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Abstract

Aim: This study represents preliminary research for testing the effectiveness of the Self-Aware Deep
Learning (SAL) methodology in the context of medical diagnostics using various types of attributes. By
enhancing traditional Al models with self-aware capabilities, this approach seeks to improve diagnostic
accuracy and patient outcomes in medical settings.

Methods: This research discusses an introduction of SAL methodology into the medical field. SAL
incorporates continuous self-assessment, allowing the Al to adjust its parameters and structure
autonomously in response to changing inputs and performance metrics. The methodology is applied to
medical diagnostics, utilizing real medical datasets available in the public domain. These datasets
encompass a partial range of medical conditions and diagnostic scenarios, providing an initial test
background for a preliminary evaluation of the effectiveness of SAL in a real-world context.

Results: The study shows encouraging results in enhancing diagnostic accuracy and patient outcomes.
Through continuous assessment and autonomous adjustments of its own neural network architecture, self-
aware Al systems show improvements in adaptability, in the classification of real datasets and diagnostic
process. Additional experiments on expanded data sets are necessary for validating these preliminary
results.

Conclusions: Tests on real data show that Self-Aware Deep Neural Networks present promising potential
for improving medical diagnostic capabilities. They offer advantages such as enhanced adaptability to
varying data qualities, improved error detection, efficient resource allocation, and increased transparency
in Al-assisted diagnoses. However, considering the limited size of the test data set used in this research,
further validation is required through additional experiments on larger data sets.
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Introduction

The concept of self-awareness, once confined to the realm of human cognition and biological consciousness,
is now expanding its horizons to encompass artificial agents and machines. In the domain of artificial
intelligence (Al) and robotics, self-awareness denotes the hypothetical capacity of machines and artificial
agents to introspectively perceive and understand their own operations, capabilities, and limitations [1-7].
This area of research holds significant promise across various disciplines, ranging from geosciences to
financial and medical fields. In fact, self-awareness in machines offers a wide range of potential benefits,
although it also presents its own set of challenges and limitations. By empowering artificial agents with
rudimentary forms of self-awareness, we aim to enhance adaptability, robustness, and efficiency of artificial
neural networks across diverse applications. For instance, in geosciences, self-awareness enables Al
systems to adapt autonomously to dynamic environmental conditions, improving the accuracy and
reliability of geological/geophysical models, data classification and probabilistic predictions of the
dynamics of complex geological systems. In recent years, we have explored the integration of rudimentary
self-awareness and self-reflection mechanisms into artificial deep neural networks, leading to notable
advancements in tasks such as mineralogical microscope image recognition, rock classification, and other
geological/geophysical disciplines [8-10]. Like their applications in the Earth Sciences, advanced Al
systems can also enhance imaging and diagnostic accuracy in the medical field. Indeed, innovative
analytical approaches have been proposed by various researchers over the past few years. For example,
physics-driven personalized federated learning method (HyperFed) for CT imaging [11], is an effective
approach based on the assumption that the optimization problem for each imaging domain can be divided
into two subproblems: local data adaptation and global CT imaging. These are addressed by an institution-
specific, physics-driven hypernetwork and a global-sharing imaging network, respectively. The main goal of
the global-sharing imaging network is to learn stable and effective invariant features from diverse data
distributions. Inspired by the physical process of CT imaging, a physics-driven hypernetwork is defined for
each domain to derive hyperparameters from specific physical scanning protocols, conditioning the global-
sharing imaging network to achieve personalized local CT reconstruction. Experiments demonstrate that
this method delivers competitive performance compared to several state-of-the-art methods.

An additional approach recently introduced is based on a hybrid learning paradigm called Dynamic
Corrected Split Federated Learning (DC-SFL) for U-shaped medical image networks [12]. In order to ensure
data privacy, including the input, model parameters, labels, and output, the network is split into three parts,
each hosted by different parties. The authors propose a Dynamic Weight Correction Strategy (DWCS) to
stabilize the training process and prevent model drift due to data heterogeneity. To further enhance privacy
protection and establish a trustworthy distributed learning paradigm, additively homomorphic encryption
is introduced into the aggregation process of the client-side model. This approach helps prevent potential
collusion between parties and provides a stronger privacy guarantee for the method. DC-SFL has been
tested and evaluated on various medical imaging tasks, and the experimental results demonstrate its
effectiveness compared to state-of-the-art distributed learning methods.

In the frame of innovative Al and machine learning methods applied in medical sciences, this paper
introduces self-aware Al into the realm of medical diagnosis. Our basic assumption is that, where precise
and timely diagnosis is paramount, self-aware Al systems can autonomously adapt to varying data qualities,
patient demographics, and clinical contexts. By evaluating the confidence and reliability of their diagnostic
outputs, these systems can assist radiologists and clinicians in making more informed decisions, leading to
improved patient care and treatment planning. In the next sections, first we recall the key methodological
aspects of the Self-Aware Deep Learning (indicated, briefly, with “SAL”). Then we apply this approach to a
data set available in the public domain to test its effectiveness for solving real diagnostic problems.

