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Abstract

Deep Learning has emerged as a strategic area in medical image diagnosis, with numerous
studies exploring automation in this field. However, many existing approaches attempt to
fully replace medical professionals by relying exclusively on model predictions. This thesis
presents an alternative strategy, proposing Deep Learning architectures designed to support,
rather than replace, physicians in diagnostic tasks.

Two distinct methodologies are explored to achieve this goal: Content-Based Image Re-
trieval and eXplainable Artificial Intelligence. Content-Based Image Retrieval system enables
physicians to compare complex cases with similar ones from a curated database, enhancing
decision-making through feature-based similarities. The eXplainable Artificial Intelligence
approach provides visual explanations through heatmaps, indicating the regions of interest
detected by the model.

The thesis introduces two novel architectures—Multi-Output Classification Autoencoder
(MOC-AE) and Multi-Output Classification Variational Autoencoder (MOC-VAE). These
models employ multi-objective training to generate rich image descriptors, capturing both
pathological and anatomical information. These descriptors are then used to identify visually
similar cases in a low-dimensional space. To address the challenge of quantifying visual
similarity in Content-Based Image Retrieval, the Sliced Wasserstein distance is proposed,
offering a robust metric for comparative diagnosis.

Furthermore, the thesis demonstrates the utility of these architectures in generating precise,
non-linear explanations for diagnoses, leveraging the factorization process inherent to the
models. The simplicity and enhanced performance of the proposed approaches, compared to
prior methods, offer a foundation for future research and real-world applications in medical
diagnostics using Deep Learning.
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Resumen

El Deep Learning ha surgido como un area estratégica en el diagnostico de imégenes médicas,
con numerosos estudios que exploran la automatizacién en este campo. Sin embargo, muchos
enfoques actuales buscan reemplazar por completo a los profesionales médicos basandose
unicamente en las predicciones de los modelos. Esta tesis presenta una estrategia alternativa,
proponiendo arquitecturas de Deep Learning disenadas para apoyar, en lugar de reemplazar,
a los médicos en tareas diagnosticas.

Se exploran dos metodologias distintas para alcanzar este objetivo: Sistemas de Recuperacién
de Imagenes Basada en Contenido e Inteligencia Artificial Explicable. Los Sistemas de
Recuperacion de Iméagenes Basada en Contenido permiten a los médicos comparar casos
complejos con otros similares de una base de datos curada, mejorando la toma de decisiones
mediante similitudes basadas en caracteristicas. El enfoque de la Inteligencia Artificial
Explicable proporciona explicaciones visuales a través de mapas de calor, que indican las
regiones de interés detectadas por el modelo.

La tesis introduce dos arquitecturas novedosas: el Autoencoder de Clasificacion Multi-Salida
(MOC-AE) y el Autoencoder Variacional de Clasificacién Multi-Salida (MOC-VAE). Estos
modelos emplean un entrenamiento multiobjetivo para generar descriptores de imagenes
enriquecidos que capturan tanto informacion patologica como anatémica. Estos descriptores
se utilizan para identificar casos visualmente similares en un espacio de baja dimensionalidad.
Para abordar el desafio de cuantificar la similitud visual en Sistemas de Recuperacion de
Imagenes Basada en Contenido, se propone la distancia de Wasserstein por secciones, ofreciendo
una métrica robusta para el diagndstico comparativo.

Ademas, la tesis demuestra la utilidad de estas arquitecturas para generar explicaciones
precisas y no lineales de los diagndsticos, aprovechando el proceso de factorizacién inherente
a los modelos. La simplicidad y el rendimiento mejorado de los enfoques propuestos, en
comparacion con métodos anteriores, ofrecen una base solida para futuras investigaciones y
aplicaciones reales en diagnésticos médicos utilizando Deep Learning.
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Chapter 1

Introduction

Artificial Intelligence (AI) have revolutionized the science, society and industry. There have
been many areas historically benefited from the use of Deep Learning (DL) [216], [231].
Machine Learning (ML) is able of extracting features from data sources, analyzing and
discovering patterns in the information to produce smart decisions.

However, these concepts are not novel to the present era; almost since the beginning of
humanity, we have been interested in replicating human behaviors in different ways. The
golems of the Jewish folklore already captured the idea of creating synthetic creatures capable
of having some kind of consciousness. Then, probably the first effort in translating human
reasoning to formal mechanisms comes with Aristotelian logic that tried to translate human
mechanisms of thinking to logic systems.

From that point on, humans have developed many different techniques to simulate human
thinking. The concept and limits of Al have evolved with its results. Besides being a term
coined in 1956 in the Dartmouth Conference [152], it is a concept almost inherent to humans.
By analyzing Al through time, one can see that, in spite of what period of time is being
analyzed, the most developed technology of each era was used to translate human thinking to
an inanimate object.

