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Sommario

L’Intelligenza Artificiale Generativa (GenAl) e I’'Intelligenza Artificiale Spiegabile (XAI)
hanno attirato un notevole interesse negli ultimi anni per il loro potenziale e la loro capacita
di stimolare e ispirare il progresso della ricerca scientifica. Questa tesi esplora le nuove fron-
tiere di queste discipline, presentando una raccolta di architetture e applicazioni innovative.
Nel campo della GenAl, questo lavoro introduce GIDnets, una rete neurale generativa pro-
gettata per risolvere problemi di inverse design tramite I’esplorazione dello spazio latente,
mostrando accuratezza maggiore rispetto ai metodi esistenti. Inoltre, verra discussa
I’applicazione di transformers e spazio latente condizionato nel contesto della generazione
automatica di referti medici. In aggiunta, la tesi indaga il ruolo degli agenti generativi, basati
su modelli di linguaggio di grandi dimensioni (LLMs), nel contesto dei modelli basati su
agenti, offrendo approfondimenti sulla loro validazione e le sfide emergenti. Tra queste, una
delle sfide rilevanti ¢ quella della modellazione della diffusione di opinioni in contesti sociali,
la quale verra discussa evidenziando il suo potenziale come promettente scenario applicativo
per gli agenti generativi.

Nel dominio della XAl, questa tesi illustra I’impatto dei metodi computazionali sull’interpre-
tazione dei dati, e in particolare nei casi in cui la Data Science e il Deep Learning (DL)
sono impiegati per ottenere approfondimenti in campo biomedico. Nonostante i progressi,
interpretare 1 modelli di DL rimane una questione dibattuta. SHAP (SHapley Additive ex-
Planations) si dimostra uno strumento potente per estrarre approfondimenti da questi modelli
black-box. In questa tesi, la sua applicazione verra discussa nei contesti della previsione di
bancarotta aziendale e della predizione dei disastri naturali. Inoltre, viene proposto un nuovo
algoritmo di DL basato su XAl per la selezione delle geni nel contesto della genomica fun-
zionale. Questo algoritmo utilizza una nuova metrica ispirata da SHAP per identificare e
quantificare I’impatto dei geni, migliorando significativamente la precisione delle predizioni
nella prognosi di leucemia linfatica cronica.

Gli approcci innovativi presentati in questa tesi avanzano lo stato dell’arte nella GenAl e nella
XAI, mostrando il potenziale di queste tecnologie per consentire la progettazione di soluzioni
pratiche in vari domini.



Abstract

Generative Artificial Intelligence (GenAl) and Explainable Artificial Intelligence (XAI) have
attracted significant interest in recent years due to their potential and their capacity to drive
and inspire further research. This thesis explores new frontiers in these fields by presenting a
collection of innovative architectures and applications.

In the realm of GenAl, this work introduces GIDnets, a generative neural network aimed
at solving inverse design problems through latent space exploration, showcasing improve-
ments over existing methods. Furthermore, the research explores the application of latent
space conditioning and transformers for automatic medical report generation. The thesis
also investigates the role of generative agents, based on Large Language Models (LLMs),
in agent-based modeling, offering insights into their validation and the emerging challenges.
One of the notable challenges addressed is the complexity of opinion diffusion in social envi-
ronments, highlighting its potential as a promising application scenario for generative agents.
In the domain of XAl, this thesis illustrates the impact of computational methods on data
interpretation, particularly when data science and Deep Learning (DL) are employed to gain
insights in the biomedical field. Despite advancements, explaining DL models remains a de-
bated issue. SHAP (SHapley Additive exPlanations) is demonstrated as a powerful tool for
extracting insights from these black-box models and its application in bankruptcy prediction
and natural disaster event scenarios will be discussed. Additionally, a new deep learning al-
gorithm based on XAl is proposed for feature selection in genomics. This algorithm utilizes
a new SHAP-inspired metric to identify and quantify the impact of genes, significantly en-
hancing the prediction accuracy for chronic lymphocytic leukemia.

The innovative approaches presented in this thesis advance the state-of-the-art in GenAl and
XAlI, showcasing the potential of these technologies to enable the design of practical solu-
tions across various domains.
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Introduction

As the research in Artificial Intelligence (Al) advances, it is becoming increasingly difficult
to find a scientific or industrial field unaffected by its applications. Indeed, Al has the poten-
tial to address a wide range of diverse problems, offering significant solutions across various
domains. Deep Learning (DL), in particular, has attracted significant interest as a subfield of
Al that allows to identify statistical regularities and patterns hidden in large datasets, to be
used for predictions or analysis [4].

The novel trend, which finds its roots in DL, is the development of Generative Artificial
intelligence (GenAl) models. In general, GenAl can be identified as a dynamic and rapidly
evolving discipline of Al, focused on creating models capable of generating new, synthetic
data that resembles the characteristics of the input data used for training. For the purpose,
GenAl models learn the underlying patterns and structures of the input datasets during the
training phase and then use this knowledge to produce new, similar data. Their generative
capability spans multiple domains, including text [5], images [6], audio, and even video
generation. At the core of generative Al are sophisticated DL models such as Generative
Adversarial Networks (GANSs), Variational Autoencoders (VAEs), and transformers.

The birth of the modern DL-based genAl was marked by the introduction of GANSs, proposed
by Ian Goodfellow and his colleagues in 2014 [7]. GANSs utilize a unique game-theoretic ap-
proach where two neural networks—the generator and the discriminator—compete against
each other. The generator creates synthetic data, while the discriminator attempts to distin-
guish between real and generated data. This adversarial process continues until the generator
produces highly realistic data that the discriminator can no longer differentiate from real data.
In parallel, VAEs have provided another robust framework for data generation[5, 8]. Unlike
GANSs, VAEs work by encoding the input data into a latent space and then decoding it back
to generate new data. This probabilistic approach enables VAEs to capture the underlying
distribution of the data and generate diverse and meaningful samples.

Even if GANs and VAEs are considered foundational architectures in generative Al, recent
years have witnessed a revolutionary shift with the introduction of transformers-based mod-
els. In particular, the advent of large language models (LLM) with hundreds of billion pa-
rameters (e.g. GPT-3), extended genAl applications beyond text generation to include trans-
lation, summarization, and even creative writing, underscoring the versatility and power of
transformer architecture. Indeed, LLMs leverage transformers to generate human-like text
based on a given prompt, requiring minimal fine-tuning for specialized tasks [9]. Their ad-
vent unlocked a plethora of possibilities for new applications and further research. However,
the rise of generative Al also brings forth ethical concerns. The ability to generate realistic
synthetic data can lead to the creation of deepfakes, raising issues related to misinformation
and digital security. As such, the development and deployment of generative Al technologies



necessitate careful consideration of ethical guidelines and regulatory frameworks to mitigate
potential risks.

Although powerful and disruptive, DL and GenAl bring with themselves the problem of
explainability. DL models are usually too complex to be interpreted, and for this reason they
are referred to as “black boxes”. This led to the birth of Explainable Artificial Intelligence
(XAI) as a critical area of research in the broader field of Al, whose aim is to explain the
mechanisms behind the decision of DL models[10]. The lack of transparency poses signif-
icant challenges in fields where understanding the rationale behind Al decisions is crucial,
such as healthcare, finance, and autonomous driving. In healthcare, for instance, clinicians
require clear explanations of Al-driven diagnoses or treatment recommendations to ensure
patient safety and make informed decisions. Similarly, in finance, regulators and stakehold-
ers need to understand AI’s decision-making processes to ensure compliance with legal stan-
dards and maintain trust. XAI seeks to bridge this gap by developing methods and tools
that make Al systems more interpretable, allowing users to understand, trust, and effectively
manage these systems. Research in XAl includes a variety of approaches, such as model
interpretability techniques, which aim to make models inherently more understandable, and
post-hoc explainability methods, which attempt to provide explanations for the outputs of
otherwise opaque models [11]. Model interpretability techniques often involve designing
models that are simpler and more transparent, such as decision trees or linear models, which
are inherently easier to interpret than complex neural networks. On the other hand, post-hoc
explainability methods include techniques like LIME (Local Interpretable Model-agnostic
Explanations) [12] and SHAP (SHapley Additive exPlanations) [13], which can be applied
to any model to explain individual predictions.

As the demand for ethical and accountable Al continues to grow, XAl represents a pivotal step
towards integrating Al systems responsibly into society. Ensuring that Al systems are inter-
pretable not only enhances user trust but also aligns with regulatory requirements and ethical
guidelines, promoting transparency, fairness, and accountability in Al applications. Recent
advancements in XAl have also focused on interactive and visual explanation tools, which al-
low users to explore and understand model behavior through intuitive interfaces. These tools
are particularly valuable in operational settings, where real-time decision-making is essen-
tial, and users need to quickly grasp the reasons behind Al outputs. Moreover, the interdis-
ciplinary nature of XAl research, which intersects computer science, cognitive psychology,
and human-computer interaction, underscores its complexity and the need for a collaborative
approach. As highlighted in recent literature, incorporating user feedback into the design of
explainable systems is crucial for developing explanations that are not only technically accu-
rate but also meaningful and useful to end-users [14].

In a world where Al is increasingly present in our daily lives and influences our choices, from
the simplest to the most critical, XAl systems will play a fundamental role in ensuring that
new Al technologies are both effective and trustworthy.

In this thesis, we will discuss our contributions to the aforementioned research domains,
walking through a collection of original scientific papers. With this purpose, this work is
organized into two parts.

Part I: New Frontiers of Generative AI Architectures. As a primary contribution, this
work introduces GIDnet, a generative neural network designed to address inverse design



problems by exploring latent space. Inverse design problems often suffer from the non-
uniqueness of solutions and typically fail to consider feasibility constraints in the final de-
sign. Generative Al holds promise for solving these issues by generating diverse solutions
and encoding feasibility constraints within a well-structured latent space. To achieve this,
mechanisms for creating and exploring latent space are essential. This research provides a
comprehensive review of existing methods and conducts a thought-experiment campaign to
demonstrate how, in this context, GIDNET advances the state-of-the-art in general inverse
design problems. The evaluation includes testing on a diverse set of benchmarks and real-
world material design challenges [15].

Well-structured latent spaces and encodings play a crucial role in GenAl, especially in DL.
Indeed efficient encoding and decoding of complex data are essential for solving intricate
problems in various domains, including biomedical applications. This thesis will discuss a
new framework for automatic report generation, utilizing a context-conditioned latent space
designed through a VAE. Such VAE is conditioned and jointly trained with a context predic-
tor, and combined with an LLM to generate medical reports from chest X-ray images [16].
As generative models for language, LLMs are revolutionizing the way we face problems in
many field, but also providing new opportunities in contexts where the solutions have been
limited in the past. Indeed, they bring novelties to the study of social interactions and simula-
tions in social environments. In this scenario, it is possible to develop agent-based simulations
where the agents are equipped with social interaction capabilities that happen through natural
language. This work will show an overview of the so called generative agents existing in
the literature with a focus on the methods for verifying the alignment between their behavior
and human-like behavior. The generative agent-based modeling framework can be used for
studying the dynamics of opinion diffusion in social networks[17]. An example of traditional
simulation in this context will be provided as a promising scenario of application for LLMs-
based agents[18].

Part II: XAI Applications and Innovative Approaches. This thesis discusses the impor-
tance and the impact of computational methods on data interpretation, especially when data
science and DL are utilized to gain insights in the biomedical field. The first reported exam-
ple is the analysis of longitudinal data to correlate the adherence to the Mediterranean diet to
physical activity and study their impact on inflammatory biomarker levels in healthy adoles-
cents [19].

In the context of DL, another work will introduces a novel architecture for anatomical part
segmentation in 3D micro-CT images [20]. While not explicitly framed in XAlI, this is a
significant example of how DL can reveal hidden information, enabling human interpreta-
tion that would otherwise be difficult to achieve. The innovative p-Net uncovers the internal
morphology of anatomical parts of organs, facilitating, on the one hand, the interpretation of
images coming from highly sophisticated image-capturing techniques.

On the other hand, the need for innovative methods to explain the predictions of DL models
remains a key area of interest. SHAP (SHapley Additive exPlanations) [13] is demonstrated
as a powerful model-agnostic XAI method for extracting insights from black-box models
by measuring the contribution of each independent variable to the model’s predictions. The
flexibility provided by SHAP and its model-agnostic nature makes it a versatile method that
can be applied across various application scenarios. This thesis discusses two examples of
its application. The first example uses Recurrent Neural Networks (RNNs) for bankruptcy
prediction by analyzing temporal sequences of companies’ financial indexes. The second



example quantifies the contribution of different variables to earthquake lateral spreading pre-
diction using Graph Neural Networks (GNNs) and geospatial data [21].

While XAI enhances the interpretation of results by quantifying the relationship between
input and output data, it also facilitates the development of more effective approaches in do-
mains where data is challenging to manage. For example, in the field of functional genomics,
gene expression profiles (GEP) datasets are usually highly dimensional and noisy. This the-
sis will introduce a new DL algorithm based on XAl for feature selection in genomics which
employs a novel SHAP-inspired metric to select the most impactful and meaningful genes in
the prediction of a disease [22]. Additionally, this work will report a study in which a prelim-
inary version of the algorithm is being applied to prognosis prediction for patients affected
from chronic lymphocytic leukemia [23].

Published papers. The contributions described in the thesis have been subject to scientific
publications.
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Structure of the thesis. The remaining part of this thesis is organized as follows:

 Part I is focused on the design of new GenAl architecture for real-world problem and
the use of LLMs to simulate human behavior and social dynamics.

— Chapter 1 introduces GIDNET, a novel DL generative architecture for solving
inverse design problems.

— Chapter 2 proposes a new framework for automatic generation of medical re-
port starting from patient images, based on Variational Autoencoders (VAE) and
LLMs.

— Chapter 3 and 4, framed in the field of Agent-Based Modeling, provide an overview
of the advent of LLMs to simulate human behavior in simulations. Moreover a
new framework for opinion diffusion in social network is presented as a promising
application scenario for the new generation of generative agents.

e Part II highlights the importance of interpretable AI models by going from the in-
sight provided in data science and imaging applications to the need and the use of
explainability methods for DL models in different scenarios. Finally, a new XAl-based
approach for feature selection in the medical field is presented.

— Chapter 5 reports a longitudinal study on the impact of a nutritional education
program on adolescents’ dietary habits and health.

— Chapter 6 presents p-Net, an innovative imaging framework for studying and the
internal morphology of living beings’ organs, by extracting information from 3D
micro-tomography.



— Chapters 7 and 8 will discuss two applications of DeepSHAP [13] for explain-
ing DL model decisions, respectively in the fields of bankruptcy prediction and
natural disaster prediction.

— Chapters 9 and 10 propose a new algorithm for feature selection in genomics
where an ad-hoc XAl-based score is defined. In the latter chapter, a preliminary
version of the algorithm is applied to the prognosis prediction of chronic lympho-
cytic leukemia.

* Conclusion sums up the main contributions of this thesis and proposes future directions
on this line of research.
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Chapter 1

GIDnets: Generative Neural Networks
for Solving Inverse Design Problems via
Latent Space Exploration

In a number of different fields, including Engeneering, Chemistry and Physics, the design
of technological tools and device structures is increasingly supported by deep-learning based
methods, which provide suggestions on crucial architectural choices based on the properties
that these tools and structures should exhibit. The paper proposes a novel architecture, named
GIDNET, to address this inverse design problem, which is based on exploring a suitably
defined latent space associated with the possible designs. Among its distinguishing features,
GIDNET is capable of identifying the most appropriate starting point for the exploration and
of likely converging into a point corresponding to a design that is a feasible one. Results of a
thorough experimental activity evidence that GIDNET outperforms earlier approaches in the
literature.

1.1 Introduction

The availability of increasingly effective Al techniques is paving the way to conceive novel
approaches for supporting production processes over a wide spectrum of domains (e.g., [24,
25, 26, 27, 28]). In particular, in fields such as Engineering, Chemistry and Physics, the de-
sign of technological tools and device structures is progressively supported by inverse design
(deep learning) methods, providing suggestions on crucial architectural choices based on the
properties that these tools and devices should exhibit [29, 30, 31, 32, 33].

In order to illustrate the idea behind inverse design, let us consider a photonic application
scenario where the approach is rapidly increasing its popularity [34, 35]. In this context,
the forward problem is easily solved: a number of electromagnetic simulators are already
available in the literature which are able to accurately predict the electromagnetic response
of any given photonic device structure, such as a metamaterial or a metasurface—see the top
part of Figure 1.1. In practice, however, physicians and optical engineers have to face the
inverse problem. Indeed, they would like to design novel structures exhibiting some specific
and desired electromagnetic responses; and, to this end, traditionally they have to explore
the design space by considering several candidate structures before one enjoying the desired
properties is found, possibly guiding the search with their knowledge about previous designs.
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Figure 1.1: Forward computation and inverse design.

More formally, let S C R™ be the set of the feasible “input” values (e.g., encodings of the
device structures that are allowed). Then, for a given forward function F : S — R™ (e.g., the
physical simulator) and desired “output” value y € R™ (e.g., the desired spectral response),
the inverse design problem consists of computing a value £ € S (e.g., the encoding of a
device structure) such that y = F(z). In particular, to accomplish the task, we can exploit
the availability of a dataset D = {(x;,y;) }ic(1,...q Of (Structure-response) pairs such that, for
eachi € {1,...,q}, z; € S andy; = F(x;) hold; indeed, D can be built via the simulator or it
records results of experiments carried out on real structures.

Clearly enough, deep learning methods can help designers to avoid their time-consuming
exploration over S, by using in a systematic way the given dataset D. In fact, we might be
tempted to view inverse design as a regression task, where we are asked to end up with a
model that is trained to predict z; based on y;, for each i € {1,...,q}. However, directly
learning a model of this kind can be rather challenging in practice, because an “inverse func-
tion” is typically not well-defined at all: just think that D often contains several different
structures with similar or identical responses (as in Figure 1.1), so that we are in charge of
training a model with contrasting information. In addition, the output of inverse design typ-
ically consists of device structures that are one-hot encoded, hence requiring special care to
deal with the feasibility of the solutions being produced. Combined with the fact that output
spaces are likely high-dimensional, these characteristics pose specific challenges that already
elicited the proposal of a number of ad-hoc solution approaches.

The starting point of our work is precisely a review of the most prominent deep-learning
based methods proposed in the literature for inverse design. Despite their specific technical
differences, most of existing methods share the idea of looking for the solution Z by directly
working at the level of the space R"; indeed, they have been mainly conceived to deal with
applications where R" is a low-dimensional space. By departing from these approaches, a few
works in the literature have already advocated the benefits of mapping the input space into a
continuous latent space [36, 37]. This perspective is taken in the paper, by proposing a neural
network architecture, named GIDNET, where the latent space is additionally constrained to
the feasible region S and an exploration algorithm is used to end up with more accurate
solutions. The benefits of these two novel ingredients will be eventually evidenced by the
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Figure 1.2: Earlier architectures in the literature. Bold arrows indicate the values Z, such that § =
F(Z).

results of a thorough experimental activity conducted over several state-of-the-art benchmark
datasets arising in different contexts (going beyond photonic applications).!

1.2 Related Works

We next classify inverse design methods in two main groups, which we name as output-
independent and output-dependent.

Output-independent Methods. Methods in this group are aimed at building an inverse
function I : R™ — S such that, for eachy € R™, F(I(y)) = y. So, they work on the entire
output space R, and do not require any kind of fine-tuning when some specific output value
y € R™ is given to hand and we look for the corresponding input Z such that F(z) = y.

The basic method within this group models the inverse function via a network N¢¢, which
is trained over D = {(mi,yi)}ie{lwq} by receiving as input the values ¥y; and returning as
output the estimated inverse N¢¢(y;), with the loss L to be optimized being its distance from
x;—Figure 1.2(a). In fact, N¢¢ tends to remain improperly trained whenever F is not invertible
because several input values can be associated with the same output [35].

To overcome this problem, a multi-branched architecture N, has been proposed by Zhang
et al. ([38]). The network receives again y;, by however producing h > 0 outputs, being
all possible different inverse values. The weights of Ny, are trained by optimizing the sum
of the loss functions over the various outputs—see Figure 1.2(b), for an illustration with 2
branches. Unfortunately, however, this approach is often unviable in practice [34], since it
requires a datasets storing, for each output value, all corresponding input values (which is an
information that we typically lack).

Other approaches use a tandem network N [39, 40]. The idea is to pre-train a network Ng
approximating the forward function F. Then, Nr is coupled with N¢s—see Figure 1.2(c). As
a result, the tandem network acts as an autoencoder; however, the loss function (minimizing
the distance between the input and the output of N;) is optimized via backpropagation over
the weights of N¢; only; indeed, the pre-trained weights of N are freezed. After the training,
for any value g, the solution is given by N¢¢ ().

A different approach is to modify N¢¢ into a network N}, receiving as input y; plus some
random noise z, and producing x; as output—see Figure 1.2(d). In fact, the given output

' A more detailed discussion of the experimental settings and results is available in the Supplementary Ma-
terial.
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value y can be feed to the network many times, each time together with a different noise
value, thereby producing several input values Z associated with y—so that we can pick the
best one. This method also includes a critic/discriminative network N. enforcing that, on the
training input y; and whatever noise z is added, N}, (y;, 2) converges to x; [41, 42]. Indeed, the
networks N, and N, are eventually trained according to the conditional GAN framework [43,
34].

Output-dependent Methods. Output-dependent methods exploit the knowledge of y,
thereby typically producing results of better quality for their ability to fine tune (on y) some
pre-trained architecture. Noticeable examples are the backpropagation-based methods by [44,
45, 46]—see Figure 1.2(e). The idea is to use the pre-trained network N coupled with a
network N, with no input, and with one layer only consisting of n nodes whose weights are
initialized at random. The network N, essentially encodes a value in R”, say z[No|, which is
passed to Ng. The loss function for the resulting network Ny, is now meant to minimize the
distance between y and N (z[No]), and it is optimized by backpropagation over the weighs of
No only (that is, N is freezed as usual). Eventually, the desired input value Z (such thaty =
F(Z)) is given by x[N,| after the updates have been performed. A drawback is that the space
of the weights is rather narrow, so that they often end up with undesired local optima [35]. In
fact, a more general architecture can be obtained by replacing N, with the network Ng¢¢ [47].
This leads to an output-dependent version of the tandem network in Figure 1.2(c)—which we
use in the experiments.

A different approach to face that drawback is given by the Neural Adjoint (NA) method [48]—
which is a variant of the method in Figure 1.2(e), hereinafter referred to as (e*). For a desired
y, the method repeats 7" times the optimization of z[N,|, by starting from different random
initialization of the Ny weights; in addition, it introduces a boundary loss to constrain the final
design z[Ny] to be a normally distributed variable. Notably, over real-valued inverse design
benchmarks, it has been shown that the method achieves comparable or better performances
than earlier methods [48], including methods based on (cVAE) variational autoencoder ar-
chitectures whose latent space is conditioned by the knowledge of the output [37].

A different generative approach has been proposed by Jiang and Fang ([49]). Their archi-
tecture (call it Ng) can be seen as a generalization of Ny, where in place of Ny a more complex
network N, is used—Figure 1.2(f). In particular, N, takes as input some random noise z and
produces a value in R", say z[N,(z)]. For the given output value y, backpropagation is used
to optimize the weights of N,, by considering as input for the network different samples of a
uniformly distributed random variable. The result Z is taken as the value z|N,(z)] computed
during the training and for which the distance between F(z[N.(z)]) and g is minimized.

Finally, we mention that a VAE-based variant of the architecture in Figure 1.2(f) has
been proposed too, where N* is pre-trained as a decoder of a variational autoencoder and z is
sampled from the latent space conditioned on the output and is optimized given y. Notably,
this approach has been specifically designed [36] to deal with scenarios where the feasible
region S C R" is associated with a proper one-hot encoding of some categorical features.

