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Abstract Espanol

El objetivo de este proyecto es desarrollar un modelo de deep learning “explica-
ble” para analizar imagenes médicas, al mismo tiempo que se crean herramientas
de visualizacién faciles de usar que se pueden aprovechar en entornos clinicos para
mejorar la atencién al paciente. Al utilizar los tltimos avances en técnicas de deep
learning, este modelo tiene como objetivo proporcionar resultados mas precisos e
interpretables, lo que permite a los médicos tomar decisiones mejor informadas.

Abstract

The goal of this project is to develop an ‘explainable’ deep machine learning
model for analyzing medical images, while also creating user-friendly visualization
tools that can be used in clinical settings to enhance patient care. By leveraging
the latest advances in deep learning techniques, this model aims to provide more
accurate and interpretable results, enabling clinicians to make better-informed
decisions.
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1 Introduction

In the last two decades the availability of large collections of health data has
dramatically increased [1]. In combination with AI, bigdata, and massively par-
allel computing, it offers the potential to create a revolutionary way of practicing
evidence-based, cost-effective, and personalized medicine [2]. Doctors no longer
have to rely on their own experience and education to diagnose and treat pa-
tients, but rather can access models trained on thousands of cases to make better
decisions.

Al techniques can be used in three main areas of care: early disease prediction
and diagnosis, treatment, as well as outcome prediction and prognosis evalua-
tion [3].

Leveraging big data techniques in healthcare enhancements brings not only
opportunities, but challenges [4]. Besides issues in annotation or labeling data,
transparency also relates to model interpretability or explainability. In other
words, humans should be able to understand or interpret how a given technol-
ogy reached a certain conclusion or prediction [5]. This kind of ‘transparent’ Al
contrasts the ‘opaque’ or ‘black box’ approach. It is thought that if the system’s
reasoning can be explained, then humans can verify whether the reasoning is cor-
rect. If the system’s reasoning cannot be explained, such evaluation would not be
practically feasible. However, there are trade-offs in certain instances, enforcing
transparency and interpretability can potentially result in decreased accuracy or
predictive performance of a model [5].

Healthcare abounds with possible applications where predictions put patients
at risk. For instance: predicting patient risk of sepsis (a potentially life threatening
response to infection), predicting tumor malignancy from images, predicting a
patient’s likelihood of readmission to the hospital, and predicting the need for end
of life care, just to name a few [6]. Therefore, not only accuracy should be taken
into consideration when using these models, but also the capacity of the model to
‘explain’ how it reached certain prediction.



This work focuses on implementing an ‘explainable’ model with deep machine
learning techniques to provide accurate predictions. The model is trained and
tested using a dataset of medical images to evaluate its accuracy and interpretabil-
ity. The aim is to demonstrate that explainable models can provide interpretable
predictions while maintaining a high level of accuracy, making them a suitable
option for use in clinical settings.

Simultaneously, a set of visualization tools are developed as part of this work to
gain a deeper understanding of the model’s internal workings. These visualization
tools enable the identification of critical features used by the model for making
predictions and provide insight into the decision-making process. This allows clin-
icians to gain a better understanding of the reasoning behind the predictions,
making it easier for them to interpret and trust the model’s results. By developing
an explainable model with visualization tools, this work aims to contribute to the
field of medical image analysis and improve patient care.



2 Context

2.1 Definitions

Before introducing the context of explainable deep learning models applied to
health-related domains, a few concepts will be presented, as they are common
terms that have specific meaning in the XAI community. The list is based in a
compendium made by Barredo et al [7].

Understandability (or equivalently, intelligibility): denotes the charac-
teristic of a model to make a human understand its output, how the model works,
without any need for explaining its internal structure or the algorithmic means by
which the model processes data internally and reaches each output [§].

Comprehensibility: when conceived for ML models, comprehensibility refers
to the ability of a learning algorithm to represent its learned knowledge in a hu-
man understandable fashion. The results of computer model should be symbolic
descriptions of given entities, semantically and structurally similar to those a hu-
man expert might produce observing the same entities. Components of these
descriptions should be comprehensible as single ‘chunks’ of information, directly
interpretable unnatural language, and should relate quantitative and qualitative
concepts in an integrated fashion. Given its difficult quantification, comprehensi-
bility is normally tied to the evaluation of the model complexity [9].

Interpretability: it is defined as the ability to explain or to provide the
meaning in understandable terms to a human [7].

Explainability: explainability is associated with the notion of explanation as
an interface between humans and a decision maker that is, at the same time, both
an accurate proxy of the decision maker and comprehensible to humans [10].

Transparency: a model is considered to be transparent if by itself it is un-
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derstandable. Since a model can feature different degrees of understandability,
transparent models are divided into three categories: simulatable models, decom-
posable models and algorithmically transparent models [11].

