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Resumo

Os algoritmos de inteligência artificial permitiram aos computadores aprender diretamente a partir
de dados para resolver um problema específico. Com o advento da aprendizagem profunda, o
desempenho preditivo destes algoritmos aumentou, especialmente na área de imagem médica.
Apesar de atingirem um desempenho preditivo que desafia o ser humano em várias tarefas, estes
métodos ainda sofrem de um comportamento opaco devido à sua complexidade. Esta falta de
transparência pode comprometer a adoção destas tecnologias em domínios que dependem de
decisões de alto risco, em que o processo de raciocínio deve ser transparente e claro. Esta tese
centra-se no domínio da saúde, no qual esta tecnologia tem alimentado sistemas de apoio à decisão
médica para ajudar os profissionais de saúde nas decisões clínicas. Além disso, sabemos que esta
comunidade valoriza a existência de explicações para justificar as suas decisões clínicas. Esta
questão motivou a investigação em inteligência artificial explicável, que se centra em desvendar o
funcionamento interno dos algoritmos de aprendizagem automática. Embora não se centre numa
aplicação médica específica, esta tese baseou-se na avaliação estética dos resultados da cirurgia do
cancro da mama e na patologia computacional para ilustrar algumas das metodologias propostas nos
trabalhos que fazem contribuições aplicadas. No que diz respeito às contribuições fundamentais, a
gama de casos de uso é diversificada, uma vez que este projeto visava abordar alguns dos atuais
desafios em aberto no domínio da inteligência artificial explicável para a saúde.

Na primeira fase deste projeto, preocupamo-nos em aprender o que é relevante, estudando
o papel dos mecanismos de atenção em algoritmos de aprendizagem profunda para a análise
de imagem médica. Apresentamos três casos de estudo diferentes (classificação de imagem
médica, pesquisa e obtenção de imagem médica e patologia computacional) em que os mecanismos
de atenção desempenham um papel fundamental, procurando compreender o seu impacto no
desempenho dos algoritmos e os seus potenciais benefícios para a interpretabilidade, robustez ou
transparência. Uma vez que as decisões médicas se baseiam frequentemente em fontes de dados
clínicos díspares, a segunda fase deste projeto centra-se em estratégias de aprendizagem automática
multimodal que possam tirar partida da informação de vários tipos de dados para uma decisão clínica.
Apresentamos três casos de estudo (pesquisa e obtenção multimodal de imagem médica, pesquisa
e obtenção multimodal de imagem médica orientadas por mecanismos de atenção e patologia
computacional multimodal) em que as estratégias multimodais beneficiam (potencialmente) o poder
preditivo dos algoritmos, contribuindo indiretamente para a sua robustez e transparência. Dado que
as aplicações em saúde também exigem decisões de alto risco, concordamos que a comunidade
deve avançar para o desenvolvimento de algoritmos de aprendizagem automática inerentemente
interpretáveis. Assim, na terceira fase deste projeto, procurámos compreender como construir
algoritmos que o ser humano consiga compreender e analisámos três casos de estudo que mostram
como funcionam os algoritmos inerentemente interpretáveis e mostram as suas aplicações em
tarefas médicas (classificação e pesquisa e obtenção de imagem médica com redes B-cos e estudo
do potencial da aprendizagem prototípica para abordagens contrafactuais).

Esta tese narra uma estória sobre a obtenção de algoritmos transparentes e interpretáveis para
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aplicações no domínio da saúde. Discutimos a nossa jornada através de diferentes dimensões do
domínio da inteligência artificial explicável, na qual explorámos diversas linhas de investigação e
tentámos contribuir para resolver os desafios apresentados pelo estado da arte.

Palavras-chave: aprendizagem automática interpretável, aprendizagem automática multimodal,
aprendizagem contrafactual, aprendizagem profunda, aprendizagem prototípica, classificação de
imagens médicas, inteligência artificial, inteligência artificial explicável, patologia computacional,
pesquisa e obtenção de imagens médicas, sistemas de apoio à decisão médica, visão computacional



Abstract

Artificial intelligence algorithms have enabled computers to learn directly from data to solve a
specific problem. With the advent of deep learning, the performance of these algorithms has
increased, especially in medical imaging cases. Despite their human-challenging predictive perfor-
mance in several tasks, these methods still suffer from black-box behaviour due to their complexity.
This lack of transparency may jeopardise the adoption of these technologies in fields that rely
on high-stakes decisions, where the reasoning process must be transparent and clear. This thesis
focuses on the healthcare community, where this technology has powered medical decision support
systems to help health professionals in clinical decisions. Besides, this community values the
existence of explanations to justify their clinical decisions. This issue motivated the research on
explainable artificial intelligence, which focuses on unveiling the inner functioning of machine
learning algorithms. Although not focused on a specific medical application, this thesis relied on the
aesthetic assessment of breast cancer surgery outcomes and computational pathology to illustrate
some of the proposed methodologies in the applied contributions. Concerning the fundamental
contributions, the range of use cases is diverse, as this project aimed to tackle some of the current
open challenges in explainable artificial intelligence for healthcare.

In the first phase of this project, our main focus lies in learning what is relevant by studying the
role of attention mechanisms in deep learning algorithms for medical image analysis. We present
three different case studies (medical image classification, medical image retrieval and computa-
tional pathology) where attention mechanisms play a role, seeking to understand their impact on
the performance of the algorithms and their potential benefits to interpretability, robustness or
transparency. As medical decisions often rely on disparate clinical data sources, the second phase of
this project focuses on multi-modal machine learning strategies that could leverage the information
of several data types towards a clinical decision. We showcase three case studies (multi-modal
medical image retrieval, attention-driven multi-modal medical image retrieval and multi-modal
computational pathology) where multi-modal strategies (potentially) benefit the predictive power
of algorithms, indirectly contributing to their robustness and transparency. Given that healthcare
applications also require high-stakes decisions, we agree that the community should move towards
developing inherently interpretable machine learning algorithms. Hence, in the third phase of this
project, we sought to understand how to build human-understandable algorithms and analyse three
case studies that depict how inherently interpretable algorithms work and show their applications
in medical tasks (B-cos networks for medical image classification and retrieval and dissect the
potential of prototypical learning for counterfactual approaches).

This thesis depicts the narrative of achieving transparent and interpretable algorithms for
healthcare applications. We discuss our journey through different dimensions of the realm of
explainable artificial intelligence, in which we explored diverse lines of research and tried to make
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contributions to the resolution of the challenges presented in the state-of-the-art.

Keywords: artificial intelligence, computational pathology, computer vision, counterfactual learn-
ing, deep learning, explainable artificial intelligence, interpretable machine learning, medical
decision support systems, medical image classification, medical image retrieval, multi-modal
machine learning, prototypical learning
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Chapter 1

Introduction

1.1 Context and Motivation

The advent of deep learning (i.e., access to more data and computational resources) allowed artificial

intelligence (AI) algorithms to achieve remarkable human-like performances in several applications,

such as healthcare [9]. However, despite their human-challenging predictive performance in

several tasks, these models still suffer from black-box behaviour and often fail in seemingly simple

situations [10]. These idiosyncrasies may jeopardise the acceptance of tools based on these models,

especially in fields that rely on high-stakes decisions (e.g., finance, law, medicine, and politics),

where it is of utmost importance that the reasoning process is transparent for both the decision-

makers and the ones influenced by such decisions [11]. This context motivated the research on

explainable artificial intelligence (xAI), aiming to unveil the inner functioning of machine learning

algorithms [12].

Generally, research on xAI can be seen as a three-stage workflow (i.e., pre-model, in-model and

post-model) [13]. Pre-model methods focus on understanding the data distribution before building

the model through exploratory data analysis [14, 15, 16, 17]. In-model methods seek to integrate

interpretability inside the model, either by relying on models based on rules [18, 19], based on

cases [20, 21, 22], through the use of regularisation techniques (e.g., sparsity, monotonicity) during

training [23, 24], by guiding the neural network into learning relevant concepts [25, 26], or by

seeking to integrate causal knowledge into the network [27, 28]. Finally, post-model methods are

related to a posterior analysis of the model predictions, either producing saliency maps through

gradient information [29, 30, 7], deconvolution [31, 32], optimisation [33], decomposition [34, 35],

or through a connection with high-level semantic concepts [36, 37, 25]. As most of the initial

works in xAI tried to explain models using a post-hoc approach (i.e., explaining a model after

training) [38, 39], the community realised that despite the practicality of having model-independent

methods to generate explanations, we must take into account that other challenges arise: how to

explain such explanations [40] or how to ensure that these explanation-generation methods are

robust against adversarial attacks [41]. Therefore, in high-stake decision fields such as healthcare,

1
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it may be preferable to focus on intrinsically interpretable models (i.e., models that integrate

interpretable rules by design) [42].

Both clinical and technical communities acknowledge that the field of interpretable machine

learning for healthcare still has several open challenges that require our attention. This thesis

project was a fair opportunity to tackle some of these open challenges and to work towards novel

contributions to interpretable algorithms for healthcare. Although we believe that post-hoc methods

might serve to check models’ behaviour and to validate if the predictions are coherent [43] and

robust, we also devoted some efforts to understanding the quality of these xAI models.

1.2 United Nations Sustainable Development Goals

The United Nations (UN) Sustainable Development Goals (SDGs) (see Figure 1.1) work as a global

partnership between countries (developed and developing) to end poverty and other deprivations,

with strategies that improve health and education, reduce inequality, and promote economic growth

while tackling climate change and working to preserve our oceans and forests [44]. They are the

core of the 2030 Agenda for Sustainable Development [45], adopted by all UN Member States in

2015. It provides a shared blueprint for peace and prosperity for people and the planet, now and

into the future. We consider this thesis to be related to the following SDGs:

• Goal #3 “Ensure healthy lives and promote well-being for all at all ages”: this research work

aims to contribute to the development of novel AI algorithms for the medical community that

can lead to better and transparent medical decisions while keeping high performance;

• Goal #9 “Build resilient infrastructure, promote inclusive and sustainable industrialisation

and foster innovation”: research on AI algorithms can contribute towards making processes

more efficient and help stakeholders of public or private sectors to see innovation as a top

priority;

• Goal #10 “Reduce inequality within and among countries”: developing transparent and

interpretable medical AI algorithms can help us identify and fix structural or cultural biases

related to systematic inequalities.

1.3 Objectives and Document Structure

This thesis aims to study and develop interpretable computer vision and machine learning algorithms

for medical decision support systems. The attentive reader will notice that we do not specify a single

medical application. However, this thesis relies on the aesthetic assessment of breast cancer surgery

outcomes and computational pathology use cases to illustrate some of the proposed methodologies

in the applied contributions (for the fundamental contributions, the range of use cases is diverse). In

this thesis, we approach the field of interpretable machine learning from different dimensions and



1.3 Objectives and Document Structure 3

Figure 1.1: The United Nations Sustainable Development Goals.

try to identify new applications or details of improvement. Moreover, the experimental Chapters

of this document often look at the same (or similar) tasks from different algorithmic perspectives

and discuss the benefits and limitations of each. Although each Chapter is self-contained (given

the disparate lines of research discussed in this thesis), the reader will notice that there is a fluid

storyline, giving them the necessary intuition to relate each Chapter to the next (or the previous).

Thus, the following constitute the main scientific and technical objectives of the project:

• Assessing the quality of current techniques that aim to promote interpretability in the medical

context;

• Investigating novel algorithms and applications of inherently interpretable artificial intelli-

gence for medical applications;

• Understanding the role of diverse data modalities (i.e., multi-modal medical data) and

different data fusion approaches in the predictive power of algorithms.

Including this Introduction, this thesis contains seven Chapters:

• Chapter 2, which contextualises the topics described in this thesis and contains theoretical

background on the fundamentals of deep learning and explainable artificial intelligence;

• Chapter 3, which describes the datasets used in the experimental part of the works reported

in this thesis;

• Chapter 4, which focuses the discussion on the study of deep learning algorithms based on

attention mechanisms and their application to medical data, including classification, retrieval

and multiple instance learning (digital pathology);
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• Chapter 5, which explores the potential of multi-modal machine learning in medical data,

especially in medical image retrieval, and on multiple instance learning (digital pathology);

• Chapter 6, which dives into the realm of inherently interpretable machine learning and

presents disparate applications of this field in medical data, including works related to

different deep learning architectures (i.e., B-cos networks), medical image retrieval and

prototypical learning;

• Chapter 7, which provides the concluding remarks of this thesis, reflects on the current

challenges of this field and suggests future work directions.

1.4 Contributions

This doctoral thesis starts with the hypothesis that xAI approaches are essential (or even mandatory)

to the medical domain. Following the literature and all the claims that the trade-off between

interpretability and predictive performance was not relevant (i.e., not significant), we hypothesised

that, for the medical domain (independently of the application), these algorithms would lead us to

the right path, without harming (significantly) performance or optimisation. To test this hypothesis,

we tackled the field of xAI (for the medical domain) from three points of view:

1. Learning What is Relevant: we made fundamental and applied contributions to the topic

of attention mechanisms for medical image classification, medical image retrieval and

computational pathology (see Chapter 4). We assessed the potential benefits of using

attention mechanisms (for medical image classification), found that attention-driven models

can learn embedding spaces that contain more meaningful information about the pathology

(for medical image retrieval), and confirmed their quality as feature extraction and score

aggregation operators (for computational pathology).

2. Learning from Disparate Sources of Data: we made applied contributions to the topic of

multi-modal machine learning for medical image retrieval and computational pathology (see

Chapter 5). We proposed a multi-modal framework for medical image retrieval, extended

this study with attention mechanisms (establishing the connection to the previous topic),

and increased the work on computational pathology studying the impact of multi-modal

approaches in algorithms’ predictive performance.

3. Learning in a Human Understandable Way: we made fundamental and applied contribu-

tions to the topic of inherently interpretable machine learning for medical image classification,

medical image retrieval and counterfactual learning with prototypes (see Chapter 6). We

studied the suitability of B-cos networks for medical applications (classification and retrieval)

and dissected the paradigm of prototypical learning and its potential use in counterfactual

learning and retrieval.
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1.5 Publications

During his doctoral studies, the author collaborated in research in computer vision and interpretable

machine learning applied to healthcare and biometrics. In this Section, we list all the publications

that resulted (directly and indirectly) from the doctoral research described in this thesis.

The core work of this thesis, described in Chapters 4 – 6, resulted in five articles in international

journals and conference proceedings. The publications are enumerated below, clustered by type

and in reverse chronological order:

5. Mohammad Hossein Zolfagharnasab and Nuno Freitas and Tiago Goncalves and Eduard

Bonci and Carlos Mavioso and Maria J. Cardoso and Helder P. Oliveira and Jaime S. Cardoso,

“Predicting Aesthetic Outcomes in Breast Cancer Surgery: A Multimodal Retrieval Approach,”

in Proceedings of the Deep Breast Workshop on AI and Imaging for Diagnostic and Treatment

Challenges in Breast Care (in MICCAI 2024), 2024 [46]

4. I. Rio-Torto, T. Gonçalves, J. S. Cardoso, and L. F. Teixeira, “On the Suitability of B-cos

Networks for the Medical Domain,” in 2024 IEEE International Symposium on Biomedical

Imaging (ISBI), pp. 1–5, 2024 [47]

3. T. Gonçalves, D. Pulido-Arias, J. Willett, K. V. Hoebel, M. Cleveland, S. R. Ahmed, E. Ger-

stner, J. Kalpathy-Cramer, J. S. Cardoso, C. P. Bridge, and A. E. Kim, “Deep Learning-based

Prediction of Breast Cancer Tumor and Immune Phenotypes from Histopathology,” 2024

[48]

2. W. Silva, T. Gonçalves, K. Härmä, E. Schröder, V. C. Obmann, M. C. Barroso, A. Poellinger,

M. Reyes, and J. S. Cardoso, “Computer-aided diagnosis through medical image retrieval in

radiology,” Scientific Reports, vol. 12, no. 1, p. 20732, 2022 [49]

1. T. Gonçalves, I. Rio-Torto, L. F. Teixeira, and J. S. Cardoso, “A Survey on Attention

Mechanisms for Medical Applications: Are We Moving Toward Better Algorithms?,” IEEE

Access, vol. 10, pp. 98909–98935, 2022 [50]

At a national level, this work resulted in ten short papers presented at the Portuguese Conference

on Pattern Recognition (RECPAD) from 2021 through 2024 (four editions). The publications are

enumerated below, clustered by type and in reverse chronological order:

10. T. Gonçalves, L. Capozzi, A. Rebelo, and J. S. Cardoso, “Deep Image Segmentation based

on Mutual Information: A Study,” in 30th Portuguese Conference in Pattern Recognition

(RECPAD), (Covilhã, Portugal), 2024 [51]

9. L. Capozzi, T. Gonçalves, J. S. Cardoso, and A. Rebelo, “Towards Fingerprint Presentation

Attack Generation using Generative Adversarial Networks,” in 30th Portuguese Conference

in Pattern Recognition (RECPAD), (Covilhã, Portugal), 2024 [52]
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8. M. H. Zolfagharnasab, N. Freitas, T. Gonçalves, E. Bonci, C. Mavioso, M. J. Cardoso, H. P.

Oliveira, and J. S. Cardoso, “Multimodal Deep Learning for Predicting Aesthetic Outcomes

in Breast Cancer Surgery,” in 30th Portuguese Conference in Pattern Recognition (RECPAD),

(Covilhã, Portugal), 2024 [53]

7. T. Gonçalves, L. Capozzi, A. Rebelo, and J. S. Cardoso, “Optimisation of Deep Neural

Networks using a Genetic Algorithm: A Comparative Study,” in 29th Portuguese Conference

in Pattern Recognition (RECPAD), (Coimbra, Portugal), 2023 [54]

6. L. Capozzi, T. Gonçalves, J. S. Cardoso, and A. Rebelo, “Analysis of Neurons’ Information

in Deep Spiking Neural Networks using Information Theory,” in 29th Portuguese Conference

in Pattern Recognition (RECPAD), (Coimbra, Portugal), 2023 [55]

5. I. Rio-Torto, C. Patrício, H. Montenegro, T. Gonçalves, and J. S. Cardoso, “Detecting

Concepts and Generating Captions from Medical Images,” in 29th Portuguese Conference in

Pattern Recognition (RECPAD), (Coimbra, Portugal), 2023 [56]

4. H. Montenegro, P. Neto, C. Patrício, I. Rio-Torto, T. Gonçalves, and L. F. Teixeira, “Eval-

uating Privacy on Synthetic Images Obtained using Deep Generative Models,” in 29th

Portuguese Conference in Pattern Recognition (RECPAD), (Coimbra, Portugal), 2023 [57]

3. E. Caldeira, E. M. Castro, and T. Gonçalves, “From Easy to Hard: A Curriculum Learn-

ing Approach for Breast Lesion Classification,” in 28th Portuguese Conference in Pattern

Recognition (RECPAD), (Leiria, Portugal), 2022 [58]

2. R. C. Diana Teixeira e Silva and T. Gonçalves, “Preliminary Study on Deep Iterative Semantic

Segmentation,” in 28th Portuguese Conference in Pattern Recognition (RECPAD), (Leiria,

Portugal), 2022 [59]

1. T. Gonçalves and J. S. Cardoso, “Preliminary Study on the Impact of Attention Mechanisms

for Medical Image Classification,” in 27th Portuguese Conference in Pattern Recognition

(RECPAD), (Évora, Portugal), 2021 [60]

The work related to collaborations or other research activities (e.g., challenges, competitions,

hackathons, and student supervision) also played an essential role in developing the main storyline

of this thesis, resulting in nineteen articles and nine abstracts in international journals and conference

proceedings. The publications are enumerated below, clustered by type and in reverse chronological

order:

• Articles in International Journals and Conference Proceedings:

19. T. Gonçalves, A. Hedström, A. Pahud de Mortanges, X. Li, H. Müller, J. S. Cardoso,

and M. Reyes, “Chapter 15 - Interpretable AI for medical image analysis: methods, eval-

uation, and clinical considerations,” in Trustworthy AI in Medical Imaging (M. Lorenzi
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and M. A. Zuluaga, eds.), The MICCAI Society book Series, pp. 315–346, Academic

Press, 2025 [61]

18. M. Vieira, T. Gonçalves, W. Silva, and A. F. Sequeira, “An End-to-End Framework

to Classify and Generate Privacy-Preserving Explanations in Pornography Detection,”

in 2024 International Conference of the Biometrics Special Interest Group (BIOSIG),

pp. 1–6, 2024 [62]

17. M. M. Beirão, J. Matos, T. Gonçalves, C. Kase, L. F. Nakayama, D. de Freitas, and

J. S. Cardoso, “Classification of Keratitis from Eye Corneal Photographs using Deep

Learning,” in 2024 IEEE International Conference on Bioinformatics and Biomedicine

(BIBM), pp. 3060–3065, 2024 [63]

16. P. C. Neto, R. M. Mamede, C. Albuquerque, T. Gonçalves, and A. F. Sequeira, “Mas-

sively Annotated Datasets for Assessment of Synthetic and Real Data in Face Recogni-

tion,” 2024 [64]

15. Inês Martins and João Matos and Tiago Goncalves and Leo A. Celi and An-Kwok Ian

Wong and Jaime S. Cardoso, “Evaluating the Impact of Pulse Oximetry Bias in Machine

Learning under Counterfactual Thinking,” in Proceedings of the Third Workshop on

Applications of Medical Artificial Intelligence (AMAI) (in MICCAI 2024), 2024 [65]

14. Eduarda Caldeira and Pedro C. Neto and Tiago Gonçalves and Naser Damer and Ana F.

Sequeira and Jaime S. Cardoso, “Disentangling Morphed Identities for Face Morphing

Detection,” Science Talks, vol. 10, p. 100331, 2024 [66]

13. R. Cruz, D. T. e. Silva, T. Gonçalves, D. Carneiro, and J. S. Cardoso, “Two-Stage

Framework for Faster Semantic Segmentation,” Sensors, vol. 23, no. 6, 2023 [67]

12. E. Castro, P. M. Ferreira, A. Rebelo, I. Rio-Torto, L. Capozzi, M. F. Ferreira, T. Gonçalves,

T. Albuquerque, W. Silva, C. Afonso, et al., “Fill in the blank for fashion complemen-

tary outfit product Retrieval: VISUM summer school competition,” Machine Vision and

Applications, vol. 34, no. 1, p. 16, 2023 [68]

11. O. Kaidar-Person, M. Antunes, J. S. Cardoso, O. Ciani, H. Cruz, R. Di Micco, O. D.

Gentilini, T. Gonçalves, P. Gouveia, J. Heil, P. Kabata, D. Lopes, M. Martinho, H. Mar-

tins, C. Mavioso, M. Mika, H. Montenegro, H. P. Oliveira, A. Pfob, N. Rotmensz,

T. Schinköthe, G. Silva, R. Tarricone, M.-J. Cardoso, and on behalf of the CIN-

DERELLA Consortium, “Evaluating the ability of an artificial-intelligence cloud-based

platform designed to provide information prior to locoregional therapy for breast cancer

in improving patient’s satisfaction with therapy: The CINDERELLA trial,” PLOS ONE,

vol. 18, pp. 1–12, 08 2023 [69]

10. P. Serrano e Silva, R. Cruz, A. S. M. Shihavuddin, and T. Gonçalves, “Interpretability-

Guided Human Feedback During Neural Network Training,” in Pattern Recognition

and Image Analysis (A. Pertusa, A. J. Gallego, J. A. Sánchez, and I. Domingues, eds.),

(Cham), pp. 276–287, Springer Nature Switzerland, 2023 [70]
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9. E. Caldeira, P. C. Neto, T. Gonçalves, N. Damer, A. F. Sequeira, and J. S. Cardoso,

“Unveiling the Two-Faced Truth: Disentangling Morphed Identities for Face Morphing

Detection,” in 2023 31st European Signal Processing Conference (EUSIPCO), pp. 955–

959, 2023 [71]

8. H. Montenegro, P. Neto, C. Patrício, I. Rio-Torto, T. Gonçalves, and L. F. Teixeira,

“Evaluating Privacy on Synthetic Images Generated using GANs: Contributions of the

VCMI Team to ImageCLEFmedical GANs 2023,” Challenge, p. 8, 2023 [72]

7. I. Rio-Torto, C. Patrício, H. Montenegro, T. Gonçalves, and J. S. Cardoso, “Detecting

concepts and generating captions from medical images: Contributions of the VCMI

team to Image-CLEFmedical caption 2023,” in CLEF2023 Working Notes, CEUR

Workshop Proceedings, CEUR-WS. org, Thessaloniki, Greece, 2023 [73]

6. D. T. e Silva, R. Cruz, T. Gonçalves, and D. Carneiro, “Two-stage semantic segmen-

tation in neural networks,” in Fifteenth International Conference on Machine Vision

(ICMV 2022) (W. Osten, D. P. Nikolaev, and J. J. Zhou, eds.), vol. 12701, p. 127010G,

International Society for Optics and Photonics, SPIE, 2023 [74]

5. M. Huber, F. Boutros, A. T. Luu, K. Raja, R. Ramachandra, N. Damer, P. C. Neto,

T. Gonçalves, A. F. Sequeira, J. S. Cardoso, J. Tremoço, M. Lourenço, S. Serra, E. Cer-

meño, M. Ivanovska, B. Batagelj, A. Kronovšek, P. Peer, and V. Štruc, “SYN-MAD

2022: Competition on Face Morphing Attack Detection Based on Privacy-aware Syn-

thetic Training Data,” in 2022 IEEE International Joint Conference on Biometrics

(IJCB), pp. 1–10, 2022 [75]

4. P. C. Neto, T. Gonçalves, M. Huber, N. Damer, A. F. Sequeira, and J. S. Cardoso, “Or-

thoMAD: Morphing Attack Detection Through Orthogonal Identity Disentanglement,”

in 2022 International Conference of the Biometrics Special Interest Group (BIOSIG),

pp. 1–5, 2022 [76]

3. I. Rio-Torto, C. Patrício, H. Montenegro, and T. Gonçalves, “Detecting Concepts

and Generating Captions from Medical Images: Contributions of the VCMI Team to

ImageCLEFmedical 2022 Caption,” 2022 [77]

2. P. Maia, J. Morgado, T. Gonçalves, and T. Albuquerque, “Applying Machine Learn-

ing for Traffic Forecasting in Porto, Portugal,” in Machine Learning and Princi-

ples and Practice of Knowledge Discovery in Databases (M. Kamp, I. Koprinska,

A. Bibal, T. Bouadi, B. Frénay, L. Galárraga, J. Oramas, L. Adilova, Y. Krishna-

murthy, B. Kang, C. Largeron, J. Lijffijt, T. Viard, P. Welke, M. Ruocco, E. Aune,

C. Gallicchio, G. Schiele, F. Pernkopf, M. Blott, H. Fröning, G. Schindler, R. Guidotti,

A. Monreale, S. Rinzivillo, P. Biecek, E. Ntoutsi, M. Pechenizkiy, B. Rosenhahn,

C. Buckley, D. Cialfi, P. Lanillos, M. Ramstead, T. Verbelen, P. M. Ferreira, G. An-

dresini, D. Malerba, I. Medeiros, P. Fournier-Viger, M. S. Nawaz, S. Ventura, M. Sun,

M. Zhou, V. Bitetta, I. Bordino, A. Ferretti, F. Gullo, G. Ponti, L. Severini, R. Ribeiro,
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J. Gama, R. Gavaldà, L. Cooper, N. Ghazaleh, J. Richiardi, D. Roqueiro, D. Saldana Mi-

randa, K. Sechidis, and G. Graça, eds.), (Cham), pp. 299–308, Springer International

Publishing, 2021 [78]

1. A. F. Sequeira, T. Gonçalves, W. Silva, J. R. Pinto, and J. S. Cardoso, “An exploratory

study of interpretability for face presentation attack detection,” IET Biometrics, vol. 10,

no. 4, pp. 441–455, 2021 [43]

• Abstracts in International Journals and Conference Proceedings:

9. T. Schinköthe, E. Bonci, K. Orit, H. Cruz, R. Di Micco, O. Gentilini, J. Heil, P. Kabata,

M. Romariz, T. Gonçalves, et al., “The CINDERELLA APProach: Future Concepts for

Patient Empowerment in Breast Cancer Treatment with Artificial Intelligence-Driven

Healthcare Platform,” European Journal of Cancer, vol. 200, 2024 [79]

8. E.-A. Bonci, O. Kaidar-Person, M. Antunes, O. Ciani, H. Cruz, R. Di Micco, O. Gen-

tilini, P. Gouveia, J. Heil, P. Kabata, et al., “CINDERELLA Trial: validation of an

artificial-intelligence cloud-based platform to improve the shared decision-making

process and outcomes in breast cancer patients proposed for locoregional treatment,”

European Journal of Surgical Oncology, vol. 50, no. 2, 2024 [80]

7. A. Pfob, E. Bonci, O. Kaidar-Person, M. Antunes, O. Ciani, H. Cruz, R. Di Micco,

O. Gentilini, J. Heil, P. Kabata, et al., “108TiP CINDERELLA clinical trial: Using

artificial intelligence-driven healthcare to enhance breast cancer locoregional treatment

decisions,” ESMO Open, vol. 9, 2024 [81]

6. E.-A. Bonci, O. Kaidar-Person, M. Antunes, O. Ciani, H. Cruz, R. D. Micco, O. D.

Gentilini, N. Rotmensz, P. Gouveia, J. Heil, P. Kabata, N. Freitas, T. Gonçalves, M. Ro-

mariz, H. Montenegro, H. P. Oliveira, J. S. Cardoso, H. Martins, D. Lopes, M. Martinho,

L. Borsoi, E. Listorti, C. Mavioso, M. Mika, A. Pfob, T. Schinköthe, G. Silva, and M.-J.

Cardoso, “Abstract PO3-19-11: CINDERELLA Clinical Trial (NCT05196269): using

artificial intelligence-driven healthcare to enhance breast cancer locoregional treatment

decisions,” Cancer Research, vol. 84, pp. PO3–19–11–PO3–19–11, 05 2024 [82]

5. E.-A. Bonci, O. Kaidar-Person, M. Antunes, O. Ciani, H. Cruz, R. Di Micco, O. D.

Gentilini, J. Heil, P. Kabata, M. Romariz, T. Gonçalves, H. Martins, L. Borsoi, M. Mika,

A. Pfob, N. Romem, T. Schinkoethe, G. Silva, M. Bobowicz, M.-J. Cardoso, and n. null,

“CINDERELLA clinical trial: Using artificial intelligence-driven healthcare to enhance

breast cancer locoregional treatment decisions,” Journal of Clinical Oncology, vol. 42,

no. 16_suppl, pp. TPS621–TPS621, 2024. PMID: [83]

4. Shreyas Bhat Brahmavar and Tiago Goncalves and Tobias R. Bodenmann and Syed

Rakin Ahmed and Jay B. Patel and Praveer Singh and Katharina V. Hoebel and Mason C.

Cleveland and Felix Dorfner and Dagoberto Pulido-Arias and Philipp Hahnel and Jaime

S. Cardoso and Jayashree Kalpathy-Cramer and Priscilla Brastianos and Elizabeth
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Gerstner and Albert E. Kim and Christopher P. Bridge, “Deep Learning-based Non-

Invasive Molecular Profiling of Brain Metastases from MR Imaging,” 2024 [84]

3. I. Martins, J. Matos, T. Goncalves, L. A. Celi, A. I. Wong, and J. S. Cardoso, “Ther-

mometry Bias in Critical Care and Impact in Downstream Machine Learning Tasks,”

2024 [85]

2. M. Beirao, J. Matos, T. Goncalves, C. Kase, L. F. Nakayama, and J. S. Cardoso, “A

machine learning system for keratitis diagnosis from cornea images,” 2024 [86]

1. D. P. Arias, T. Goncalves, J. Kalpathy-Cramer, E. Gerstner, J. S. Cardoso, A. Kim, and

C. P. Bridge, “Dissecting the Impact of Data Augmentation on Whole Slide Image

Classification,” 2024 [87]

1.6 Involvement in the Scientific Community

This Section summarises the participation of the author in the Scientific Community.

1.6.1 Collaborations

The doctoral work presented in this thesis included close collaborations with researchers and

clinicians from the same or other institutions, namely:

• Visual Computing and Machine Intelligence (VCMI) Research Group of the Centre of

Telecommunications and Multimedia at INESC TEC: Ana Filipa Sequeira, Ana Rebelo,

Hélder P. Oliveira, Luís F. Teixeira, Ricardo Cruz, Tânia Pereira, Wilson Silva, Cristiano

Patrício, Helena Montenegro, Isabel Rio-Torto, Leonardo Capozzi, Miguel Romariz, Mo-

hammad Hossein Zolfagharnasab, Pedro C. Neto, Pedro Fernandes Sousa, Rafael Mamede,

Sara Pires Oliveira, Vitória Cruz, Leonardo Machado Ferreira, Eduardo Meca Castro and

João Ribeiro Pinto – the author collaborated with several researchers of the VCMI group

in topics related his thesis (e.g., computer vision, xAI for healthcare) and in other research

lines or projects of interest to the group (e.g., biometrics, challenges, hackathons, software

development, synthetic data);

• Champalimaud Foundation: Maria João Cardoso, Carlos Mavioso, Eduard-Alexandru Bonci

and other members of the CINDERELLA project’s consortium – the author collaborated

with researchers and clinicians of the Champalimaud Foundation in projects related to breast

cancer;

• Quantitative Translational Imaging in Medicine (QTIM) Lab of the Athinoula A. Martinos

Center for Biomedical Imaging (Martinos) at the Massachusetts General Hospital (MGH):

Christopher Bridge, Albert Kim, Dagoberto Pulido-Arias and other members of the QTIM

Lab – supervised by Professors Christopher Bridge and Albert Kim, the author collaborated
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in projects related to medical imaging and interpretable digital pathology (topic directly

related to this thesis);

• Radiology AI Lab at the Netherlands Cancer Institute (NKI) and AI Technology for Life

Lab at the University of Utrecht: Wilson Silva and other members of the labs – supervised

by Wilson Silva, the author collaborated in projects related to medical imaging and xAI,

devoting some efforts to explainable multi-label and multi-modal architectures (not published

nor included in this thesis);

• Massachusetts Institute of Technology (MIT) and Duke University: Leo Anthony Celi, An-

Kwok Ian Wong, João Carlos Gonçalves Matos – thanks to a long-term friendship with João

Carlos Gonçalves Matos, the author worked with these researchers on topics related to health

equity and bias (not included in this thesis);

• Federal University of São Paulo (UNIFESP): Luis Filipe Nakayama – thanks to João Carlos

Gonçalves Matos, who met Luis during their stays at MIT, the author worked with these

researchers on topics related to ophthalmologic diseases, xAI and bias (not included in this

thesis);

• Mauricio Reyes (University of Bern, University Hospital Bern), Henning Müller (HES-SO

Valais-Wallis, University of Geneva), Xiaoxiao Li (University of British Columbia), Aurélie

Pahud de Mortanges (University of Bern, University Hospital Bern) and Anna Hedström

(Technical University Berlin) – with his supervisor, Jaime S. Cardoso, the author collaborated

with these researchers in the book chapter “Interpretable AI for Medical Image Analysis:

Methods, Evaluation and Clinical Considerations”, present in the book “Trustworthy AI in

Medical Imaging” [61].

1.6.2 Scientific Events

During the time of his PhD, the author was involved in the organisation of the following scientific

events:

• INvicta school of VIsion, Computational intelligence, and patTern Analysis (INVICTA)

Spring School – the author was a Member of the Steering Committee (2024), and a Member

of the Advisory Board (2025);

• Workshop on Explainable & Interpretable Artificial Intelligence for Biometrics (xAI4Biometrics)

– the author was a Publicity and Local Organisation Chair (2021, 2023), a Sponsorship Chair

(2021, 2022), a Member of the Organising Committee (2021, 2022, 2023, 2024);

• Doctoral Congress in Engineering of Faculdade de Engenharia da Universidade do Porto –

the author was a Member of the Organising Committee of the Symposium on Electrical and

Computer Engineering (2023, 2025);
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• International Conference on Medical Image Computing and Computer Assisted Intervention

(MICCAI) Hackathon – the author was a Member of the Organising Committee (2022);

• VISion Understanding and Machine intelligence (VISUM) Summer School – the author was

a Member of the Organisation (2020), a Member of the Project Committee (2021), and the

Leader of the Project Committee (2022).

1.6.3 Scientific Projects

The research work developed throughout the PhD was related to, directly motivated by, or motivated

the proposal of several scientific projects, namely:

• Image.ME: Module for Image Management and Promotion of Aesthetic Assessment of

Breast Surgery – the author was a member of the project;

• Meta Breast: Health from Portugal – the author was a member of the project;

• CINDERELLA: Clinical Validation of an AI-based approach to improve the shared decision-

making process and outcomes in Breast Cancer Patients proposed for Locoregional treatment

– the author was a member of the project;

• XAIBIO: Explainable Artificial Intelligence for Biometrics – the author participated in the

writing of the proposal and was a member of the project;

• TAMI: Transparent Artificial Medical Intelligence – the author was a member of the project;

• CLARE: Computer-Aided Cervical Cancer Screening – the author was a member of the

project.

1.6.4 Supervision of MSc Dissertations

Additionally, the author has collaborated, as co-supervisor (sometimes informally), on the following

MSc dissertations related to his doctoral studies (in reverse chronological order):

13. Leonor Justo dos Santos Fernandes, “Disentanglement and Assessment of Shortcuts on Oph-

thalmological Retinal Imaging Exams”, Master in Bioengineering, Faculdade de Engenharia

da Universidade do Porto, 2025 (ongoing) – as co-supervisor, alongside Professor Jaime

S. Cardoso (supervisor), Luis Filipe Nakayama (co-supervisor) and João Carlos Gonçalves

Matos (co-supervisor);

12. Mafalda Luisa Sampaio Oliveira, “Bias detection and mitigation for Biometrics Explainable

Artificial Intelligence methods applied to Face Recognition”, Master in Bioengineering,

Faculdade de Engenharia da Universidade do Porto, 2024 – as co-supervisor, alongside Ana

Filipa Sequeira (supervisor) and Pedro David Carneiro Neto (co-supervisor);
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11. Carolina Mendes Catarino Cerveira Albuquerque, “An integrated and user-friendly platform

for the deployment of explainable Artificial Intelligence methods applied to Face Recogni-

tion”, Master in Bioengineering, Faculdade de Engenharia da Universidade do Porto, 2024 –

as co-supervisor, alongside Ana Filipa Sequeira (supervisor) and Pedro David Carneiro Neto

(co-supervisor);

10. Diogo de Almeida Campas, “Deep Learning Generative Models for Breast MRI Synthesis: A

3D-GAN Comparative Study”, Master in Electrical and Computer Engineering, Faculdade de

Engenharia da Universidade do Porto, 2024 – as co-supervisor, alongside Professor Hélder P.