Our works shares with [36] the idea of dealing with an embedding of R™ into a latent
space. However, while that work relies on a plain optimization of a random point, we next
introduce a method that explores large portions of the latent space to find better solutions, by
eventually starting from a meaningful initialization.
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1.3 Description of the GIDNET Approach

To tackle the inverse design problem on a generic function F : S — R™, with § C R",
we propose an output-dependent method where, for any y € R™, the desired value z € R"
such that y = F(Z) is built by means of a generative architecture. Our method founds on the
following three ideas:

(1) First, we embed the space R" into a suitably-defined latent space R", which is relevant
to deal with input spaces associated with complex representations going beyond plain
numerical values (such as, for instance, with one-hot encodings of physical structures).

(2) Second, we pick a point in the latent space (corresponding to the solution in the input
space) via a guided exploration starting from a convenient initial configuration. In
particular, we first identify the £ pairs (z,,,y,,) € D for which the distance between y,,
and y is minimized, i.e., we look for the nearest neighbors of y. Then, we provide the
input parts of such pairs (namely, x;,) as starting seeds, and we design an architecture
that selects an initial configuration? which comes as a linear combination of that seeds.
Eventually, the generator is feed with random noise to implement a mechanism that
explores the latent space all around that initial configuration.

(3) Finally, our architecture takes care of dealing with the feasibility constraints that restrict
the space R” to some subset S C R™ associated with a proper one-hot encoding of the
categorical features (e.g., the materials of the device structure). Our solution choice
is to deal with that constraints at the embedding, by using an autoencoder architecture
that forces each value in the latent space—even though associated with an input that has
been never seen in the training data—to be mapped into a valid encoding in S. This
guarantees that all adjustments to the weights needed to optimize the loss function
correspond to a meaningful exploration of the latent space.

In the following, we first detail the neural architecture and then discuss the algorithm to
compute Z, given y.

1.3.1 Neural Network Architecture

The Generative Inverse Design network (short: GIDNET) we propose to address inverse
design is illustrated in Figure 1.3.

There, we can first notice an encoder E and a decoder D, which allow GIDNET to work
on an embedding of R” into a suitable latent space R". In fact, E and D define an autoen-
coder that is pre-trained over the input-components of D, namely on {x;};c(1,. 4. The
autoencoder is a standard one, except for how it handles the categorical features. Indeed,
let z; 1, ...,x; , be the components of x; that one-hot encode some given categorical feature
over / alternatives, i.e., such that 2?:1 z;; = land z;; € {0,1}, foreach j € {1,...,(}.
Letz;, = D(E(%;1)),...,%;, = D(E(%;,)) be the corresponding values produced by the au-
toencoder. Then, the last layer of D is defined to be a softmax, so that Z§:1 z;J = 1 and
0 < m;] < 1, for each j € {1,...,¢}. In fact, such values might be arbitrary far from
Boolean values; for instance, the autoencoder can well produce an output where each value

’Different methods (i.e., not necessarily based on the nearest neighbors) can select the starting seeds, leading
to different designs that can be further evaluated and selected by the user.
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Figure 1.3: GIDNET architecture.

is close to 1/¢. To avoid these circumstances, we use the following loss function to train the
autoencoder:

q
> IID(E®:)) = @ill2 + Ao - T(&) 4, .. &), (1.1)
=1

where I'(x} |, ..., 2} ) = —((x],)*+ - -+(x],)?). In fact, the former term is the reconstruction
error, while the latter (whose impact can be tuned via the factor Ay > 0) is a regularization
term leading to configurations where precisely one of the components in {z}, ...,; ,} ap-
proaches to 1. The second block that emerges from Figure 1.3 is a network Ny simulating the
forward function F. Its weights are trained on D by considering the loss > 7, ||Ne(z;) —y]|2-
That is, we would like that the network is capable of predicting the output y,; given the input
z;. In fact, the use of this network is reminiscent of some of the approaches in Figure 1.2.

After having discussed E, D and N, we are now in the position of appreciating the archi-
tecture of GIDNET. Note that it receives as input k seeds, say x; ,...,x;,. These seeds are
then embedded into the h-dimensional latent space via the encoder E : R® — R". Then, a
selection layer is used to provide GIDNET with the freedom to pick one of these seeds (or
a combination of them); this is achieved by introducing the weights wy, ..., wy, and simply
defining:

k we

e
s = E E(z;,) X —. (1.2)
P ewl 4 ... 4 Wk

Intuitively, s defines a good point from which starting the exploration. Indeed, GIDNET
includes a conditional generator N;; which takes care of the exploration of the latent space

13



(in the inverse computation phase described below); from the architectural viewpoint, we
just note here that it receives as input s plus some random noise z and produces a value
Nis(s,2) € R". This is used to define the output value that will be returned after decoding
viaD: R" — R™

Z =D(s + Ni5(s,2)). (1.3)

Eventually, to check the quality of z, the architecture uses N¢ to simulate the given forward
function F (i.e., y = Np(Z)).

1.3.2 Inverse Computation

After E, D, and Nr have been trained over D, we freeze their weights. Hence, in the inverse
computation phase, the trainable weights are wy, .., wy plus all weights of the conditional
generator Ng. These weights are re-initialized and re-trained each time an output value y is
given and we look for an input Z such that y = F(z). The algorithm is next discussed.

First, we have to compute the £ seeds x;,, ..., x;,. To this end, we define z;, as0 € R"
(that is, we allow GIDNET to neutralize the seeds), and we take x,, ..., x;, from the pairs in
D, ie., {(x},,Yjs); - (Zj,.Yj.)} € D, in a way that there is no pair (z;,y;) € D such that
llyi —¥ll2 < max;eqa, k) ||¥j, — Yl|2; in words, we take the k-1 points whose corresponding
forward values are the closest to y over all pairs in D—ties are resolved at random.

In fact, the seeds are just constant values that initialize the starting point s according to
Equation (1.2). Concerning the trainable weights, instead, we initialize N;5 at random while
we take w; = 1/k, for each ¢ € {1, ...k}, thereby starting the exploration from the centroid
of the £ seeds.

Given this initial configuration, we then train GIDNET via a number of training steps
where ¥ is fixed and where different samples 2 from a uniform distribution are given as input
to the conditional generator N;;. Intuitively, by starting from the seed s, each time a different
value z is feed to the network, we aim at adjusting the weights of the conditional generator
to end up with an output value y that gets even closer to y. Therefore, the sequence of
the training steps corresponds to a path in the latent space leading to a point that is a good
solution. In fact, we define the loss function L(y, y):

lly —yll2 + A - T(wy, ., wi) + Ao - e(x),

where I'(wy, ..., wg) = — (w} + - - - + w}) is the same regularization function used for train-

ing E and D, and where the term e(z) = ||D(E(x)) — z||2 is aimed at minimizing the recon-
struction error of the autoencoder on input z.

Eventually, w, ..., wy and the weights in Ny are updated by minimizing the loss L(y,y).
Hence, we explore the latent space while allowing GIDNET to select a different initial con-
figuration s. The value x that is returned as output by GIDNET is the one computed via
Equation (1.3) during the training phase, and for which the distance between Ng(z) and ¥ is
minimized. Furthermore, given that the blocks E, D, and N are trained independently on the
number £ of seeds, it makes sense to re-execute the inverse computation step over different
subsets of seeds by taking the best result obtained over the various configurations. By doing
so, we enlarge the portion of the latent space that is explored. Similarly, we re-execute the
inverse computation step by changing the learning rates and taking the best results derived
over them.

14



Name Dim(z) Dim(y) | Source
D; fi 3 2 [here]
Ds Ballistics 4 1 [50]
Dg Robotic arm 4 2 [50]
D; Sine Wave 2 1 [48]
Ds | Multilayer Stacks 5 256 [51]

Table 1.1: Real-Valued Datasets.

Other methods

(a) (©) (d) (e*) ®)
L2| 0.030 (£0.022) 0.155 (£0.570) 0.018 (£0.012) 0.004 (£0.0256) 0.112 (£0.286)
Di1| MAE]| 0.019 (£0.015) 0.092 (40.343) 0.012 (£0.009) 0.002 (+0.0166) 0.068 (+0.172)
RMSE 0.037 0.590 0.022 0.0259 0.307

L2| 0.009 (£0.011) 0.007 (£0.012) 0.017 (+0.022) 0.007 (£0.0392) 0.009 (+£0.014)
D2| MAE]| 0.006 (£0.008) 0.005 (+0.009) 0.011 (£0.015) 0.004 (£0.0224) 0.006 (£0.009)
RMSE 0.014 0.014 0.028 0.040 0.016

L2| 0.010 (£0.021) 0.026 (£0.07) 0.009 (£0.023) 0.016 (+0.073) 0.022 (4+0.051)
D3| MAE]| 0.006 (£0.012) 0.015 (£0.04) 0.005 (£0.013) 0.0094 (£0.0417) 0.013 (£0.029)
RMSE 0.023 0.075 0.025 0.0745 0.056

L2| 0.012 (£0.013) 0.006 (£0.015) 0.024 (40.029) 0.0012 (£0.0057) 0.007 (£0.015)
D4| MAE]| 0.008 (£0.008) 0.004 (+0.011) 0.016 (£0.020) 0.0007 (£0.0032) 0.005 (+0.010)
RMSE 0.017 0.016 0.038 0.0059 0.016

GIDNET

k=12 k=7 k=5 k=3 k=1 no Nig
L2] 0.005 (£0.005) 0.005 (4=0.007) 0.004 (£0.004) 0.005 (£0.006) 0.083 (£0.304) 0.040 (£0.021)
Di| MAE| 0.003 (£0.003) 0.003 (£0.005) 0.003 (£0.003) 0.003 (£0.004) 0.055 (+0.198) 0.026 (+0.014)
RMSE 0.006 0.009 0.006 0.007 0.315 0.045

L2] 0.005 (£0.003) 0.006 (0.005) 0.006 (£0.005) 0.006 (£0.008) 0.029 (£0.059) 0.054 (£0.023)
Dy MAE] 0.003 (£0.002) 0.004 (£0.003) 0.004 (£0.004) 0.004 (£0.005) 0.020 (£0.039) 0.035 (£0.015)
RMSE 0.006 0.008 0.008 0.010 0.066 0.059

L2] 0.006 (£0.020) 0.005 (+0.019) 0.005 (£0.019) 0.005 (+0.019) 0.033 (£0.116) 0.029 (£0.032)
D3| MAE| 0.003 (£0.011) 0.003 (£0.011) 0.003 (0.011) 0.003 (£0.011) 0.022 (0.079) 0.018 (£0.018)
RMSE 0.020 0.019 0.019 0.019 0.121 0.043

L2 0.005 (£0.014) 0.013 (£0.047) 0.012 (£0.049) 0.021 (+0.064) 0.586 (£0.688) 0.035 (4-0.043)
D4| MAE| 0.003 (£0.009) 0.008 (£0.031) 0.008 (£0.032) 0.014 (£0.043) 0.395 (£0.482) 0.023 (£0.030)
RMSE 0.014 0.048 0.051 0.067 0.903 0.055

Table 1.2: Results on Dy,...,Ds—the best values are in bold. Since the mean L2-norm of the output
values over each dataset is bounded by 2, such performances range in a relative scale from 59% to
about 1%. Ablation on N1 is with k = 12.

1.4 Experiments

To shed lights on the behaviour of GIDNET, we next discuss the results of a thorough exper-
imental activity, where we considered all methods discussed in Section 1.2, except the multi-
branched approach which—as already mentioned—is often unviable in practice. All network
architectures we implemented have been instantiated by means of a model-selection phase,
based on a gridsearch approach over the hyperparameter space of the network topologies, the
learning rates in the stochastic gradient descent algorithm, the initialization strategies, and
the kernel constraints. For GIDNET as well as for the other output-dependent methods, in
the inverse computation phase, given the value y, we considered different learning rates in
{0.01,0.05,0.1,0.5} to compute Z such that y = F(Z), by taking the best result over them.
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Figure 1.4: Results on Ds,...,Ds: mse by varying k¥ on GIDNET, and 7" on Neural Adjoint and cVAE
(implemented with restarting too).

1.4.1 GIDNET on Real-Valued Functions

We first discuss the results on the datasets listed in Table 1.1, which are all defined on real-
valued input spaces.

Datasets D, ..., D, are novel in the literature: each one comprises 10.000 pairs (z; €
R3 y; € R?) defined via classical functions emerging in physical systems and stressing the
absence of a univocally-defined inverse value. For each dataset, we used 7.000 samples for
training and 2.900 for validation during training; seed computation for GIDNET was carried
out over these 9.900 samples. The remaining 100 samples were, instead, used for assessing
the value of the metrics after the training phase has been completed. In particular, we consider
L2-norm, MAE and RMSE.

A summary of our findings over Dy, ..., Dy is reported in Table 1.2, from which the im-
provements provided by GIDNET over earlier methods clearly emerge. The figure also evi-
dences the impact of varying the number £ of seeds and of disabling the module N;5 imple-
menting the conditional generation approach. The ablation study on £ confirms the intuition
that it make sense to enlarge the latent space to be explored by considering the best results
over different number of seeds; in fact, it also emerges a trend of improvement at the growing
of k. Moreover, it emerges that N;¢ has a strong positive impact on the quality of the results;
in fact, it is responsible of the exploration in the latent space (cf. Equation 1.3). And, finally,
it is interesting to observe that GIDNET is rather robust w.r.t. statistical fluctuations over the
different samples.

Datasets Ds, ..., Dg instead appeared in earlier works and have been extensively used to
benchmark earlier methods. Over them, the Neural Adjoint method (e*) emerged as the state
of the art, together (in some cases) with the cVAE approach [48, 52, 50]. Accordingly, our
experiments have been focused on assessing the performances GIDNET in comparison with
them (by precisely adopting their experimental setting). Moreover, we also conducted an
ablation study by selecting random initializations % seeds, rather than by taking the k nearest
neighbors. Results are illustrated in Figure 1.4, which evidences the good performances of
GIDNET even on these settings where the use of the latent space is trivialized by the low
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Figure 1.5: GIDNET on the photonic scenario, with varying ¢. The architecture of Nr consists of 3
fully connected layers, leading to 4 parallel branches each one consisting of 2 convolutional layers;
each branch is used to predict a specific waveform for the design. The architecture of the autoencoder
consists of 3 encoding (fully connected) layers and of 3 decoding (fully connected) layers. The ar-
chitecture of N1 consists of 2 fully connected layers. For each layer and for each ¢, the figure also
reports—in tabular form—the corresponding number of neurons.

dimensionality of the input spaces; moreover, the ablation study further confirms the benefits
of appropriately picking the £ seeds.

1.4.2 GIDNET on Categorical Attributes

To assess the behaviour of GIDNET on a function involving categorical attributes, we con-
sidered a photonic scenario proposed by Lininger et al. ([3]), where the goal is to build a
thin-film structure that gives rise to some desired reflectance and transmittance spectra.

Dataset Description. Each structure is made of up to 5 layers, each with thickness within
the range [1, 60]nm and whose material can be Ag, A1203, ITO, Ni, or TiO2. The input space
is therefore R*(1+%) with ¢ being the number of layers—indeed, for each layer, we have to
represent its thickness plus the material as a one-hot encoding over 5 alternatives. Each
structure is associated with reflectance and transmittance spectra, obtained via the transfer
matrix method [53], for two polarizations, at the incident angles of 25, 45, and 65 degrees,
for 200 equally spaced points over the range [450, 950]nm and with values in [0, 1]. Thus, the
output space is R?*2x3x200_

For each ¢ € {1,..,5}, we use 106.820 samples for training, 45.780 samples for vali-
dation, and 2.000 samples for computing the metric. The seeds needed by GIDNET are, as
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Figure 1.6: A snapshot of the latent space for a sample with £ = 4 layers, centered in the initial point
of the exploration. The plots report the “distance” between the corresponding point in the latent space
and the given initial point: plots on the top refer to the distance in terms of the number of layers with
different materials, while plots on the bottom refer to the average squared Euclidean norm. The latent
space has 12 dimensions (see Figure 1.5), and each setting ((i), (ii), and (iii)) explores two dimensions
among them, while keeping fixed all the remaining ones.

usual, computed over the traning and validation samples.

For a closer look at the dataset of Lininger et al. ([3]), note that about 5% of the samples
have very similar spectra, with a significant portion of them being associated to structures
different from each other.The absence of clearly defined inverse values on these samples is
congenial to stress the capabilities of inverse design approaches.

Compared Methods and Metric. The GIDNET configurations resulting from the model-
selection phase are reported in Figure 1.5. During the inverse computation step, GIDNET
explores a space with k& € {3,6,9,12,18,30,50} and learning rates in {0.01,0.05,0.1, 0.5},
by taking the best results achieved over them. A similar exploration over the learning rates
has been implemented for the other output-dependent methods being tested. Performances
of the methods have been compared via the spectral root mean squared error [3], srmse for
short, between the spectra (in R2*2x3%200) aggociated to the metamaterial designed by the
methods and the actual ones.

In particular, to take care of the feasibility of the solutions, if Z are the values returned
by the tested methods, then we first pre-process them by suitably rounding the components
associated to the one-hot encodings of the materials over the various layers. Subsequently, for
the resulting values (in fact, correctly encoding some device structures), we use the physical
simulator at hand [53] to compute their associated spectra, and the quality of the results
(srmse) is eventually assessed over them.

A Look at the Latent Space. As the crucial ingredient of GIDNET is its ability to work
at the level of a suitably defined latent space, we took a closer look at it in Figure 1.6 by
considering a sample taken from the dataset with ¢/ = 4 layers. In particular, the plots in
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l 3 4 5

GIDNET 0.009 (£0.024) 0.009 (£0.022) 0.011 (£0.022)
GIDNET no Nyg | 0.060 (£0.099) 0.046 (£0.072) 0.043 (£0.064)

Table 1.3: Impact of the exploration of the latent space.
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Figure 1.7: Histograms of srmse for GIDNET, in the photonic scenario, for different number ¢ of
material layers.

7 (a) (©) (d) (e%) ) B3] GIDNET o = 0
srmse | 0.007 (£0.008) _ 0.062 (£0.09) 0.132 (£021) 0033 (£0.054) _ 0.132(£021) | 0.009 || 0.006(£0.031) | 0.019 (£0.051)
one-hot | 0.924 (£0527) 0236 (£0.023) _ 0.798 (£0.335) 0302 (£0.114) __ 0.798 (£0.335) B 0.999 (£0.017) | 0.275 (£0.012)
stmse | 0010 (£0.012) _ 0.098 (£0.117) _ 0.117 (£0.133) _ 0.049 (£0.050) _ 0.117 (£0.133) | 0.007 || 0.008 (£0.032) | 0.077 (£ 0.057)
one-hot | 0.921 (£0.567) 0233 (£0.020) 0353 (£0.139) _ 0.261 (£0.035) 0353 (£0.139) B 0,992 (£0.037) | 0.396 (£0.075)
srmse | 0.015(£0.032)  0.084 (£0.104) 0031 (£0.034) _ 0.059 (£0.053) _ 0.083 (£0.09) | 0.016 || 0.009 (£0.024) | 0.052 (= 0.047)
one-hot | 0.902 (£0.563) 0225 (£0.022) 0235 (£0.013) _ 0.249 (£0.017) 0230 (£0.065) B 0.974 (£0.053) | 0.321 (£0.048)
srmse | 0.038 (£0.162) _ 0.078 (£0.100)  0.042 (£0.043) _ 0.061 (£0.051) _ 0.078 (£0.081) | 0.127 || 0.009 (£0.022) | 0.057 (£ 0.040)
one-hot | 0.825 (£0.538) 0226 (£0.021) 0220 (£0.009) _ 0.250 (£0.016) 0232 (L0.068) B 0.940 (1£0.068) | 0.433 (£0.077)
srmse | 0.050 (£0.087) _ 0.053 (£0.065) _ 0.050 (£0.054) _ 0.059 (£0.053) _ 0.069 (£0.071) | 0.095 || 0.011 (£0.022) | 0.047 (£0.056)
one-hot | 0.663 (£0.267) 0229 (£0.019) 0222 (£0.010) _ 0.251 (£0.013) 0232 (£0.067) B 0.911 (£0.082) | 0.647 (£0.145)

Table 1.4: Performances of GIDNET, contrasted with earlier approaches in the literature—recall that
spectra values are in [0, 1]. Lininger et al. referred to as [3].

Figure 1.6 are centered in the initial point of the exploration defined by GIDNET (with k& = 3);
then, the three settings (i, ii, and iii) in the figure correspond to an exploration of the latent
space over an interval of that point defined by moving along two different dimensions and
by fixing all remaining ones. For each setting, the top part reports the number of materials
that change compared to the configuration in the initial point, while those at the bottom
report the average squared Euclidean norm of the encoding associated with the materials
over the various layers. Note that the latent space changes all (4) materials in the region, and
that the encoding is always very close to a true one-hot encoding (with a squared Euclidean
norm rather close to 1), except in the tiny regions associated with the frontiers of different
configurations of the materials (where the squared Euclidean norm approaches to 0).

A Look at the Selection Layers. The other crucial ingredient of GIDNET is the use of k
seeds to define an appropriate initial configuration for the exploration (cf. s in Equation (1.3)).
Figure 1.8 illustrates the behaviour of the selection layer in terms of the percentage of samples
for which it converges into a linear combination of the seeds—formally, in the inverse com-
putation phase, no weight associated with some seed gets a value greater than the reported
threshold. In some cases, GIDNET converges on some specific seed; but, in many cases, it
retains the ability to explore a large portion of the search space by converging into a proper
linear combination of the seeds; hence, the selection layer cannot be replaced by an approach
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threshold

but to a proper linear combination of them (at the varying of their number k).

14 * GIDNET GIDNET no kNN
3 srmse | 0.044 (+0.051) | 0.009 (£0.024) 0.024 (£0.035)
one-hot | 0.248 (£0.005) | 0.974 (+0.053) 0.926 (£0.083)
4 srmse | 0.109 (£0.122) | 0.009 (£0.022) 0.052 (£0.059)
one-hot | 0.229 (+0.01) | 0.940 (£0.068) | 0.953 (40.0643)
5 srmse | 0.058 (£0.059) | 0.011 (£0.022) 0.028 (£0.042)
one-hot | 0.205 (£0.004) | 0.911 (40.082) 0.964 (£0.047)

Table 1.5: Comparison with (k) [Gémez-Bombarelli et al., 2018].

that iterates over the seeds, by considering each of them as a fixed initial configuration for
the exploration. Moreover, note that the higher is the number £ of seeds, the more probable
is converging to a proper linear combination rather than just to a specific seed.

A Look at the Conditional Generator. Finally, the last architectural component of interest
is the conditional generator N;5. The significance of its role can be appreciated by looking at
Table 1.3, where the performances of GIDNET are shown depending on whether the module
is enabled. In particular, without N;5, GIDNET lacks the ability of searching over the latent
space and it conceptually reduces to optimizing a random point (as in [36]).

Performances. Let us first consider Figure 1.7 reporting the histograms of the srmse for
¢ € {3,4,5}. Tt emerges that GIDNET is capable of designing metamaterials whose spectral
responses are quite close to the desired ones; errors are rather small in general, and negligible
in most of the cases. Moreover, there is a trend of (very mild) deterioration in the perfor-
mances at the growing of the complexity (in terms of number of layers) of the space to be
explored by GIDNET.