In the context of XAI, understandability is the most important concept. Both
transparency and interpretability are closely related to this concept. Transparency
refers to a model’s ability to be understood by humans without additional explana-
tion. Understandability, on the other hand, is the measure of how well humans can
comprehend a model’s decision. Comprehensibility is also linked to understand-
ability because it depends on the audience’s ability to understand the knowledge
encoded in the model.

While explainability and interpretability are related, they are not interchange-
able. Explainability is concerned with providing a high-level understanding of a
model’s behavior, while interpretability is concerned with understanding the spe-
cific mechanisms that underlie that behavior. Both are important in different
contexts, and deep learning researchers and practitioners need to consider both
when building and evaluating models.

2.2 Responsible Al

According to Trocin et al. [12], recent studies have shown that AT used in clini-
cal settings has the potential to create unintended consequences, such as biases,
discrimination, errors or unexpected results. Therefore, the need arises to create
artificial intelligence models that take these risks into account. This is how the
field known as Responsible Al was born.

Responsible Al is a governance framework that uses to harness, deploy, evalu-
ate, and monitor Al machines to create new opportunities for better service provi-
sion [I3]. Its main focus is designing and implementing ethical, transparent, and
accountable Al solutions that help maintain individual trust and minimize privacy
invasion. Responsible Al understands the implications and risks these techniques
carry with them and places humans (e.g., end-users) at the center, without for-
getting stakeholder expectations and applicable regulations and laws. Prior to
designing and implementing responsible Al, organizations need to understand the
practices that will help them drive ethics and trust of Al use.

Mittelstadt [14] proposes a set of nine ethical principles for designing respon-
sible models and devices: 1. Facilitate public health actions and user engagement
with research via the model; 2. Non-maleficence and beneficence; 3. Respect
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autonomy and avoid subtle nudging of user behaviour; 4. Respect individual pri-
vacy; 5. Respect group privacy; 6. Embed inclusiveness and diversity in design;
7. Collect the minimal data required; 8. Establish and maintain trust and confi-
dentiality between model users and providers; 9. Ensure data processing protocols
are transparent and accountable.

As stated in the previous definitions and as expressed by Kumar [15], core to
Responsible Al is Explainability. Models need to be constructed with not only
accuracy as a target, but also the capacity to explain their results.

2.3 Explainabililty in Healthcare

2.3.1 Model-specific vs. Model-agnostic

Chen et al. [16] propose a classification of interpretable models in two categories:
model-specific and model-agnostic.

Model-specific or intrinsic interpretability consists in the adoption of models
that are explainable by design. The architecture is created in such a fashion that
following the internals from input to output is straightforward.

In opposition, model-agnostic methods are created by using a separate model to
provide explanations for an existing model. These techniques have the advantage
of allowing developers to use any machine learning model they prefer, without
having to sacrifice prediction performance in order to provide explanations.

2.3.2 User-Friendly Explanations

User-friendly techniques for explainability in deep learning focus on presenting
the output of a model in a way that is easily understandable and usable for non-
experts. These techniques can help users gain insights into how a model works
and why it makes certain predictions.

Some of the most common user-friendly techniques for explainability include:

1. Visualization [I7]: This involves presenting the output of the model in a
visual format, such as a heatmap or a graph, to help users understand how
the model is processing the input data.

12



2. Feature Importance [I8]: This technique involves identifying which features
of the input data are most important for the model’s output. This can help
users understand which aspects of the input data are driving the model’s
predictions.

3. Counterfactual Explanations [19]: This technique involves presenting alter-
native scenarios to the user, showing what changes would need to be made
to the input data to achieve a different model output. This can help users
understand how the model is making its predictions and why it may have
made a particular decision.

4. Natural Language Explanations [20]: This technique involves presenting the
output of the model in natural language, allowing users to understand the
model’s predictions without requiring technical knowledge.

2.4 Positioning of this work

In the next chapter, a novel deep learning architecture will be presented which has
been specifically designed to provide explainability for the classification of medical
images. This architecture has been carefully chosen to provide explainability by
design, as described in [2.3.1]

To achieve this level of explainability, this work will focus on several key expla-
nations techniques defined in 2.3.2] Firstly, visualization methods will be used to
show the prototypes learned by the model and how these evolve over the training
epochs. By comparing test images to these prototypes, users can gain a better un-
derstanding of how the model is making its classifications and the specific features
that are being used to do so.

Secondly, the prototypes learned by the model will be treated as features in the
last two layers of the architecture. This approach will allow for a detailed analysis
of which features are more important than others in order to classify each image.

Finally, the model will be able to provide counterfactual explanations. This
means that the model will not only compare test images to the prototypes of the
correct class, but also to all prototypes in the incorrect classes. This information
can be interpreted as an explanation of why the other classes did not manage to
win in the classification poll.

