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Prototype-based classifiers are a category of Explainable Artificial Intelligence methods that use representative
samples from the data, called prototypes, to classify new inputs based on a similarity criterion. However,
these methods often rely on pre-trained Convolutional Neural Networks as feature extractors, which may not
be adapted for the specific type of data being used, thus not suited for identifying the most representative
prototypes. In this paper, we propose a method named Explainable Prototype-based Image Classification,
a cluster-oriented training strategy that enhances the performance and explainability of prototype-based
classifiers. Our method uses a novel loss function, called Cluster Density Error, to fine-tune the feature extractor
and preserve the most representative feature vectors in the latent space. We also use Principal Component
Analysis-based approach to reduce the dimensionality and complexity of the feature vectors. We conduct
experiments on four medical image datasets and compare the results with those from different prototype-based
classifiers and state-of-the-art non-explainable learning methods. The proposed method demonstrated superior
explainable capabilities and comparable classification performance to the compared methods. Specifically, the
proposed method achieved up to 95.01% accuracy and 0.992 AUC using only 43 prototypes. This translated
to an improvement in accuracy and AUC score of 21.54% and 9.06%, respectively, and a substantial reduction

in the number of prototypes by 98,38%.

1. Introduction

Deep neural networks are Machine Learning (ML) models that
have shown great effectiveness in performing tasks where pattern
recognition plays an important role [1]. That is the case in medicine,
for example in areas like haematology [2,3], dermatology [4], oncol-
ogy [5], ophthalmology [6], radiography [7], and neurology [8]. In
some specific cases, it was reported that their performance is rising
towards the humans level [9]. These algorithms have shown high per-
formance particularly in tasks such as brain tumour segmentation [10],
body organ recognition in medical images [11], magnetic resonance im-
age reconstruction [12,13], interstitial lung disease classification [14],
lung nodule detection [15], and cancer detection in different body
regions, such as the lungs, breasts, and kidneys [16,17], among others.

However, these models are often seen as black-boxes due to the
difficulty in interpreting and tracking the outputs produced with each
set of input data. The opacity of such ML models can result in the

unintentional learning of patterns within the training data, which may
lead to undesirable behaviour. In the domain of medical diagnosis,
for instance, ML algorithms have exhibited unintended biases based
on factors such as gender [18], ethnicity [19], and socioeconomic
status [20]. These biases can have far-reaching consequences and pose
ethical and practical challenges.

Machine learning algorithms are adept at leveraging any available
signals to optimise their performance within the specific dataset they
are trained on. In doing so, they might even exploit unknown con-
founding factors that, while effective within the training dataset, may
not be reliable. This can ultimately hinder the algorithm’s ability to
generalise effectively to new and unseen datasets [21]. Several studies
have shed light on the existence of systematic differences between
images belonging to different classes. Intriguingly, these differences
may perfectly correlate with the presence of a specific disease, even
though they are unrelated to whether an individual has the disease or
not. This phenomenon has been observed in various studies [22-26].
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In a notable study published in DeGrave et al. [27], the issue of
systematic inter-class disparities in datasets is addressed, particularly in
the context of detecting COVID-19 infection from chest X-ray images.
The researchers shed light on how deep learning classifiers tend to
exploit these systematic differences as “shortcuts” to make classifi-
cation decisions. This problem can be attributed to the composition
process of training datasets, which often draws images exclusively
from positive and negative sources, inadvertently creating artificial
disparities between the classes.

In this context, several questions may arise: “Can we trust the results
of the algorithm?”, “To what extent can we make decisions based on
these results?” [28]. This is the background to the recent emergence
of Explainable Artificial Intelligence (XAI), whose aim is to develop
a framework of models and tools that make it possible to analyse
the relevance of each of the factors algorithmically involved in the
definition of a given output.

Prototype-based classifiers are a well-known category of XAI al-
gorithms, falling within the subset of Intrinsically Interpretable algo-
rithms. The hallmark of these algorithms is that their internal processes
are inherently interpretable by humans without the need for any adap-
tation. Prototype-based classifiers belong to this category because of the
way they make decisions, which involves using representative samples
from the data, referred to as prototypes, to assign labels to new inputs
based on a similarity criterion. The underlying idea is that if the
prototypes are interpretable, the decisions based on them will also be
interpretable [29].

Prototype-based classifiers are often constructed using a pre-trained
CNN as a feature extractor. This CNN project the inputs into an em-
bedding space on which the clustering process is based. However,
a primary challenge with this approach is that the used networks
were initially trained for a classification task, rather than identify-
ing the most representative samples within the dataset, as required
by prototype-based classifiers. Classification-oriented training aims to
separate inputs of one class within the embedding space from inputs
of other classes and concentrate them around a single point, known
as a global maximum, to facilitate the classification process. This is
not well-suited for prototype-based classifiers, which need various local
maxima to obtain a set of representative samples for explaining their
results. When all samples are concentrated around a single global
maximum, the identified prototypes may fail to be representative of the
full diversity of the dataset. Consequently, the explanations generated
by the classifier may not be sufficiently understandable from a human
perspective.

In order to address this issue, we propose the ExPIC method, a
cluster-based training strategy designed to enhance the performance
of CNNs as feature extractors. This approach enables prototype-based
classifiers to identify more representative samples (whole images from
the dataset), enhancing their explainability while maintaining compet-
itive accuracy levels. The proposed method also offers the flexibility
to define the allowed similarity levels between prototypes of different
classes and provides optimisation possibilities for its implementation in
scenarios where time and memory complexities are critical. The code
for the proposed method is available on GitHub at the following link:
https://github.com/nicoVascon/ExPIC.

The remainder of the document is structured as follows: Section 2
delves deeper into the challenges associated with XAI and explores the
main approaches used to explain ML algorithms. Section 2.3 details
the primary prototype-based classifiers studied and employed in this
work: the xDNN methods. In Section 3, the different components of
the proposed method including the optimisation possibilities mentioned
above are presented. The results of the conducted experiments that
assess the efficiency of the proposed method are presented in Section 4.
Additionally, Section 4.4 presents an ablation study to show the in-
dividual contribution of each component of the proposed method in
the final results. Finally, in Section 5 the conclusions of this work are
presented.
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2. Related work

ML algorithms can be divided into interpretable and non-interpret-
able. The main difference between the two categories is the ability to
inspect the internal decision-making process of each algorithm. Their
intrinsic characteristics may or may not coincide with those of the
processes that humans use to take their decisions [30]. This often makes
it impossible to understand and trust the predictions of these models.

Even with the dramatic advances in machine learning techniques,
straightforward models such as linear regressions and decision trees
continue to be favoured in fields like marketing, healthcare analytics,
and scientific research—domains where interpreting the underlying
data patterns matters as much or more to users than just prediction
accuracy alone [31]. However, as discussed in Nazir et al. [32], higher
explainability levels are often obtained at the cost of model Accuracy,
i.e., overall performance. This behaviour is due to the fact that solving
more complex problems requires more complex systems [33], whose
process of arriving at conclusions is not easily understandable by hu-
man beings. These models possess greater flexibility than their simple
counterparts, enabling them to capture more complex relationships.
These models possess greater flexibility than their simple counterparts,
enabling them to capture more complex relationships [34].

To achieve the goal of explaining the processes by which ML models
carry out their decision-making, there are two main approaches. One,
to develop methods that allow the identification of features learned by
models already trained and deployed. These methods are coined Post-
hoc and can be applied to a wide variety of models depending on their
nature. The other is to develop algorithms whose processes are self-
explanatory to humans, called Intrinsically Interpretable methods [35];
examples are Classification Rules, K-Nearest Neighbours, and Decision
Trees. Such models, while being easier to interpret, can be somewhat
limited in their performance. When working with sophisticated models
such as Support Vector Machines and CNN, researchers can employ
post-hoc XAI techniques to generate simpler interpretive models that
approximate the behaviour of the more complex systems [36].

2.1. Post-hoc methods

Post-hoc methods can be grouped into two main categories based
on their relationship with the model to be explained: Model-Specific
or Model-Agnostic. Model-Specific methods properly explore the intrinsic
characteristics of the model to create an explanation that reflects the
meaning of the internal processes of the black-box algorithm to be
explained. On the other hand, Model-Agnostic methods, although less
“specific”, have the advantage of being applicable to any kind of model,
regardless of its architecture or complexity.