A summary of the results comparing GIDNET with earlier approaches is then reported
in Table 1.4—for the domain specific method, we report the results that are published by
the authors. Note that GIDNET produces solutions with very low srmse, and improvements
are significant given that spectra values are in [0, 1]. In particular, note that the cases ¢ €
{1,2} are solved efficiently by all methods, while significant differences emerge on ¢ €
{3,4, 5}, that is, at the growing of the complexity of the underlying search space. Eventually,
the summary also reports the feasibly of the solutions in terms of the quality of the one-
hot encodings (prior that the results are rounded and adjusted for computing the associated
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(¢ (e) ) GIDNET
8.976 (£0.297) 2.510 (£0.097) 7.621 (£0.113) | 7.191 (£0.332)
8.876 (£0.151) 2.466 (+0.079) 7.639 (£0.111) | 7.605 (+0.263)
8.809 (£0.199) 2.504 (£0.103) 7.728 (£0.099) | 7.841 (£0.334)
13.01 (£0.185) 2.549 (£0.122) 7.588 (£0.103) | 7.916 (4+0.255)
16.16 (£0.198) 2.490 (+0.093) 7.707 (£0.089) | 8.074 (£0.175)

QY i WD

Table 1.6: Average timings (s) per sample required by the output-dependent methods for inverse
computation.
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Figure 1.9: GIDNET performances by averaging on learning rates (top-left) and number of seeds (top-
right). At the bottom, each heatmap reports the number of samples for which the best solution has
been found for a given combination of k£ and learning rate.

spectra), which confirms the intuition we have derived from Figure 1.6.

And, finally, it also evidences the significant impact of the strategy we implemented in
the autoencoder to deal with the categorical features (cf. Ay = 0 in Equation (1.1)). Indeed,
by loosing the ability to map the latent space into feasible designs, performances of GIDNET
rapidly deteriorates.

In addition to the methods reported in Table 1.4, we also assessed the performances of
the method proposed by [36] (and implemented by fine-tuning the building blocks trained for
GIDNET), which has been indeed specifically conceived to deal with categorical attributes.
That methods works at the level of the latent space (see Section 1.2), but lacks of a mech-
anism to explore that space starting from a meaningful initialization. Results in Table 1.5
confirm that the exploration of GIDNET is crucial to achieve higher levels of performance
and, as in Figure 1.4, they further confirm the benefits of picking k nearest neighbors for the
initialization compared to a random initialization (column “no ANN”).

The impact of the number k of seeds and of the learning rates is then analyzed in Fig-
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ure 1.9. Observe that increasing the number of seeds as well as reducing the learning rate
lead to better performances; in particular, this emerges more clearly over the most complex
scenario with ¢ = 5.

Finally, we shed lights on the time requirements, by conducting comparative experiments,
on the same phyton environment, over an Intel(R) Xeon(R) Processor E5-2670 v3 (2.30GHz),
24 cores single thread and 96GB of RAM—for training the architectures (before inverse
computation), we also use an NVIDIA 2080 GPU. In fact, GIDNET is an output-dependent
method, which requires some computational efforts on every structure that has to be de-
signed. While this is hardly relevant in practical design applications (unless timings make the
approach unviable), for the sake of completeness, we report in Table 1.6 such information for
GIDNET and all other output-dependent methods.

1.5 Conclusions and Discussion

We have proposed a deep-learning architecture improving on the performance of existing
methods by addressing inverse design by means of a guided exploration of the latent space.
In fact, it is known that search-based approaches are effective in domains where the space
of the parameters is rather narrow, but they are outperformed by deep learning methods over
high dimensional spaces. An interesting avenue of research is, therefore, to define an hybrid
method where GIDNET is coupled with a genetic algorithm to explore the search space (in
the spirit, e.g.,of [54]).

Similarly, it would be interesting to couple GIDNET with logic-based reasoning engines,
in settings where inverse design amounts at looking for the (truth) value of some variables
that will eventually lead to satisfy some desired logical goal; in particular, we are interested
in considering cost-based settings [55] and precedence constraints to express temporal prop-
erties [56].

We conclude by noticing that a different—though related—problem is sometimes ad-
dressed in the context of inverse design, consisting of learning distributions of existing de-
signs in order to synthesize new designs via sampling (e.g. [57, 58]). In this case, we do
not a-priori enforce complex properties such as the spectral responses; however, conditioning
methods can be used to enforce that samples meet some scalar requirement, such as a perfor-
mance metric. A natural avenue of further research is, therefore, to assess whether GIDNET
can be adapted to effectively address this related problem too.
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1.6 Additional Material: A Deeper Dive into Choices and
Metrics

We advocate this final section to the choices made during the hyperparameter tuning phases
of models. Additional details about the datasets and the metrics are provided for experimental
activity conducted on real-valued settings as well as on a setting characterized by categorical
attributes.

1.6.1 GIDNET on Real-Valued Functions

Performances of GIDNET and the other methods have been assessed on the datasets in Ta-
ble 1.1.

Dataset Description Dy, ..., D,

Let us first consider a setting consisting of four synthetic datasets, D;, ..., D,, each one com-
prising 10.000 pairs (z; € R3 y; € R?) defined to stress the absence of a univocally-defined
inverse value, as it clearly emerges from Figure 1.10. Indeed, we proceeded as follows:

 x;; and ; , are random variables uniformly distributed in the interval [—1, 1];

* T, 3 is constrained to take values from a function f; : R? — R (defined over the above
components), hence simulating physical/technological constraints on the input space; in
particular,

= fi(®@i1, Ti0) = T, + 37y
= fo(Zin, Ti2) = m?,1 +$§’,z;

- f3(xi1,2;2) =sin(z; 1) ¥ e“‘?,lﬂ?,z;

jr
D = 4 { j
W J
D, Dy
= - ) = | ]
Dg D4

Figure 1.10: Datasets Dy, ..., Dy.
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— fa@i1,2i0) = sin(z;1) x €5t

* y, 1s obtained from z; by applying a linear transformation (with random coefficients uni-
formly distributed in the interval [—1, 1]), and by subsequently truncating its components at
the second decimal digit; the rationale here is to enforce that a number of pairs exists in Dy,
for each d € {1, ...,4}, with the same output value and different input values—as to stress
the capacity of the networks to deal with the non-uniqueness problem.

Dataset Description D5, ..., Dg

In addition to the above datasets, which are novel in the literature, we tested GIDNET perfor-
mances on four well established state of the art benchmark datasets for inverse design. These
datasets are described below.

* Ballistics D5 [50]: this is a physically motivated problem in the 2D plane which arises
when an object is thrown from a starting position (z1; x2) with angle x5 and initial velocity
x4. The object’s trajectory T'(¢) can be computed as

- Tl(t) =T — vlkm . (65 — 1)

- Th(t) =22 — 35 - ((gm + vok) - (e% — 1) +gtk>, and

— y = T (t*) where the ¢* is the solution of 75(*) = 0
with v; = x4 - cos(z3), vo = x4 - sin(xs), and for a given gravity g, mass m and air
resistance k. The dataset was generated by the python simulator provided by [48] choosing
x1 ~N(0,3), 2 ~N(3,3), 23 ~U(9,72) and x4 ~ Poisson(15).

274
* Robotic Arm D [50]: this benchmark was originally introduced by [59]. It is inspired by
a geometrical problem which aim is to compute the starting height z; and three joint angles
Z9, X3, T4 given a robotic arm’s final position (y1, y2). The forward relationship is defined
as:
— 1 = lysin(xg) + lasin(xz — x9) + Iz sin(zy — x3 — x2) + 7
— Yo = Iy cos(xa) + Iy cos(w3 — x2) + I3 cos(zy — x3 — x2)

with ly 5 = 0.5,l3 = 1,2 ~ N (1,0%) and 0 = [1—16, }l, i, }1] The dataset was generated by
the python simulator provided by [48].

* Sine Waves D [48]: this benchmark problem consists of a simple 2-dimensional sinusoidal
function, defined as:

- y = sin(37zy) + cos(3mz2)
The dataset was generated by the python simulator provided by [48].

* Mulrilayer Stacks (graphene—Si3N4 2D multi-layer stack) Ds this inverse design problem
was originally introduced by [51], which provided an analytical transfer matrix simulator.
The geometry of a multi-layer stack of alternating graphene and Si3N4 dielectric layers is
optimized to produce a target absorption spectra under an incident beam s-polarized light.
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The geometry of each stack is parameterized by paired graphene—Si3N4 subunits of infinite
width and adjustable Si3N4 thickness. As in [48], We consider the 5-parameter version of
this problem, in which spectra are discretized by 256 uniformly spaced outputs between
the wavelengths of 240-2000 nm. By design, it is possible that different permutations of
the stack layers, and so different design specifications, leads to very similar, or rather iden-
tical scattering (i.e., non-uniqueness). The dataset was generated by the python simulator
provided by [48].

Instantiations for D, ..., D,

All architectures defined in Figure 1.2 as well as the architecture of GIDNET consist of a
number of building blocks (namely E, D, Ng, and N¢¢) that have to be pre-trained before they
are assembled together. These blocks have been instantiated by means of a model-selection
phase, based on a gridsearch approach over the hyperparameter space of feedforward net-
works, defined by the number of layers and neuron per layer, the activation functions of
the layers, the learning rate in the stochastic gradient descent algorithm, the initialization
strategies: we first select the configuration in the hyperparameter space with the best average
performances (Euclidean distance between the predictions and the actual values) computed
via cross validation; and, on that configuration, we then select the weights of the cross val-
idation iteration with the best overall performances. For each cross validation iteration, the
blocks were trained for 100 epochs with Adam as optimizer. The latent space dimension is
h = 2 and is the output layer of the encoder (E).

Layers [n. of neurons]

E {16,8,4,2], 24, 16,8, 2]}
5 D {[4,8,16], 8, 16, 24]}
N {[4,4],8,8]}
Ner | {4, 4],[8,8],[8, 8, 8], [16, 16, 16], [24, 24, 24]}
E {[16,8, 4, 2], [24, 16, 8, 2], [30, 20, 10, 2]}
5 D {4,8,16], 8, 16, 24], [10, 20, 30}
> | N {[4,4],8,8]}
Ner | {4, 4],[8,8],[8, 8, 8], [16, 16, 16], [24, 24, 24]}
E {[16,8, 4, 2], [24, 16, 8, 2], [30, 20, 10, 2]}
b | D {[4,8,16], 8, 16, 24], [10, 20, 30}
N {14,4], 8, 8]}
Nee | {8,8],[8,8,8],[16, 16, 16], [24, 24, 24}
E {124,16,3, 2], [30, 20, 10, 2] }
- D {18,16, 24], [10, 20, 30}
b {4,4], 8, 8]}
Nes | {[4,4],[8,8],[8,8,8], (16, 16, 16], [24, 24, 24}

Table 1.7: Configurations for layers and neurons in the model-selection phase for the blocks E, D, N,
and N¢¢: each sequence of numbers in square brackets represents a different configuration.

25



Layers [n. of neurons] Ir activation init

E [24, 16,8, 2] 0.0005 tanh Glorot Normal

D D 8,16, 24] 0.0005 tanh Glorot Normal

! Np [4, 4] 0.0005 relu Glorot Normal

Nes [16, 16, 16] 0.0005 tanh Glorot Normal

E [24, 16,8, 2] 0.0005 tanh Glorot Normal

D D 8,16, 24] 0.0005 tanh Glorot Normal
2 Np 8, 8] 0.0005 relu Random Normal

Neg (24,24, 24] 0.001 tanh Glorot Normal

E (30, 20, 10, 2] 0.0005 tanh Glorot Normal

D D [10, 20, 30] 0.0005 tanh Glorot Normal
3 Np 8, 8] 0.0005 relu Random Normal

Nes 24,24, 24] 0.0005 tanh Glorot Normal

E (30, 20, 10, 2] 0.001 relu Glorot Normal

D D 10, 20, 30] 0.001 relu Glorot Normal
4 Nr 8, 8] 0.0005 relu Random Normal

Neg 24,24, 24] 0.001 relu Glorot Normal

Table 1.8: Best configurations for the blocks E, D, N, and N¢¢, over Dy,...,Dy.

The hyperparameter space for training the blocks E, D, Ng, and N¢¢ was defined as follows?:

layers and neurons:  defined on the basis of the different datasets, as reported in Ta-
ble 1.7;

¢ learning rate: {0.01,0.005, 0.001, 0.0005, 0.0001};

activation function:  {relu, tanh};

weights initialization: {Glorot Normal, Random Normal}.

The best configurations for that blocks are reported in Table 1.8. For the other blocks
(that are in fact not pre-trained), configurations were naturally derived as follows: N;; and N,
have the same architecture as N¢¢, N. use the same architecture of the autoencoder obtained
by combining E and D, while N, has a fixed configuration (as Ny,, occurs in GIDNET only,
its results are amenable to improvements by performing model selection over that block too).
A summary of these configurations is depicted in Table 1.9.

After that all basic building blocks have been defined, we assemble them in order to
build the architectures in Figure 1.2 as well as the architecture of GIDNET. In particular,
architecture (d) needs to undergo some further training to properly set the weights of N},
and N.. To this end, we performed model selection by looking for different learning rates in
{0.01,0.005,0.001,0.0005, 0.0001} over 100 epochs, with Adam as optimizer. At this point,
for (d) and for the other output-independent method, namely (a), we just picked the best
architectures resulting from model selection and evaluate them over the test set.

For the output-dependent methods, instead, we fine-tuned the best architectures (result-
ing from the model selection discussed above) on each given value ¥ for which we have to
compute x such that y = F(z); in particular, fine-tuning has been conducted by considering
the different learning rates depicted in Table 1.10 and by taking the best result over them. In
the particular case of method (e*)—which requires re-initializations—we use 1" = 50.

3Keras default parameters can be taken into account when the values are not mentioned.
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Layers [n. of neurons] | activation init

N%s [4, 4] relu Glorot Normal

D, Ne [24,16,8,2,8, 16, 24] tanh Glorot Normal
N, [4,4] relu Glorot Normal

Nis [16, 8] relu Glorot Uniform
Ny 8, 8] relu Random Normal

Dy N. (24,16, 8,2, 8, 16, 24] tanh Glorot Normal
N. 8, 8] relu Random Normal

Nis [16, 8] relu Glorot Uniform
Nt 8, 8] relu Random Normal

D Ne | [30,20,10,2,10,20, 30] tanh Glorot Normal
3 N, 8, 8] relu Random Normal
Nis [16, 8] relu Glorot Uniform
Ny 8, 8] relu Random Normal

D N. | [30,20,10,2,10, 20, 30] relu Glorot Normal
4 N, 8, 8] relu Random Normal
Nis [16, 8] relu Glorot Uniform

Table 1.9: Configurations for blocks N}, N¢, Ny, and Ny, over Dy,...,Dy.

| method | Optimizer | Ir | epochs |
(c) Adam {0.1,0.01,0.001, 0.0001} 1000
(e*) Adam {0.001, 0.0001, 0.00001} 1000
() Adam {0.1,0.01,0.001, 0.0001} 1000
GIDnet Adam {0.1,0.01,0.001, 0.0001} 1000

Table 1.10: Configurations for inverse computation in the output-dependent methods, over Dy,...,D,.

Finally, note that the constants used in the loss functions of GIDNET were defined as
follows: \g = 0, Ay = 1,and Ay, = 1.

Instantiations for Ds, ..., Dy

A wide set of methods have been previously benchmarked on these dataset. We reproduced
the identical experimental settings in recent literature to compare GIDNET performances
against the two state of the art best performing methods, such as Neural Adjoint by [48] and
conditional Variational Autoencoder (cVAE) [37]. In particular:

* For Ds, ..., D; we use the same experimental setting and the results reported by [48]
* For Dg we use the same experimental setting and the results reported by [52]

In both cases, the forward simulators Nr for GIDNET were instantiated with the same hyper-
parameters found in the repositories linked by the corresponding authors. The inverse compu-
tation of GIDNET is performed for 500 epochs with learning rates in {0.1,0.01,0.001, 0.0001}
and Adam as optimizer.
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Metrics for Dy, ..., D,

For each dataset, we used 7.000 samples for training and 2.900 for validation during training;
seed computation for GIDNET was carried out over these 9.900 samples. The remaining 100
samples were, instead, used for assessing the value of the metrics after the training phase has
been completed. In particular, by denoting as 7 = {(Z;, ¥;) }ic(1,....1y the test set and by M the
generic method being evaluated (and with F being the given forward function), we consider:

L2-norm : % Z(a’cigi)eT [[FM(Y;)) — sll2
mae : ﬁ Y @ger IFM@;:)) — yil
rmse : \/I_’lf\ Z(ii,gi)eTﬂ IFM(Y,)) — ¥:ll2)*

Note that all the above metrics do not depend on Z;, as our goal is not to reconstruct Z;,
but actually any possible input whose associated output coincides with y,.

Maetrics for Ds, ..., Dy

As previously pointed out, for datasets Ds, ..., Ds, we used the same experimental settings
introduced by [48, 52]. In these works, the performances of Neural Adjoint and cVAE are
benchmarked by using a variable number 7 of random initialization, with T" € {1, 10, 20, ..., 50}.
They hence define the following metric:

1

Py = ‘? Z [?equq{ L(FM(2)),¥;)]

(& ¥)ET
where Zp is a randomly drawn sequence of z initializations of length T, and £ is the mean
square error function.
We recall that GIDNET choose the starting point for the exploration by selecting £ nearest
neighbor from the training set, hence relying on a deterministic initialization. For a fair
comparison with the previous mentioned methods, we tested the performance of GIDNET
for k € {1,...,50} and we define an analogous metric considering the number of different
initialization:
o 1 : _ _
't =174 Z [mln E(F(GIDnet(yza kl))vyz)}
|T| < ke K
(177;,’_1/1')67'
where K is a randomly drawn sequence of k values of length 7', such that K C K
whenever T' < T".

1.6.2 GIDNET on the Photonic Application Scenario

In order to assess the behaviour of GIDNET on a real application domain, we considered the
photonic scenario and, in particular, the experimental setting discussed in the recent work
by Lininger et al. [3], where the goal is to build a thin-film structure that gives rise to some
desired reflectance/transmittance spectra. In this setting, the input space is associated with
the thickness of the various layers as well as with the one-hot encodings of the corresponding
materials being used for that layer, so that we can evaluate all ingredients of the GIDNET ar-
chitecture. Moreover, the high-dimensionality of the input and output spaces required the use
convolutional approaches and posed specific challenges in the design of the various blocks.
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Figure 1.11: Metamaterials Dataset Analysis: (a) distribution of the pairwise distance (normalized
in [0,1]) between 10000 randomly sampled spectra; (b) distribution of the pairwise distance between
the corresponding structures; (c) distribution of the pairwise distance (normalized in [0,1]) between
structures such that the distance of their spectra belongs to the left-most bar of (a).

Dataset Description

In the dataset considered by Lininger et al. [3], each structure is made of some layers (up
to 5 distinct layers), each with thickness within the range [1, 60]nm and whose material can
be Ag, Al203, ITO, Ni, or TIO2. Concerning the representation, it is natural to use a one-
hot encoding for the material, so that the input space is R*(1+%) with ¢ being the number
of layers—indeed, for each layer, we have to represent its thickness and the material as a
one-hot encoded vector over 5 alternatives. Each device structure is eventually associated
with a reflectance spectrum and a transmittance spectrum, obtained via the transfer matrix
method [53], for two polarizations, at the incident angles of 25, 45, and 65 degrees for 200
equally spaced points over the range [450, 950]nm and with values in [0, 1]. Thus, the output
space is R2X2X3X200.

In order to have a closer look at the dataset, Figure 1.11 reports some useful statistics on
the distributions of the waveforms. In particular,

* Figure 1.11.(a) reports the distribution of the pairwise distance (normalized in [0,1])
between the spectra, by evidencing the significant percentage (the left-most bar) of the
spectra that are almost similar, while being associated to different device structures;
note that to compare spectra we use the standard Euclidean distance.

* Figure 1.11.(b) reports the distribution of the pairwise distance (again normalized in
[0,1]) between the structures associated to the spectra; note here that to compare the
structures, we sum two terms: the Euclidean distance (normalized in [0, 0.5]) between
the thickness values and the Euclidean distance (normalized in [0, 0.5]) between the
one-hot-encodings of the materials.

* Figure 1.11.(c) reports the distribution of the pairwise distance between the structures
associated to the spectra that fall into the left-most bar of Figure 1.11.(a); note that
distances are normalized with the same scale used for Figure 1.11.(b), so that the values
are comparable and it emerges that a significant number of rather different structures
are associated with very similar spectra.*

“Hence, the setting is very congenial to assess the efficacy of methods for inverse design.
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Table 1.11: Dimensions of the spaces in the photonic scenario.

] Layers [n. of neurons] | Ir |
E | {[72, 60, 36, 12], [60, 43, 24, 12]] | {0.01,0.005,0.001]
D | {[36,60,72],24,48,60]] | {0.01,0.005,0.001}
Ne | {[24,48,60], [33,50,60]) 10.01,0.001}

Table 1.12: Configurations for layers and neurons in the model-selection phase for the blocks E, D,
Ng, and Ng¢, by fixing ¢ = 4: each sequence of numbers in square brackets represents a different
configuration. We report in bold the configurations associated with the best performances.

Layers [n. of neurons] Ir activation init epochs | batch
E [18-¢,15-4,9-¢,3 - (] 0.001 tanh Glorot Normal 150 256
D [9-0,15-£,18 - (] 0.001 tanh Glorot Normal 150 256
Nr | [[n-1.4],50,60],4 x convld[64,128]] | 0.01 relu Glorot Normal 100 256

Table 1.13: Configurations for the blocks E, D, and Ng, over the photonic application scenario with
e {1,2,3,4,5} (“4x” stands for 4 parallel layers). Each convld layer is followed by a max pooling
1d layer with pool size 2.

Instantiation of the Methods

On the photonic scenario, we instantiated GIDNET by considering fully connected blocks as
well as convolutional blocks. For each value of ¢, Table 1.11 summarizes the input dimension
n = {4+ (¢ x 5) and the correspondent latent space dimension, which we defined as h = n/2.

Recall that, in order to build the architecture in Figure 1.2 as well as the architecture of
GIDNET, we need to pre-train the blocks E, D, Ng, and N¢;. For the blocks E, D, and Ng, we
proceeded with a model-selection phase focused on the case of 4 layers, by using Adam as
optimizer (with early stopping with patience of 50 epochs for E and D, and 20 for Ng). The
hyperparameter space explored to optimize the blocks is as follows:

* layers and neurons: as reported in Table 1.12;

* learning rates: as reported in Table 1.12;

* activation function:  {relu, tanh};

* weights initialization: {Glorot Normal, Random Normal}.

The best configurations of E, D, and Nr which emerged for £ = 4 have been then general-
ized for each ¢ € {1, ..., 5} according to the rules shown in Table 1.13.

Concerning N:¢, instead, we used the configurations suggested by [3], which are indeed
specific and already optimized for the photonic application scenario; actually, we modified
the learning rate scheduler by starting the decaying approach proposed by the authors after
10 epochs rather than starting immediately, we introduced early stopping with a patience
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l Layers [n. of neurons] Ir Ir decay | activation | dropout | batch \
1 4 x convld|[64, 64, 64], [379, 315, 315], 2 x [601, 200 0.001 | 0.005 relu 0.039 512
2 4 x convld|[64, 64, 64],[379, 315, 315],2 x [601, 200 0.001 | 0.005 relu 0.039 512
3 [4 x conv1d[64,64], [1238,397],2 x [286, 200 0.001 | 0.009 relu 0.029 512
4 [4 x conv1d[64, 64,64, 64, 64, 64], [421, 865, 865, 865], 2 x [193, 200]] 0.001 | 0.005 relu 0.013 128
5| [4 x convld[64,64, 64, 64, 64,64, 64, 64, 64], 276, 838, 838], 2 x [837,200]] | 0.001 | 0.009 relu 0.004 512

Table 1.14: Configurations for the block N¢¢ over the photonic scenario (“4x” and “2x” stand for 4
and 2 parallel layers, respectively). Blocks have been trained for 300 epochs, with Adam as optimizer,
a learning rate of 0.001 and relu as activation function (as in [3]). Each network has two parallel
output layers of 100 and 50 neurons, fully connected to the last reported layer. Each convlid layer is
followed by a max pooling 1d layer with pool size 2.

of 30 epochs, and we use an increased batch size with respect to the proposed one of 128
(experiments will evidence a great benefit of these minor improvements). In the particular
case of N¢¢, for consistency with [3], we normalized the real valued part of Z,—corresponding
to the thickness of the metamaterials layers—in the range [0, 0.6].> Configurations for N¢ are
reported in Table 1.14, at the varying of /.