Explor Digit Health Technol. 2024;2:218-34 | https://doi.org/10.37349/edht.2024.00023 Page 219



Materials and methods
SAL fundamentals

The SAL methodology integrates adaptive learning and self-monitoring mechanisms within the field of Al,
presenting a comprehensive framework aimed at enhancing the performance and adaptability of deep
neural network models. Adaptive learning [13-15], a fundamental aspect of this methodology, enables
computer algorithms and Al systems to customize learning experiences according to the specific
requirements of individual learners, whether they are human or artificial agents. When applied to artificial
neural network models, we redefine adaptive learning with a slightly different focus. This involves the deep
neural network’s ability to readapt itself and adjust its internal architecture to accommodate specific
datasets and address unique problem-solving challenges, while also considering the dynamic nature of the
problems themselves. In our approach, adaptive learning is succinctly and effectively expressed through the
following iterative formula, which is aimed at updating the model’s parameters and architecture based on
feedback obtained from the learning process:

0(t+1;,2 =0(t; 2 —a-VL(6(t; Q) (1)
In this formula, introduced in a recent paper [8], 6(t; represents the network model’s parameters

and its architecture (hyper-parameters) at time step t, @ denotes the learning rate, and VL(8(t; ) denotes
the gradient of the loss function with respect to the network parameters and its hyper-parameters
(defining its architecture). In a “standard” neural network framework, the parameters usually refer to the

connection weights, which are acquired through training. Instead, in the SAL methodology, 8(t; €2 includes
hyper-parameters too (the key architectural elements of the network itself), here denoted with the generic
symbol Q. These hyper-parameters are typically the batch size, the number of epochs, the number of hidden
layers, the number of neurons for each layer, and other architectural elements. Unlike conventional
methods reliant on manual tuning or heuristic approaches, SAL enables networks to adapt, without any
human intervention, their architecture and parameters through self-monitoring and self-adaptive learning.

Through continuous self-assessment, the model gains insights into its performance trajectory,
facilitating adaptive adjustments to improve learning. Automatically, the network model updates its
complete functional structure by deducting the scaled gradient, allowing it to modify its internal
representations based on feedback from the loss function. It is crucial to understand that, in a typical deep
neural network, the loss function provides the difference between the predicted and true outputs. This
function measures the model’s error or “loss,” indicating its performance level. One commonly used loss
function is the mean squared error, while another prevalent choice in deep neural networks is the cross-
entropy loss function. This latter one is frequently employed in classification tasks, where the aim is to
assign input data to distinct categories or classes. The expression for the cross-entropy loss function in a
multi-class classification case is:

N
L= —Zi_l[yi -log (py)] (2)

where:

L represents the cross-entropy loss.

Y denotes the summation over all N classes.

y;is the true label of class i (0 or 1 depending on whether the sample belongs to that class or not).
p; is the predicted probability of class i.

In the SAL approach, the learning rate a controls the step size of both the parameters and hyper-
parameters updates. A higher learning rate allows for larger adjustments, while a lower learning rate
ensures smaller, more cautious updates. Hence, the loss function also depends on the entire architecture (.

The gradient VL(8(t: D) is determined using techniques like backpropagation, which calculates the
derivative of the loss function with respect to each parameter and hyper-parameter in the model. This
process provides insight into how changes in the network structure and architecture affect the loss
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function, allowing the model to adjust its internal representations accordingly. In the SAL approach, self-
adaptive learning and self-monitoring mechanisms are essential for assessing the network model’s
performance at each time step. The self-monitoring function, here denoted as M(), takes the model’s output
O(t) as input and computes a performance measure, which provides an assessment of how well the model is
performing on a specific task. Formally, we can express this as:

P(t; 2 = M(0(t; ) 3)

Here, P(t;(2) represents the performance measure at time step t (epoch), for a given parameters and
hyper-parameters set, (2. The performance measure can vary depending on the task and the desired
evaluation criteria. In classification tasks, a frequently used performance metric is the training and/or
validation accuracy, which indicates the proportion of correctly classified or predicted samples. On the
other hand, in regression tasks, the mean squared error is commonly employed as the performance metric,
measuring the average squared difference between predicted and target values. The self-monitoring
function M(0(t;02)) encapsulates the calculation of the performance measure. It takes the model’s output
0(t;Q) as its input and computes the desired performance metric.

In essence, through the integration of self-monitoring mechanisms, SAL enables neural networks to
assess and enhance their performance iteratively, leading to advancements in adaptability and
effectiveness. While this approach falls short of constituting genuine self-awareness as observed in
biological entities, it does represent an effort to incorporate basic mechanisms of self-monitoring and
adaptive behavior into deep neural networks. The objective is to enhance the architecture of the entire
networks autonomously, without requiring human intervention.

Technical details about the SAL model

In this subsection, we introduce the key technical details of SAL-type neural networks. As stated earlier, a
critical aspect of SAL is the ability to perform a continuous “Internal State Monitoring”. This involves the
implementation of mechanisms within the neural network architecture able to monitor neuron activations
and the flow of information through neural layers. These mechanisms provide the network with basic
control over its activity through continuous, autonomous analysis of fundamental hyper-parameters. For
instance, “Neuron Activation Monitoring” allows tracking and logging the activations of neurons during
both training and inference phases. This is done by adding “callbacks” that record the activation values of
layers or specific neurons. Furthermore, the network itself continuously updates its internal statistics such
as mean, variance, and distribution of activations. This helps in identifying abnormal patterns or saturation
in neurons, which can signal the need for adjustments. Also, histograms of neuron activations are created
and updated in order to visualize the distribution of activations across different layers.