From the above, it can be understood that adopting one approach
or the other involves some sort of compromise: Model-Agnostic methods
are more versatile and suitable for various problems, but that comes
with the limitation that they may not capture the model’s behaviour in
detail. Model-Specific approaches are tailored to a certain model and are
therefore suited to exploit its features; hence, they have the advantage
of being more accurate and reliable for the model they are designed for,
but they have the limitation of being incompatible with other models
and may need to be adjusted if the model changes [37,38].

The application of Model-Specific methods is restricted to only a
specific family of algorithms [39], and an example are CNNs. In these,
their own gradients can be used to determine the importance of each
image pixel to create an Attention Map that reflects where the neural
network focused. Such algorithms are generally coined Gradient-Based,
and examples are: Vanilla Gradients' that use raw gradients to create
attention maps [40,41]; Integrated Gradients, which accumulate the

! In the context of algorithms, AI/ML in particular, the term “vanilla” is
used for models in their simplest, unmodified or standard form (“raw”).
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vanilla gradients computed at all the points along the straightline path
from a baseline input to the input of interest [42]; and the SmoothGrad
methods which improve the attention maps’ coherency by integrating
the sensitivity maps computed from noised samples of the original
input [43].

Concerning the Model-Agnostic family of methods, one of the most
popular is the Local Interpretable Model-Agnostic Explanations (LIME)
[28]. This method treats the algorithm as a black box and aims to
explain its behaviour by identifying the most relevant features of the
input that lead the model to return that particular output. This is
done by analysing variations in the model’s output when exposed to
perturbed versions of the same input.

2.2. Intrinsically intepretable methods

Intrinsically Interpretable methods are the opposite of black-box-like
approaches, and are, therefore, usually referred by as Transparent Arti-
ficial Intelligence (AI) algorithms [44]. The main characteristic of these
methods is that they are interpretable by design, i.e. they do not require
additional processes to explain their results because their own processes
are already interpretable by humans.

Examples of Intrinsically Intepretable methods are: Linear Regression
models, which use a set of independent input variables to predict a
dependent one by fitting a straight line to the observed data [45-48];
Decision Trees, which involve partitioning the data along the predictor
axes into subsets with uniform values of the dependent variable and
then using this process to make predictions from new observations [49,
50]; Classification Rules, that make use of IF-THEN rules for class
prediction [51-53].

2.2.1. Prototype-based classifiers

Prototype-based classifiers constitute a category of machine learn-
ing methods that offer an inherently interpretable approach to classi-
fication. These methods operate on the principle of comparing new,
unseen data with a set of learned prototypical examples that represent
characteristic patterns in the training data [54]. The fundamental
premise underlying this approach is that these prototypes serve as
exemplars or typical instances of different classes within the dataset.
Classification is performed by quantifying the similarity between the
input data and these prototypes, typically employing a nearest neigh-
bour rule where the input is assigned to the class of the most similar
prototype [55].

The inherent interpretability of prototype-based classifiers makes
them particularly valuable in high-stakes domains such as medical diag-
nosis [56,57]. In these applications, understanding the rationale behind
a diagnostic prediction is crucial for building trust among healthcare
professionals and ensuring the adoption of these technologies in clinical
practice [58]. Prototype-based classifiers enhance transparency by pro-
viding explanations based on similarity to learned medical examples,
an advantage often missing in more complex “black box” models [57].

Such explanations have been applied in various medical tasks,
including classifying mass lesions in mammogram images [59-61],
diagnosing pneumonia from chest X-ray images [62], whole-slide clas-
sification of breast cancer [63], and identifying COVID-19 cases [64].
This transparency helps detect potential biases [65], identify failure
cases [66], and ultimately allows medical experts to validate the
model’s decision-making process [67].

Within the domain of prototype-based classification, two primary
categories emerge: whole-image-based and patch-based classifiers.

Whole-image-based prototype classifiers:. These algorithms are con-
ceived to learn characteristic features of each class in the whole-images.
The core principle involves identifying both local and global features
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that are common among the members of each class and selecting typical
images that exhibit these features [68,69].

Prominent examples include Prototypical Networks [70] designed
for few-shot classification problems. These networks learn a metric
space in which classification can be performed by computing distances
to prototype representations of each class. Another notable example
is presented by Li et al. [71], who employ an autoencoder to project
images into a latent space where comparisons between input images
and prototypes occur. This model autonomously learns an optimal
set of prototypes to achieve accurate predictions, with the decoder
subsequently used to visualise these prototypes.

Patch-based prototype classifiers:. In contrast, patch-based prototype
classifiers utilise prototypes that represent small, localised regions or
“patches” extracted from images. The underlying premise is that dif-
ferent image classes may be characterised by the presence or absence
of specific prototypical parts [72]. These classifiers learn a set of such
prototypical parts, with each prototype ideally capturing a distinct
visual feature that is relevant for discriminating between different
classes [54]. The classification of a new image is determined by iden-
tifying which class contains the largest number of prototypical patches
within the image [72].

A seminal example of patch-based prototype classifiers is ProtoPNet
proposed by Chen et al. [72]. This network emulates human reason-
ing when confronted with challenging image classification tasks by
dissecting the image and identifying prototypical aspects of differ-
ent classes before making a decision. The architecture is designed to
identify representative parts of an image for a particular class and
use them to classify new images. Due to its patch-based reasoning,
the network can highlight the most relevant parts of the input image
that contributed to the classification result. This method has inspired
several derivatives, including: XProtoNet, proposed by Kim et al. [73],
which provides local and global explanations by modifying ProtoPNet
to allow dynamic-sized prototypes. This approach better aligns with
the nature of disease indicators in medical images; BRAIxProtoPNet++,
proposed by Wang et al. [74], which applies knowledge distillation
from a non-interpretable model into ProtoPNet with modifications to
increase prototype diversity; and PIP-Net, proposed by Nauta et al.
[75], which builds upon ProtoPNet’s principles but introduces a novel
regularisation for learning prototype similarity that better correlates
with human visual perception. Unlike other methods requiring a fixed
number of prototypes, PIP-Net only requires a maximum number and
selectively employs as few prototypes as possible to achieve strong
classification accuracy with compact explanations.

2.3. Explainable deep neural networks (xDNN) model

An example of Intrinsically Intepretable methods is described in An-
gelov and Soares [76], where the authors propose the xXDNN model. It
is a prototype-based classifier that, as demonstrated in Li et al. [77],
exploits the ability of CNNs to extract features from the input images
and create a latent hyperspace over which the network represents, or
projects, the input images. This latent space enables a clustering process
where the algorithm identifies samples that are most representative of
the training set for each class of interest. In this context, a sample
is represented by a whole-image of the dataset. These representative
samples serve as the basis for creating IF-THEN rules. The decision-
making process of the xDNN algorithm relies on these rules, which are
“designed” to be inherently understandable to humans.

The architecture of the xDNN classification method is illustrated
in Fig. 1, where a CNN is employed to extract a set of features @.
These features are then passed through a Fully Connected network
to obtain the projection of the image X, denoted as ¢, in the latent
space. The projection ¢ serves as input for the prototype-based classifier
Evolving ADP described in Angelov and Gu [78], which provides, for
each image, the predicted class along with the corresponding prototype
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Fig. 1. Generic xDNN classification method architecture. CNN: Convolutional Neural Network used as a feature extractor; FC: Fully Connected Network used to

combine the extracted feature; Prototype-based classifier: Evolving ADP.

as a visual explanation of the classification. On top of this model, a
set of enhancements were developed in this work, which led to a new
processing framework, described in Section 3.

The same authors of Angelov and Soares [76] introduced an alter-
native approach for the Evolving ADP as outlined in Angelov and Gu
[78]. This alternative method is referred to as the Offline ADP. In the
next sections, an overview of both methods is provided. For the sake
of simplicity, in the rest of this document the xXDNN method is referred
to as the “xDNN Evolving” and its alternative version as the “xDNN
Offline”.

2.3.1. xDNN evolving method

The architectural layout of the xDNN Evolving classifier is presented
in this section. This classifier, as detailed in the research conducted
by Angelov and Soares [76], comprises four main blocks: the Fea-
ture Extraction block, the Density block, the Prototypes block, and the
MegaClouds block.