Oliveira (supervisor) and Professor Luís F. Teixeira (co-supervisor);

9. João Afonso Martins Domingues Andrade, “Enhancing Lung CT 3D Image Synthesis with

Generative Adversarial Networks”, Master in Informatics and Computing Engineering, Fac-

uldade de Engenharia da Universidade do Porto, 2024 – as co-supervisor, alongside Professor

Hélder P. Oliveira (supervisor), Professor Tânia Maria Pereira Lopes (co-supervisor) and

Pedro Fernandes Sousa (co-supervisor);

8. Pedro Manuel Santos Pereira, “Deep Learning for Image Super-Resolution: Enhancing

Generated CT Scans”, Master in Informatics and Computing Engineering, Faculdade de

Engenharia da Universidade do Porto, 2024 – as co-supervisor, alongside Professor Hélder

P. Oliveira (supervisor), Professor Luís F. Teixeira (co-supervisor), Professor Tânia Maria

Pereira Lopes (co-supervisor) and Pedro Fernandes Sousa (co-supervisor);

7. Carlos Miguel de Sá Veloso, “A Deep Segmentation Approach for the Retrieval of Breast

Cancer Treatment Outcomes”, Master in Data Science and Engineering, Faculdade de

Engenharia da Universidade do Porto, 2024 – as co-supervisor, alongside Professor Hélder

P. Oliveira (supervisor), Mohammad Hossein Zolfagharnasab (co-supervisor) and Nuno

Pinheiro da Silva Mota Freitas (co-supervisor);

6. Maria Miguel Santos Beirão, “Classification of Keratitis from Eye Corneal Photographs

using Deep Learning: A Comparative Study on Amoeba, Bacteria, and Fungi”, Master in

Bioengineering, Faculdade de Engenharia da Universidade do Porto, 2024 – as co-supervisor,

alongside Professor Jaime S. Cardoso (supervisor) and João Carlos Ramos Gonçalves Matos

(co-supervisor);

5. Inês Alves Martins, “A Data-Driven Framework for the Assessment and Mitigation of

Clinical Measurement Disparities”, Master in Bioengineering, Faculdade de Engenharia

da Universidade do Porto, 2024 – as co-supervisor, alongside Professor Jaime S. Cardoso

(supervisor) and João Carlos Ramos Gonçalves Matos (co-supervisor);

4. Margarida Jorge Cerqueira Vieira, “Classifying and Explaining Pornography Detection: An

End-to-End Framework”, Master in Informatics and Computing Engineering, Faculdade de
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Engenharia da Universidade do Porto, 2024 – as co-supervisor, alongside Ana Filipa Sequeira

(supervisor) and Wilson José dos Santos Silva (co-supervisor);

3. Pedro João Cruz Serrano e Silva, “Human Feedback during Neural Networks Training”,

Master in Bioengineering, Faculdade de Engenharia da Universidade do Porto, 2022 – as

co-supervisor, alongside Ricardo Cruz (supervisor);

2. José Pedro Moreira de Almeida Baptista, “Website Development for the VCMI Research

Group”, Master in Informatics and Computing Engineering, Faculdade de Engenharia da

Universidade do Porto, 2022 – as co-supervisor, alongside Professor Hélder P. Oliveira

(supervisor) and João Ribeiro Pinto (co-supervisor);

1. João Gonçalves Rodrigues, “WebBCCT.core - A Web Application for the Assessment of

Breast Cancer Conservative Treatment Cosmetic Results”, Master in Network and Informatic

Systems Engineering, Faculdade de Ciências da Universidade do Porto, 2020 – as co-

supervisor, alongside Professor Inês de Castro Dutra (supervisor) and Professor Jaime S.

Cardoso (co-supervisor).



Chapter 2

Background

This Chapter provides a (brief) background on deep learning and explainable artificial intelligence.

Comprehending the fundamental concepts related to these topics is essential to understanding the

work described in the remaining Chapters. Hence, we hope that the following sections help the

reader get acquainted with the relevant concepts (and definitions) used or mentioned throughout

this thesis.

2.1 Deep Learning

This Section presents the context and fundamentals of deep learning, hoping to provide the reader

with a brief (but informative) overview of the research on this field.

2.1.1 Origin and Fundamentals

The study of deep learning (DL) algorithms is originally related to the study of neurobiology

and neuroscience. The appearance of the first artificial neural networks (ANNs) dates back to

the 1950s, with the works of Hebb [88], McCulloch and Pitts [89], Farley and Clark [90], and

Rosenblatt [91]. The latter describes the Perceptron model, the precursor of deep neural networks

(DNNs), which used an iterative learning process that consisted of adjusting its parameters to

minimise an error function in a supervised manner (i.e., using annotated data). Although it was

a scientific breakthrough, the simplicity (reduced depth/number of layers) of this model created

some learning limitations. The trick to overcome these obstacles was to include additional (hidden)

layers and build a Multilayer Perceptron, a model that can capture more complex patterns. This

model is also known as a universal approximator, as Hornik et al. [92, 93] showed that multilayer

networks (if set with proper parameters) can learn any continuous function to an arbitrary small

error. A widely used technique to optimise the best parameters is backpropagation, proposed by

Rumelhart et al. [94]. This algorithm has two stages: 1) the network is initialised with random

parameters for the first training iteration, and a forward pass is performed to obtain a prediction; 2)

the error between the prediction and the ground truth is given by a loss function, the gradient of

15
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the error with respect to the model parameters is computed and then the model’s parameters are

updated by gradient descent, with more or less intensity (defined by the learning rate).

2.1.2 Democratisation and Innovation

While the intuition and (basic) protocols to train DL methods were established in the XX century,

the (fast) spread and (large) availability of these algorithms to the scientific community and the

public happened at the beginning of the 3rd millennium, when the access to large datasets and

computational infrastructure, including powerful graphics processing units (GPUs) [95], became

democratised and accessible to (virtually) anyone. The core concept behind DL algorithms is

representation learning [23]. With representation learning, we can start with raw (or with minimal

preprocessing) inputs and let the algorithms learn the best features that maximise performance (or

minimise the error) for a given task (e.g., classification). This ability allowed DNNs to permeate

diverse domains and applications, such as image recognition and analysis [96], natural language

understanding and processing [97], biochemistry [98] or drug discovery [99].

In the image domain (typically associated with computer vision tasks and unstructured data),

the scientific breakthrough was achieved with convolutional neural networks (CNNs) [23]. Inspired

by Fukushima’s Neocognitron [100], a typical CNN architecture is composed of convolutional

(to extract feature maps) and pooling (to aggregate feature maps) layers. These models operate

over patches of the images, reducing the number of parameters of the DNN but allowing the

development of larger (deeper) models. Despite these advantages, CNNs became popular due to

their outstanding results in the ImageNet competition [101] and the availability of large image

datasets (nowadays used as benchmarks for several performances). Allied with regularisation

techniques (e.g., dropout [102]) and data augmentation [103], these models achieved (fairly)

remarkable results in several different tasks such as classification, segmentation or reconstruction.

Naturally, researchers have been devoting several efforts to improve the predictive performance of

algorithms, with new additions in the design of the architectures, like the models used in the works

described in this thesis, or the changing of the paradigms, such as vision transformers (ViTs) [104]

or diffusion models [105].

In the natural language domain (typically associated with sequential data), the precursor of all

models is the recurrent neural network (RNN) [106]). RNN-based architectures work as dynamic

systems that receive an input sequence and process one element at a time, keeping in their hidden

units a state vector that (implicitly) contains historical information about the previous elements

of that sequence. Although RNNs showed impressive results in neural machine translation and

neural language modelling, the community found that these models had difficulties in learning to

store information for very-long term dependencies [107]. To fix this limitation, Hochreiter and

Schmidhuber [106] proposed long short-term memory (LSTM) networks, a type of RNNs that uses

special hidden units to remember the inputs for a long time. Like in the image domain, the research

community has been devoting time towards improving the models in terms of design or learning

procedures. In this specific case, we point the reader to the importance of attention mechanisms
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(see Chapter 4) that gave rise to the transformer models and are the power behind large language

models (not discussed in this thesis).

Apart from the advances in these distinct domains, the field of DL also saw the rise of other

interesting (and powerful) techniques, evolving at an astonishing pace and being leveraged by

different stakeholders to influence (positively or negatively) people’s lives. The field of generative

AI, for instance, started with generative adversarial networks (GANs) [108] and variational auto-

encoders (VAEs) [109], has seen the use of vision language models, large language models or

diffusion models to generate artificial data (e.g., tabular, image, text, multiple modalities), enhance

or correct data (e.g., super-resolution, denoising), drug discovery [110], or game engines [111]. In a

different setting, DNN-based algorithms are also pushing the field of reinforcement learning, where

the paradigm relies on AI agents that learn by interacting with their (often simulated) environment

through reward and penalisation policies. These methods have challenged human performance in

discovering new algorithms [112] or solutions for games [113].

It is undeniable (and, perhaps, inevitable) that these algorithms will permeate the quotidian

of global societies, where people will use (and rely on) these algorithms to assist them in several

aspects of their lives. While this will prove its value for some (or often most) the cases, we

should (at least) question if we are (or will be) able to audit the functioning of these algorithms or

understand what or who should be held accountable in the case of an AI-supported decision ends

up having (very) bad outcomes.

2.2 Explainable Artificial Intelligence

The main topic of this thesis is explainable artificial intelligence (xAI). To avoid redundancy of

concepts across Chapters, we present a brief overview of xAI so that the reader gets acquainted

with the main definitions of the field.

2.2.1 Context and Motivation

In the previous Section, we saw that the increase in available computational power and the democra-

tised access to large datasets have leveraged the development of novel AI algorithms and their

applications. A key aspect in this revolution was the establishment of a different paradigm (i.e.,

representation learning) and the seamless integration of these algorithms in the regular routines of

distinct aspects of people’s lives [23, 114]. However, these algorithms work as black boxes (i.e., the

user can not access their internal logic) that receive data and output results without justifying their

predictions in a human-understandable way [11]. In domains that depend on high-stakes decisions

(e.g., healthcare, law, finance), this lack of transparency might lead to a deficit of trust, which

may jeopardise the acceptance of these technologies. Moreover, there is an inherent tension (or

trade-off) between machine learning performance (predictive accuracy) and explainability. Usually,

the best-performing methods are the least transparent, and the ones providing a clear explanation

are less accurate [115].
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2.2.2 Definitions

The topic of xAI appeared intending to support the development of a more transparent AI [116, 117].

Although there is no clear distinction between explainability and interpretability [118], one may

think of these as a three-stage process [119] (see Figure 2.1): pre-model, in-model, and post-

model. These methods aim to clarify the inner logic of machine learning models, thus promoting

transparency, trust and accountability and guaranteeing fairness [12].

Explainable AI

Pre-Model In-Model Post-Model

Understand
the data before

building the
model

Integrate
interpretability

inside the
model

Posterior
analysis of the
predictions of

the model 

Figure 2.1: Explainable AI as a three-stage process: pre-model, in-model and post-model methods.

2.2.2.1 Pre-model Methods

Pre-model methods focus on understanding the data distribution before building the model through

exploratory data analysis [14, 15]. This comprehension of the data may contribute to higher

confidence in the posterior decisions that a model can provide.

2.2.2.2 In-model Methods

In-model approaches seek to integrate interpretability inside the model. To do this, one may

follow different strategies: models based in rules [18], models based in cases [20], the use of

regularisation techniques during training [23, 24, 120], models based in trust scores [121], self-

explaining neural networks [122], models that compare distances [123] or models that generate and

regularise explanations during training [124, 125].
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2.2.2.3 Post-model Methods

Post-model strategies are related to a posterior analysis of the model predictions. For instance, in

medical imaging, this can be done using the gradient information to identify the areas of the image

that contribute more to the final decision [126, 127, 128], inserting a perturbation and observing the

prediction [129], inverting the representations back to the input pixel space [130, 131] or connecting

the representations to semantic concepts [132]. In this group, popular methods include Layer-wise

Relevance Propagation (LRP) [34], Deep Taylor Decomposition [35], or Gradient Class Activation

Mapping (Grad-CAM) [7].

2.2.3 From Post-model to Inherently Interpretable AI

The outstanding predictive performance of DL models and the generalised belief that these mod-

els seem to uncover “hidden patterns” actively contributed to the research and development of

post-model methods, thus contributing to their popularity among the machine learning commu-

nity. However, we agree that there are some drawbacks of exclusively investing in a post-model

interpretability strategy [11]: explanations are just an approximation to what the model computes,

which can be dangerous in the sense that they can be inaccurate representations of the original

model in parts of the feature space [133]; explanations may not provide enough detail to understand

what the black box model is doing (e.g., the majority of the post-model methods lacks repeatability

and reproducibility [134]). Moreover, for applications that depend on high-stakes decisions, it is

fundamental to assess the quality of these explanations [11, 135] to ensure transparency, ethics

and fairness. Therefore, we should invest more efforts in pre-model methods since understanding

first the data distribution that we are dealing with will contribute to an increase of confidence

with the posterior decisions and explanations that a given machine learning model is capable of

providing [136]; and in in-model interpretability, since inherently interpretable models provide

their explanations and are faithful to what the machine learning model computes [11]. Particularly

interesting to this thesis are the methods that aim to overcome the transparency and trust issues.

Therefore, we tried to focus our research on intrinsically interpretable DNNs, following Rudin’s

argument [11] that only inherently interpretable models might guarantee trust and transparency in

high-stakes decision fields.



Chapter 3

Datasets

We used several datasets in this thesis, with some across different works. Hence, to avoid the

repetition of data description in various parts of this thesis, we devote this Chapter to listing and

describing all the datasets used, providing an easy reference for the reader. Table 3.1 presents a

summary of all the datasets used in this thesis and might serve as a reference for the reader.

3.1 APTOS2019

The APTOS2019 dataset contains retinography images taken under various imaging conditions

and from different camera models and ethnicities. This dataset was generated by Aravind Eye

Hospital in India in cooperation with the Asia Pacific Tele-Ophthalmology Society (APTOS). In

the version of the dataset used in the works described in this thesis, each retinal image has been

graded independently by two ophthalmologists, with any disagreements adjudicated by a third

ophthalmologist, and a retinopathy severity score was assigned to each image according to the

NHS diabetic eye screening guidelines [137] as R0 (no diabetic retinopathy), R1 (background),

R2 (pre-proliferative), R3 (proliferative), M0 (no visible maculopathy), M1 (maculopathy). The

current description of the dataset states that the samples were reviewed and labelled by a group of

trained doctors following the principle of the International Clinical Diabetic Retinopathy Disease

Severity Scale (ICDRSS) and that samples are divided into five categories: no Diabetic Retinopathy

(DR), mild DR, moderate DR, severe DR, and proliferative DR [138].

3.2 CINDERELLA Retrieval

Under the scope of the CINDERELLA project [139], the CINDERELLA Retrieval dataset [46]

comprises 2,193 instances encompassing clinical attributes (i.e., height, weight, age, bra size,

bra-cup size) organised as tabular data, along with their corresponding JPEG images depicting the

upper torsos of patients. The images vary in size, ranging from 1869×1117 to 6000×4000, with an

average size of 4810×2903. To create the ground-truth annotations, the clinicians were asked to

rank the 10-15 most similar images to a given query image such that the sample ranked i is more

20
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similar to the query image compared to the one appearing later in the list with rank i+ k, where

k > 0. For each query patient, two catalogues are annotated according to the aesthetic classification

of the retrieved patients. This classification is done by clinicians according to the Harris scale [140]:

one group presented patients with Excellent/Good aesthetic outcomes and the other with Fair/Poor

aesthetic results.

3.3 CUB-200-2011

CUB-200-2011 [141] is a dataset used in bird species classification tasks containing 11,788 images,

200 classes and other additional annotations (i.e., part locations, binary attributes, bounding box).

The dataset’s images were obtained from Flickr (using its image search functionality) and then

validated by multiple users. Each image contains annotations (done by multiple users) for the

bounding box, part location (a total of 15 parts annotated by pixel location and visibility in each

image), and attribute labels (a vocabulary of 28 attribute groupings and 312 binary attributes

selected based on an online tool for bird species identification).

3.4 DTU/Herlev Pap Smear Database

The DTU/Herlev Pap Smear Database [142], built by the Herlev University Hospital (Denmark),

contains images of human cells stained by the Papanicolau method: a specimen of cells is smeared

onto a glass slide and coloured, making it easier to examine the cells under a microscope for

any abnormalities indicating a pre-cancerous stage. This dataset comprises 917 cells, allocated

to 7 different classes: (1) Superficial squamous epithelial, (2) Intermediate squamous epithelial,

(3) Columnar epithelial, (4) Mild squamous non-keratinising dysplasia, (5) Moderate squamous

non-keratinising dysplasia, (6) Severe squamous non-keratinising dysplasia, and (7) Squamous cell

carcinoma in situ intermediate. These classes are part of 2 different categories: normal (classes

1–3) and abnormal (classes 4–7).

3.5 International Skin Imaging Collaboration

The International Skin Imaging Collaboration (ISIC), sponsored by the International Society for

Digital Imaging of the Skin (ISDIS), aims to improve melanoma diagnosis. The ISIC Archive

contains over 13,000 dermoscopic images collected from international clinical centres and acquired

using different devices within each centre. All the dermoscopic images in the ISIC Archive are

screened for privacy and quality assurance and have, in most cases, associated clinical metadata

vetted by melanoma experts. A subset of the images have undergone annotation and markup by

recognised skin cancer experts. These markups include dermoscopic features (i.e., global and

focal morphologic elements in the image known to discriminate between types of skin lesions).
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Regarding the works described in this dissertation, we used two datasets of the ISIC Archive,

ISIC2018 and ISIC2020, described below (see Sections 3.5.1 – 3.5.2).

3.5.1 ISIC2018

The ISIC2018 dataset [143, 144, 145], released with the ISIC 2018 Challenge [146], contains

data to address three different tasks: lesion segmentation, lesion attribute detection, and disease

classification.

3.5.2 ISIC2020

The ISIC2020 dataset [147] is the result of a collaboration between ISIC and the Society for Imaging

Informatics in Medicine (SIIM), being released with the SIIM-ISIC Melanoma Classification

challenge [148]. This dataset contains data to address melanoma diagnosis prediction.

3.6 MIMIC-CXR

The MIMIC Chest X-ray (MIMIC-CXR) dataset [149] is a large publicly available data set of

chest radiographs in the Digital Imaging and Communications in Medicine (DICOM) format

with free-text radiology reports. The data set contains 227835 imaging studies for 65379 patients

of the Beth Israel Deaconess Medical Centre Emergency Department (Boston, MA) between

2011–2016. Each imaging study can contain one or more images, usually a frontal and a lateral

view. A total of 377,110 images are available in the data set. Studies are made available with a

semi-structured free-text radiology report that describes the radiological findings of the images

written by a practising radiologist during routine clinical care. The data set is de-identified to

satisfy the US Health Insurance Portability and Accountability Act of 1996 (HIPAA) Safe Harbor

requirements. Protected health information (PHI) has been removed.

3.7 PAPILA

The PAPILA dataset [150] was collected at the Department of Ophthalmology of the Hospital

General Universitario Reina Sofía (Murcia, Spain) between 2018 and 2020. The patients included

in this study belong to two different groups: 1) patients diagnosed with simple chronic glaucoma

and 2) patients from primary care who, after an ophthalmological examination, did not show any

ocular pathology that could influence the morphology of the optic nerve. This dataset contains

records of 244 patients, containing 488 eye fundus images, 3 classes (i.e., healthy, suspect glaucoma,

glaucoma), the segmentation masks of the cup and optic disc, and the labelling of the patients based

on the evaluation of clinical data.
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3.8 PH2

PH2 [151], a public dataset of dermoscopic images, acquired at the Dermatology Service of

Hospital Pedro Hispano (Matosinhos, Portugal) under the same conditions. This dataset contains

200 dermoscopic images of melanocytic lesions, including 80 common nevi, 80 atypical nevi, and

40 melanomas. It also includes (image) annotations for medical segmentation of the lesion, clinical

and histological diagnosis and assessment of several dermoscopic criteria (i.e., colours, pigment

network, dots/globules, streaks, regression areas, blue-whitish veil).

3.9 TCGA-BRCA

The Cancer Genome Atlas Breast Invasive Carcinoma (TCGA-BRCA) data collection [152] is

part of The Cancer Genome Atlas (TCGA), a project focused on connecting cancer phenotypes to

genotypes by providing clinical images matched to subjects, with clinical, genetic, and pathological

data from the Genomic Data Commons (GDC) Data Portal [153], and radiological data from The

Cancer Imaging Archive (TCIA) [154]. Using the matched identifiers, researchers can explore

the TCGA or the TCIA databases to look for correlations between tissue genotype, radiological

phenotype, and patient outcomes. Given that the tissues for TCGA were collected from many sites

worldwide to reach their accrual targets (usually around 500 specimens per cancer type), image

datasets are heterogeneous in terms of scanner modalities, manufacturers and acquisition protocols.

Furthermore, in most cases, the images were acquired as part of routine care, not as part of a

controlled research study or clinical trial.

3.10 VinDr-CXR

The VinDr-CXR dataset [155] consists of 18,000 postero-anterior (PA) chest X-ray radiographs

(CXRs), with information for the localisation of 22 critical findings (i.e., local labels) and classifica-

tion of 6 common diseases (i.e., global labels), annotated by a group of 17 radiologists with at least

8 years of experience. This dataset results from the collection of more than 100,000 images from

Hospital 108 and the Hanoi Medical University Hospital in Vietnam. Regarding data labelling, this

dataset contains a total of 28 findings and diagnoses in adult cases (i.e., (1) Aortic enlargement,

(2) Atelectasis, (3) Cardiomegaly, (4) Calcification, (5) Clavicle fracture, (6) Consolidation, (7)

Edema, (8) Emphysema, (9) Enlarged PA, (10) Interstitial lung disease (ILD), (11) Infiltration,

(12) Lung cavity, (13) Lung cyst, (14) Lung opacity, (15) Mediastinal shift, (16) Nodule/Mass,

(17) Pulmonary fibrosis, (18) Pneumothorax, (19) Pleural thickening, (20) Pleural effusion, (21)

Rib fracture, (22) Other lesion, (23) Lung tumor, (24) Pneumonia, (25) Tuberculosis, (26) Other

diseases, (27) Chronic obstructive pulmonary disease (COPD), and (28) No finding), divided into

local (1–22) and global (23–28) labels. The local labels reflect the localisation of the findings, while

the global labels reflect the diagnosis made by the radiologists. This list of labels was suggested by
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a committee of the most experienced radiologists from the two hospitals, taking into account if they

were prevalent and if they could be differentiated on CXRs.

Table 3.1: This is a summary of the datasets used in this thesis. The dataset names, references, tasks,
and data examples are included in this table. Note: AD - Attribute Detection, C - Classification, R -
Retrieval, S - Segmentation, MC - Multi-class, ML - Multi-label.

Dataset Tasks Examples

APTOS2019 [138] C (MC)

CINDERELLA Retrieval [46] C, R (MC)

CUB-200-2011 [141] AD, C (MC, ML)

DTU/Herlev Pap Smear Database [142] C (MC)

ISIC2018 [143, 144, 145] AD, C, S (MC)

ISIC2020 [147] C (MC)

MIMIC-CXR [149] C, R (MC)

PAPILA [150] C, S (MC)

PH2 [151] C, S (MC)

TCGA-BRCA [152] C (MC)

VinDr-CXR [155] AD, C (MC, ML)
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4.1 Introduction

The concept of attention is not new and has been part of multidisciplinary debates across psychology,

physiology, and neuroscience [156]. The inspiration behind the translation of this concept into

artificial intelligence (AI) algorithms comes from biological vision systems, which appear to employ

a serial computational strategy when inspecting complex scenes [157]. Historically, the pursuit

of an attention mechanism seems to be deeply related to the problem of visual search, where the

main objective may be to find a small object in a disorderly environment (e.g., a pen on a desk). A

possible solution to this problem is using high-resolution images and a wide field of view. However,

25
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this results in very high dimensional inputs [158]. Therefore, it was essential to devise a strategy

capable of selecting the most important parts of the input, deciding where to look next during the

processing pipeline, and managing limited computational resources. These aspects motivated the

study of selective visual attention, which deals with the computational complexity of computer

vision tasks and often requires several basic components, such as the selection of a region of interest

in the image and the selection of the dimension of features and values of interest [159]. Besides,

theoretically, such mechanisms can potentially guide the research into focusing more on sparse

local models [160]. Nevertheless, the scientific community proposed several research lines that

certainly influenced the modern methodologies of attention-based mechanisms for deep learning.

Bandera et al. [161] and Minut et al. [158] proposed reinforcement learning policies to regularise

the training of computer vision systems in the task of target recognition, Koch and Ullman [156]

and Tsotsos et al. [159] proposed a set of rules that promote visual attention via selective tuning and

shifts in the processing focus [156] during the analysis of a visual scene, and Itti and Koch [157]

addressed this challenge using a saliency map based search mechanism. Naturally, the increase of

available computational power and the democratised access to big data allowed the resurgence of

deep learning algorithms and their applications [23, 162]. With this paradigm shift, methods now

focus on integrating learnable attention mechanisms on an end-to-end basis [163], with interesting

impacts in diverse applications [164].

The first published reviews and surveys on the topic gained visibility with the increased

availability of literature on attention mechanisms. We introduce the reader to some of these works

to give them intuition about the work described in this Chapter and justify the research questions

behind it. Borji and Itti [165] reviewed several models of visual attention based on non-deep

learning methods and presented a taxonomy indicating their approaches and capabilities. Cho

et al. [166] presented an early study on the use of attention mechanisms in convolutional neural

networks (CNNs) and recurrent neural networks (RNNs) with a special focus on soft-attention for

applications such as neural machine translation, image captioning, video description generation

or end-to-end neural speech recognition. Wang and Tax [167] published a survey that explored

the use of attention mechanisms in RNNs for sequence-to-sequence challenges. Chaudhari et

al. [1] presented a survey of attention mechanisms for natural language processing, wherein they

proposed a taxonomy and reviewed several neural network architectures in which attention has

been incorporated while discussing applications in which modelling attention has shown significant

impact. Yang [168] performed a brief overview of attention mechanisms for computer vision and

introduced a preliminary taxonomy. Lindsay [169] published a review on attention mechanisms that

provides intuition about the definition of attention in the neuroscience and psychology literature and

covers several use cases of attention in machine learning, indicating their biological counterparts

where they exist.

In 2017, Vaswani et al. [170] proposed the Transformer, a deep neural network architecture

composed solely of attention operations that discarded recurrence and convolution entirely. In

the original paper, the authors applied this architecture to the task of neural machine translation
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and explored the use of attention operations as a means of reducing computational complexity

when compared to recurrent or convolution operations. The establishment of a similar architecture

for computer vision occurred almost naturally when Dosovitskiy et al. [104] proposed the Vision

Transformer architecture. Han et al. were pioneers in analysing the advantages and disadvan-

tages of using transformer-based architectures in computer vision with a particular interest in the

self-attention mechanism [171]. Khan et al. [172] also provided a comprehensive overview of

transformer-based models from the perspective of their application and architectural design. Guo et

al. [173] published a thorough and systematic review of attention mechanisms for computer vision

and created a taxonomy that categorises attention mechanisms according to their data domain. Xu

et al. [174] revisited the transformer architectures with particular emphasis on low-level vision and

generation. Recently, Shamshad et al. [175] explored the use of transformer-based architectures for

medical image analysis and published a pioneering review that provides insight into the applications

of these algorithms in several dimensions of the clinical daily routine. Almost all of the previous

papers focus on the current state-of-the-art, performing a comparative analysis based solely on

published results, thus anticipating future and open challenges from a theoretical perspective.

In this Chapter, we present three different case studies where attention mechanisms play a role,

seeking to understand their impact on the performance of the algorithms and their potential benefits

to interpretability, robustness or transparency. Beyond this Introduction, this Chapter is organised

as follows: Section 4.2 presents a historical overview and the fundamental concepts regarding

attention mechanisms in machine learning, Section 4.3 provides a comprehensive review of the

integration of attention mechanisms into algorithms for medical applications, Sections 4.4 – 4.6

present the experimental work developed to address the research questions related to this topic, and

Section 4.7 concludes the Chapter, highlighting the main contributions and anticipating future work

directions.

4.2 Background

This Section presents a historical overview and the fundamental concepts regarding attention

mechanisms in machine learning. The results of this work have been disseminated in the form of

an article in an international journal: T. Gonçalves, I. Rio-Torto, L. F. Teixeira, and J. S. Cardoso,

“A Survey on Attention Mechanisms for Medical Applications: Are We Moving Toward Better

Algorithms?,” IEEE Access, vol. 10, pp. 98909–98935, 2022 [50].

Although there is no clear nor unified concept for attention, we can refer to it as the ability

to flexibly manage limited computational resources. This research topic spans several knowledge

domains and has been studied in conjunction with many other topics in neuroscience and psychol-

ogy [176], including awareness, vigilance, saliency, executive control, learning, and, more recently,

AI. Therefore, we have different ways of perceiving the properties of attention mechanisms at

biological, psychological or computational levels [169]. From the perspective of the domains of

arousal, alertness or vigilance, attention could be described as a general measure of alertness or the
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ability to engage with the surroundings [177]. From the perspective of sensorial stimuli, attention

is often deployed as an alert subject to specific sensory input, allowing tight control over both the

stimuli and the locus of attention (e.g., selective audio attention, visual attention) [178, 179, 180].

From the perspective of executive control [181], the assumption is that there are multiple simul-

taneous competing tasks and that a central controller is needed to decide which to engage in and

when; hence, attention can be thought of as the output of executive control, since the executive

control system must select the targets of attention and communicate that to the systems responsible

for implementing it [169]. From the perspective of memory, attention is understood as the ability

of the brain to select the subset of information that is well-matched to the needs of the memory

system, thus being a choice regarding the deployment of limited resources [169, 182]. From the

perspective of AI, the first successful implementations were accomplished with encoder-decoder

structures in deep neural network architectures, where the main goal is to learn the best attention

weights that connect the encoder to the decoder [166].

In the context of deep learning, RNNs were the pioneering attention-based structures. This

is mainly due to their ability to learn and process sequential data (e.g., data with a temporal

component), which makes RNNs a class of machines with states (i.e., their state depends on both

the input to the system and the current state), such that a signal received at a given moment can

alter the behaviour of the network at a much later point in time [183]. These properties allow

RNNs to process variable-length structures without further modification, a property that has been

extensively explored in several cognitive problems such as speech recognition [184, 185], text

generation [186], handwriting generation [187] and machine translation [188]. The work described

in [189] is perhaps the most classic example of the design and implementation of computational

attention mechanisms with RNNs. In the original paper, the authors focused on the task of neural

machine translation and proposed an RNN-based encoder-decoder architecture in which the task

of the encoder is to compress the input data (in this case, an English sentence), while the task of

the decoder is to receive and decode this data to achieve a meaningful translation (in this case, a

French sentence). The principal motivation for introducing an attention mechanism in this learning

pipeline is related to the difficulty of achieving a perfect alignment between the input and output

sequences, which is an almost impossible goal in most cases. The role of the attention mechanism is

to learn weights that make the decoder focus on the relevant parts of the input sequences to produce

meaningful outputs. At the time of publication, this methodology improved the state-of-the-art and

paved the way for new research questions and the exploration of novel attention-based frameworks.

The study of attention mechanisms comprises two main research lines: language, text, and

speech; and computer vision. Since the clinical context (the subject of this thesis) involves multiple

modalities of data, we examine these two main dimensions to help the reader become familiar

with the nomenclature, taxonomies, and practices. This background provides the fundamental

concepts of attention mechanisms in machine learning, which will aid the reader in understanding

the experimental work described in this chapter.
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4.2.1 Attention mechanisms for language, text, and speech

An insightful and comprehensive taxonomy for categorising attention mechanisms for language,

text, and speech has been proposed by Chaudhari et al. [1]. The authors relate most of the concepts

to the encoder-decoder model. Consequently, for better understanding, we need to define the

following: input sequences, the input vectors of the model (see Figure 4.1’s “Input Sequence”);

output sequences, the output vectors of the model (see Figure 4.1’s “Output Sequence”); candidate

states, the hidden states of the encoder (see Figure 4.1’s “Encoder Vector”); query states, the hidden

states of the decoder (see Figure 4.1’s “Decoder Vector”).

Figure 4.1: Block diagram of the general attention mechanism for language, text and speech,
according to [1].

Following this rationale, Chaudhari et al. [1] organise the different types of attention mecha-

nisms into different (non-mutually exclusive) categories:

• Number of abstraction levels: This category takes into account the number of representa-

tion/feature levels where the model will learn the attention weights. At this level, we may

consider the following types of attention: single-level attention, when the attention weights

are computed only for the original input sequence; and multi-level attention, when we apply
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the attention mechanism on multiple levels of abstraction of the input sequence, usually in a

sequential manner.

• Number of positions: This category takes into account the number of positions of the

input sequence where the attention weights are learned. At this level, we may consider

the following types of attention: soft attention, which consists of a weighted average of

all the hidden states of the input sequence (i.e., the same as candidate states) to build the

context vector (see Figure 4.1’s “Context Vector”); global attention, which is the term used

in the machine translation field to describe soft attention; hard attention, which consists of a

stochastic sampling of the hidden states to build the context vector; local attention, also part

of the machine translation field, consists of the detection of an attention point and on the use

of a window around that point to compute local attention weights.

• Number of representations: This category considers the number of different feature repre-

sentations of the input sequence used in the learning task. At this level, we can consider the

following types of attention: single-representational attention, which is the most common

and consists of learning the attention weights using only a single feature representation;

multi-representational attention, which involves learning the attention weights using multiple

representations (of the same input sequence) and creating a context vector that is the result

of a weighted combination of these multiple representations and their attention weights;

multi-dimensional attention, which consists in computing the attention weights along several

dimensions of the representation of the input sequence, which will result in the computation

of the relevance of each dimension to the learning task.

• Number of sequences: This category takes into account the number of input and output

sequences. At this level, we may consider the following types of attention: distinctive

attention, when the candidate and query states belong to two different input and output

sequences respectively; co-attention, when we consider multiple input sequences at the same

time, and the main goal is to jointly learn their attention weights; self-attention, when the

query and candidate states belong to the same input sequence.

An analysis of the literature shows that, until very recently, most of the works in attention

mechanisms for language, text, and speech derived from the framework proposed by Bahdanau et

al. [189]. In [190], the authors trained a long short-term memory network (LSTM) on the task of

neural machine translation (i.e., English to German) and presented an explicit comparative study of

local and global attention mechanisms. In [191], the authors considered speech recognition as a

sequence generation task (i.e., speech to transcription) and developed an attention mechanism with

convolutional features to refine the quality of the output sequences. On the other hand, oppositely to

this generalised use of RNN-based architectures, in [192], the authors proposed a fully-convolutional

network (FCN) with an attention block that uses the dot-product operation trained to generate text

from speech. Most recently, the successful introduction of the Transformer architecture [170], based
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solely on attention mechanisms, started a new paradigm for their study. Recent studies invest their

efforts in the computational or design improvements to the baseline Transformer architecture [193,

194, 195], or the proposal of novel Transformer-based architectures [196, 197, 198, 199, 200]. On

the other hand, opposite to the trend on the increase of model complexity, Merity [201] revisited the

fundamentals of LSTMs and proposed a single-head attention that could represent an alternative to

the use of Transformer-based architectures.

4.2.2 Attention mechanisms for computer vision

Attention mechanisms for computer vision got their inspiration from the human visual system,

which can detect whether certain features of an image are relevant or not [202]. In contrast to

the literature on attention mechanisms for language, text, and speech, there are already several

interesting review articles on this topic [168, 174, 171, 172, 173]. However, only the work of Guo

et al. [173] has presented and discussed a complete taxonomy that organises the different types of

attention mechanisms for computer vision into different categories:

• Channel attention: This category follows the assumption that, in deep CNNs, different

channels in different feature maps usually represent different objects [203]. Therefore, the

job of channel attention is to calibrate the weight of each channel adaptively. This mechanism

acts as an object selector, thus determining what to pay attention to.

• Spatial attention: This category is analogous to channel attention. Here, the attention

mechanism’s job is to calibrate each image region’s weight adaptively. This mechanism acts

as an adaptive spatial region selection process, thus determining where to pay attention.

• Temporal attention: This category considers that data has a temporal dimension; therefore,

in the case of computer vision tasks, this type of attention mechanism is often used for

video processing. The job of temporal attention is to calibrate the weight of each time frame

adaptively. This mechanism acts as a dynamic time selection process, thus determining when

to pay attention.

• Branch attention: This category considers multi-branched deep learning architectures. The

job of branch attention is to calibrate the weight of each branch adaptively. This mechanism

acts as a dynamic branch selection process, thus determining which to pay attention to.

• Channel and spatial attention: This category combines the advantages of both channel

and spatial attention. This mechanism acts as a dynamic spatial region and object selection

process, thus determining what and where to pay attention.

• Spatial and temporal attention: This category combines the advantages of both spatial

and temporal attention. This mechanism acts as a dynamic spatial region and time-frame

selection process, thus determining where and when to pay attention.
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The application of attention mechanisms in computer vision is almost contemporaneous, with

the first proposals for attention mechanisms in the language, text, and speech domains. Below, we

present several representative examples from each category.

With respect to channel attention, Hu et al. [3] proposed the squeeze-and-excitation block. This

module adaptively recalibrates channel-wise feature responses by explicitly modelling dependencies

between channels. This strengthens the representational power of CNNs by improving the quality of

spatial encodings across the feature hierarchy. These properties have been explored as fundamental

components of attention mechanisms in [204, 205]. Still, on the scope of channel attention, a

different research line related to the self-attention mechanism was further explored in [206]. In

this work, Bello et al. proposed attention augmentation mechanisms combining convolutions and

self-attention by concatenating the convolutional feature maps with a set of feature maps generated

by self-attention. This approach showed improvements in image classification and object detection

while maintaining the number of parameters. In [207], Wang et al. addressed the topic of one-shot

learning and proposed a neural network architecture that uses the semantic representation (i.e., the

embedding) of the label to obtain attention maps that are used to generate image features. They also

developed a multiple-attention scheme to extract meaningful information from the input images

and used an auxiliary training set to learn the attention weights.

Concerning spatial attention, Mnih et al. [208] designed a novel RNN capable of extracting

information from an image or video by adaptively selecting a sequence of regions or locations and

only processing these regions at a high resolution. Hence, this method can contribute to a high

degree of translation invariance and the ability to process variable input sizes. Dai et al. [209]

developed the deformable convolution, which adds flexibility to the regular (spatial) sampling grid

of the standard convolution. The intuition behind this approach is that CNNs with these modules

extract better features related to the objects of interest in the images (with a particular focus on

non-rigid objects), thus increasing their robustness to affine transformations. Wang et al. [210]

revisited the concept of non-local attention and designed the non-local networks, which compute the

response at a given spatial location as a weighted sum of the features at all positions in the features.

Hu et al. [211] addressed the issue of context exploitation in CNNs and proposed a framework

consisting of a pair of operators: the gather operator, which aggregates contextual information

across large neighbourhoods of each feature map, and the excite operator (inspired by [3]), which

redistributes the pooled information to local features.

Regarding temporal attention, Xu et al. [212] have proposed the attentive spatial-temporal

pooling network architecture, which operates on video sequences by learning a similarity metric

over the features extracted from recurrent and convolutional layers and computing the attention

weights on spatial (i.e., regions in each frame) and temporal (i.e., frames over sequences) levels.

Similarly, Chen et al. [213] developed an attention mechanism to optimise the similarity learning

among short-video snippets, and Zhang et al. [214] proposed the self-and-collaborative attention

network, which also learns a similarity metric between feature representations of video-pairs.

Regarding branch attention, Srivastava et al. [215] proposed the concept of highway networks,
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which consists of deep neural networks with an LSTM-inspired attention gate that allows for com-

putation paths along which information can flow across many layers (i.e., information highways).

This work can be considered the precursor of this concept of branch attention. Later, Li et al. [216]

designed selective kernel networks, which contain multiple CNN branches with different kernel

sizes that are fused using an attention mechanism guided by the information in these branches.

Zhang et al. [217] presented a deep neural architecture that contains several replicated branches

(i.e., the cardinal branches) that contain more replicated branches (i.e., the split branches). In this

work, the information fusion is performed with an attention mechanism inspired by [3]. Chen et

al. [218] proposed the dynamic convolution, which employs multiple parallel convolution kernels

dynamically and aggregates this information through a non-linear attention mechanism.

Concerning channel and spatial attention, Woo et al. [4] have designed a convolutional block

attention module that contains a channel attention module followed by a spatial attention module.

According to the authors, this block can be easily integrated into any architecture and enables the

regression of finer features for object detection. Following this research line, Zhao et al. [219] have

proposed the point-wise spatial attention network for the task of image segmentation. This network

processes contextual information from all positions in the feature map and uses a self-adaptive

attention mechanism to connect all of them. Using generative adversarial networks (GANs), Zhang

et al. [220] explored a self-attention mechanism to enable both the generator and the discriminator

to efficiently model relationships between widely separated spatial regions.

In terms of spatial and temporal attention, Du et al. [221] introduced the recurrent spatial-

temporal attention network in which they used an end-to-end LSTM-based network with a spatio-

temporal module to process video data, and developed an attention-based mechanism to fuse this

information. Song et al. [222] used RNNs and LSTMs together to process video data and added

spatial and temporal attention modules, whose information is later fused. Gao et al. [223] addressed

the problem of visual captioning with hierarchical LSTM models using spatio-temporal attention

to select specific regions or frames to predict the associated words and with adaptive attention to

model the importance of visual information or the language contextual information. Yan et al. [224]

have also addressed the problem of visual captioning with an architecture based on a CNN-encoder

and an LSTM-decoder with spatio-temporal attention to extract spatial and temporal features in a

video and guide the decoder to automatically select the most significant regions in the most relevant

temporal segments for word prediction.