The golems of the myths were created with mud or clay, which was the available materials of
people at that age. But with further advances, the technology of the time was put in service of
that proto Al. Heron of Alexandria designed a moving theater, powered with counterweights,
that was able of reproducing a theatrical scene, inventing the automata. Years later, Ada
Lovelace used the Analytical Machine invented by Charles Babbage to create programs that
performed calculations in an intelligent manner. The Analytical Machine, at its time, was the
most innovative device available, and Ada Lovelace leveraged it to create proto Al programs.
It is easy to see the trends towards using the available technology at the time to develop
methods of translating human reasoning to synthetic mechanisms. Later, with the work
of Alan Turing with the Turing Machine, Al was born as it is considered nowadays, using
computers at its basis.

But it can be seen that one of the most important milestones of Al in the last decade was
possible because of Big Data [63]. The huge growth in available data greatly marks advances
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in AT [2]. In this sense, ML is capable of benefiting from all this data to extract complex
patterns from it.

The data era where we are immersed [31] marks the development of Al in a similar way as
the Analytical Machine or the Turing Machine, we use the available technology of our time,
which is the data. In a world where data defines our behavior, this information is used to
develop intelligent programs to automate different tasks.

This context is the perfect breeding ground for the huge development of DL [110]. Many
areas of science and industry have implemented Al to solve different problems [66], [98], [192].

One of the most successful areas of DL is Computer Vision. Recently, many researches have
been published focusing on image processing with Artificial Neural Networks [99], [134], [188].
The use of Convolutional Neural Networks (CNNs) [58] has revolutionized DL possibilities
in Computer Vision. CNNs are a type of Artificial Neural Network for image processing
based on convolutional operation. The convolutions of the network learn to extract complex
patterns in the images during their training. Because of their adaptability, CNNs have been
used in many different fields, from Industry 4.0 [112] to drug discovery [225].

One of the main problems of DL is that the models are black-box systems, therefore their
predictions are not explainable. This is specially important when they are applied in sensible
areas, such as law or defense [18].

Several approximations have been followed to tackle this. eXplainable Artificial Intelligence
(XAI) is an area of research focused on providing explanations to ML black-box models. Tt
is based on finding explanations that are related with the predictions gave by the models.
Content-Based Image Retrieval (CBIR) is another possibility to create models that do not
fully rely on the prediction of the model. CBIR systems are Computer Vision systems that
retrieve the most similar images from a database based on a query. This way the professional
has the last word in the prediction and the ML system acts as a search engine over the
database.

As in many other fields, medicine can be smartly used DL to alleviate human tasks. This
aspect is particularly important, by reducing the time that physicians consume on doing
certain tasks, their time can be heavily optimized, reducing the amount of futile tasks they
have to do and making it possible to use their time for more specific and important procedures.
Medical centers need to optimize their processes, and by applying these types of techniques,
they can use their resources in a more intelligent manner. Nevertheless, Al is considered to
never be able to replace human professionals in the medical area [83], but rather to change
their procedures and protocols, to allow human efforts to adapt to the real necessities of the
medical centers, and not to tedious and useless tasks. In addition, physicians workload is
usually very high [146] and there is an inverse correlation between workload and productivity

[168].

Most of recent research on medical diagnosis with DL focuses on predicting characteristics of
the patients with neural networks [54]. But this approximation tries to substitute the human
task with the prediction of an algorithm.

Among other applications of DL in medical tasks, Clinical Decision Support System (CDSS)
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has emerged as one of the most disruptive and applicable techniques in the area [131], [200],
[237]. CDSS are any kind of system that supports the professional task instead of completely
substituting it. Many efforts have been made to ease diagnostic tasks in medical centers,
from the introduction of new modern technology [94] to leverage previous data to perform
comparative diagnostics or use XAl techniques.

Comparative diagnosis consists of providing the physician with a set of similar samples when
receiving a new case for diagnostic. The recommendation provided to the physician serves as a
second opinion to better diagnose the patient. In this way, the physician can compare the new
case with previous information that can be used to decide the possible pathologies the patient
is suffering. Specially for difficult cases, where comparison can greatly improve professional
accuracy. In addition, comparative diagnostic makes it possible to use past knowledge to
access the clinical reports of similar cases and use this information to their advantage.

In this context, the focus of this thesis is to research and develop new DL techniques for
medical diagnostics. This objective will be divided into different milestones, first new models
of CBIR will be developed and studied to achieve a comparative tool that physicians could
use to compare difficult cases. One of the main problems that will be studied and discussed
along the thesis is the difficulty of providing precise and comprehensive similar cases for a
given query. The notion of precision in medical diagnosis is often associated with pathological
similarities, i.e. a precise recommendation should share the same pathologies as the input

query.