The Feature Extraction block plays a central role as it encompasses
convolutional layers responsible for extracting essential features and
projecting the input data onto a latent space. The xDNN Evolving
classifier groups the images according to their similarity level. In order
to determine it, the Data Density is calculated (Density block), which
depends on the relative distance, in latent space, between the images
in the training set. The Data Density is obtained through Eq. (1), where
x; represents the feature vector of an image in latent space, uy is the
average feature vector of all images in the training set, and o is the
standard deviation of the Feature Vectors’ components of the images
with respect to their mean.

D)= ———— o)
1+ ||Xi;!le||
N

The Prototype block is the core of the algorithm, being in charge of
determining which input samples (images) from the training dataset,
will be considered as prototypes. The images with peak values of Data
Density are considered as new prototypes around which a new cluster,
also referred to in Angelov and Soares [76] as a Data Cloud, will be
created. A cluster (or Data Cloud) corresponds to the set of inputs
associated to the same prototype. Thus, each class has its own set of
prototypes, which can be used to create IF-THEN rules to classify the
images within a given class.

In the training process, the training images are analysed to identify
the initial prototypes and create the clusters. Each cluster has an area
of influence within which the new points that appear (new images to
be analysed) will be absorbed and, instead of creating a new prototype,
will serve to move its centre and modify its area of influence.

The area of influence of a cluster represents a region of space
within which all the images falling in will be considered as having
been derived from the same prototype. In Angelov and Soares [76], it
is considered that two vectors whose angles are less than 30 degrees
apart are pointing in the same direction, so they can be considered
to be derived from the same prototype. Assuming that the vectors
are unitary, the maximum Euclidean distance between them is r,,,, =
1/2 = 2c0s(30°), corresponding to the distance between two unit vectors
with a 30° angle between them. This distance is used by xXDNN Evolving
as an auxiliary classification criterion.

The training process concludes with the definition of a prototypes
set for each class, where each prototype is represented as a point in
the latent space, and has an associated cluster and the set of samples
within its area of influence. The inference process consists in using the
CNN to represent the new images in the latent space and calculating
the similarity degree according to the proximity between each image
and all the prototypes learned. The label associated to the prototype
with the highest similarity degree for each image will be the category
associated to it. The explainable capacity of this algorithm lies in the
possibility to visually compare the input image with the prototype with
the highest degree of similarity.

2.3.2. xDNN offline method

Similar to the xDNN Evolving method, the xXDNN Offline approach
also employs a CNN as a feature extractor. This CNN is responsible for
projecting the input images into a latent space, enabling a subsequent
clustering process to identify the set of prototypes for each class. The
classification process in this method relies on measuring the similarity
between these prototypes and the input images, as elaborated in the
previous method.

The primary distinction between these two methods lies in how they
identify the set of prototypes. In the xDNN Offline method, the final set
of prototypes per class is obtained in three stages; i) Data rank ordering
and prototypes identification, ii) Voronoi Tessellation creation, and (iii)
Local Modes filtering.

In the first stage, all the data samples in the same class, contained
into set {u};, where L is the number of samples in the class, are ranked
in an indexing list denoted by {z};. The samples in {u}; are ranked
based on their relative distances to the closest neighbours in the latent
space. Then, a set of samples that represent the local maxima in terms
of Typicality, denoted by {p},, where k is the number of local maxima,
is identified. In order to do this, the value of Typicality is calculated for
all the samples in the class, which is obtained through Eq. (2). Notably,
the Typicality value corresponds to the Data Density of a specific input,
as defined in Eq. (1), normalised by all the Data Density values of the
inputs in the same class. The first element of {z}, is the sample with
the higher value of Typicality.
r(xl.)zLD(—x"),(izl,z,...,L,u,.e{u}L) @

=L D(x)

The remaining elements of z; are determined through the appli-
cation of Eq. (3), in which d(x, y) represents the Euclidean distance
between points x and y. At the time that a new element u,, is added
to {z};, the same element is removed from {u}; with the aim of
exploring all samples, without having repeated elements in {z};. The
ordered list {z}, is systematically explored to pinpoint local maxima.
If 7(z;) > 7(z; — 1) and 7(z;) > 7(z; + 1), then z; is identified as one of
the local maxima and is subsequently included in {p} ¢, which consists
in the initial set of prototypes with K elements.

Zjpi Uy M= argmin(d (u;, z;)) 3)
u€lu}y,

In the second stage, each local maxima generates a cluster surround-
ing itself, comprising all data samples closer to it than to any other
prototypes, including the local maxima itself. This procedure is equiv-
alent to the creation of Voronoi tessellations. Each cluster is associated
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with a support value representing the number of samples contained
within it. The centre of the cluster, labelled as C;, corresponds to the
central point among its constituent members.

The last stage of the prototypes identification consists in removing
some of the less representative clusters that were identified in the pre-
vious stage, in order to obtain larger and more descriptive clusters. To
achieve this objective, in Angelov and Gu [78] a method to estimate the
average distance between the strongly connected clusters, referenced
by w, is presented. The cluster whose centre has the highest value
of Typicality among those inside the area defined by distance w, is
considered as the most representative cluster within that area and is
maintained and all the other clusters in the area are eliminated. The
images belonging to the eliminated clusters are then absorbed by the
closest remaining clusters.

This criterion ensures that only small and less significant clusters
that exhibit substantial overlap with larger and more important ones
will be eliminated during the filtering process. This is accomplished by
applying multiplicative weights based on the respective supports of the
clusters to the Typicality of its centres.

Following the filtering operation, the chosen local maxima serve
as the new prototypes for generating Voronoi tessellations, much like
the procedure detailed in stage 2. Subsequently, these prototypes are
subjected to another round of filtering in stage 3. This process of
creating Voronoi tessellations and subsequent filtering is iterated until
the distances between all the clusters’ centres surpass the threshold of
w. The final set of filtered prototypes resulting from this process is then
employed to execute the classification procedure.

3. Proposed method

Prototype-based classifiers possess a distinctive characteristic: they
can use the identified prototypes as the basis for their classification
process and explanations of their decisions. As a result, the performance
of these classifiers, both in the classification task and in the expla-
nation of results, depends on the representativeness of the identified
prototypes. Current deep clustering methods primarily focus on sepa-
rating the representations of inputs belonging to different classes, while
bringing those belonging to the same class closer together. The main
objective of these methods is to create a global maximum for each class,
around which all samples of the same class are concentrated, far away
from other classes, facilitating the classification process. However, this
approach may not be ideal for prototype-based classifiers, as they rely
on various local maxima that need to be distinct from each other. This
distinction is essential to avoid redundancy and represent the diversity
within the class, facilitating the generation of more interpretable ex-
planations [79]. Moreover, prototype-based classifiers do not require
all prototypes of the same class to be tightly clustered for optimal
performance. They simply need the clusters to be sufficiently far apart
to distinguish them from clusters of different classes [80].

In this context, inspired by Weinberger and Saul [80],Khosla et al.
[81],Joe et al. [82],Chechik et al. [83], we propose the ExPIC, a
cluster-oriented training strategy designed to enhance the performance
of whole-image-based prototype classifiers while preserving the most
representative local maxima to improve the explainable capacity of the
classifier. This section presents the different components of the pro-
posed method. In Section 3.2, an enhanced feature extraction approach
is presented, as well as a specific Fine Tuning technique, which, when
used iteratively with a new cluster-oriented loss function (presented in
Section 3.3), enables the classifier to find more representative proto-
types. In Section 3.4, we introduce an optimisation technique for the
proposed method that reduces time and memory complexities while
improving the classifier’s performance, both in terms of classification
Accuracy and explainable capabilities. Finally, at the end of this sec-
tion, an overview of the proposed method with all its components is
provided.
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3.1. Overall pipeline

In this section, we describe the overall pipeline of the proposed
explainable classifier method. Fig. 2 illustrates this method, which
involves using only the convolutional layers of a CNN as a Feature
Extractor to project images into a latent space. Unlike the approach
described in Angelov and Soares [76], the Fully Connected layers
are not used. The high-dimensional vectors, denoted as £2, obtained
from the Feature Extractor, are then passed through a DR block to
obtain lower-dimensional vectors, denoted as w. The optimal number of
components for the reduction of Feature Vectors 2 may vary according
to the dataset under consideration. These vectors serve as input for the
ADP methods. The ADP methods have two different processes; training
and inference.