Important benefits of all these implementations include, for instance, detecting vanishing or exploding
gradients, identification of “dead neurons” (neurons that output the same value regardless of the input),
and so forth.

Information Flow Tracking is another crucial functionality implemented in SAL. This is done through
continuous Gradient Flow Analysis. This implies monitoring the flow of gradients during backpropagation
to ensure that gradients are appropriately flowing through the network. This can be done by visualizing
gradient magnitudes layer by layer. Furthermore, the SAL is able to self-control its own performances
through “Intermediate Outputs Logging”: This allows to capture and store intermediate outputs (feature
maps) from different layers. This helps in understanding how information is transformed at each epoch.

Performance Self-Evaluation is an additional fundamental step implemented in SAL. This encompasses
mechanisms that allow the neural network to evaluate its own performance and recognize errors.
Techniques such as loss prediction and confidence estimation assess the network’s uncertainties in its
predictions and identify potential convergence issues.

Another key aspect is the implementation of rudimentary “self-reflection mechanisms”, also known as
self-supervision or self-training, which enhance learning and performance by introducing additional tasks
or objectives to the training process. This improves the network’s representation learning and

generalization abilities.
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Self-reflection mechanisms include Auxiliary Classifiers, Adaptive Loss Weights, and Adaptive
Gradient-Based Regularization (AGBR). Auxiliary Classifiers are inserted at intermediate layers of the main
network, predicting the same categories from different representations of the input data. This distributed
learning approach improves generalization and robustness. Adaptive Loss Weights allow the model to
assign different weights to losses from the main and auxiliary classifiers.

AGBR combines gradient-based optimization and adaptive regularization, dynamically adjusting
regularization strength during training based on gradient information. This prevents overfitting by
balancing model complexity reduction and pattern preservation in the data. Additionally, the SAL workflow
iteratively adjusts hyper-parameters like Dropout, which prevents overfitting by creating subnetworks
within the main network, and Momentum, which speeds up convergence and overcomes local minima
during optimization.

Additional Advanced Neural Functions include specialized modules, such as attention mechanisms, that
enable the network to focus on specific aspects of its internal state or the environment. Other functions are
pre-processing self-optimization, automatic feature extraction, feature ranking, and optimal data
normalization. Pre-processing tasks prepare input data before feeding it into the neural network, such as
resizing images to a standard size, normalizing pixel values, or applying data augmentation techniques to
increase training diversity.

Finally, we remark that illustrative tutorial codes in Python describing key steps of the SAL workflow
are mentioned at the end of the paper (Supplementary material).

Dynamic adjustment of hyperparameters in SAL

An important challenge in Self-Aware Deep Neural Networks is related to the update of some type of
hyperparameters characterized by a discrete nature. In that case, the backpropagation techniques can show
severe limitations. However, there are alternative techniques and strategies that can be employed to
manipulate these discrete hyperparameters effectively. In our SAL architecture, we include several
approaches, such as Hyperparameter Space Exploration Techniques. For instance, we apply a Bayesian
Optimization approach that uses a probabilistic model to estimate the performance of hyperparameters
and guides the search for optimal values. First, the network builds a surrogate model (e.g., Gaussian
Process) to predict the performance of hyperparameters based on past evaluations. Next, the SAL network
applies an acquisition function to balance exploration and exploitation in the hyperparameter space.
Finally, SAL iteratively proposes new hyperparameters, evaluates them, and updates the surrogate model.

An alternative approach implemented in the SAL model is based on Grid Search method. This
exhaustively searches through a manually specified subset of the hyperparameter space. Multiple models
with different hyperparameters are trained in parallel, and poorly performing models are periodically
replaced and mutated based on the performance of the better ones. It is sometimes effective, but in many
cases can be very time consuming.

An additional approach includes Adaptive Hyperparameter Tuning Techniques that maintains a
population of models with different hyperparameters and periodically evolves them based on performance.

In summary, in the SAL workflow, we have the possibility to select one or more of the above
approaches, depending on the nature of the problem to solve and on the size of the data set. By
implementing one or more of these techniques in parallel, a self-aware neural network can dynamically
adjust its hyperparameters during training, optimizing its performance more effectively than static
hyperparameter settings.

At the end of this paper, we included the simple tutorial code illustrating the key steps for updating
hyperparameters having discrete and/or non-numerical nature (Supplementary material).

SAL workflow

After having explained the key technical details about SAL architecture and how the SAL model updates
(continuous as well as discrete) hyperparameters, in this sub-section we can schematically describe how
the SAL model can be applied in practice.
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Figure 1 illustrates the primary components of the SAL workflow. On the left side of the diagram, we
can observe “standard” networks like convolutional or residual networks [16-18], which initially process
input data according to specific tasks. These networks generate an initial output, such as image dataset
classification or time-series data prediction. By continuously evaluating network performance, all essential
hyperparameters are monitored autonomously by the network itself. The objective is to evaluate the
network’s performance in real-time without external user intervention and adjust the network’s
architecture to improve results. This involves maximizing accuracy criteria while simultaneously
minimizing the validation loss function to mitigate overfitting effects. Performance is compared
continuously to previous results, and hyperparameters are adjusted accordingly (see eq.1). This process
continues until one or more stopping criteria are met. These criteria can be, for instance, maximum number
of iterations, convergence of hyperparameters below a predefined threshold, stationarity in performance
improvement, resource constraints, and so forth.