Overall, this deep learning architecture has been designed with a strong focus
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on explainability. By incorporating a range of visualization techniques, feature
importance analysis, and counterfactual explanations, users can gain a deeper
understanding of the model’s decision-making process and the specific features
that are being used to classify medical images.
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3 Prototype-based Deep Learning

3.1 Origins

One post-hoc mechanism for explaining the decisions made by a model might be
to report (in addition to providing predictions) which other examples the model
considers to be most similar [I1]. After training a deep neural network or latent
variable model for a discriminative task, we then have access not only to predictions
but also to the learned representations. Then, for any example, in addition to
generating a prediction, we can use the activations of the hidden layers to identify
the nearest neighbors based on the proximity in the space learned by the model.
This type of explanation by example has similarities to how humans use analogy to
justify actions, such as when doctors refer to case studies to support a treatment
protocol.

Based on the previously presented ideas, a group of researchers from Duke Uni-
versity created a deep network architecture that takes images as input and outputs
predictions and explanations based on prototypes. They called this network Pro-
totypical Part Network or ProtoPNet [2I]. They attempted to replicate in the
architecture the reasoning process some professionals, such as physicians, use to
classify images. This network dissects images to find similar patches in known
images from each category, and finally makes the classification based on which
category had the most similarities with the input image. It is important to note
that in the input data there is no reference to which parts should be compared,
in other words, the model is responsible for finding the regions of interest in each
image; the only input besides the image is its category label.

In the mentioned paper, researchers tested the model with two datasets: one
comprising bird images to be classified in species [22], and the other car images to
determine their model [23]. As part of this work, the ProtoPNet architecture will
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be applied to medical images, as it seems reasonable that the same approach can
be used to assist health care professionals to give a diagnostic from an image and
provide an adequate explanation for the decision.

3.2 ProtoPNet Architecture

As explained by Chen et. al.[2I], the ProtoPNet architecture comprises three mod-
ules: a convolutional neural network f, a prototype layer gp and a fully connected
layer h. A scheme of the architecture can be observed in

For the convolutional layer f, VGG-19 pre-trained on ImageNet was used in
this thesis; similarly to what the Duke team found, that is the model that yielded
the best results. On top of VGG-19 two additional 1 x 1 convolutional layers are
used.

After an image x passes through the f layer, it enters the prototype layer gp.
In it, the model will learn m prototypes. Each prototype has the same depth as the
convolutional output but smaller height and width. These prototypes represent
a specific pattern of activation in a particular patch of the convolutional output.
This pattern corresponds to a particular image patch in the original pixel space.
Therefore, each prototype represents a latent representation of a specific part of
x.

After the prototype layer generates similarity scores, these scores are multiplied
by the weight matrix in the fully connected layer h. The resulting output logits
are then normalized using softmax to obtain predicted probabilities indicating the
likelihood of a given image belonging to different classes.
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Figure 3.1: ProtoPNet architecture [21]

3.3 Training Algorithm

As explained by Chen et. al. [21], the training process of ProtoPNet is divided
into: (1) stochastic gradient descent (SGD) of layers before the last layer; (2)
projection of prototypes; (3) convex optimization of last layer.

3.3.1 SGD of layers before last layer

During the initial training phase, the objective is to create a meaningful latent
space where crucial image patches for classification are grouped together (using
||-|l2-distance) around prototypes that represent semantically similar classes. Ad-
ditionally, the model tries to ensure that the clusters centered on prototypes from
different classes are distinct and well-separated. To accomplish this, stochastic
gradient descent (SGD) is used to optimize both the convolutional layers’ param-
eters and the prototypes in the prototype layer simultaneously, while keeping the
last layer’s weight matrix unchanged.

Given:

e Convolutional layers’ parameters: weon,
e Number or prototypes: m

e Prototypes in prototype layer: P = {p; i1
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The optimization problem to solve is:

n

1
min — Z CrsEnt(h o gp o f(z;),y;) + A\ Clst + AaSep (3.1)

vaconv n
i=1
where CrsEnt is the cross-entropy loss, and Clst and Sep are defined as:

n

1

Clst = = min min . .
N4 IPiChy; ZEpatches(f(xi))H p;ll2 (3.2)
1 & . . 2

Sep= =5 2 I i Pl (33)

n Y j:pjgéPyi z€patches(f(x;))

and A\; and Ay are tuning parameters.

3.3.2 Projection of prototypes

In order to visualize the prototypes as training image patches, the training process
includes a technique that involves projecting (“pushing”) each prototype onto
the nearest latent patch from a training image that belongs to the same class as
the prototype. By doing so, each prototype can be essentially considered to be
equivalent to a training image patch.