In addition, several works focus on multi-modal data, thus mixing the computer vision and the

language, text, and speech domains. In [202], the authors revisited the concepts of hard and soft

attention. They implemented an architecture consisting of a convolutional block to extract image

features and an LSTM network with attention to generate the image description (i.e., automatic

image captioning).

Although CNN-based architectures had achieved high performance, the transition to Transformer-

based architectures occurred almost naturally. Wu et al. [225] discussed three open challenges that

motivated the natural implementation of Transformer-based architectures for computer vision tasks:
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convolutions uniformly process all image patches regardless of their importance, which can lead

to spatial inefficiency (e.g., image classification models should prioritise foreground over back-

ground); not all images have all concepts, therefore, applying high-level filters to all images could

be computationally inefficient (e.g., features related to an image of a person may not be present

in an image of a flower); and, the convolution operation is not good at establishing relationships

between spatially-distant concepts, which is an essential property in computer vision. For this

reason, Dosovitskiy et al. [104] have proposed the Vision Transformer architecture. Analogously

to the original Transformer, to work with a Vision Transformer, one needs to split an image into

patches and provide the sequence of linear embeddings of these patches as the input. Contempora-

neously, Wu et al. [225] proposed a similar architecture that aims to encode semantic concepts in a

smaller number of tokens and establish a relationship between spatially-distant concepts through an

attention mechanism in this token space. Several modifications of the baseline architecture and

their application to different tasks have already been reported [226, 227, 228, 229].

4.3 Literature on Attention Mechanisms for Medical Applications

This Section provides a comprehensive review of the integration of attention mechanisms into

algorithms for medical applications. For the sake of clarity, we structure this Section into different

types of tasks that can integrate different workflows of the medical domain: medical image

classification, medical image segmentation, medical report understanding, and other tasks (medical

image detection, medical image reconstruction, medical image retrieval, medical signal processing,

and physiological and pharmaceutical research). The results of this work have been disseminated in

the form of an article in an international journal: T. Gonçalves, I. Rio-Torto, L. F. Teixeira, and J. S.

Cardoso, “A Survey on Attention Mechanisms for Medical Applications: Are We Moving Toward

Better Algorithms?,” IEEE Access, vol. 10, pp. 98909–98935, 2022 [50].

4.3.1 Medical Image Classification

In this Section, we group the works of the most common approaches of attention mechanisms

applied to medical image classification.

4.3.1.1 Breast Lesion Classification

In a multi-database and multi-class classification (i.e., benign, malignant, and normal) approach

for breast lesions in ultrasound images, Gheflati and Rivaz [230] studied the impact of using data

augmentation, and transfer learning on transformer- and CNN-based architectures, and reported

similar, and sometimes improved, results. In a multiple instance learning (MIL) approach, Ilse et

al. [231] proposed a gated attention mechanism in deep neural networks for the classification of

histopathological images (the authors also investigated the application of this methodology to colon

cancer).
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4.3.1.2 COVID-19 Classification

In the task of Coronavirus disease 2019 (COVID-19) classification, Han et al. [232] proposed a MIL

algorithm for the automated screening of COVID-19 from volumetric chest computed tomography

(CT) scans that employs an attention mechanism in the pooling operation to select the instances

that may be meaningful for the final classification. Perera et al. [233] proposed a lightweight vision

transformer that uses ultrasound images to discriminate between COVID-19, bacterial pneumonia

and healthy specimens. Jiang and Lin [234] proposed an architecture that combines two transformer-

based models to classify chest X-ray images as COVID-19, pneumonia, and healthy specimens. Liu

and Yin [235] used X-ray image data and applied a transformer architecture with transfer learning

to train a model capable of discriminating between normal and COVID-19 cases. Park et al. [236]

explored the potential of vision transformer architectures in a federated learning setting to classify

COVID-19 in chest X-ray images and reported that these architectures are suitable for collaborative

learning in medical imaging. Hsu et al. [237] approached chest CT scan data with an architecture

that uses transformer-based blocks to learn the context of the CT slices, the information at the pixel

level, and the spatial-context features with the aid of a deep Wilcoxon signed-rank test to determine

the importance of each slice. Zhang and Wen [238] proposed a framework for 3D CT scans that

consists of a U-Net [239] module to segment the lungs and a transformer-based module to extract

features and perform classification (i.e., COVID-19 diagnosis). Mondal et al. [240] proposed a

vision transformer with a multi-stage transfer learning strategy that uses CT and X-ray image

modalities to discriminate between COVID-19, pneumonia, and healthy specimens. Gao et al. [241]

tested a vision transformer on 2D and 3D medical image data from CT scans and reported improved

results against common CNN architectures for COVID-19 classification (i.e., COVID-19 against

non-COVID-19). Similarly, Shome et al. [242] also employed a vision transformer on 2D chest CT

X-ray images and tested its predictive performance in both binary (i.e., COVID-19 against healthy

specimens) and multi-class (i.e., COVID-19 against bacterial pneumonia against healthy specimens)

settings, reporting improved results against common CNN architectures. Ambita et al. [243] used

a vision transformer to detect COVID-19 in CT scan images and employed a data augmentation

strategy that relied on the generation of synthetic images with a self-attention-based GAN. Park

et al. [244] explored the use of a vision transformer architecture for COVID-19 classification that

uses low-level features generated using a backbone network. The authors also performed several

experiments using chest X-ray databases from different institutions.

4.3.1.3 Whole Slide Image Classification

Lu et al. [245] addressed the problem of glioma subtype classification (i.e., a multi-class task) in

whole slide image (WSI) data using a contrastive training framework that employs a CNN backbone

to learn relevant patch-level feature representations, and a sparse-attention block to aggregate

the features of these multiple patches (i.e., multiple instances). Chen et al. [246] employed a

transformer-CNN-based architecture to classify gastric histopathology WSIs in a binary setting (i.e.,
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normal against abnormal). Jiang et al. [247] addressed the diagnosis of acute lymphocytic leukaemia

through the classification of leukaemic B-lymphoblast cells (i.e., cancer cells) and B-lymphoid

precursors (i.e., normal cells) with a transformer-CNN ensemble, and a data enhancement method

that tackles the problem of class imbalance. Zheng et al. [248] proposed a novel graph-based vision

transformer architecture to classify lung WSIs (i.e., adenocarcinoma, squamous cell carcinoma,

and normal histology).

4.3.1.4 Retinal Disease Classification

Bodapati et al. [249] proposed an architecture for the automatic diagnosis of diabetic retinopathy that

uses multiple pre-trained CNNs with spatial pooling to extract features from colour fundus retinal

images and integrates gated attention blocks to guide the model to focus more on lesion portions of

the retinal images while paying less attention to the non-lesion regions. Yu et al. [250] addressed the

task of retinal disease classification using fundus image data with a vision transformer trained under

a MIL setting. Similarly, in diabetic retinopathy classification, Sun et al. [251] proposed a lesion-

aware transformer architecture that jointly learns to detect the presence of diabetic retinopathy

and the location of lesion discovery using an encoder-decoder structure. Several authors have

addressed the task of diabetic retinopathy recognition in a multi-class setting (i.e., no diabetic

retinopathy, mild non-proliferative diabetic retinopathy, moderate diabetic retinopathy, severe non-

proliferative diabetic retinopathy, and proliferative diabetic retinopathy) with a vision transformer

architecture [252, 253]. Yang et al. [254] used a hybrid CNN-transformer architecture to tackle

ophthalmic image data in a multi-class setting (i.e., normal, diabetes, glaucoma, cataract, age-

related macular degeneration, hypertension, myopia, and other abnormalities) using different data

pre-processing strategies.

4.3.1.5 Miscellaneous Classification Tasks

In lung cancer classification in screening CT, Al-Shabi et al. [255] have extended the study of non-

local attention and proposed an architecture that is initially trained on simple examples and gradually

grows to increase its ability to handle the task at hand, as the classification task becomes more

difficult. Moranguinho et al. [256] applied this methodology for the classification of lung biopsy

histopathological images with respect to cancer classification and used post-model interpretability

algorithms to assess the regions of interest for the predictions of their trained deep neural network.

He et al. [257] proposed a deep learning architecture for depression recognition that combines a

backbone CNN to extract features, a local attention module that focuses on parts of the input images,

a global attention module to learn global patterns from the entire input images, and a weighted

spatial pyramid pooling layer to learn the depression patterns after the feature aggregation operation.

Dai et al. [258] explored the task of multi-modal and multi-class classification in head, neck, and

knee magnetic resonance imaging (MRI) data using a hybrid CNN-transformer model, where the

CNN module is used as a low-level feature extractor. Datta et al. [259] performed a comparative

study of the effect of soft-attention combined with different backbone architectures in skin cancer
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classification and reported several advantages against conventional methodologies. Barhoumi et

al. [260] proposed a model that aggregates several feature maps extracted using multiple Xception

CNNs [261] and uses these features to train a vision transformer for the intracranial haemorrhage

classification problem, using CT images. Liang and Gu [262] added an attention mechanism to a

backbone network based on the ResNet [263] to aid the diagnosis of Alzheimer’s disease in brain

MRI data.

4.3.2 Medical Image Segmentation

Using well-known data sets related to different use cases and working on top of [3], Roy et al. [264]

verified that the addition of a spatial-channel squeeze and excitation block works as an attention

mechanism in FCNs and improves the quality of the segmentation maps. Interestingly, in most

recent papers, the authors approach the problem of medical image segmentation using encoder-

decoder structures that generally comprise a CNN and a transformer to extract volumetric spatial

feature maps, perform global feature modelling and predict refined segmentation maps [265, 266,

267, 268], although there are already some works that replace the CNN-based modules at the

encoder or decoder levels and integrate other attention mechanisms to extract features and model

long-range dependencies [269]. More recent methodologies on medical image segmentation are

taking advantage of a hybrid use of the vision transformer and the U-Net with improved results

regarding the quality of segmentation maps [270, 271]. Wu et al. [272] proposed a feature adaptive

model comprising a dual encoder with CNN and transformer branches to capture local features

and global context information simultaneously. The U-Net architecture [239] has high relevance

in biomedical image segmentation. The high flexibility of this network’s structure allows the

integration of several computing blocks, such as attention mechanisms (see Figure 4.2). Hence, as

described below, most authors employ a similar structure in their applications.

4.3.2.1 Breast Lesion Segmentation

Using breast ultrasound images, Vakanski et al. [273] integrated an attention block into the well-

known architecture U-Net to learn semantic representations that prioritise spatial regions for breast

tumour segmentation. In breast tumour segmentation, using ultrasound imaging data, Zhu et

al. [274] developed a transformer-based architecture that incorporates prior information of the

region of tumours to obtain accurate segmentation. Following the most recent approaches of

transformer-based architectures for medical image analysis, Liu et al. [275] proposed a U-Net-like

model that integrates an attention module to focus on the tumour region and combines CNN and

transformer blocks to extract and process features that may lead to improved segmentation maps.

4.3.2.2 Computational Pathology

Using microscopic images, Prangemeier et al. [276] proposed an architecture based on a CNN-

encoder and transformer-decoder for the classification and instance segmentation of yeast cells.
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Figure 4.2: U-Net architecture with attention blocks, as proposed in [2]. Please note that rectangles
represent the feature maps of the encoder and decoder, horizontal arrows represent the regular flow
of information, vertical elbow arrows represent the skip connections, and squares represent the
attention blocks.

Using microscopy images of corneal endothelial cells, Zhang et al. [277] revisited the problem of

cell segmentation with the proposal of the multi-branch hybrid transformer network, which follows

the main structure of its predecessors (i.e., it contains both CNN and transformer modules) to extract

and process local and spatial features that may lead to refined segmentation maps. Shao et al. [278]

addressed MIL using a transformer-based architecture that explores morphological and spatial

information and considers the correlation between instances. The authors tested their framework in

different computational pathology problems. Using high-resolution images, Nguyen et al. [279]

performed a comparative analysis using architectures based on CNN and transformer modules and

reported improved results with the transformer-based approaches. In a similar approach, using

hyperspectral image data, Yun et al. [280] proposed an encoder-decoder architecture with CNN and

transformer blocks to extract and model spatial and spectral features, achieving competitive results

against other methodologies.

4.3.2.3 Cardiac Segmentation

Li et al. [281] addressed the task of cardiac image segmentation using MRI data from different

domains with a generative adversarial model with an attention loss, proposed to translate the images

from existing source domains, and a stack of data augmentation techniques to simulate real-world

transformation to boost the segmentation performance for unseen domains. Concurrently, Kong

and Shadden [282] tackled the same problem with a GAN with a cycle consistency loss (i.e.,

CycleGAN [283]) to generate images in different styles, exchanging the low-frequency features of
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images from different domains, and using an architecture based on an attention-gated U-Net that

should learn to focus on cardiac structures of varying shapes and sizes while suppressing irrelevant

regions. The community has followed these strategies in other contexts as well [284]. In the task of

cardiac segmentation, using ultrasound images (i.e., echocardiography), Deng et al. [285] developed

an architecture that combines a CNN-based encoder-decoder to extract multi-level features, a

transformer structure to fuse these features, and a patch embedding layer created to reduce the

number of parameters of the embedding layer and the size of the token sequence. Chen et al. [286]

proposed a U-Net-like architecture that studied the potential of several settings (e.g., transformer as

encoder, hybrid CNN-transformer as encoder) that reported increased performances for cardiac

segmentation (the authors also reported increased performances on multi-organ segmentation).

Huang et al. [287] also proposed a transformer-based model that tackles several tasks: the alignment

of features, the enhancement of the long-range dependencies and local context, and the modelling

of the long-range dependencies and local context of multi-scale features. They experimented with

this architecture on cardiac segmentation databases (also on multi-organ segmentation).

4.3.2.4 Multi-task Segmentation

Oktay et al. [2] addressed the task of multi-organ segmentation (i.e., liver, pancreas, spleen) and

worked on top of the U-Net architecture by integrating attention modules in the skip connections

to promote the learning of relevant features while suppressing feature activations in irrelevant

regions. Yao et al. [288] proposed a U-Net-based architecture with deep feature concatenation and

an attention mechanism branched into several attention gates for scleral blood vessel segmentation.

Following this methodology, Chang et al. [289] added a transformer module to the encoder block

of the baseline model and reported improved results on multi-organ segmentation tasks. Using CT

images, Xie et al. [290] proposed a framework that connects a CNN and a transformer to extract

both feature representations and model the long-range dependency on these feature maps. This

model also employs a self-attention mechanism that focuses on specific positions of the image, thus

reducing the computational complexity. Similarly, for kidney segmentation using CT images, Shen

et al. [291] also proposed an encoder-decoder architecture that leverages the interaction of CNN

and transformer modules to learn multi-scale features to achieve improved segmentation results.

Following this work, Zhang et al. [292] developed an architecture for multi-organ segmentation

that runs a CNN-based encoder and transformer-based segmentation network in parallel and fuses

the features from these two branches to make predictions jointly. Tang et al. [293] proposed

a U-Net-shaped architecture with a transformer module for multi-organ segmentation with 3D

images and employed a specific pre-training strategy with contrastive learning, masked volume

inpainting, and 3D rotation prediction. Using images from different modalities (i.e., MRI and

CT) and organs (i.e., brain cortical plate, hippocampus, pancreas), Karimi et al. [294] proposed an

architecture based entirely on transformers that uses self-attention between neighbouring image

patches, without requiring any convolution operations. Cao et al. [295] also proposed a U-Net

architecture composed solely of transformer-based modules for multi-organ segmentation that
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uses skip-connections for local-global semantic feature learning. On colonoscopy images, Sang et

al. [296] proposed an architecture that takes advantage of a ResNeSt backbone [217] connected to

the coupled U-Nets [297] architecture and several attention gates to combine multi-level features

and yield accurate polyp segmentation. In a multi-task segmentation approach, Zhang et al. [298]

developed a method that seeks to integrate multi-scale attention and CNN feature extraction using a

pyramidal network architecture by working on multi-resolution images. Lin et al. [299] proposed

an encoder-decoder architecture comprised of hierarchical transformer-based modules to model

the long-range dependencies and the multi-scale context connections during the process of down-

sampling and up-sampling. Li et al. [300] proposed a different framework based on transformers that

uses a squeeze-and-excitation attention module to both regularise the self-attention mechanism of

transformers and learn diversified representations. Ranjbarzadeh et al. [301] addressed brain tumour

segmentation in multi-modal MRI data using a cascade CNN that processes both local and global

features in two different routes, combined with a distance-wise attention mechanism that considers

the effect of the location of the centre of the tumour and the brain. Ribeiro [302] also addressed the

task of brain tumour segmentation and proposed an architecture inspired by the U-Net that integrates

an attention mechanism with adaptive-scale context to capture multi-scale information by processing

parallel branches with different scales. Petit et al. [303] designed a U-shaped architecture for image

segmentation with self-attention and cross-attention from transformers (i.e., U-transformer). They

performed experiments on two abdominal CT-image databases and obtained superior performance

compared to U-Net-based models. Regarding skin lesion segmentation, Wang et al. [304] proposed

a boundary-aware transformer that aims to take advantage of boundary-wise priors through a

boundary-wise attention gate that highlights the ambiguous boundaries to generate attention maps

to guide the training. For tooth root segmentation, Li et al. [305] proposed a transformer-based

architecture with the structure of the U-Net backbone and optimised the training of this model with

a Fourier Descriptor loss function that takes advantage of prior knowledge related to shape. Li et

al. [306] explored the same task through an anatomy-guided multi-branch transformer with multi-

head attention that employs a polynomial curve fitting segmentation strategy (based on keypoint

detection) to extract anatomy features. Following the work described in [306], Guo et al. [307]

implemented a similar approach for retinal vessel segmentation. Several other approaches were

proposed for this task. Wang et al. [308] introduced a network that focuses on refining segmentation

errors by using an attention mechanism that considers the differences between the ground truth

and the predicted masks as the (source of) supervision for learning the attention maps. Guo et

al. [309] proposed a network that builds upon residual blocks and spatial attention to promoting the

extraction of complex vascular features while alleviating over-fitting. Du et al. [310] proposed a

U-Net-based architecture that contains pyramid pooling [311] modules and integrates an attention

mechanism in its skip connections to promote the ability to obtain global information and efficient

learning of semantic features. Gao et al. [312] developed a deep network that combines a feature

fusion residual module with channel and spatial attention mechanisms to promote the extraction

of low and high-dimensional features and effectively explore feature dependencies at spatial and
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channel levels. Amer et al. [313] created a U-Net architecture that comprises residual blocks

and a multi-scale spatial attention module to capture and select multi-scale context information

while ensuring an effective fusion of this information. Zhao et al. [314] also proposed a U-Net

architecture that focuses on extracting better spatial and channel-level features. After revisiting the

work described in [306], Jin et al. [315] employed a 3D U-Net architecture with residual blocks

and an attention module to extract volumes of interest in liver and brain CT imaging data and

perform tumour segmentation. Sobirov et al. [316] applied the transformer-based model proposed

by Hatamizadeh et al. [268] to the tasks of head and neck tumour segmentation using multi-modal

data and compared their results with CNN-based approaches. Yan et al. [317] also employed a

U-Net-based structure for the task of multi-organ segmentation in 3D medical image data; however,

with slightly different changes: in their approach, they used a CNN-encoder and CNN-decoder with

a transformer model in between to fuse contextual information in the neighbouring image slices.

4.3.3 Medical Report Understanding

In this Section, we group works related to medical report analysis (focused on natural language

processing).

4.3.3.1 Medical Report Generation

Using two medical databases containing radiological and pathological images, Jing et al. [318]

proposed a methodology consisting of a multi-task deep learning model that jointly performs the

prediction of tags and the generation of paragraphs, a co-attention mechanism for locating regions

containing abnormalities and generating narrations for them, and a hierarchical LSTM model

for generating long paragraphs. One of the first mentions of using transformer architectures to

generate medical image reports is described in [319]. In this work, Xiong et al. used X-ray data and

proposed a hierarchical framework trained with reinforcement learning. This framework consists

of an encoder that extracts visual features through a bottom-up attention mechanism aimed at

identifying regions of interest and extracting top-down visual features and a transformer-based non-

recurrent captioning decoder aimed at generating a coherent paragraph of medical image reports.

Lovelace and Mortazavi [320] developed a chest X-ray report generation algorithm that consists of

two training stages: the training of the report generation model (based on a transformer architecture)

using a standard language generation objective and, after, the fine-tuning of this model on clinical

observations extracted from reports sampled from the same model to regularise the degree of

coherence between the observations from the generated and ground truth reports. In a similar

task, Srinivasan et al. [321] proposed a deep framework that uses a CNN to extract features of the

images and generate tag embeddings for each image, and uses transformers to encode the image

and tag features with self-attention to get a finer representation. Alternatively, Miura et al. [322]

applied a transformer-based architecture trained with reinforcement learning, which comprises two

different rewards, namely, one that encourages the system to generate radiology domain entities
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consistent with the reference and one that uses natural language inference to encourage these entities

to be described in inferentially consistent ways. On the other hand, Chen et al. [323] proposed

to generate radiology reports with a memory-driven transformer, where a relational memory is

designed to record key information of the generation process and a memory-driven conditional layer

normalisation is applied to incorporate the memory into the decoder of the transformer. Also, in

automatic chest X-ray report generation, Liu et al. [324] created a contrastive-attention methodology

that compares a given input image with normal images to distil contrastive information that better

represents the visual features of abnormal regions, thus providing more accurate descriptions for

an interpretable diagnosis and improving the quality of the generated reports. Najdenkoska et

al. [325] tackled the same problem with variational topic inference that consists of modelling

a set of topics as latent variables to guide sentence generation by aligning image and language

modalities in a latent space. Each topic contributes to the generation of a sentence in the report.

The entire pipeline is refined with a visual attention module that enables the model to attend to

different locations in the image and generate more informative descriptions. Alfarghaly et al. [326]

proposed a transformer-based pipeline that involves the use of a fine-tuned CheXNet model [327]

to predict specific tags from the image, the computation of weighted semantic features from the

predicted tag’s pre-trained embeddings, and the conditioning of a pre-trained distilled GPT2 [328]

model on the visual and semantic features to generate the full medical reports. Amjoud et al. [329]

proposed an encoder-decoder framework that combines the benefits of transfer learning for feature

extraction and the transformer architecture for medical report generation. Tipirneni et al. [330]

proposed a transformer-based architecture to address multivariate clinical time series with missing

values. A different approach was discussed in [331], where the authors propose an encoder-decoder

architecture that comprises both CNN and transformer modules and aims to explicitly quantify the

inherent visual-textual uncertainties existing in the multi-modal task of radiology report generation

both at the report and sentence levels, and explore a novel method to measure the semantic similarity

of radiology reports, which seems to capture the characteristics of diagnosis information better. A

different research line focuses on imitating the working patterns of radiologists, which typically

consist of examining the abnormal regions and assigning the disease topic tags to these regions

and then relying on the years of prior medical knowledge and prior working experience to write

reports [332]. Hence, in [332], the authors proposed a posterior-and-prior knowledge exploring-

and-distilling approach that consists of three modules: the posterior knowledge explorer, which

aims to provide explicit abnormal visual regions to alleviate visual data bias; the prior knowledge

explorer, which aims to explore the prior knowledge from the prior medical knowledge graph

(i.e., medical knowledge) and prior radiology reports (i.e., working experience) to alleviate textual

data bias; and the multi-domain knowledge distiller that aggregates this processed knowledge

and generates the final reports. A very close framework was described by Liu et al. [333], in

which the authors proposed an unsupervised model knowledge graph auto-encoder which accepts

independent sets of images and reports during training, and consists of three modules: the pre-

constructed knowledge graph, that works as the shared latent space and aims to bridge the visual
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and textual domains; the knowledge-driven encoder which projects medical images and reports to

the corresponding coordinates in that latent space; and the knowledge-driven decoder that generates

a medical report given a coordinate in that latent space. This modular structure is also employed

by Nguyen et al. [334], which added three complementary modules: a CNN-based classification

module that produces an internal checklist of disease-related topics (i.e., the enriched disease

embedding); a transformer-based generator that generates the medical reports from the enriched

disease embedding and produces a weighted embedding representation; and an interpreter that uses

the weighted embedding representation to ensure consistency concerning disease-related topics.

Similarly, You et al. [335] proposed a framework which includes two different attention-based

modules: the align hierarchical attention module that first predicts the disease tags from the input

image and then learns the multi-grained visual features by hierarchically aligning the visual regions

and disease tags; and the multi-grained transformer module that uses the multi-grained features

to generate the medical reports. Still, on this line, Hou et al. [336] proposed a CNN-RNN-based

medical transformer trained end-to-end, capable of extracting image features and generating text

reports that aim to fit seamlessly into clinical workflows.

4.3.3.2 Miscellaneous Tasks

Recently, Zhou et al. [337] proposed a cross-supervised methodology that acquires free supervision

signals from original radiology reports accompanying the radiography images and employs a vision

transformer designed to learn joint representations from multiple views within every patient study.

Regarding automatic surgical instruction generation, Zhang et al. [338] introduced a transformer-

based encoder-decoder architecture trained with self-critical reinforcement learning to generate

instructions from surgical images and reported improvements against the existing baselines over

several caption evaluation metrics. Wang et al. [339] proposed a transformer-base training frame-

work designed for learning the representation of both the image and text data, either paired (e.g.,

images and texts from the same source) or unpaired (e.g., images from one source coupled with

texts from another source). They applied their methodology to different chest X-ray databases and

performed experiments in three applications (i.e., classification, retrieval, and image regeneration).

4.3.4 Other Tasks

This Subsection includes medical tasks whose interest in the field is currently increasing: medical

image detection, medical image reconstruction, medical image retrieval, medical signal processing,

and physiology and pharmaceutical research.

4.3.4.1 Medical Image Detection

Regarding colorectal polyp detection, Shen et al. [340] approached several colonoscopy databases

and proposed an architecture constituted by a CNN for feature extraction, transformer encoder

layers interleaved with convolutional layers for feature encoding and recalibration, transformer
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decoder layers for object querying, and a feed-forward network for detection prediction. Similarly,

Liu et al. [341] addressed the same task using an encoder-decoder architecture with a ResNet50-

based CNN backbone as the encoder and a transformer-based module as the decoder and Mathai

et al. [342] addressed the task of lymph node detection using MRI data employing analogous

strategies.

4.3.4.2 Medical Image Reconstruction

Gong et al. [343] addressed the reconstruction of linear parametric images from dynamic positron

emission tomography (PET) and implemented a 3D U-Net [344] model with an attention layer that

focuses on prior anatomical information during training to improve the quality of the reconstruction

of dynamic PET images of the human brain. Liang and Gu [262] also explored the reconstruction

of brain MRI data as a regularisation strategy to aid the diagnosis of Alzheimer’s disease.

4.3.4.3 Medical Image Retrieval

Grundmann et al. [345] and Kim et al. [346] developed new methods to perform an automatic

retrieval and analysis of clinical notes. Li et al. [347] and Ma et al. [348] developed new models for

the automated evaluation of root canal therapy and significant stenosis detection in coronary CT

angiography of coronary arteries, respectively.

4.3.4.4 Medical Signal Processing

Nauta et al. [349] explored the combination of attention mechanisms and causal discovery tech-

niques. Using simulated functional MRI data containing blood-oxygen-level dependent data sets

for 28 different underlying brain networks, this work proposed a deep learning framework based on

attention that learns a causal graph structure by discovering causal relationships in observational

time series data.

4.3.4.5 Physiology and Pharmaceutical Research

Deep learning has also revealed itself to be a popular framework for physiology and pharmaceutical

research (e.g., drug combination prediction, protein residue-residue contact prediction). Naturally,

as this field also involves high-stakes decisions, the increase in the predictive performance of deep

learning architectures in several problems of this topic [350, 351, 352, 353] motivated the need to

explain the internal mechanisms of these algorithms and improve their explainability. Interestingly,

the strategy employed by machine learning practitioners is based on attention mechanisms. Fili-

pavicius et al. [354] studied the use of transformer-based language models for protein classification

using long sequences. The authors also performed several experiments on the compression of the

protein sequences and prepared new pre-training and protein-protein binding prediction databases.

Chen et al. [355] presented an attention-based (i.e., regional and sequence attention) CNN for

protein contact prediction and for identifying interpretable patterns that contain useful insights
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into the key fold-determining residues in proteins. Wang et al. [356] recently proposed a deep

learning framework based on graph neural networks with an attention mechanism to identify drug

combinations that can effectively inhibit the viability of specific cancer cells. Khan et al. [357] used

a transformer-based architecture to analyse high-dimensional gene expression data and reported

improved results on lung cancer sub-types classification.

4.4 Attention Mechanisms for Medical Image Classification

The results of this work have been disseminated in the form of an article in an international journal:

T. Gonçalves, I. Rio-Torto, L. F. Teixeira, and J. S. Cardoso, “A Survey on Attention Mechanisms

for Medical Applications: Are We Moving Toward Better Algorithms?,” IEEE Access, vol. 10,

pp. 98909–98935, 2022 [50]. The code related to the implementation of this work is publicly

available in a GitHub repository1.

4.4.1 Description and Contributions

An attentive look at the literature described in the previous section will show us that the quality

assessment of the algorithms powered by attention mechanisms is often based on predictive perfor-

mance (i.e., accuracy) rather than showing that these algorithms are moving towards increasing

transparency or interpretability. However, the authors must consider framing their proposals to fit

the application context in a high-risk context like healthcare. In this work, we present an experi-

mental set involving three different use cases (i.e., breast lesion, chest pathology, and skin lesion),

wherein the main goal is to provide insight into the impact of using attention mechanisms in deep

learning algorithms for medical image applications. We assess this impact from the perspective of

predictive performance (i.e., accuracy) and then report post-model attribution maps obtained with

different interpretability frameworks to visualise the image regions that contributed most to the

final predictions. We acknowledge that the visual assessment of these attribution maps is subject

to a high degree of subjectivity. Nonetheless, we argue that this analysis can serve as an indirect

evaluation of the degree of interpretability of these models. We approach this topic with a critical

view and ask the following research questions:

1. Will attention mechanisms automatically improve the predictive power of deep learning

algorithms for medical image applications?

2. What is the impact of integrating attention mechanisms on model complexity?

3. Can we improve the degree of interpretability of deep learning models solely through attention

mechanisms?

4. How practical is it to design and build attention mechanisms for deep learning applications?

1https://github.com/TiagoFilipeSousaGoncalves/survey-attention-medical-imaging

https://github.com/TiagoFilipeSousaGoncalves/survey-attention-medical-imaging
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To answer these, we develop an experimental protocol with three case studies on medical

image classification, using established deep learning architectures with and without state-of-the-art

attention blocks and a transformer-based model. We address the open challenges of interpretability

and transparency with the help of post-hoc explanation methods and perform a visual analysis of

the impact of different attention mechanisms in these outputs. The main contributions of this work

are:

1. An experimental case study on medical image classification with three different use cases that

focus on the integration of attention mechanisms into established deep learning architectures,

the analysis of their predictive power, and a visual assessment of their saliency maps generated

by post-hoc explanation methods;

2. A critical analysis of the claims and potentialities of attention mechanisms presented in the

literature;

3. A discussion on the future challenges of medical applications and how they may benefit from

attention mechanisms.

4.4.2 Data

In this work, we used APTOS2019, ISIC2020 and MIMIC-CXR datasets (see Chapter 3). To create

the binary version of the APTOS2019 dataset, we grouped all the non-R0 classes into the “diabetic

retinopathy” class. Table 4.1 presents the number of training, validation and test examples and the

meaning of the labels per dataset.

Table 4.1: Data splits and meaning of labels for each data set.

Data set Splits Labels

Train Validation Test 0 1
APTOS2019 2334 778 550 Normal Diabetic Retinopathy
ISIC2020 19593 6568 6965 Benign Malign
MIMIC-CXR 61203 534 1072 Normal Pleural Efusion

4.4.3 Methodology

We conducted all the experiments using the PyTorch library [358] for Python.

4.4.3.1 Backbone Models

In the first phase of this study, we trained two deep learning backbones (i.e., DenseNet-121 [359],

ResNet-50 [263]) on each data set. DenseNet-121’s architecture [359] allows connecting all layers

(with matching feature-map sizes) directly with each other, thus improving the flow of information

and gradients throughout the network and facilitating their training. ResNet50’s architecture
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introduced the deep residual learning framework, which consists of adding skip connections that

perform identity mapping, and adding their outputs to the outputs of the stacked layers. We use

these backbone models in our experiments because they are well-known and widely used in the

deep learning community. In this work, we refer to these models as DenseNet-121 and ResNet-50.

4.4.3.2 Squeeze-and-Excitation Attention Block

In the second phase, we adapted the Squeeze-and-Excitation (SE) attention block [3] (see Figure 4.3)

to each of the backbones and trained these new architectures on the three data sets. According to

the authors of the original paper [3], this attention block was designed to adaptively recalibrate

channel-wise feature responses by explicitly modelling interdependencies between channels. Since

one of the original implementations uses the ResNet-50, we used the author’s implementation in

our study, which consists of integrating the SE block between the residual layers and the activation

function (in this case, the rectified linear unit (ReLU)). Following this rationale, in the case of

DenseNet-121, we integrated the SE block between the dense and the transition blocks. We decided

to use the SE block in our experiments because it was one of the first proposals of channel attention

for computer vision, and it is widely used by the community as a comparison reference. Besides,

since we are building our case studies in medical image classification using RGB images, our

interests also rely on studying the effects of attention on the channel dimension. In this work, we

refer to these models as SEDenseNet-121 and SEResNet-50.

Figure 4.3: Block diagram of the Squeeze-and-Excitation (SE) attention block, according to [3].

4.4.3.3 Convolutional Block Attention Module

In the third phase, we adapted the Convolutional Block Attention Module (CBAM) [4] (see Fig-

ure 4.4) to each of the backbones and trained these new architectures on the three data sets.

According to the authors of the original paper, the CBAM mechanism integrates two specific

attention blocks: the channel attention module, which aims to produce a channel attention map

by exploiting the inter-channel relationship of features and is considered as a feature detector (see

Figure 4.5); and the spatial attention module, which aims to generate a spatial attention map by
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utilising the inter-spatial relationship of features, thus being complementary to the channel attention

(see Figure 4.6). Like the SE attention block, we integrated the CBAM mechanism at the same

topographical location of the architectures of the backbone models. Following the decision on

the SE block, we considered it important to study the spatial dimension of images. Therefore,

CBAM integrates both the attention and spatial dimensions in its pipeline, so we can perceive this

module as an upgrade to the SE block. Furthermore, it is important to note that this module is also

well-known in the community, and, therefore, it is validated as well. In this work, we refer to these

models as CBAMDenseNet-121 and CBAMResNet-50.

Figure 4.4: Block diagram of the Convolutional Block Attention Module (CBAM), according to [4].

Figure 4.5: Block diagram of the Channel Attention Module of the Convolutional Block Attention
Module (CBAM), according to [4].

4.4.3.4 Data-efficient image Transformer

In the fourth phase, we tested a transformer-based architecture composed solely of attention

mechanisms. The Data-efficient image Transformer (DeiT) [229] is an architecture inspired by

the vision transformer [104], and trained with fewer parameters. In this case, we used the DeiT-Ti

variation [229], which has a comparable number of parameters against the chosen CNN backbones.

Aside from being validated by the community (as in previous examples), this vision transformer

architecture has a proportional number of parameters (see Table 4.4) to the backbone models, thus
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Figure 4.6: Block diagram of the Spatial Attention Module of the Convolutional Block Attention
Module (CBAM), according to [4].

allowing us to mitigate eventual model complexity effects on the predictive performance of this

model. In this work, we refer to this model as DeiT.

4.4.3.5 Post-model Interpretability

In the fifth phase, we generated visual explanation maps (i.e., saliency maps) using the Deep Learn-

ing Important FeaTures (DeepLIFT) [30] and the Layer-wise Relevance Propagation (LRP) [34]

post-hoc methods. DeepLIFT [30] compares the activation of each neuron to its related reference

activation, and assigns contribution scores according to the difference. LRP [34] is a methodology

that aims to create visualisations of the contributions of single pixels to predictions. We decided to

employ this strategy as a proxy for the degree of interpretability of models, thus allowing our work

to be comparable to current research. We used the Captum [360] library for Python to generate

these post-hoc saliency maps for the backbones and their attention-based versions. Regarding the

DeiT, we refer the reader to [361], which proposed a framework to generate LRP attributions for

transformer-based architectures.

4.4.3.6 Data Processing

Regarding the data processing pipeline, all the images were resized to the dimensions of 224×224,

and a z-normalisation was applied to each RGB channel. The mean and standard deviation

parameters used in this operation depend on the initialisation of the model weights. In the

case of DenseNet-121, ResNet-50, SEDenseNet-121, SEResNet-50, CBAMDenseNet-121 and

CBAMResNet-50, the weights were initialised from a pre-training on the ImageNet database [362]

with mean = [0.485,0.456,0.406], and std = [0.229,0.224,0.225]. In the case of DeiT, the weights

were initialised from a pre-training on the ImageNet database with mean = [0.500,0.500,0.500],

and std = [0.500,0.500,0.500].
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4.4.3.7 Data Augmentation

Regarding the data augmentation strategy, we created a pipeline composed of several random affine

transformations (i.e., random rotations, random translations, random scaling and random horizontal

flips). Table 4.2 presents the parameters of data augmentation used in our experiments.

Table 4.2: Data augmentation parameters used during the training step of all the phases.

Parameter Value

Angle of rotation in degrees [−10,10]
Horizontal translation shift 0.05
Vertical translation shift 0.1
Scaling factor [0.95,1.05]
Horizontal flip probability 0.5

4.4.3.8 Training

We trained all the models in the different datasets using the same optimisation hyper-parameters.

During training, we saved the best model weights according to a decrease in the validation loss.

Table 4.3 presents the optimisation hyper-parameters used in our experiments. We also conducted a

low data regime experiment; hence, all the models were trained using 1%, 10%, 50% and 100% of

the training data. In imbalanced data sets (i.e., ISIC2020, MIMIC-CXR), we applied class-weights

in the loss function.

Table 4.3: Set of hyper-parameters used during the training step of all the phases. Please note that
we present the batch size as a closed interval since we had to adapt its value during some of the
training runs due to computational constraints (e.g., availability of GPU RAM).

Hyper-parameter Value

Number of epochs 300
Loss function Cross-entropy
Optimiser Adam
Learning rate 1×10−6

Batch size [2,32]

4.4.4 Results

4.4.4.1 Predictive Performance

Figures 4.7, 4.8 and 4.9 respectively present the predictive performance (i.e., accuracy) results of

the different models on the APTOS2019, ISIC2020 and MIMIC-CXR data sets, using different

percentages of training data.
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Figure 4.7: Predictive performance (i.e., accuracy) results of the different models on the AP-
TOS2019 data set, using different percentages of training data.

Figure 4.8: Predictive performance (i.e., accuracy) results of the different models on the ISIC2020
data set, using different percentages of training data.
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Figure 4.9: Predictive performance (i.e., accuracy) results of the different models on the MIMIC-
CXR data set, using different percentages of training data.

4.4.4.2 Model Complexity

Table 4.4 presents the model complexity (i.e., the number of parameters) information for the models

used in our experiments.

Table 4.4: Model complexity (i.e., the number of parameters) information for the models used in
our experiments.

Model Number of parameters

DenseNet-121 7,054,210
ResNet-50 23,512,130
SEDenseNet-121 7,357,314
SEResNet-50 26,027,074
CBAMDenseNet-121 7,360,706
CBAMResNet-50 26,044,722
DeiT 5,486,786

4.4.4.3 Post-Model Interpretability

Tables 4.5, 4.6 and 4.7 present examples of LRP and DeepLIFT post-hoc saliency maps obtained

for images of the APTOS2019 data set with labels 0 and 1 correctly classified, and with label 0

incorrectly classified by all models, respectively. The same structure is followed for examples of

the ISIC2020 (Tables 4.8, 4.9, 4.10 and 4.11) and MIMIC-CXR (Tables 4.12, 4.13, 4.14 and 4.15)
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datasets, with the addition of examples from the label 1 incorrectly classified by all models. We

used the Matplotlib [363] library for Python to generate these saliency maps visualisations, using

the “bwr” colour map, which represents negative values in blue, zero values in white and positive

values in red.