! Standard Deep Self-aware mechanisms: Results check/validation:
N Learning: —
P — —» ° Internal State Self-Monitoring » ° Classification performance
« Convolutional-net * Performance Self-Evaluation ¢ Prediction performance
£ « Residual-net + Meta-learningand Self-Reflection * TrainingLoss function
T + Recurrent-net ... * Adv. Self-Awareness modules ... * Validation Loss function ...
[~
3
s Automatic network
-c: - - -
- optimization:
.g Feedback and update
< +
8 * Featureengineering improvement

+ Hyper-parameters update
* Network architecture adjustment
« Regularization optimization... e SAL-NET OUTPUT

No . . Yes )
— Stopping criteria reached? — Ext

STANDARD-NET OUTPUT

Figure 1. Block diagram of the SAL architecture and workflow

Note. Reprinted from “Enhancing Deep Learning and Computer Image Analysis in Petrography through Artificial Self-Awareness
Mechanisms” by Dell’Aversana P. Minerals. 2024;14:247 (https://www.mdpi.com/2075-163X/14/3/247). CC BY.

In the upcoming section, we are going to apply this workflow to actual datasets sourced from medical
imaging for diagnostic purposes. We will perform a comparative analysis between the SAL approach and
traditional neural network models, along with alternative algorithms employed on identical datasets. This
comparative assessment seeks to clarify the strengths and weaknesses of the SAL methodology when
juxtaposed with other well-established machine-learning techniques.

We remark that, in this article, we limit the application of the SAL approach to a single real dataset
(although we included the links to additional tests on synthetic data). Indeed, this paper aims to introduce
the SAL methodology in the medical field. Therefore, it is primarily focused on the methodological
description of our approach. This implies that further tests and more in-depth analyses will be necessary to
validate the effectiveness of Self-Aware Deep Neural Networks more confidently. Despite these
experimental limitations, we remark that in previous papers, we have already described additional
examples of applications of the SAL approach in fields other than medicine. For instance, in some recent
works, we have demonstrated the benefits of this approach in the fields of geosciences, hydrocarbon
exploration, and drilling engineering [8-10].
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SAL for medical applications

Medical imaging and medical diagnosis, with their diverse modalities and complex datasets, often
encounter challenges related to data variability, noise, and dynamic conditions. By developing deep neural
networks with basic self-awareness capabilities, we can address these challenges and unlock several
potential advantages.

One significant benefit lies in the realm of improved adaptability. Our work-hypothesis is that artificial
neural networks equipped with rudimentary self-awareness mechanisms can autonomously adjust their
hyper-parameters and architectures in response to changing conditions, such as evolving datasets or
dynamic patient characteristics. This adaptability is particularly pertinent in medical sciences, where
patient data may exhibit temporal variations or imbalances across different demographic groups.

Furthermore, integrating self-awareness mechanisms can enhance error detection and handling within
medical imaging/diagnosis tasks. Neural networks endowed with self-awareness can evaluate the
confidence and reliability of their predictions, enabling more robust decision-making processes. In medical
diagnostics, where accuracy is crucial, this capability can facilitate the identification of uncertain or
ambiguous cases, thereby improving patient care outcomes.

Efficient allocation of computing resources is another key advantage offered by self-aware neural
networks in medical applications. By dynamically assessing the complexity of tasks, these networks can
optimize resource allocation, prioritizing computations for accurate diagnoses or image reconstructions.
This efficiency gain is particularly significant in resource-intensive medical imaging modalities, such as MRI
or CT scans, where timely analysis is essential for patient management.

Furthermore, self-awareness mechanisms enhance the explainability of neural network outputs in
medical applications. By providing insights into the decision-making process, these mechanisms make the
models more interpretable for clinicians and radiologists. This transparency fosters trust in Al-assisted
diagnoses and facilitates collaboration between healthcare professionals and Al systems.

In summary, the integration of rudimentary self-awareness and self-reflection mechanisms into
artificial neural networks holds high potential for advancing medical imaging/diagnostic capabilities. In the
subsequent sections, we will delve into the pragmatic aspects of SAL, introduce it through synthetic data
tests, and finally, apply it to real medical imaging datasets, elucidating its practical benefits and limitations
in clinical settings. However, we want to emphasize that the test results discussed in this article should be
considered with caution. The experimental data set used here is, in fact, limited in size, and therefore
further tests will be necessary to validate the SAL methodology in the context of medical diagnosis.