Mathematically, for prototype p; of class k, i.e., p; € Py, the update is per-
formed as follows:

by - argminlz — s (3.4)
where:
Z ={Z:z € patches(f(x;)) Vi s.t. y; = k} (3.5)

To expedite the training process, we perform the projection of prototypes once
every ten epochs instead of every iteration. As explained later in this document,
a visualization mechanism has been developed as part of this work to monitor
the evolution of each prototype. This mechanism confirms that prototypes do not
change frequently enough to necessitate projecting them in every epoch.
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3.3.3 Convex optimization of last layer

In the last training phase, a convex optimization is performed on the weight matrix
wy, of the last layer h. The goal here is to adjust the last layers weights w,(f’J ) for
k and j with p; ¢ Py, so the final model has the sparsity property w}(f’j) ~ 0. In
other words, it is desired that the model relies less on a negative reasoning process
such as “this image is of class [ because it is not of class k”.

In other words, a Lasso Regularization is applied to the optimization algorithm
(Stochastic Gradient Descent). The network minimizes the loss function plus the
regularization penalty, leading to a balance between fitting the training data and
maintaining a simpler model. In practice, the lasso regularization penalty has the
effect of setting some of the weights in the network to zero, effectively eliminating
some of the features in the input data, which in this case turns to be some prototype
p; of class k.

Mathematically, the optimization problem to solve is:

n K

1 k.

= " CrsEnt(h Do) A ) ) 3.6
I?uinnizl rsEnt(h o gp o f(x:), i) |wy, ] (3.6)

k=1 jip; ¢Py

In this stage, all parameters in the convolutional and prototype layers are held
constant. Consequently, the optimization process is convex and enhances accuracy
without modifying the learned latent space of prototypes.

3.4 Datasets

3.4.1 Initial tests

In order to ensure the replicability of the results presented in the ProtoPNet paper,
the first experiment was conducted using the original dataset of bird images [22].
However, this process was not without its challenges. Technical difficulties such as
hardware differences, specifically GPUs used for training the model, and PyTorch
version had to be overcome. Despite these challenges, the first experiment was
successful in reproducing the published results.

To gain a deeper understanding of how the model generates prototypes and
learns, the next experiment utilized a dataset of clothing images [24]. This ap-
proach was chosen due to the relative ease of identifying different parts of cloth-
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ing items compared to medical images, such as tumors, which require specialized
trained medical professionals to verify the model’s performance. To further evalu-
ate the explainability power of ProtoPNet, a bee images dataset [25] was employed
as an intermediate step before moving on to medical images.

3.4.2 Skin Lesion Images Dataset

The primary dataset utilized in this study is sourced from the ISIC Challenge
2019 [26] [27] [28]. The International Skin Imaging Collaboration (ISIC) is an
international organization that aims to improve the diagnosis of melanoma and
other skin conditions through the use of artificial intelligence and machine learn-
ing [29]. The organization hosts an annual challenge known as the ISIC Challenge,
which is a widely recognized benchmark for the evaluation of automated melanoma
detection systems.

The ISIC Challenge provides participants with a dataset of skin images, in-
cluding both benign and malignant lesions, which are annotated by a team of
dermatologists. Participants are required to develop and submit a computer algo-
rithm that can accurately classify skin lesions. The algorithms are then evaluated
based on their accuracy, sensitivity, specificity, and area under the receiver operat-
ing characteristic (ROC) curve. The ISIC Challenge also includes a sub-challenge
focused on lesion segmentation, which involves accurately identifying the bound-
aries of skin lesions within an image.

The dataset sourced from the 2019 challenge includes 25,331 images of skin
lesions that have been classified into eight distinct disease categories: Melanoma
(MEL), Melanocytic nevus (NV), Basal cell carcinoma (BCC), Actinic keratosis
intraepithelial carcinoma (AK), Benign keratosis (BKL), Dermatofibroma (DF),
Squamous cell carcinoma (SCC) and Vascular lesion (VASC). Figure shows

the distribution of images per class available in the training dataset.

The results obtained using this dataset will be detailed later in this document.

3.4.3 Other Medical Datasets Explored

A couple of additional datasets were used for both training and testing, but did not
yield satisfactory results. These datasets, which will be listed below, were likely
unsuitable for ProtoPNet due to certain characteristics of the images. Potential
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Figure 3.2: Number of images per class in the ISIC Challenge 2019 dataset

hypotheses for why ProtoPNet may have underperformed on these datasets will
be presented. However, a comprehensive analysis of why ProtoPNet was unable
to achieve satisfactory levels of accuracy and explainability on these datasets will
be left for future work, as it falls beyond the scope of the current study.

3.4.3.1 Brain MRI Images Dataset

The TCGA-LGG dataset [30] is a commonly used dataset in the field of medical
imaging, particularly in the analysis of brain tumors. The dataset includes MRI
images of both healthy brains and brains with various types of tumors. ProtoPNet
was evaluated on this dataset to assess its ability to accurately classify the images
and provide meaningful insights into the underlying features that distinguish tu-
mors from healthy brain tissue.