In the Training mode, the ADP outputs the identified prototypes,
which are subsequently used during the inference process. With this
initial set of prototypes (identified using the Feature Vectors obtained
from the CNN without re-training), a Cluster-Oriented Dataset is cre-
ated. Each feature vector x is assigned two prototypes: the nearest one
from the correct class, denoted as y, and the nearest one from the
wrong class, denoted as z. The proposed cluster-based loss function,
Cluster Density Error (CDE), use these prototypes and the Feature Vector
x for re-training the CNN, aiming to enhance its performance as a fea-
ture extractor for the ADP methods. This re-training process enhances
Accuracy levels and reduces the required number of prototypes for
accurate image classification. Fine-tuning techniques can be applied by
progressively unfreezing each CNN’s layer. The selection of the optimal
layer where the training process should stop varies depending on the
dataset. In the inference process, the identified prototypes are used
to classify each Feature Vector w by assigning them to the class with
the highest confidence score. This score is computed using the softmax
function applied to the negative Euclidean distances between the input
image and the closest prototype of each class in the latent space. This
approach ensures that the highest confidence score is assigned to the
class with the closest prototype.

3.2. Enhanced feature extraction and fine tuning

In Angelov and Soares [76] and Angelov and Soares [84], it is
recommended to use the output values of the last Fully Connected layer
of the networks to create the latent space. However, some information
may be “lost” in the transformations performed on these layers. With
the aim of preserving as more information as possible, we suggest
that the features are extracted from the last convolutional layer of the
network.

Since the VGG-16 network was trained to classify generic images
into 1000 classes, the Fine Tuning technique was used to re-train it.
This is done by gradually “unfreezing” its layers and optimising it for
the current dataset. Initially, the last layer is unfrozen and retrained for
a few epochs. Subsequently, the other layers are unfrozen one by one,
while keeping the previously unfrozen layers still trainable, until the
entire network is unfrozen. In order to assess the performance of this
approach, a comparison study between the original method and these
two improvements was carried. The results of this study are presented
in Section 4.4.

3.3. Cluster density error

The inference process of the xDNN methods assigns to each new
image the label that is associated with the nearest prototype in the
latent space. A classification error occurs when, for a given new image,
a prototype (also known as cluster centroid) that belongs to the “wrong”
class is closer than one from the correct class.

An initial approach to address this issue is to adjust the Feature
Extractor to minimise the distance between the extracted Feature Vector
of an image and its “right cluster”, which refers to the nearest cluster
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Fig. 3. Clustering optimisation limitation: attempting to reach the “right” cluster (P,), the algorithm might lead to the “wrong” one (P,). The figure on the left
illustrates a straight path for a single image, while the figure on the right shows a possible path when multiple inputs (images) are considered.

belonging to the correct class. This can be achieved during the Fine
Tuning process of the CNN by penalising greater distances between
cluster members and their associated centroids. By implementing this
approach, the dispersion of cluster members can be reduced, resulting
in clearer separation between clusters and mitigating the problem of
overlapping.

To apply this solution, it is necessary to have an initial set of
prototypes (with a cluster associated to each one) in order to establish
the direction in which the Feature Vectors of each image (from the
training set) should be directed. Following each Fine Tuning stage,
where one additional layer is unfrozen and retrained alongside the
other unfrozen layers, either xDNN Evolving or xDNN Offline can be
applied to generate a new set of prototypes that are adapted to the
updated network configuration.

The initial approach of this method focuses on minimising the
distance between each image and its respective correct cluster centroid.
For this purpose, the Mean Squared Error (MSE) Lysg(X,Y), as described
by Eq. (4), is used. The choice of the MSE metric, and its variants, for
clustering optimisation was based in its widespread use in this kind

of applications [85-88]. In our particular case, in Eq. (4), x € R" is
a Feature Vector of the current image, y € RV is the nearest cluster
centroid to x, and x, and y, are the nth components of the vectors x
and y respectively.

N
Luse(Y) = 1 D%, = 1, @
n=1
The neural network training process aims to minimise Lygp(X,y),
that meaning to reduce the Euclidean distance of each Feature Vector to
its nearest prototype/cluster. However, during the (re-)training phase,
the attempt to place the features within the area of influence of the
prototypes belonging to the correct class may end up with the Feature
Vector being placed within the area of influence of the prototype
belonging to the wrong class, as shown in Fig. 3. This behaviour is
due to the fact that the Ly;gp(x,y) function only considers a single
target position. In our case, this position corresponds to P,, the nearest
prototype belonging to the correct class.
To improve the model’s performance, the loss function may also
consider the position of the prototypes belonging to any of the other
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Fig. 4. Improved optimisation process with new CDE loss function: The search path to reach the “right” cluster (P,) now also tries to maximise the distance to the
wrong one (P,). Despite the final distance to the “right” cluster centre, it is closer to the “right” than to the “wrong” one, thus enabling a correct classification.
The left figure depicts an ideal path for a single Feature Vector (image), while the right one shows a potential path when multiple images are taken into account.

non-correct classes and try to maximise it in order avoid placing the
Feature Vector x within the area of influence of an incorrect prototype.
This concept, illustrated in Fig. 4, serves as the fundamental principle
behind the proposed cluster-oriented loss metric, that we name as CDE.
This metric, provided in Eq. (5), has two terms where the first calculates
the MSE, as defined in Eq. (4), between the Feature Vector x and its
respective correct cluster centroid y and the second one is the inverse
of the MSE between x and an incorrect cluster centroid z in addition
with a value e corresponding to a very low value to avoid divisions
per 0 when the position of x is the same as z. Furthermore, a novel
user-adjustable parameter called « is introduced in this equation. This
parameter determines the significance assigned to moving the Feature
Vector away from the incorrect prototypes.

1

Lyse(x,z) + € )

LeppX,y,2)=(1—a)  Lysp(X,y)+a -

The Lpg, as demonstrated by the experimental results presented in
Section 4, not only enhances the precision of the model, but also has
the additional benefit of reducing the number of prototypes used. This
improvement in efficiency contributes to the model’s explainability
capabilities.

In order to calculate the £pg, one must determine both the correct
cluster centroid y, and the incorrect cluster centroid z. As such, it is
necessary to create a “Cluster-Oriented Dataset”. This dataset is built
during the training process and must be updated each time the network
weights are changed. This dataset associates each Feature Vector x
with one prototype from the correct class and one from the remaining
classes. Considering the Feature Vector x € RV belonging to the class
¢* € C, where C is the set of all the classes, and considering { p};c being
the set of prototypes from the class ¢ with K, elements, it is possible
to associate a target cluster y belonging to class ¢* and an avoidance
cluster z belonging to class a € C \{c*} to x through Egs. (6) and (7),
where d(a,b) is the Euclidean distance between vectors a and b.

y = argmin {d(p,x)} (6)
pke(p}f(*
z = argmin {d(p;,x)} )

a
PPl

The value of the « parameter is dependent on the specific problem
and should be optimised based on the requirements at hand. One
approach to obtain a reference value is to calculate a power of 10
that balances the loss terms. Therefore, the initial value of a can be
determined using Egs. (8) and (9). In Eq. (9), the “floor” value of 7 is
used. This choice is made with the intention of equalising the loss terms

ith - Dimension
A"
\
\
~

jth - Dimension

Fig. 5. CDE optimisation Paths varying the value of a.

to the same order of magnitude while preserving their differences. By
doing so, a reference value for « is established from which other values
can be explored and evaluated.

n =1logyo (Lpsp(x. ) - Lysp(x: 2)) (8)

dyop = 1017 ©)

The value of « directly influences the distance between the wrong
prototype and the optimisation path. A higher value of « results in a
greater separation, pushing the optimisation path further away from
the wrong prototype. Conversely, a smaller value of a reduces the
impact of the wrong prototype, causing the optimisation path to closely
resemble a straight line connecting the initial position of x to the
correct prototype. This behaviour is illustrated in Fig. 5.