Table 4.5: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the APTOS2019
data set with the label 0 (normal) correctly classified as 0 (normal) by all models.
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Table 4.6: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the APTOS2019
data set with the label 1 (diabetic retinopathy) correctly classified as 1 (diabetic retinopathy) by all
models.
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4.4.5 Discussion, Conclusions and Future Work

4.4.5.1 Predictive Performance

All the experiments related to the predictive performance of deep learning models on the different

data sets suggest that it is not clear that one should expect improvements in accuracy when

using attention mechanisms. Several attention-based architectures tend to lower their predictive

performances against their baseline architectures. Besides, the same baseline architectures seem to

achieve comparable results even when directly comparing a transformer-based architecture (i.e.,

DeiT). Given that the intuition behind attention mechanisms is that these end up learning the most
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Table 4.7: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the APTOS2019
data set with the label 0 (normal) incorrectly classified as 1 (diabetic retinopathy) by all models.
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Table 4.8: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the ISIC2020
data set with the label 0 (benign) correctly classified as 0 (benign) by all models.
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Table 4.9: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the ISIC2020
data set with the label 1 (malign) correctly classified as 1 (malign) by all models.
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Table 4.10: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the ISIC2020
data set with the label 0 (benign) incorrectly classified as 1 (malign) by all models.
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Table 4.11: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the ISIC2020
data set with the label 1 (malign) incorrectly classified as 0 (benign) by all models.
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Table 4.12: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the MIMIC-
CXR data set with the label 0 (normal) correctly classified as 0 (normal) by all models.
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Table 4.13: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the MIMIC-
CXR data set with the label 1 (pleural effusion) correctly classified as 1 (pleural effusion) by all
models.
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Table 4.14: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the MIMIC-
CXR data set with the label 0 (normal) incorrectly classified as 1 (pleural effusion) by all models.
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Table 4.15: Example of LRP and DeepLIFT post-hoc saliency maps for an image of the MIMIC-
CXR data set with the label 1 (pleural effusion) incorrectly classified as 0 (benign) by all models.
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relevant features, one might expect that attention-based architectures would perform better when

trained in low-data regimes. However, results obtained in all data sets suggest that this might

not be the case. In fact, we can observe that, apart from the transformer-based architecture, the

baseline backbone models often perform better. Hence, it is reasonable to conclude that the use of

attention mechanisms will not always benefit the training of deep learning algorithms, an argument

that contrasts with a trending narrative in most papers. On the other hand, the results reported in

the literature often relate to marginal or residual improvements in the state-of-the-art backbone

networks. Given that the training of deep learning algorithms is generally a stochastic process,

there is a need to assess these reported improvements with a more critical view and with robust

statistical tests.

4.4.5.2 Model Complexity

The integration of attention mechanisms increases the number of parameters of the deep learning

models, thus increasing their complexity. This information allows us to conclude that, at least

for computer vision applications, it is not necessarily true that the use of attention mechanisms

contributes to the decrease of model complexity. While this may be true in several natural language

processing applications, it is not correct to generalise such a rule to other types of applications.

On the other hand, since these attention mechanisms often rely on simple operations (e.g., matrix

multiplications), such as convolutions, we acknowledge that their use may reduce the training time

of deep learning algorithms (similarly to what happened when the community started using CNNs).

This aspect, though, was not objectively assessed in our experiments. However, since they are

particularly efficient at modelling long-range dependencies (e.g., transformer-based architectures),

we expect these mechanisms to keep increasing their popularity and, hence, become widely used in

medical image applications. Moreover, Cordonnier et al. [364] reported that these mechanisms may

operate similarly to CNNs. Another question arises from these results: are these attention-based

algorithms allegedly performing well because of the inner-functioning of their attention mechanisms

themselves or just because we are increasing the number of model parameters? While one may

report that this issue is nonsense, we point out that some transformer-based architectures have a

considerably high number of parameters [229].

4.4.5.3 Post-model Interpretability

Although there are already several works that criticise the subjectivity of post-hoc saliency maps [11,

365, 366, 367, 368, 369], it is still common to use these methods to justify improvements related to

the degree of interpretability of models. In this sense, when analysing the results obtained with

the DenseNet-121 and ResNet-50 models, we would expect that, with the increase in complexity

of the attention mechanism, the distribution of the important pixels around the image would also

be more focused (i.e., would have less variance). However, that does not seem to happen in our

use cases. Interestingly, besides the inherent properties of the data and the task (i.e., images of the

retina are different from skin images and chest X-ray images), the results drastically change when



Learning What is Relevant: The Role of Attention Mechanisms in Medical Data 58

we use a different backbone. In general, ResNet-based models attain less noisy DeepLIFT and

LRP saliency maps, with some exceptions in the ISIC2020 data set (e.g., Table 4.11). On the other

hand, the LRP saliency maps obtained for the DeiT seem to highlight somewhat clear regions of

the images. Besides, it is also important to remind the reader that these frameworks allow us to

generate explanations even for the cases where the model misclassifies. We also stress that one

of the limitations of such analysis is that there does not exist an objective ground truth of what

a high-quality visual explanation is. Therefore, it is not trivial, in computer vision tasks such as

this, to conclude with complete confidence that, even for the cases where the model succeeds, it

learned the right correlations. Hence, can we believe the narrative that attention mechanisms are

learning the most relevant features of the image? Or is this type of analysis a result of luck in

most cases? Truth is, our results still suggest that there is a high degree of subjectivity (i.e., the

interpretation of these saliency maps deeply depends on the human that is interpreting them) and

that there is no apparent correlation between the use of attention mechanisms and the visual aspect

of the attributions. Besides, we stress that these visualisations shown in the literature depend on

several parameters (e.g., type of colour map, overlay parameter). Moreover, the method we use

to generate such visualisations may often change what we expect users to observe. This is also

related to another open challenge in post-hoc explanation methods that is the sign of the attributions.

What should we expect? Positive attributions for the positive class and negative attributions for the

negative class, or the other way around? Should we always normalise the sign of the attributions

so it is always positive? This motivates our statement on the need for more objective methods to

assess the degree of interpretability of models.

4.5 Attention Mechanisms for Medical Image Retrieval

The results of this work have been disseminated in the form of an article in an international journal:

W. Silva, T. Gonçalves, K. Härmä, E. Schröder, V. C. Obmann, M. C. Barroso, A. Poellinger,

M. Reyes, and J. S. Cardoso, “Computer-aided diagnosis through medical image retrieval in radiol-

ogy,” Scientific Reports, vol. 12, no. 1, p. 20732, 2022 [49]. The code related to the implementation

of this work is publicly available in a GitHub repository2.

4.5.1 Description and Contributions

The increasing use of advanced cross-sectional imaging and the evolution of the information tech-

nology infrastructure to meet the demands of higher imaging volumes (i.e., improved computational

power, storage capacity, and workflow efficiency in the picture archiving and communication system

(PACS) environment), contributed to a substantial increase of the number of images generated per

examination [370]. Consequently, this has increased the workload of radiologists, who must now

interpret more examination images in less time, thus creating the possibility for increased detection

errors as a result of increased fatigue and stress, lowering the quality of the healthcare delivered

2https://github.com/TiagoFilipeSousaGoncalves/ig-cbir-att-ext

https://github.com/TiagoFilipeSousaGoncalves/ig-cbir-att-ext
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by the radiologists to the patients [371, 372]. Moreover, as the ratio of diagnostic demand to the

number of radiologists increases, the diminished effective available time per diagnostic becomes a

critical issue [373]. According to the current paradigm, in case of doubt for a suspected condition,

radiologists often turn to public or internal image databases where similar disease-matching images

of the diseases the radiologist has narrowed down can be searched and compared against (e.g.,

Radiopaedia [374]). After reviewing all possible differential diagnoses (those originally considered

and those that came up during the search), the radiologist weighs them and usually gives 2 to 4 of

them as possible diagnoses. In this process, the radiologist ranks the images and creates an ordered

set of images in their head. This task is time-consuming and often ineffective, requiring several

iterations until a proper matching image supporting the final diagnosis is found. Moreover, these

databases are limited in the variability of cases presented to the users, which is exacerbated in low

prevalence conditions. Hence, developing disease-targeted content-based image retrieval (CBIR)

systems that automatically present disease-matching similar images to the one being analysed is

extremely relevant. A CBIR system usually focuses on two different tasks: feature representation,

which consists of finding a low-dimensional representation of the image that is suitable for char-

acterising it well enough, and feature indexing and search, which focus on the efficiency of the

retrieval process [375]. In this work, we focus on the first step, i.e., on finding the most appropriate

feature representation for the task at hand.

Finding the most appropriate feature representation is difficult since the clinical analysis is

typically constricted to a small image region, discarding the most available information. As such,

finding the overall most similar image (i.e., including all pixels in the image) is not the objective.

Instead, we are interested in retrieving the most similar image regarding the disease and disease

severity (equal to finding the semantics instead of the literal words). As illustrated in Figure 4.10,

those can be quite far apart, as Figure 4.10 (b) is, overall, more similar to Figure 4.10 (a) than

Figure 4.10 (c), while in terms of disease and disease severity, it is the opposite, with Figure 4.10 (b)

being the least similar image and Figure 4.10 (c) the most similar (from a catalogue of 10 images).

(a) Test Image (b) Least Similar Image (c) Most Similar Image

Figure 4.10: Pleural Effusion test image (a) and the least (b) and most (c) similar images of the
catalogue according to our board-certified radiologist (in terms of disease and disease severity). The
overall most similar image would be (b). However, such matching is not of radiological interest.
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Given that the disease features are located in a small region of the entire image, the medical

CBIR system should also be paying attention to that specific region, ignoring the remaining

information. However, most CBIR systems perform their analysis taking the entire image into

account, particularly the more traditional methods. Deep learning approaches focus better on

disease-related characteristics as they learn the appropriate feature representations to solve the

classification task of interest. Thus, they represent an improvement in terms of focus when compared

to the more traditional approaches. Nonetheless, we hypothesise that this can be further improved

by increasing the focus of the network in the regions that matter to the decision, and explore two

different techniques: one driven by interpretability, and another based on attention mechanisms.

This study builds upon the work proposed in Silva et al. [373] and makes the following

contributions:

1. Adding experiments with a second new dataset and a second medical condition (pneumonia);

2. Performing a comparison to a recently proposed network, employing implicit attention

mechanisms;

3. Improving our comparisons to expert radiologists by adding two more board-certified radiol-

ogists to each study to assess the evaluated methods with respect to the inter-rater variability

of these tasks.

4.5.2 Background on Medical Image Retrieval

In the previous Section, we motivated the need for an efficient medical image retrieval system to

help clinicians in their daily routines. In this Section, we briefly review the literature on medical

CBIR to contextualise the reader.

The main difficulties in the development of CBIR systems are related to 1) the development

of algorithms that generate useful semantic representations of medical images to retrieve the

most similar examples [376] effectively; and 2) the integration of these algorithms in end-user

applications [377, 378].

In this work, we focus on the first difficulty and aim to give the reader an overview of the

works presented in the literature to find the most suitable representation to perform the retrieval:

Tizhoosh [379] explored the use of bar code annotations as an auxiliary method for feature-based

image retrieval; Srinivas et al. [380] implemented a clustering method that uses dictionary learning

to group large medical databases and relies on different similarity measures (e.g., Euclidean) to

perform image retrieval; Hofmanninger and Langs [381] proposed the re-mapping of visual features

extracted from medical imaging data based on weak labels to obtain descriptions of local image

content capturing clinically relevant information; Seetharaman and Sathiamoorthy [382] presented

a unified learning framework for heterogeneous medical image retrieval based on a full range

auto-regressive model with a Bayesian approach to extract meaningful image features; Ma et

al. [383] created a method that consists of a weighted graph whose nodes represent the images
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and edges measure their pairwise similarities; Nowaková et al. [384] presented a novel method

for fuzzy medical image retrieval using vector quantisation with fuzzy signatures in conjunction

with fuzzy S-trees; Qayyum et al. [385], Ayyachamy et al. [386] and Owais et al. [387] trained

CNNs on multi-modal and multi-class datasets, and used the learned features and the classification

results to retrieve medical images; Cai et al. [388] used a Siamese Network in the learning process,

with the CNN of each branch being used to extract features, followed by the application of a

binary hash-mapping to reduce the dimensions of the feature vectors; Minarno et al. [389] used

a CNN-based auto-encoder method in the feature extraction process to improve the results of the

retrieval process; Mbilinyi et al. [390] used a deep metric learning approach and the triplet loss

to learn a model that receives an image and a text description highlighting specific diagnoses the

retrieved images should have. In summary, one can perform feature representation using one of the

following strategies: 1) statistical measures; 2) hand-crafted features; 3) learned features; or 4) a

combination of the previously mentioned strategies.

However, to our knowledge, none of the previously proposed approaches explicitly focuses the

training process on the disease-related characteristics without requiring additional labels. In this

work, we aim to utilise AI interpretability methods to guide the retrieval process, focusing on the

disease without necessitating any additional related label information.

4.5.3 Materials and Methods

4.5.3.1 Data

In these experiments, we used the MIMIC-CXR dataset (see Chapter 3). From all the available

labels, we focused our attention on the following conditions: pleural effusion and (potential)

pneumonia. Even though the provided label is pneumonia, our main board-certified radiologist

considers that a chest X-ray does not allow a conclusive diagnosis of pneumonia; thus, we perform

our analysis by referring to the cases as having potential pneumonia. To train and evaluate our

models, the original splits selected by the data providers [149] were used, i.e., we considered the

training fold for training, the validation fold to select the final model, and the test set to evaluate

the performance. From these splits, we only considered frontal view images, either acquired in an

anterior-posterior (AP) or posterior-anterior (PA) setting. For completeness, one of the analyses

was done with AP view images (pleural effusion) and the other with PA view images (potential

pneumonia). For each condition, there are four possible annotations: 1, the label was positively

mentioned in the associated study; 0, the label was negatively mentioned in the associated study;

-1, the label was either mentioned with uncertainty or with ambiguous language in the report; and

“missing”, no mention of the label was made in the report. Regarding our experiments, we only

considered images associated with the labels 1 and 0, thus not introducing uncertainty in the training

of the models. Given that selection, we ended up with 61203 training images, 534 validation images,

and 1072 test images for pleural effusion; and 18226 training images, 133 validation images, and

258 test images for pneumonia.
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To evaluate the performance of the different types of methods in the retrieval task, we split the

test data into query and catalogue images. For pleural effusion, we considered ten query images,

each associated with ten catalogue images. For pneumonia, the test set was considerably smaller,

and we only considered five query images, each associated with ten catalogue images. For both

conditions, query and catalogue images were randomly chosen. All images considered for the

evaluation were labelled by our main board-certified radiologist. Besides labelling all images,

our main radiologist also ranked the associated catalogue images in relation to each of the test

images, considering the similarity in terms of disease severity (Figure 4.11 shows an example of the

ranking annotations provided for pleural effusion and Figure 4.12 shows an example of the ranking

annotations provided for pneumonia). In addition to our main board-certified radiologist, four other

experienced radiologists also analysed and ranked the cases to assess the inter-rater variability in

such a task.

1 2 3 4Test Image 1

Test Image 2 1 2 3 4

Figure 4.11: Example of test cases and ranking annotation for pleural effusion condition (the top 4
is shown) performed by the radiologist. The numbers on top of the image represent the ranking
position of the image in the catalogue (when compared to the query/test image). The green box
means pleural effusion case (according to the dataset label).

4.5.3.2 Methods

Structural Similarity Index (SSIM) The first method to be considered for evaluation in the

retrieval task is the classic statistically-based structural similarity index (SSIM) [391]. As in Silva

et al. [373], the SSIM was computed directly between test and catalogue images, using its default

values. Since higher SSIM values represent higher similarity, the top retrieved image is the one

with the highest similarity index.
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Figure 4.12: Example of test cases and ranking annotation for potential pneumonia condition (the
top 4 are shown) performed by the radiologist. The numbers on top of the image represent the
ranking position of the image in the catalogue (when compared to the query/test image). The
green box means pneumonia case (according to the dataset label), the yellow box means radiologist
considers the case as potential pneumonia, and the dataset label is no pneumonia.

Convolutional Neural Network (CNN) The second method to be considered is a deep learning

based method, where the relevant features are automatically learned [375, 381, 392, 393]. As

in Silva et al. [373], we use the DenseNet-121 [359] as our CNN architecture. However, in this

work, we do not initialise its weights with the ImageNet pre-training, but instead with the pleural

effusion CheXpert CNN model from Silva et al. [373] for the pleural effusion condition, and with

the pleural effusion model from this work for the pneumonia condition, as pre-training using data

more similar to the final domain is more effective than using ImageNet pre-training [394, 395].

Similarity between images is computed based on the Euclidean distance in the feature space of

the previous to the last layer of the model. Since shorter distances represent higher similarity, the

top retrieved image is the one with the shortest distance to the test image. The distance between

two images is formalised in Equation 4.1, where It represents the test image t, Ic represents the

catalogue image c, θCNN represents the CNN model parameters, and F represents the function that

translates the original image into a latent representation constituted by the features in the previous

to last layer of the network (i.e., in a vector of dimension 1024).

dCNN(It , Ic) = ||F(θCNN, It)−F(θCNN, Ic)||2 (4.1)

Interpretability-guided Network (IG) The third method being considered is the method pro-

posed in Silva et al. [373]. It uses the exact same architecture as the CNN model but has as input
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the saliency maps instead of the original images (Figure 4.13) to focus the network on the disease-

related characteristics. Those saliency maps are computed using the Deep Taylor interpretability

method [34] and are based on the previously presented CNN model. This time, the deep learning

network was initialised with the CheXpert IG model from Silva et al. [373] for the pleural effusion

condition and with the IG pleural effusion model from this work for the pneumonia condition. As

with the CNN approach, the similarity is computed based on the layer previous to the last layer of

the model. The distance between two images is formalised in Equation 4.2, where It represents the

test image t, Ic the catalogue image c, θCNN the CNN model parameters, θIG the IG parameters, S

the function that generates the saliency maps, and F the function that translates the original image

into a latent representation constituted by the features in the previous to last layer of the network.

dIG(It , Ic) = ||F(θIG,S(θCNN, It))−F(θIG,S(θCNN, Ic))||2 (4.2)
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Figure 4.13: Overview of the proposed Interpretability-guided approach. Blocks in light gray
(■) mean neural networks are being trained (i.e., weights are being updated), whereas blocks in
dark gray (■) represent trained neural networks (i.e., weights are fixed). In the saliency maps,
brighter colours mean higher relevance. Blue circles indicate ranking positions. CNN represents
the deep model used as baseline. IG-CNN represents the CNN model architecture being trained
with saliency maps. The L2 distance is computed between the test image’s latent features and each
catalogue image’s latent features.

Attention Network (ATT) Here, we add a fourth method to the comparison, driven by attention

mechanisms. Recently, a CNN with a multi-level dual-attention mechanism (MLDAM) has been

proposed for macular optical coherence tomography classification [396]. The main novelty of this

work in the context of medical image classification is the joint application of a self-attention and a
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multi-level attention mechanisms that allow the network to learn relevant features in coarser as well

as finer sub-spaces. In their article, Mishra et al. [396] state that this technique enables the network

to utilise the information of coarser features, preventing the loss of any useful information, thus

enabling the network to yield more focused features and better convergence. Regarding the impact

of the application of attention mechanisms in the interpretability of deep learning algorithms, Chen

and Ross [397] proposed the joint use of a position attention module (PAM) and a channel attention

module (CAM) to refine the pixel values at spatial and channel levels. These refined features are

then fused through an element-wise sum. The authors performed an analysis of the saliency maps

produced by the gradient-weighted class activation mapping (Grad-CAM) [7] and concluded that

the use of attention modules had enabled the network to shift the focus to the annular iris region.

In this work, we aimed to assure diversity in the levels and scales of the features extracted

from the DenseNet-121 [359]. Following the notation in Mishra et al. [396], let IA, IB and IC
be the multi-level features extracted from the backbone. We extracted features from different

dense-blocks resulting in a IA with shape [512,28,28], a IB with shape [1024,14,14] and a IC with

shape [1024,7,7].

In line with the previous deep methods, the similarity is computed by measuring the Euclidean

distance in the layer previous to the last layer. The distance between two images is formalised in

Equation 4.3, where It represents the test image t, Ic the catalogue image c, θATT the Attention

model parameters, and A represents the function that translates the original image into a latent

representation constituted by the features in the previous to last layer of the network.

dAT T (It , Ic) = ||A(θATT, It)−A(θATT, Ic)||2 (4.3)

Deep Learning Networks Training All deep learning methods (i.e., CNN, IG, and ATT) were

trained to solve binary classification tasks (e.g., pleural effusion vs. non-pleural effusion). Thus, we

use the binary cross-entropy as our loss function (see Equation 4.4, where y is the binary indicator,

ln the natural logarithm, p the predicted probability, and θ the model parameters).

L (θ) =−(y ln(p(θ))+(1− y) ln(1− p(θ))) (4.4)

For the pleural effusion condition, the deep learning models were trained for 10 epochs, with a

batch size of 32, using the Adadelta optimiser [398]. Since the data for the pleural effusion condition

is highly imbalanced, the misclassifications were weighted with the inverse of the frequency of the

respective class to promote a similar focus of the network in both classes [399].

Regarding the pneumonia condition, the deep learning models were trained for 15 epochs, with

a batch size of 32, and using the Adam optimiser [400] with a learning rate lr = 1× 10−4. The

Adam optimiser was chosen over the Adadelta due to converging issues during the training of the

CNN model and was kept for the training of the other deep models (IG and ATT) for consistency.
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For both conditions, small rotations and translations were used as data augmentation. Hyper-

parameter values were empirically optimised for the CNN models and replicated for all the others.

Final models were selected based on the F1 score (see Equation 4.5) in the validation set.

F1 = 2× precision× recall
precision+ recall

(4.5)

We note that the training process was agnostic to the ranking task at hand. No information

on the ranking was provided at any point, neither in the loss function nor in the selection of the

best-performing model in validation.

The methods were implemented using Keras [401] with TensorFlow backend in a workstation

equipped with an NVIDIA Tesla V100 (32 GB) GPU. For the generation of the saliency maps,

we used the iNNvestigate toolbox [402] implementation of the Deep Taylor method, as in Silva et

al. [373].

4.5.3.3 Evaluation and Comparison

The quality of the retrieval is evaluated by computing the normalised Discounted Cumulative

Gain (nDCG) (see Equation 4.6), which is the normalised version of the Discounted Cumulative

Gain (DCG) (see Equation 4.7), being it a common metric in learning to rank tasks [403]. The

normalisation is done over the maximum possible value of the DCG metric (in our work, the

maximum possible value is obtained when the ranking of the method is exactly the same as our

ground-truth). The subscript p represents the number of retrieved images we consider for the

evaluation (e.g., when we evaluate the entire set of retrieved images, p = 10). In Equation 4.7,

reli represents the relevance value assigned to the ranking position i, with the least similar image

having relevance of 1 and the most similar image having relevance of 5.5 (i.e., the relevance of two

contiguous positions differs by 0.5). Thus, the first positions of the catalogue ranking are more

important than the last ones, with the importance gradually being reduced as we go from the first to

the last ranked image.

nDCGp =
DCGp

IDCGp
(4.6)

DCGp =
p

∑
i=1

2reli −1
log2(i+1)

(4.7)

To contextualise the retrieval results of our machine learning methods, we also asked our

partner board-certified radiologists to provide their similarity rankings for the pleural effusion and

pneumonia conditions. Thus, we can check the inter-rater variability in ranking tasks, which also

helps us to have a more complete evaluation of the quality of our methods.
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4.5.4 Results and Discussion

4.5.4.1 Pleural Effusion

Our first experiments were conducted for the pleural effusion condition. All images used here

were frontal X-ray images acquired in an AP view fashion. Thus, experiments were performed

with 61203 training images, 534 validation images, and 1072 test images. The training images

were used to find the optimal set of parameters, the validation images were used to select the final

classification model, and the test images were used for the assessment. To evaluate the ranking

quality, ten different query images and ten catalogues of ten images each were randomly created,

splitting the test data into query and catalogue images by using ten different random seeds (keeping

the proportion of the classes). Afterwards, our main board-certified radiologist provided us with a

ranking of those ten images in relation to the respective query image, serving as our ground-truth

ranking. Moreover, we also asked two other board-certified radiologists to provide their rankings to

compare inter-rater variability with our models’ performance.

In Figure 4.14 (a), we present the nDCG results obtained with the statistical and machine

learning models (i.e., SSIM, CNN, IG, and ATT) and also the results obtained by considering

the rankings provided by two other radiologists (R2, and R3) for the top-10 retrieved images.

By observing the box-and-whisker plot, we conclude that the proposed interpretability-guided

approach (IG) and the attention-based method (ATT) are the ones that lead to the best nDCG

results for the top-10 retrieved images, with the interpretability-guided approach outperforming the

attention-driven method. Those results align with the other radiologists, demonstrating the high

quality of both methods. Furthermore, as was expected, the CNN approach leads to better results

than the SSIM method. The same can be observed in Figure 4.14 (b), where the nDCG results for

the top-3 retrieved images are presented (in clinical practice, having the three most similar images

is typically enough to help the radiologist make the diagnosis). In this scenario, nDCG values are

worse than in the previous experiment due to only considering the top-3 retrieved images, highly

penalising a “failure” in one or more of these images. This also contributed to an increase in the

variability of the results obtained, particularly in the case of the ATT method. Nonetheless, the IG

and ATT approaches remain the best methods and are still in line with the performance of the two

radiologists.

In Figure 4.15, we show the top-4 retrieved results obtained by each of the methods and

provided by the radiologists compared to the ground-truth defined by our main radiologist for one

split, corresponding to a specific test case and catalogue. All machine learning methods (i.e., CNN,

IG, and ATT) attained extremely high nDCG results in this split. Both CNN and IG retrieved the

same top-4 images, with the only difference being the ranking of these four images, with IG’s

ranking being closer to the one provided by our main radiologist than CNN’s ranking. Even though

the ATT’s top-4 retrieved images differ from those selected by our main radiologist, one of those

images was also selected by one of the other radiologists (i.e., R2). SSIM was the worst method,

selecting the least similar image (a non-pleural effusion case) for the top-4 retrieved images.
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Figure 4.14: Box-and-whisker plots regarding the nDCG results for the pleural effusion top-10 (a)
and top-3 (b) retrieved images. SSIM is the statistically-based baseline, CNN is the CNN-based
baseline, IG is the proposed interpretability-guided approach, ATT is the attention method, R2 is
the ranking provided by the second board-certified radiologist, and R3 is the ranking provided by
the third board-certified radiologist.
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Figure 4.15: Example of test case and the top-4 retrieved images given by each of the radiologists
(R1 = ground-truth, R2, and R3) and each of the machine learning methods. In this split, both the
CNN, IG, and ATT obtained nDCGs (top-10) > 0.9. The green box means pleural effusion case,
and the red box means no pleural effusion (according to the dataset label).
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In terms of classification performance in the entire test set (the 1072 test images), the interpretability-

driven model was the one leading to the best results (F1-score=0.862), followed by the attention-

based model (F1-score=0.809), and the standard CNN model (F1-score=0.790).

4.5.4.2 (Potential) Pneumonia

The following experiments were conducted for the pneumonia condition. All images used here

were frontal X-ray images acquired in a PA view fashion. Thus, we considered 18226 training

images, 133 validation images, and 258 test images for the experiments. For the ranking evaluation,

five different query images and five catalogues of ten images each were created, splitting the data

into query and catalogue images using five different seeds (keeping the proportion of the classes).

Afterwards, the catalogue’s ten images were ranked in terms of their potential as pneumonia cases

to the respective query image. Even though our dataset annotations for training and validation were

pneumonia annotations, our main radiologist considers a chest X-ray only indicative of potential

pneumonia and not of a definitive diagnosis. Thus, catalogue images were ranked, keeping in

mind their potential as pneumonia cases. In Figure 4.16 (a), we present the nDCG results obtained

with the statistical and machine learning models and also the results obtained by considering the

rankings provided by two other radiologists (R4 and R5). By observing the box-and-whisker plot,

we infer that the proposed interpretability-guided approach (IG) is the method with the best retrieval

ranking performance. On the contrary, for this condition, the attention-based method (ATT) had a

poor ranking performance, obtaining nDCG results that were worse than the ones obtained with

our deep learning baseline method (CNN) and only surpassing the performance of the statistical

baseline (SSIM). The relative performance of the four methods was the same when we measured

the nDCG performance for the top-3 retrieved images (as shown in Figure 4.16 (b)). IG’s results

also fall within the inter-rater variability of the radiologists, which demonstrates the quality of the

method.

When we compare the quantitative results obtained for the pneumonia condition with the

ones obtained for the pleural effusion, we observe that they were generally considerably worse.

That may be due to pneumonia being a more difficult to diagnose condition, and also to different

interpretations of what a pneumonia Chest X-ray is (in several catalogue images, there was a

disagreement between MIMIC-CXR label, and the diagnosis provided by our main board-certified

radiologist). In Figure 4.17, we present an example query case and the respective top-4 retrieved

images obtained by each of the methods and provided by the radiologists compared to the ground-

truth defined by our main radiologist. In this split, all deep learning models had a reasonably

good ranking performance, with the interpretability-guided approach (IG) and the attention-based

method (ATT) retrieving the most similar image in terms of pneumonia to the test image in the

first position. As can be observed here, some images in this catalogue had different diagnoses

given by MIMIC-CXR and by our main radiologist, namely the fourth and sixth ranking positions

(images with orange boxes). Moreover, the direction of the disagreement was the same, with our

main radiologist considering the cases as potential pneumonia and the MIMIC-CXR label being
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Figure 4.16: Box-and-whisker plots regarding the nDCG results for (potential) pneumonia top-10
(a) and top-3 (b) retrieved images. SSIM is the statistically-based baseline, CNN is the CNN-based
baseline, IG is the proposed interpretability-guided approach, ATT is the attention method, R4 is
the ranking provided by the fourth board-certified radiologist, and R5 is the ranking provided by
the fifth board-certified radiologist.
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non-pneumonia. Nonetheless, even with this label disagreement, the performance obtained with

our interpretability-guided approach (IG) was reasonably good, exceeding nDCG results of 0.88

for the top-10 retrieved images in all but one split.

In terms of classification performance in the entire test set (the 258 test images), this time,

the attention model was the one leading to the best results (F1-score=0.655), followed by the

interpretability-driven model (F1-score=0.645), and the standard CNN model (F1-score=0.620).

4.5.4.3 Ablation study

We also studied the relevance of training with the saliency maps, not only using them to compute the

features in the semantic space. In Figure 4.18, we present the top-10 nDCG results for both pleural

effusion and potential pneumonia, considering the CNN baseline model and these two versions, i.e.,

using only the saliency maps as inputs to the CNN model - CNN(IG) - and our proposed method

where we use the saliency maps both in the training and retrieval processes - IG. By observing

Figure 4.18, we conclude that the use of saliency maps in the training process helps to attain better

results, which can be explained by an increase in the focus of the network on the relevant disease

regions, and by learning this new saliency map distribution.

4.5.5 Conclusions and Future Work

We have investigated the use of different CBIR methods in a Chest X-ray retrieval task, intending to

study their potential to support a medical diagnosis. For radiologists, more important than having

a decision support system providing prediction labels is to have a system that can present them

with similar clinical cases, as it is usually the way they proceed when encountering a difficult

diagnosis scenario. Moreover, radiologists feel more comfortable working with images than textual

descriptions, motivating case-based reasoning or explainability.

For the medical image retrieval to be successful, the comparison between images has to take

into account the particular nature of medical images, i.e., that the information of interest is com-

monly found in a specific region of the image, while the remaining information is irrelevant.

Indeed, the structural similarity index method showed the poorest performance for both conditions,

demonstrating that a general image comparison does not represent disease similarity. Driven by

that notion, we proposed an interpretability-guided approach and investigated the use of attention

mechanisms for the retrieval task. The proposed interpretability-guided medical image retrieval

approach outperformed all the other studied methods for both considered conditions. Our ap-

proach has an explicit attention mechanism that is also more intelligible than the implicit attention

mechanism of the attention-driven method, leading to a more interpretable solution. Moreover,

it obtained a performance in line with other human experts (i.e., the board-certified radiologists)

for both conditions. In turn, the attention-based medical image retrieval method had an excellent

performance for the pleural effusion condition (in line with both our proposed method and the other

radiologists) but failed for the pneumonia condition.
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Figure 4.17: Example of test case and the top-4 retrieved images given by each of the radiologists
(R1 = ground-truth, R4, and R5) and each of the machine learning methods. In this split, both
the CNN, IG, and ATT obtained nDCGs (top-10) > 0.8. The green box represents a potential
pneumonia case, the red box represents no potential pneumonia, and the orange box represents a
disagreement between R1 and the label, with R1 considering the case as potential pneumonia.
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Figure 4.18: Box-and-whisker plots regarding the nDCG results for top-10 retrieved images. CNN
is the CNN baseline model, CNN(IG) is the CNN model having as inputs the Deep Taylor saliency
maps, and IG is the proposed interpretability-based approach (i.e., it was trained (fine-tuned) with
saliency maps and has as inputs also saliency maps).
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It is important to emphasise that all methods were only trained to solve binary classification

tasks, not using any ranking information. This means the annotation effort is significantly lower

than if ranking information was also needed. Even though we did not use ranking information in

the training process, our proposed approach correctly captured the ranking information, obtaining

excellent nDCG results for both conditions. Test and catalogue images, apart from being ranked,

were also labelled by our main board-certified radiologist. Particularly for the pneumonia condition,

we observed some disagreements in the diagnosis, which may be indicative of the usage of different

definitions and may hinder the method’s performance. Nonetheless, our proposed method obtained

an excellent ranking performance even for the pneumonia condition.

This work aims to be the first step towards a deeper focus on medical image retrieval as a

decision support system, helping radiologists make better and quicker decisions. However, further

investigation is required to translate these algorithms into the clinics. Considering the evaluation

aspect, it is crucial to have more extensive studies, datasets, and other clinical problems and more

radiologists involved in the annotation and evaluation process. Regarding the technical side, there

are several open problems or investigation opportunities, namely, the use of multi-modal data,

the introduction of causal knowledge [404], privacy-preserving image retrieval [405], and also

exploring federated learning settings [406]. By the use of multi-modal data, we mean the integration

of the clinical reports in the learning process, also with the possibility of accompanying the top

retrieved images with a generated clinical report to provide complementary information, which

can be particularly interesting when the end-user is a general practitioner instead of a radiologist.

In this work, we observed that by using post-hoc interpretability saliency maps, we could focus

model attention on more clinically relevant regions. However, those methods are only able to

capture correlations. Thus, they may also focus on confounding information [407]. To prevent this

from happening, integrating a causal structure is essential, or via effective interpretability-guided

inductive biases as reported recently in Mahapatra et al. [408, 409]. For clinical applications

where personal characteristics are exposed, primarily if these systems are used for educational

purposes, where the images are shown to unauthorised personnel, it is extremely important to

anonymise the retrieved cases before showing them. Even though Montenegro et al. [405, 410]

already explored the use of privacy-preserving methods to anonymise medical images, further

research is required to improve the realism and preservation of clinical information. Finally, it

is also relevant to explore federated learning settings for this particular purpose, as the training

process would benefit considerably from using different datasets acquired with different scanners

and representing different population characteristics.

4.6 Attention Mechanisms for Computational Pathology

The results of this work have been disseminated in the form of a paper at an international conference:

T. Gonçalves, D. Pulido-Arias, J. Willett, K. V. Hoebel, M. Cleveland, S. R. Ahmed, E. Gerstner,

J. Kalpathy-Cramer, J. S. Cardoso, C. P. Bridge, and A. E. Kim, “Deep Learning-based Prediction
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of Breast Cancer Tumor and Immune Phenotypes from Histopathology,” 2024 [48]. The code

related to the implementation of this work is publicly available in a GitHub repository3.

4.6.1 Description and Contributions

A cardinal facet of precision oncology uses complementary biological facets from a patient’s

tumour to optimise clinical decision-making. While genomic sequencing of tumour tissue has

transformed the therapeutic landscape of modern oncology, it has become increasingly apparent

that genomic biomarkers (DNA sequencing analysis) are insufficient as stand-alone tools, given the

wide variability in clinical outcomes for patients with similar biomarker profiles. To improve this

limitation, some have proposed incorporating transcriptional profiling (RNA sequencing analysis)

into the precision oncology framework to define improved biomarkers of efficacy [411]. Recent

studies have linked immune activity, angiogenesis, and tumour mitoses pathways in the tumour

microenvironment (TME) to risk of metastasis and therapeutic efficacy [412], thus highlighting a

need to monitor therapeutically relevant facets of the TME.

To date, there is no commercially available method in clinical practice to evaluate a patient’s

TME in clinical oncology. Efforts to develop a widely available gene expression panel quantifying

facets of the TME have been limited due to the need for RNA extraction from fresh tissue instead

of the more widely available paraffin-embedded tissue. Furthermore, pathology workflows mainly

evaluate tumour cell characteristics (e.g., grading, sub-typing) within H&E and cannot reproducibly

assess the TME. As spatial profiling efforts suggest that the physical co-localisation of non-

malignant cells to tumour cells modulate intracellular communication, tumour phenotypes, and

clinical outcomes [413], there is likely biologically relevant information from H&E that is not

used in clinical care. Therefore, given the importance of the TME and the wide availability of

H&E, we sought to build upon recent advances in computer vision to estimate tumour and immune

phenotypes from H&E WSIs.

Here, we present an exploratory application of MIL algorithms to characterise tumour and

immune phenotypes from the H&E slide of primary breast tumours. We hypothesised that deep

learning (DL) could predict these facets of the TME by recognising biologically relevant features

(e.g., tissue architecture, tumour-immune interface) within an individual H&E image. Using a DL

classification pipeline, we employed different feature extraction techniques and model architectures

to optimise the prediction of tumour and immune phenotypes (see Figure 4.19). To the best of our

knowledge, our effort is one of the first to comprehensively monitor the TME from H&E using

an end-to-end DL approach. This work can inspire collaboration for computational pathology

biomarker development to facilitate the development of a widely available tool that quantifies facets

of the TME for each patient.

3https://github.com/QTIM-Lab/dl-prediction-brca-tiph

https://github.com/QTIM-Lab/dl-prediction-brca-tiph
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Figure 4.19: Overview of the proposed pipeline.

4.6.2 Background on Attention Mechanisms for Computational Pathology

With the increasing availability of large biobanks of patient-derived H&E samples, multi-Omics,

and high-performance computing capabilities, there is great promise to combine these tools towards

driving new insights in oncology [414, 415, 416, 417]. However, analysis of H&E WSIs is

computationally difficult due to their multi-pyramidal gigapixel resolution. Down-sampling these

images is undesirable, as this would result in a loss of biologically-relevant information that may

harm a DL model’s performance. One popular strategy for WSI-based DL analysis is weakly-

supervised MIL, as this strategy avoids the need for manual data annotations. After a WSI is cropped

into patches, feature vector embeddings are extracted from each patch individually. The collection

of patch-level feature vectors is then inputted into a MIL framework to yield the corresponding

WSI-level representation and score [418].

One example of this strategy is the Clustering-constrained Attention Multiple instance learning

approach (CLAM) [419]. This method uses attention-based pooling to aggregate patch-level

representations, weighted by the attention score, into slide-level representations. This slide-level

representation, instead of the entire WSI, is the input to the final classification module, so CLAM

requires fewer computational resources to train and optimise. However, an important limitation of

MIL is that each patch is assumed to be independent of surrounding patches [420]. This assumption

may not be valid, given the importance of spatial localisation of different cell populations in

dictating tumour phenotype. To this end, recently developed vision transformer models account for

spatial correlation and context between patches. The Transformer based MIL (TransMIL) [278]

and the Hierarchical Image Pyramid Transformer (HIPT) [421, 422] leverage morphological and

spatial information to learn representations that encode the natural hierarchical structure inherent in

WSIs. While there is early evidence that these architectures may boost performance for tasks in

computational pathology, it is not immediately clear whether this boost in performance may justify

the increased computational resources that vision transformers require. Therefore, we evaluated the

impact of the architecture on model performance in predicting tumour and immune phenotypes.