However, the results obtained from ProtoPNet on the dataset were not par-
ticularly informative in terms of explainability. One possible explanation for this
could be the lack of identifiable characteristics in the tumor images. Unlike skin
lesions, which often exhibit visible features such as color, texture, and shape, the
tumors in the TCGA-LGG dataset lack clear distinguishing features that could
help the model identify ten different prototypical parts, as can be seen in Figure
5.0l
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Figure 3.3: Sample MRI images from the TCGA-LGG dataset
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Figure 3.4: Sample Retinal Fundus from the RFMiD

3.4.3.2 Retinal Fundus Images Dataset

The Retinal Fundus Multi-Disease Image Dataset (REMiD) [31] is a comprehensive
dataset that contains 3,200 fundus images, each of which has been annotated with
one of 46 retinal conditions through the adjudicated consensus of two senior retinal
experts. ProtoPNet was evaluated on this dataset to assess its ability to classify
these conditions accurately and provide insights into the relevant features that
distinguish them from one another.

However, ProtoPNet failed to create good prototype images on the RFMiD
dataset. One possible explanation for this is that retinal conditions often manifest
as subtle changes in the overall texture of the image, rather than appearing as
distinct regions or shapes, as is often the case with skin lesions. In figure there
are eight retina images with different conditions, it can be observed how subtle
the chages are. This makes it challenging for a model like ProtoPNet, which is
designed to identify prototypes in specific regions of an image, to effectively capture
the relevant features that distinguish between the different conditions.

Additionally, the high dimensionality of the fundus images presents a signifi-
cant challenge for training models, as it requires a correspondingly large amount
of memory to process. In order to make the RFMiD dataset more manageable
for ProtoPNet, the images were down-sampled prior to testing. However, this ap-
proach may have impacted the quality of the results obtained, as some information
may have been lost in the re-scaling process.
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3.5 Metrics

When developing and evaluating a deep learning model, it is essential to use appro-
priate performance metrics to assess its effectiveness. In this study, two primary
metrics were used: accuracy and recall.

3.5.1 Accuracy

Accuracy is a performance metric that measures the percentage of correctly pre-
dicted examples in a dataset. It is one of the most commonly used metrics in
machine learning, particularly for classification problems where the goal is to as-
sign examples to one of two or more classes.

Accuracy is calculated as the number of correct predictions divided by the total
number of predictions made by the model. It provides a measure of the model’s
overall performance in terms of its ability to correctly classify examples. A high
accuracy score indicates that the model is effective at making correct predictions,
while a low accuracy score suggests that the model may be making more incorrect
predictions than correct ones.

Accuracy is an important metric for deep learning models because it is easy to
understand and interpret. It provides a general measure of the model’s prediction
performance, and it can be used to compare the performance of different models or
different versions of the same model. However, accuracy has some limitations. For
example, it may not be appropriate when the distribution of classes in the dataset
is imbalanced, where the majority of examples belong to one class. In such cases,
the model may achieve a high accuracy simply by predicting the majority class for
all examples, which may not be useful in practice.

3.5.2 Per-class Recall

In deep learning, recall is a performance metric that measures the ability of a
model to correctly identify all positive examples in a dataset. Recall is calculated
as the ratio of true positives to the sum of true positives and false negatives.
In other words, it measures the proportion of actual positive examples that are
correctly identified as positive by the model. A high recall indicates that the model
is effective at identifying positive examples, while a low recall suggests that the
model may be missing some positive examples.
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Recall is an important metric for deep learning models because it reflects the
model’s ability to correctly identify instances of the target class, which is often the
main objective in many real-world applications. For example, in medical diagnosis
as is the case in this work, it is crucial to identify all cases of a particular disease,
even if it means potentially identifying some healthy patients as positive (i.e., a
false positive).

Per-class recall, also known as class-specific recall, is a variant of recall that is
calculated separately for each class in a multi-class classification problem. It was
the appropriate variant to use here, as the experiments conducted were multi class
problems. Per-class recall measures the proportion of positive instances in each
class that are correctly identified by the model, and is calculated using the same
formula as recall but applied to each class separately.

By using both accuracy and per-class recall as performance metrics, this study
aimed to evaluate the overall effectiveness of the deep learning model. While
accuracy provides a general indication of the model’s prediction performance, recall
provides a more specific insight into the model’s ability to identify the target
class. Together, these metrics provide a more complete picture of the model’s
strengths and weaknesses, enabling researchers to fine-tune the model and improve
its performance.
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4 Contributions

This chapter presents the main contributions of the work, starting with an overview
of the visualization tools developed to facilitate the interpretation of the results.
The mechanisms used to improve both accuracy and explainability are then ex-
plained, including techniques such as pruning duplicate prototypes, modifying the
loss function, and analyzing the top-k predictions. By leveraging these meth-
ods, a significant improvement has been achieved in both the performance and
interpretability of the deep learning model. Overall, this chapter provides a com-
prehensive summary of the innovative approaches taken to address the challenges
of medical image analysis.