As expected, the optimisation process using the Lpg function with
a given Feature Vector, increasing the value of a causes the optimi-
sation paths to diverge further away from the wrong prototype. On
the other hand, selecting smaller values of « brings the optimisation
paths closer to the wrong prototype, at the point that it is completely
ignored and a direct path towards the correct prototype is taken when
a is set to 0. The experimental results presented in Section 4.4 illustrate
how the iterative process of the Fine Tuning technique using the Lqpg
loss function leads to an improvement in the Accuracy values as more
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layers are gradually unfrozen. Additionally, the results demonstrate a
reduction in the number of prototypes required by the xDNN methods.

3.4. Dimensionality reduction

Using the Lpg loss function requires identifying the closest pro-
totype/cluster from the correct class as well as from other classes.
However, this process may become computationally intensive, espe-
cially when dealing with a large number of prototypes, due to the
increment of the number of prototypes which extends the search time
for the nearest clusters. Therefore, the training process becomes infea-
sible. To address this issue, the number of dimensions in the Feature
Vectors produced by the CNN is reduced using the Principal Component
Analysis (PCA) technique. This reduction in dimensionality helps mit-
igating the computational burden, enabling a more manageable and
efficient training process.

In the literature, Sufficient Dimensionality Reduction (SDR) al-
gorithms [89-94] are commonly employed to handle large datasets
effectively. These algorithms contribute to enhance interpretability
while reducing computational complexity, thereby enabling the appli-
cation of various classification and clustering algorithms that would
otherwise be infeasible with the original high-dimensional data [95].

Consequently, numerous studies have demonstrated the effective-
ness of SDR algorithms, specifically highlighting the case of PCA and
its variants [96], as a preprocessing step in tasks such as clustering
and classification. PCA offers two fundamental applications, namely
dimensionality reduction and noise reduction [97-99], making it highly
advantageous for tasks involving high-dimensional datasets.

The core concept behind PCA is to reduce the data dimensionality
while retaining the maximum “variability”. This is achieved by deter-
mining new variables (“dimensions”) that are linear combinations of
the original ones. These new variables, known as principal components,
are selected to maximise variance and remain uncorrelated with each
other. As described in Wang and Liu [100], the process of applying
the PCA technique can be summarised in three main steps. First, given
a training dataset V' = {vy,v,,...,vy} € RV*M where M represents
the number of training samples, all Feature Vectors v; are centralised,
and the covariance matrix Q of the Feature Vectors is computed. Each
training sample v; € V satisfies the following condition:

M
1
Vi=Vi—ﬁZVj, (10)
Jj=1

_ 1 ypyr
0=V 11

Next, the eigenvalues of the covariance matrix Q and their correspond-
ing eigenvectors H = {hy,h,,....,hy} € RV are calculated and
arranged in descending order according to their eigenvalues. Finally,
the first d eigenvalues and their corresponding eigenvectors, denoted
as H' = {h;,h,,....hy} € RNX4 | are selected to form the projection
matrix W for dimensionality reduction. The result of applying PCA is
then given by:

Yy =wTv, 12)

where Y represents the d-dimensional output dataset.

Dimensionality reduction is performed by selecting the d compo-
nents with the highest variance. This value varies for each problem and
dataset. The use of different values for d naturally results in different
Accuracy values and computational/time complexity.

4. Experimental assessment

In this section we present the results of the conducted experiments
to validate the proposed method. The datasets used in the experiments
are introduced in Section 4.1. An overview of the results obtained is
provided in Section 4.3. Additionally, to gain a better understanding
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Table 1
Number of images assigned to the training, validation and test sets for each
dataset used.

Dataset Split Total
Training Validation Test

COVID-CT [101] 428 109 209 746

COVID-QU-Ex [102] 21715 5417 6788 33920

CBIS-DDSM [103] 1054 264 378 1696

INbreast [104] 216 54 117 387

of the individual contributions of each component of the proposed
method, an ablation study is presented in Section 4.4.

4.1. Datasets

In this study, four different medical image datasets were used. The
first dataset, COVID-CT Dataset, is presented in Yang et al. [101].
It consists of 349 CT scan chest images obtained from 249 patients
diagnosed with COVID-19, and 463 images collected from 55 healthy
patients sourced from various datasets. This dataset, was used by the
authors of Angelov and Soares [76] to validate the xXDNN method.
In Yang et al. [101], the dataset authors performed experimental
studies which demonstrated that this dataset is useful for developing
Al-based diagnosis models of COVID-19 based on CT Scans.

Using this dataset, they developed diagnosis methods based on
multi-task learning and self-supervised learning. According to a promi-
nent radiologist who has been diagnosing and treating COVID-19 pa-
tients at Tongji Hospital in Wuhan, China, ever since the disease first
appeared there, models with an accuracy and F1-Score greater than
89% are good enough for clinical usage [101].

The second dataset used is the so called COVID-QU-Ex Dataset [102],
which includes over 33,000 Chest X-ray (CXR) images, from three
different classes: 11,956 COVID-19 cases, 11,263 Non-COVID infections
(viral or bacterial pneumonia) cases, and 10,701 Normal (healthy)
cases. This dataset was created based on different publicly available
repositories, all of which are scattered and with varying formats. In Tahir
et al. [102], an extensive set of experiments was performed using state-
of-the-art segmentation networks, and the developed network reached
superior performance for lung region segmentation and COVID-19
infections localisation.

The quality of this dataset was ensured through a rigorous quality
control process where duplicates, extremely low-quality, and over-
exposed images were identified and removed [102]. The resulting
dataset thus comprises images of high interclass dissimilarity with
few varying resolutions, quality, and SNR levels. The ground-truth
lung segmentation masks for all CXR images were gathered using a
collaborative human-machine segmentation approach that significantly
reduces human labour to annotate the images.

In order further assess the effectiveness of the proposed method in
other than only pulmonary conditions, we also considered commonly
used mammographic datasets in mass/nodules classification tasks, such
as the CBIS-DDSM [103] and INbreast [104] datasets. The CBIS-DDSM
dataset consists of 1,696 mammography images and is widely used
for training and testing in mammographic mass classification. To en-
sure comparability with other studies, we followed the recommended
training and test split for mass classification. In the INbreast dataset,
images were labelled according to the BI-RADS assessment categories.
Following the approach in Zhang et al. [105], we classified images with
a BI-RADS score of 1 or 2 as benign masses, and those with a score of 4,
5, or 6 as malignant masses. Label 3 was excluded because the INbreast
dataset does not assign a definitive category for this label, resulting in a
total of 387 images. The division of the dataset into training, validation,
and test sets is shown in Table 1.
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4.2. Experimental conditions

In this work, the VGG-16 neural network, pre-trained on the Im-
ageNet dataset [106], was used as the Feature Extractor for all ex-
periments. During training, as a pre-processing step, the images were
converted from grey-scale to BGR, and each colour channel was zero-
centred based on the ImageNet dataset [106].

The experiments were conducted on an NVIDIA GeForce RTX 3090
GPU and a CPU Xeon Gold 6336Y CPU @ 2.40 GHz. In each Fine
Tuning stage, the model was trained for up to 100 epochs using the
Adam optimiser [107] with a batch size of 64 and a learning rate of
5 x 107, A reduce-on-plateau mechanism was applied to adjust the
learning rate, using a factor of 0.5 with a relative threshold of 0.0001
and a patience of 10 epochs. The minimum learning rate was set to
10719, Additionally, early stopping was implemented with a relative
threshold of 0 and a patience of 52 epochs.

4.3. Results

The first studies carried out with the xDNN Evolving method, involve
reproducing the experiments conducted by the authors and comparison
of results. In this studies, the COVID-CT Dataset, referenced in [76]
(and detailed in Section 4.1), was used in order to compare the results
obtained locally with those published by the authors.

In Table 2, the results obtained replicating the experiments con-
ducted by the authors in Angelov and Soares [76] are presented and
denoted as Vanilla xDNN Evolving, alongside the results they show in
the paper. Although very close, it is possible to note that the reproduced
results are slightly below than those published in the article. This is
due to the sensitivity of the algorithm to the set of images designated
for training and testing: in our reproduction, we tried to replicate the
experimental conditions used in Angelov and Soares [76], however
the number of images in each set and the partition between training
and testing was not disclosed by authors in the original paper. Thus,
we could not guarantee that the sets had exactly the same images in
the two implementations. Only using exactly the same dataset parti-
tion could lead to the same results since the datasets composition is
determinant to build the clusters of the prototypes.

