feature extraction, hyper-parameter selection and training of ML models. The
criteria used to establish whether some information is understandable for clinical
use are further discussed in Section 1.3.3. Multiple clinicians are asked to evaluate
the understandability of the proposed analyses (see Section 3.5).

The last column of Table 1.1 (ML de nition) summarizes the de nitions of other terms
such as explainability and transparency that | will refer to in the thesis.

1.3.2 Perspective from the Social Sciences

From a sociological perspective, interpretability is a natural requirement that has a par-
allelism with human decision-making (Coeckelbergh 2020). We expect bankers to explain
why they reject a loan, doctors to explain why they discontinue treatment, and politi-
cians to explain why they want to implement a certain policy. Similarly to these human
relationships, any Al system should establish a social interaction with its user (Hilton
1990). One of the goals of the interaction should be to help the user improving himental
model of the tool, namely his understanding of the system (Ho man et al. 2018). This
interaction has a social connotation since it can be seen as the negotiation of a \social
contract of trust" between the human and the system (Graziani, Dutkiewiczk, Calvaresi,
Pereira Amorima, Yordanova, Vered, Nair, Abreu, Blanke, Pulignano, O. Prior, Lauwaert,
Reijers, Depeursinge, Andrearczyk & Maller 2021). Depending on the mental model, the
user de nes how much he can rely on the system, deciding when to accept (and refuse) the
automated outcomes. In the long term, this reliance transforms into trust and sustained
uptake of the system.

The interaction itself is, however, di cult to obtain. Humans and ML systems repre-
sent the information in very distinct ways, speaking two di erent languages. A large part
of human reasoning is mostly based on high-level concepts that interact with each other
to form a semantic representation. On the contrary, semantic meaning is not directly
represented by most ML models. DL, in particular, operates on complex numeric features
such as input pixel values, internal activations and weights of intermediate layers (Kim
et al. 2018). Conventional metrics of model accuracy, speci city and sensitivity do not
su ce to meet the human requirement of gaining understanding and transparency about
the automated data processing (Doshi-Velez & Kim 2017). The interpretability analysis
shall thus clarify the features considered by the model, helping the user to understand
the model priorities when making a prediction. This can only be achieved if the user is
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Table 1.1: Etymology of the terms related to interpretability and corresponding de nition
in the ML domain as in Graziani, Dutkiewiczk, Calvaresi, Pereira Amorima, Yordanova,
Vered, Nair, Abreu, Blanke, Pulignano, O. Prior, Lauwaert, Reijers, Depeursinge, An-
drearczyk & Maller (2021).

ID Word Etymology ML De nition

1

Interpretability, Interpretable

From late Latin inter-

pretabilitis from Latin
interpetor, interpeari
(to interpret).

To interpret, comment,
explain, expose, illus-
trate, to translate.

To translate, expose,
and comment the gen-
eration process of one
or multiple ML system's

outcomes, making the
overall process under-
standable by a human.

2 Explainability, Explainable From 1600 use of ex- To explain, clarify, ex- To indicate with preci-
plain + -able adapted pose, illustrate, state sion, to illustrate what
from Latin  expéno, clearly. features or high-level
exphrare (to explain). concepts were used by

the ML system to gen-
erate predictions for one
or multiple inputs.

3 Transparency, Transparent Medieval Latin adapta- To see through. A transparent ML
tion of the words trans system is non-opaque:
(on the other side) and the roles of the indi-
@eo, p@ere (to ap- vidual components, the
pear, to show). learned paradigms, and

the overall behavior of
the model are known
and can be simulated by
a human user.

4 Intelligibility, Intelligible From Latin intelleg- To understand, compre- An intelligible ML sys-
ibilis, intellegibilis hend, decipher. tem is an understand-
(undestandable). able system with inher-

ent interpretability.

5 Accountability, Accountable From 1770 use of Used from the 1610s An accountable ML sys-
accountable  +  -ity, with the sense of \ren- tem is expected to jus-
adapted from Old dering an account", tify its outcomes and be-
French acont derived meaning providing a havior.
from Latin compuito, statement answering for
compuare, which has conduct.
multiple meanings in-
cluding to count, to
estimate, to judge and
to believe.

6 Reliability, Reliable From Scottish of the From the 1570s used To be consistently good
1560s \raliabill", de- with the sense of to de- and be worthy of trust.
rived from Old French pend, to trust, typically
relier a derivation of the used in the expression
latin elgo, elgre (to \to rely on something/-
tie, to bind). someone".