4.1 Visualization

Visualization is crucial for explainability in deep learning models because it helps
humans understand how the model makes its predictions. Event though ProtoPNet
is an architecture designed to be interpretable, visualization can help make the
inner workings of this models more transparent.

Visualization can also be used to identify and diagnose problems with a deep
learning model. For example, visualization tools developed in this work were used
to find problems with prototype images being repeated.

Furthermore, visualization can help build trust in deep learning models, which
is especially important in contexts where patients’ health is at stake.

4.1.1 Learned Prototypes

Before proceeding to create new visualization tools, an existing tool provided by
the original authors of ProtoPNet [21] was adapted to display all the learned proto-
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types. The adapted tool allowed for a visual inspection of the learned prototypes,
which facilitated a more thorough analysis of the model’s performance. By ex-
amining the prototypes, it was possible to assess the quality and relevance of the
learned features, as well as the effectiveness of the model in capturing the key
characteristics of the input data.

Moreover, this tool provided insights into the overall architecture of the model,
which was instrumental in identifying potential sources of error and identifying
areas for improvement. This analysis ultimately helped to refine the model and
optimize its performance.

In image[4.1], the prototypes learned by the model for each class are visible. The
prototypes are labeled with 'C’ for class and "P’ for prototype. For example, 'C:2
P:8 indicates the eighth prototype for class 2. Each row in the image corresponds
to the ten prototypes for a specific class.

As explained in visualizing the prototypes, which are tensors in the
model, requires a comparison of each prototype with all possible patches of the
training images belonging to the same class as the prototype. The patch in the
training image that reduce the distance to the prototype is selected as the closest
match. Image [.2] displays the training image that corresponds to each proto-
type. Additionally, image 4.3| presents a heatmap over the same training image,
highlighting the exact location of the chosen patch in the corresponding training
image.

4.1.2 Prototypes Evolution

The first visualization tool developed from scratch intended to demonstrate how
learned prototypes evolve in the training process. As explained in Section [3.3.2]
the visual representation of each prototype is updated every ten epochs. That
means that after weights are updated for the tenth consecutive time, prototype
images will be updated finding training images with features as similar as possible
to the prototypes themselves.

The tool developed here shows each different prototype with a different color.
As depicted in image , each row represents all prototypes for the same class [0,
1 ... 9] at a given training epoch, starting with epoch ten, second row corresponds
with epoch twenty and so on. Given a chart, each color represents a different visual
prototype, meaning that having the same color multiple times, in the same epoch
or not, is equivalent to having a prototype image that is repeated.
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For a more comprehensive visualization, refer to image which displays the
charts. The charts illustrate the number of unique prototypes per class and how
this number evolves every 10 training epochs.

4.1.3 Test Image Visualization

Another visualization tool developed in this work is aimed at evaluating how the
model analyzes a test image and providing a good explanation for its output.
While the tool was based on existing code from ProtoPNet, the overall structure
and presentation are novel to this work.

The tool includes an analysis for each possible class for the test image. For
each class, the tool presents all distinct prototypes and the region from the test
image where the prototypes activate the most. Additionally, the tool presents
the similarity score of the test image patch to the prototype along with the class
connection.

Finally, the tool presents the overall score for each class, which is essentially
the sum of the product of the similarity score by the class connection. The final
prediction is made by selecting the class with the highest score. The tool’s ability
to present a detailed analysis of each class and prototype significantly improves
the model’s interpretability and provides insights into how the model makes its
predictions.

In this section, the test image and its analysis for the predicted class
are presented. For a comprehensive view of all classes, the appendix [7.1| should be
consulted.

As an extension of the previous tool, the idea of rendering prototypes from
training images based on the closest patch was explored further to enhance ex-
plainability. To accomplish this, an alternative method was developed wherein
not just the closest patch but the three closest patches were chosen as prototypes.
This approach aimed to provide users with greater variations and, consequently,
a higher level of explainability. The rationale behind this approach was that the
closest patch may not always be visually interesting to the human eye, but its
variation might be.

To demonstrate the effectiveness of this method, image X 4.8|depicts the results
of the approach for the correct class of the test image. By providing users with
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0 (4, 4)
Predicted: 4

Actual: 4

image index 0 in batch

Figure 4.6: Test image

a more diverse set of patches to examine, this approach can lead to a better
understanding of the model’s decision-making process, and ultimately, enhance its

interpretability.
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4.2 Prunning

Improving the explainability of the model involves analyzing the prototypes learned
during the training process, to assess how meaningful or not they are to users.
However, after the initial tests, it was discovered that some prototypes were less
valuable than others. In some cases, the model learned prototypes that were
repeated or prototypes that did not include part of the lesions in them, instead they
matched the background skin or image borders. Therefore, it became necessary
to prune or remove these prototypes. Two approaches were tested: the pruning
mechanism used by the authors of the original paper and a custom prune based on
removing duplicated prototypes. This enabled us to identify the most informative
and representative prototypes, which in turn improved the interpretability of the
model.