Tests
Introduction to the classification tests for automatic medical diagnosis

The conventional method for diagnosing breast tumors can involve a full biopsy, which is an invasive
surgical procedure. Fine needle aspirations (FNAs) offer an alternative by allowing the examination of a
small tissue sample from the tumor. However, as remarked by Street et al. [19], the success rate of
diagnosis using this method, in some cases, can be low. Some specialized institutions have achieved
successful diagnoses with FNAs by meticulously analyzing both the characteristics of individual cells and
significant contextual factors, such as the size of cell clusters. Nonetheless, there is a belief that various
features are associated with malignancy, making the diagnostic process often subjective and reliant on the
expertise of the physician. To enhance the speed, accuracy, and objectivity of diagnosis, we can apply
advanced image processing combined with machine-learning techniques. In the tests discussed in this
section, we show how deep learning empowered by self-awareness mechanisms (SAL) can be successfully
applied to an experimental data set of images (see below for details about the data) for significantly
improving the reliability of the diagnosis.

The data set

The breast cancer databases used for the following test was obtained from the University of Wisconsin
Hospitals, Madison [19, 20] (See the section “Availability of data and materials” for details).
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Street et al. [19], and Bennett and Mangasarian [21], have employed advanced image processing
techniques, coupled with a linear-programming-driven inductive classifier, to develop a precise system for
diagnosing breast tumors. A small portion of a fine needle-aspirate slide is chosen and converted into
digital format. Through an interactive interface, users initialize active contour models, referred to as
“snakes”, near the perimeters of a group of cell nuclei. These “customized snakes” are then adjusted to
precisely match the contours of the nuclei, facilitating accurate automated analysis of nuclear
characteristics such as size, shape, and texture. Ten distinct features are computed for each nucleus, and the
average value, maximum (or “worst”) value, and standard error of each feature are determined across the
spectrum of individual cells. Following the analysis of 569 images in this manner, various combinations of
features were experimented with to identify those that most effectively distinguish between benign and
malignant samples.

We used these selected features for testing our entire SAL approach. In the following, we are going to
explain, briefly, the key steps of our workflow addressed to a new binary classification of this experimental
data set, based on our SAL machine-learning integrated platform. This includes a full set of algorithms (SAL
plus complementary machine learning techniques) chained in effective workflows addressed to feature
engineering, data processing and normalization, supervised and unsupervised classification, cross-
validation tests and training, classification performance analysis and, finally, result mapping. For the entire
workflow, we used a proprietary software platform. This has been designed and programmed by us “in-
house”, using well-known Python libraries, such as Scikit-learn, SciPy, Keras/TensorFlow, Matplotlib, and
so forth.

Feature engineering

Feature engineering is the process of selecting, transforming, and creating new features from raw data to
improve the performance of machine-learning models. It involves identifying and extracting relevant
information from the input data that can help the model understand the underlying patterns and
relationships. The following are some key aspects of feature engineering applied to this data set.

Feature Selection: This involves choosing the most relevant features from the available dataset. In this
database, ten real-valued features are computed for each cell nucleus:

a) radius (mean of distances from center to points on the perimeter)
b) texture (standard deviation of gray-scale values)

c) perimeter

d) area

e) smoothness (local variation in radius lengths)

f) compactness (perimeter”2 / area - 1.0)

g) concavity (severity of concave portions of the contour)

h) concave points (number of concave portions of the contour)

i) symmetry

j) fractal dimension (“coastline approximation” - 1)

The mean, standard error and “worst” or largest (mean of the three largest values) of these features
were computed for each image, resulting in 30 features. The class distribution is characterized by 357
benign, 212 malignant cases.

Feature Transformation: Sometimes, the distribution of the features in the dataset may not be ideal for
the machine-learning algorithm. In our case, we applied feature transformation techniques, such as
normalization, standardization, logarithmic transformation, and scaling. These can help make the features
more suitable for classification.

Explor Digit Health Technol. 2024;2:218-34 | https://doi.org/10.37349/edht.2024.00023 Page 225



Feature Scaling: Features with different scales and units can lead to biased model training and
convergence issues. We applied feature scaling techniques, such as Min-Max scaling or Z-score
normalization. These can help standardize the scale of features, ensuring that they contribute equally to the
model’s learning process.

Feature Ranking: This step in the workflow helps in identifying the most relevant features for building
machine-learning models, leading to improved model interpretability, reduced overfitting, and better
generalization performance. Figure 2 shows an example of ranking for the first 9 features extracted from
this data set. The length of the horizontal bar indicates qualitatively the relevance of the features for
distinguishing benign from malign class using a pre-labelled data set (training sub data set). The ranking
values have been extracted in a quantitative way, and are visualized in the table.

Feature Info. Gain  Gain ratio Gini Anova Y74 Relief F

Radius worst 0.620 0310 0.320 860.782 290.486 0.124
Pe r| meter WO rst 0.620 0.310 0.317 897.944 289.249 0.118
Area worst 0.617 0.308 0.320 661.600 286.848 0.093
Concave point_worst 0.586 0.293 0.308 964.385 279.705 0.136
Concave pOInt_mean 0.552 0.276 0.295 861.676 271.548 0.111
Perimeter mean 0.498 0.249 0.274 697.235 249.793 0.100
Area me 371 0.493 0.247 0272 573.061 247.562 0.085
Ra d | JS mean 0.491 0.246 0.271 646.981 246.456 0.100
Conca\;ty_mea n 0.464 0.232 0.259 533.793 240.930 0.082

Figure 2. Features ranking (see text for explanation of the ranking indexes)

In the context of machine-learning feature ranking, the following terms are commonly used to assess
the importance or relevance of features:

Info. Gain (information gain): This is a measure used in decision trees to quantify the reduction in
entropy or uncertainty about the target variable achieved by splitting the data based on a particular feature.
Higher information gain indicates that the feature effectively separates the data into classes, making it more
informative.