7 Auditability, Auditable From Latin noun au- The sense of hearing, An \auditable" ML sys-
dius, auditis. the act of hearing, audi- tem provides instruc-

tion. Used in the sense tions to perform an of-

of o cial audience, judi- cial audience of the

cial hearing or examina- model by extra docu-

tion. mentation and function-
alities.

8 Liability, liable From liable, derived Legal responsibility for Legal liability of a prod-
from Latin Igo, Ilgre acts. uct implementing ML,
(to tie, to bind). particularly in the case

where something goes
wrong.

9 Robustness, Robust From French robuste, The literal meaning is Robust ML systems pro-

derived  from Latin
robustus, robustum
(strong, resistant).

oaken, made of oak.
Used in the gurative

sense of strong, vigorous
and resistant.

vide secure and reliable
results also in case of
adversarial attacks, do-
main shifts and outliers.



16 CHAPTER 1. INTRODUCTION

actively considered in the development of interpretability. The following section illustrates
how this can be done in the clinical context.

1.3.3 Clinical Requirements for Model Interpretability

Tonekaboni et al. (2019) argue that the application of ML to clinical settings represents
a relevant use case for interpretability, motivated by the high stakes, the complexity of
the modeling task and the need for reliability. Physicians are the sole people legally
accountable for any diagnosis and decision-making, hence accepting ML suggestions is
seen as taking an acknowledged risk that may a ect the survival and life quality of the
patient. Interpretability is also seen the ethical requirement to provide \a factual, direct,
and clear explanation of the decision-making process, especially in the event of unwanted
consequences"” (Floridi et al. 2018, Robbins 2019). Making a mistake may impact strongly
the life of the patient, hence the ML application cannot be allowed to take decisions
independently, di erently from other contexts, e.g. recommendation systems. This sets
a major requirement, namely that ML tools for clinical use should aid the diagnosis by
interacting with the experts.

This work mainly focuses on the requirements of ML experts and physicians, but there
may be other addressees for the explanations. Patients, in the rst place, are entitled to
an explanation if the physician decides to rely on the automated outcome. Developers
may use interpretability for debugging before deployment. Software houses may also be
interested in the interpretability analysis to ensure the reliability of their tools before
deployment.

The indications of the prospective study ran by Tonekaboni et al. (2019) further con rm
the physicians' need of interpretability to justify the clinical decision-making to patients
and colleagues. In this study, they identify three requirements: (i) explanations should be
appropriate to the clinical task and they should not obfuscate the model behavior by pro-
viding redundant information; (ii) explanations should be actionable, namely, they should
identify timely and with parsimony the most relevant information that would help physi-
cians making decisions; and (iii) explanations should be consistent to data or parameter
shifts that do not modify the model outcome.

In this thesis, | envision a circular life-cycle of automated tools for supporting the
diagnosis similar to that depicted in Figure 1.2, where the collaboration between ML
developers and physicians is exploited at multiple stages of the development. | argue
that physicians should be part, not only of the data collection and annotation stages as
in the current practices but also of the model evaluation process. This may be possible
thanks to interpretability toolboxes that are understandable to physicians and that can
be used to evaluate their reliability on the model. The collected feedback can be used to
improve at the same time the degree of understandability of the explanations given by the
interpretability toolboxes and the performance of the models.

1.4 Research Questions and Objectives

The previous chapters summarize the basic notions and de nitions in the area concerning
the interpretability of DL predictions for Medical Image Analysis (MIA) tasks. Based on
my research interests, my analysis of the requirements in Sec. 1.3.3 and the literature
review in Chapter 2, | identi ed a research question that is not yet su ciently covered by
the academic literature:
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Figure 1.2: A physician-centered software development scheme to achieve improved inter-
pretability and performance of decision support toolboxes for cancer diagnosis in digital
pathology.

Main Research Question |

Can we make DL models for medical image classi cation more understandable to
physicians? How can this analysis be used to improve model generalization?

This research question has a general focus on medical image classi cation. For sim-
plicity, this thesis work mostly concerns applications to digital pathology, although it can
be extended to other imaging modalities. Particularly, this work applies to the detection
of tumor metastases in Whole Slide Images (WSIs) of breast lymph node sections. The
wider impact of this work is demonstrated for texture analysis in Graziani, Andrearczyk
& Muller (2019), radiology in Yeche et al. (2019) and eye fundus in Graziani, Brown, An-
drearczyk, Yildiz, Campbell, Erdogmus, loannidis, Chiang, Kalpathy-Cramer & Muller
(2019).

The objectives of the thesis are the following:

1. developing new interpretability methods and explanations for DL-based medical im-
age classi cation that show improved understandability by physicians;

2. developing new DL approaches that use interpretability as a means to improve the
guality of the DL models in terms of their performance and generalization.