In the original work, authors proceeded to prune prototypes after training
the model [32]. The pruning process begins with identifying the k-nearest latent
patches of training images to each prototype p;. Since the labels of all training
images are known, it is possible to determine the class label of the £ training
images that have the k-nearest latent patches to p;. If the number of training
images from the designated class of prototype p is below a specific threshold, the
prototype p; is considered to correspond to a background patch, and it is removed
from the model.

The effectiveness of this approach was evaluated using skin lesion images, but
the results were not satisfactory. It is presumed that this lack of success can
be attributed to the fact that, unlike bird images, skin lesions exhibit a largely
homogeneous background (skin). In a test with a binary classification of skin
lesions (malign vs. benign), only one prototype was removed, out of a total of
twenty (ten per class). In addition, it should be noted that the aforementioned
pruning mechanism did not effectively address the issue of repeated prototypes.
As a result, an alternative pruning technique was employed.

Since the main issue to be addressed was the existence of multiple repeated
prototypes within certain classes, the pruning algorithm was modified to elimi-
nate prototypes from the same class that originated from the same patch within
the same training images. Such prototypes would appear visually identical, and
removing them would enhance the model’s interpretability. Although this change
did not significantly impact the model’s accuracy, it did improve its explainability,
as multiple prototypes depicting the same image could be confusing for the end
user.
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4.3 Loss Function Modification

The original loss function defined by ProtoPNet presented in Section had
a Clst component. The minimization of the cluster cost (Clst) encourages each
training image to have some latent patch that is close to at least one prototype of its
own class. After examining the training process, it became clear that implementing
the Clst function in the manner suggested by the authors resulted in repeated
prototypes, particularly in the skin lesion dataset. The issue arose because asking
for only one prototype to be similar to at least one patch of an image could lead to
the identification of a generic prototype that is similar enough to several training
images, resulting in its repetition across the dataset.

As a result, the proposed modification to the Clst function involves utilizing
the mean distance from prototypes to latent patches in the training images. This
approach mandates that all prototypes in the image’s class be close to at least
one patch to avoid excessive penalization. That change substitutes Clst from the
original implementation in with the following:

n

1 1 .
Clst = — ) > min ))Hz—pjug (4.1)

n P.. z€patches(f(x;
— | Py, i, Zepatehes(f(x

As depicted in the image [4.9] prior to the update of the loss function, the
number of repeated prototypes was significant. However, after the loss function
update, there was a significant increase in the number of unique prototypes. For
example, class 3 initially had only one unique prototype, but after the update, it
had eight different prototypes. This increase in the number of unique prototypes
was achieved by ensuring that each prototype in a class has at least one closely
related patch in the training images, as explained earlier. The improved distri-
bution of unique prototypes in the classes can lead to a better interpretability of
the model. For a view of the prototype images, before and after the loss function
update, refer to appendix [7.2]

The change in the loss function not only resulted in improved prototypes, but
also led to an enhancement in overall performance. Table demonstrates that
the accuracy increased from 66.62 to 73.89, and the recall for all classes also saw
an improvement.
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Original loss function | New loss function
Accuracy 66.62 73.89
Recall Class 0 0.5346 0.8338
Recall Class 1 0.6959 0.8487
Recall Class 2 0.6022 0.6700
Recall Class 3 0.8420 0.9141
Recall Class 4 0.5214 0.6815
Recall Class 5 0.7257 0.7268
Recall Class 6 0.5934 0.8078
Recall Class 7 0.9522 0.9742

Table 4.1: Accuracy and per-class recall results, before and after updating the loss
function

4.4 Top-K

In deep learning, “top-k” is a method used to evaluate the performance of a classi-
fication model. It measures the accuracy of the model by looking at the percentage
of times the correct label appears in the top k predictions made by the model. The
top-k evaluation metric measures the percentage of cases where the correct diagno-
sis is within the top k predicted diagnoses. For example, if k=1, this is equivalent to
the standard accuracy metric, where the model is evaluated on whether it predicts
the correct diagnosis as the most likely one. If k=5, the metric measures whether
the correct diagnosis is among the top 5 diagnoses predicted by the model.

As proven by Dorr et al. [33], physicians can benefit from the aid of AT models.
Providing physicians with a shortlist of options in a multi-class problem can assist
them in making the correct diagnosis. Therefore, even if the correct class is not the
top-ranked option, if it appears in the top-2 or top-3 choices, the model remains
relevant.

Top-k evaluation is particularly relevant in skin lesion diagnosis, where the
correct diagnosis may not always be the most probable one. In some cases, the
model may predict a different diagnosis with a slightly higher probability, but the
correct diagnosis may still be within the top k predicted diagnoses. As shown in
table [4.2] considering just the top-2 most probable cases significantly improves
accuracy. This is especially important in clinical practice, where physicians typi-
cally consider a short list of possible diagnoses based on their experience and the
patient’s clinical presentation.