Another timely question for H&E-based model optimisation is the best strategy for feature

extraction from the WSI. While non-medical DL models pre-trained on ImageNet have achieved

tremendous performance, it is unclear whether this strategy is optimal for H&E-based tasks. A
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prevailing hypothesis is that models pre-trained on H&E data would have improved performance

on H&E-based tasks, compared to a model pre-trained on real-world images [423, 424]. To

this end, recent efforts have combined large language models and image analysis pipelines with

self-supervised learning to create H&E-based foundation models. The MI-Zero framework [423]

and pathology language–image pre-training (PLIP) foundation model [424] use visual-language

encoders to extract image and text features, compute the similarity scores between text and image

embeddings, and employs an aggregation function to generate a slide-level prediction. Here,

we evaluated the optimal method for feature extraction by applying both an ImageNet- and an

H&E-based feature extractor to predict TME phenotypes.

4.6.3 Methodology

4.6.3.1 Data

WSI Data Preparation In these experiments, we used the TCGA-BRCA dataset (see Chapter 3).

For quality assessment, we used the default parameters of HistoQC [425, 426]. We obtained a

curated segmentation mask (i.e., tissue versus background) for each WSI. Next, using this mask,

we split each WSI (20×, 40× magnification) into patches of size 256× 256 using the pipeline

described in [419]. Finally, we extracted feature vectors from each patch using two different

approaches: a ResNet50 [263, 419] backbone pre-trained on the ImageNet dataset [101] and the

PLIP [424] image encoder pre-trained on the OpenPath dataset [424].

Quantification of Gene Pathway Expression We obtained the normalised expression of in-

dividual genes (bulk RNA-sequencing data) for the TCGA-BRCA cohort from the cBioPortal

for Cancer Genomics [427]. Each biological pathway was defined as per Gene Set Enrichment

Analysis (GSEA) protocols. We then employed single-sample GSEA (ssGSEA) to calculate gene

set enrichment scores for each sample and pathway pairing. ssGSEA transforms a single sample’s

gene expression profile to a gene set enrichment profile. This enrichment score represents the

activity level of the biological pathway in which the gene set’s members are coordinately up (i.e.,

positive values) or down-regulated (i.e., negative values) [428, 429, 430].

4.6.3.2 Models and Training Details

We approached the problem as a binary classification task. To this end, the ssGSEA scores

underwent binarisation, with negative scores receiving the label 0 and the rest label 1. A random

data split allocated 70% to training, 15% to validation, and 15% to testing, ensuring exclusive

assignment of a given patient’s data to one split. We trained the models using CLAM [419] and

TransMIL [278].
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CLAM There are two variations of this architecture: single-branch CLAM (CLAM-SB), which

employs a fully connected layer for slide-level classification, and multi-branch CLAM (CLAM-

MB), which uses a fully connected layer per class, using the class with the maximum score for

slide-level classification. CLAM also promotes instance-level clustering under a mutual exclusivity

assumption (e.g., cancer subtypes are mutually exclusive: when one subtype is present in the WSI,

we may assume that there is no morphology of the other subtypes concurrently present). As this

assumption does not apply to our case, we only used the attention mechanism (along with the

classifier), giving us two model architectures: AM-SB and AM-MB. We trained these models for

300 epochs, using cross-entropy as the loss function and the adaptive moment estimation (Adam)

optimiser [400] with a learning rate of 2×10−4 and weight decay of 1×10−5. We saved the best

model according to the loss on the validation set.

TransMIL We trained TransMIL for 200 epochs, using cross-entropy as the loss function and the

Adam optimiser with a learning rate of 2×10−4 and weight decay of 1×10−5. We saved the best

model according to the loss on the validation set.

4.6.4 Results and Discussion

Consistent with our hypothesis, our models predict TME phenotypes from H&E WSIs to reasonable

accuracy. Table 4.16 presents the area under the receiver operating characteristic curve (AUROC)

results on the test for both model architectures, using either ResNet50-derived or PLIP-derived

features. First, we observe that models predicting immune phenotypes (e.g., B-cell proliferation,

T-cell mediated cytotoxicity, immunosuppression, antigen presentation) achieve satisfactory perfor-

mance (AUROC 0.75-0.8). Given prior work linking the spatial distribution of tumour-infiltrating

lymphocytes and myeloid cells to immune activity [413], our findings illustrate DL’s ability to

identify and learn spatial patterns of cell populations predictive of specific facets of immune func-

tion. These findings are noteworthy, as the type (e.g., T-, B-, and dendritic cell) or function (e.g.,

cytotoxic or exhausted) of lymphocytes is indistinguishable from manual pathology review on

H&E. Future work is needed to identify specific spatial patterns on H&E indicative of immune

activity or exhaustion.

Next, we observed that our models predicting facets of tumour aggressiveness (e.g., cell cycling,

angiogenesis, and epithelial-mesenchymal transition (EMT)) achieve reasonable performance and

can be estimated from H&E. These findings are biologically plausible, as cell cycling measures

mitotic activity and aggressiveness of tumour cells, angiogenesis represents the growth of new

blood vessels (a hallmark of cancer growth), and EMT measures a tumour’s ability to invade

surrounding tissue. Biological activity associated with these pathways can be observed on H&E

but is often difficult for pathologists to quantify. Conversely, we observe fatty acid metabolism

and oxidative phosphorylation achieving relatively poor performance. These tasks are metabolic

pathways that are often not apparent in cell morphology and tissue architecture on H&E and likely

require more specific stains to measure.
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From a technical perspective, we observe that AM-SB and AM-MB architectures marginally

outperform TransMIL-based prediction of all gene expression tasks, suggesting that the type of

architecture likely does not play a crucial role in model performance. Notwithstanding, models

trained with PLIP-based features generally outperform those trained with ResNet50-based features

(see Table 4.17), suggesting that using a feature extractor pre-trained on H&E-related data allows

the model to better learn essential features or relationships specific to histopathology. Importantly,

PLIP-based features (512-dimensional feature vectors) also possess a computational advantage

since they are half the size of ResNet50 features (1024-dimensional feature vectors), thus being

more manageable to store and process.

Finally, we sought to identify explainable morphological descriptors that may govern tumour

and immune function from our trained models. We generated an attention map on a H&E WSI

that was predicted to have a high level of T-cell mediated cytotoxicity (see Figure 4.20). We note

that a high-attention patch corresponded with a high degree of infiltrating lymphocytes, and a

low-attention patch highlighted areas of necrotic tumours. These attention maps provide additional

evidence, albeit preliminary, that our trained models are learning therapeutically-relevant patterns.

Further work is needed to evaluate and optimise this approach rigorously.

Table 4.16: AUROC results on the test set, obtained for all model architectures, using ResNet50-
and PLIP-derived features. The best results per type of feature-extraction strategy are highlighted
in bold. While the AM-SB and AM-MB model architectures outperform TransMIL prediction
of all gene expression tasks, the increase in performance was marginal, suggesting that model
architecture may not play a critical role in the classification of gene expression.

Task Class Proportion (0 / 1)
Architecture & Features

AM-SB AM-MB TransMIL
ResNet50 / PLIP ResNet50 / PLIP ResNet50 / PLIP

B-cell proliferation 60.45% / 39.55% 0.6974 / 0.7755 0.7322 / 0.7735 0.6960 / 0.7673
T-cell mediated cytotoxicity 53.72% / 46.28% 0.7149 / 0.7703 0.7564 / 0.7770 0.7223 / 0.7196
Angiogenesis 47.92% / 52.08% 0.7042 / 0.7435 0.7053 / 0.7213 0.7019 / 0.7214
Epithelial-mesenchymal transition 44.08% / 55.92% 0.8110 / 0.7848 0.8023 / 0.8082 0.7545 / 0.7934
Fatty acid metabolism 52.83% / 47.17% 0.6323 / 0.6030 0.6294 / 0.5920 0.5258 / 0.5634
Glycolysis 49.31% / 50.69% 0.7996 / 0.8118 0.7954 / 0.8330 0.7834 / 0.8045
Oxidative phosphorylation 49.50% / 50.50% 0.6894 / 0.7145 0.6926 / 0.7332 0.6699 / 0.6826
Immunosuppression 59.51% / 40.49% 0.7996 / 0.8458 0.8133 / 0.8542 0.7572 / 0.8113
Antigen processing and presentation 49.50% / 50.50% 0.7450 / 0.7806 0.7599 / 0.7924 0.7503 / 0.7342
Cell cycling 51.26% / 48.74% 0.7768 / 0.7939 0.7809 / 0.7852 0.7121 / 0.7229

4.6.5 Conclusions and Future Work

Our study represents one of the first efforts to predict therapeutically relevant facets of the TME

from an H&E WSI. Here, our work suggests that tumour and immune phenotypes can be inferred

with reasonable accuracy using state-of-the-art DL methods. Importantly, we note that the choice of

feature extraction strategy may impact performance. A model pre-trained on H&E-based features

had improved performance for most tasks compared to a model pre-trained on ImageNet-based
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Table 4.17: AUROC results on the test set, obtained for the best model of each feature set.
The best-performing feature-extraction strategy is highlighted in bold. Models trained with PLIP-
derived features generally perform better than ResNet-derived features, suggesting that using a
feature extractor pre-trained on H&E-related data may improve performance.

Task
Features

ResNet50 PLIP

B-cell proliferation 0.7322 0.7755
T-cell mediated cytotoxicity 0.7564 0.7770
Angiogenesis 0.7053 0.7435
Epithelial-mesenchymal transition 0.8110 0.8082
Fatty acid metabolism 0.6323 0.6030
Glycolysis 0.7996 0.8330
Oxidative phosphorylation 0.6926 0.7332
Immunosuppression 0.8133 0.8542
Antigen processing and presentation 0.7599 0.7924
Cell cycling 0.7809 0.7939

(1) Patch  with
High Attention

Score

(2) Patch  with
Low Attention

Score

Figure 4.20: Attention map obtained using the AM-SB architecture for a WSI predicted to
have a high-degree of T-cell mediated cytotoxicity. Red zones and blue zones indicate high
and low attention scores, respectively. On the right, we provide two exemplar patches: 1) the
high-attention patch illustrates abundant tumour-infiltrating lymphocytes without tumour cells,
which are suggestive of high immune activity, and 2) the low-attention region demonstrates areas
of tumour necrosis and minimal lymphocytes, consistent with low immune activity.
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features. While additional work is needed to build upon and validate this work, we believe our

results may be of interest. Firstly, for several other medical tasks, feature extraction strategies

more native to the modality of interest do not always outperform natural image-based feature

extraction [431, 432, 433, 434]. Secondly, as prediction of tumour and immune phenotypes can

be inferred from H&E, these computational H&E biomarkers would have major implications for

cancer patients and precision oncology as many hospitals only possess the capability for H&E and

lack the resources for DNA/RNA sequencing.

In future work, we will experiment with other feature extraction frameworks (e.g., HIPT,

MI-Zero) and feature fusion approaches (e.g., combining two different feature sets in a single

model). Additionally, we intend to explore ordinal and multi-task classification and measures to

boost model interpretability. Finally, we will trial multi-modal architectures, integrating relevant

clinical metadata during training to assess the impact on performance.

4.7 Summary and Conclusions

The development of algorithms that learn what the bits of information that are relevant for the opti-

misation of a given task are is important to machine learning interpretability given that, intuitively,

they may represent a means to achieve sparser and more robust models. These two properties also

foster model transparency since using less information on the inputs or fewer parameters to output a

prediction (i.e., sparsity) makes it easier for an external stakeholder (e.g., governmental institution)

to debug and audit the model, and having a model that works consistently well on new examples

(i.e., robustness) will increase users’ confidence or trust in the model outputs.

In this Chapter, we delve into the realm of attention-based machine learning for healthcare

applications and perform a thorough literature review of the topic, complemented by a systematic

comparative study using three medical use cases (i.e., breast lesion, chest pathology, and skin

lesion) and different model architectures with and without attention. Our analysis allowed us to

look at attention-based algorithms with criticism and conclude that these methods often increase

model complexity (i.e., the number of parameters), will not always benefit training or performance,

and the quality of their post-hoc explanations is highly subjective. Nevertheless, these algorithms

can still be interesting for some applications. We showed that in medical image retrieval (with chest

X-ray), the use of an attention-based mechanism guides the models into learning an embedding

space that contains more information about the pathology, thus allowing to retrieve cases that are

more similar to the query, achieving, in some cases, comparable results to an interpretability-guided

method (which requires more steps in its pipeline). Furthermore, in computational pathology,

attention mechanisms seem to play a crucial role in the feature extraction methods (the features that

lead to better performance originate in a transformer-based model) and MIL aggregation operator

(state-of-the-art methods use an attention-based operator to aggregate the classification scores of

the multiple instances). Additionally, some results also suggest that the attention maps produced by

these methods have clinical significance.
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Despite their limitations, attention mechanisms have proved worthy in several applications

(including healthcare). In this thesis, we focus on the image dimension, evaluating several properties

of these methods from the perspective of interpretability and trying to demystify some of the claims

present in several works in literature while providing the reader with specific applications or

situations where these methods might contribute to the improvement of their models.



Chapter 5

Learning from Disparate Sources of
Data: Explaining Multi-modal
Algorithms

Foreword on Author Contributions

The results of this work have been disseminated in the form of a paper at an international conference:

1. Mohammad Hossein Zolfagharnasab and Nuno Freitas and Tiago Goncalves and Eduard

Bonci and Carlos Mavioso and Maria J. Cardoso and Helder P. Oliveira and Jaime S. Cardoso,

“Predicting Aesthetic Outcomes in Breast Cancer Surgery: A Multimodal Retrieval Approach,”

in Proceedings of the Deep Breast Workshop on AI and Imaging for Diagnostic and Treatment

Challenges in Breast Care (in MICCAI 2024), 2024 [46]

We also include experimental work (see Sections 5.5 – 5.6) that was not published when we

submitted this thesis. Nevertheless, we hope that these results or improved versions of these works

will be published in the foreseeable future.

5.1 Introduction

In medicine, acquiring multi-modal data on the same target has become a growing field as more

advanced techniques and devices have become available, particularly in the biomedical imaging

field [435]. A multi-modal database usually has several scans of the same subject acquired with

different methods, thus allowing the storage of different tissue characteristics [436]. Popular

methods include computed tomography (CT), functional magnetic resonance imaging (fMRI),

magnetic resonance imaging (MRI), positron emission tomography (PET), single-photon emission

computed tomography (SPECT) and ultrasound [437]. Besides, the simultaneous acquisition of

several modalities is already encouraged during clinical practice [435], and there is already the

84
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possibility of integrating modalities into the hardware of a single scanner [436]. This trend follows

the intuition that various imaging modalities encompass abundant information which is different

and complementary to each other [438]. Similarly to ensemble learning [439], the challenge resides

in how this information should be aggregated to produce meaningful outputs that could support the

decisions of the practitioners [435].

However, there are several open challenges (e.g., process of data gathering, the strategy of

data fusion, assessment of the degree of interpretability of the algorithms) that require further

investigation [440, 441, 442, 443, 444]. Using only medical images to develop models and

explanations is not a realistic approach concerning the fact that clinicians use several clinical

data sources to make decisions. Undoubtedly, this created the need to work on multi-modal

methodologies and contributed to the increasing trend in the development of multi-modal deep

learning strategies for medical purposes.

In this Chapter, we present three different case studies where multi-modal strategies (potentially)

benefit the predictive power of algorithms, indirectly contributing to their robustness and trans-

parency. Beyond this Introduction, this Chapter is organised as follows: Section 5.2 presents a brief

background on data fusion techniques, motivating the need for multi-modal algorithms, Section 5.3

provides a general literature review of multi-modal machine learning for medical applications to

contextualise the reader into state-of-the-art (and open challenges) of the field, Sections 5.4–5.6

present the experimental work developed to address the research questions related to this topic, and

Section 5.7 concludes the Chapter, highlighting the main contributions and anticipating future work

directions.

5.2 Background

Information infrastructures continuously gather vast quantities of data through multiple sensors

and applications at an increasing rate. Therefore, these databases often contain structured, semi-

structured, and unstructured data that belong to multiple modalities (i.e., multi-modal data). Natu-

rally, each source, type, and distribution modality has specific and complementary information [438].

Reasonable fusion strategies may help to understand the tasks we are addressing while contributing

to the development of creative solutions [445]. Moreover, this increase in the availability and

accessibility of multi-modal data motivates the research on the fusion of information and opens new

opportunities to deepen our knowledge of cross-modality and shared-modality information [440].

Data fusion deals with the association, correlation, and combination of data and information

from single and multiple sources and is defined as the study of efficient processes for the automatic or

semi-automatic transformation of these data into a representation that supports human or automated

decision making [446, 447]. This process has three important elements [440]: data sources (i.e.,

single or multiple data sources from different positions and at different points of time); operation
(i.e., the operation of a combination of data and refinement of information); purpose (i.e., the

main outcome of our application). Concerning the operation element, we consider it important
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to mention some of the available hierarchies since it will be essential to understand the pipelines

applied in the medical context. Luo and Kay [448] consider low-to-high levels to represent data

in different fusion processes. These different levels relate to the diversity of input data patterns,

the context of application or purpose of these data, and the degrees of promotion of information

quality:

1. Signal level: also known as low-level fusion or raw data fusion, this strategy consists of

directly combining raw data captured from sensors into fusion models. Raw data can be

fused at this level if they are commensurate or in the same pattern. In the case of image

processing, we may consider pixel level fusion as a special case of signal level fusion.

2. Feature level: also known as medium level fusion or characteristic level fusion, this strategy

consists of converting raw data into features that will be used as input into fusion models.

3. Symbol level: also known as high level fusion or decision level data fusion. This strategy

combines intermediate decisions to obtain a global and accurate decision.

A different proposal is described in [449]. In this hierarchy, the fusion processes take into account

an input-output perspective that considers the nature of input data and output data, thus reducing

uncertainty in the previous architecture:

1. Data-In-Data-Out fusion: in this type of fusion, a processing operation is applied to input

data to make them more accurate or polished (e.g., signal processing and image processing).

2. Data-In-Feature-Out fusion: in this type of fusion, a feature engineering operation is

applied to the input data to extract meaningful features.

3. Feature-In-Feature-Out fusion: in this type of fusion, a feature refinement operation is

applied to the preliminary extracted features.

4. Feature-In-Decision-Out fusion: in this type of fusion, a decision algorithm is applied to

the feature inputs to obtain a sequence of decisions.

5. Decision-In-Decision-Out fusion: in this type of fusion, a decision algorithm is applied to

low-level decisions to generate a high-level decision.

These two hierarchies present a clear overview of the current approaches to data fusion strategies.

Nevertheless, an extensive comparison of several data fusion strategies is available in [450, 451].

Multi-modal learning has been deeply explored in a variety of tasks. Neural image caption-

ing [452] combines image and text data to generate image captions automatically, visual question

answering [453] and visual reasoning [454] combine an image and question to get a coherent and

correct answer, text and image for image retrieval [455, 456] uses image-text pairs to retrieve

similar images, multi-modal classification takes advantage of different data modalities to achieve

multi-modal representations [457] or multi-modal classifiers [458, 459] to solve a classification

task.
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5.3 Literature Review

An attentive look at the previous examples allows us to infer that most works described in literature

explore combinations of image and natural language modalities; however, this is not necessarily

a paradigm in the medical context. Lorenzi et al. [460] performed a multi-modal analysis of

Alzheimer’s disease using MRI and PET brain images through the description of the relationship

between atrophy and hypo-metabolism employing a computationally tractable formulation of

partial least squares regression. Suk et al. [461] use a Deep Boltzmann Machine (DBM) to extract

hierarchical feature representations from CT and MRI images to diagnose Alzheimer’s disease

and mild cognitive impairment. Correa et al. [462] employed multi-set canonical correlation

analysis [463] to perform data fusion of concurrently acquired fMRI and electroencephalography

(EEG) data from multiple subjects. Guo et al. [435] conducted a comprehensive study on data

fusion strategies for image classification and segmentation with CT, PET and MRI images from

soft-tissue sarcoma and reported that the network trained with multi-modal images showed superior

performance compared to networks trained with single-modal images, and, regarding tumour

segmentation, performing image fusion within the network (e.g., fusing at convolutional or fully

connected layers) is generally better than fusing images at the network output (e.g., voting). Dolz et

al. [464] proposed a novel CNN architecture (HyperDense-Net) that integrates several levels of data

fusion on brain image segmentation. In the domain of cervical dysplasia diagnosis, Xu et al. [465]

and Chen et al. [466] explored different strategies, architectures and aggregation methods to leverage

the informative power of cervical examination data (e.g., HPV tests, Pap tests, digital cervicography,

patient information). Carneiro et al. [467] addressed the classification of mammograms using

craniocaudal and mediolateral oblique views and their respective mass and micro-calcification

segmentation (of the same breast), trained a separate CNN for each view and segmentation map,

and, finally, used the features learned from each segmentation map and unregistered (i.e., not

aligned) views to train a final CNN classifier that estimates the patient’s risk of developing breast

cancer. Liang et al. [468] implemented a Deep Belief Network (DBN) [469] framework to capture

intra-modality and cross-modality relationships and to identify cancer subtypes from multi-platform

genomics (e.g., gene expression, miRNA expression, DNA methylation) and clinical data. The latent

features of each input modality are encoded with a Restricted Boltzmann Machine (RBM) [470],

and then a joint representation of hidden variables is used to capture the common features resulting

from multi-platform input data. The final states of these hidden variables are learned unsupervised,

using contrastive divergence [471]. The final states of the joint representation of latent features are

used to define the cancer subtypes based on these multi-modal input data. Multi-modal learning

has also been used in other medical tasks besides image classification and segmentation. For

instance, Cheng et al. [472] addressed deep similarity learning for multi-modal medical images

with a multi-modal stacked denoising autoencoder trained on CT and MRI images, and Cao et

al. [473] explored multi-modal approaches for medical image retrieval using medical images and

their associated text descriptions. On the other hand, several approaches explore solely natural

language processing (NLP) approaches [474]. Qin et al. [475] proposed a multi-modal model
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to estimate the probability of early sepsis that incorporates clinical notes (about the patient) and

structured data (i.e., patient measurements) and uses NLP models in the pipeline to obtain semantic

representations of the text. Similarly, Jin et al. [476] developed an NLP service that performs

named entity extraction and negation detection on clinical notes and composes the selected entities

into a new text corpus to train document representations that are fused with time-series signals to

train a multi-modal neural network that predicts the hospital mortality risk for patients.

5.4 Multi-modal Retrieval for the Aesthetic Assessment of Breast
Cancer Surgery Outcomes

The results of this work have been disseminated in the form of a paper at an international conference:

Mohammad Hossein Zolfagharnasab and Nuno Freitas and Tiago Goncalves and Eduard Bonci and

Carlos Mavioso and Maria J. Cardoso and Helder P. Oliveira and Jaime S. Cardoso, “Predicting

Aesthetic Outcomes in Breast Cancer Surgery: A Multimodal Retrieval Approach,” in Proceedings

of the Deep Breast Workshop on AI and Imaging for Diagnostic and Treatment Challenges in Breast

Care (in MICCAI 2024), 2024 [46]. The code related to the implementation of this work is publicly

available in a GitHub repository1.

5.4.1 Description and Contributions

Breast cancer remains a prevalent global health concern, though advancements in screening and

treatment have significantly improved survival rates, exceeding 90% at 5 years in many high-

income countries [477]. Consequently, attention within the clinical community has shifted towards

enhancing post-surgery patient quality of life [478]. Locoregional treatments, such as radiation

therapy and surgery, commonly employed in patients, often impact aesthetic outcomes, influencing

body image significantly. Ongoing research aims to establish a standard for evaluating these

outcomes [479]. Recent studies on the quality of life of breast cancer patients after treatment

show that a patient’s body image has a high correlation to this dimension [480]. Despite that, the

current methods for objective assessment using panel scores or software do not adequately correlate

with the patient’s self-image [481]. Currently, clinicians use visual examples of similar cases to

discuss potential outcomes of breast cancer surgery with patients [479]. However, as databases

grow, selecting cases becomes time-consuming and subjective, highlighting the need for objective

methods to efficiently retrieve clinically and visually relevant examples that meet both criteria. AI

algorithms have emerged as crucial tools in this context, enabling accurate analysis of complex

medical images [482, 483].

In Section 4.5, we introduced the topic of medical image retrieval and explained the fundamental

concepts of these systems and their (potential) importance in the daily routine of several healthcare

professionals. In this Section, we extend the topic to contextualise the reader regarding the rationale

1https://github.com/MsainZn/bcs-aesth-mmodal-retrieval

https://github.com/MsainZn/bcs-aesth-mmodal-retrieval
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and intuition behind our hypotheses and experiments described here. Image retrieval systems are

designed to retrieve samples from extensive databases [484] efficiently. They fall into two main

categories: content-based image retrieval (CBIR), which analyses the visual content of a query

image to find similar images; and collaborative filtering image retrieval (CFIR), which employs

scoring mechanisms to identify similarities among available entities. In medical applications,

CBIR systems are common due to operating without requiring detailed clinician annotation [485].

Examples include chest X-rays [486, 487] and brain MRIs [488]. While CFIR systems are less

explored, some studies with CFIR systems [489, 490] report improved performances, likely because

they incorporate more clinician input, which translates to learning more from the data. Thus, a

retrieval system can be effective by allowing clinicians to show patients previous cases and allow

them to understand the possible outcomes of treatment fully. These systems enhance efficiency and

objectivity in retrieving relevant samples, thus improving diagnostic accuracy and patient outcomes.

Despite these advancements, challenges such as the semantic gap between system analysis and user

expectations, variability in image quality, and limited data availability persist, needing ongoing

attention and innovation [491, 492]. Recent literature on image retrieval systems focuses extensively

on enhancing feature extraction algorithms [493]. This includes convolutional neural network

(CNN) and vision transformer (ViT) architectures, which follow a process of feature extraction to

encode image features, pattern recognition for high-level representations, and embedding these

features into a space where similar images are positioned close together for efficient retrieval by

comparing feature vector distances [494].

With that in mind, we point the reader to the works of Wang et al. [495], Bhandi et al. [496],

and Maji et al. [497], who evaluated the performance of CNN-based image retrieval architectures

against traditional computer vision methods, and concluded that the first performed better than the

latter. Naturally, with the recent advancement in transformers, similar investigations are carried

out using ViTs [498]. For instance, Song et al. [499] and Dubey et al. [500] published pioneer

studies on the comparison between CNN-based retrieval and ViT-based retrieval, showcasing the

superior performance of ViTs across multiple datasets. Following these studies and using the

same pre-trained models, Zhou et al. [501] reported viable accuracy improvements with a semi-

supervised approach in chest X-ray application. For medical applications, variations of the CLIP

model, especially MedCLIP, have also shown promising results in both zero-shot use cases and

image-retrieval systems [502]. Using MedCLIP and a contrastive learning strategy with expert

annotation, Kumar et al. [503] were able to improve the retrieval accuracy by almost 5% in all

of their test cases. Similar improvements were reported from researchers working with CLIP in

X-ray [504], and MRI images [505]. Studies such as Gao et al. [506] also reported improvements

in multi-view mammograms.

Considering these challenges, this work introduces a deep learning (DL)-based multi-modal

retrieval pipeline for predicting aesthetic outcomes in breast cancer patients post-locoregional

treatments. Given a query image from the upper torso, our proposed algorithm retrieves the top

10 most analogous patient cases from the image database. While our focus is on pre-surgery and
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post-surgery comparisons in breast cancer, this pipeline is adaptable to various domains. In this

regard, our model can be categorised as a weak CFIR since it is trained to imitate the clinicians’

rankings and take advantage of visual features. The main contributions of this work are:

1. A novel multi-modal retrieval framework for predicting the aesthetic outcomes of locoregional

treatments of breast cancer patients that combines tabular clinical data and image features

trained and evaluated on an annotated dataset.

2. A comparative study with ViTs and CNNs regarding the impacts of feature extraction on

retrieval quality.

5.4.2 Methodology

This Section presents the details of the implementation of this work.

5.4.2.1 Data

Mathematical Modelling: Triplet Loss The triplet loss is a robust technique used in several

tasks (e.g., image retrieval, face recognition, and metric learning) to learn embeddings that capture

semantic similarity among data points [507]. It involves three entities: a query, a positive sample

(similar to the query), and a negative sample (dissimilar to the query). Equation 5.1 shows the triplet

loss formulation, where A, P, and N are embeddings of the query, positive, and negative samples,

respectively, dist(A,P) and dist(A,N) represent distances (e.g., Euclidean or cosine) between these

samples, and α is a margin hyper-parameter enforcing a minimum difference between distances

for the loss to be zero. This approach ensures that semantically similar samples are closer to each

other while dissimilar samples are farther apart in the embedding space. This approach effectively

mimics the exact ranking determined by clinicians during training and optimises the weights to

enhance the clustering of similar samples.

L(A,P,N) = max(0,dist(A,P)−dist(A,N)+α) (5.1)

Dataset: Triplets of Catalogues For training with triplet-loss, the catalogues were organised into

triplets, considering all possible combinations of query and annotated samples: each triplet includes

a query, a positive sample, and a negative sample, where the negative sample is ranked further from

the query than the positive one. Regarding pre-processing, we consider that several details deserve

the reader’s attention. Concerning the tabular data, we normalise each element in the tabular feature

vector according to the training set (e.g., we apply min-max normalisation to the patient’s height

using the training set elements). Regarding image data, we resize all images to 224×224 (with zero

padding), and, for each model (i.e., CNN or ViT), we use its specific image processing module

(available on Hugging Face [508] to process the images according to the model’s requirements.

With this pipeline, we can assess various models using the same framework.
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5.4.2.2 Proposal

This study presents four different approaches for patient retrieval. The first approach focuses on

clinical (tabular) data. The second uses pre-trained DL image models to extract features from the

images. The third is similar but performs fine-tuning of the models on the training set. The fourth

combines both the image and clinical data. Except for the third approach, all models were trained

on the data. Using clinicians’ ranking, we organise the data into triplets and utilise the triplet loss to

update model weights. Figure 5.1 briefly summarises the retrieval pipeline proposed in this work.

Figure 5.1: Illustration of the training and retrieval procedure. The trainable unit is optimised using
the triplet loss to promote retrieval according to clinicians’ ranking during training. It is worth
noting that for images, the trainable unit must incorporate feature extraction, while for tabular data,
it can be as simple as Weighted Euclidean Distance (WED). During retrieval, we use the trainable
unit to extract the features corresponding to a given query. Afterwards, we use the Euclidean
distance (similarity criterion) to calculate the distance between the query and the samples to retrieve
the most similar samples. If we aim to improve efficiency, we can store the extracted feature vector
of a particular image in a feature database.

Approach #1: Tabular Data Models The first approach only uses clinical (tabular) data. We

started by using a Weighted Euclidean Distance (WED) to optimise the retrieval process because

of the simplicity of the tabular data (i.e., a vector with five features). Nevertheless, the same

triplet-loss formulation was employed to update the weights according to the clinicians’ rankings.

Equation 5.2 formalises the WED, where u is the feature vector for sample A, v for B, and W is the

weight matrix. By setting the weight matrix as identity (W = I), we recover the standard (baseline)

Euclidean distance. Unlike WED, baseline Euclidean contains no learnable parameter; thus, it

requires no training. Besides WED, we employed a more flexible approach using a shallow 4-layer

artificial neural network (ANN) for tabular data, consisting of layers with 16 neurons activated by a

hyperbolic tangent (tanh). Like WED, we use the triplet loss to update the model’s weights, but the

ANN provides more learnable parameters, which promotes capturing complex interactions between
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features.

WED(u,v,W ) = |u− v|1×NWN×N |u− v|TN×1 (5.2)

Approach #2: Pre-trained Models For the second experiment, we shift our attention to the

images, and we leveraged competitive DL models to perform feature extraction. It is important

to note that this experiment did not include any additional fine-tuning with respect to clinicians’

ranking. We did not update the model’s weight based on triplet loss in this experiment, and we

essentially captured a zero-shot feature extraction from the image models. For this purpose, we

utilised a selection of pre-trained DL models, including well-known CNNs and ViTs. Below, we

briefly describe the models we used in this work:

• BEiT (ViT): Bao et al. [509] developed the BEiT model, extending the BERT methodol-

ogy [510] and using a masked image modelling task to pre-train ViTs. Their method uses

two image views in the pre-training procedure (i.e., patches and tokens), and the objective is

to recover tokens based on corrupted patches.

• DeiT (ViT): Touvron et al. [229] worked on top of the ViT baseline architecture [104], and

proposed an attention-driven knowledge distillation method based on distillation token (of the

student network) optimised to reproduce the label estimated by the teacher network (similarly

to a classification token).

• DINOv2 (ViT): Oquab et al. [511] trained a large ViT model using a novel self-supervised

trained approach and an automatic pipeline to build a curated image dataset and distilled it

into a series of smaller models.

• Google-ViT (ViT): Wu et al. [512] introduced the Visual Transformer (VT), using spatial

attention to convert the feature map into a compact set of semantic tokens and feeding these

tokens to a self- attention module to capture token interactions.

• ResNet50 (CNN): He et al. [263] proposed a deep residual learning framework, where

residual connections across the network facilitate the learning of deeper networks by guiding

the stacks of layers to fit a residual mapping, instead of directly fitting an underlying mapping.

• VGG16 (CNN): Simonyan and Zisserman [513] were pioneers in the study of the depth (16

to 19 layers) of deep neural networks with tiny (3×3) convolutional kernels.

Approach #3: Fine-tuned Models The third approach mirrors the second. In this case, we

utilised triplet loss to fine-tune the extracted feature vectors from the images to align with clinicians’

ranking criteria. This approach serves two purposes: ensuring semantic alignment with clinicians’

objectives and emphasising features that aid in replicating clinicians’ rankings. As a result, this

approach falls under weak CFIRs, where clinicians’ predefined scores enhance sample retrieval for

new cases.
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Approach #4: Multi-modal Models The fourth approach enhances the trainable DL model by

incorporating multi-modal inputs. In this case, we concatenate the feature vectors from fine-tuned

image models with the tabular feature vectors. This combined vector is later used as the input of

another shallow MLP with the same properties as the first experiment, and the model weights are

optimised with the triplet loss.

Evaluation Metrics Equations 5.3–5.4 present the Adjusted Discounted Cumulative Gain (ADCG)

and Contrastive Accuracy (CAcc). We used these metrics to ensure a more accurate assessment

of our models’ performance, taking advantage of some of their benefits for the evaluation of the

performance of retrieval systems: ADCG accounts for prioritising the relevant instances with re-

spect to the query, which makes it particularly interesting for our application where results ordering

is crucial; and, CAcc offers insights into the model’s ability to distinguish between similar and

dissimilar items in relation to a query image, a fundamental detail for our dataset as it ensures a de-

tailed comparison of all catalogue elements against the query, enabling a comprehensive assessment

of all samples. We remind the reader that Section 4.5 contains more information about retrieval

assessment metrics.

DCGp =
p

∑
i=1

2reli −1
log2(i+1)

, ADCGp = NormMinMax(DCGp) (5.3)

CAcc =
m

∑
cat=1

Number of correct predictions per triplet
Total number of triplets

(5.4)

5.4.3 Results and Discussion

This study aimed to develop and evaluate a DL-based multi-modal retrieval system to predict

aesthetic outcomes in breast cancer patients after locoregional treatments. This system combines

tabular clinical data and image features to provide a robust retrieval framework. Table 5.1 compares

different methods and models regarding their performance. Furthermore, we developed distinct

retrieval models based on varying aesthetic assessments (i.e., Excellent/Good and Fair/Poor).

Clinicians typically require retrieval of positive and negative treatment outcomes to illustrate

diverse scenarios to patients. This separation enables our algorithm to address these preferences

and improve its ability to accurately reflect clinicians’ needs while ensuring each scenario is

appropriately represented.

5.4.3.1 Tabular Data Retrieval

In this approach, we used clinical (tabular) data to perform the retrieval using WED and an MLP. The

WED method provided a baseline for comparison, revealing moderate performance on both datasets.

The MLP approach outperformed the WED, achieving higher CAcc and ADCG values. However,

no model achieves performance superior to 66% on ADCG and 65% on CAcc, both in training and

testing. These results suggest that clinical data alone may not provide sufficient information to
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achieve high retrieval accuracy, indicating its limitations in capturing the full complexity required

for precise aesthetic outcome prediction.

5.4.3.2 Image Retrieval

We report the results of pre-trained and fine-tuned models for image retrieval (see Table 5.1).

Generally, pre-trained models exhibit lower performance when compared to most tabular models

across both datasets, potentially due to their limited alignment with specific aesthetic criteria used

by clinicians. On the other hand, we note that ViTs (especially BEiT) appear to be the standout

performers. Intuitively, by fine-tuning pre-trained DL models to better align their feature vectors

with the clinicians’ ranking criteria, we observe that the performance of all image models was

notably improved. For instance, the fine-tuned VGG16 shows an improvement of CAcc from

52.10% to 69.26% and ADCG from 46.71% to 76.87% in the test set. These improvements

underscore the importance of tailoring pre-trained models for retrieval tasks, as it allowed them

to better capture the semantic and aesthetic considerations critical to clinicians. When comparing

architectures (i.e., CNNs and ViTs), ViTs seem to have a promising potential (e.g., Google-ViT

stood out as the top performer, achieving superior results in 5 out of 8 performance metrics

evaluated).

5.4.3.3 Multi-modal Retrieval

The final method integrated tabular and image features, resulting in a more comprehensive input

for the retrieval system. As expected, the multi-modal approach achieved the highest performance,

with an average 1-2% improvement in the retrieval accuracy metrics across all evaluation criteria.

Besides improving accuracy, utilising multi-modal data is valuable as it promotes robustness of the

overall prediction in case the DL models under-perform or encounter out-of-distribution samples.

For such scenarios, the clinical data may provide structured, interpretable insights that help maintain

consistency and reliability in the predictions, ensuring more informed decision-making in clinical

settings.

5.4.4 Conclusions and Future Work

This study evaluated various configurations of clinical and image-based retrieval methods using

triplet loss optimisation for predicting aesthetic outcomes in breast cancer patients following lo-

coregional treatments. Results show that clinical (tabular) data alone attains moderate performance,

indicating limitations in capturing complexities for precise aesthetic outcome prediction. On the

other hand, ViTs (e.g., BEiT) showed superior performance compared to traditional CNNs (i.e.,

ResNet50 and VGG16), especially after fine-tuning. Finally, we found that integrating clinical

(tabular) data with image features resulted in the highest overall performance, possibly due to

combining structured clinical insights with nuanced image features. Multi-modal BEiT showed
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Table 5.1: Retrieval performance metrics for various models categorised by aesthetic quality. Each
entry is of the form (Excellent/Good, Fair/Poor). Best results, per model, highlighted in bold.

Type Model Train Test
CAcc (%) ↑ ADCG (%) ↑ CAcc (%) ↑ ADCG (%) ↑

Tabular
Baseline (61.37, 61.77) (65.21, 63.52) (55.68, 61.87) (57.75, 62.05)
Matrix (60.41, 60.40) (65.29, 62.02) (57.58, 61.58) (58.54, 65.31)
MLP (62.65, 64.89) (66.64, 64.89) (57.09, 64.90) (57.70, 66.56)

Pre-trained

VGG16 (52.02, 46.68) (54.55, 46.42) (52.10, 44.72) (56.69, 46.71)
ResNet50 (54.96, 47.81) (58.75, 50.56) (53.38, 50.56) (55.20, 53.74)
DeiT (52.08, 45.85) (52.87, 46.24) (53.25, 44.47) (54.87, 53.13)
Google-ViT (53.24, 47.29) (56.21, 49.99) (52.10, 49.09) (54.87, 53.13)
DINOv2 (56.00, 46.31) (58.88, 47.82) (54.88, 46.15) (60.231, 44.95)
BEiT (56.03, 49.25) (61.06, 49.39) (54.79, 50.98) (57.58, 54.35)

Fine-tuned

VGG16 (90.51, 90.55) (95.18, 95.42) (69.26, 71.16) (71.96, 76.87)
ResNet50 (89.47, 87.11) (94.22, 93.52) (68.33, 72.17) (70.30, 78.29)
DeiT (76.40, 73.58) (62.75, 79.02) (60.06, 63.09) (64.61, 64.58)
Google-ViT (92.65, 91.95) (96.45, 96.28) (69.30, 73.18) (73.87, 79.86)
DINOv2 (89.39, 87.77) (94.38, 93.82) (69.92, 70.78) (77.89, 76.97)
BEiT (89.78, 95.33) (93.95, 81.88) (71.95, 72.76) (73.85, 77.92)

Multi-modal
Google-ViT (98.69, 98.91) (99.39, 99.56) (68.55, 73.85) (71.14, 80.62)
DINOv2 (97.89, 98.25) (99.10, 99.33) (70.14, 73.56) (77.40, 78.96)
BEiT (99.10, 98.87) (99.65, 99.65) (72.06, 73.05) (73.63, 78.45)

superior retrieval accuracy on the test set. Apart from exploring the potential of ViTs (see Sec-

tion 5.5), future work should examine the potential for image-segmentation models instead of

image classifiers to achieve higher performance and evaluate out-of-distribution instances, given

that the current dataset has limited variability.