1.5 Thesis structure

The thesis is structured as follows.

The purpose of Chapter 2 is to introduce the main concepts about digital pathology and
to present a literature review of interpretability methods in this context. At the beginning
of Chapter 3 (in Section 3.2), | further contribute to the literature review by proposing a
gquantitative evaluation of the reliability and consistency of the two most frequently used
interpretability methodologies in the eld, namely Gradient-weighted Class Activation
Mapping (Grad-CAM) by Selvaraju et al. (2017) and Locally Interpretable Model-agnostic
Explanations (LIME) (Ribeiro et al. 2016). This evaluation contributes to the thesis focus
since they show the important limitations of the existing methods in terms of consistency,
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understandability and reliability, as also remarked by other studies (Adebayo et al. 2018,
Rudin 2019, Babic et al. 2021).

Chapter 3 targets the rst objective of the thesis (in Section 1.4), which is generating
post-hoc explanations that are more understandable to the physicians. The approaches in
these chapters overcome the limitations in Chapter 2 and provide a way to generate more
user-centric and user-friendly explanations than traditional methods. The new methods
are evaluated by an interactive interface that was developed to collect feedback from the
physicians, showing how my vision in Section 1.3.3 (in Figure 1.2) can be translated into
concrete practice.

Chapter 4 focuses on the second objective of the thesis, namely improving the model
performance and generalization. The method in Section 4.2 uses the interpretability ap-
proach developed in Chapter 3 to change the representations learned by the model and
preserve scale covariance, improving the performance over the existing baseline. Sec-
tion 4.3 presents a general framework that allows physicians to guide CNN training by
identifying which clinical features should be considered by the model during training and
which should be discarded.

The aim of Chapter 5 is to discuss the assets and limitations of the methods presented
in this work, together with the potential impact that some of the methodologies may have
on the future research scenario, and the software market in digital pathology.

Chapter 7 summarizes the conclusions that should be derived from this work.

1.6 Contributions

The contributions in this thesis are based on some existing approaches in the literature
such as Concept Activation Vectors (CAV) (Kim et al. 2018), LIME Ribeiro et al. (2016),
Multi-task Learning (MTL) Caruana (1997) and domain adversarial training (Ganin et al.
2016). Some of the works presented in the manuscript are reported from the peer-reviewed
and published works where | contributed the most as the rst author Graziani et al. (2018),
Graziani, Brown, Andrearczyk, Yildiz, Campbell, Erdogmus, loannidis, Chiang, Kalpathy-
Cramer & Muller (2019), Graziani, Muller & Andrearczyk (2019), Graziani, Andrearczyk
& Muller (2019), Graziani, Andrearczyk, Marchand-Maillet & Maller (2020), Graziani,
Lompech, Maller & Andrearczyk (2021), Graziani, Palatnik de Sousa, B. R. Vellasco,
Costa da Silva, Mdller & Andrearczyk (2021). This thesis, however, also contains new
pieces of work that | developed that are still undergoing the reviewing process, such as
the architecture merging multi-task learning and domain adversarial training presented in
Section 4.3.

The most notable contributions of this thesis are:

1. The quanti cation of the reliability and consistency of existing interpretability tools
for digital pathology reported in Section 3.2. The proposed evaluation shows that
the existing methods have important limitations, some of which are overcome in
Chapters 3 and 4 as the second contribution of this work

2. The development of new post-hoc explainability methods that can be applied to
multiple imaging modalities, for which the methods are described in Sections 3.3
and 3.4. The proposed techniques are easier to understand by physicians than the
existing ones, as shown by the evaluation with user tests in Section 3.5. They also
show improved consistency and reliability.
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3. The development of methodologies that build on top of the work in Chapters 2
and 3 to improve the model performance and generalization. In particular, the
methodology developed in Section 3.4 is used as a building block to: (i) introduce
an interpretable change that preserves scale-covariance in the features learned by a
pre-existing CNN architecture for the magni cation regression of digital pathology
images, as shown in Section 4.2 and (ii) develop a novel CNN architecture for tumor
detection in WSI that shows improved generalization to new acquisition centers, as
reported in Section 4.3. In both cases, the experimental evidence shows performance
improvements over traditional approaches.