Overall, top-k evaluation is a useful metric for assessing the performance of
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Original loss function | New loss function
Top-1 | Top-2 | Top-3 | Top-1 | Top-2 | Top-3
Accuracy 66.62 | 84.13 | 93.29 | 73.89 | 91.29 | 96.97
Recall Class 0 | 0.5346 | 0.8038 | 0.9154 | 0.8338 | 0.9324 | 0.9616
Recall Class 1 | 0.6959 | 0.8081 | 0.9169 | 0.8487 | 0.9441 | 0.9747
Recall Class 2 | 0.6022 | 0.7992 | 0.9275 | 0.6700 | 0.8644 | 0.9710
Recall Class 3 | 0.8420 | 0.8975 | 0.9143 | 0.9141 | 0.9399 | 0.9519
Recall Class 4 | 0.5214 | 0.8144 | 0.9093 | 0.6815 | 0.9119 | 0.9759
Recall Class 5 | 0.7257 | 0.8658 | 0.9470 | 0.7268 | 0.9126 | 0.9685
Recall Class 6 | 0.5934 | 0.8549 | 0.9297 | 0.8078 | 0.8963 | 0.9304
Recall Class 7 | 0.9522 | 0.9753 | 0.9815 | 0.9742 | 0.9833 | 0.9878

Table 4.2: Top 1, 2 and 3 accuracy and per-class recall results

deep learning models in medical predictions with skin lesions, as it provides a
more nuanced evaluation of the model’s ability to predict the correct diagnosis
among a set of likely possibilities.
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5 Conclusions

This work has evaluated and improved ProtoPNet as an explainable deep learning
model and demonstrated its application to the analysis of medical images. In the
process of applying ProtoPNet to this novel field, several technical and semantic
challenges were discovered, which were identified and addressed in order to improve
the performance and interpretability of the model.

The first important point to note is that ProtoPNet is not universally applicable
to all datasets. While it performed well on skin lesion images, it was not as effective
on brain MRI and retinal images. Our analysis revealed that in order to identify
meaningful prototypes, the region of interest must be localized in one part of the
image and possess distinguishing characteristics such as color, shape, and texture.
This was a significant factor in the model’s lack of success in the analysis of brain
MRI and retinal images, which tend to have more diffuse and less distinctive
features that are difficult to localize.

The pruning technique introduced, which involves removing repeated proto-
types, was found to be effective in improving explainability. This technique re-
duces the number of prototypes that the user needs to focus on, making it easier
to interpret the model’s predictions. While this technique does not improve the
model’s overall performance, it does enhance the usability of the model, especially
in cases where the number of prototypes can be overwhelming.

The visualization tools developed for this work were highly effective in enhanc-
ing the interpretability of ProtoPNet, providing insight into its internal learning
process. These tools enabled the user to better understand the model’s decision-
making process and identify which features and prototypes were most important
in making predictions. Furthermore, the visualization tools helped to identify
potential areas for improvement in the model, such as cases where the model’s
predictions were unclear or where certain prototypes were over-represented. This
information was be used to fine-tune the model and improve its overall perfor-
mance.
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The most significant impact on both the interpretability and performance of
ProtoPNet was the change in the loss function. Specifically, moving from requir-
ing at least one prototype to be close enough to a patch of each training image
to requiring all prototypes of a given class to find patches on each input image
from the same class made the prototypes more distinct and improved the overall
performance of the model.

In cases where the model is unable to accurately predict the correct class,
using top-k predictions can make a significant difference. This approach is in line
with how physicians make their diagnoses, which typically involves considering
a few potential options and selecting one among them, often requiring further
tests or examinations. Through experimentation with ProtoPNet, it was observed
that using top-k predictions (e.g., top-2 or top-3) instead of top-1 resulted in
a significant improvement in the model’s performance. This suggests that the
model’s predictions can benefit from considering multiple possible classes, rather
than relying solely on the most likely option. In a clinical setting it would mean
a health care professional would receive two or three probable diagnosis, giving
them the possibility to conduct further studies.
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7 Appendices

7.1 Complete Prototypes Visualization
and Analysis for a Test Image

As explained in [4.1.3] the tool developed examines every possible category for the
test image and produces an analysis for each one. For every category, the tool
displays all prototypes and the specific part of the test image where prototypes
activate the most. Furthermore, the tool reveals the similarity score between the
test image and the prototype patch, as well as the class connection.

In conclusion, the tool displays an overall score for each category, which is the
total of the product of the similarity score and class connection. The class with
the highest score is chosen as the final prediction.
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7.2 Prototypes comparison: before and
after changing loss function

As depicted in the image[7.10], prior to the update of the loss function, the number
of repeated prototypes was significant. However, after the loss function update,
there was a significant increase in the number of unique prototypes, as shown in

image [7.11]
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Figure 7.11: Learned prototypes with new loss function
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