5.5 Attention-Driven Multi-modal Retrieval for the Aesthetic Assess-
ment of Breast Cancer Surgery Outcomes

The results of this work have not been disseminated in any other venue besides this thesis. The

code related to the implementation of this work is publicly available in a GitHub repository2.

5.5.1 Description and Contributions

Section 5.4 presented a pioneering approach to multi-modal retrieval for the aesthetic assessment of

breast cancer surgery outcomes. From that work, we concluded that using triplet loss optimisation,

multi-modal ViTs attained the best performances. Those results align well with the scope of this

thesis because they revisit the potential of attention mechanisms in deep learning architectures

2https://github.com/TiagoFilipeSousaGoncalves/bcs-aesth-mm-attention-mir

https://github.com/TiagoFilipeSousaGoncalves/bcs-aesth-mm-attention-mir
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(through transformers) and the integration of relevant clinical information (through tabular data) to

the models with the hope of bringing more transparency and achieving results with more quality.

In this work, we build upon the framework proposed in [46] and extend the experiments on the

transformer-based architectures, comparing ten different models and two different optimisation

settings (i.e., fine-tuned and multi-modal). We validate the results published in the original paper

and report new ones with the introduced architectures.

5.5.1.1 Brief Overview of the Transformer Models

In this Section, to contextualise the reader, we present a brief review of the transformer-based

models used in this study (please note that we do not repeat the presentation of the models used in

the previous work).

ConViT D’Ascoli et al. [514] designed the ConViT architecture, introducing the gated positional

self-attention (GPSA), a self-attention layer that mimics the properties of convolutional layers.

CrossViT Chen et al. [515] developed the CrossViT architecture, a dual-branch transformer that

processes small-patch and large-patch tokens with two separate branches of different computational

complexity and fuses these tokens purely by attention to multiple times to complement each other

and produce stronger image features.

DaViT Ming et al. [516] created the DaViT architecture, a dual attention ViT that exploits self-

attention mechanisms with spatial tokens (related to the feature dimension) and channel tokens

(related to the feature representation).

LeViT Graham et al. [517] proposed the LeViT architecture, aiming for a paradigm of strategies

to shrink ViTs, such as using attention as a downsampling mechanism, replacing the ViT positional

embedding with a translation-invariant attention bias or optimising the computational efficiency of

certain layers.

MaxViT Tu et al. [518] released the MaxViT architecture, which relies on a multi-axis attention

module composed of blocked local and dilated global attention to capture both local and global

spatial interactions throughout every stage of the network and achieve global perception in linear

complexity.

MViTv2 Li et al. [519] extended the multi-scale vision transformers framework, resulting in

the MViTv2 architecture, that introduced improvements in attention pooling along two axes,

with shift-invariant positional embeddings using decomposed location distances to inject position

information, and a residual pooling connection to compensate the effect of pooling strides in

attention computation.
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5.5.2 Methodology

We follow the methodology described in Section 5.4.2.

5.5.3 Results and Discussion

Table 5.2 presents the retrieval performance metrics (CAcc and ADCG) for the models tested in

this work, categorised by aesthetic quality (i.e., related to catalogues with Excellent and Good or

Fair and Poor aesthetic outcomes). Unlike Table 5.1, we organise these results by model instead of

type. Looking at the training set, we can observe that the multi-modal approaches often attain the

best results, showing that adding patient clinical data brings meaningful insights to the learning

process during training. Contrastively, the results on the test set are less consistent with the image

(fine-tuned) approaches being equally competitive with multi-modal strategies, suggesting that

the latter might be more prone to over-fitting. Moreover, this tendency to over-fit is clearer when

we look at the differences in results between the train and test sets, where we notice that the

performance for both metrics decreases systematically from one subset to the other.

Focusing on the main conclusions presented in Section 5.4, we observe that these results align

well with the latter, with attention-based models attaining higher performances. On the other hand,

when extending this framework only to transformer architectures, we observe that, at this point, it

is not clear whether it is preferable to use the image (fine-tuned) or the multi-modal. If we look at

the performance metrics, results suggest that using only the image information is sufficient for the

model to perform a good retrieval. On the other hand, one can argue that the multi-modal model has

more information about the patients, and even if it suffers from a marginal performance decrease,

it is still more interpretable. Besides, we also highlight that the size of the current dataset (see

Chapter 3) might not be enough to draw additional conclusions regarding the path that leads to the

best results.

5.5.4 Conclusions and Future Work

The extension of the framework presented in Section 5.4 to transformer-based architectures confirms

the performance advantages of using these models for retrieving cases with similar aesthetic

outcomes of breast cancer surgery. On the other hand, this setting suggests that only using image

features might be equivalent to using multi-modal data, undermining the intuition of using more

information about the patient to achieve refined results. Although the differences in results are

marginal in most cases, we believe there is still space to improve both the image and the multi-modal

approaches, contributing towards an end-to-end retrieval framework. To achieve this, we should

devote future work to gathering more data and building new catalogues (preferably with more

diversity regarding the aesthetic outcomes, conditions of acquisition, patients’ ethnicity or type

of treatment), training a segmentation or detection algorithm to extract the region of the image

that contains the breasts (and discard the rest), or training the multi-modal framework in a fully

end-to-end strategy.
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Table 5.2: Retrieval performance metrics for attention-driven models, categorised by aesthetic
quality. Each entry is of the form (Excellent/Good, Fair/Poor). Best results, per model, highlighted
in bold.

Model Type Train Test
CAcc (%) ↑ ADCG (%) ↑ CAcc (%) ↑ ADCG (%) ↑

Beit
Image (Fine-tuned) (93.05, 96.02) (97.00, 98.46) (69.95, 73.28) (74.48, 76.66)
Multi-modal (97.88, 98.40) (99.25, 99.39) (68.75, 71.71) (71.31, 74.21)

ConViT
Image (Fine-tuned) (97.11, 96.02) (98.93, 98.58) (70.41, 75.19) (73.29, 79.87)
Multi-modal (99.39, 98.07) (99.65, 99.24) (65.79, 71.33) (67.16, 75.05)

CrossViT
Image (Fine-tuned) (96.72, 96.49) (98.76, 98.51) (67.87, 71.75) (69.43, 77.10)
Multi-modal (98.67, 98.44) (99.45, 99.35) (66.17, 70.22) (66.77, 73.50)

DaViT
Image (Fine-tuned) (97.43, 96.93) (98.91, 98.86) (69.12, 74.72) (69.35, 79.96)
Multi-modal (98.92, 98.07) (99.39, 99.18) (69.87, 74.00) (73.19, 80.32)

DeiT
Image (Fine-tuned) (92.13, 93.30) (96.58, 97.37) (64.42, 72.60) (65.48, 77.20)
Multi-modal (98.20, 97.76) (99.30, 99.19) (64.96, 70.77) (66.27, 75.79)

DinoV2
Image (Fine-tuned) (91.92, 91.01) (96.41, 95.87) (68.04, 74.47) (68.03, 78.51)
Multimodal (97.61, 98.01) (99.15, 99.16) (68.87, 75.49) (70.60, 80.06)

Google
Image (Fine-tuned) (96.51, 96.07) (98.60, 98.67) (69.62, 74.38) (69.91, 79.21)
Multi-modal (96.17, 96.71) (98.41, 98.63) (70.25, 74.30) (70.89, 76.98)

LeViT
Image (Fine-tuned) (69.79, 93.98) (75.23, 97.64) (61.55, 67.88) (64.21, 71.54)
Multi-modal (75.63, 91.85) (82.53, 96.46) (62.96, 70.01) (65.99, 72.79)

MaxViT
Image (Fine-tuned) (96.70, 96.03) (98.73, 98.58) (69.25, 74.13) (70.28, 77.78)
Multi-modal (98.39, 93.93) (99.39, 97.40) (70.12, 71.84) (72.99, 75.03)

MViTv2
Image (Fine-tuned) (96.57, 96.79) (98.75, 98.71) (70.45, 73.58) (72.46, 79.10)
Multi-modal (98.51, 97.96) (99.28, 99.21) (67.50, 71.71) (71.13, 75.30)

5.6 Multi-modal Approaches for Computational Pathology

The results of this work have not been disseminated in any other venue besides this thesis. The

code related to the implementation of this work will be available in a GitHub repository3.

5.6.1 Description and Contributions

Section 4.6 presented a study on applying multiple instance learning (MIL) with attention mech-

anisms to characterise tumour and immune phenotypes from the H&E slide of primary breast

tumours. While we obtained interesting results using only the whole slide images (WSIs) (i.e.,

image modality), we hypothesised that the models could benefit from including patient clinical

data in the pipeline. Additionally, following the intuition presented in Sections 5.4 – 5.5, we also

argue that the integration of clinically meaningful data (i.e., data that healthcare professionals use

3https://github.com/QTIM-Lab/xai-mmodal-prediction-brca-tiph

https://github.com/QTIM-Lab/xai-mmodal-prediction-brca-tiph
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to interpret or make a specific clinical decision) into these pipelines contributes to the development

of more informed, transparent and trustworthy algorithms. In this Section, we present our findings

on integrating clinical data into DL algorithms to predict these (therapeutically relevant) facets of

the tumour microenvironment (TME). Figure 5.2 shows an overview of the proposed pipeline.

Clinical & Molecular Data

Data
Processing

Predicted
Gene Pathway

Expression

CONCH MCAT

Processed H&E SlideWSI

Cross-Attention Fusion

 Binary Classification

Feature Extraction

Model Training

Figure 5.2: Overview of the proposed pipeline.

5.6.1.1 Brief Update on the Rise of Foundational Models for Computational Pathology

Almost immediately after the publication of the work described in Section 4.6 [48], the research

on foundational models for pathology saw the release of (at least) three new foundational models,

publicly available to the scientific community to train (or fine-tune) in their in-house tasks or to

use the feature extractor to obtain embeddings for use in downstream tasks. More interestingly,

these foundational models were published (almost) simultaneously by the group led by Faisal

Mahmood [520].

Lu et al. [521] proposed the contrastive learning from captions for histopathology (CONCH),

a visual-language foundation model developed using diverse sources of histopathology images,

biomedical text and image–caption pairs through task-agnostic pre-training. Chen et al. [522]

developed UNI, a general-purpose self-supervised model for pathology (pre-trained on a large

dataset of H&E WSIs across (major) tissue types and evaluated on representative computational

pathology tasks) that showed relevant modelling capabilities (e.g., resolution-agnostic tissue clas-

sification, slide classification using few-shot class prototypes, disease sub-typing generalisation).

Recently, Ding et al. [523] introduced TITAN, a multi-modal foundation model (pre-trained via

visual self-supervised learning and vision-language alignment with corresponding pathology re-

ports and captions generated from a multi-modal generative artificial intelligence (AI) copilot for

pathology [524]) that can extract general-purpose slide representations and generate pathology

reports that generalise to resource-limited clinical scenarios.
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5.6.2 Brief Review of Multi-modal Machine Learning for Computational Pathology

The intuition that motivates multi-modal machine learning in computational pathology is that

alternate modalities (e.g., clinical data, transcriptomics) can complement the phenotypic information

from histology (cells types and organisation) with signals that potentially linked to prognosis [525].

The computational pathology community has been leveraging these techniques to predict outcomes

and discover prognostic features correlated with poor and favourable outcomes (including cancer

survival prediction) [526, 527]. Following the trend in other research areas, multi-modal machine

learning has also invested in transformer-based architectures [528]. Chen et al. [529] proposed

the multi-modal co-attention transformer (MCAT) architecture to learn an interpretable and dense

co-attention mapping between WSIs and genomic features encoded in an embedding space. On top

of MCAT, Jaume et al. [530] designed the SurvPath model to learn biological pathway tokens from

transcriptomics that can encode specific cellular functions, combined with histology patch tokens

that encode the slide morphology, using a multi-modal transformer to model interactions between

pathway and histology patch tokens.

5.6.3 Methodology

5.6.3.1 Data

For data preparation (and pre-processing), we followed Section 4.6.3.

5.6.3.2 Models and Training Details

Comparison of Feature Extractors Before experimenting with multi-modal architectures, we

repeated the experiments reported in [48] with a new feature extractor. In this case, we ran the

AM-SB architecture with CONCH features to understand if there was any gain in changing the

feature extractor for the following experiments.

Models using Clinical-only Data The decision on the set of clinical features to use in the

multi-modal approaches happened iteratively after several discussions with clinicians. The final

set of clinical features (reported in this thesis) with which we did the experiments is: PAM50

molecular subtypes (PAM50), test result for estrogen receptor (ER), test result for progesterone

receptor (PR), test result for human epidermal growth factor receptor 2 (HER2), gender/sex (G),

race (R), and histological type (HT). Before testing with multi-modal DL architectures, we sought

to analyse the predictive power of the clinical features (without information from the WSI). We

performed an intermediate experiment with classic machine learning models (i.e., decision tree

(DT), Gaussian naive Bayes (GNB), logistic regression (LR), support vector machine (SVM)),

using specific combinations of clinical features (after discussions with clinicians). Apart from

different combinations of features, we also tried different feature encodings: categorical encoding

and one-hot encoding.
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Models using Multi-modal Data Finally, we adapted the MCAT architecture for our use case,

performing modifications in the workflow of the transcriptomics biological pathway tokens to

accommodate clinical data, keeping the cross-attention module to combine the last with WSI

features. Given the difference of dimensions between CONCH features (i.e., 512) and the clinical

features (i.e., between 1–10), we use a learnable multilayer perceptron (MLP) to increase the size

dimension of these features (by a factor of 100) so that they are comparable to the WSI features.

5.6.4 Results and Discussion

Table 5.3 presents the area under the receiver operating characteristic curve (AUROC) results on

the test set, obtained for the best model of each feature set (ResNet and PLIP results transcribed

from [48]). These results suggest that models trained with CONCH-derived features generally

perform better than ResNet-derived features. When comparing with PLIP-derived features, we

also observe that models with CONCH-derived features perform better in most tasks (6 out of 10),

suggesting that replacing PLIP with CONCH is a good option regarding the feature extractor.

Table 5.4 presents the AUROC results on the test set obtained for the different clinical-only

data machine learning models. We observe that the best set of clinical features is {PAM50, ER, PR,

HER2, G, R, HT} (21 out of 40 runs) with one-hot encoding. With the proper encoding, results

suggest that using more clinical information might contribute towards increasing the predictive

power of the models. Focusing on the models, we can see that the winning approaches are the LR (5

out of 10 tasks) and the SVM (4 out of 10 tasks). This intermediate (but relevant) step provides us

with more intuition about the potential gain of using clinical data together with imaging information

from the WSI to (hopefully) increase the performance approaches presented in Section 4.6.

Table 5.5 presents the AUROC results on the test set obtained for the different multi-modal

MCAT models. From these results, we can infer that multi-modal approaches (using the MCAT

framework) can be competitive when compared (5 out of 10 tasks) with the baseline model that

solely uses imaging (WSI) features (AM-SB with CONCH). On the other hand, in this case, the

main challenge is selecting the set of features that maximises the predictive power of the models.

From the different combinations presented, the {PAM50, ER, PR, HER2} (together with WSI)

seems appropriate, achieving the best results with the group of multi-modal experiments. However,

predictive performance suffers in half of the tasks that combine clinical data.

5.6.5 Conclusions and Future Work

This Section presented a straightforward follow-up to the work published in [48]. After several

discussions with clinicians, we tried to understand if performing data fusion of clinical (tabular)

data and WSI (image) information would contribute to increasing the predictive performance of

our algorithms. Along the way, we updated our feature extractor (we are using CONCH instead of

PLIP), analysed the predictive signal of the clinical data (only), using classical machine learning

approaches and different combinations of clinical features (with different encodings), and adapted
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Table 5.3: AUROC results on the test set, obtained for the best model of each feature set. The
best-performing feature-extraction strategy is highlighted in bold. Models trained with CONCH-
derived features generally perform better than ResNet-derived features. When comparing with
PLIP-derived features, we also observe that models with CONCH-derived features perform better
in most tasks (6 out of 10), suggesting that replacing PLIP with CONCH is a good option regarding
the feature extractor.

Task Features

ResNet50 PLIP CONCH

Angiogenesis 0.7053 0.7435 0.7605
Antigen Processing and Presentation 0.7599 0.7924 0.8260
B-cell Proliferation 0.7322 0.7755 0.8039
Cell Cycling 0.7809 0.7939 0.8100
Epithelial-Mesenchymal Transition 0.8110 0.8082 0.8120
Fatty Acid Metabolism 0.6323 0.6030 0.6649
Glycolysis 0.7996 0.8330 0.8276
Immunosuppression 0.8133 0.8542 0.8469
Oxidative Phosphorylation 0.6926 0.7332 0.7194
T-cell Mediated Cytotoxicity 0.7564 0.7770 0.7934

the MCAT framework [529] to our tasks and experimented with diverse settings (i.e., combinations

of WSI and clinical features).

The AUROC results obtained with the clinical-only models showed that the clinical information

could be an interesting predictor of the expression of the gene pathways reported in this thesis.

Naturally, we should devote future efforts to running a more systematic study with all the (possible)

combinations of clinical features (and encodings). Nevertheless, these results show that we might be

in the right direction regarding the potential use of clinical data in our DL algorithms. Preliminary

results obtained with the multi-modal approaches (using MCAT) partially support this conclusion.

Although it is not completely clear that multi-modal approaches perform better than the unimodal

(i.e., with image modality), it is possible to observe that the predictive power of the algorithms does

not suffer too much (and sometimes improves). That said, we believe this line of research is worth

our attention in the future. Besides MCAT, we think the SurvPath architecture with our data, with

different feature combinations, might be a good starting point. However, there is still a margin to

improve the image modality inputs with data augmentation [531, 532].

5.7 Summary and Conclusions

Developing algorithms that benefit from multiple data modalities during their training, inference or

both phases can contribute to the conversion of black-box into white-box algorithms, given that

using different sources of (hopefully meaningful) information might mitigate the use of spurious

correlations by the models during their logical processing. Naturally, dealing with disparate data

sources (as healthcare practitioners often do) is not a trivial task. Besides, it is of utmost importance

that we understand first the reasoning process of healthcare professionals and how they use each
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Table 5.4: AUROC results on the test set, obtained for the different clinical-only data machine
learning models. The best results are highlighted in bold. Each column presents a specific set of
clinical features (selected based on discussions with clinicians). Note: We use (C) for categorical
and (1H) for one-hot encoding.

Model Task AUROC

ER,PR (C) ER,PR,HER2 (C) ER,PR,HER2,PAM50 (C) PAM50,ER,PR,HER2,G,R,HT (1H)

LR

Angiogenesis 0.5513 0.5462 0.6045 0.5954
Antigen Processing and Presentation 0.5619 0.5889 0.6510 0.6140
B-cell Proliferation 0.5712 0.5715 0.6662 0.6026
Cell Cycling 0.6779 0.7185 0.7715 0.8258
Epithelial Mesenchymal Transition 0.5422 0.5371 0.6102 0.6300
Fatty Acid Metabolism 0.6099 0.6326 0.6323 0.6299
Glycolysis 0.6363 0.6609 0.7049 0.7186
Immunosuppression 0.6257 0.6334 0.6315 0.7224
Oxidative Phosphorylation 0.5021 0.5721 0.6658 0.5309
T-Cell Mediated Cytotoxicity 0.6094 0.6345 0.7034 0.7025

DT

Angiogenesis 0.5846 0.5151 0.5901 0.5594
Antigen Processing and Presentation 0.5904 0.5525 0.5458 0.5964
B-cell Proliferation 0.6133 0.5726 0.5372 0.5758
Cell Cycling 0.6315 0.7228 0.8415 0.8031
Epithelial Mesenchymal Transition 0.5404 0.5025 0.6235 0.6259
Fatty Acid Metabolism 0.6155 0.6413 0.5732 0.5866
Glycolysis 0.6367 0.6775 0.6932 0.7026
Immunosuppression 0.6398 0.6425 0.6588 0.6952
Oxidative Phosphorylation 0.4835 0.5449 0.5737 0.4655
T-Cell Mediated Cytotoxicity 0.5486 0.6474 0.6724 0.6435

GNB

Angiogenesis 0.5481 0.5553 0.5646 0.5765
Antigen Processing and Presentation 0.4785 0.5195 0.6256 0.6165
B-cell Proliferation 0.5744 0.5470 0.5844 0.5738
Cell Cycling 0.6678 0.7047 0.7393 0.8159
Epithelial Mesenchymal Transition 0.5491 0.5463 0.5615 0.6300
Fatty Acid Metabolism 0.6028 0.6333 0.6321 0.6694
Glycolysis 0.6362 0.6640 0.6986 0.7104
Immunosuppression 0.6295 0.6563 0.6653 0.6976
Oxidative Phosphorylation 0.5402 0.5449 0.6268 0.5346
T-Cell Mediated Cytotoxicity 0.5922 0.6474 0.6893 0.6659

SVM

Angiogenesis 0.5492 0.5054 0.5946 0.6066
Antigen Processing and Presentation 0.5111 0.5357 0.6037 0.6089
B-cell Proliferation 0.5869 0.5477 0.6369 0.6383
Cell Cycling 0.6241 0.7246 0.7930 0.8455
Epithelial Mesenchymal Transition 0.5167 0.5049 0.6152 0.6413
Fatty Acid Metabolism 0.6122 0.6466 0.6637 0.6101
Glycolysis 0.6259 0.6353 0.6909 0.7436
Immunosuppression 0.6553 0.6697 0.6797 0.6592
Oxidative Phosphorylation 0.5017 0.5419 0.6212 0.5306
T-Cell Mediated Cytotoxicity 0.6195 0.6243 0.6630 0.6942
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Table 5.5: AUROC results on the test set, obtained for the different multi-modal MCAT
models. The best results are highlighted in bold. Each column presents the results of the WSI
features (CONCH) combined with a specific set of clinical features (selected based on discussions
with clinicians). The baseline results correspond to the first column.

Task AUROC

WSI ER,PR ER,PR,HER2 PAM50,ER,PR,HER2,G,R,HT PAM50,ER,PR,HER2

Angiogenesis 0.7605 0.7681 0.7530 0.7322 0.7783
Antigen Processing and Presentation 0.8260 0.7116 0.7631 0.7757 0.7269
B-cell Proliferation 0.8039 0.7732 0.7629 0.7419 0.7604
Cell Cycling 0.8100 0.7707 0.7664 0.8316 0.8554
Epithelial Mesenchymal Transition 0.8120 0.8134 0.8209 0.8198 0.8078
Fatty Acid Metabolism 0.6649 0.6289 0.5935 0.6602 0.6831
Glycolysis 0.8276 0.8142 0.8137 0.8186 0.8061
Immunosuppression 0.8469 0.7996 0.8227 0.7940 0.8014
Oxidative Phosphorylation 0.7194 0.7105 0.6372 0.6903 0.7267
T-cell Mediated Cytotoxicity 0.7934 0.7345 0.7535 0.7643 0.7500

source of information so that we input or encode these data into the models correctly, ensuring that

the models are, indeed, more informed and using that information effectively. In this Chapter, we

tackled the topic of multi-modal machine learning from the perspective of medical image retrieval

and computational pathology.

The main idea in medical image retrieval using DL is to achieve an embedding space that

encodes the relevant information required to retrieve the most similar cases to a given query.

Using the aesthetic outcomes of breast conservative surgery as the use case, we proposed a multi-

modal framework that allows practitioners to optimise the retrieval process independently of the

feature extractor backbone they use. In that sense, to establish the bridge with interpretability

and transparency and connect this work to the topics presented in Chapter 4, we also did a quasi-

exhaustive study with attention-based mechanisms (in this case, transformers) to assess their

potential. We concluded that transformers are the models that learn the best latent spaces for this

retrieval task and that integrating multi-modal data (often) contributes to increasing their predictive

performance. While the size and diversity of data and annotations of our dataset present (perhaps)

the main limitations of our study, we sought to explore this framework with other approaches or

algorithms (e.g., segmentation). Additionally, the multi-modal step of this pipeline has a margin

of improvement. In the studies presented in this Chapter, we optimise the multi-modal part after

training the (image) feature extractor. While this process saves us time (it is faster and easier to

optimise one module at a time), we think it would be more interesting and elegant to achieve a fully

end-to-end framework that only requires one training procedure.

In computational pathology, the intuition is that the use of patient clinical data in the DL

algorithms, combined with the WSI (image) information, might lead us to improved algorithms

while increasing their robustness (given that we have different sources of data that contribute with

more or less weight to the prediction) and transparency (given that the users will know what is the

data that the models are using to compute the prediction). As we did in Chapter 4, the follow-up

of this line of work should begin with interpretable post-hoc machine learning through a detailed
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analysis of the attention maps produced by these multi-modal frameworks that use transformers and

cross-attention and then move into in-model approaches. Besides, a different line of work should

focus on multi-task (multi-label) models to achieve a fully end-to-end model that can predict a

result for all the tasks (our current approaches require training 10 different models, i.e., one per

task).



Chapter 6

Learning in a Human Understandable
Way: Inherently Interpretable Models

Foreword on Author Contributions

The results of this work have been disseminated in the form of a paper at an international conference:

1. I. Rio-Torto, T. Gonçalves, J. S. Cardoso, and L. F. Teixeira, “On the Suitability of B-cos

Networks for the Medical Domain,” in 2024 IEEE International Symposium on Biomedical

Imaging (ISBI), pp. 1–5, 2024 [47]

We also include experimental work (see Sections 6.5 – 6.6) that was not published when we

submitted this thesis. Nevertheless, we hope that these results or improved versions of these works

will be published in the foreseeable future.

6.1 Introduction

The high success of machine learning algorithms in several tasks has motivated their implementation

in critical domains (e.g., justice, healthcare) to support the work of decision-makers (e.g., judges,

medical doctors). In the medical domain, there are already proposals of deep learning algorithms

that claim to achieve or surpass human-like performance [9]. However, the black box behaviour of

these models does not help decision-makers to have a clear understanding of their inner-functioning,

thus preventing them from diagnosing errors and potential biases or deciding when and how much

to rely on these models [533]. This lack of transparency represents an obstacle to the deployment

and the adoption of these algorithms in the medical context since it jeopardises the trust of their

potential users [33]. There has been a huge effort into the development of post-model strategies

to explain the behaviour of black box models; however, the outputs of these algorithms are prone

to subjective evaluation (i.e., different users will have different interpretations) [133] and may be

misleading [118]. Moreover, recent works have shown that it is possible to fool these post-model

methods in the sense that an arbitrary attacker can manipulate these explanations for their benefit
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(e.g., hide discriminatory biases of a black box model) [533, 534]. Hence, we agree that just

being able to obtain explanations is not enough and that we rather need to take into account at the

development stage that these methods must respect specific constraints that give them the capability

of generating human-understandable explanations and make decisions based on such premises [11].

To facilitate trust (and increase transparency) in artificial intelligence (AI) algorithms, it is

important to ensure a priori that these models are interpretable. This can only be achieved if

we understand first how decisions are made in the clinical context. For instance, to produce

a decision, clinicians may use examples that have similarities with the sample under analysis.

Contrarily, using examples that represent the opposite to understand the decision (i.e., counterfactual

explanation) [535] is also common. This type of prior knowledge can be integrated during the

training of the models (e.g., imposing model sparsity through regularisation) or before, by building

models based on cases [119]. On the other hand, it is important to understand what the algorithms

are already learning and evaluate the quality of such explanations (e.g., understand if the algorithms

extract relevant features for the clinical context). A different dimension of the application of AI

in sensitive domains such as healthcare is the development of ethical and fair algorithms [536].

Therefore, it is fundamental that we take into account the intrinsic variability of the data sets to

produce models that can be agnostic to intrinsic biases [537]. This strategy is supported by the

new European Union’s General Data Protection Regulation (EU-GDPR) [538], which advises that

these algorithms should be able to explain their decisions for the sake of transparency. Additionally,

transparent algorithms might appropriately enhance the trust of clinical professionals in future AI

systems.

In this Chapter, we present three different case studies that depict how inherently interpretable

algorithms work and show their applications in medical tasks. We show experimental work

with B-cos networks for medical image classification and retrieval and dissect the potential of

prototypical learning for counterfactual approaches. Beyond the Introduction, this Chapter is

organised as follows: Section 6.2 presents a historical overview and the fundamental concepts

regarding inherently interpretable machine learning, Section 6.3 provides a comprehensive review

of the prototypical machine learning and counterfactual approaches, Sections 6.4 – 6.6 present the

experimental work developed to address the research questions related to this topic, and Section 4.7

concludes the Chapter, highlighting the main contributions and anticipating future work directions.

6.2 Background

The development of intrinsically interpretable machine learning algorithms has gained attention

in recent years mainly due to the concerns of the stakeholders of the fields where high-stakes

decisions take part. Moghaddass et al. [539] proposed a model based on the self-controlled case

series method [540, 541] to estimate the effects of transient drug exposures on a collection of health

outcomes (insulin treatments for diabetes), where the effects of all drugs and all outcomes were

estimated simultaneously. The authors also studied the use of latent factors [542] in their approach
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as a strategy to reduce parameters and increase interpretability by illuminating latent classes of

drugs and outcomes. Lakkaraju and Rudin [543] used a Markov decision process approach to learn

a decision list to generate cost-effective, actionable and interpretable treatment recommendations

for asthma patients. A different line of work focuses on learning and optimising scoring systems.

Scoring systems are linear classification models that only require users to add, subtract and multiply

a few small numbers to make a prediction; however, they are challenging to learn from data

because they need to be accurate and sparse, have co-prime integer coefficients, and satisfy multiple

operational constraints [19]. Following this path, Ustun and Rudin [544] presented a method for

creating data-driven scoring systems called Supersparse Linear Integer Model (SLIM) that can

seamlessly incorporate a wide range of operational constraints related to accuracy and sparsity

and can produce highly tailored models without parameter tuning. The authors implemented

this method in a medical context (collaboration with the Massachusetts General Hospital Sleep

Laboratory), where SLIM was used to create a scoring system for screening sleep apnea [545]. In

an analogous setting, Zhou et al. [546] developed and evaluated a risk score based on the Lasso-Cox

model [547] for critical care patients with viral or unspecified pneumonia and who are eligible for

extracorporeal membranous oxygenation. Under the scope of case-based explanations, Barnett

et al. [22] proposed a deep learning architecture based on [21] that highlights parts of the image,

explains that it considers these parts of images similar to prototypical cases it has seen before, and

provides a score for the probability of the specific diagnosis for this image; this framework was

applied to the classification of mass lesions in digital mammography. Koh et al. [548] revisited

the concept bottleneck definition and proposed a deep learning architecture that learns to predict

the concepts that are given at training time and then uses these concepts to predict a label; hence,

we can intervene on these concept bottleneck models by editing their predicted concept values

and propagating these changes to the final prediction. The authors tested this methodology on

a database that contained radiological and clinical data on patients at risk of knee osteoarthritis.

Newer approaches take into account causality, ethics and fairness. Wang and Rudin [27] introduced

causal rule sets that learn a small set of short decision rules to capture a subgroup where the average

treatment effect is elevated, and Gan et al. [28] conducted a study on the benefits of incorporating

a large confounded observational data set alongside a small deconfounded observational data set

when estimating the average treatment effect. In [549], Afnan et al. perform an essay on what

would be an ethical implementation of AI to select embryos in in vitro fertilisation and point to

interpretability as a requirement in this process. Lipton et al. [550] studied the relation between

treatment disparity (if the algorithm treats members of protected subgroups differently) and impact

disparity (if the outcomes differ across subgroups, even unintentionally) in machine learning

algorithms.
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6.3 Literature Review

This Section introduces the basics of counterfactual reasoning and prototype-based deep learning,

which are fundamental to understanding the motivation, methodologies, and results presented in

Sections 6.4–6.6. We describe and summarise the papers in the literature in an almost exhaustive

chronological order to give the reader a sense of historical context and evolution.

6.3.1 Counterfactual Reasoning

Several methods attempt to generate human-understandable explanations. In this work, we followed

the line that assumes that human explanations are contrastive in the sense that humans often

try to explain the phenomena that would not lead to an event, rather than trying to deconstruct

all the causes behind it [551]. A particular type of such explanation includes counterfactual

explanations. Counterfactual explanations have been a subject of study in several fields (e.g.,

philosophy, psychology, social sciences) and are usually a type of explanation that establishes

a bridge between what could have happened if the input to a model had changed in a particular

way [535]. Verma et al. [535] provide an exhaustive review of counterfactual reasoning in machine

learning. However, they only focused on tabular data. On the other hand, they also point the readers

to suggested references on other modalities (i.e., image data, text data, speech data, time-series,

graph data for graph neural networks, agent action, recommendation systems, functional data):

we base this review on counterfactual reasoning on that suggestion list and focus on the imaging

modality.

Hendricks et al. [552] explored the interface of image and natural language domains by

introducing textual counterfactual explanations for image classification. In their work, the authors

proposed a method to generate counterfactual explanations by inspecting which features are missing

in a given image that may contribute to a different classification output if they were present and

generating text explanations that aim to explain why the image does not belong to a counterfactual

class. Goyal et al. [553] showcased a technique that produces visual counterfactual explanations by

comparing a query image against an image from a different label and identifying which regions

of the last could be changed so that the model classifies it as the label of the query image. The

authors also performed human studies on the task of bird classification, concluding that these

examples of counterfactual explanations seem to guide humans and contribute to their performance

improvements on that classification task. Liu et al. [554] proposed an introspection technique

for deep neural networks that uses generative models with an actionable latent feature editing

mechanism [555] to generate counterfactual explanations, taking into account decision boundaries

between classes and their relationship to the input data by providing actionable feedback and while

producing counterfactual prototypes and explanations based on criticisms.

Balasubramanian et al. [556] proposed a methodology to generate counterfactual explanations

from a latent representation (Latent-CF) that consists of training an auto-encoder to achieve

meaningful latent representations of the data and perturbing these representations to generate the
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desired counterfactual. Akula et al. [557] explored the basis of counterfactual explanations and

concept activation vectors [25] to propose the conceptual and counterfactual explanations (CoCoX)

framework that relies on fault-lines (i.e., semantic features that humans use when they visualise

an alternative to a model prediction) to explain model decisions. Wang and Vasconcelos [558]

proposed to generate self-aware discriminant counterfactual explanations (SCOUT), resulting from

a combination of self-awareness mechanism (i.e., an ability to measure its limitations) and attributive

explanations (i.e., explanations based on saliency maps), which aim to quantify the confidence

of the predictions of a model, and connecting the attributive to counterfactual explanations to

highlight the image regions that are informative of the query image but not of the comparing one.

Feghahati et al. [559] assume the existence of a generative model on the input space (but not

necessarily on the input dataset used to train the model) capable of creating synthetic samples

similar to the inputs and then use the back-propagation algorithm to understand how to modify the

inputs to change the classification result. Smith and Ramamoorthy [560] studied the generation of

counterfactual explanations in robot control. They implemented a generative model (cGen) trained

to produce minimal and realistic counterfactual perturbations to a known input. The authors stated

that such perturbations can be used in the design process of image-based robust control as a means

to determine the ability of the controller to return to a working regime by modifications in the

input space rather than by adaptation. Zhao [561] also benefited from the current knowledge on

generative models and proposed the fast real-time counterfactual explanation (FRACE) framework,

which uses a generator to generate a perturbation that causes the query image to be classified as

counterfactual. According to the author, this method is faster than other methods in generating

counterfactual explanations because it is optimisation-free during inference time.

Ali et al. [562] compared the softmax-based counterfactual explanations with their Bayesian

model uncertainty counterfactual explanations and suggested that the latter produces more concise

and human-understandable counterfactuals. Alipour et al. [563] tackled the generation of counter-

factual explanations for visual question answering (VQA) models and compared retrieval-based

against generative adversarial networks (GANs) based methods and concluded that the latter could

also be effective at improving the mental model of humans. Elliot et al. [564] proposed a regu-

larisation method for the perceptual loss [565] that tackles adversarial perturbations and aims to

produce perturbations that remain hidden to the human eye while being semantically meaningful

(i.e., they try to highlight objects of interest in the images and leave the background unchanged),

and making this connection to the domain of counterfactual explanations in image space. Gulshad

and Smeulders [566] also aimed to produce counterfactual visual explanations using factual and

counterfactual attributes and examples. The authors also studied how the predicted attributes

change after a given perturbation (intended to generate counterfactual explanations). Hvilshøj et

al. [567] focused on generating efficient counterfactuals from invertible neural networks (ECINN)

that explore the generative abilities of invertible neural networks [568, 569, 570, 571] for image

classification to generate counterfactual examples efficiently. Höltgen et al. [572] proposed the

deep deterministic uncertainty-based counterfactual explanations (DeDUCE) framework, taking
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advantage of the concept of deep deterministic uncertainty [573] measurement of epistemic uncer-

tainty, as a valid target to generate counterfactuals that are similar to the training data [574, 575].

Kenny and Keane [576] addressed counterfactual and semi-counterfactual (i.e., a perturbation is

applied to the input such that the prediction of the model does not change) examples with their

method plausible exceptionality-based contrastive explanations (PIECE), which automatically

models the distributions of latent features to detect “exceptional features” in a query instance

and modifies this feature set to be “normal” in the process of explanation generation. Labaien et

al. [577] reflected on the impracticability of the real-time feedback of counterfactual explanations

since this process generally consists of solving an optimisation problem for each input requiring an

explanation. As such, the authors presented two methods: one called deep guided counterfactual

explanations (DGCEx), which consists of training an auto-encoder plugged into a classifier, to

generate straightforward counterfactual explanations; another called distribution aware deep guided

counterfactual explanations (DA-DGCEx), built on top of DGCEx and aiming to improve the

counterfactual generation process by adding a term in the loss function that penalises counterfactual

instances falling outside the data distribution. Li et al. [578] relaxed the problem of generating

counterfactuals (through input perturbation) by assuming no explicit causal relations. Their method,

directional counterfactual generation (DCFG), introduced the concept of directional counterfac-

tual that combines latent subspace disentanglement and counterfactual explanation to provide

progressive explanations of the classifiers taken by unintelligible, black-box models in the low-rank

sub-spaces, and uses noise injection and principal component analysis to identify the relevant low-

rank sub-spaces. Popescu et al. [579] tackled the generation of counterfactual explanations from

the perspective of input perturbation. They consider the case where the perturbation is done using

generative in-filling methods [580] with the Knockoffs framework [581, 582] to achieve a causal

sense while still maintaining the compactness of the explanations. Rodriguez et al. [583] explored

how to interpret machine learning models by identifying sets of attributes with high impact on the

output and proposed the diverse valuable explanations (DiVE) method that leverages the Fisher

information matrix of its latent space to focus its search on the less influential factors of variation of

the model to discover spurious correlations and produce more informative multiple counterfactual

explanations. Thiagarajan et al. [584] tackled a different use case. In their paper, they assumed they

have access only to the trained deep classifier and not the training data and proposed a method, deep

inversion for synthesising counterfactuals (DISC), inspired by deep inversion [585], that uses strong

image priors and incorporates a manifold consistency objective to achieve visually meaningful

explanations. Van Looveren et al. [586] studied the generation of counterfactual explanations with

a conditional generative model that allows the generation of counterfactual instances with a single

forward pass. The authors also state that their method is flexible to the type of generative model and

the task so that it is compatible with multiple data modalities, architectures, or learning tasks. White

et al. [587] extended the counterfactual local explanations via regression (CLEAR) [588] into

CLEAR Image, that uses generative models to produce counterfactual and contrastive explanations

while identifying what the authors call as causal over-determination (i.e., the multiple sufficient
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causes for image classification). Yang et al. [589] also apply generative models to generate coun-

terfactuals specifically for raw data instances. They proposed the attribute-informed perturbation

(AIP) framework, which uses gradient-based optimisation and iteratively updates the parameters of

the generative models in the attribute-informed latent space, according to the counterfactual loss

concerning the desired prediction label. Mothilal et al. [590] addressed two properties that proper

counterfactual explanations should address: feasibility (of the counterfactual actions given user

context and constraints) and diversity (among the counterfactuals presented). Considering the latter,

they proposed a framework (DiCE) that generates and evaluates a diverse set of counterfactual

explanations based on determinantal point processes [591]. Following and extending the latter,

Hsieh et al. [592] proposed a methodology designed for process prediction (in their case, event

logs) that supports deriving milestone-aware counterfactual explanations at key intermediate steps

along process execution to promote interpretability.