Gain ratio: This is a variation of information gain; it takes into account the intrinsic information of a
feature to avoid bias towards features with a large number of categories. It penalizes features with many
categories.

Gini Index (Gini impurity): This is a measure of impurity or disorder used in decision trees. It quantifies
the probability of incorrectly classifying a randomly chosen element if it were randomly labeled according
to the distribution of labels in a particular node. Lower Gini Index values indicate that a node contains
predominantly instances from a single class, making it a good split candidate.

ANOVA (analysis of variance): This is a statistical method used to compare means across multiple
groups or categories to determine whether there are significant differences between them. In feature
ranking, ANOVA is often used to assess the significance of differences in feature means across different
classes or target variable categories. Features with higher ANOVA F-values are considered more important.

x? (Chi-square): This is a statistical test used to determine the association or independence between
categorical variables. In feature ranking, x? is used to assess the significance of the relationship between a
categorical feature and the target variable. Higher y? values indicate a stronger association between the
feature and the target variable.

ReliefF (relief feature selection): This is a feature selection algorithm that evaluates the importance of
features based on their ability to distinguish between instances of the same and different classes. It works
by iteratively sampling instances and updating feature weights based on the nearest instances of the same
and different classes. Features with higher weights are considered more important.
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All the above indexes provide different perspectives on feature importance and are utilized in various
machine-learning algorithms and techniques for feature ranking and selection. Each method has its
strengths and weaknesses, and the choice of method depends on factors such as the nature of the data, the
problem domain, and the specific requirements of the machine-learning task.

Evaluation of learning algorithms through cross-validation

In the classification tests discussed in the following, we applied different neural network architectures as
well as different alternative machine-learning algorithms, to compare their performances and select the
optimal method(s) for our classification purposes. The effectiveness of different classifiers can vary
depending on several factors, such as the characteristics and quality of the data and the nature of the
classification problem. A robust approach to selecting the most suitable learning algorithms involves
assessing their generalization performance and choosing the ones demonstrating the best results. One
method for this selection process is conducting “cross-validation tests.” Cross-validation involves dividing
the labeled data (the training dataset) into complementary subsets. The analysis is then performed on one
subset (the training subset), and the results are validated on the other subset (the validation subset or
testing subset). Various performance metrics are utilized to quantify the performance of each classification
algorithm during cross-validation testing (as discussed below).

Training, classification and performance evaluation

In machine learning, training a model involves using a subset of labeled data, known as the training set, to
teach the model to recognize patterns and make predictions. Here is a step-by-step explanation of the
workflow including training, classification of the remaining data (validation sub-data set, not included in
the training sub-set), and evaluation of classifier performance. Let us start with the training phase. It
includes the following sub-steps:

Data Preparation: The training subset of data is preprocessed and divided into input features (X) and
their corresponding target labels (Y).

Model Initialization: An appropriate machine-learning algorithm is selected, and a model is initialized
with random parameters.

Training: The model is trained using the training data by iteratively adjusting its parameters to
minimize a predefined loss function. This is typically done through optimization algorithms like gradient
descent, which update the model’s parameters based on the gradients of the loss function with respect to
those parameters.

Loss Function Trends: Throughout the training process, the loss function is monitored to assess how
well the model is learning. The goal is to see a decreasing trend in the loss function over epochs (training
iterations), indicating that the model is improving its performance.

After the training phase, we apply one or more classifiers for the Classification Phase. It consists of the
following main steps:

Data Preprocessing: The remaining part of the data (the validation or testing set) is preprocessed in the
same way as the training data.

Prediction: The trained model is used to make predictions on the input features of the
validation/testing set.

Classification: Each instance in the validation/testing set is assigned a predicted label based on the
model’s output.

The final part of the workflow is the Evaluation Phase. It consists of the following main sub-phases:

Performance Parameters: Various performance metrics are calculated to evaluate the classifier’s
performance. These metrics may include accuracy, precision, recall, F1 score, area under the ROC curve
(AUC), among others. These metrics provide insights into how well the model is performing in terms of
correctly classifying instances.
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Loss Function Trends: The loss function trends observed during training are analyzed to ensure that
the model has converged to a stable solution and is not overfitting or underfitting the data.

Scatter Plot Analysis: A scatter plot of the classified data can provide visual insights into the
performance of the classifier. Different features are typically plotted on the axes of the scatter plot, allowing
for visualization of the distribution of data points and how well they are separated into different classes by
the classifier. This visualization helps in understanding the decision boundaries learned by the model and
identifying any potential misclassifications or clustering patterns.

In the following section, we show how we applied the entire workflow using different methods. Our
goal is to show how deep neural networks empowered with the SAL approach, perform better than
“standard” deep neural networks and other machine-learning algorithms.