Layers [n. of neurons] | activation | init
N see N¢s in Table 1.14
Nc [18-4,15-£,9-¢,3 - (] tanh Glorot Normal
N {[[256, 512], conv1dT[16, 16, 8, 4]], [[64, 128], conv1dT'[8,8,4,4]]} | leaky relu (0.2) | Random Uniform
Nis [3-4,3-4] relu Random Normal

Table 1.15: Configurations for blocks N%;, N, N, and Nyg, over the photonic scenario with ¢ €
{1,2,3,4,5} (for N,, two variants are reported—and we take the best results over them). Each
convldT layer (convolutional 1d trasposed) is followed by a batch normalization layer with 0.1 as
momentum.

As with the former application scenario, the remaining blocks of the architectures do not
need to be pre-trained, and we proceed as follows: N;. has the same architecture as N¢g, N,
uses the same architecture of the encoder E, while N;¢ has a fixed configuration. Concerning
N,, we considered two different block configurations, the one proposed by the authors of
the corresponding methods [41, 49] and a variant (and we shall take the best results over
them, when evaluating the performances of the method (f)). The resulting configurations are
shown in Table 1.15, so that—in particular—the final configuration for GIDNET is the one in
Figure 1.5.

As usual, after that all basic building blocks have been defined, we assemble them in
order to build the architectures in Figure 1.2 as well as the architecture of GIDNET. More-
over, we have to train the architecture (d) in order to properly set the weights of N, and
N.. In our experiments, performances of (d) were not satisfying for any fixed learning rate
value; therefore, we decided to train 6 different models, one for each possible learning rate
in {0.01, 0.001, 0.0005, 0.0001, 0.00005, 0.00001} (with 150 epochs and Adam as optimizer),
then picking (for each given value y for which we have to compute the inverse) the best result
that is achieved over them. That is, we essentially implemented a kind of output-dependent
method, though just confined to the dynamic selection of the most appropriate pre-computed
model.

SFor all the other building blocks and for the inverse computation phase, thicknesses are normalized in
[_15 1]'
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method | Optimizer Ir epochs | batch
(c) Adam {0.01,0.001,0.0005, 0.0001, 0.00005, 0.00001 } 100
(e*) Adam {0.01,0.001, 0.0005, 0.0001, 0.00005, 0.00001 } 100 -
[66) Adam {0.01,0.001, 0.0005} 100 32
* Adam {0.1,0.5,0.05,0.01} 100 1
GIDnet Adam {0.1,0.5,0.05,0.01} 100 32

Table 1.16: Configurations for inverse computation in the output-dependent methods, over the pho-
tonic application.

For the output-dependent methods, instead, we fine-tuned the weights of best architec-
tures (resulting from model selection) on each given value y for which we have to compute
such that y = F(x); in particular, fine-tuning has been conducted by considering the learning
rates depicted in Table 1.16 to properly set the weights, and by taking the best result over
them.

In particular, in the fine-tuning phase for all the output-dependent methods—and to train
method (d)—, we used a learning rate scheduler, which reduces the value of Ir by a factor of
0.6 when the loss function reaches a plateau. In the particular case of method (e*)—which
requires re-initializations—we use 7' = 7 (which is the same number of different seeds ini-
tializations used for GIDNET) The constants used in the loss functions of GIDNET were
defined as follows: \g = 1, Ay = 1, and A\, = 0.

Finally, we compare GIDNET with the VAE-based method provided by [36], referred as
% . Such a method relies on two main building blocks which are the VAE and the prop-
erty predictor used for conditioning the the latent space. We build the VAE by assembling
the pre-trained E, a sampling layer and the pretrained D. For the property predictor we use
instead the same achitecture of Ng, changing the input layer to work with the latent space.
We fine-tune the VAE while jointly training the property predictor, and by introducing the
KL-loss [5]. Such a training phase is repeated for three different values of the learning rate
{0.01,0.001,0.0001} and with the same hyperparameters used for the training of E and D.
The final optimization is done with a variant of method in Figure 1.2(f). Here we use the
original pretrained Nr and the decoder of the VAE as N,. While the latter two blocks are
freeze, we optimize directly into the latent space by starting from a randomly sampled point.
Hyperparameter for the optimization phase are reported in Table 1.16.

Evaluation Metric

For each ¢ € {1,..,5}, we use 106.820 samples for training, 45.780 samples for validation,
and 2.000 samples for computing the metric. The seeds needed by GIDNET are, as usual,
computed over the traning and validation samples. In particular, experiments have been fo-
cused on measuring the srmse (spectral root mean squared error), as defined in [3], between
the spectra associated to the metamaterial designed by GIDNET and the spectra provided as
input.

More formally, by denoting as 7 = {(Z;,¥;) }scq1,...) the test set and by M the generic
method being evaluated (and with F being the given forward function), and by recalling that
y; € R2x2x3x200 " the srmse is defined as:
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Actually, a subtle issue here comes into play. Given that we have a physical simula-
tor [53], we can do much better than just using the spectra ¥y computed by the methods for
measuring the error. Indeed, there is no a-priori guarantee that the corresponding values Z are
associated with some correct one-hot encodings in R**(1+%) (i.e., with some feasible device
structures). Accordingly, for all tested methods, such values Z are pre-processed by suitably
rounding the components associated to the one-hot encodings of the materials over the vari-
ous layers. For the resulting values (correctly encoding some device structures), we then use
the transfer matrix method to compute their associated spectra, and the quality of the results
is eventually assessed over them.

In Figure 1.12 we report a real example of generated versus actual material.
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Figure 1.12: Exemplification of GIDNET behaviour on a pair (Z;,9;) € 7: The device structure z}
being computed by GIDNET is different from Z;, but still enjoys the desired spectral responses 4;—six
spectra are identical, while the others are quite similar (differences are amplified by the scale).

33



Chapter 2

Automatic Medical Report Generation
via Latent Space Conditioning and
Transformers

This paper presents a comprehensive exploration of integrating artificial intelligence (Al) in
the healthcare sector, focusing on the development and implementation of a novel framework
called VAE-GPT. Our architecture combines Variational Autoencoder (VAE) and Generative
Pre-trained Transformer (GPT), to generate high-quality medical reports. The VAE compo-
nent enables the model to learn a latent space representation of the images, capturing the
underlying patterns and structures. The GPT component leverages the power of transformer-
based language models to generate coherent and contextually relevant text. Additionally,
a novel metric, Medical Embeddings Attention Distance (MEAD), is proposed in order to
capture the semantic similarity between the generated and training medical reports, taking
into account the importance of specific words determined by the attention module. Exper-
iments on real dataset demonstrate that our framework achieves state-of-the-art comparable
performances in generating accurate and informative medical reports.

2.1 Introduction

Artificial intelligence (AI) profoundly impacts us by revolutionizing how we process infor-
mation, make decisions, and interact with technology. This leads to transformative advance-
ments across various industries and shapes the future of human-machine interactions.

The applications of Al, particularly those involving deep learning, are extensive and offer
significant benefits to several sectors such as healthcare, transportation, finance, and more.
In the healthcare domain, deep learning and Al have been successfully employed, providing
numerous advantages such as improved diagnostics, personalized treatment plans, and the
prevention of adverse events. A recent study[60] assesses that the market is projected to
reach $194.4 billion by 2030.

The main drivers contributing to the growth of the Al healthcare market include, but not
is limited to, the rising requirement for remote patient monitoring systems, the expanding
set of patient health-related digital information, increasing demand for customized medicine,
and the rising demand for reduced care costs.

In particular, Al has demonstrated its effectiveness in medical imaging tasks by enhanc-
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ing precision, faster diagnosis, improving image interpretation, and the potential to identify
subtle patterns and anomalies that may aid in early disease detection and personalized treat-
ment planning[61, 62]. Recently, the combination of imaging analysis and NLP techniques
has led to the exploration of a new research field namely ”Automatic Medical Report Gen-
eration”. Automatic Medical Report Generation is a complex task that involves the use of
natural language processing (NLP) and machine learning techniques to create detailed and
accurate medical reports without human intervention. Automated report generation can ben-
efit both inexperienced and experienced radiologists. Inexperienced radiologists can benefit
from automated assistance in acquiring the knowledge of normal anatomy, pattern discovery,
and evaluation of temporal evolution. Experienced radiologists can save time and effort by
automating the process of report analysis and generation. As show in figure2.1, the medical
reports involves various types of information, including impressions, findings, and tags for
grouping reports with common characteristics. The format and content of medical reports
can vary widely between different healthcare institutions and specialties and standardization
remains a challenge.

Generating accurate and meaninful medical reports is a not trivial task, because the dif-
ficulty of finding a ”general” model that is accurate and robust w.r.t. an input (images, text
etc.) is joined with a more ambitious goal, that is the automated systems should be able to
understand the context, relationships between medical concepts, and the implications of cer-
tain findings. We addressed this challenging problem by proposing an approach that is able to
properly navigate the latent space of the images and guides the building of a solution from the
knowledge extracted from the medical reports associated to the such latent space. In other
words, in addition to managing the multimodality of the input, it is necessary to guide the
navigation of the space of solutions by exploiting knowledge in the text. It should be noted
that having an approach that achieves the aforementioned goal assumes great importance also
from the point of view of building interpretable models.

There is no focal consolidation, pleuraf eff-
usion or pneumothorax. B

opacities that most likely represent n:pp-'e
shadows. The cardiomediastinal silhouette

is normal. Clips project over the left lung
potentially within the breast. The imaged

upper abdomen is unremarkable.
Impression

No acute cardiopulmonary process.

Figure 2.1: Medical report generation example

Interpretable models is another challenge to be addressed in healthcare, as transparency
is essential to comprehend the underlying reasoning behind predictions, ensuring that deci-
sions are based on reliable and understandable information. In detail, our proposal apply
Transformer model, a well known deep learning model recently used in natural language
processing and explored it in medical imaging as Visual Transformers (ViTs)[63] in order to
achieve interpretability.

2.1.1 Contributions

Specifically, the paper introduces several contributions in the field of medical report genera-
tion. These contributions can be summarized as follows:
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* VAE-GPT: The paper proposes a novel architecture called VAE-GPT for medical re-
port generation. Our architecture combines Variational Autoencoder (VAE) and Gen-
erative Pre-trained Transformer (GPT), to generate high-quality medical reports. The
VAE component enables the model to learn a latent space representation of the im-
ages, capturing the underlying patterns and structures. The GPT component leverages
the power of transformer-based language models to generate coherent and contextually
relevant text. By combining these two components, VAE-GPT is designed to distribute
images into a conditioned latent space. Furthermore, by means of a tags predictor, it
enforces the continuity into such a space with respect to the context associated with
each image. Our framework achieves state-of-the-art comparable performances in gen-
erating accurate and informative medical reports.

e MEAD Metric: The paper introduces a new metric called MEAD (Medical Embed-
dings Attention Distance). MEAD leverages a weighted combination of BLEU scores
[64], focusing on words that receive high attention scores from an attention module,
build from the tags in the generated and training texts. The metric measures the seman-
tic similarity between the generated and training medical reports, taking into account
the importance of specific words determined by the attention module. By using this
weighted combination approach, MEAD provides a comprehensive evaluation of the
generated reports, considering both linguistic fluency and semantic relevance to the
medical context. The utilization of attention scores enhances the metric’s ability to
capture important clinical information in the generated reports, facilitating improve-
ments in the generation process and promoting the production of clinically meaningful
reports.

* Proposed Attention Mechanism: To improve the generation process, the paper pro-
poses a novel attention module, both for conditioning the latent space of the VAE with
tags and for comparing texts. In fact, we designed a mechanism such that: The VAE
encodes the images in a latent space which is conditioned on the tags and on the gen-
erated text. In such a way, “we enhance the continuity of the latent space w.r.t. the
text.”

* Enhancing Model Interpretability: The approach intrinsecally enhances model in-
terpretability. It explores techniques that provide insights into the internal workings
of the VAE-GPT model (e.g. attention mechanism), allowing researchers and medical
professionals to understand how the model builds prediction and generates the reports.
These interpretable models contribute to the trustworthiness and transparency of the
generated reports, facilitating their adoption in real-world clinical settings.

These contributions collectively advance the field of medical report generation, offering
a powerful framework, a comprehensive evaluation metric, an enhanced attention mecha-
nism, and improved model interpretability. The proposed VAE-GPT framework, along with
the MEAD metric and the combined attention module, provides a solid foundation for gen-
erating accurate, coherent, and clinically meaningful medical reports, ultimately benefiting
healthcare professionals and improving patient care.
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Figure 2.2: VAE-GPT architecture: the latent space, conditioned by the tags and the reports, identifies
different regions for different contexts (e.g. diseases).

2.2 Related Works

To properly understand the problem addressed and the advance respect to the existent litera-
ture, this paper presents the state-of-the-art in medical report generation, considering related
research works in the field.

Automatic generation of medical imaging reports has traditionally relied on computer-
aided detection (CAD) systems and Electronic Health Records (EHR) to interpret medical
images and provide diagnoses[65, 66] . Recently, exploiting deep learning techniques offers
the ability to learn from features and generalize the context in a powerful way[67, 68]. In fact,
deep learning models, such as multilayer perceptron (MLP), recurrent neural network (RNN),
and convolutional neural network (CNN), have shown promising results in this domain[69,
70].

Different architectures have been proposed for medical report generation [65],[71]. A
widely approach in the automatic report generation is the usage of a CNN for multi-label
classification of tags, which are then mapped to embedded vectors via embedding matrix
lookup. Thus, the report generation module has access to these tag vectors in order to build
the whole text[72]. In most of case, these approaches have the tendency to describe more
normal findings rather than abnormalities[73, 74]. To address this, researchers have pro-
posed techniques such as the co-attention mechanism, which helps locate areas in images
where abnormal elements are present. Thus, CNNs are used for learning visual features from
medical images, while multi-label classification (MLC) techniques are employed for predict-
ing tags. The combination of visual and semantic features is achieved using co-attention
modules[75]. The architechure proposed by Li et al.[76] first successful exploits co-attention
mechanism with LSTM to achieve better accuracy in the text generation. Specifically, [76]
and [77] classify and look up tag embedding vectors, but unlike the previous works, the
language component uses co-attention to access both tags vectors and visual features simul-
taneously. Their ablation analysis showed that the semantic information provided by these
tags complements the visual information and improves the model’s performance in report
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generation. In [78, 79] an approach with Recurrent BiLSTM-attention-LSTM is used. The
basic idea is to have a LSTM generate one sentence at a time, each time conditioned on a Bil.-
STM based encoding of the previous sentence and the output of an attention mechanism. The
process is repeated recurrently sentence by sentence until the full report is generated. Other
works [80, 81] used graph neural networks immediately after the CNN to encode the visual
information in terms of medical concepts and their relations. Thus, the language component
receives the intermediate graph representation instead of the raw visual features. In Vispi
[82] a two-stage procedure with two distinct CNNSs is used. In the first stage a DenseNet121
classifies abnormalities in the image, and then Grad-CAM is used to localize and crop a re-
gion of the image for each detected class. Then, in the second stage the multiple image crops
are treated as independent images and processed by a typical CNN+LSTM architecture, with
ResNet101. Moreover, NLP Researchers are shifting from recurrent deep learning model to
transformer based one, with the attention concept[66]. This is very important in terms of
calculation times, as we move from sequential models such as the classic MLPs or recurrent
networks to more flexible architectures that allow GPU parallelization in a much more effi-
cient way. Pre-trained models [83] are also being used effectively, eliminating the need for
specific vocabularies and enabling faster learning from large-scale datasets.

In addition to the discussed approaches, pre-trained language models to image captioning
have been also explored in medical report generation. Visual GPT architecture [84] could
be used to segment and recognize region of interest in medical imaging, and thus enhancing
models with explainability through the use of attention maps and heatmaps, and integrating
medical knowledge graphs for improved accuracy and interpretability [85].

In our approach we propose an innovative approach that uses a novel attention mechanism
that improve accuracy and enhance explainability. To the best of our knowledge this is the
first time that the solution is find by navigate latent space conditioned by tags through a
Variational Autoencoder, rather than using static feature extraction.

Overall, the research works presented in this paper demonstrate advancements in medical
report generation and their potential to improve healthcare workflows, enhance diagnostic
accuracy, and facilitate efficient reporting processes.

2.3 Proposed approach

The VAE-GPT model is an innovative text generation architecture designed for generating
reports of X-ray scans. It combines the strengths of VAEs and pretrained GPT architectures.
Figure 2.2 shows the proposed architecture, its components, and their relationship. The VAE
component serves as an image encoder, extracting meaningful latent representations from
X-ray scans. The VAE is jointly trained with a pretrained text generator (GPT) and a tags
predictor such that images belonging to the same context (e.g. diseases) are placed in the
same region of the latent space. Once VAE-GPT is trained, the encoder and GPT are used to
generate coherent and contextually appropriate textual descriptions (reports).

2.3.1 Formal Framework

Let be D a dataset of triple (I;,t;,r;) withi € {1, .., N}, where I; is an x-ray image, t; € R™
is its associated fixed-length vector of tags and r; is the actual report. Our objective is to
generate a report 7, such that a text-related distance function d(r;, ;) € R is minimized.
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Figure 2.3: Architecture of the M EAD block.

For this purpose, we define E and D as the encoder and the decoder of a Convolutional VAE
to be trained on images; G as a text generator; P as a predictor of tags.
The generated report is obtained by

ri = G(E(;))

after training the architecture with the following loss terms:
Lvap = 25, IDEWL)) = L2 + KL(q(2| L) [p(2))
Lrags = > oiy cee(P(E(L)) — t)
Liewt = >ty d(rlym:)

where K L is the well-known Kullback-Leibler distance used for training VAE architectures
[86], p and ¢ are the respectively the prior and posterior distributions, 2z is a normally dis-
tributed random variable, and cce is the categorical cross-entropy function. Here the Ly 45 is
used to define an encoding of the x-ray images into a continuous latent space. The £, 5 and
L.+ are used to reduce the distance between the latent image representations associated with
similar tags and reports. Moreover the term L, is introduced to optimize the text-related
distance between the actual and the generated report. All the components of our architecture
are jointly trained by using such loss terms.

2.3.2 Novel Proposed Metric

This study proposes a new metric called Medical Embeddings Attention Distance (MEAD)
for comparing generated and actual reports. The MEAD exploits two attention blocks A,
and A, to select the most attention words into both the actual and the generated text. Such
selected words are then projected into a Medical Embedding space by a function £. Finally,
a text-related distance d is computed between such medical embeddings of the actual and the
generated reports. Our new metric is defined as:

39



MEAD; = d(E(Ap(r})), E(Ar(xs))) 2.1)

The attention is used to select the most meaningful words in the two texts and the medical
embedding is introduced to give more context in measuring the distance between words.
by adding the M EAD block, reported in Figure 2.3, to the VAE-GPT framework, the fol-
lowing loss function can be considered for training the whole architecture:

L =Lyag+ Liags + Lieat +ax MEAD (2.2)

where « is a real-valued factor in the range [0, 1].

2.4 Experimental Evaluation

2.4.1 Dataset

Performances have been evaluated over a public dataset made by Indiana University[87]. The
benchmark includes two main sources of data: jpg images (7470 elements) and associated
diagnostic medical XML reports (3955 files). The XML reports contain structured sections
such as Comparison, Indication, Findings, and Impression labels.

2.4.2 Pre-Processing

The pre-processing of the text data includes cleaning the dataset and performing the following
actions:

* Removing stopwords using the “nltk” library. Stopwords are common words with
little significance in conveying meaningful information and are often removed for better
analysis.

* Lemmatization which transforms words into their base or dictionary form, reducing
inflected or variant forms.

* Removing punctuation and special characters.

» Converting text to lowercase.

* Tokenization which involves splitting text into individual units called tokens.
Images undergo several functions to ensure consistency:

» Conversion to a single channel (black and white images).

* Resizing to a size of 512x512 pixels.

* Normalization of pixel values in the range [0, 1].

For the tags, the initial 53 classes in the XML reports are reduced to 23 classes to address
class imbalance issues.
These pre-processed datasets are then used for training the whole VAE-GPT architecture.
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2.4.3 Metrics

The text loss is evaluated using the Rouge-L and BLEU metrics. These metrics are used to
compare the model’s performance with those already present in the literature. Briefly:

* ROUGE-L evaluates the similarity between predicted texts and true texts based on the
length of the longest common subsequence between them. It considers word order in
texts and assesses how well the predicted text captures the information present in the
true text.

* BLEU evaluates the quality of predictions by comparing the predicted text with one or
more true reference texts. It uses n-grams to calculate the accuracy of matches between
the predicted text and reference texts, providing a score indicating the closeness of the
generated text to the true reference texts.

2.4.4 Experiments

The experiments were performed by using all the VAE-GPT components with the following
configurations:

* the VAE consists of 3 convolutional layers for the encoder E and 3 transposed convo-
lutional layers for the decoder D with the following number of filters: 64,128 and 256
for the encoder and 256,128 and 64 for the decoder; each convolution operation is per-
formed with stride of 1 pixel and padding 2 pixels; the relu activation function is used
for each layer; the latent space dimension is set to 128.

¢ the Tags Predictor P is a three-layer convolutional network with a softmax output to
provide multi-class classification over the tags. An attention mechanism is used to
identify the most influential tokens in the classification process.

¢ the GPT-2 architecture (G) remains unchanged with respect to [88].

The whole VAE-GPT architecture was trained on the dataset introduced in Section 2.4.1 by
using 80% of the data for training and validation while the remaining 20% was used for test.
The learning rate was 0.001 and reduce learning rate on plateau and The architecture was
trained over 10 epochs with a batch size of 64.

The loss function defined in equation 2.3.2, Section 2.3.2, was optimized by jointly training
E, D, P, and by fine-tuning the pretrained G. The text-related distance metric d for both the
Li..; and the M EAD terms, was defined as the sum of BLEU-1, BLEU-2, BLEU-3, BLEU-4,
and ROUGE-L calculated over the actual and the generated report.

Other text-related hyperparameters were chosen by empirical evaluation. In particular we
used:

* max_length = 1024: The maximum length of the generated text sequence.

* temperature = 1: A parameter controlling the level of randomness in the generated text.
Higher values increase randomness, while lower values make the text more determin-
istic.

41



Receiver Operating Characteristic (ROC) - Class 2

10

0.8

True Positive Rate
o
-3

oS
=

0.2

P — Class 2 (AUC = 0.83)

u - - -
0.0 0.2 0.4 0.6 08 10
False Positive Rate

Figure 2.4: Example AUC-ROC plot for class “calcinosis”

* num_beams = 5: The number of beams used in beam search decoding. Increasing this
value can improve the quality of the generated text but also increases computation time.

* no_repeat_ngram_size = 2: Controls the prevention of repeating n-grams (contiguous
sequences of n words) in the generated text. A value of 2 means that generated se-
quences should not contain repeating two-grams.

2.4.5 Results

In this section we investigate performances of our proposed architecture. We first compute
performance on classification tags and then we compare our approach against state-of-the-art
deep learning model. Performance on text classification and tag prediction is show in the
following table:

Metrics Value
Test Accuracy | 0.884
Precision 0.857
Recall 0.75
F1-score 0.799

In figure 2.4 and 2.5 are reported the AUC-ROC curve[89] and a confusion matrix for
class “calcinosis”, by choosing the worst case among the all predicted classes. This results
for the classifying network of the tags impact and condition the latent space, and it is most
important in implementing valuable strategy for report generation.

Confusion matrix in a 23x23 matrix that visually reports the results for all 23 classes, with
a heatmap that goes from 0 to 1, with normalized correct prediction percentages, is presented
in figure 2.6.