Akula et al. [593] developed the counterfactual explanations with the theory-of-mind [594]

(CX-ToM) framework that models explanations as a dialogue between the machine and the human

(i.e., modelling the human’s intention, the machine’s mind as inferred by the human, and the

human’s mind as inferred by the machine). Laird et al. [595] designed a framework that aims to

explain model mistakes in terms of high-level concepts that may be easy for humans to understand.

Using the hypothesis that generating image counterfactuals is non-trivial due to the underlying

causal structure on the features of the image, Dash et al. [596] developed a method (ImageCFGen)

that incorporates a structural causal model in a GAN-based framework to generate counterfactuals

that should respect causal relationships between the attributes of an image. Filandrianos et al. [597]

approached counterfactual explanations from the perspective of the concepts that characterise the

data while aiming to find the minimum conceptual edits we need to apply to make the model alter its

predicted class. Moreover, the authors also propose a methodology to produce global counterfactual

explanations for a specific label by accumulating multiple counterfactual explanations from different

regions of the dataset. Ghandeharioun et al. [598] also studied the relation between concepts and

counterfactual explanations and designed a methodology (DISSECT) that uses generative models

and concept disentanglement to generate what the authors call concept traversals (i.e., sequences of

generated examples with increasing levels of the presence of concepts that may influence the output

of a classifier), which may help users analysing some internal mechanisms of the model related to

the learning of concepts. Guyomard et al. [599] investigated the application of an auto-encoder

architecture to generate class prototypes, used to obtain counterfactual examples close to the

distribution of data and the distribution of the target class. Jacob et al. [600] developed the steering

counterfactual explanations with semantics (STEEX) model that focuses on region-based counter-

factual explanations, where the semantic changes are applied to specific regions of the image, but

the general scene layout is preserved. Jeanneret et al. [601] leveraged the capabilities of the recently

proposed diffusion models [602, 603] to generate counterfactual examples, diffusion models for

counterfactual explanations (DiME), and developed a different evaluation metric, correlation differ-

ence, to assess misleading correlations on counterfactual explanations. Khorram et al. [604] worked
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on the latent space of generative models and developed the cycle-consistent counterfactuals by

latent transformations (C3LT) methodology that aims to generate visual counterfactuals by manip-

ulating that latent space, and uses cycle consistency [283] between the query and the counterfactual

latent representation to find appropriate solutions. Mertes et al. [605] also studied the applicability

of generative adversarial models to generate visual counterfactual explanations and introduced

a framework based on adversarial image-to-image translation techniques (GANterfactual). The

authors also reported user studies using a medical use case and compared their counterfactual

explanations against post-hoc xAI techniques based on saliency maps. Oh et al. [606] also worked

on the line of post-hoc techniques. They proposed the born identity network (BIN), consisting of a

counterfactual map generator, which is a generative model that can synthesise a counterfactual

map conditioned on an arbitrary target label, and the target attribution network, that supports

the counterfactual map generator by conditioning a target label that the last will use to generate

synthetic counterfactual representation maps. Oh et al. [607] later explored counterfactual reasoning

to the task of Alzheimer’s disease diagnosis. They proposed the learn-explain-reinforce (LEAR)

framework, which produces counterfactual maps through explanation-guided model refinement.

Their methodology uses a classification model for the disease diagnosis, a generative model to

produce the post-hoc counterfactuals, and a combination of both to improve the generalisation

capacity of the classification model (i.e., based on the explanations). Sanchez et al. [608] tackled

counterfactual estimation from the perspective of causality [609, 610]. Assuming that quantifying

the causal effect of interventions for high-dimensional data with neural networks is challenging, the

authors developed a deep structural causal (Diff-SCM) model inspired by generative energy-based

models [611, 612]: inference is performed by iteratively sampling gradients of the marginal and

conditional distributions entailed by the causal model; and counterfactual estimation is achieved by

firstly inferring latent variables with deterministic forward diffusion, then intervening on a reverse

diffusion process using the gradients of an anti-causal predictor concerning the input. Vandenhende

et al. [613] developed a method to produce counterfactuals consisting of a framework to gener-

ate both discriminative and semantically consistent counterfactuals by constraining the identified

class-specific image regions that alter a model’s decision to allude to the same semantic parts and

expanding the search space by using multiple distractor images from a given class leading to more

discriminative explanations with fewer regions to replace, but constraining the processing to only

the most similar ones. Vermeire et al. [614] also studied a model-agnostic method that only requires

access to the model (and not the training data) and can generate instance-level explanations for

image classification. Their algorithm, an adapted version of the search for evidence counterfactual

(SDEC) [615], relies on evidence counterfactuals (i.e., an irreducible set of features that, in case

they were not present, would alter the classification of a given data point) to generate the coun-

terfactual explanations. Yang et al. [616] worked on a gradient-based counterfactual explanation

method, discriminative gradients (DiscGrad), that tries to derive the explainable discriminative

attributes by considering not only the predicted class but also the counterfactual classes.

Recently, the field of counterfactual reasoning has been delving into the study of causal-inspired
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mechanisms. Wang et al. [617] developed a framework, MedSeqCF, that represents electronic

health records as medical events and uses a text style-transfer technique to generate counterfactuals.

Singla et al. [618] proposed a GAN-inspired algorithm that iteratively perturbates a query image

to produce a counterfactual (e.g., transform the positive class into the negative class), preserving

several anatomical and spatial details of these images, by adding a specialised reconstruction loss

during training. Pombo et al. [619] designed a 3D generative model for volumetric, unpaired,

image-to-image translation, applied to brain imaging for tailored data augmentation; this model

learns to generate counterfactual volumetric brain imaging. From a fundamental perspective,

Nasr-Esfahany et al. [620] studied counterfactual identifiability in causal models with bijective

generation mechanisms and concluded that these models enable efficient counterfactuals with the aid

of deep-based conditional generative models. Hundogan et al. [621] focused on predictive process

analytics (i.e., predicting future states of a system) and used evolutionary methods to generate

viable counterfactual sequences. Vlontzos et al. [622] studied the application of deep twin networks

to learn counterfactual ordering for causal models with categorical variables, which should show

desirable properties that causal mechanisms should have. Dantas et al. [623] developed a generative

adversarial counterfactual model for satellite image time series in a multi-class classification task

that does not require a prior assumption on the targeted class for a given counterfactual explanation.

Ying et al. [624] studied counterfactual data augmentation in the training of fair recommendation

systems, where the goal of their system is to ensure that minority users are not jeopardised by

mainstream users.

For better comprehension, Table 6.1 presents an overview of the counterfactual generation

approaches through time.

6.3.2 Prototype-based Deep Learning

The ideas behind prototypical learning are not new. However, the concept of prototypes changes

across domains and applications. For instance, Takigawa et al. [625] proposed a framework that

builds a set cover with convex sets, each containing training points of a specific class (only). The

author considers these sets as the prototypes of those classes. Bien and Tibshirani [626] refer that

prototype methods aim to create a minimal subset of samples that may serve as representative

samples chosen from the dataset while increasing its interpretative value. They also proposed three

properties a good prototype set should satisfy: covering as many training points of a given class as

possible (and as few training points of the others) and being sparse (i.e., using as few data points as

possible). Snell et al. [627] discussed the application of prototypical networks for the problem of

few-shot classification, where the goal was the learning of a metric space that allowed classification

using the distances of prototype representations of each class. A few years later, Pan et al. [628]

revisited the previous and applied prototypical learning to domain adaptation, Yang et al. [629]

took the first steps towards the application of prototypical learning for multi-label classification,

and Kim et al. [630] explored federated semi-supervised learning with prototypes.
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Table 6.1: Approaches to counterfactual generation through time.

Author(s) Methodology Claims / Contributions

Hendricks et al. [552] Generative Inspect the missing features in the image
Goyal et al. [553] Generative Inspect the features that need to change
Liu et al. [554] Generative Inspect the decision boundaries of classes with an attention mechanism
Balasubramanian et al. [556] Generative Intervene on latent representations
Akula et al. [557] Generative Focus on the semantic features
Wang and Vasconcelos [558] Generative Saliency maps and counterfactuals to highlight informative image regions
Feghahati et al. [559] Generative Create synthetic samples that illustrate the counterfactual class
Smith and Ramamoorthy [560] Generative Produce minimal and realistic counterfactual perturbations
Zhao [561] Generative Generator that produces a perturbation
Oh et al. [606] Generative Counterfactual generation driven by a conditional GAN
Mothilal et al. [590] Generative Counterfactual generation driven by determinantal point processes
Hsieh et al. [592] Generative Counterfactual generation for process prediction with intermediate key steps
Ali et al. [562] Generative Counterfactual generation driven by Bayesian model uncertainty
Alipour et al. [563] Generative GAN based generation of counterfactual explanations for VQA models
Elliot et al. [564] Generative Regularisation method that promotes adversarial perturbations
Gulshad and Smeulders [566] Generative Factual and counterfactual attributes to produce counterfactual visual explanations
Hvilshøj et al. [567] Generative Counterfactual generation driven by invertible neural networks
Höltgen et al. [572] Generative Counterfactual generation driven by deep deterministic uncertainty
Kenny and Keane [576] Generative Counterfactual generation driven by finding the right set of features to modify
Labaien et al. [577] Generative Counterfactual generation driven by an auto-encoder and a classifier
Li et al. [578] Generative Latent subspace disentanglement and counterfactual explanations in low-rank sub-spaces
Popescu et al.[579] Generative Counterfactual generation driven by perturbation
Rodriguez et al. [583] Generative Counterfactual generation driven by the Fisher information matrix
Thiagarajan et al. [584] Generative Counterfactual generation driven by deep inversion
Van Looveren et al. [586] Generative Counterfactual generation driven by a GAN with a single forward pass
White et al. [587] Generative Contrastive and counterfactual explanations generation driven by over-determination
Yang et al. [589] Generative Counterfactual generation with an attribute-informed latent space
Akula et al. [593] Generative Model explanations as a dialogue between the machine and the human
Laird et al. [595] Retrieval High-level concepts to explain models mistakes in an human-understandable manner
Dash et al. [596] Generative Counterfactual generation with a structural causal model incorporated in a GAN
Filandrianos et al. [597] Retrieval Global counterfactual retrieval by finding the minimum conceptual edits to the inputs
Ghandeharioun et al. [598] Generative Counterfactual generation driven by GANs and concept disentanglement
Guyomard et al.[599] Generative Auto-encoder based generation of class prototypes to obtain counterfactual examples
Jacob et al. [600] Generative Counterfactual generation driven by changes in specific image regions
Jeanneret et al. [601] Generative Counterfactual generation driven by diffusion models
Khorram et al. [604] Generative Counterfactual generation driven by latent space manipulation and cycle consistency
Mertes et al. [605] Generative Counterfactual generation driven by GANs
Oh et al. [607] Generative Counterfactual generation driven by a combination of a GAN and a classifier
Sanchez et al. [608] Generative Counterfactual generation driven by a deep structural causal model based on diffusion
Vandenhende et al. [613] Generative Counterfactual generation by only replacing semantically matching image regions
Vermeire et al. [614] Generative Counterfactual generation driven by an irreducible feature set, essential for the classification
Yang et al. [616] Generative Counterfactual generation driven by discriminative gradients
Wang et al. [617] Generative Counterfactual generation driven by a text-style transfer approach
Singla et al. [618] Generative Counterfactual generation driven by a GAN that applies perturbations to the query image
Pombo et al. [619] Generative Counterfactual generation driven by a GAN based model for image-to-image translation
Nasr-Esfahany et al. [620] Generative Counterfactual identifiability in causal models with bijective generation mechanisms
Hundogan et al. [621] Generative Counterfactual generation driven by evolutionary methods
Vlontzos et al. [622] Generative Deep twin networks for the learning of counterfactual ordering for causal model
Dantas et al. [623] Generative Counterfactual generation driven by a GAN based model
Ying et al. [624] Generative Counterfactual data augmentation for fair recommendation systems
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Li et al. [631] belong to the pioneers that proposed the creation of a prototype layer in deep

learning networks. The main idea behind it is that each unit of this layer should store a weight

vector that resembles an encoded training input (i.e., a prototype); the learning of these prototypes

happens during the training of the network. This work paved the way for the ideas described in [5],

followed by this thesis. Proposed by Chen et al. [5], the prototypical part network (ProtoPNet)

aimed to bring interpretability into deep learning architectures through the addition of a prototype

layer that learns prototypical parts of the images and integrates this information in the classification

process. In a nutshell, ProtoPNet receives an image and tries to identify the parts of that image

that are more similar to some prototypical part of some class, generating a vector of similarity

scores. Then, ProtoPNet uses a weighted combination of these scores in the classification layer to

output the final prediction (see Figure 6.1). The authors also suggest that this model is inherently

interpretable since they consider this process of making predictions a transparent approach. On the

other hand, their results suggest that even with the integration of this intermediate prototype layer,

the models can still keep their predictive performance.

Figure 6.1: Overview of ProtoPNet architecture, according to [5]. The model receives an image
and tries to identify the parts of that image that are more similar to some prototypical part of some
class, generating a vector of similarity scores. Then, it uses a weighted combination of these scores
in the classification layer to output the final prediction. All the descendant models derive from this
approach.

After the release of the original ProtoPNet model, the works that followed merely presented

small increments, integrations, or different applications. Hence, to avoid redundancy of ideas

and to facilitate the contextualisation of the reader, we agglomerate these proposals in Table 6.2,

identifying their authors (and references), models, and contributions (or claims).
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Table 6.2: ProtoPNet-based models that resulted from small increments, integrations, or different
applications.

Author(s) Model(s) Claims / Contributions

Xu et al. [632] APN Regression and decorrelation of attributes for zero-shot learning
Xu et al. [633] APN Regression and decorrelation of attributes for any-shot learning
Arik et al. [634] ProtoAttend Attention mechanism to facilitate prototype learning
Kim et al. [635] XProtoNet Clinical use case (chest radiography)
Wang et al. [636] TesNet Prototypical learning treated as concept learning
Rymarczyk et al. [637] ProtoPShare Prototype pruning strategy to merge similar semantic prototypes
Singh and Yow [638] NP-ProtoPNet Negative reasoning process
Singh and Yow [639] Gen-ProtoPNet Prototypical parts of any spacial dimensions
Singh and Yow [640] Ps-ProtoPNet Preservation of the impact of the negative reasoning
Singh [641] Quasi-ProtoPNet Only positive reasoning
Stefenon et al. [642] Semi-ProtoPNet Different prototype encoding, positive and negative reasoning
Barnett et al. [643] IAIA-BL Clinical use case (mammograms)
Carloni et al. [644] - Clinical use case (mammograms)

Contemporaneously, Hase et al. [645] proposed the hierarchical prototype network (HPnet),

that aims for prototype-based interpretable classification of images at multiple levels of taxonomical

specificity even when data points (i.e., images) come from classes that may fall under a broader

category in the known taxonomy.

Interestingly, in parallel, several authors began exploring these concepts in applications of few-

shot learning [646, 647, 648]. Oreshkin et al. [649] explored metric scaling and task conditioning

to improve few-shot performance. Sun et al. [650] proposed a hierarchical attention prototypical

network for few-shot text classification. Allen et al. [651] studied infinite mixture modelling [652]

and proposed infinite mixture prototypes to represent simple and complex data distributions for

few-shot learning adaptively. Yoon et al. [653] devoted efforts to neural networks with task-adaptive

projection that employ a linear transformer to project the feature space into another space where

classification happens. Ye et al. [654] designed a transformer-based model to adapt instance

embeddings to the target classification with a set-to-set function for few-shot learning; Zhen et

al. [655] introduced a long-term memory module (i.e., variational semantic memory) into meta-

learning for few-shot learning, applying it as an external memory for the probabilistic modelling of

prototypes in a hierarchical Bayesian framework.

Recently, Donnelly et al. [656] introduced the deformable prototypical part network (De-

formable ProtoPNet), in which each prototype is composed of several prototypical parts that

adaptively change their relative spatial positions depending on the input image. Naturally, there are

already efforts to combine prototype-based architectures and vision transformers. Xue et al. [657]

proposed the prototypical part transformer (ProtoPFormer), that combines a prototype-based

architecture with vision transformers for image classification, with global and local prototypes.

Later, Vidal et al. [658] presented a transformer-based multi-prototype network with local and

global branches. The prototypes learned by the local branch focus on specific image tokens. The

global branch guides the local branch, masking the background to focus the attention on foreground
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features. We can observe some influence of these concepts in geometric deep learning. Ragno et

al. [659] investigated the use of ProtoPNet and TesNet in the graph domain, developed a method to

extract ProtoPNet and TesNet explanations on graph neural networks, and studied how to obtain

global and local explanations for the trained models. Wang et al. [660] used prototypical learning

strategies to optimise the domain generalisation properties of convolutional neural networks with

a siamese architecture that learns a domain invariant subspace, which reduces the inter-domain

discrepancy of distributions, and a module of condition recognition that applies a prototypical

layer, optimised to learn the prototypes of each class. Fu et al. [661] explored few-shot image

classification with their bidirectional matching prototypical network, which uses support and query

images to generate more accurate prototypes and force the model to learn better generalisation

features. Besides, they added a lightweight coordinate attention feature extractor to help the

model locate the region of interest more accurately. Gogoi et al. [662] proposed the adaptive

prototypical networks, which uses an encoder for model classification using a support set of images

and then fine-tune its weights in the remaining data samples. The authors argue that this strategy is

a mechanism to push the embeddings and, thus, the prototypes away from each other, even in the

presence of similar-looking classes.

Lately, Wang et al. [663] revisited the fundamentals of support vector machines (SVMs),

making an analogy between the prototypes of ProtPNet and the support vectors in an SVM. On

the other hand, they stated that trivial prototypes are far from the classification boundary and

support vectors are close to this boundary, meaning that ProtoPNet models may suffer from sub-

optimal classification accuracy. To solve this issue, they developed the ST-ProtoPNet model to

exploit both support (i.e., hard-to-learn) and trivial (i.e., easy-to-learn) prototypes. The model

combines these two sets of prototypes to promote more interpretability and better classification

accuracy. In the medical domain, Gallée et al. [664] combined prototypical learning, capsule

networks [665] and privileged information [666, 667] for lung nodule classification with improved

performance. Ma et al. [668] approached the difficulty of identifying the meaning behind single-

image prototypes and modified the prototype geometry to enable the visualisations of prototypical

concepts from multiple training images. Lyu and Wang [669] revisited the task of few-shot

learning. They proposed compositional prototypical networks to learn transferable prototypes

(for human-annotated attributes). These models are reusable (e.g., to construct other prototypes

for novel classes). An et al. [670] addressed the task of generalised category discovery (i.e.,

recognise both known and novel categories) with an architecture composed of two components: the

decoupled prototypical network, which aims to decouple known and novel prototype categories to

better capture high-level semantics; and the semantic-aware prototypical learning to capture better

semantic relationships between instances and prototypes.

Recently, several approaches have tried to combine different neural network architectures with

ProtoPNet to understand the impact of the predictive power of models and their explanations. Lim

et al. [671] studied the impact of including self-supervised training in the training of a ProtoPNet

and reported that, if properly optimised, this strategy benefits the predictive performance of these
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models. Fernandes et al. [672] combined the Faster-RCNN [673] and ProtoPNet and developed the

interpretable-Faster-RCNN (iFaster-RCNN), an end-to-end object detection capable of explaining

its predictions via prototypical learning. Yu et al. [674] tackled the task of prototype-based meta-

learning, using a diffusion model (ProtoDiff) during the meta-training phase to generate efficient

class representations.

As expected, while there is work to improve the quality of the prediction of the models, there

is also work devoted to assessing the limitations and evaluating the quality of their explanations.

Hoffmann et al. [675] analysed the latent space of a ProtoPNet and performed experiments to

highlight sources of interpretability corruption. Huang et al. [676] went further and proposed two

evaluation metrics (i.e., consistency and stability) to assess the explanation consistency across

images and the explanation robustness against perturbations. In their work, they also proposed

a prototype network with shallow-deep feature alignment (SDFA) and score aggregation (SA)

modules to improve the interpretability of prototypes. Bontempelli et al. [677] proposed a human-

in-the-loop framework where a human supervisor can give feedback to a ProtPNet regarding what

prototypes should be kept or forgotten.

From this background knowledge of counterfactual examples, we can deduce that there are

two approaches to counterfactuals. Firstly, we can retrieve the counterfactual examples using

generative methods. In this approach, the paradigm is to intervene in the inputs (directly or via

a latent representation) and obtain an adversarial sample (with a different label), which will be

counterfactual. On the other hand, we can use retrieval methods, where, given an input (and its

corresponding label), we search for the nearest sample in the database with a different label and use

it as the counterfactual sample. Nevertheless, retrieval-based methods seem to be less explored.

In this sense, our work provides a timely opportunity to investigate a retrieval-based approach

(supported by prototypical learning) and understand whether it is a viable alternative to the current

paradigm based on generative methods.

6.4 B-cos Networks for Medical Image Classification

The results of this work have been disseminated in the form of a paper at an international conference:

I. Rio-Torto, T. Gonçalves, J. S. Cardoso, and L. F. Teixeira, “On the Suitability of B-cos Networks

for the Medical Domain,” in 2024 IEEE International Symposium on Biomedical Imaging (ISBI),

pp. 1–5, 2024 [47]. The code related to the implementation of this work is publicly available in a

GitHub repository1.

6.4.1 Description and Contributions

Although there are several approaches to explaining deep learning models, searching for a gold

standard is still one of the open challenges in explainable artificial intelligence (xAI). There

1https://github.com/icrto/medical-bcos

https://github.com/icrto/medical-bcos
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are essentially two lines of thought: create models inherently interpretable by design (i.e., in-

model) [11], or use explanatory frameworks from the algorithms (i.e., post-model) [678]. In

medical AI, the community tends to prefer in-model approaches [643], as the consequences of

wrong clinical decisions might significantly impact patients’ lives. In addition, the medical field

is challenging and often highly subjective [679], so clinical decision support tools should be as

transparent and auditable as possible. On the other hand, post-model methods [7] still are the

de facto standard for interpretability in the general domain and, consequently, in the medical

domain [680], mainly due to their model-agnostic nature and not requiring retraining of models.

Although it is still unclear which methods are better for specific domains (e.g., healthcare

or medical), the research community is doing their best to tackle these questions. A recent and

popular approach is the Quantus evaluation toolkit, developed by Hedström et al. [681], which

contains a series of tests to assess the quality of saliency maps. Aiming to contribute to the fields of

intrinsic interpretability and assessment of the quality of explanations, Böhle et al. [682] proposed

the B-cos transform as a replacement of all linear transforms of a deep neural network, to induce

an alignment between the network’s weights and task-relevant input patterns. The intuition is that

a sequence (network) of such transformations can be reduced to a single linear transformation,

faithfully summarising all the model computations. That said, we can consider that a B-cos

network constitutes an inherently interpretable model. In this work, we extend their experiments

and investigate the application of B-cos networks to the medical domain. We consider that our

contributions are as follows:

1. Application of the B-cos network to several medical use cases (i.e., diabetic retinopathy,

cervical cytology, chest X-rays, and skin lesions) and multiple tasks (i.e., multi-class and

multi-label classification), thus expanding the proposal of the original paper (i.e., binary

classification on natural images);

2. Evaluation of an extended set of properties of the generated visual explanations using an

independent framework [681];

3. Integration of the B-cos layer into a state-of-the-art custom model for the medical do-

main [683];

4. Investigation of the effect of different pre-training strategies on the performance of B-cos

networks.

6.4.2 Methodology

This Section presents the details of the implementation of this work.

6.4.2.1 Data

Given the diversity of use cases and tasks in the medical domain, we tested B-cos networks on

different tasks (i.e., multi-class and multi-label classification) and applications using different
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datasets (see Chapter 3): DTU/Herlev Pap Smear Database (cervical cytology), VinDr-CXR (chest

X-rays), APTOS2019 (diabetic retinopathy), and ISIC2018 (skin lesions).

6.4.2.2 B-cos Networks

In a B-cos network [682], we replace all linear transforms of a deep neural network with the B-cos

transform, hoping that this new module will optimise the weights to align with task-relevant input

patterns and inherently produce explanatory saliency maps given the completely linear nature of

the model.

6.4.2.3 Explanation Quality Assessment Metrics

Recognising the importance of a proper methodology to assess the quality of xAI methods, we

decided to evaluate the approach proposed by Böhle et al. [682] with the framework developed by

Hedström et al. [681]. It consists of a battery of quantitative measurements of different properties

that a high-quality explanation should have. We consider the following properties and metrics [681]:

• Faithfulness (do features deemed relevant affect model decisions more strongly?): Selectivity

(drop in performance when features deemed relevant by an xAI method are iteratively

removed) and Faithfulness Correlation (correlation between the sum of the subset of randomly

replaced attributions and the difference in function output);

• Robustness (are explanations stable when subject to slight perturbations in the input?):

Maximum Sensitivity (maximum sensitivity of an explanation using Monte Carlo sampling)

and Relative Representation Stability (distance between the internal model representation of

an explanation and its perturbed version);

• Complexity (are explanations concise?): Sparsity (Gini Index to measure if only highly

attributed features are predictive of the model output) and Complexity (entropy of the

contribution of all features to the total magnitude of the attribution);

• Localisation (is the explanatory evidence centred around a given region of interest?): Focus

(quantifies the precision of the explanation by creating mosaics of images from different

classes) and Attribution Localisation (ratio of positive attributions within a targeted object

and the total positive attributions).

6.4.2.4 Pre-training Strategies

In their work, Böhle et al. [682] compared B-cos architectures with their original counterparts, but

only on ImageNet [362]. Thus, their experiments involved training both types of networks from

scratch. In the medical imaging domain, it is common practice to employ transfer learning [684].

Therefore, we test different pre-training strategies for B-cos and original networks: no pre-training,

pre-training on ImageNet, and initialising B-cos networks from differently trained baselines.
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6.4.2.5 B-cos Version of a Custom Medical Imaging Model

To understand the feasibility of integrating the B-cos transform in medical deep learning models, we

adopted the work of Liu et al. [683] as a use case. Their Clinical-Inspired Network (CI-Net) is an

attention-based model that aims to mimic the clinical diagnostic process. This model achieved state-

of-the-art performance on six benchmark databases for skin lesion analysis. Contrary to commonly

used networks like the DenseNet [359], the CI-Net contains two branches and a distinguish module,

which learns to discriminate images from different classes, making it more challenging to integrate

the B-cos transform into this architecture.

6.4.2.6 Implementation Details

We followed the training pipelines described by Böhle et al. [682] (all models except CI-Net-based

models) and Liu et al. [683] (CI-Net-based models). Regarding data processing and augmentation,

we resized all the images to 448×448, applied random affine transforms (i.e., rotation, translation,

scale, and shear) according to specific literature on each use case (more details in the code), and

normalised the inputs accordingly. We divided all datasets into stratified train-validation-test splits,

with 20% of the data for testing on datasets without a default test set and 10% of the remaining data

for validation. For ISIC2018, we used the official split. We saved the best models according to the

best F1 score on the validation set. For the explanation quality metrics, we evaluated all models

under the same conditions (i.e., only on the set of correctly predicted images by all models under

test). For the multi-label classification scenario (i.e., VinDr-CXR), an image is considered correctly

classified only when the model predicts all labels correctly, and we explain only the label with the

lowest index. For datasets where all models correctly predict more than 100 images, we evaluated

only 100 (for the DTU/Herlev Pap Smear Database, we evaluated 40 images).

6.4.3 Results and Discussion

Table 6.3 presents the results on model performance and explanation quality assessment obtained

for each model across the datasets used in this work.

6.4.3.1 Training

Except for the CI-Net, we focus on DenseNet-121 [359], since it is a popular architecture among

the medical imaging community and Böhle et al. [682] already showed that their conclusions hold

for different architectures. Another important aspect is that B-cos networks take twice as long to

train and require about twice as much memory.

6.4.3.2 Pre-training Strategies

For ISIC2018 and APTOS2019, we study the effect of different pre-training strategies. In both cases,

the performance improves on baseline and B-cos models when ImageNet pre-training is used (see



6.4 B-cos Networks for Medical Image Classification 123

model 3 vs model 6 or model 4 vs model 7). Interestingly, on APTOS2019, transferring knowledge

from the baseline model already adapted to the final domain worsens the results compared to the

B-cos network trained from scratch (see models 13 and 16 vs model 12), and, on both datasets,

it falls short of the performance obtained when transferring knowledge from a B-cos network

trained on another domain (see models 5 and 8 vs models 7, 13 and 16 vs model 15). These results

show that it is preferable to leverage knowledge from another B-cos network that already learned

the weight-input alignment pressure (even if on another domain) than to learn from a non-B-cos

network (i.e., non-aligned) on the same domain.

6.4.3.3 Adaptation of a Custom Model

Transforming a custom model into a B-cos network is a straightforward process given the code made

available by Böhle et al. [682]. As expected, this custom architecture outperforms DenseNet121

on the baseline and B-cos versions regarding the Localisation metric. Interestingly, the baseline

CI-Net is not better regarding classification than the DenseNet121, but the B-cos version achieves

the best results (see models 9 and 10).

6.4.3.4 Explanation Quality Assessment

We started by applying our evaluation protocol to ImageNet-trained networks made available by

the original authors to verify if the results they reported held for different properties of explanations

(Böhle et al. et al. only evaluate the Localisation metric in their work [682], with a metric similar to

Focus). In four out of seven metrics, we can see that their conclusions hold (i.e., post-hoc methods

applied on B-cos networks yield better explanations; in turn, the inherent B-cos explanations

surpass other methods on B-cos and non-B-cos networks).

In the medical use cases of this work, we obtain results with some variations. For ISIC2018

and APTOS2019, we observe that the trend on Selectivity is reversed compared to the trend on

ImageNet. For the DTU/Herlev Pap Smear Database and VinDr-CXR, explanations obtained from

B-cos networks are better than explanations from the original networks. Nevertheless, the inherent

B-cos explanations do not surpass other xAI methods (e.g., 4.56 for Grad-CAM vs 5.04 on VinDr-

CXR). Concerning Faithfulness Correlation, B-cos explanations surpass other methods except on

VinDr-CXR. Focusing on Robustness, B-cos networks and explanations are generally better for

RRS but worse for Maximum Sensitivity. The same applies to Sparseness and Complexity. Finally,

on Localisation metrics, B-cos explanations surpass the best explanation methods on B-cos and

non-B-cos models for three out of four datasets, but only for ImageNet pre-trained models (check

models 6/7, 9/10, 14/15, 19/20). Further, on VinDr-CXR, where local bounding box annotations

are available, the Attribution Localisation metric shows the trend the original authors found.

These results indicate that B-cos explanations are generally more focused than other explanations.

Figure 6.2 presents the qualitative results that support these findings. Visually, Input×Gradient

produces sparser maps, while Grad-CAM and B-cos explanations are more concentrated around a

single area. Furthermore, B-cos maps tend to have less highly activated pixels than Grad-CAM’s.
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Figure 6.2: Comparing explanations from Input×Gradient [6] (I×G), Grad-CAM [7] (GC) and
B-cos on original (Base.) and B-cos networks. The colour map ranges from blue to red, blue(red)
meaning less(more) relevant pixels. Herlev stands for DTU/Herlev Pap Smear Database.
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Table 6.3: Results on model performance and xAI quality assessment obtained for each model
across several datasets. For all models we show the results for the best xAI method. For B-cos
networks we also show results for the intrinsic B-cos explanations. We compare against the
following xAI methods: G - Grad, GC - Grad-CAM [7], I×G - Input×Gradient [6], IG - Integrated
Gradients [8]. For each metric ↑ (↓) means higher (lower) is better. Underlined numbers represent
the best result for non-B-cos models on a given dataset, while bold numbers highlight the best
B-cos results. Herlev stands for DTU/Herlev Pap Smear Database, DN121 stands for DenseNet121
and RN18 IN corresponds to an ImageNet trained ResNet18.

Dataset ID Model Pre-training
Task Performance Faithfulness Robustness Complexity Localisation

(B)ACC ↑ F1 ↑ AUC ↑ Select. ↓ Correl. ↑ Sens. ↓ RRS ↓ Sparse. ↑ Complex. ↑ Focus ↑ Att. Loc. ↑

ImageNet [362]

1 DN121 - 72.6 72.3 99.8 7.63 (IG) 0.073 (I×G) 0.545 (GC) 1.62 (G) 0.610 (I×G) 10.5 (GC) 0.722 (GC) -

2 B-cos DN121 - 73.6 73.2 99.2
5.92 (G) 0.138 (IG) 0.994 (GC) 1.22e-4 (G) 0.604 (IG) 10.3 (GC) 0.748 (GC) -

4.85 0.043 1.54 6.92e-5 0.624 10.1 0.851 -

ISIC2018 [144]

3 DN121 - 76.7 62.5 92.4 25.9 (IG) 0.063 (GC) 1.80 (IG) 0.012 (IG) 0.583 (G) 11.6 (IG) 0.707 (GC) -

4 B-cos DN121 - 74.9 57.8 89.1
48.1 (GC) 0.487 (I×G) 0.964 (GC) 4.33e-6 (I×G) 0.612 (I×G) 11.9 (GC) 0.434 (GC) -

91.4 -0.020 1.13 8.87e-8 0.443 11.8 0.585 -

5 B-cos DN121 3 75.5 59.6 90.4
35.7 (IG) 0.297 (I×G) 2.19 (GC) 2.84e-6 (IG) 0.657 (IG) 11.4 (G) 0.539 (GC) -

70.7 0.057 1.94 4.81e-8 0.550 11.6 0.614 -

6 DN121 1 85.6 78.5 97.6 100.3 (IG) 0.288 (GC) 1.32 (G) 0.507 (IG) 0.606 (GC) 11.7 (IG) 0.772 (GC) -

7 B-cos DN121 2 82.3 71.2 93.7
65.6 (IG) 0.114 (I×G) 2.44 (G) 9.31e-7 0.707(GC) 11.5 (I×G) 0.619 (I×G) -

46.6 0.024 6.62 1.70e-5 0.767 10.9 0.796 -

8 B-cos DN121 6 77.1 62.0 90.9
26.8 (GC) 0.170 (I×G) 2.68 (GC) 2.58e-7 (G) 0.631 (I×G) 11.5 (G) 0.668 (GC) -

48.4 0.027 1.62 1.33e-7 0.616 11.5 0.656 -

9 Baseline CI-Net [683] RN18 IN 84.2 74.2 96.3 30.3 (I×G) 0.173 (GC) 2.00 (IG) 0.250 (G) 0.716 (GC) 11.4 (IG) 0.887 (GC) -

10 B-cos CI-Net [683] RN18 IN 82.9 71.4 94.4 52.8 (I×G) 0.144 (IG) 1.40 (G) 1.55e-5 (G) 0.744 (GC) 11.5 (I×G) 0.591 (IG) -
77.3 0.061 3.51 1.10e-5 0.709 11.2 0.889 -

APTOS2019 [138]

11 DN121 - 79.3 57.6 93.0 32.3 (I×G) 0.049 (GC) 1.49 (G) 0.038 (IG) 0.791 (GC) 11.4 (IG) 0.695 (GC) -

12 B-cos DN121 - 79.3 58.6 90.9
88.1 (GC) 0.365 (IG) 29.1 (G) 1.02e-5 (I×G) 0.723 (IG) 11.4 (GC) 0.413 (GC) -

82.3 0.019 18.4 1.91e-5 0.735 11.0 0.585 -

13 B-cos DN121 11 75.7 46.2 88.1
41.5 (I×G) 0.104 (I×G) 1.66 (GC) 1.08e-6 (IG) 0.721 (GC) 11.1 (G) 0.549 (GC) -

51.7 0.027 1.46 7.79e-7 0.723 11.0 0.642 -

14 DN121 1 82.9 66.2 94.7 37.1 (IG) 0.180 (GC) 1.41 (G) 0.156 (G) 0.802 (GC) 11.2 (IG) 0.845 (GC) -

15 B-cos DN121 2 81.3 61.9 92.6 56.1 (I×G) 0.061 (GC) 2.61 (IG) 9.64e-7 (G) 0.784 (GC) 11.2 (I×G) 0.729 (GC) -
69.3 0.034 5.10 1.35e-6 0.826 10.5 0.870 -

16 B-cos DN121 14 78.9 54.8 91.4
51.0 (IG) 0.0578 (GC) 1.61 (I×G) 1.05e-6 (G) 0.792 (GC) 10.8 (I×G) 0.791 (GC) -

53.6 0.046 4.99 1.67e-5 0.808 10.6 0.818 -

Herlev [142]

17 DN121 1 66.2 71.0 94.3 10.1 (I×G) 0.143 (GC) 0.912 (GC) 0.0530 (Grad) 0.553 (I×G) 10.6 (GC) 0.732 (GC) -

18 B-cos DN121 2 63.5 67.1 91.4
8.67 (I×G) 0.124 (GC) 2.03 (IG) 1.29e-6 0.557 (IG) 10.3 (GC) 0.606 (GC) -

9.65 0.144 2.68 2.24e-6 0.572 10.2 0.666 -

VinDr-CXR [155]

19 DN121 1 96.2 28.4 74.8 9.13 (I×G) 0.119 (GC) 1.00 (I×G) 2.97e-4 (I×G) 0.740 (GC) 11.6 (IG) 0.277 (I×G) 0.137 (GC)

20 B-cos DN121 2 95.6 22.7 77.8 4.56 (GC) 0.093 (GC) 2.58 (I×G) 1.18e-6 (IG) 0.763 (GC) 11.5 (G) 0.297 (I×G) 0.237 (GC)
5.04 0.066 13.2 1.60e-5 0.726 11.0 0.301 0.287
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6.4.4 Conclusions and Future Work

This work presents the first study on the applicability and suitability of B-cos networks, a weight-

input aligned architecture, for the medical domain. Although these models achieve better expla-

nation quality than other xAI methods on ImageNet-trained models, it is not clear that the same

happens for the medical use cases considered, especially when considering all explanation quality

assessment metrics. However, B-cos explanations yield more localised saliency maps, a finding

that corroborates the original authors’ conclusions.

Given these results and the slight drop in classification performance, it is difficult to conclude

that B-cos networks produce better explanations in the medical domain. Further work should

be devoted to integrating B-cos networks in different tasks (e.g., image segmentation), studying

different xAI quality assessment metrics with more post-hoc methods, and a deep focus on model

optimisation or regularisation to promote the integration of clinical-domain knowledge into the

models (e.g., integrating clinical metadata through data fusion techniques, using class weights in

the loss function).

6.5 B-cos Networks for Medical Image Retrieval

The results of this work have not been disseminated in any other venue besides this thesis. The

code related to the implementation of this work is publicly available in a GitHub repository2.