The code for the experiments presented in this manuscript is available athttps:
/lgithub.com/maragraziani

1.7 List of publications

Some of the contributions in this thesis appear in the following publications and preprints.
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of Interpretable Al. Unifying the Terminology for the Technical and Social Sciences.
Submitted to Arti cial Intelligence Reports.
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Chapter 2

Interpretable Deep Learning for
Digital Pathology

2.1 Convolutional Neural Networks for Digital Pathology

The methods in this thesis are presented for the speci ¢ application to digital pathology
tasks. Where not clearly stated otherwise, the task considered is the detection of Breast
Cancer Metastases in Lymph Nodes (BCMLN). With an estimated number of a ected
women worldwide of 271270 in 2018 and an increasing humber of women dying from this
disease (28 % increase from 2017 with 41760 estimated deaths), breast cancer is the
second leading cause of cancer death among women (Siegel et al. 2019, Ehteshami Be-
jnordi 2017). Being the most likely target for initial metastases, axillary lymph nodes are
analyzed to determine the spreading stage to neighboring areas. The traditional work ow
to diagnose BCMLN is the same as that for the diagnosis of breast cancer, where a tissue
sample is carefully inspected at the microscope by a pathologist. Importantly, traditional
microscopes are increasingly being replaced by digitalized approaches (Fraggetta et al.
2017, Stathonikos et al. 2013, Grin & Treanor 2017), with institutions transitioning to
fully digital work ows as that in Figure 2.1.

Figure 2.1: Digital work ow. lllustration adapted from Graziani, Marini, Otlora, Ciompi,
Aztori, Fragetta & Maller (2021).

In this work ow, the collection of the specimens and shipment to the laboratory are the
initial steps. After grossing and processing, xation is performed to preserve the tissue,
which is embedded into para n, and cut into thin slices (i.e. sectioning) mounted onto
glass slides. Most of these operations are now automatized with minimal user interaction
needs. The slices are then stained with di erent reactors to identify tissue structures and
cellular features. Hematoxylin and Eosin (H&E) is the most common staining procedure.

5An example can be found in the Leica Automated Tissue Processor leica-microsystems.com
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Hematoxylin highlights the nucleus cytoplasm, membrane, and chromatin patterns. Eosin
produces a tri-tonal staining e ect shading epithelial cell cytoplasm with deep magenta,
collagen with light pink and nucleoli with purple. Other staining techniques that are not
analyzed in this work are Immunohistochemistry (IHC) and In-Situ Hybridization (ISH).

The stained slides are passed through high-resolution slide scanners, which capture
digital images of the slide at the micron level (up to 160nm per pixel). WSIs can show
cellular details as those shown by a microscope and are stored in a pyramidal structure
with intermediate layers being down-sampled versions of the original image. The use of
digital slides opens a broad range of new possibilities and a wide set of functionalities that
may assist clinicians in their daily routines (Gri n & Treanor 2017). Most importantly,
it sets a solid base for developing CNNs that learn patterns from the image archives (llse
et al. 2020, Zhang et al. 2019, Gurcan et al. 2009, Janowczyk & Madabhushi 2016, Litjens
et al. 2017, Ehteshami Bejnordi et al. 2017).

Before introducing automated approaches, it is important to understand the features
that pathologists consider to determine the severity, the type of cancer (i.e. ductal, lobular
and in-situ or invasive) and the prognosis. Elston & Ellis (1991) showed that tumor grade
is an important prognostic indicator, representing the aggressive power of the tumor. This
is assessed by looking at the three factors illustrated in Figure 2.2, namely (i) the formation
of glands, (ii) the degree of nuclear pleomorphism, and (iii) the mitotic rate. The diagnosis
process is time-consuming and error-prone, with the rate of over-looking small metastases
higher than 60% (Van Diest et al. 2010). The grading of the tumor severity is also very
subjective, reporting high inter-observer variability (Ehteshami Bejnordi et al. 2017).

Figure 2.2: Prognostic indicators used for tumor grading. Adapted frompathology.jhu.
edu/breast/staging-grade/  , last access July 2020.

Al-based approaches may help to overcome the shortcomings of subjective evaluation,
for example by identifying malignant areas, by providing objective measures that charac-
terize the tissue structure and by giving diagnosis and prognosis suggestions. The detection
and segmentation of tumor regions are two very common tasks, for which DL models and
in particular CNNs are the most frequently chosen approaches (Litjens et al. 2017, Bera
et al. 2019, Campanella et al. 2019). Training CNNs on pathology images presents multiple
challenges, which are described by several reviews on the matter (Janowczyk & Madab-
hushi 2016, Campanella et al. 2019, Litjens et al. 2017, Gurcan et al. 2009). WSiIs contain
hundreds of thousands of pixels, and CNN training requires hundreds of them with local
annotations of the tumor. Generating annotations of tumor contours is, besides, a tedious
and expensive process for pathologists, that rarely reaches pixel-level precision (Janowczyk