Results
Test 1: a simple binary classification test

The first test consists of classification of a sub-set of validation data trained on a percentage of labelled data
ranging from 50% to 90% of the entire data set. In this test, we compared the performances of the SAL
network and Standard Deep Neural Network. Figure 3 shows an example of comparison of the training and
validation losses for both types of methods. Both networks are initialized using two hidden layers and the
same initial number of neurons for each layer and other hyper-parameters (such as the learning rate).
However, different from the standard model, the SAL network can update dynamically (through the
epochs) its own architecture and hyper-parameters to improve its classification performance and, at same
time, avoiding overfitting problems. In this first test, the figure shows that the SAL model can obtain very
high classification accuracy. Moreover, the validation loss curve (in red) converges towards values lower
than that of the standard model (orange).

Training and Validation Losses

1h N _ —— Standard Model Training Loss
sa -, yperpérame ers = f —— Standard Model Validation Loss
0.20 1 num_hidden layers': 2, —— SAL Model Training Loss
'num_neurons_per layer': 128, —— SAL Model Validation Loss
'dropout rate': 0.2,
'learning rate': 0.001
0.15 4 }
3 Standard Model Validation Accuracy: 0.979
3 SAL Model Validation Accuracy: 1.000
0.10
0.05 -
0.00 4
0 5 10 15 20 25 30 35
Epochs

Figure 3. Comparison of losses curves of standard and SAL models for Test 1. In the upper box, the initial SAL hyper-
parameters are shown; in the lower box, the final validation accuracies for both models are compared

The oscillations observed in the training accuracy trend of the SAL model (green curve) can be
attributed to the iterative nature of the model’s architecture adjustments. In fact, the SAL model
dynamically adjusts its architecture and hyper-parameters during training based on its performance on the
validation set. This iterative process involves changing the number of hidden layers, the number of neurons
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per layer, the dropout rate, the learning rate, and other hyper-parameters. As a result, the model’s
architecture evolves over time, leading to fluctuations in its performance metrics, including training
accuracy. Furthermore, the iterative adjustments made to the SAL model’s architecture can introduce some
level of instability during training. Each adjustment may cause the model to explore different architectural
configurations, which can lead to variations in its learning behavior and performance. These variations can
manifest as oscillations in the training accuracy trend.

Despite the oscillations, the SAL model aims to converge to an optimal architecture that maximizes its
performance on the validation set. In summary, the oscillations in the training accuracy trend of the SAL
model are likely a consequence of its iterative architecture adjustment process, which involves exploring
different architectural configurations to improve performance. These oscillations reflect the dynamic
nature of the SAL model’s learning process as it strives to adapt its architecture to the given dataset and
task.

Figure 4 shows the final cross plot of the classified data (validation data set) using the SAL model. The
plot is displayed for two specific features (radius_mean and concavity_mean), but the classification process
used all the available features.

Final Classification Scatter Plot
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Figure 4. Classification cross plot for the SAL model for Test 1, with respect to two specific normalized features: radius_mean
and concavity_mean

Test 2: changing initial hyper-parameters

The second test is like the previous one. It has the same goal and allows a quantitative comparison between
the performances of a standard neural network model and a SAL model. However, we changed slightly the
initial hyper-parameters of the SAL model (such as the learning rate). Like in Test 1, in this case too, the SAL
model performances are better than the standard model, although the accuracy is not 100%. This test is
useful because it shows that a small difference in the initial parameters (in this case, the learning rate) can
bring to variable final performances. However, the advantage of the SAL approach is that it can iteratively
update its hyper-parameters and architectures with the objective to improve the performances and to
optimize the classification results (optimal separation of the classes in the feature space, with reduced or
null overfitting problems) (Figures 5, 6).
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Training and Validation Losses

06 - — Standard Model Training Loss
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Figure 5. Comparison of losses curves of standard and SAL models for Test 2. In the upper box, the initial SAL hyper-
parameters are shown; in the lower box, the final validation accuracies for both models are compared.
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Figure 6. Classification cross plot for the SAL model for Test 2, with respect to two specific normalized features: radius_mean
and texture_mean

Test 3: comparison with other machine-learning methods

Finally, we run a more comprehensive test for comparing the classification performance of the optimal SAL
model(s) found through the previous tests and the performance of other machine-learning algorithms.
These include Decision Tree, Random Forest, Logistic Regression, Naive Bayes and Support Vector Machine
(SVM) (for a detailed explanation of these methods, see [16-18]).

As expected, all the methods perform well with this data set, but the SAL model shows the best
performances. Table 1 shows the comparison between these methods in terms of performance parameters
after cross-validation tests.
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Table 1. Performance comparison for different classification methods

Method AUC CA F1 Precision Recall
Tree 0.925 0.928 0.928 0.928 0.928
SVM 0.992 0.952 0.951 0.955 0.952
Random Forest 0.986 0.950 0.950 0.950 0.950
SAL Network 0.997 0.994 0.994 0.994 0.994
Naive Bayes 0.983 0.934 0.934 0.934 0.934
Logistic Regression 0.927 0.929 0.929 0.929 0.929

AUC: area under the ROC curve; CA: classification accuracy

Let us explain, briefly, the performance indexes appearing in the table.