6.5.1 Description and Contributions

In Section 5.4, we presented a pioneering approach to multi-modal retrieval for the aesthetic

assessment of breast cancer surgery outcomes, and in Section 5.5, we did an extended version

of that study using only attention-based deep learning models (in our case, transformers). From

these works, we observed that using triplet loss optimisation with multi-modal transformer-based

architectures leads to good results in retrieving similar cases regarding breast aesthetic assessment

outcomes. In this work, we try to go one step further concerning interpretable retrieval by using

B-cos networks, which are inherently interpretable models by design. We build upon the framework

proposed in [46] and extend the experiments on the B-cos-based architectures (and their original

counterparts), comparing seventeen different models and two different optimisation settings (i.e.,

fine-tuned, and multi-modal). We validate the results published in the original paper and report new

ones with the introduced architectures.

6.5.1.1 Brief Note About the Models

In this Section, to contextualise the reader, we present a brief note about the models used in this

study. Following the work presented in Section 6.4, we decided to keep DenseNet [359] as the

baseline architecture given its wide use in algorithms for healthcare applications, and its integration

2https://github.com/TiagoFilipeSousaGoncalves/bcs-aesth-mm-bcos-mir

https://github.com/TiagoFilipeSousaGoncalves/bcs-aesth-mm-bcos-mir
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in the battery of experiments reported by Böhle et al. [682]. As such, we used several variations of

the DenseNet architecture (i.e., DenseNet121, DenseNet161, DenseNet169, DenseNet201) along

with their B-cos counterparts (i.e., B-cos DenseNet121, B-cos DenseNet161, B-cos DenseNet169,

B-cos DenseNet201). Additionally, we experimented with initialisations from scratch, with pre-

trained weights on ImageNet (P) and with pre-trained weights on ImageNet and fine-tuned for a

long number of epochs (PL).

6.5.2 Methodology

We follow the methodology described in Section 5.4.2.

6.5.3 Results and Discussion

Table 6.4 presents the retrieval performance metrics, Contrastive Accuracy (CAcc) and Adjusted

Discounted Cumulative Gain (ADCG) for the models tested in this work, categorised by aesthetic

quality (i.e., related to catalogues with Excellent and Good or Fair and Poor aesthetic outcomes).

We adopt the same structure presented in Section 5.5.

In agreement with the results presented in Sections 5.4–5.5, we observe that the multi-modal

approaches often achieve the best results on the training set. Once again, contrastively, the results

on the test set are less consistent with the image (fine-tuned) approaches being equally competitive

with multi-modal strategies, suggesting that the latter might be more prone to over-fitting. However,

in this study, we notice that the multi-modal approach seems to benefit the B-cos models, preventing

the decrease in performance that could arise from the additional degree of complexity of the B-cos

operator added to the baseline. In any case, this framework tends to overfit since the performance

for both metrics decreases systematically from the training to the test set.

Although we consider that the size of the current dataset (see Chapter 3) might not be enough

to draw robust conclusions regarding the path that leads to the best results, we question whether we

should use image (fine-tuned) models over multi-modal approaches. While the performance results

have differences (sometimes, marginal differences), one could prefer the simplicity and easiness of

training of the baseline models over the complexity and training times of their B-cos counterparts.

Moreover, similar to previous conclusions, it is not clear whether it is preferable to use the image

(fine-tuned) or the multi-modal. If we look at the performance metrics, results suggest that using

only the image information is sufficient for the model to perform a good retrieval. Naturally, one

can argue that the multi-modal model has more information about the patients, and even if it suffers

from a marginal performance decrease, it is still more interpretable.

6.5.4 Conclusions and Future Work

In this study, we obtain similar performance results to the work presented in Section 5.5 with

DenseNet architectures and their B-cos counterparts. These results are interesting because they
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Table 6.4: Retrieval performance metrics for B-cos networks (and their original counterparts),
categorised by aesthetic quality. Each entry is of the form (Excellent/Good, Fair/Poor). Best results,
per model, highlighted in bold. Models with a (P) refer to initialisation with pre-trained weights
on ImageNet, and with a (PL) refer to initialisation with pre-trained weights on ImageNet and
fine-tuned for a long number of epochs.

Model Type Train Test
CAcc (%) ↑ ADCG (%) ↑ CAcc (%) ↑ ADCG (%) ↑

DenseNet121
Image (Fine-tuned) (93.87, 93.93) (97.30, 97.41) (69.62, 73.28) (73.87, 76.63)
Multi-modal (98.53, 98.97) (99.37, 99.46) (68.58, 71.62) (72.13, 76.36)

DenseNet121 (P)
Image (Fine-tuned) (96.70, 94.80) (98.54, 97.76) (70.66, 72.68) (73.14, 78.36)
Multi-modal (98.71, 98.32) (99.37, 99.34) (68.41, 72.30) (70.45, 76.05)

DenseNet161
Image (Fine-tuned) (82.11, 83.04) (89.00, 90.14) (68.71, 70.86) (70.87, 76.73)
Multi-modal (98.67, 97.28) (99.41, 98.75) (67.67, 71.92) (70.83, 75.30)

DenseNet161 (P)
Image (Fine-tuned) (91.39, 97.96) (95.48, 99.21) (69.91, 75.19) (72.26, 80.05)
Multi-modal (99.02, 97.97) (99.46, 99.29) (68.25, 74.85) (69.51, 79.79)

DenseNet169
Image (Fine-tuned) (95.95, 96.10) (98.38, 98.56) (69.08, 73.11) (71.34, 73.90)
Multimodal (99.04, 98.34) (99.45, 99.24) (68.29, 71.33) (68.86, 73.83)

DenseNet169 (P)
Image (Fine-tuned) (97.03, 97.30) (99.02, 98.92) (69.83, 74.55) (71.30, 79.04)
Multi-modal (98.63, 98.12) (99.44, 99.15) (67.00, 73.79) (69.07, 78.05)

DenseNet201
Image (Fine-tuned) (89.96, 92.04) (95.00, 96.49) (68.91, 71.79) (70.64, 75.92)
Multi-modal (98.48, 97.04) (99.38, 98.74) (67.54, 72.30) (69.69, 76.20)

DenseNet201 (P)
Image (Fine-tuned) (94.25, 90.41) (97.66, 95.86) (69.21, 73.70) (70.44, 77.19)
Multi-modal (98.77, 98.74) (99.37, 99.43) (68.75, 73.24) (68.30, 77.55)

B-cos DenseNet121
Image (Fine-tuned) (96.92, 96.38) (98.83, 98.79) (65.17, 68.27) (68.58, 69.78)
Multi-modal (98.00, 97.97) (99.13, 99.19) (66.33, 68.73) (70.45, 72.59)

B-cos DenseNet121 (P)
Image (Fine-tuned) (93.72, 95.56) (97.14, 98.34) (59.05, 66.53) (64.28, 70.19)
Multi-modal (96.51, 96.10) (98.65, 98.45) (61.17, 68.73) (63.57, 72.49)

B-cos DenseNet121 (PL)
Image (Fine-tuned) (94.90, 91.04) (97.88, 95.92) (63.50, 65.72) (66.00, 66.96)
Multi-modal (97.84, 97.61) (99.19, 99.12) (66.13, 67.97) (67.92, 68.80)

B-cos DenseNet161
Image (Fine-tuned) (97.70, 97.76) (99.22, 99.10) (66.46, 72.10) (69.29, 77.38)
Multi-modal (97.93, 98.29) (99.25, 99.32) (65.38, 71.67) (67.35, 77.42)

B-cos DenseNet161 (P)
Image (Fine-tuned) (92.89, 93.97) (96.98, 97.54) (62.96, 66.69) (65.09, 70.97)
Multi-modal (97.94, 95.30) (99.30, 98.36) (65.71, 71.16) (66.14, 76.32)

B-cos DenseNet169
Image (Fine-tuned) (97.17, 97.14) (98.81, 99.09) (68.04, 69.07) (68.99, 72.67)
Multi-modal (97.94, 98.14) (99.12, 99.26) (69.00, 68.78) (73.93, 72.43)

B-cos DenseNet169 (P)
Image (Fine-tuned) (96.47, 95.68) (98.70, 98.56) (63.30, 65.29) (67.51, 71.61)
Multi-modal (95.33, 95.85) (98.10, 98.45) (63.46, 70.60) (63.53, 74.71)

B-cos DenseNet201
Image (Fine-tuned) (97.50, 97.27) (99.15, 99.12) (65.71, 71.50) (67.30, 74.61)
Multi-modal (98.51, 96.92) (99.37, 98.82) (69.00, 72.01) (71.87, 73.91)

B-cos DenseNet201 (P)
Image (Fine-tuned) (96.38, 92.74) (98.65, 96.83) (63.30, 66.06) (64.42, 69.34)
Multi-modal (97.88, 96.51) (99.27, 98.87) (65.33, 70.09) (67.08, 74.36)
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challenge the conclusions presented in Sections 5.4–5.5, where we concluded that transformer-

based models lead to better results on retrieval. Additionally, these results also highlight at least one

limitation of the comparative study showed in Section 5.4, suggesting that ResNet or VGG-based

models have architectural limitations that led us to conclude (wrongly) that CNNs can not compete

with transformers. In contrast, we again observe that only using image features might be equivalent

to using multi-modal data, undermining the intuition of using more information about the patient to

achieve refined results.

Focusing now on the purpose of this study (i.e., comparing baseline CNNs with their B-cos

counterparts), we notice that multi-modal approaches seem to improve the predictive performance

of B-cos models. Nevertheless, like in previous studies, the differences in results are marginal

in most cases. Apart from gathering more data and building new catalogues or training different

models (i.e., segmentation-based and end-to-end multi-modal approaches), further work should

focus on generating the visual explanations of these models (i.e., saliency maps) and understanding

if the conclusions of the work in Section 6.4 are still valid for B-cos networks (and their baseline

counterparts).

6.6 Explaining Counterfactuals with Prototypes

The results of this work have not been disseminated in any other venue besides this thesis. The

code related to the implementation of this work is publicly available in a GitHub repository3.

6.6.1 Description and Contributions

Aiming to bring interpretability into deep learning architectures, Chen et al. [5] proposed the

prototypical part network (ProtoPNet) that uses a prototype layer to learn prototypical parts of the

images and integrates this information into the classification process. Their work resulted in a new

paradigm for intrinsically interpretable deep neural networks where the main focus is to provide

the user with a case-based reasoning framework. On the other hand, the scientific community

generically agrees that a model needs to provide human causally understandable explanations (also

known as causability) to show a certain degree of human-level explainability [685]. The class of

algorithms that may present an answer to this challenge are the counterfactual reasoning models

(also known as counterfactuals).

In this work, we establish an interface between counterfactual reasoning and intrinsically

interpretable deep learning models (based on prototype learning) and propose future research

directions in these two distinct (but complementary) areas. We present a series of experiments

aimed at answering the following research questions:

1. Can we ensure that deep learning models keep their predictive performance after integrating

a prototype learning layer [5, 656] into their architectures?

3https://github.com/TiagoFilipeSousaGoncalves/proto-counterfactuals

https://github.com/TiagoFilipeSousaGoncalves/proto-counterfactuals
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2. Even though these models promote learning meaningful prototypes during training, how

much can we rely on these prototypes, and how should we evaluate the quality of the

prototypes these models learned?

3. Can we use prototype-based deep learning models to generate counterfactual explanations

that rely on the prototypes learned by such models? If so, can we devise a straightforward

manner to get the most suitable counterfactual, supported in prototypes, given a query image?

This work tackles counterfactual reasoning from a different perspective than the one usually

followed by literature by bringing prototype-based deep learning models into the discussion. As

such, the main contributions of this work are:

1. A comparative study with three different use cases (i.e., bird species classification, glaucoma

diagnosis, and skin lesion analysis) using three different architectures (i.e., the combination

of three different backbones and two prototype-based models) that focus on their predictive

power;

2. An objective analysis of the prototypes learned by the prototype-based models in terms

of their class identity (i.e., evaluating whether the most activated prototypes of a given

image come from examples of the same class) and in terms of their level of coherence (i.e.,

evaluation of the class identities of prototypes of the same image across backbones and

prototype layers);

3. A study of two counterfactual retrieval methods based on the vector of probabilities of the

classification layer of a deep learning model: we consider the index of the second-highest

value as the counterfactual label; then, we experiment with two different feature spaces to

perform the retrieval of the image of the counterfactual label more similar to the query image;

and, finally, we use the most activated prototypes as explanations of the predictions of the

model;

4. An objective analysis of the counterfactual labels across model architectures that aims to

understand their coherence.

The results obtained in this work allowed us to devise future research lines on generating

counterfactual explanations using prototype-based deep learning algorithms while reinforcing the

need for objective evaluation metrics to evaluate such explanations and standardise concepts related

to prototype-based learning. We provide an overview of our proposed framework in Figure 6.3.

6.6.2 Methodology

The literature review in Section 6.3 has revealed a gap between prototypical deep learning al-

gorithms and their application in generating counterfactual explanations. Hence, we propose a

new framework to obtain counterfactuals and their respective explanations. We start by training
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Figure 6.3: Overview of our proposed framework to obtain image counterfactuals and the open
problem of using prototypes to explain that counterfactual and justify the model’s prediction.
Given a query image, we perform model inference to get the vector of probabilities and then
select the index of the second-highest value as the counterfactual label. Afterwards, we use the
model to extract features of the query image and all the possible counterfactual images in the
database and minimise the Euclidean distance between these possible pairs (i.e., the most similar
counterfactual corresponds to the minimum distance). To explain the model’s predictions, we
retrieve the prototypes of the query and counterfactual images.
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a prototypical learning model on a given task. Then, given a query image, we use that model to

perform inference and obtain the vector of probabilities. We use the index of the second-highest

value as the counterfactual label. Afterwards, we use the model to extract features of the query

image and all the possible counterfactuals in the database and minimise a distance metric (in

our case, Euclidean distance) between these possible pairs: the most similar counterfactual will

correspond to the minimum distance. The remaining problem is the strategy we should use to

explain these counterfactuals. In our approach, we retrieve the learned prototype of the query

and its correspondent counterfactual image and use that information to explain the outputs of this

framework (see Figure 6.3).

6.6.2.1 Data

In this work, we used CUB-200-2011, PAPILA and PH2 datasets (see Chapter 3). Regarding data

manipulation strategies, we refer the reader to the guidelines described by Chen et al. [5]. We

cropped images according to their regions of interest (ROIs) using the bounding-box annotations

(CUB-200-2011) or their segmentation masks (PAPILA and PH2). Then, we split the data into train

and test sets using the official splits (CUB-200-2011) or with a proportion of 70%-train/30%-test

(PAPILA and PH2). Data augmentation strategies included random rotations, skew and shear

distortions, and left-right flips.

6.6.2.2 Models

We used DenseNet121 [359], ResNet34 [263], and VGG16 [513] as feature extraction layers in

three different types of architectures: Baseline, consisting of the feature extraction layers and a fully

connected layer for classification; ProtoPNet, consisting of the feature extraction layers and the

prototypical architecture [5]; and Deformable ProtoPNet, consisting of the feature extraction layers

and the deformable prototypical architecture [656]. We chose these two prototypical architectures

for our experiments because of their author affiliations (i.e., they belong to the same research group).

In this work, we consider Deformable ProtoPNet a directly improved version of ProtoPNet.

6.6.2.3 Training and Testing Settings

Baseline We initialised all the models using their pre-trained weights on ImageNet [101]. In the

first five epochs, we froze the feature extraction layers and trained the classification layer, using the

adaptive moment estimation (Adam) [400] optimiser with a learning rate of 1×10−4. During the

remaining epochs, we trained all the layers of the model, using the Adam optimiser with a learning

rate of 1×10−4 and weight decay of 1×10−3 for the feature extraction layers and a learning rate

of 1×10−4 for the classification layer. We updated the classification layer for 20 iterations, using

the Adam optimiser with a learning rate of 1×10−4, every ten epochs. We used the cross-entropy

loss function and saved the best model weights with the best accuracy in the test set.
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ProtoPNet All the strategies follow the guidelines described by Chen et al. [5]. In the first five

epochs, we trained the additional convolutional and prototype layers, using the Adam optimiser,

with a learning rate of 3× 10−3 and a weight decay of 1× 10−3 for the additional convolution

layers, and a learning rate of 3×10−3 for the prototype layer. During the remaining epochs, we

trained all the layers of the model, using the Adam optimiser with a learning rate of 1×10−4 and a

weight decay of 1×10−3 for the feature extraction layers, a learning rate of 3×10−3 and a weight

decay of 1×10−3 for the additional convolutional layers, and a learning rate of 3×10−3 for the

prototype layer. We updated the classification layer for 20 iterations using the Adam optimiser,

with a learning rate of 1×10−4, every ten epochs (along with the pushing operation). We used the

loss function described in [5] and saved the best model weights with the best accuracy in the test

set.

Deformable ProtoPNet All the strategies follow the guidelines described by Donnelly et al. [656].

In the first five epochs, we trained the additional convolutional and deformable prototype layers,

using the Adam optimiser with a learning rate of 3× 10−3 and a weight decay of 1× 10−3 for

the additional convolutional layers and a learning rate of 3×10−3 for the deformable prototype

layer. In the following five epochs, we trained additional convolutional, feature extraction and

the deformable prototype layers, using the Adam optimiser with a learning rate of 3×10−3 and a

weight decay of 1×10−3 for the additional convolutional layers, a learning rate of 1×10−4 and a

weight decay of 1×10−3 for the feature extraction layers, and a learning rate of 3×10−3 for the

deformable prototype layer. During the remaining epochs, we trained all the layers of the model,

using the Adam optimiser with a learning rate of 3× 10−3 and a weight decay of 1× 10−3 for

the additional convolutional layers, a learning rate of 1× 10−4 and a weight decay of 1× 10−3

for the feature extraction layers, a learning rate of 3×10−3 for the deformable prototype layer, a

learning rate of 1×10−4 for the convolutional offset layer (i.e., the layer which pre-processes the

representation maps that will be the input of the deformable convolution), and a learning rate of

1×10−4 for the classification layer. We performed the pushing operation every ten epochs. We

used the loss function described in [656] and saved the best model weights with the best accuracy

in the test set.

6.6.2.4 Prototype Retrieval and Analysis

We retrieved the top-k (with k = 10) most activated prototypes per image (of the train and test

sets). We also saved the class identities of each prototype (i.e., the ground-truth class of the image

from where we retrieved the prototype). From this data, we extracted the following statistics: the

average number of class-identity prototypes per correctly classified image, and the level of label
coherence of the prototypes among backbone models across architectures.

Average number of class-identity prototypes We limit the analysis to the set of correctly

classified images. Then, from the top-k (with k = 10) most activated prototypes, we count the
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number of prototypes that originated from the class identity of that image. With this experiment,

we try to understand if most prototypes activated by that image are also from that same class.

Level of label coherence of the prototypes For this experiment, we restricted our assessment to

the images correctly classified by the three backbones in ProtoPNet and Deformable ProtoPNet

(we can only retrieve prototypes from these two architectures). From this subset, we get the 3

vectors (one per backbone) of top-k (with k = 10) most activated prototypes per image and compute

the average Wasserstein distance value per image (resulting from the average of Wasserstein

distances of all the pairs of most activated prototypes vectors). The Wasserstein distance (also

known as earth mover’s distance) is a distance metric between two distributions, interpreted as the

minimum cost of transforming one distribution into the other [686]. Hence, the lower the distance,

the higher the similarity between such distributions. In this experiment, we aim to evaluate the

stability of the model (i.e., ProtoPNet or Deformable ProtoPNet) about the backbone in terms of the

learned prototypes. Therefore, we consider each backbone as a prototype rater and use the average

Wasserstein distance between these 3 vectors as proxy to the coherence of the learned prototypes

(i.e., the lower the distance values, the higher the consistency).

6.6.2.5 Counterfactual Retrieval and Analysis

We started by determining the label of the counterfactual of a given query image by observing the

vector of probabilities of the classification layer: the index of the highest value is the predicted

label, followed by the index of the counterfactual. Then, we search the database for the most similar

image (to the query image) of the counterfactual label. To evaluate image similarity, we compute

the l2-norm between the latent space of the query image and the candidate counterfactuals. The

minimum distance corresponds to the counterfactual image. A secondary outcome of this work is

related to the latent space we may use to retrieve counterfactual(s): the backbone features space

and the prototypical features space. The backbone feature space is the embedding that results

from the last convolutional layer of the backbone of a given architecture; this feature space often

appears in retrieval tasks in computer vision [49]. The prototypical feature space is the embedding

that results from the prototype layer of a given architecture; this embedding encodes the distances

of the prototypes to their identity classes. Lastly, we use the top-k (with k = 10) most activated

prototypes to explain the differences between the query image and its counterfactual to the user.

Level of label coherence of the counterfactuals In this experiment, we try to assess if a

given architecture (i.e., Baseline, ProtoPNet, or Deformable ProtoPNet) contributes to the label

consistency of the retrieved counterfactuals. Hence, we consider each backbone a counterfactual

rater and compute the Fleiss’ Kappa (a method to measure agreement between n raters, where

n > 2). The value of the Fleiss’ Kappa ranges from 0 (i.e., no agreement or random agreement)

to 1 (i.e., perfect agreement) [687, 688, 689]. This test is slightly different from the level of label

coherence of prototypes: in this case, we aim to evaluate the consistency between the counterfactual
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labels obtained from each backbone (i.e., the raters), where, in the first case, we want to see how

different the distributions of top-k (with k = 10) most activated prototypes are.

6.6.3 Results and Discussion

This Section discusses the results obtained in the experimental part of this work. Figures 6.4

– 6.5, Figures 6.6 – 6.7, and Figures 6.8 – 6.9 show the behaviour of our proposal for CUB-200-

2011, PAPILA and PH2 databases, respectively, using the ProtoPNet and Deformable ProtoPNet

architectures with DenseNet121 as the backbone. Given a query image, we search the database

for the most similar counterfactual image (using either the backbone features or the prototypical

features) and use their respective top-k (with k = 10) most activated prototypes to explain their

differences.

6.6.3.1 Predictive Performance of Algorithms

Table 6.5 presents the accuracy results on the test set of each database. Across databases, results

suggest that prototypical learning architectures usually achieve better performances. Interestingly,

the ProtoPNet architecture seems to be the architecture that better interacts with the different

backbones (i.e., 4 ProtoPNet-based models among the best achieved accuracy results).

Table 6.5: Accuracy results on the test set of each database. Best values per backbone highlighted
in bold.

Database Backbone Architecture
Baseline ProtoPNet Deformable ProtoPNet

CUB-200-2011
DenseNet121 74.58% 76.37% 77.46%
ResNet34 71.85% 77.74% 74.54%
VGG16 62.34% 73.84% 71.51%

PAPILA
DenseNet121 75.00% 75.68% 80.41%
ResNet34 76.35% 72.97% 75.68%
VGG16 77.03% 75.68% 74.32%

PH2
DenseNet121 66.67% 73.33% 66.67%
ResNet34 68.33% 75.00% 58.33%
VGG16 68.33% 63.33% 70.00%

6.6.3.2 Quality of the Learned Prototypes

Table 6.6 presents the average number of class-identity prototypes per correctly classified image of

each database. Across the three backbones, it is clear that, almost in every setting, the prototypes

learned by the Deformable ProtoPNet architecture seem to connect better with their class identities.

These differences increase when the number of classes increases (i.e., when we look at the results

obtained for the CUB-200-2011 database). Table 6.7 presents the level of label coherence of the
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prototypes per architecture on each database. Once again, the Deformable ProtoPNet shows the

best results, showing that this architecture promotes more robustness in the learning process of the

prototypes.

Table 6.6: Average number of class-identity prototypes per correctly classified image of each
database. Best values per backbone highlighted in bold.

Database Backbone Architecture

ProtoPNet Deformable ProtoPNet

CUB-200-2011
DenseNet121 1.62 6.89
ResNet34 1.97 4.20
VGG16 3.73 9.49

PAPILA
DenseNet121 7.89 9.88
ResNet34 7.35 9.95
VGG-16 9.33 8.00

PH2
DenseNet121 8.99 9.57
ResNet34 9.47 9.60
VGG16 6.76 9.87

Table 6.7: Label coherence of the prototypes among backbone models across architectures on each
database. Best value highlighted in bold.

Database Architecture Average Wasserstein Distance

CUB-200-2011
ProtoPNet 29.73
Deformable ProtoPNet 27.25

PAPILA
ProtoPNet 0.35
Deformable ProtoPNet 0.20

PH2
ProtoPNet 0.26
Deformable ProtoPNet 0.05

6.6.3.3 Quality of the Counterfactuals

Table 6.8 presents the level of label coherence of the counterfactuals per architecture. Interestingly,

across databases, the Baseline architecture obtains the best level of coherence regarding the label of

its generated counterfactuals.

6.6.4 Conclusions and Future Work

6.6.4.1 Conclusions

In this work, we presented a comparative study of two state-of-the-art prototype-based deep learning

architectures (i.e., ProtoPNet and Deformable ProtoPNet) using three backbones (i.e., DenseNet121,
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Table 6.8: Label coherence of the counterfactuals among backbone models across architectures on
each database. Best values highlighted in bold.

Database Architecture Average Fleiss Kappa

CUB-200-2011
Baseline 0.259
ProtoPNet 0.149
Deformable ProtoPNet 0.004

PAPILA
Baseline 0.495
ProtoPNet 0.440
Deformable ProtoPNet 0.263

PH2
Baseline 0.519
ProtoPNet 0.037
Deformable ProtoPNet 0.250

Figure 6.4: Example of our proposal using the CUB-200-2011 database and the ProtoPNet architec-
ture, using DenseNet121 as the backbone. Given a query image, we search the database for the
most similar counterfactual image (using either the backbone features or the prototypical features)
and use their respective top-k (with k = 10) most activated prototypes to explain their differences.
Note: p stands for prototype and c stands for class.
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Figure 6.5: Example of our proposal using the CUB-200-2011 database and the Deformable
ProtoPNet architecture, using DenseNet121 as the backbone. Given a query image, we search
the database for the most similar counterfactual image (using either the backbone features or the
prototypical features) and use their respective top-k (with k = 10) most activated prototypes to
explain their differences. Note: p stands for prototype and c stands for class.
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Figure 6.6: Example of our proposal using the PAPILA database and the ProtoPNet architecture,
using DenseNet121 as the backbone. Given a query image, we search the database for the most
similar counterfactual image (using either the backbone features or the prototypical features) and
use their respective top-k (with k = 10) most activated prototypes to explain their differences. Note:
p stands for prototype and c stands for class.
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Figure 6.7: Example of our proposal using the PAPILA database and the Deformable ProtoPNet
architecture, using DenseNet121 as the backbone. Given a query image, we search the database
for the most similar counterfactual image (using either the backbone features or the prototypical
features) and use their respective top-k (with k = 10) most activated prototypes to explain their
differences. Note: p stands for prototype and c stands for class.
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Figure 6.8: Example of our proposal using the PH2 database and the ProtoPNet architecture, using
DenseNet121 as the backbone. Given a query image, we search the database for the most similar
counterfactual image (using either the backbone features or the prototypical features) and use their
respective top-k (with k = 10) most activated prototypes to explain their differences. Note: p stands
for prototype and c stands for class.
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Figure 6.9: Example of our proposal using the PH2 database and the Deformable ProtoPNet
architecture, using DenseNet121 as the backbone. Given a query image, we search the database
for the most similar counterfactual image (using either the backbone features or the prototypical
features) and use their respective top-k (with k = 10) most activated prototypes to explain their
differences. Note: p stands for prototype and c stands for class.
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ResNet34, and VGG16) with three different use cases (i.e., bird species identification, glaucoma

detection, and skin lesion analysis). Our goal was to understand the potential and limitations

of generating counterfactual explanations using prototype-based deep learning algorithms while

highlighting the need for objective evaluation metrics to evaluate such explanations and standardise

concepts related to prototype-based learning.

Predictive Performance of Algorithms Regarding the predictive performance of deep learning

models, we concluded that the usage of prototype layers, together with the selection of an appro-

priate backbone, does not harm the accuracy of the models, which means that this could be an

interesting baseline for the training of future deep learning models in domains that require special

care in terms of transparency and explainability. On the other hand, there is no clear evidence that

these frameworks improve predictive performance. We argue that the research community should

also work on this issue while focusing on improving transparency and explainability.

Quality of the Learned Prototypes When analysing the prototypes learned by each framework,

we found that the number of class identity prototypes per correctly classified image tends to

decrease as the number of classes increases. Nevertheless, results suggest that the Deformable

ProtoPNet promotes the learning of prototype feature spaces that create models that better connect

data points of a class and its identity prototypes. We argue that this is important for training future

models. It is not enough to create an interpretable prototype space; we should ensure that the

prototypes are meaningful for the generated explanations. We also evaluated the level of coherence

of the label of the prototypes when using a particular type of prototype layer. We found that the

Deformable ProtoPNet generates prototypes that tend to be more consistent with their source labels.

We argue that this is the preferred case because ensuring that prototypes of factual or counterfactual

explanations belong to the same label (i.e., promoting sparsity) will make them easier to understand.

While these models learn how to weigh the contributions of each prototype to the final prediction,

they should pay attention to the sources of these prototypes and ensure that they have a proper

meaning to the user.

Quality of the Counterfactuals Lastly, we analysed the level of coherence of the label of the

counterfactuals generated by each architecture. In our approach, we solely rely on the classification

layer of each architecture, meaning that we straightforwardly obtain counterfactuals. Nevertheless,

we observe that the Baseline architectures seem to be the most coherent models concerning the

counterfactuals, meaning that they are more predictable when compared to the other architectures

(i.e., given a query image of a specific label, the user will know, with higher confidence, the source

label of the counterfactual that these models will output). Once again, if we aim to increase the

interpretability of our models, this is also a desired property.
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6.6.4.2 Future Work

Future work should address the optimisation of prototype-based deep learning models in light of

the above conclusion. For example, we must ensure that prototypes per image have a stronger

connection to their class identities (although previous works have a term in the loss function that

promotes this property, our results suggest that this may not be sufficient). These issues related to

the quality of the learned prototypes are in agreement with recent literature. Therefore, we need

to develop architectures or training strategies that promote robustness in prototype learning and

complement these with an objective metric that allows practitioners to assess their quality.

As for counterfactual learning and retrieval, even though most state-of-the-art approaches focus

on generative methods to produce the counterfactuals, we suggest exploring a different framework.

While current methods perform local interventions on the inputs (e.g., changing feature values,

altering image regions), we focus our efforts on retrieving the counterfactuals at a global level

(i.e., getting an example from the database that contrasts better with our query input) and using its

learned prototypes to explain this decision. Once again, we still lack objective metrics to assess the

quality of these counterfactuals or a mean of comparison between generation and retrieval methods.

The same applies to the latent space we use to retrieve our counterfactuals. In this work, we also

suggest that a prototypical feature space may be an alternative or complement to the backbone

feature space since it may encode local similarity information that may allow us to obtain similar

cases that are more informative. On the other hand, we still lack objective metrics to assess these

hypotheses.

We foresee a future research direction that focuses on studying adversarial interventions on

the prototype layer of these architectures to gain more control over the type of prototypes learned

by these frameworks. This aspect also contributes to the strategy of counterfactual retrieval and

explanation. Our intuition is that by intervening on the prototype layer, we ensure that the retrieved

prototypes may be more meaningful and respect some prior knowledge we may have on the

application domain. Related to this topic, we point the reader to [690], whose recent work describes

the vulnerabilities of counterfactual explanations and shows how we can manipulate them (e.g.,

through small perturbations).

Although not connected to the scope of this work in particular, we also suggest that research

on prototypical learning for other tasks besides classification should be a priority. For instance,

two databases used in this work (i.e., PAPILA and PH2) are also valid for ordinal classification

tasks. Therefore, we will also devote efforts to alternative tasks such as ordinal classification, image

segmentation, or bounding-box regression in object detection.

6.7 Summary and Conclusions

Developing interpretable algorithms by design is the ultimate goal for those who seek fully in-

terpretable models. Understanding and defining the logical flow of the training and inference

procedures of a machine learning algorithm makes it easier for developers to fine-tune or adapt their
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models to users or tasks, better define the strengths and limitations of such models, and answer with

more confidence to an external audit procedure by external stakeholders. Intuitively, we believe

that the more information the user (developer, researcher or end-user) has about the models, the

more trust they will have.

In this Chapter, we studied two types of inherently interpretable deep learning models. We

dedicated the first two Sections to the B-cos networks [682], which replace all linear transforms of

a deep neural network, to induce an alignment between the network’s weights and task-relevant

input patterns [682]. We evaluated the suitability of B-cos networks for medical applications and

concluded that these models achieve more localised visual explanations (i.e., saliency maps) than

their CNN counterparts. However, they also suffer from a slight drop in predictive performance,

thus making it difficult to conclude that these models produce better overall explanations. While

this might be an issue related to hyper-parameter optimisation, the internal mechanism of these

models is still interesting for other tasks. With this in mind, we decided to extend the application

of these models to the task of medical image retrieval, observing that these models attain similar

performances to transformer-based architectures. A future line of research should be devoted to

assessing the quality of the explanations of these models to complement and explain the retrieval re-

sults. In the third Section, we explored the paradigm of prototypical learning with the ProtoPNet [5]

and the Deformable ProtoPNet architectures [656] that use a prototype layer to learn prototypical

parts of the images generating a vector of similarity scores that are combined in the classification

layer to output the final prediction. We aimed to assess the quality of the prototypes learned by

these models. We explored the potential use of the models in counterfactual learning and retrieval,

comparing different embedding spaces.

The main limitation of inherently interpretable models is their training process (requiring more

time and effort on hyper-parameter tuning) and their predictive power (often drops compared to

the baseline counterparts). On the other hand, assuming that we can reach a point where these

models are fully optimised and have the same predictive capacity as the others, the paradigm might

change into always using these, at least in applications related to high-stakes decisions (e.g., finance,

healthcare, justice).



Chapter 7

Conclusion

7.1 Conclusions and Contributions

The spread and permeation of artificial intelligence (AI) into the quotidian happened (is happening)

in a smooth (but disruptive) manner. The (apparent) seamless integration of these algorithms

into several dimensions of people’s lives brought several advantages (e.g., quick and almost free

access to large repositories of data or computational power, simplification of processes, and access

to data-driven decision support systems). However, despite the innovative explosion brought by

AI, society started to look at the risks and (potential) consequences of not regulating this realm,

especially in applications that mostly require high-stakes decisions, where a mistake might change

human life forever. The field of explainable artificial intelligence (xAI) appeared as a framework

to guide researchers, developers, social scientists and policymakers toward designing, developing,

deploying, monitoring and auditing algorithms that should be transparent, reliable and robust. This

doctoral thesis sought to contribute to that body of knowledge.

Using the medical domain as the protagonist of this story, we tackled interpretability in AI for

healthcare from three different points of view, self-contained but complementary (and, in some

cases, sequential):

• Chapter 4: we studied the role of attention mechanisms in deep learning algorithms for

healthcare applications. In this Chapter, we made fundamental and applied contributions. We

started with an exhaustive review of attention-based mechanisms for healthcare, followed by

a comparative study with different models and applications, to assess the potential benefits of

using attention mechanisms and their impact on the visual explanations (i.e., saliency maps)

generated by these models. With this work, we concluded that using attention mechanisms

often increases model complexity, will not always lead to better performances and does

not generate less ambiguous visual explanations. On the other hand, we could not base

our judgement based only on these findings. As such, we decided to explore applications

of these methods where they could have a potential positive impact. In medical image

retrieval, we found that attention-driven models can learn embedding spaces that contain

146
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more meaningful information about the pathology, allowing us to retrieve cases more similar

to the query. In a computational pathology task, we confirmed the quality of feature extraction

methods produced by attention mechanisms (in this case, a transformer) and their power as

an aggregation operator in multiple instance learning (MIL).

• Chapter 5: we studied the role of multi-modal approaches for medical image retrieval tasks

and computational pathology. In this Chapter, we made applied contributions. We proposed

a model-agnostic framework that allows practitioners to optimise their models (and the

learned features) using the triplet loss. We analysed the capacity of traditional machine

learning algorithms, CNNs and ViTs for medical image retrieval under different settings

(i.e., pre-trained, fine-tuned and multi-modal) and concluded that vision transformers (ViTs)

with multi-modal information attained the best results. Later, we extended this study into

attention-based mechanisms (to establish the bridge with the previous Chapter) and confirmed

that ViTs perform well on medical image retrieval tasks, often benefitting from multi-modal

information in the pipeline. We also increased the work on computational pathology (of the

previous Chapter). We assessed the potential use of clinical data (combined with imaging

data) in multi-modal algorithms to predict gene pathway expression. We concluded that a

proper combination (and encoding) of a (specific) set of clinical features with WSI (imaging)

information might contribute to algorithms with increased predictive power and transparency.

Although preliminary, these results are promising and will pave the way for future research

in computational pathology.

• Chapter 6: we studied the role of inherently interpretable deep learning models. In this

Chapter, we made fundamental and applied contributions. We dedicated two Sections to

the study of B-cos networks. We started by assessing the suitability of B-cos networks

for medical applications, concluding that visual explanations obtained from these models

are more localised than the ones obtained by their convolutional neural network (CNN)

counterparts (although not necessarily better). In any case, these promising results pushed us

to extend the application of these models to the task of medical image retrieval (and, once

again, establishing the connection to the previous Chapters). Interestingly, these models

attain competitive results when compared to the transformer-based architectures. In the last

Section, we devoted our time to a line of research that is somehow self-contained but related

to retrieval (connecting with previous Chapters) and, naturally, interpretability. In this last

work, we experimented with the paradigm of prototypical learning with the prototypical

part network (ProtoPNet) and Deformable ProtoPNet architectures, focusing on the quality

assessment of the prototypes learned by these models and their potential use in counterfactual

learning and retrieval.

Hoping to contribute to transparency and reproducibility in scientific research, we added a code

repository to all the works included in the main story of this doctoral thesis (published or not).
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Hence, we hope the curious reader, researcher or student takes the time to audit and (hopefully)

improve all the methodologies described in this work.

7.2 Final Remarks and Future Work

The work described in this doctoral thesis is a journey through different dimensions of the realm

of xAI. In this doctoral research, we explored diverse lines of research and tried to contribute to

solving the challenges presented in the state-of-the-art. As the field of machine learning evolves at a

super-human pace, the attentive reader will notice that, in the same Chapter, several published works

(on the same topic) span across different years. Oppositely, others require extra experiments to

achieve higher maturity and pass the sieve of demanding reviewers. Although we made incremental

contributions from the fundamental perspective or proposed novel application from the applied

perspective, this doctoral work devoted a significant amount of time to auditing and reproducing

(often with extra difficulties) the work of other researchers in the same field. Although not exempt

from personal frustration, this quasi-exhaustive exploration of the state-of-the-art allowed us to have

more intuition on the inner workings of these methods and their potential applications. This thesis

narrates a tale of achieving transparent and interpretable algorithms for healthcare applications.

However, as shown by the collaborations with colleagues from other research fields or by the

methodologies proposed, we ensure the reader that there is space to apply these methodologies in

(virtually) any other domain.

Although each Chapter ends with a summary and different future work directions, the exercise

of writing a doctoral thesis, revisiting previous work or leaving unfinished work behind (at least,

for now) gave us space and time to reflect on different research lines or priorities that could derive

from this thesis:

1. Multi-modal, multi-task and multi-label xAI: given the increase in data availability from

different modalities, this field of machine learning research grows faster. However, we noticed

that most works focus on a single task or try to explain a single modality. Hence, we believe

that the community should now move into developing methodologies to create explanations

that derive from multiple tasks (or labels) regarding different modalities. Understanding

the reasoning process at this level might support research on multi-modal and inherently

interpretable machine learning.

2. Fairness, equity, privacy or causality: some secondary works developed during this doctoral

research briefly touched the topics of fairness, equity or (data) privacy. Causality is a common

factor in these topics, but research in causal computer vision is still open. While the technical

communities (computer science, engineering) might model causality with a specific type or

number of assumptions, when talking to other communities (philosophy, law, clinical), we

might notice some divergence in their understanding of these topics.
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3. Deployment of algorithms and user-centric studies: the ideal process of development of

xAI algorithms should mimic the traditional pipeline of software development where there

is an explicit concern with the validation of the functionalities, the understanding and

documentation of the limitations or edge cases of the applications. Moreover, this line also

relates to evaluating the quality or relevance of model explanations (visual or not). By doing

user studies, we could know better what is fundamental for specific domain communities and

prepare further research protocols accordingly and in a data-driven manner. These studies

take time to prepare, conduct and validate, but their benefits should be enough to overcome

these challenges.
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