Our reproduction of the xDNN Evolving method was applied to
the Feature Vectors provided by the authors for their own dataset
published in Soares et al. [108]. In this experiment, the obtained
outcomes perfectly match the reported results for all the performance
metrics outlined in the publication. This validation reaffirms that the
prototype-based classifier described in Angelov and Soares [76] has
been effectively reproduced and that any deviations in the results can
be attributed to variances in dataset splitting procedures.

While the accuracy values achieved in the reproduced method
closely align with those reported by the authors, there is a significant
disparity in the number of prototypes required to construct the classi-
fication model. Specifically, the replicated method necessitates the use
of a considerably larger number of prototypes, totalling 387. Notably,
this number of prototypes is close to the total number of images within
the training set, which stands at 428. Consequently, the classification
model has nearly one image assigned to each cluster, including its own
centre, thereby compromising the model’s interpretability. To provide
a fair comparison between our proposals and the methods proposed by
Angelov et al. for the remainder of the experiments, our reproduction of
their methods will be used as reference and the training (428), testing
(209), and validation (109) sets will be kept the same.

To address this issue, the alternative version of the xXDNN Evolving
method, namely the xDNN Offline, was employed on the same dataset.
As indicated in Table 2, the Vanilla xXDNN Offline method yields a

2 The VGG16 network used in this context is the pre-trained version
available within the Keras framework.
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reduced number of prototypes, at the cost of a slight reduction in
accuracy. Given the behaviour of the model and the reduced number
of prototypes offered by the xDNN Offline method, it has been selected
as the baseline for the proposed method.

In Table 2, it is evident how the implementation of the proposed
method leads to a significant improvement in performance for both
classification methods, namely xDNN Evolving and xDNN Offline. In
the table, the results of our proposals are denoted as ExPIC Evolving
and ExPIC Offline. This improvement is reflected in increased Accuracy
values and a reduction in the number of clusters/prototypes required
to construct the model, thereby enhancing the system’s explainability.
The degree of interpretability of a prototype-based model depends
on the representativeness of its prototypes. Indeed, a model with a
large number of prototypes can be seen as less interpretable: a large
number of different prototypes in a given class means that the model
was not so well succeeded in grouping the training samples according
their common features; or, from another perspective, if each prototype
resemble only a few training samples — sometimes just two or three
— it may indicate that the model failed to capture common features
within a class. It is worth noting that in a direct comparison between
both Evolving Methods our proposal yields an increase of 8.13% in
accuracy and a reduction of about 13% in the number of prototypes.
When comparing the Offline methods, our proposal yield an increase
of 14.88% in accuracy and a reduction of about 83% in the number of
prototypes. Finally, we can notice that our methods follow the trend of
the two versions of xXDNN, where there is a trade-off between accuracy
and number of prototypes between the Evolving and Offline versions.
However, it was noticed that the use of the DR improves the models
accuracy and yields a reduced number of prototypes, enhancing the
explainable capacities of the system.

As previously stated, to further evaluate the effectiveness of the
proposed method, other datasets with different image modalities were
also considered. The results of these experiments are presented in
Tables 3-5, for the datasets COVID-QU-Ex, CBIS-DDSM, and INbreast. It
becomes evident how the proposed method enhances the performance
of prototype-based classifiers, specifically the xDNN methods, enabling
them to identify more representative samples. Remarkably, for the
COVID-QU-Ex dataset, this leads to a substantial 98.38% reduction in
the number of identified prototypes while simultaneously achieving
a 21.54% increase in Accuracy levels when using the ExPIC Offline
method. It is worth noting that the proposed method presents a slightly
lower accuracy than the baseline [102]. However, this was expected,
since the baseline model is not explainable. Thus, once again, we
can observe the trade-off between accuracy and explainability of the
observed results.

In Table 4, the experimental results using the CBIS-DDSM dataset
are presented and benchmarked against two other methods. Again,
our proposed approach demonstrates highly competitive performance.
When compared to the best performing benchmark, it shows a slight
reduction in accuracy (0.56%) and AUC score (1.5%). However, this
performance decrease is acceptable, as it enables the model to provide
explanations for its predictions.

Similarly, in Table 5, the results obtained when using the INbreast
dataset are presented and compared with two other methods. When
compared with [105], and as before, it can be observed that the
explainable capabilities of our model come with a marginal cost in
terms of performance (Accuracy and AUC). To ensure a fair comparison
with [110], in addition to the original training and testing splits, we
used a split of 80% for training and 20% for testing, replicating their
experimental conditions and reported the corresponding AUC results.
Under these conditions, the proposed method achieved an AUC score
of 86.47%, outperforming that model by 0.47%, while also adding an
explainable component to the system. It is also worth noticing the
substantial reduction in the number of prototypes achieved with our
proposed approach when compared with other prototype-based meth-
ods. These results highlight the effectiveness of the proposed method
when applied to various datasets and image modalities.
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Table 2
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Comparison of the results between the reference xDNN methods and the proposed method ExPIC method applied

on the COVID-CT Dataset.

Model Metric
Accuracy AUC Precision Recall F1 Score Num. of Prototypes
XDNN Evolving [76] 88.60% N/A 89.70% 88.60% 89.20% 63
Vanilla xDNN Evolving 85.17% 0.8972 88.51% 78.57% 83.24% 387
Vanilla xDNN Offline 77.99% 0.8784 76.53% 76.53% 76.53% 109
ExPIC Evolving (Proposed) 93.30% 0.9614 94.68% 90.82% 92.71% 337
ExPIC Offline (Proposed) 92.82% 0.9599 91.09% 93.88% 92.46% 18

Table 3

Comparison of the results obtained on the COVID-QU-Ex Dataset between its baseline (a black-box model), the
reference xXDNN methods and the proposed method ExPIC method.

Model Metric
Accuracy AUC Precision Recall F1 Score Num. of Prototypes
Baseline [102] 99.23% N/A 99.14% 99.31% 98.20% N/A
Vanilla xDNN Evolving 78.65% 0.9012 79.06% 78.67% 78.67% 17912
Vanilla xDNN Offline 73.47% 0.9016 76.06% 72.72% 71.84% 2659
ExPIC Evolving (Proposed) 96.27% 0.9862 96.20% 96.18% 96.19% 5210
ExPIC Offline (Proposed) 95.01% 0.9922 94.88% 94.89% 94.89% 43

Table 4

Comparison of the results obtained on the CBIS-DDSM Dataset between benchmark non-interpretable methods,
the reference xDNN methods and the proposed ExPIC method.

Model Metric
Accuracy AUC Precision Recall F1-Score Num. Prototypes

[109] 74.90% 0.8040 N/A N/A N/A N/A

[110] N/A 0.7900 N/A N/A N/A N/A

Vanilla xDNN Evolving 63.23% 0.6360 52.74% 52.38% 52.56% 1002

Vanilla xDNN Offline 63.49% 0.6600 53.15% 51.70% 52.41% 236

ExPIC Evolving (Proposed) 72.75% 0.7390 66.92% 59.18% 62.82% 737

ExPIC Offline (Proposed) 74.34% 0.7890 68.94% 61.90% 65.23% 216

Table 5

Comparison of the results obtained on the INbreast Dataset between benchmark non-interpretable methods, the

reference xDNN methods and the proposed ExPIC method.

Model Metric
Accuracy AUC AUC* Precision Recall F1-Score Num. Prototypes

[105] 87.93% 0.9054 N/A 93.77% 53.63% 68.23% N/A

[110] N/A N/A 0.8600 N/A N/A N/A N/A

Vanilla xDNN Evolving 64.10% 0.5368 0.6754 34.28% 38.71% 36.36% 193

Vanilla xDNN Offline 70.09% 0.5289 0.7029 42.86% 38.71% 40.68% 48

ExPIC Evolving (Proposed) 80.34% 0.7029 0.7686 66.67% 51.61% 58.18% 62

ExPIC Offline (Proposed) 81.20% 0.7464 0.8647 73.68% 45.16% 56.00% 13

2 The AUC score values of this column were calculated using 20% of the dataset for testing to allow the fair comparison
with the benchmark method [110]. The images used for this calculus were taken from the test set used to calculated the

other metrics.
4.4. Ablation study

To analyse the individual contribution of each component of the
proposed method, the results of an ablation study for both classification
methods, ExPIC Evolving and ExPIC Offline, are presented in Table 6.
These experiments were conducted over the test set of images of the
COVID-CT Dataset. Highlighted in BOLD are the overall best results in
terms of Accuracy and the number of prototypes, while the best out-
come for each classification method is underlined for clarity. In general,
the ExPIC Evolving method yields higher Accuracy values when using
a classification-oriented trained network, such as the original VGG16
network trained on the ImageNet dataset [106] and combined with
traditional Fine Tuning techniques. This holds true whether using all
the features extracted from the last Fully Connected layer or from the
last convolutional layer. However, when using only a subset of the
principal components of the Feature Vectors, the system’s performance
is superior towards the employment of the ExPIC Offline method for
the identification of clusters/prototypes.