The “AUC” index, derived from “Area Under the Curve,” signifies the degree of separability and
indicates a model’s capability to distinguish between classes. Higher AUC values suggest better predictive
performance, particularly valuable in medical applications for distinguishing between patients with and
without a disease.

Another crucial metric is the “Classification Accuracy” (CA), representing the proportion of correctly
classified examples.

The “F1” score, a weighted harmonic mean of precision and recall, is also included. Precision measures
the proportion of true positives among instances classified as positive, while recall assesses the proportion
of true positives among all positive instances in the dataset.

Finally, to provide a general picture of the results of this binary classification test, Figure 7 shows an
example of scatter plot obtained using the SAL model applied to an expanded validation data set.
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Figure 7. Classification cross plot for the SAL model for Test 3, with respect to two specific normalized features: radius_mean
and compactness_mean

Discussion

While the Self-Aware Deep Neural Network approach offers promising opportunities for enhancing medical
imaging and diagnosis, addressing the associated challenges and limitations is crucial to realize its full
potential in clinical practice. Continued research and development efforts focusing on improving model
robustness, interpretability, and ethical considerations are necessary to ensure the responsible and
effective deployment of Al technology in healthcare settings. We reiterate that the application of the SAL
workflow in the medical field is still in its infancy. Additional efforts and tests are necessary to achieve full
validation of this methodology. The following are some additional areas of research and possible
improvements we are considering for enhancing our Self-Aware Deep Neural Network approach:
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1) Dynamic Learning Rate Scheduling: Implementation of dynamic learning rate scheduling techniques
such as “Reduce-LR-On-Plateau” or “Learning-Rate-Scheduler” to adjust the learning rate during
training based on the model’s performance. This can help improve convergence and prevent
overfitting.

2) Architecture Search Algorithms: Exploration of automated machine-learning (AutoML) techniques
like neural architecture search (NAS) to automatically search for optimal network architectures.
NAS algorithms can efficiently explore a large search space of architectures and find models that
perform well on the given task.

3) Regularization Techniques: Experimenting with different regularization techniques such as L1 and
L2 regularization, as well as techniques like dropout, batch normalization, and weight decay. These
techniques can help prevent overfitting and improve the generalization performance of the model.

4) Ensemble Learning: Utilizing ensemble learning methods to combine predictions from multiple
models trained with different hyper-parameters or architectures. Ensemble methods like bagging,
boosting, and stacking can often lead to better performance than a single model.

5) Model Distillation: Applying “model distillation techniques” to transfer knowledge from a larger,
more complex model (teacher model) to a smaller, simpler model (student model). This can help
improve the performance of the student model by learning from the soft targets produced by the
teacher model.

6) Transfer Learning: Investigating transfer-learning approaches where pre-trained models (e.g.,
models trained on ImageNet) are fine-tuned on our specific dataset. Transfer learning can improve
knowledge learned from large-scale datasets and accelerate training on our target task.

7) Data Augmentation: Augmenting our training data (images) with various data augmentation
techniques such as rotation, translation, scaling, flipping, and adding noise. Data augmentation can
help increase the diversity of the training data and improve the robustness of the model.

8) Hyper-parameter Optimization: Using additional advanced hyper-parameter optimization
techniques such as genetic algorithms, or population-based methods to search for optimal hyper-
parameters more efficiently than grid search or random search.

9) Model Interpretability: Enhancing the interpretability of our model by incorporating techniques
such as feature importance analysis, SHAP (SHapley Additive exPlanations) values, or attention
mechanisms. Understanding how the model makes predictions can provide valuable insights and
increase trust in the model’s decisions.

By incorporating these additional improvements, we hope to further enhance the performance,
reliability, and interpretability of our Self-Aware Deep Neural Network approach. Experimenting with
different techniques and methodologies will help us develop a more robust and effective deep-learning
system tailored to our specific application domain.

In conclusion, this paper introduces Self-Aware Deep Neural Networks into the field of medical
diagnosis, aiming to enhance accuracy and patient outcomes. The SAL approach leverages adaptive learning
and self-monitoring mechanisms to enhance neural network performance and adaptability. Through
continuous self-monitoring, the model can autonomously adjust its architecture and parameters, optimizing
learning and improving performance (up to an ideal classification accuracy of 100%, as shown in some
preliminary tests). These self-aware mechanisms aim to offer several potential advantages in medical
applications, including improved adaptability to varying data qualities and patient demographics, enhanced
error detection, efficient resource allocation, and increased transparency and interpretability of Al-assisted
diagnoses. Through applications to real medical data sets, we have shown that the integration of self-
awareness into Al systems holds significant promise for advancing medical imaging and diagnostic
capabilities, ultimately leading to more accurate and timely patient care. However, we remark again that
the results presented in this introductory article should be taken with prudence, as they are based on
partial experiments on a single data set. Although multiple experimental tests have been successfully
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conducted in other fields of study (such as Earth Sciences, for example), further tests are necessary to
achieve a more robust validation of the SAL method applied in the medical field.

Abbreviations

Al artificial intelligence
ANOVA: analysis of variance
AUC: area under the ROC curve

SAL: Self-Aware Deep Learning
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