Table 2.1 reports the values obtained on the test set over ROUGE-L and BLEU metrics
between the actual and generated medical report. Moreover, we compare our results with
those available in the literature [66]. In such a table, the best results overall are reported in
bold while the underlined values refer to the models which are outperformed by our VAE-
GPT. It can be seen that our approach reaches comparable performances to the state-of-the-
art approaches, and in several cases, it is able to outperform them. In fact, considering the
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Figure 2.5: Confusion matrix for class 2 [0;100]
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Figure 2.6: Confusion matrix for all classes

BLEU-4 and the ROUGE-L metric, our approach outperforms, respectively, 6 and 8 of the
12 existing approaches.
In figure 2.7 we provide a qualitative evaluation of a test reconstracted by our VAE.

Wl

Figure 2.7: VOriginal vs reconstructed test image

The VAE outputs are often blurry (unfortunately it is a structural limitation of the model:
these outputs should then pass through another network for output improvement), however,
we are not interested in the reconstruction of the image as a task, but rather in the correct
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Reference BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | ROUGE-L
CoAtt [83] 0.517 0.386 0.306 0.247 0.447
Huang et al. [90] 0.476 0.340 0.238 0.169 0.347
Yuan et al. [71] 0.529 0.529 0.315 0.255 0.453
Xue et al. 2018 [78] 0.464 0.358 0.270 0.195 0.366
Vispi [82] 0.419 0.280 0.201 0.150 0.371
Singh et al. [72] 0.374 0.224 0.153 0.110 0.308
Yin et al. [77] 0.445 0.292 0.201 0.154 0.344
MLMA [75] 0.500 0.380 0.317 0.278 0.440
Harzig et al. 2019a [73] 0.373 0.246 0.175 0.126 0.315
A3FN [74] 0.443 0.337 0.236 0.181 0.347
Xue et al. 2019 [79] 0.489 0.340 0.252 0.195 0.478
Zhang et al. [81] 0.441 0.291 0.203 0.147 0.367
VAE-GPT (ours) 0.420 0.289 0.199 0.177 0.372

Table 2.1: Comparison with state-of-the-art approaches

construction of a continue latent space and extraction of the image features for the automatic
generation of the reports.

Figure 2.8 shows an example of a generated final report over a test image, using our report
visualization algorithm.

To work with embeddings, the model uses FastText[91], a word embedding specifically
designed and trained on biomedical data, and Ontology Sequence Generation to enrich the
word vectors with medical domain-specific knowledge.

In figure 2.9 we report random variable selection combined with pca visualization of our
embeddings. It can be see that our PCA preprocessing tend to cluster entities of the same
category together, that indicates a semantic association between related entities within each
category. The relative proximity and arrangement of displayed vectors provide insights into
the relationship between specific organs and the medical specialties that primarily deal with
them.

2.4.6 A Deeper Look at MEAD

We propose an ablation study executing different trainings of VAE-GPT by varying a. We
compare the validation loss obtained by such trainings against VAE-GPT trained without
MFEAD (a = 0). The results are reported in Figure 2.11, which evidences how the introduc-
tion of M E'AD improves the VAE-GPT performances when o = 0.4.
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Findings reveal stable heart and mediastinal
contours, indicating no significant changes or
abnormalities in these areas.

However, there is a minimal patchy right lower lobe
airspace disease observed, which could be attributed
to atelectasis (partial collapse of the lung) or
infiltrate (abnormal accumulation of cells or

| substances in the lung tissue)

Further examination shows no presence of pleural

effusion (abnormal fluid buildup around the lungs) or
preumothorax (collapsed lung due to air leakage).

The right ventricle appears to be within normal
parameters. However, there is a notable decrease in
left ventricular ejection fraction, measuring at 1.5-2.0
ml/min, which indicates impaired pumping function

of the left ventricle.

Additionally, the left atrium is mildly dilated, measuring 2-4 mm in diameter. The occurrence of ventricular
fibrillation s relatively infrequent, reported in only 1-3% of cases. It is noteworthy that in right heart failure,
uncommon ventricular ectopic beats and atrial tachyarrhythmias may be observed

Interestingly, no cases of atrial thrombocytopenic purpura (ATP) have been reported among the patients
included in this study. ATP is a condition characterized by low platelet count and the presence of purplish
discolorations on the skin due to bleeding under the surface.
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Figure 2.8: Example of Automatic Report Generation on test result
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Figure 2.9: Random variable selection combined with pca visualization of our embeddings

2.5 Conclusion and future work

This paper started with an introduction to artificial intelligence in healthcare, highlighting the
significance of research in this field from social, technological, and economic perspectives.
The application of Transformers, Variational Autoencoder, and text generation in medical
imaging is discussed. The literature review presents existing models and their results, with
a focus on architectures, algorithms, and explainability. The proposed solution, VAE-GPT,
is designed and implemented in Python. The main modules cover data pre-processing, Vari-
ational Autoencoder for images, and text generation with GPT-2. A new evaluation metric,
Medical Embeddings Attention Distance (MEAD), is introduced to compare the distance be-
tween tokens with high attention.

The limitations of the framework are acknowledged, including data scarcity and quality,
generalization issues, explainability challenges, the need for extensive testing, and the un-
derutilization of VAE output. It would be interesting to extend and apply the model with
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Federated approaches [92, 93], in order to have each health facility serve as a client and train
the model by sharing their weights without doing it with data. The conclusion emphasizes
the importance of collaboration between Al researchers, clinicians, and industry stakeholders
to overcome challenges responsibly and ethically. The integration of Al in medicine should
complement healthcare professionals’ expertise and improve patient care, without replacing
them. This paper serves as a starting point for future developments in the field of Al and
medicine in an innovative way, encouraging researchers to explore areas of improvement and
pave the way for transformative advancements in medical practices. It is a call for respon-
sible and ethical integration of Al technologies in healthcare, aiming to enhance efficacy,
interpretability, and reliability for the benefit of patients and medical professionals alike.
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Chapter 3

The Advent of Generative Agent in
Agent-Based Modeling: Overview,
Validation and Emerging Challenges

The advent of Generative Agents (GAs) based on Large Language Models (LLMs) has signif-
icantly influenced the evolution of Agent-Based Modeling (ABM), offering new perspectives
across various domains, including engineering and social sciences. This paper provides an
extensive overview of the integration of GAs into ABMs, emphasizing the advancements
and emerging challenges in their validation. Traditional ABMs, characterized by their sim-
plistic yet powerful approach to modeling complex systems, have been redefined with the
introduction of GAs. This new generation of agents is often equipped with conversational ca-
pabilities. These agents, capable of simulating believable human behaviors and interactions,
present unique opportunities and hurdles, especially in the context of urban simulations and
social dynamics. We explore the nuanced differences between conventional ABMs and Gen-
erative ABMs (GABMs), delve into the state-of-the-art implementations of GAs, and discuss
various validation methods. A critical focus is placed on the qualitative dimensions of these
models, particularly the simulation and validation of emotions, to enhance the realism and
applicability of GABMs in real-world scenarios. Through this comprehensive examination,
we aim to shed light on the potential and limitations of GAs, advocating for a systematic
approach to their validation.

3.1 Introduction

Various definitions of what is an artificial agent were given during the nineteens [94], high-
lighting features of agents such as autonomy, social ability, reactivity, and pro-activeness
[95].

Such characteristics were formalized by [96] according to the following general definition:

“An agent is a computer system, situated in some environment, capable of flexible au-
tonomous action to meet its design objectives.”

that emphasizes two fundamental properties agreed upon by experts in the field, namely au-
tonomy and social ability. Autonomy refers to the agent’s ability to operate, decide, and con-
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trol its actions independently, without external intervention [97, 98]. Social ability pertains to
an agent’s integration within a community, facilitating interaction with others to accomplish
tasks and assist fellow agents [99, 98, 96].

Despite it being a widely accepted definition, the advent of Large Language Models (LLMs)
suggests we rethink the entire Agent-Based Model (ABM) processes, from the design of new
humanized agents able to perceive, think, memorize, and act as likely as possible to humans
[100, 101], to the methodologies and approaches by which we validate their behaviors. In-
deed, an emergent trend in research is the design of Generative Agents (GA) for ABM, such
that agents’ interactions and decision-making processes rely on LLMs. In this context, two
classes of GA can be identified according to whether or not the agents are provided with
conversational abilities, which allow agents to interact through natural language.

The term “generative” in ABMs was introduced by [102] to describe ABMs’ ability to gener-
ate emergent social behaviors in the domain of social sciences. Although GAs and generative
ABM share the same generative nature in this field, they are independent concepts and they
should not be confused as (1) the first is agent-level while the second is system-level, and (2)
one does not imply the use of the other. A more detailed description of both will be provided
later in this work.

Focusing once again on GAs, we can now refer to the definition, provided by [103], by which
generative agents are:

”Computational software agents that simulate believable human behavior.”

The idea of agents believable behaviors has been associated since from its origin to the art of
animation [104, 105] (e.g. Disney characters), where animators aim to design apparent living
creatures able to show emotions and act according to them, to create the illusion of life. This
idea, while straightforward, lacks a formal interpretation of the agent’s believability, making
it difficult to validate the interactions within the system——especially in systems that involve
human-like conversational interactions. A commonly used approach to address this issue is
to engage human validators who manually review and assess the simulation history of each
agent, ranking the agent’s behavior based on perceived believability [103, 106].

This work aims to provide an overview of the evolution of ABMs and their validation in the
GAs’ era, shedding light on:

The nature of ABMs and generative ABMs, their differences and definitions.

The advent of GAs and their evolving status mechanisms.

The validation methods for ABMs and their characteristics in the transition to genera-
tive ABMs involving GAs.

A discussion on the need for formal and automated approaches for validation, which
can be quantitative or qualitative.

This work is organized as follows: Section 3.2 will highlight the differences between tradi-
tional ABM and generative ABM. In Section 3.3, we will review state-of-the-art realizations
of GAs underlying distinctive aspects of their different architectures. In Section 3.4, we re-
view some of the most prominent validation methods for both ABMs and generative ABMs.
The last section of this paper will explore the qualitative dimension of generative ABM.
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3.2 From ABMs to Generative ABMs

The word “generative” in the field of ABMs was introduced by [102] and later extended
in [107] referring to the ability of ABMs, framed into the field of social sciences, to gener-
ate emergent social behaviors. Epstein’s work emphasized how ABM can be considered a
generative approach to social science. He advocates for building models where social phe-
nomena are ~grown” from the interactions of individual agents. Indeed, his work is highly
regarded for demonstrating how simple local interaction rules can generate complex social
behaviors, making it a foundational text for those interested in the principles and practices
of ABM. His interpretation of the field has inspired numerous subsequent works, where au-
thors refer to generative ABMs as systems capable of producing behaviors from simple rules
[108, 109, 110]. These systems, although generative, do not necessarily involve the use of
generative algorithms or generative Artificial Intelligence (Al) in their implementation.

The contemporary use of the term ”generative” can lead to ambiguity in this research field,
particularly with the advent of generative Al, which can be used to develop enhanced agents
or scenarios in complex systems. In recent works, authors developed ABMs by relying on
GAs, referred to as GABM [111].

In the following, we aim to clarify the distinctions and establish a systematic terminology for
different uses. For this purpose, we start from the basic definition and purposes of ABMs.

3.2.1 Definitions and Purposes

Since the beginning of the field, ABMs have been used to simulate systems with a broad
and high-level approach, observing emergent properties and social phenomena by using ex-
tremely simplistic models to replicate real-world phenomena. This high level of abstraction
grants the flexibility to use ABMs for a wide range of purposes, which [112] categorizes into
seven distinct modeling purposes:

» Explanation: Involves creating a causal chain from an event to its consequences using
the simulation’s structure. This is crucial for understanding complex social phenomena,
such as the causal architectures of bullying analyzed by [113]. At the same time, Macal
(2016, p. 146) argues that ABMs provide a “framework for explicitly specifying causal
mechanisms.

* Prediction: Defined as the ability to foresee aspects of unknown data with a valid
level of precision using a computational model. A model’s predictive capacity often
indicates its accuracy. For instance, [114] predict bitcoin price trends using an ABMs
by simulating rational agents’ behaviors. While [115] presents a dynamic optimization
approach for agent-based models for real-time bus locations and arrival times predic-
tions.

* Description: Simulation models represent key aspects of a system without aiming to
replicate it fully, focusing instead on documenting significant elements. [116] uses
ABMs to describe important factors in tenant relocations.
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* Theoretical exposition: Entails a systematic mapping and evaluation of mechanisms’
consequences, aiding in formulating and testing hypotheses. [117] utilize ABMs to
develop theories and test hypotheses about historical patterns.

* Illustration: Focuses on simplifying and exemplifying ideas to clarify complexities
without making assertive conclusions. [118] use an ABM to demonstrate the effects of
resource scarcity on group cooperation.

* Analogy: Uses simulation processes to informally reflect on concepts, often borrowing
ideas from different domains to offer new perspectives. [119] computational game is
an example of using analogy in ABMs to rethink cooperation.

* Social learning: Emphasizes the participatory aspect, helping diverse groups achieve
a shared understanding. [120] employs an ABM for conflict management between
herders and foresters in Thailand, fostering mutual understanding of land-use dynam-
ics.

Using these purposes of modeling as a basis for our discussion, we assert that while all of
these ABMs can be implemented by using GAs, the generative nature of the models depends
on how they are used and how their results are explained. The presence of GA is not a suffi-
cient condition to make a system generative. According to the definitions provided by [121],
models are considered generative of an observed social phenomenon when they describe it in
terms of the external (environmental and social) and internal (behavioral) mechanisms that
generate it, rather than inferring causes from observed covariations—running the systems
under different conditions and studying the variations. For example, when describing agent
behavior through logical or numerical formalisms, the behavior is described from the outside,
as perceived by an observer, but the internal generation process is not captured. The ability to
explain behavior in terms of emerging internal processes makes an ABM system generative.
Under this definition, and counterintuitively, even a model designed for Explanation or The-
oretical exposition purposes is not necessarily generative. Therefore, we argue that the focus,
when referring to generative ABM, should be on the generative properties of a system rather
than the modeling purposes or the mere presence of GA.

As shown in Figure 3.1, we synthesize the different approaches by considering Generative
ABM as the subset of ABM designed to generate emergent behavior and internal processes
explanations. Within the context of Generative ABM, Generative Agents (GA) can be uti-
lized and implemented in various forms and developed through different approaches (e.g.
based on reinforcement learning, evolutionary algorithm, machine learning algorithm, etc.).
With the advent of Large Language Models (LLMs), a promising new trend is to develop
LLM-based GA. In some cases, these models can be equipped with conversational abilities,
allowing them to interact with each other through natural language. Such agents can be re-
ferred to as social, conversational, and interactive.

In line with the current literature, we will refer to ABM designed with generative agents as
GABMs and ABM when discussing the broader class.

Al represents a promising new frontier for ABMs, offering numerous opportunities to

enhance their development. In [122], the authors provide an overview of Machine Learning
(ML) techniques useful for addressing various challenges based on the purposes of ABM
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Figure 3.1: The diagram highlights Generative ABM as a specialized subset of the broader ABM
set, aimed at producing emergent behaviors and internal process explanations. Generative Al Agents
can be employed to develop Generative ABM. In the case of LLM-Based Agents, such agents can be
equipped with social, conversational, and interactive capabilities.

modeling. Specifically, two primary areas of ML application can be identified: structural
specification and output analysis. While this interpretation focuses on ML, it serves as a
valuable starting point for our discussion, which extends beyond ML to focus on generative
Al Moreover, in this context, we will not consider output analysis, which is more related to
data science. Instead, we will discuss the integration of Generative Al into structural specifi-
cations, focusing on agents’ decision-making processes and interaction modeling. Therefore,
the following brief discussion about the role of generative Al in designing ABMs will provide
a foundation for understanding what we mean when referring to GA.

3.2.2 The role of Generative AI in ABM

Figure 3.2 visualizes how generative Al can be utilized in three key areas:

» Population Synthesis: generative Al can create synthetic datasets of agent characteris-
tics and plans, providing ABMs with rich agent representations (e.g., [123]). In this
case, even though agents and their behaviors are generated by a generative Al model,
it is not accurate to refer to them as GA, as the evolution of agents within the system
does not leverage generative processes, and their behavior is defined ex-ante.

* Decision Making Through Interactions: generative Al can model interactions between
agents, and between agents and their environment. These interactions can be modeled
through simple inference or systems that allow agents to interact using natural lan-
guage (e.g., [103]). In this case, a generative algorithm is responsible for generating
decisions dynamically during the simulation, considering its evolving history, making
it appropriate to refer to these as GA.

* Scenario Generation: generative Al can aid in creating and characterizing environ-
ments (e.g. [111]).

The following discussion will focus on GAs, delving deeper into decision-making and inter-
action processes modeled using LLMs.

51



Scenario Generation

Population Synthesis
LLMs, VAE, efc....

T » Data Science

>
@
]
2
>
C‘.

—

Descision Making Through
Interactions

- ~

" S Environment
Pre-defined Natural Language "
. i <4=P Interaction
Interactions Interactions

=== Generative Al for

Figure 3.2: Al can be used in two distinct areas of ABM development: Structural Specification and
Output Analysis. Over them, generative Al can contribute to Population Synthesis, Decision Making
Through Interactions, and Scenario Generation.

3.3 Generative Agents

Since their appearance, LLMs have demonstrated remarkable capabilities in text compre-
hension and generation, which nearly match human-level performance. Indeed, they have
emerged in the last two years as a promising research avenue for developing artificial agents
that can exhibit human-like behavior [101]. We refer to such agents as GAs. Their poten-
tial into the field of ABM can be attributed to three main characteristics of these models:
firstly, LLMs can perceive and apprehend the world, although this is limited to environments
that can be adequately described through text; secondly, LLMs can plan and organize tasks
by considering the task requirements and rewards. They keep and update a memory, whose
mechanisms are guided by prompts based on human reasoning; lastly, LLMs can generate
text that resembles human-produced language, enabling agents to interact with each other by
entertaining natural language conversations.

Therefore, adopting an agent-based simulation paradigm that utilizes LLMs to simulate in-
dividual agents holds significant promise for capturing not only their behavior but also the
complex interactions among them.

The connection between this technology and social dynamics is straightforward, and re-
searchers can design GAs based on a feedback loop that improves individual decision-making
using environmental data and historical information from evolving simulations and interac-
tions. As proposed by [124], this feedback loop involves the environment and agents ex-
changing feedback about actions and current states with LLMs. In more detail, a mecha-
nistic model—a rule-based environment defined by developers—captures the system’s state,
provides information to the LLM, and uses LLM-informed decisions to shape the system’s
state. A notable feature of this feedback loop is that decision rules emerge from the extensive
knowledge embedded in the LLMs rather than being imposed by modelers.

Based on Ghaffarzadegan contribution, we propose an extension of the feedback loop by
focusing on GA’s decision-making processes. In particular, as shown in Figure 3.3, we dis-
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Figure 3.3: LLM-Based Feedback loop and Status of GAs: (a) Inferential GA feedback loop where
the agent receives in input the status and an event e produces an action; such action updates the agent’s
current status. (b) Conversational GA feedback loop where the LLM decides based on agent status
and natural language interactions. Such interaction can directly affect the status. (¢) Example of an
Agent Status content.

tinguish between the inferential case, in which LLMs are only used as decision-makers (Fig-
ure 3.3 (a)), and the case in which GAs are equipped with conversational capabilities, hence
when LLMs are used to enable natural language interactions between GAs (Figure 3.3 (a)).
When GAs are developed with an inferential approach, agent decision-making is confined
to a discrete GA characterized by Agent Parameters and holds Agent Status in both case
regimes, where LLLMs generate actions based on ongoing conversation dynamics and envi-
ronment perception.

3.3.1 Parameters and Status

A GA is characterized by Agent Parameters and holds Agent Status in both cases. Agent
Parameters typically include demographic information that identifies personas, such as high-
level data like age, sex, income level, race, employment, and location, as well as social in-
formation detailing the relationship between agents [125]. This information, when combined
with the extensive knowledge embedded in LLMs, can guide the decision-making process of
an agent to accurately emulate a human-like personality. Agent Status, on the other hand,
represents the current state of the agent within the evolving simulation (see Figure 3.3 (¢)),
and in particular, it can be seen as the GA representation itself, excluding its decision-making
processes (which are implemented by the LLMs). The status can be characterized differently
depending on the application, potentially involving parameters and an evolving memory up-
dated during the simulation. It may even include representations of a discrete emotional
state. These sentiment states can be generated by the LLMs themselves, as demonstrated in
the work by [126], which employs natural language processing techniques (BERT [127]) to
perform frequent global measurements of emotional states through sentiment, assessing the
impacts of the pandemic and related policies.

LLMs can exploit the information contained in the Agent Status to enhance and magnify the
GA’s decision-making processes, which can vary according to different human-like person-
alities.
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3.3.2 GAs Examples

We advocate this section to explore the application of GAs for GABMs.

Concerning the inferential GAs, an interesting implementation has been proposed by [128].
The authors developed an epidemic model that integrated human behavioral dynamics in
response to evolving outbreaks by defining an inferential LLM-based architecture. These
agents effectively mirrored human actions, exhibiting adaptive behaviors such as self quaran-
tining when unwell and isolating as cases escalated. A crucial contribution of this work is the
systematic method used for defining personas, where agents’ personalities are defined on an
Agent Status based on the Big Five personality traits by [129] from the field of psychology.
This study is good example on how personality traits rooted in psychology literature can in-
fluence the LLM’s responses.

More recent studies concern the development of conversational GAs to be used in GABMs.
An initial breakthrough in this field was recently achieved by [103]. In this work, the au-
thors proposed an original architecture for GAs to design entities that emulate believable
human behavior in interactive settings. These GAs can carry out everyday activities like eat-
ing breakfast, working, and conversing with each other. Such innovative agents’ architecture
strongly relies on natural language processing and generation in its key components: memory
streams, reflection, and planning mechanisms.

The memory stream is a module that records experiences in natural language. To query such a
memory, the authors designed a retrieval function based on the triple {Recency, Importance,
Relevance}. This module enables the GA to reflect on past events and plan future actions
based on their accumulated experiences. With this, the authors claim to address the need for
Al systems to manage complex and evolving memories, aligning with the focus in the current
state-of-the-art on developing Al systems with personalized and customized experiences.
The reflection is instead a system for incorporating reflective knowledge synthesis within the
architecture. This feature empowers the GA to generalize and draw higher-level inferences
from their memories. Agents are equipped with a reflection module to generate trees (hierar-
chy) of reflections where the leaf nodes are base observation, and the non-leaf nodes represent
thoughts that become more abstract and higher-level as they ascend the tree, summaries of
the previous experiences. This way, the agents can derive meaningful insights from their ex-
periences.

Lastly, the authors designed a planning and reaction mechanism based on the reflection and
the current situation of surrounding gas and the environment. These mechanisms enable the
GA to create plans and responses that are consistent and appropriate over time and w.r.t. the
autonomously evolving scenario.

Through the described components, the agents can record experiences, reflect upon them, and
plan future actions based on past events. A key characteristic of Park’s GA architecture is that
it couples LLLM capabilities and a continuously updated memory stream that stores agents’
experiences. Hence, in a continuous regime, items in the memory stream are retrieved to
guide the LLM generating actions, plans, and reflections.

Furthermore, the authors developed a virtual sandbox environment inspired by ”The Sims”
in which they simulated agents’ behavior. In particular, 25 agents were observed and inter-
acted with by testing for their individual and social behaviors (e.g., planning a Valentine’s
Day party autonomously). The simulation showed remarkable agent autonomy, coherence,
and believability.
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The work from [103] has been a pioneering and disruptive contribution to the GABM and
Computational Social Sciences field and is highly inspiring for the research community.