10

On the other hand, when employing the proposed cluster-oriented
training method, the ExPIC Offline classification method achieves supe-
rior Accuracy values while reducing the number of clusters/prototypes
required to build the model. In all scenarios, the EXPIC Offline method
attains highly competitive performance with a remarkably low number
of prototypes.

4.4.1. Enhanced feature extraction

Upon individual component analysis, it becomes apparent that
the system’s performance is enhanced when using “rawer” features,
i.e., those extracted from the last convolutional layer (25088 features)
rather than those from the Fully Connected ones (4096 features). This
suggests that there might be some loss of information in the latter.

However, in the case of the EXPIC Evolving method, as the number
of prototypes approaches the total number of training images for each
class (228 for Non-COVID and 200 for COVID), some of its explainability
capacity may be compromised. On the other hand, when employing
the ExPIC Offline method, the usage of “rawer” features leads to an
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Table 6
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Ablation Study: Comparing the impact of individual components in proposed method on Accuracy levels and number of prototypes

on test (“unseen”) images of the COVID-CT Dataset.

Classification method Feature extraction layer Fine tuning PCA Lcpg Accuracy Num. of prototypes
Evolving Offline Last FC Last Conv.
(4 (4 85.17% 387
v v v 92.34% 283
v v v 80.38% 339
v v v (4 92.34% 241
v v v v 90.43% 112
v v v v v 91.39% 235
(4 v 87.56% 421
v v v 93.30% 421
v v v 87.56% 420
v v v v 92.34% 393
v v v v 90.91% 420
v v v v v 93.30% 337
v v 77.99% 109
v v v 90.43% 108
v v v 81.34% 111
v v v v 91.87% 109
(4 (4 v (4 91.39% 66
v v v v v 91.39% 58
v v 82.78% 110
v v v 89.95% 102
v v v 84.21% 107
v v v v 89.00% 102
v v v v 91.39% 65
v v v v v 92.82% 18

increase in classification Accuracy while simultaneously reducing the
number of identified clusters/prototypes.

4.4.2. Fine tuning

Irrespective of the classification algorithm employed, the Fine Tun-
ing process proves effective in raising the Accuracy values. To carry out
a traditional Fine Tuning process without using the £p loss function,
the MLP classifier of the CNN, which originally consisted of 1000
outputs (one for each category of ImageNet), is replaced with simpler
classifier containing only two outputs to perform binary classification.
This modified network is then trained as a whole.

For the Fine Tuning process, a fix batch size and learning rate of
64 and 5 x 10~ was used. These hyper-parameters were used for all
the experiments that implied re-training the network. Following the
complete pipeline of the proposed method, the best result among all
the conducted experiments is obtained using the features extracted
from the last convolutional layer and applying the Offline classification
method.

Given that the models obtained from different Fine Tuning stages
achieve varying Accuracy values, Table 6 presents only the highest
Accuracy value and its corresponding number of prototypes.

4.4.3. Cluster density error

To apply the Lpg loss function effectively, an optimal value for «
needs to be determined. The process involves calculating a reference
value of « as described in Section 3.3. Following this, adjacent values
are explored to find the optimal one. The Optuna software tool [111]
was used for this purpose. The reference value varies depending on
the classification method used and whether dimensionality reduction
was applied. As can be seen in Table 6, the use of the L.pg loss
function during the Fine Tuning process leads to an improvement in the
Accuracy values while reducing the number of identified prototypes,
improving the explainable capabilities of the classifier, specially for
the Offline classifier. The optimal a values for the ExPIC Evolving and
ExPIC Offline methods are approximately 540.87 x 10~¢ and 101.09 x
107, respectively. These values achieve the best performance for each
method.
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4.4.4. Dimensionality reduction

In order to apply DR, an initial estimation of the optimal projection
of the Feature Vectors is calculated using the PCA technique. This step
is crucial for enhancing accuracy while minimising the number of
prototypes. The projection is calculated once per Fine Tuning stage as
a pre-processing step for the Prototype-based classifier during training.
It is then used statically during inference and throughout the training
of the CNN in the subsequent Fine Tuning stage. When applying PCA
to the problem at hand, it is essential to determine the appropriate
number of dimensions, denoted as d, to which the original Feature
Vectors should be projected. To identify the optimal value for d, an
optimisation study was conducted using the Optuna tool [111].

The relationship between the number of components and the associ-
ated Accuracy values, for the validation set with 109 images, is shown
in Fig. 6. It can be seen that an increase in the number of components
leads to an improvement in the Accuracy up to a certain point. Once
the number of principal components exceeds approximately 120, the
Accuracy values of the ExPIC Offline method reach a plateau, with an
average value of 85%. This implies that including additional compo-
nents beyond this threshold does not yield significant improvements in
Accuracy (in the figure the maximum number of components is limited
by the number of training samples in the dataset). It is worth noting
that using all the original dimensions of the Feature Vectors, comprising
25088 components, results in an Accuracy value of 85.65% without any
form of re-training of the CNN VGG-16, while using the PCA technique
this value can be increased up to 89.95%.

Similarly, Fig. 7 allows us to analyse the impact of the number
of components on the number of prototypes generated by the ExPIC
Offline method. The number of prototypes increases gradually as the
number of components increases, but at a faster pace compared to the
Accuracy values. This trend continues until it reaches a stable point
at around 135 prototypes, which occurs after approximately 50 com-
ponents. Beyond roughly 300 components, there is a slight decrement
in the number of prototypes, but it remains relatively stable (in the
figure the maximum number of components is limited by the number
of training samples in the dataset).

Fig. 8 reveals a significant observation regarding execution time
for the model in the COVID-CT dataset: as expected, a higher number
of components requires longer to run. The execution displays a rapid



N. Vasconcellos et al.

Accuracy
o o
[=)} =]

N
'S

b
)

Computers in Biology and Medicine 199 (2025) 111322

LTI T
A A

50 100 150 200 250 300 350 400 450
Number of Components

Fig. 6. Accuracy values of the Offline classifier, on the validation set of the COVID-CT Dataset, performing PCA dimensionality reduction for different number

of components.
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Fig. 7. Number of prototypes generated by the Offline classifier, on the validation set of the COVID-CT Dataset, performing PCA dimensionality reduction for

different number of components.
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Fig. 8. Sampling of different Execution Times of the Offline classifier, on the validation set of the COVID-CT Dataset, performing PCA dimensionality reduction
for different number of components, with a step of 50 components.
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Fig. 9. Sampling of different Execution Times of the Offline classifier, on the validation set of the CBIS-DDSM Dataset, performing PCA dimensionality reduction

for different number of components, with a step of 50 components.
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Fig. 10. Sampling of different Execution Times of the Offline classifier, on the validation set of the INbreast Dataset, performing PCA dimensionality reduction

for different number of components, with a step of 50 components.

increase with the number of components, peaking at approximately
82.66 ms required for 414 components. Without the use of PCA to
reduce the number of components (thus using the original number of
components, 25088) the algorithm takes around 18 s to run. When
compared with these figures, even the 83 ms required by the 414
components are orders of magnitude smaller. This behaviour is also
confirmed in Figs. 9 and 10 for CBIS-DDSM and INbreast datasets,
respectively.

The execution time might be seen as practically insignificant for
the application of the proposed method on smaller datasets such as the
COVID-CT Dataset. However, when dealing with larger datasets, as the
COVID-QU-Ex Dataset, the experiments carried out with the original
dimensionality of 25088 components take around 6 h to identify the
prototypes using the ExPIC Offline method and 3 h to complete the
inference process. In this scenario, dimensionality reduction using the
PCA technique becomes critical to reduce the time complexity when
applying the proposed method, which involves an iterative application
of the classification methods.