Besides being correct, this association has different flaws. First, when the dataset pathologies
are not correctly labeled, this approximation does not work properly. Datasets poorly labeled
are common in medicine, because some pathologies are not limiting to the patient and these
types of pathologies are most of the time not identified. Secondly, only analyzing pathological
similarities between images is not correct because its biased towards classification models.

It is necessary to also evaluate the visual similarity between images. The visual similarity
between images should be focused on evaluating the ease of comparison between cases because
it is easier to compare images when they are visually similar. This ease of comparison helps
professional’s diagnostic specially in finer details, where it is possible to compare two cases
focusing on the small features that differ one case from the other.

Therefore, a complete CBIR system should focus on both aspects at the same time, visual and
pathological similarity. Abstracting the medical diagnosis, the final objective is to develop a
model that focus on geometric and semantical features of the images. By capturing geometric
features of the images that are being analyzed, the model should focus on images that are
easy to compare. However, capturing semantical characteristics of the images will ensure that
the images are not only visually appealing, but also interesting from a professional analysis
perspective.

In this context, this thesis proposes two DL architectures for medical CBIR the Multi-
Output Classification Autoencoder (MOC-AE) and Multi-Output Classification Variational
Autoencoder (MOC-VAE). First, the core idea of the research is proposed with MOC-AE,
which consists of generating enriched embedding spaces combining the Autoencoder (AE)
architecture along with a classifier. The idea is that with the combination of both techniques,
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it is possible to construct descriptors of medical cases that store information about semantical
and visual characteristics of the patients. The proposal of these architectures follows previous
researches that generate image descriptors using AEs [118] and classifiers [161]. The research
of the thesis tries to combine both approximations under the same framework, obtaining
not only results that exceed previous architectures better balancing visual and semantical
features, but also producing more precise recommendations in absolute values.

Therefore, the main contribution of the proposed architectures is based on enriching and
filtering the contents stored in the latent space by combining different objectives in the Neural
Network architecture. This idea is deeply studied and the results suggest that including more
information in the latent space is beneficial for image recommendation tasks. This is probably
possible because the information stored in the latent space is force to focus on relevant areas
of the image because of the classification output, whereas irrelevant areas, from a clinical
perspective, are less prominent in these descriptors.

At the initial stage of the research, MOC-AE is proposed and studied in a comparative manner
against other work of the state-of-the-art. To ensure the performance of the architecture, it is
decided that comparing with the most developed state-of-the-art architecture will shed light on
the real model’s performance. Thus, MOC-AE is compared against the work of Kobayashi et
al. [118], which uses a similar AE architecture to produce recommendations of the Multimodal
Brain Tumor Segmentation Challenge (BraTS) dataset [20], [21], [143], containing tumor
brain images with segmentation labels. The results suggest that MOC-AE outperforms the
previous work, not only better balancing the pathological and visual attributes but also better
detecting tumors in the cases.

Once it is certified that the model performance is, at the very least, comparable with similar
approximations, it is decided to deeply study the behaviour of MOC-AE. First, the model
is compared against traditional DL architectures of CBIR, in particular AEs and classifiers.
These architectures are the base of the construction of the MOC-AE architecture, so it is
crucial to compare it with its counterparts. However, an evolution of MOC-AE is proposed to
improve the latent space representation.

Because the system is based on the recommendation of similar cases from a latent space, an
evolution of MOC-AE is presented in MOC-VAE. This new architecture regularizes the latent
space, making it complete and continuous. This is done following the training scheme of
Variational Autoencoder (VAE) [116]. With these characteristics, the recommendations that
are done in this space are strengthened and improved. The results confirm that MOC-VAE
outperforms MOC-AE in medical image recommendation tasks. This second iteration of
studying the MOC-AE and MOC-VAE architectures is done using the Padchest dataset [30],
that contains chest X-ray images.

One of the main problems with respect to the evaluation of these systems is the evaluation
of the performance of CBIR. There is no consensus in the literature on how to measure the
results of a CBIR system. Most of the previous works evaluate the performance of their
models by using Precision@k, Recall@k or their derivatives [126], which are metrics related to
correlation between the query class and the retrieved image classes. As discussed before, this
approximation lacks in evaluating visual similarity between cases, which is a crucial aspect
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of the recommendation. However, the current possibilities for evaluating visual similarity
between images are very poor. Thus, a new metric for evaluating visual similarity between
images is proposed in this thesis. The Sliced Wassersterin distance [28] is a variation of
the Wasserstein distance [183] that improves the efficiency of the calculations. This metric
was proposed to evaluate distances between probability distributions, but to the autho