By relying on Park’s GA architecture, [111] recently introduced Concordia, a library that
facilitates the development of language-mediated GABMs based on LLMs, to provide agents
with more sophisticated cognitive capacities. These capacities enable the agents to perform
actions grounded in physical, social, or digital spaces with complexity and realism that tra-
ditional ABMs cannot achieve. Concordia GAs consist of associative memories, inspired by
[103], and flexible components that mediate between LLM calls and memory retrieval. The
Agent Status is equipped with what the authors call components, which are statements in
natural language expressing the current state of an agent in terms of identity, plans, obser-
vation, and call for action. Each of these statements serves as a base knowledge to generate
context for decision-making. All interactions between GAs are facilitated by a unique Game
Master (GM) whose behavior can be grounded by physical, chemical, financial, etc. mathe-
matical models of the real world. The GM simulates the environment, handling the world’s
state, agent actions, and interactions between GAs. It generates event statements representing
agent actions’ outcomes, mediates interactions, and updates environmental variables. Spe-
cial attention in this work is given to such environmental variables, referred to as Grounded
Variables. They represent the environment that can influence and be influenced by agents’
actions within the model. They are important in enabling state tracking, mapping interaction
effects, simulation integrity checking, and control and manipulation.

Another interesting work inspired by Park’s agents recently proposed by [130]. They de-
signed a new agent architecture, called Lyfe, which relies on a sophisticated memory system
and Hierarchical Action Selection component. The latter allows GAs to be cost-effective by
delegating only necessary decisions and interactions to LLM, avoiding the wide number of
text generation calls usually needed to allow system continuity. As an even more interesting
original contribution, and conversely to existing prominent GAs (e.g. [103, 131]), the Lyfe
agents were provided the ability to entertain conversational interaction with multiple agents.

A comprehensive review of existing architectures for autonomous agents (not necessarily
framed in the field of ABMs) has been recently provided by [132].

3.3.3 Simulating Emotions - The Qualitative Dimension of GABMs

Another interesting implementation of GAs has been proposed by [17]. In this work, the au-
thors designed an architecture for LLM-powered agents to simulate social network dynamics.
These agents could observe content posted by other agents, adjust their attitudes and emo-
tions, create their own content, or remain inactive. They successfully replicated the diffusion
of information and the shifts in emotions and attitudes of users in response to two events: the
release of nuclear wastewater in Japan and the incident involving the mother of eight chained
children.

Although their approach shows promise for flexible behavioral modeling, in contrast with the
GAs from [103], the agent’s reasoning here relies solely on the LLM without incorporating
explicit computational mechanisms that represent human cognitive processes, such as mem-
ory retrieval based on relevance, recency, and frequency.

Interestingly, the authors introduce Emotions information into the GA’s status. It goes with-
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out saying that to effectively simulate real-world scenarios it is essential to equip agents with
their own cognition, attitudes, and personalities. However, to make the behavior of GAs
more human-like, we must consider how humans are often emotionally triggered and how
they translate these emotions into their choices. Emulating emotions is crucial for simulat-
ing human behavior, as it significantly influences how agents convey their intended actions.
Although this is challenging due to the myriad factors and complex relationships involved
in human emotions, the rich knowledge of human behavior embedded in LLMs provides an
opportunity to introduce an individual emotional dimension in GAs, enhancing the realism
of simulations [133, 134, 135].

We want to stress how the inclusion of emotions in the GABMs framework underscores the
importance of qualitative aspects to understand agent behavior in social scenarios. In the
following we will discuss the challenges that this brings in the simulation results analysis.
Moreover, we will provide a deeper discussion on the opportunity to realize a qualitative rep-
resentation of the real world to enhance the potential impact of simulation practices into the
field of complex systems and social dynamics.

3.4 Validation

3.4.1 Informal Theory of ABMs Validation

In ABMs, validation is essential for gaining trust and credibility in simulation models, par-
ticularly ensuring that the model meets its intended purposes and generalizes to real-world
social dynamics. In this field, validation is an intricate problem because of the complex
mechanisms and scenarios these models attempt to represent. Moreover, there is a lack of
universally accepted standards for ABMs validation, which makes it even more difficult for
model designers to demonstrate the validity of their system. This introduces the need for
formal methods and rigor in the validation processes for ABMs [136, 137].

Furthermore, an explicit hierarchy of evidence should guide ABMs validation. This can be
inspired by the one used in evidence-based medicine and policy-making, where the strongest
evidence comes from ecological validity and rigorous experiments, while observational data
and consistency with previous theories are considered weaker [138]. It is worth noting that
the rigor required for validation depends, again, on the purpose of the ABM. In a model in-
tended only to guide further research, the threshold for evidence can be reasonably lower.
It’s crucial to note that the model’s hypothesis should not only be evaluated based on direct
evidence but also on their “productivity” or their ability to stimulate further empirical re-
search and theoretical developments [139]. On the other hand, when the model is used to
guide real-world decisions with significant consequences, validation should require higher
rigor and evidence.

A recent attempt to define guidelines for ABM validation has been proposed in [140], where
the authors, after reviewing different validation approaches, discuss how the choice of valida-
tion methods should be tailored to the specific needs of the simulation, the characteristics of
the model, and the available data. In particular, they classify nine key validation-supporting
methods into foundational and advanced, offering insights into their application and effec-
tiveness. Such a classification follows, along with a brief description of each method.
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Foundational Methods

* Data Analytics: essential for handling input and output data, data analytics supports
the validation by ensuring data integrity and relevance. This method involves extensive
data cleaning, organization, and analysis, including statistical tools.

* Docking: a method for comparing the outputs of the simulation with the ones of other
state-of-the-art ABMs to verify if they align with each other, thus validating the as-
sumptions and results of the designed new model.

* Empirical Validation: involves using real-world data to fit and validate model out-
comes. This method is crucial for ensuring the model’s predictions are realistic and
grounded in actual data.

* Sampling: covers the various sampling techniques used to explore the simulation space
and understand the impact of different input variables on the model’s output.

* Visualization: focuses on using graphical representations to understand and analyze
the behavior and outcomes of simulations. Visualization helps stakeholders easily in-
terpret complex model behaviors.

Advanced Methods

* Bootstrapping: this technique uses resampling to create empirical distributions of
model outputs, which helps assess the simulation results’ accuracy and reliability.

* Causal Analysis: Look at the model’s causal relationships to identify and correct any
erroneous or unexpected behaviors. This method is vital for understanding the causal
dynamics within the model and ensuring its validity.

* Inverse Generative Social Science: A novel approach that uses techniques like evolu-
tionary algorithms to explore various potential agent behaviors and their consequences
within the model, helping to uncover all feasible configurations that lead to particular
phenomena, backward tracking behaviors, and decision from an expected output to the
input.

The idea of tailoring the validation methods to the specific needs and purposes of the sim-
ulations is further supported by previous theory on ABMs validation [137]. In this work,
the authors provided guidelines for rigorous validation—meaning the model corresponds to
reality—of ABM in marketing research, which can be extended to a wider set of applications.
According to them, there are four steps for considering a model to be rigorously validated.
Two of these steps focus on empirical validation of ABMs, specifically concerning the val-
idation of the model’s input and output. Using statistical measures, they ensure that these
elements align with real-world data or are comparable to other models’ outcomes. These
validation steps can be easily performed by using the Foundational Methods previously de-
scribed. However, they require the availability of data or the existence of a similar model for
comparison.
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The remaining steps from [137] involve the concept of “face” validation, and they do not
necessarily rely on data availability. Rather, they rely on human intelligence through expert
assessments and structured walk-throughs. Face validation ensures that model processes and
outcomes appear reasonable and plausible based on expert and stakeholder knowledge. Such
validation steps are namely:

* Micro-face Validation
This process ensures that the individual-level mechanisms and properties of the model
correspond to the real-world ones. It checks if the agents and their actions realistically
reflect human-like dynamics.

* Macro-face Validation
This step involves validating that the aggregate patterns and dynamics of the model
correspond to real-world phenomena. The focus is on the emergent properties and
overall behavior of the system.

The model is not directly compared to real-world data in microscopic and macroscopic vali-
dation. Instead, the emphasis is on showing that the general model’s attributes and processes
reasonably correspond to the ones of the real world.

Micro-face validation is particularly relevant because it allows us to examine the system’s
most detailed and specific aspects (such as the individual behavior of GAs).

Conversely, macro-face validation is essential because it offers a broader perspective of the
system. This is especially important in situations where direct individual validation is chal-
lenging or impractical, and validation granularity is not required (e.g., prediction of land uses
in city simulations). Moreover, this proves useful when empirical validation is not possible
due to the absence of data. In such a case, Advanced Methods such as the one based on
causality, can be applied to infer the system’s dynamics and validate its functionalities.

The next sections will provide a further and more detailed discussion on the uses of face val-
idation in GABMs.

According to [141], face validation involves three key methodological elements:

1. Animation Assessment: Experts review simulation animations to ensure that the sys-
tem’s or its components’ behavior appears realistic. Visualization methods can help
observe the simulation from a general perspective to assess dynamics like passenger
flows or traffic jams and potentially track individual agents to scrutinize their specific
behaviors.

2. Output Assessment: This involves human experts examining the simulation outputs
for plausibility. This includes checking whether their relationships and the dynamics
and trends observed in the simulation outputs are coherent. This assessment can be
automated if the relationships among the inputs, the evolution, and the outputs can be
formally defined (e.g. through constraints and rules definition).

3. Immersive Assessment: Experts immerse themselves in the simulation by adopting
the perspective of an individual agent within the system. This allows them to directly
evaluate the believability of an agent’s behavior and reactions, as well as the interac-
tions and reactions of other agents within the simulation environment. The effective-
ness of this method depends significantly on the design of the user interface, which

58



may need to be customized for different types of agents.

Animation and Immersive Assessments share the fundamental principle wherein human
validators replay simulations by impersonating agents. During this process, they make in-
formed decisions that are subsequently compared to those made by the agents. While con-
ceptually similar, Immersive Assessment provides a more advanced framework that allows
validators to fully experience the simulation and have a complete sensorial perception, for
example, through virtual reality [142]. This approach is particularly valuable when validat-
ing human emotions is necessary, but relevant data is unavailable.

Overall, these validation techniques help ensure that the model is not only statistically and
structurally sound but also intuitively plausible to human experts, crucial for its acceptance
and usefulness in real-world applications.

3.4.2 GABMs Validation

Many aspects of model validation concern both GABMs and ABMs, although GABMs in-
troduce additional unique challenges (e.g. believable behaviors).

When discussing GAs performing actions or visiting places, we use simpler language for
easier understanding. However, this does not mean these agents have human-like abilities or
intentions. Their actions are designed to seem realistic and engaging, similar to characters
in animated Disney movies, but this does not imply they possess true independence or con-
sciousness.

Current state-of-the-art GAs rely on LLMs to enhance the illusion of human-like behavior, as
this new generation of language models encapsulates information on human behavioral pat-
terns. However, this is only believable to a certain extent due to issues such as hallucinations
and biases in LLMs. Additionally, there is no automatic method for validating LL.Ms, and the
current trend involves employing a large number of human validators to assess these models,
followed by a voting system to compute performance metrics based on human evaluations
[143, 144].

Recent studies [145, 146] discuss how current LLMs lack cognitive competence in ways that
sometimes produce fragile and even bizarre behavior. In particular, the study demonstrated
that GPT-3 could solve many tasks reasonably and showed some human-like behaviors. How-
ever, it highlighted significant limitations in the model’s cognitive abilities, particularly in
context sensitivity and causal reasoning.

These problems are inherited by GAs in GABMs, and they become even more severe in the
case of conversational agents, where the validation can require the analysis of natural lan-
guage interactions. Again, human validators can be employed in this case, but it is easy to
understand that this approach does not scale to simulation involving thousands of interacting
agents (e.g. in cities).

Currently, there is no agreed-upon method for interpreting the outcomes of simulations that
use LLMs to model human populations. The critical question remains: what criteria should
we use to determine if, how, and under what conditions the findings from simulations might
apply in real-world settings? These are not questions that can be addressed by a single group
of researchers alone; instead, they must be collectively discussed and resolved by the entire
research community.
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While this remains a topic of debate, the research community should focus on the discovery
of formally defined methods that will allow us to confidently predict that a model’s outcomes
can be generalized to real-world dynamics. Identifying these methods should be the foremost
priority for this emerging field [147].

As of today, while there exists a wealth of literature on ABM validation methods, it is chal-
lenging to find new specific validation methods proposed for GABMs. Therefore, we lever-
age ABM literature as a basis to detail the challenges introduced by GAs. We do this by
re-analyzing face validation in the context of GABMs. In particular, we discuss how the pre-
vious theory can be applied to the transition to GABMs and the new challenges it presents:

* Micro-face Validation When transitioning from traditional rule-based agents to GAs,
two dimensions of this type of validation emerge: validation of individual decision-
making and natural language interaction. For decision-making, the validation should
focus on the decisions made by GAs and assess the believability of social dynamics.
For interaction, it should examine the conversations between agents at a deeper level
of granularity to ensure that decisions are coherent with the GAs’ natural language
interaction history. Additionally, validating emotions (or other qualitative aspects) can
be seen as a third dimension, and it is crucial to determine if agents align with human
emotional dynamics.

* Macro-face Validation While this approach does not significantly differ from tradi-
tional ABM to GABM, it is essential because it enables the validation of systems
where individual agent validation is impractical (e.g., simulations with thousands of
agents). Advanced validation methods such as Bootstrapping, Causal Analysis, and
Inverse Generative Social Science prove invaluable.

Face validation generally provides a framework for validating systems where empirical vali-
dation data may not be available. With the advent of LLMs, we can leverage the embedded
knowledge within these models to simulate scenarios where data is lacking accurately. Pop-
ulations can generalize to different places and scenarios without relying on real-world data.
Explaining face validation is essential to take full advantage of this great opportunity.

GAs Validation - Examples

This Section details how the state-of-the-art GAs discussed in Section 3.3 validate their sys-
tems.

As a first example, [128] uses visualization, data analysis, and sampling methods to vali-
date their simulations. Interestingly, this demonstrates how, in the case of inferential GAs,
GABMs can be validated even only employing one or a set of foundational methods for tra-
ditional ABMs that are widely accepted by the community (see Section 3.4.1).

Delving into Conversational Agents and in line with what we mentioned about leveraging
human validators, [103] recruited 100 evaluators (paid 15.00$ per hour) for the validation
process to demonstrate the effectiveness of the proposed architecture in generating believ-
able behaviors. The validation process encompasses controlled experiments and end-to-end
assessments.
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» Controlled Evaluation to answer the question: ”Do individual agents properly retrieve
past experiences and generate believable plans, reactions, and thoughts that shape
their behavior?”. For this purpose, they interviewed the agent in five question cate-
gories (self-knowledge, memory, plans, reactions, and reflections) using an LLM. They
use believability as an evaluation metric, measuring it according to human evaluators
watching the replay of a 2-day simulation of a randomly sampled subset of agents.
The system ran for five different conditions (ablation), and the evaluators ranked the
conditions as most or least believable.

* End-To-End Evaluation to answer the question: ”Does a community of agents demon-
strate information diffusion relationship formation and agents coordination across dif-
ferent pockets of community?”. For this purpose, they run a 2-day simulation by track-
ing 2 pieces of information from two single agents: the organization of a party and
the candidacy for mayor. They test for (1) information diffusion: they interview the
25 agents with "do you know about the party?” and ”do you know about the candi-
dacy?”’; (2) relationship information: they constructed an undirected graph of agents
where edges represent mutual knowledge between two of them and they measure the
density of the network (increases as the simulation keep going); (3) agent coordination:
they count the agent which actually went to the party.

While they designed a state-of-the-art architecture for GAs, overcoming the limits of existing
GAs whose believability falls short in extended simulation, they validated their system using
a qualitative measure of coherence between the agents’ behavior and the expected behavior
of humans in similar scenarios, often influenced by historical context, rather than a formal
representation of believability. Their method recalls the micro face validation approach at
a conversational level and the concept of Immersive Assessment discussed in Section 3.4.1,
where human validators assess the agents’ behavior by experiencing the evolving simulation.
Indeed, in this particular case, the immersive experience engages validators in the conversa-
tion between agents and their resulting decisions.

As previously mentioned, [103] proposed an effective validation method involving 100 hu-
man validators to inspect the behavior of 25 agents. This indicates that for GABMs, the
number of human validators needs to grow with the number of artificial agents involved in
the simulation. This makes it difficult to validate the agent’s behavior for large systems, and
even for smaller ones without such disposal of human contributors.

Additionally, specialists are involved in designing the interviews, making the process subjec-
tive and qualitative rather than formal.

However, a promising automatic approach in this work involves using LLLMs to interview
GAs. Despite the known issue of hallucinations in LLMs and the current lack of automated
tools to detect them, this method offers potential for scalable validation.

In [111], particular emphasis is placed on model validation, providing guidance on evaluat-
ing simulation outcomes. The work discusses best practices such as measuring generalization
and conducting sensitivity analysis.

The validation framework that the authors propose is based on Empirical Validation, referred
to as the Similarity Principle. This principle emphasizes the similarity between tested and
untested samples. A model makes a family of related predictions, and testing one prediction
can provide confidence in similar, untested predictions. In the context of human-behavior
validation, the authors advocate that the gold standard is the direct measurement of model
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predictions on new test data that could not have influenced the model’s parameters. For ex-
ample, if a model predicts how humans will behave in a particular situation, the best evidence
is measuring actual human behavior in that situation. This approach is emphasized by the au-
thors as the most robust form of validation.

We underscore how this would require the availability of data or the development of a frame-
work, tailored to the specific GABM, for immersive validation where real human behavior
can be compared.

They also provide validation recommendations that extend beyond empirical testing by dis-
cussing the concept of Algorithmic Fidelity. Algorithmic fidelity describes how well a model
can be conditioned using socio-demographic backstories to simulate specific human groups.
This fidelity must be measured anew for each research question, as it may vary across differ-
ent topics and experiences. One direction for further research in this context would be based
on the work by [148], which involves checking for the fidelity of human personality traits
in LLMs. As a concrete validation practice, it is essential that models be checked for con-
sistency with prior theory, whether they pertain to psychological aspects (e.g., testing human
behavior) or structural aspects of the real world (e.g., validating a GABM modeling consumer
behavior by showing that prices in the model move according to classic microeconomic the-
ories).

Additionally, the authors in [111] discuss open challenges and unresolved issues, focusing
on three main problems: (1) Train-Test Contamination: it is crucial to ensure that LLMs
have not been contaminated or biased by the training data. (2) Representation of Stereotypes:
LLMs likely represent stereotypes of human groups, which may inadvertently lead to study-
ing stereotypes rather than real lived experiences. (3) Detail Limitation: understanding what
happens when models are pushed to their limits in detail remains an unresolved issue.
Finally, they emphasize the importance of addressing Hard-to-Reach Populations. For pop-
ulations that are difficult to recruit for experiments, more flexible approaches to validating
GABMs representing these populations may be necessary.

In the work by [17] the authors used Empirical Validation for different aspects of their sys-
tem, such as: information propagation: the system simulates the temporal dissemination of
events and compares these simulations with empirical data to validate the accuracy of its pre-
dictions. For instance, simulations of the Eight-child Mother Event and the Japan Nuclear
Wastewater Release Event showed good accuracy in forecasting propagation patterns, cap-
turing distinct emotional peaks and dissemination trends; emotion and emotion Propagation:
emotions are classified into three levels: calm, moderate, and intense. The model predicts
the user’s emotion level in subsequent time steps by considering the current emotion level,
user profiles, user history, and messages received. This prediction mechanism is validated
using real-world data. The emotional propagation process, on the other hand, is simulated by
extracting emotional density from textual interactions among agents. Again The effective-
ness of the model is demonstrated by its ability to reproduce the dynamic process of emotion
propagation observed in real-world data; interactive behavior: The model simulates users’
decision-making processes regarding whether to forward content, create new content, or re-
main inactive. Validation is performed through metrics like accuracy, AUC, and F1-Score,
demonstrating robust performance in scenarios like Gender Discrimination and Nuclear En-
ergy.

Although, in this case, the authors collected real-world labels, obtaining data on emotions
and other qualitative aspects of GAs and models in different scenarios is always challeng-
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ing. This underscores the need for new face validation methods for qualitative aspects at the
macro and micro levels.

A promising approach to GAs validation has been proposed by [106], where the authors intro-
duce a comprehensive framework for evaluating agent interactions across various scenarios.
Interestingly, they designed an holistic social agent evaluation framework, SOTOPIA-EVAL,
using seven dimensions grounded in established literature from sociology, psychology, and
economics. Both human annotators and GPT-4 are used to evaluate agents based on this set
of dimensions:

* Goal Completion: evaluators consider whether the agent met its explicit goals by the
end of the interaction.

* Believability: it includes assessments of naturalness (how realistic the interactions are)
and consistency (alignment with the agent’s personality, values, and background).

* Knowledge: evaluators look at what new information the agent has gained, its rele-
vance, and its importance to the agent’s goals.

* Secret: evaluators assess whether the agent successfully kept its secrets and the impact
of any leaks on the interaction.

» Relationship: evaluates the impact of the interaction on the agent’s personal relation-
ships. Social interactions often aim to maintain or improve relationships, and this di-
mension measures whether the interaction has a positive or negative effect. Includes
changes in the perceived quality of the relationship, social status, and reputation result-
ing from the interaction.

* Social Rules: evaluators consider whether the agent violated any social norms or legal
rules and the severity of such violations.

* Financial and Material Benefits: includes short-term monetary gains, long-term eco-
nomic benefits, and overall financial outcomes of the interaction.

This comprehensive framework for evaluating artificial agents is holistic, yet it misses im-
portant qualitative dimensions such as emotions, mood, attitude, etc. [149, 17, 150]. Despite
this, among these various dimensions, GPT-4 demonstrated a strong correlation with human
judgments, particularly when dealing with the impact on relationships. This includes evaluat-
ing the agent’s perceived quality of relationships, social status, and reputation resulting from
interactions. This finding further proves how LLMs can understand and handle qualitative
aspects of social interactions.

3.5 Discussion

The integration of generative agents enhanced by Large Language Models (LLMs) offers
a promising approach to creating more nuanced, context-aware, and emotionally intelligent
urban simulations. This advancement has significant implications for urban social science,
enabling the examination of complex social phenomena in a controlled and replicable manner
[132, 151].

63



Twin Simulation

R\ P4 GABM
Census Data ~ =====xsess TR EIC TN N G\ I » Visualization
e coumme BB
<& !
e.g. Telecom Data <'>‘ i ------- » Causal Analysis i ' <
) ) X <> (A (L)
Synthetic Population ., ....... X i 2 lva B! ... » Al-based Analysis
e.g. Al Generated (S 1 A :
0 : 3 Quantitative
H Interpretation
Al for Interactions ' +

Quantitative =~ Comparisons  Qualitative
Interpretation <""TTTTTTTYT Interpretation

Figure 3.4: A comprehensive city simulation example.T his diagram illustrates the traditional city sim-
ulation framework, starting with data collection and integration (census, real-world, and Al-generated
data) in Step 0. Next, a schedule of decisions for agents is created (Step 1), followed by modeling
agent-environment interactions (Step 2). Results are analyzed through visualization, data, causal, and
Al-based analysis (Step 3). Finally, a twin GABM simulation (Step 4) combines quantitative valida-
tion with qualitative interpretation of human-like behaviors, enhancing overall insights.

3.5.1 From Quantitative to Qualitative Interpretation

Generative agents unlock the potential for qualitative interpretations in urban contexts, ad-
dressing a notable limitation of previous approaches [152]. By incorporating models of hu-
man cognition, LLMs can develop cognitively plausible agents that exhibit behavior consis-
tent with human decision-making processes, including emotional responses and the influence
of incomplete information [153, 150].

The concept of agent cognition, introduced by Russell and Norvig [154], provides a foun-
dation for understanding how agents examine their environment and make decisions. In
real-life scenarios, this process is influenced by qualitative features such as emotions [150].
While current approaches often rely on categorical representations of emotions [17], future
challenges lie in representing these qualitative variables as continuous embeddings [155].
LLMs’ natural language processing capabilities make them well-suited for this task.