Fig. 11 illustrates how the use of the PCA technique can significantly
reduce the time required to identify the prototypes in the COVID-QU-
Ex Dataset. The execution time using PCA in this dataset presents a
rapid linear increase, with an execution time of approximately 998.75 s
(around 16.65 min) required for 1062 components. It is worth noting
that, similar to the COVID-CT Dataset, Accuracy values stabilise around
83% after around 300 components in the COVID-QU-Ex Dataset.
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To allow the Fine Tuning process described in Section 3.2, using
the Lqpg loss function, to run in an acceptable time, the Execution
Time of the classifiers should be reduced to less than 5 min. This
implies a constraint on the number of components that can be used
to represent the Feature Vectors. This restriction requires the use of the
PCA dimensionality reduction for COVID-QU-Ex Dataset.

Returning to the primary case study of this work, the COVID-CT
Dataset, and considering the trade-off between Accuracy, the number
of prototypes, and Execution Time, the number of components selected
was 199. This choice resulted in an Accuracy of 84.21%, 107 proto-
types/clusters for the two classes, and an Execution Time of 56.43 ms.
This serves as the baseline from which the optimisation process with
Fine Tuning, using the L pg loss function, starts.

Reducing the dimensionality of the Feature Vectors enables the
possibility of performing the Fine Tuning process using the Lqpg loss
function, even in cases where memory capacity our processing power
is limited. Fig. 12(a) illustrates that using the Lpg loss function for
re-training the CNN leads to an increase in Accuracy values as the
earlier layers are progressively unfrozen, peaking in the 13/ stage. This
results in a notable 8.61% improvement, achieving an Accuracy level
of 92.82%. This improvement is substantial compared to the original
Accuracy value of 77.99% obtained when using all dimensions of the
Feature Vectors from the last Fully Connected layer without re-training
the CNN.
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Fig. 11. Sampling of different Execution Times of the Offline classifier, on the validation set of the COVID-QU-Ex Dataset, performing PCA dimensionality
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from 25088 to 119 components.
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Covid Prototype

Covid Sample

Fig. 13. Explanation examples for COVID-CT dataset. Left: Randomly selected
input image from the test set; Right: Corresponding prototype associated by
the model.

However, the most remarkable observation pertains to the number
of prototypes shown in Fig. 12(b). As the number of prototypes de-
creases, the Accuracy values for the respective stages increase, reaching
their highest values in the stages with a lower number of prototypes.
Conversely, the stages with the highest number of prototypes achieve
the lowest Accuracy levels. This behaviour underscores the efficiency
of the proposed method in enhancing the model’s performance in
both classification and explainability. The total number of prototypes
decreased from 109 to 18 for all classes, showcasing a remarkable
95.35% reduction in the number of prototypes compared with the
method proposed in Angelov and Soares [76] (first row in Table 6).

Figs. 13-16 exemplify the explainable nature of the algorithm: for
an image under analysis, a classification label is determined and the
associated prototype displayed. The left column presents randomly
selected samples from the datasets in use (test subsets) and the algo-
rithm’s predicted label; in the right column the prototype leading to
the classification of the input sample is presented. This prototype is
determined as the nearest image in the training set to the centroid of the
cluster to which the sample was assigned in the classification process.

In Figs. 17 and 18, additional examples are presented to demon-
strate the explainability of the proposed method. Each example includes
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Fig. 14. Explanation examples for COVID-QU-Ex dataset. Left: Randomly se-
lected input image from the test set; Right: Corresponding prototype associated
by the model.

the input image, the predicted class along with the model’s confidence
score, and the closest prototype. To further emphasise the explainability
aspect, a gradient-based method was applied to generate attention
maps for both the input image and its corresponding prototype. These
maps highlight the key regions in both images that, due to their similar-
ity, were crucial for the classification decision. The attention maps were
created using the Integrated Gradients method [42] combined with the
SmoothGrad method [43].

The effectiveness of applying PCA for dimensionality reduction is
particularly pronounced when dealing with high-dimensional feature
sets, namely those obtained from the last convolutional layer. Con-
versely, the features derived from the last fully connected layer already
undergo an intrinsic recombination, diminishing the impact of PCA
dimensionality reduction on these features.

The results presented in this section demonstrate two interesting
behaviours. Firstly, the results in Section 4.4.4 showcase the “compress-
ibility” property of PCA, as observed by Mukherjee and Zhang [97],
which effectively reduces the distance between data points (Feature
Vectors) belonging to the same clusters while mildly reducing inter-
cluster distances. This property explains the Accuracy improvements
illustrated in Fig. 6. Secondly, the £p loss function follows a similar
principle but also reduces the number of prototypes by increasing the

Computers in Biology and Medicine 199 (2025) 111322

Benign Prototype

Malignant Sample Malignant Prototype

Fig. 15. Explanation examples for CBIS-DDSM dataset. Left: Randomly se-
lected input image from the test set; Right: Corresponding prototype associated
by the model.

Benign Sample Benign Prototype

Malignant Sample

Malignant Prototype

Fig. 16. Explanation examples for INbreast dataset. Left: Randomly selected
input image from the test set; Right: Corresponding prototype associated by
the model.
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Fig. 17. Additional example of the method explainability for the COVID-CT dataset. Left: A randomly selected test image. Right-Top: Prediction result displaying
the predicted label and confidence value. Right-Bottom: Prediction explanation showing the corresponding prototype and attention maps for both the input image

and the prototype.

distance between clusters from different classes, facilitating the classi-
fication task. When used together, both PCA dimensionality reduction
and Fine Tuning with the Lcpg loss function effectively enhance the
Accuracy values of the model while improving its explainability.

5. Conclusion

In this work, we introduced the ExPIC method, a cluster-oriented
training strategy designed to enhance the performance of prototype-
based classifiers, which possess the advantage of being able to provide
explanations for their decisions. Such classifiers are particularly valu-
able in fields where result interpretability is crucial, such as healthcare.

The primary contribution of the proposed method centres on the
introduction of a novel cluster-based loss function, referred to as Cluster
Density Error (CDE). This loss function embodies the core idea behind
our approach, which is to minimise the distance between each image
representation in the latent space and its corresponding correct cluster
while maximising the distance to the incorrect one. Furthermore, the
proposed loss function introduces an adjustable parameter known as
a, which allows for tailoring the loss function to specific problem
requirements.

The underlying concept of the proposed loss function aligns with
that of contrastive loss functions, but it diverges in the selection of
similar and dissimilar pairs, aiming to create multiple local maxima
instead of a single global maximum. This approach is intended to
enhance the explainable capacity of prototype-based classifiers, which
use these local maxima to provide explanations for their decisions.
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In this work, we demonstrated how the application of the proposed
loss function, in conjunction with the Fine Tuning technique, leads
to improved classification performance while enhancing the classifier’s
explainable capacity. The results presented showcase how, across var-
ious stages, the classifier is capable of identifying more representative
prototypes, thereby reducing the number of clusters while preserving
the most dissimilar ones for use in the explanation process.

Furthermore, it was demonstrated that the inclusion of a DR stage
during the feature extraction process, instead of using a Fully Con-
nected layer, results in improved classification outcomes. We demon-
strated that incorporating dimensionality reduction estimation during
training enables the implementation of more complex and powerful
loss functions, which in turn facilitates the creation of more intelligent
systems capable of addressing more complex problems. Moreover, the
use of this technique allows for the application of the proposed loss
function even in scenarios where time complexity and memory usage
are critical or limited.

The results presented in this work demonstrate that the proposed
method surpasses the baseline classifiers not only in classification
performance, but also in explainable capacity by identifying more
representative prototypes to elucidate the decisions. The capability of
the proposed method to identify more representative local maxima,
rather than merely separating different classes, makes it an ideal choice
for prototype-based classifiers to perform explainable classification. The
development of more explainable systems is critical to facilitate the
widespread use of ML-based systems in healthcare.
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Fig. 18. Additional example of the method explainability for the INbreast dataset. Left: A randomly selected test image. Right-Top: Prediction result displaying
the predicted label and confidence value. Right-Bottom: Prediction explanation showing the corresponding prototype and attention maps for both the input image

and the prototype.
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