Potential Impact on Urban Planning and Policy Making

GAs present a valuable opportunity for urban social science. These simulations can shed
light on social phenomena, such as community formation, social networks, and the impacts
of urban policies and intervention in a controlled and replicable manner [151]. These appli-
cations can enhance human decision-making processes (e.g., in urban planning) and enable
detailed modeling of social dynamics.

In Figure 3.4 we show a complete example of how urban simulation are traditionally de-
signed, highlighting how the advent of GAs enables for comparison between qualitative and
quantitative interpretation of the results.

In urban planning and policy-making contexts, the impact of GAs could be transformative.
By creating representations of residents’ emotions and perceptions towards urban spaces, we
move beyond simplistic models to a more nuanced understanding of urban environments. In-
deed, the qualitative interpretation facilitated by these advanced models aims to comprehend
subjective experiences, feelings, and the underlying meanings behind actions in urban con-
texts.

This approach enables urban designers to create detailed experience maps, visualizing the

64



emotional highs and lows that users experience when engaging with various urban spaces
[156]. Such qualitative interpretation of emotions helps identify opportunities for improving
the overall urban experience, leading to more responsive and human-centered urban planning.
This holistic approach promises to transform urban planning from a primarily functional ex-
ercise to one that truly enhances quality of life for city dwellers, allowing for the development
of more targeted and effective urban improvement strategies, policies that consider emotional
well-being, and public spaces that cater to diverse needs [157, 158].

3.5.2 GAs: Emerging Challenges

While the advent of generative agents in ABM presents significant opportunities, several
challenges remain. One of the primary challenges is the computational capacity required to
run and validate simulations at scale, where thousands of GAs are freely interacting with
each other (e.g. in urban simulations). But besides the need for computational resources,
actual challenges concern the qualitative aspects of GAs. In the context of emotion repre-
sentation, existing agents are often characterized by discrete emotional states (e.g., happy,
sad, etc.), relying on categories that are typically shaped and constrained by the available
data. From this, two key challenges emerge: First, categorical modeling should adhere to
scientifically accepted definitions of emotions [149] rather than on the only availability of
data. Second, future work should aim to represent emotions and other qualitative variables
as continuous embeddings rather than discrete categories [155]. This shift would allow for
capturing nuances and intensity levels on a continuous spectrum, moving beyond simple la-
bels like “happy” or ”sad”. LLMs’ capabilities make them particularly well-suited for the
task of generating and interpreting continuous emotional representations. However, there is a
need for more advanced approaches to achieve more reliable emotional representations and,
notably, their validation.

Validation

The need for GAs equipped with cognitive abilities is growing, but it’s important to note that
while agent perception is a significant source of qualitative dimensions in our models, it’s not
the only one. Qualitative aspects can arise from various sources: agent interpretations of their
environment (e.g., perceived comfort levels in a crowded street), inherent characteristics of
the environment (such as cultural significance), and our interpretation of agent behaviors [?
]. Agents also process quantitative data, like distances or population counts. The richness
of our urban simulations stems from this interplay between qualitative and quantitative ele-
ments, combining agent perceptions, predefined parameters, expert knowledge, and interpre-
tive analysis.

This complexity makes the validation of GABMs an even more intricate problem when the
GAs are equipped with qualitative features.

When it comes to cognition and emotion, it is challenging to find appropriate data for the
empirical validation of GABMs. On the other hand, while face validation methods can be
useful to ensure the model’s validity. However, it is also essential to compare the agents’
emotional and cognitive outputs with human experiences and perceptions, in addition to the
traditional face validation methods.

Following the principles of face validation, researchers should focus their attention on the
design of new advanced approaches for validation of qualitative outcomes of GABMs. Ex-
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isting approaches can be leveraged as the basis for the development of this field. For instance
survey-based validation collects subjective reports from participants regarding their emo-
tional responses to various urban environments. It allows for a direct comparison between
the agents’ simulated emotions and human-reported emotions. Another used validation ap-
proaches involves observational studies of human interactions in different settings and com-
paring these observations with the agents’ behavior in the simulation to ensure that agents’
actions are consistent with human behaviors. Also expert reviews can be used to engage ur-
ban planners and social scientists to review the agents’ behavior and emotional responses,
providing feedback on their plausibility and accuracy.

To validate GABMs, immersive simulations offer a promising strategy. Virtual or augmented
reality environments incorporating LLM-generated emotion representations can be used to
capture participants’ physiological responses and subjective reports [156, 159]. Combining
crowdsourcing approaches [160] with continuous emotion tracking techniques [161] could
help assess the accuracy of LLM-generated emotional representations within simulated ur-
ban contexts.

To conclude, we advocate that, when it comes to GABMs, it is crucial to consider validation
methods from various disciplinary perspectives, which may be independent from the specific
application field of the simulation, but which can depend on the human-like behavior we aim
to reproduce. Qualitative approaches for interpretation and validation, either in place of or
alongside quantitative ones, are essential since not everything can be quantified.

3.6 Conclusion

The integration of GAs into ABM has ushered in a transformative era for simulating complex
systems, particularly within the social sciences. This paper has explored the significant ad-
vancements, methodologies, and emerging challenges associated with GABMs. Traditional
ABMs, known for their ability to simulate emergent behaviors through simplistic models,
are being revolutionized by GAs that leverage the sophisticated capabilities of LLMs. These
GAs not only enhance the realism of individual agent behaviors but also introduce a new
dimension of qualitative interpretation, such as simulating human-like emotions and social
conversational interactions.

The transition from traditional ABMs to GABMs presents unique challenges, particularly
in the realm of validation. While foundational validation methods like empirical validation,
data analytics, and sampling remain relevant, the introduction of GAs necessitates the devel-
opment of additional validation frameworks. These frameworks must account for the believ-
ability and coherence of agent behaviors, as well as the qualitative aspects of simulations,
such as emotional responses.

Face validation, both at the micro and macro levels, proves essential for ensuring the plausi-
bility of GABMs, especially when empirical data is scarce or unavailable. The use of LLMs
to interview GAs offers a promising automated approach to validation, though it must be
complemented by human evaluators to ensure accuracy and believability. The study of con-
versational agents, in particular, highlights the need for scalable and formalized validation
methods to handle large-scale simulations involving numerous agents.

This paper advocates for a systematic approach to the development and validation of GABMs,
emphasizing the importance of interdisciplinary collaboration. By combining insights from
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psychology, sociology, and computational sciences, researchers can create more robust and
realistic simulations. Future research should focus on formalizing validation methods follow-
ing along with the practice of addressing the limitations of LLMs.

In conclusion, the advent of GAs represents a significant leap forward in the field of ABM,
offering opportunities for modeling complex social systems. As the research community
continues to refine these technologies and their validation methods, GABMs are poised to
become indispensable tools for understanding and addressing real-world challenges in urban
planning, social dynamics, and beyond.
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Chapter 4

On the Effectiveness of Compact
Strategies for Opinion Diffusion in Social
Environments

An opinion diffusion scenario is considered where two marketers compete to diffuse their
own opinions over a social network. In particular, they implement social proof marketing
approaches that naturally give rise to a strategic setting, where it is crucial to find the ap-
propriate order for targeting the individuals to which provide the incentives to adopt their
opinions. The setting is extensively studied from the theoretical and empirical viewpoint,
by considering strategies defined in a compact way, such as those that can be defined by se-
lecting the individuals according to their degree of centrality in the underlying network. In
addition to depicting a clear picture of the complexity issues arising in the setting, several
compact strategies are empirically compared on real-world social networks. Results suggest
that the effectiveness of compact strategies is moderately influenced by the characteristic of
the network, with some centrality measures naturally emerging as good candidates to define
heuristic approaches for marketing campaigns.

4.1 Introduction

The opinions that individuals populating a social environment form and express are signifi-
cantly impacted by the social pressure of the opinions manifested by their friend/neighbors.
Such pressure leads them to exhibit a kind of conformist behaviour, resulting in an opinion
diffusion process over the underlying network [162, 163]. In fact, the dynamics of opinion
diffusion is a central topic of research in areas such as social psychology and political sci-
ences, but it has been recently attracting much attention in the artificial community too (see,
e.g., [164, 165, 166, 167, 168, 169, 170] and the references therein).

By abstracting from their specific technical differences, diffusion models can be classified
in two main groups [171, 172], namely progressive and non-progressive ones. In a non-
progressive model, an individual that has adopted and manifested an opinion can well change
her mind and adopt a different opinion later [173]. Instead, progressive models assume that
once an individual adopts an opinion, she remains with that opinion forever. This perspective
is appropriate in contexts such as viral marketing [174, 175] or to predict the adoption of new
technologies or trends, where the crucial problem is influence maximization [176, 177, 178,
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179] via target set selection, that is, to identify a small number of individuals that can be
profitably used as seeds for a marketing campaign.

In the paper, we precisely consider a progressive scenario in a context where two opinions,
say b (black) and w (white), compete for diffusing over the social environment [180, 181,
176, 182, 183]. However, we depart from classical studies related to target set selection, by
assuming that the seeds are given and they are not under the control of the marketers, who can
instead provide incentives to the individuals to change their opinions in some desired order.
In particular, this can practically be done by exhibiting a social proof of the opinion, that is, a
list of “friends” or influential individuals that have already adopted it. In fact, this setting has
been considered in some earlier works in the literature too [184, 185], where it is shown that
the specific order used to pick individuals for changing their mind can dramatically affect the
number of individuals that eventually hold some desired opinion. However, the questions of
how to define an optimal strategy for a marketer and of how the strategies of the marketers
interplay have been not explored so far, neither from the theoretical viewpoint nor empirically
by analyzing the dynamics of some real-world networks.

Our work embarks in a systematic study of the above questions within a setting where
marketing strategies are defined in a compact way. Indeed, in a general setting, a diffusion
strategy might well depend on the history of the evolution of the network as well as by the
specific configuration given to hand. However, modeling and reasoning with such arbitrary
strategies would require extremely demanding computational resources and an assumption
of complete knowledge, which is unrealistic in real-world scenarios. In fact, in order to
identify the individuals to target for the propagation of the opinion, marketers are often guided
by some heuristic parameters aimed at estimating the social “power” of the individuals in
the network. A noticeable example is when such power is modeled in terms of some well-
known centrality measures [186], and where a strategy might be specified by just picking
the individual with the highest rank (according to the desired measure) over all possible
individuals that can potentially change their mind with a social proof marketing strategy.

In more details, we provide the following contribution:

» We define a strategic setting for reasoning about progressive dynamics determined by
compact strategies. Our modeling takes care of the speed of the propagation, which
reflects the efforts spent by the marketer to spread her opinion, and of the interplay be-
tween the strategies of the competing opinions. Moreover, to define the social pressure
of the individuals, we assume a deterministic linear threshold [171] setting, that is, an
individual can adopt an opinion only if (at least) a given fraction of her neighbors did.

» We formalize some relevant problems arising in our strategic setting and we study their
computational complexity. The study is conducted for strategies defined in a compact
way, but not necessarily restricted to those induced by centrality measures.

» And, finally, we focus on some well-known centrality measures and we performed
an extensive experimental evaluation aimed at assessing the quality of the strategies
they naturally induce. Our campaign considers real social networks, and diffusion
processes with different characteristics determined by the initial seeds and the speed of
propagation.

The rest of the paper is organized as follows. The model for opinion diffusion is presented
in Section 4.2. Our formal and empirical studies are reported in Section 4.3 and Section 4.4,
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Figure 4.1: Illustrations for examples in Section 4.2.

respectively. Some final remarks on our findings as well as some directions for further works
are eventually discussed in Section 4.5.

4.2 Compact Strategies for Opinion Diffusion

Social networks and dynamics. A social network is modeled as an undirected graph G =
(N, E) over a set N of individuals/nodes. Two competing opinions, denoted as b (black)
and w (white), are spreading over the network, by starting from some initial seeds. A special
opinion g (gray) is associated with any individual v € N that has not already adopted an
opinion in {w, b}; in this case, v is influenced by her neighbors in G, i.e., by the individuals
in the set 6(v) = {x | {v,2} € E}, under a linear threshold model [171] for some fixed
threshold 0 < ¢t < 1.

Formally, a configuration for G is defined as a pair S = (S}, Sy) such that S,, Sy, € N
is the set of all individuals that hold opinion b and w, respectively. For each individual
v € N\ (Sp US,) that has not already adopted an opinion, let o(v) = [t - |d(v)|]. Then,
we say that v is stable with respect to the configuration (Sy, Sy ) if |d(v) N Sp| < o(v) and
|0(v) N Sw| < o(v). The configuration S is stable if all individuals in N\ (S, U.S,,) are stable.
A dynamic for G is a sequence of configurations m = (S°, ..., S*) such that S* is stable and,
foreachi € {1,...,k}, S'is obtained from S*~! by picking an individual in N\ (S} ' US;™!)
that is not stable in S*~! and by setting her opinion to b or w. Note that we are considering
progressive dynamics; therefore, for each initial configuration S°, k < |N\ (SPUS?)| always
holds.

Example 1. Consider the network in Figure 4.1(a), the configuration ({1}, {2}) and the
threshold ¢ = 0 (meaning that one neighbor that is not g is enough to make the node not
stable). Then, the configuration is not stable, as individuals in {3,8,9} can change their
opinion to b, and individuals in {6, 8,9} can change to w. <

Compact Startegies. We consider a strategic setting for opinion diffusion, where dynamics
originate from the interactions of two players, say F, and F,,, competing to maximize the
spread of b and w, respectively. Formally, a strategy for B, (resp., P,) is a function 7,
(resp., T,) associating with any configuration S over the network G a node 7,(S) € N (resp.,
Tw(S) € N) that is not stable and that can change her opinion to b (resp., w). In particular,
note that we are considering strategies that do not depend on the history of the evolution
of the network, which is a rather natural assumption in all those settings where strategies
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are a-priori defined in terms of structural/topological properties of the social network. For
instance, a strategy of interest to our analysis can be the one of selecting the individual that
can change the opinion and that have the maximum possible degree. Such strategies will be
hereinafter called compact. In formal terms, a strategy 7, (resp., 7,) is compact if it is given
as a polynomial-time computable function defined over some internal encoding, say €(7})
(resp. €(7w)), whose size is polynomially bounded in the size of G. In fact, if a strategy is not
compact, than its encoding would naturally require to list all possible network configurations
with their associated outcomes, hence requiring exponential space (rather than polynomial).
We refer the reader to Section 4.4 for further relevant compact strategies that we consider in
our experimentation.

Speed of Diffusion. We assume that players act in turns. Moreover, as a way to formalize
the efforts spent in spreading their opinions, we define the speed of diffusion as a pair p =
(b, pw) of natural numbers characterizing, at each turn, the number of individuals selected
by B, or by P,, respectively, to change their mind.

In fact, given an initial configuration S° and the speed p, the strategies 73, and 7,, univo-
cally determine a dynamic S°, ..., S* for G, which we hereinafter denote as 7[S, p, Ty, 7w
and which is defined as follows. W.l.0.g., the first turn of player P, starts in S°. When the
turn of P, (resp., P,) starts in some configuration S, then the dynamic evolves by iteratively
changing the mind to m individuals according to 7, (resp., 7.,), such that either m = py,
(resp., m = p,,) or St contains no individual that can change her opinion to b (resp., w);
eventually, the turn of the other player starts in S*T™+1,

Example 2. Consider a strategy D, (resp., D,,) for P, (resp., P,) that selects, for each
configuration S, the node that is not stable in S and can change her opinion to b (resp.,
w) having the maximum degree. By starting from the configuration in Figure 4.1(a), and by
considering the speed (1, 1), the network evolves as follows: 8 — b;9 — w;3 — b;6 —
w;4 +— b;5 +— w; 7 +— b; 10 — w; 11 — b. Eventually, the dynamic induced by D}, and D,,,
say 7, will lead to the stable configuration reported in Figure 4.1(b). <

Coverage. In the following, we shall study opinion diffusion from the perspective of max-
imizing the spread of the opinions b and w. Hence, in order to finalize the formalization of
the framework, it is natural to define the coverage of b (resp, w) over G of the given dynamic
m = SO ..., S* as the number 7, (7) (resp., Jw (7)) of individuals holding opinion b (resp.,
opinion w) at the end of m, that is y,(7) = |SF| (resp., Y (7) = |SE)).

Example 3. The coverage of b (resp., w) in the dynamic 7 of Example 2 is 7, (7) = 6 (resp.,
'7W(7.T) = 9). <

4.3 Reasoning about Opinion Diffusion

Now that we have defined a formal framework for reasoning about opinion diffusion un-
der compact strategies, we can turn to study some relevant computational problems arising
therein. In particular, we next embark on the definition and study of the opinion maximization
problem by considering two kinds of setting determined by the strategic interplay emerging
between players F, and F,,.
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4.3.1 Brave and Cautious Reasoning

Let S be an initial configuration and p be the speed. Recall that we are considering strategies
Tp and 7,, that are functions of the configuration S at hand only. We take the perspective of
player P, and we assume that 7, is private to w. In particular, P, is in charge of determin-
ing her best possible strategy and, given the uncertainty about 7,,, two approaches can be
considered.

* On the one hand, player F, might take an optimistic perspective, according to which her
coverage is defined as the maximum possible coverage over all the possible strategies
of 7,,. Accordingly, we say that the strategy 7, is brave-optimal for P, if there exists a
strategy 7,) for P, such that:

(7y 7 ) = arg max ([, p, 7o, o))

w
To,Tw

* On the other hand, player £, might take a pessimistic viewpoint, in that she assumes
that F,, always plays the strategy that maximally reduce her coverage. Accordingly, we
say that the strategy 7;- is cautious-optimal for P, if:

7-bL = arg max (min'yb(ﬁ[SO, P; Tb TW])) :

)

Example 4. Consider the network and the initial configuration reported in Figure 4.1(a).
Assume that B, adopts the strategy D), of selecting, for each configuration S, the individual
having the maximum degree that is not stable in S and can change her opinion to b. Then,
according to a cautious perspective, the maximum coverage that can be obtained is the one in
Figure 4.1(b) and discussed in Example 2.

Consider now the brave perspective. In this case, the maximum coverage for P, is asso-
ciated with the strategy M,, for P, that selects, for each configuration S, the node that is not
stable in .S and can change her opinion to w, having the minimum degree. By starting from
the configuration in Figure 4.1(a), and by considering the speed (1, 1), the network evolves
as follows: 8 — b; 6 — w;9 +— b;5 — w;3 +— b;4 — b;7 +— b;10 — b; 11 — b. Eventu-
ally, the dynamic 7 induced by D), and M,,, will lead to the stable configuration reported in
Figure 4.1(c) where the coverage of b is ,(7) = 8. N

Armed with the above notions, we can naturally define the following two (Opinion Maxi-
mization) problems, receiving as input G, the initial configuration S, the speed p, and a real
number « € [0, 1]:

BRAVE-OM: Is v*(7[S°, p, 75, 7k]) > o x |N|?

CAUTIOUS-OM: Is v°(7[S°, p, 75, 7w]) > a x | N, for each possible strategy 7, for P,?

The complexity of these two problems will be next analyzed.
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Figure 4.2: Illustration of the reduction in the proof of Theorem 5.

4.3.2 Complexity Analysis

Given that we are considering compact strategies, it is immediate to check that problem
BRAVE-OM belongs to the class NP of all problems that can be solved in polynomial time
by a non-deterministic Turing machine. Indeed, we can just guess the strategy 7~ (whose en-
coding €(7i) requires polynomially-many bits) and then check in polynomial time whether

Vo (w[SO, p, ik, Tk]) > o x | N| actually holds. Things are more complex with CAUTIOUS-

OM. Indeed, in this case, we can still guess in polynomial time 7,/ over a non-deterministic
Turing machine; but, now the problem of checking whether 7*(7[SY, p, 75", 7]) > a X |N|
holds for each 7, requires solving another problem in NP (which amounts at checking
whether there exists some 7. such that v*(7[S°, p, -, 7]) < a x |N|). Hence, CAUTIOUS-
OM belongs to the complexity class 35 [187].

We next complete the picture by showing the above results are tight. In fact, we start
by showing that BRAVE-OM is NP-hard, by exibithing a reduction to the 3Hitting Set prob-
lem [188] (shortly 3HS), that, given a collection C' = {Sj, ..., S, } of subsets of size three of
a finite set S = {a4, ..., a, } and an integer £, is the problem of checking whether there exists

a subset S’ C S such that |S’| < k and S’ contains at least one element from each subset in
C.

Theorem 5. BRAVE-OM is NP-complete.

Proof (Sketch). Let C' = {51, ..., S,,} be a collection of subsets of size three of a finite set
S ={ay,...,a,} and let k be a positive integer. Consider the network G = (N, E'), depicted
in Figure 4.2, where we have one node a; for each element a; € S and a node .S; for each
subset S; € C —in the figure nodes a;, ax, a, represent the elements belonging to the set S;.
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Note that the network is built such that each node has exactly 1 or m + 6 neighbors, and
from each S; node there is a chain of g nodes ?;, o ?? of length «, where « is chosen to be
far greater than max{m,n}. Consider a threshold ¢ = 3/(m + 6), then, according to such
a threshold, only a;, S; and ?; nodes can change their opinions, since the gadgets reported
in the right part of Figure 4.2 prevent other nodes of being able to change their opinion. We
now claim that the (C, S, k) is a yes instance of 3HS if, and only if, BRAVE-OM returns yes
on (&, with the initial configuration reported in Figure 4.2, where all nodes are 3/(m + 6)-
individuals, and by considering a speed of diffusion (k,n — k) and a final coverage threshold
of 3xm * a/|NJ|.

(if part) Let S’ be a set witnessing that (C, S, k) is a yes instance to 3HS. A strategy for b
is to diffuse to the nodes a; € S’ in the first k steps (if |S’| < k, the remaining k — |S’| nodes
can be chosen randomly among the remaining a;). Then, the only possibility for w in the
subsequent n — k steps is to diffuse in the a; that are still g. Then, w cannot diffuse anymore.
In fact, note that all three a;, ax, a, must be w to enable S; to switch to w, while just one of
them is required to be b for S; being able to switch to b. Since S’ is a solution to 3HS, it
means that at least one element, say a;, for each S; € C'is in S and, thus, the corresponding
node a; has switched to b in the first % steps of the dynamic. Thus, in the subsequent steps all
nodes S; will switch to b thus enabling the m §j chains of length « to also switch to b. This
conclude the proof since at the end of the dynamic the number of nodes holding opinion b is
greater than 3 * m * a.

(only-if part) Let (SP, S}') be the final configuration of a dynamic witnessing that BRAVE-
OM returns yes. Note that, to be able to reach the coverage threshold, all S; nodes had to
become b at some point so enabling the m S, chains of length « to switch to b too. Thus,
it means that for each node S; there is at least one a; neighbor holding opinion b. The set
S’ = {a; | a; € SP} covers all the subsets S; € C. To conclude, note that according to the
speed of diffusion the nodes a; that have opinion b are at most % (and these are the nodes that
changed their opinion in the first k steps), since opinion w can only cover the other a; nodes,
that are (at least) n — k, since they are the only nodes that are enabled to switch to w in every
dynamic witnessing a yes instance of BRAVE-OM. O

We next complete the picture by showing that CAUTIOUS-OM is Y:5-hard, by exhibit-
ing a (rather elaborated) reduction to the problem of deciding the validity of a Quantified
Boolean Formula (QBF) having the form Jz2Vy.p and where ¢ is given in disjunctive nor-
mal form [187]. Practically, this means that—unlike BRAVE-OM, that is a “classical” NP-
complete problem—we cannot design a flat-backtracking algorithm for CAUTIOUS-OM, i.e.,
where the search-space is a tree having a polynomial number of levels (and such that moving
along the tree edges does not take exponential time).

Theorem 6. CAUTIOUS-OM is X5-complete.

Proof (Sketch). Let dxq,...,2,Vy1, ..., y,p be a 2QBF formula in disjunctive normal form
with m clauses!. Consider the network G = (N, E), depicted in Figure 4.3, where we have
two nodes v! and v!" for each variable v;, that are meant to encode the truth assignment
for variable v;. Moreover, there is a node d; for each disjunct (in the figure nodes ljl-, lj2-, l?
represent the nodes associated to the variables directed or negated that appear in the disjunct

'Note that, w.l.o.g., we consider a formula with 2n variables, n quantified existentially and n quantified
universally.
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Figure 4.3: Illustration of the reduction in the proof of Theorem 6.

d;) and a node ¢ representing the formula. Note that the network is built such that each node
has exactly 1 or m + 11 neighbors (see the gadgets reported in the right part of the figure),
and from each z! and z! node there is a chain of g nodes of length «, while from each 3!
and y" node there are a chain of g nodes of length v and a chain of g nodes of length 3 with
a > > v > max(n, m). Furthermore, there is also a chain of g nodes of length 8 — n~y
starting from the node . If we consider a threshold ¢t = 4/(m + 11), only the nodes z7,
xf, yl, yf, d; and ¢ (as well as the «, 8 and y chains) can change their opinions, since the
gadgets reported in the right part of Figure 4.3 prevent other nodes of being able to change
their opinion.

We now claim that 3z, ..., 2, V1, ..., Yy, is valid if, and only if, the answer to CAUTIOUS-
OM is yes on G, with the initial configuration reported in Figure 4.3, where all nodes are
4/(m + 11)-individuals, and by considering a speed of diffusion (n,n) and a final coverage
threshold of (n * a + 3)/|N|.

(if part) Let X be a satisfying assignment for the existentially quantified variables witness-
ing the validity of 3z, ..., x,Vy1, ..., ynp. A strategy for b is to diffuse to nodes z! (resp.,
xI") for each z; that evaluates true (resp., false) in X in the first n steps. Then, w can diffuse
to the = nodes that are still g in the subsequent n steps. From this point, we can consider
whatever truth assignment for variables 3, thus we can assume that b will diffuse to 37, ..., 47
and w to ", ..., yZ". From this configuration only b is enabled to diffuse to the n chains of
length o connected to the x nodes and to the n chains of length v connected to the y! nodes.
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Moreover, since X is witnessing the validity of the formula, it means that there is at least one
disjunct, say d;, that evaluates true in X. This means that the three nodes I}, 1%, I3 associated
to the literals that appear in d; hold opinion b and enable node d; to adopt opinion b too. To
conclude, note that after d; adopts opinion b also node ¢ becomes not stable and can adopt

opinion b, thus enabling the last chain of length 5 — n~y to change its opinion to b.

(only-if part) Let (SF, SF) be the final configuration of a dynamic 7 witnessing that the
answer to CAUTIOUS-OM is yes, and consider the truth assignment X such that x; evaluates
true (resp., false) in X if 27 (resp., xI") becomes b in the first n steps of 7. By definition of
7, we have that |S{f| > n *x a + . Note that, to meet such a requirement it is mandatory
that all « chains connected to the  nodes must be b in SF and thus, for each z; at least one
among x7 and z/ must be b. Moreover, according to the CAUTIOUS-OM setting, the strategy
selected from b must allow to obtain a valid solution for whatever strategy adopted by w, and
thus b must diffuse in the first n steps to exactly one node between x7 and x!" for each z;.
In fact, suppose that b diffuse to both sz and xf for some z;, it means that there exists an
x; for which both mJT and xf are still g after the first n steps and to which w can diffuse by
preventing b to subsequent diffuse in the corresponding « chain. Then, we will show that
whatever strategy played by w is always a winning strategy for b.

If w in the subsequent n steps will leave free two nodes y] and y/ for some y;, then b can
diffuse to both of them thus enabling the corresponding [ chain to become b and meeting the
coverage requirement. If, on the contrary, w diffuses to either ¢! or y/* for each y; (thus, for
each valid truth assignment), then b can diffus e to the y nodes that are still g in the subse-
quent 7 steps, enabling n chains of length ~y to adopt opinion b too®. Then, to meet coverage
requirement there are still (5 — n-y) nodes missing that can obtained only via the (§ — nv)
chain connected to the ¢ node. To enable such a chain to switch to b, node ¢ must switch to
b too, meaning that at least one d; is enabled to switch to b because its three literals nodes

I,12,13 became b in the previous steps of the dynamics. 0

4.4 Compact Strategies via Centrality Measures

In this section, we turn to study opinion diffusion from an empirical viewpoint by focusing
on an important class of compact strategies, namely those that are naturally identified by
the ranking induced by a centrality measure [186]. In fact, each measure naturally induces
a strategy where the next individual to be picked is the one with the highest rank over the
individuals that can adopt the given opinion.

In particular, in our analysis, we shall consider the following centrality measures, which—
without ambiguity—will be hereinafter transparently referred to as strategies:

* degree centrality (deq), which counts the number of connections of an individual;

* betweenness centrality (bet), which measures the number of shortest paths that pass
through a particular individual;

* closeness centrality (c1s), which looks at the average distance from a particular indi-
vidual to all others in the network;

Note that, if b decides to diffuse in some =7 /x!" still g then w can occupy an yg / yff left g thus preventing
b to obtain a vy chain and, thus, it is not a valid strategy for b.
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Network | |N]| |E| ree | (k) | K A

dblp 317080 | 1049866 | 0.27 | 6.6 | 343 | 1.5
b 134873 | 1380293 | 0.07 | 20.5 | 1469 | 1.3
deezer 143884 | 846915 | 033 | 11.8 | 420 | 1.3
tb-Art 50521 819306 | -0.02 | 32.4 | 1469 | 1.2
fb-Ath 13868 86858 | -0.03 | 125 | 468 | 1.3
fb-Com 14120 52310 001 | 74 | 215 | 14
fb-Gov 7058 89455 0.03 | 253 | 697 | 1.2

fb-NS 27930 | 206259 | 0.02 | 148 | 678 | 1.3
fb-Pol 5908 41729 0.02 | 141 | 323 | 1.3
fb-PF 11573 67114 020 | 11.6 | 326 | 14

fb-TvS 3895 17262 056 | 89 | 126 | 1.3
dz-HR 54573 | 498202 | 0.20 | 183 | 420 | 1.2
dz-HU 47538 | 222887 | 021 | 94 | 112 | 1.2
dz-RO 41773 | 125826 | 0.11 | 6.0 | 112 | 14

Figure 4.4: Dataset characteristics for the experiments in Section 4.4.

* eigenvector centrality (eig), which considers both the number of connections that an
individual has, as well as the centrality of the individuals that it is connected to;

* vote rank (vr), which is based on the concept of voting, where each individual in
the network has the ability to cast a vote for other individuals; the more votes a node
receives, the higher its vote rank centrality measure.

The quality of these measures/startegies (from the perspective of opinion diffusion) is
next assessed by considering a thorough experimentation conducted on several real-world
social environments.

4.4.1 Experimental Setting

Dataset. To test the effectiveness of different compact strategies on opinion diffusion we used
several real networks. We considered a benchmark consisting of 13 graph datasets, whose
main features are summarized in Figure 4.4. In particular, for each dataset, we report the
number of nodes | N|, the number of edges | E|, the assortativity 74, the average node degree
(k), the maximum node degree k* and the coefficient of an (approximate) underlying power
law distribution A. In more detauils, assortativity (or degree correlation) 7 is the Pearson
correlation between the degrees of connected nodes. In assortative networks (7 > 0) nodes
are connected to nodes having similar degree, while in disassortative networks (rix < 0)
they link to nodes having dissimilar degree. Note that two networks having the same de-
gree distribution can differ for their assortativity. Moreover, the coefficient of the power law
distribution (i.e., \) that better approximate the degree distribution of the network has been
computed according to the Bhattacharyya distance [189].

The datasets fb-Art, fb-Ath, fb-Com, fb-Gov, fb-NS, fb-Pol, fb-PF, fb-TvS have been
extracted from the Facebook (fb) [190] dataset by considering artists, athletes, companies,
governments, new sites, politicians, public figures and TV shows pages only, respectively.
The datasets dz-HR, dz-HU and dz-RO have been extracted from the Deezer dataset [190] by
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Figure 4.5: Final percentage of individuals holding opinion b according to different speed of diffusion
(pb>pw), when the strategy for both opinions is deg, the threshold is 0.1 and initial seed ratios for
both opinions is 0.2.

considering the friendships networks of users in Croatia, Hungary and Romania, respectively.
The largest dataset is dblp [191] having more than 300K nodes and 1M edges.

Experimental Setup. Experiments have been conducted as follows. For each pair of strate-
gies 7, 7w € {deg,bet,cls,eig,vr}, we varied the number of individuals having opin-
ions b and w in the initial configuration. In particular, for each pair of real numbers n,, 7, €
{0.1,0.15,0.20, 0.25}, the initial configuration (S_, SY) was determined as follows: S con-
sists of the 7, * | N| nodes having the highest value according to 7,, while S? consists of the
nw * |IN| nodes having the highest value according to 7, in N \ S? (individuals still holding
opinion g after b initialization). Then, for each pair of strategies and each initial configura-
tion, we considered different values for the threshold ¢ determining when a node is not stable,
by considering ¢ € {0.1,0.3,0.35,0.4,0.45,0.5}. Finally, we also varied the relative speed
of diffusion of b and w by considering:
(Po, pw) € {(1,16), (1,8),(1,4), (1, 2),(2,1), (4,1), (8,1), (16, 1) }.

Overall, for each network in Figure 4.4, we considered 19.200 different experimental
settings from which we simulated the diffusion dynamics according to the strategies and the
speed given at hand.

Execution environment. All experiments were executed in an Anaconda3 virtual environ-
ment, where an opinion diffusion framework has been implemented in Python (v3.8.13) by
taking advantage of the NetworkX (v2.8.6) library. All experiments ran on high-performance
computing node with Intel(R) Xeon(R) Gold 5118 CPU (2.30GHz), 4x12 cores double thread
(for a total of 96 threads) and 512GB of RAM. In order to take full advantage of the available
resources, the experiments were fully parallelized such that 96 different settings for a graph
ran simultaneously on separate CPU threads.
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Figure 4.6: Final percentage of individuals holding opinion b according to different ratios (1,,7w) of
nodes in the initial configuration, when the strategy for both opinions is deg, the threshold is 0.3, and
the speed of diffusion is (2, 1). Each subplot is obtained by fixing 7, and varying n,.
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Figure 4.7: Final percentage of individuals holding opinion b for each pair of strategies for b and w
(on outer x-axis and y-axis respectively), according to different speed (on the subplots x-axis), for
t=0.1, 7, = 0.25 and n, = 0.15.
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Figure 4.8: Total number of settings in which vr and bet resulted to be brave- or cautious-optimal.

4.4.2 Results

In order to shed lights on the behaviour of the various compact strategies, we start by dis-
cussing the results of our experimental campaign by looking at how the final coverage of
opinion b is related to the different parameters that determine the experimental settings. Fig-
ure 4.5 reports the final coverage of b (in terms of percentage of nodes holding opinion b at
the end of the diffusion process) for increasing values of the relative speed of diffusion for
b; in particular, we depict the results for 7, = 7,, = deg, n, = N = 0.2, and ¢ = 0.1. Our
findings—which are representative of the behaviour manifested over all the other settings—
evidence that higher speeds lead to an increase of the coverage. Moreover, note that a steeper
increase in the coverage emerges as soon as p, becomes greater than p,,. Figure 4.6 shows,
instead, the coverage of b, when both opinions adopt the deg strategy and diffuse with a rel-
ative speed of (2, 1), by considering the threshold 0.3, w.r.t. different initial configurations.
In particular, each sub-chart considers 7, as a variable for a fixed 7,,. As can it be noted, an
increase in the number of initial seeds does not necessarily correspond to an increase of the
final coverage. In fact, when 7, is 0.1 (upper-left chart) and 0.15 (upper-right chart) the final
coverage of b in the fb-NS network decreases when 7, increases from 0.1 to 0.15. Similarly,
also for the graph fb-Art for all 7, except 0.1, the final coverage of b decreases when 7,
increases from 0.15 to 0.2.

A clear pictures of the effectiveness of the various strategies considered in the experimen-
tation is then reported in Figure 4.7. In particular, we report the final coverage of b (again, as
percentage of the whole network) for different strategies for b (outer x-axis) and w (outer y-
axis), and speed of diffusion (x-axis of subplots)—results are referred to a threshold ¢ = 0.1
and to the ratios of b and w in the initial configuration equals to 0.25 and 0.15, respectively.
As it can be noted, the impact of the strategy 7, on the final coverage heavily depends on
the strategy 7,,. For example, on the Facebook network (fb), when considering 7, = deg
and the speed of diffusion (16, 1), the final coverage of b approaches the 80% of nodes if
Tw € {deg,cls,bet,vr} but is around the 30% of nodes when 7, = eig. A similar
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behaviour can be noted on the deezer network when considering 7, = eig. In fact, for the
speed (16, 1) the final coverage of b is around 0% of nodes if 7, € {eig, c1s} but reaches
the 35% — 40% of nodes when 7,, € {deg, bet, vr}. Finally, by looking at Figure 4.7, we
note that the efficacy of some strategies depends on the characteristics of the network. For
example, deg and bet are much less effective on dz-RO than on dblp, while c1s on dz-RO
is more effective than on dblp in several settings.

Finally, to sum up all the findings of our experimental campaign, we depict a synthetic
picture in Figure 4.8 which can be used to identify the best strategies according to both brave
and cautious reasoning. Indeed, Figure 4.8 reports the overall number of settings (over all
input networks and by considering all initial configurations) in which each strategy has been
identified as brave-optimal and cautious-optimal (for F;,) over the total of 1792 settings for
each threshold. In Figure 4.8, subplots shows the results for different thresholds. In each
subplot, the first five rows consider settings where the speed of diffusion of b is lower than
the speed of diffusion of w (i.e., (1,2), (1,4), (1,8) and (1, 16)) while rows 6 — 10 consider
settings in which the speed of b is greater than the speed of w (i.e., (2,1), (4,1), (8,1) and
(16,1)). For example, by considering ¢ = 0.1, bet was cautious-optimal in 938 settings,
while for ¢ = 0.45 it resulted to be cautious-optimal in 503 settings only. From the analysis
we performed, bet seems to be the best cautious choice for low thresholds, while in all
the other cases the best cautious choice is vr. As for brave reasoning, each cell reports the
number of settings in which a strategy has been identified as brave-optimal together with the
corresponding strategy for w. For example, by considering ¢ = 0.4 and p, > py, vr for b
was brave-optimal in 569 settings together with eig for w (that resulted in this settings the
worst strategy for w), while bet for b was brave optimal in 28 settings together with c1s for
w. From the analysis of the results on the one hand it emerged that, in general, according to
a brave-reasoning, the worst strategy for w id eig, followed by deg, that are those allowing
b to reach the maximum coverage for some strategy 7,. On the other hand, again vr is the
brave-optimal strategy for b in the majority of the settings, followed by bet.

4.5 Discussion and Conclusion

Opinion diffusion has been largely studied in earlier literature. Several studies considered a
setting in which there are two opinions that compete [180, 181, 176], and some recent works
also considered the scenario in which more than two opinions are available [192, 185, 193,
194]. In this paper, we have analyzed a progressive model of opinion diffusion, in which
individuals can hold one of two competing opinions or can have no opinion at all. Given
this model, we have investigated the effectiveness of compact strategies that, if adopted by
marketers, suggests the sequence of individuals to target for maximizing the final diffusion
of their opinion. We studied this problem from a theoretical point of view and complemented
our analysis with an experimental evaluation that demonstrate how compact strategies can
be effectively adopted in opinion maximization. In particular, our findings suggest that vote
rank and betweenness centrality are very effective measure to characterize the power of the
nodes in terms of their capacity to affect the final coverage of the diffusion process.

Our results open a number of avenues for further research. First, it would be relevant
to investigate the impact of further network characteristics, such as network density, on the
effectiveness of compact strategies. Furthermore, while we conducted experiments on large
real social networks, it might be nonetheless interesting to consider small synthetic networks
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on which it would be possible to check how the various strategies are far from the optimal
coverage. Finally, another interesting avenue for future research is to develop more sophisti-
cated models for compact strategies, such as hybrid models that combine multiple strategies
to achieve even better results.
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Part II: Explainable Al
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Chapter 5

Nutrition Education Program and
Physical Activity Improve the Adherence
to the Mediterranean Diet: Impact on
Inflammatory Biomarker Levels in

Healthy Adolescents From the DIMENU
Longitudinal Study

Adherence to Mediterranean diet (MD) and physical activity (PA) in adolescence represent
powerful indicators of healthy lifestyles in adulthood. The aim of this longitudinal study was
to investigate the impact of a nutrition education program (NEP) on the adherence to the MD
and on the inflammatory status in healthy adolescents, categorized into three groups accord-
ing to their level of PA (inactivity, moderate intensity, and vigorous intensity). As part of the
DIMENU (Dieta Mediterranea & Nuoto) study, 85 adolescents (aged 14—17 years) partici-
pated in the nutrition education sessions provided by a team of nutritionists and endocrinolo-
gists at TO. All participants underwent anthropometric measurements, bio-impedentiometric
analysis (BIA), and measurements of inflammatory biomarkers such as ferritin, erythrocyte
sedimentation rate (ESR), and C-reactive protein (CRP) levels. Data were collected at base-
line (TO) and 6 months after NEP (T1). To assess the adherence to the MD, we used KIDMED
score. In our adolescents, we found an average MD adherence, which was increased at T1
compared with TO (TO: 6.03 £2.33 vs. T1: 6.96 +£2.03, p =0.002), with an enhanced percent-
age of adolescents with optimal (>8 score) MD adherence over the study period (TO: 24.71%
vs. T1: 43.52%, p = 0.001). Interestingly, in linear mixed-effects models, we found that NEP
and vigorous-intensity PA levels independently influenced KIDMED score (3 = 0.868, p <
0.0001 and 5 = 1.567, p = 0.009, respectively). Using ANOVA, NEP had significant effects
on serum ferritin levels (p < 0.001), while either NEP or PA influenced ESR (p = 0.035 and
0.002, respectively). We also observed in linear mixed-effects models that NEP had a nega-
tive effect on ferritin and CRP (5 =-14.763, p < 0.001 and 8 =-0.714, p = 0.02, respectively).
Our results suggest the usefulness of promoting healthy lifestyle, including either nutrition
education interventions, or PA to improve MD adherence and to impact the inflammatory
status in adolescence as a strategy for the prevention of chronic non-communicable diseases
over the entire lifespan.
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5.1 Introduction

Adherence to the Mediterranean diet (MD) and physical activity (PA) in adolescence repre-
sent powerful indicators of healthy lifestyles in adulthood [195, 196, 197]. The MD, charac-
terized by a high intake of vegetables, fruits, legumes, dairy products, and nuts, a moderate
intake of fish and poultry, along with a low intake of red meat, processed foods, and satu-
rated lipids [198], has been accepted as one of the healthiest dietary patterns in the world
[199]. The inverse association between the MD adherence and a wide range of chronic and
metabolic diseases is well-known [200], and it may be, at least in part, attributed to the anti-
inflammatory properties of MD components [201]. For instance, it has been reported that low
adherence to the MD is directly associated with a worse profile of circulating inflammation-
related biomarkers [202]. Although the relationship between MD and inflammatory markers
within a population of European adolescents has been recently investigated [203], the impact
of MD and PA on inflammatory status in healthy adolescents remains to be clarified.

5.2 Materials and Methods

5.2.1 Study Population

The DIMENU (Dieta Mediterranea & Nuoto) project was funded by the EU Regional Op-
erational Programme Calabria, Italy (prot. #52243/2017), for investigating the impact of the
adherence of MD and PA on health status in a sample of adolescents from Southern Italy.
Based on an in-depth collaboration with the public high school “Istituto Istruzione Supe-
riore”—Castrolibero, and three swim and sport centers (sports club in Cosenza, Paola, and
Crotone of Calabria Region, Italy), we were able to recruit and to select sedentary adolescents
and subjects performing recreational sport activities or competitive sports, between Decem-
ber 2018 and January 2019 [204]. The exclusion criteria were cognitive or physical/motor
limitation, health-related problems, use of medications, restrictive diet (i.e., hypocaloric, low
carbohydrate, and low fat). All participants and their parents received a detailed explanation
of study purposes. Prior to the enrolment of adolescents in the DIMENU trial, their parents
provided written informed consent. All adolescents were subjected to study visits and data
collection at baseline (T0) in which the NEP on MD-related issues and sports nutrition was
also included. This study was conducted according to the guidelines laid down in the Decla-
ration of Helsinki and approved by the Ethic Committee of the University of Calabria, Italy
(#5727/2018).

5.2.2 Nutritional History Assessment and Nutrition Education Sessions

To collect the nutritional and medical history, participants were orally interviewed at baseline
and after 6 months by a team of nutritionists through a nutritional history record, as previ-
ously reported [204]. Using the KIDMED test [198, 205], we assessed the adherence to the
MD in the study population. The score of MD adherence, ranging from O to 12, was based on
a 16-point paper questionnaire in which a value of +1 was assigned for the consumption of
fruits, vegetables, fish, legumes, whole cereals or grain, nuts, oil, dairy products, and yogurt
and a negative value —1 for skipping breakfast, consumption of baked goods, sweets, and go-
ing to fast food. At baseline, two 30/40-min education sessions, consisting of seminars and

85



interactive lectures structured to cover knowledge of food sources of macro- and micronu-
trients included in the healthy eating pattern and benefits of MD (basic nutrition concepts,
eat at regular intervals, maintain adequate hydration, healthy food choices), were provided
for all participants by study nutritionists (EA, AG, GC, EM, and SF) and by three endocri-
nologists (DB, SA, and SC). In addition, we have created an official website of DIMENU
project [206] and a Facebook page [207] as innovative ways for assuring additional support
and information on MD-related issues to all participants.

5.2.3 Physical Activity Intensity Levels

The intensity of PA levels was estimated following WHO recommendations [208] as physical
inactivity [<3 metabolic equivalents (METs)], moderate-intensity (3—6 METs), and vigorous-
intensity PA (>6 METs). Specifically, using a questionnaire to assess PA habits that we have
described elsewhere [204], the enrolled adolescents were classified into three groups: phys-
ical inactivity (PAi = 23), moderate-intensity PA (Pam = 34) [subjects performing at least
60min daily of bicycling (n = 2), dancing (n = 2), brisk walking (n = 2), gymnastics (n = 4),
aquatic aerobics (n = 3), recreational swimming (n = 21)] and vigorousintensity PA (PAv =
28) [subjects engaged in at least 60 min daily of jogging or running (n = 2), boxing (n = 1),
tennis (n = 1), soccer (n = 2), basketball (n = 2), squash (n = 1), swimming (n = 16), aerobic
dancing (n = 2), and volleyball (n = 1)]. The same PA intensity levels of adolescents were
confirmed through the interview at T1.

5.2.4 Anthropometric Parameters and Bioelectrical Impedance Analy-
sis

A detailed description of the anthropometric measurements and bio-impedentiometric anal-

ysis (BIA) performed has been reported elsewhere [204]. BIA estimated phase angle (PhA),

total body water (TBW), body cell mass (BCM), fat-free mass (FFM), and fat mass (FM).

Data obtained by BIA test were analyzed using version 1.2.2.8. of the software Bodygram
Plus (Akern Srl; Florence, Italy).

5.2.5 Biochemical Measurements, Erythrocyte Sedimentation Rate, and
Interleukin Assays

In the detailed explanation of study purposes, participants were informed to have not eaten at
least for 8 h before blood collection. Additionally, participants were reminded 1 week before
the study visit. Venous blood samples were collected at TO and T1, and in order to obtain
serum, samples were centrifuged as previously reported [204].

samples were centrifuged as previously reported [204]. ESR was measured by Win-
trobe method. Serum C-reactive protein (CRP) levels were detected by immunonephelome-
try (GOLDSITE Diagnostics, Inc., Shenzhen, China). Serum ferritin levels were measured
by enzyme-linked immunosorbent assay (ELISA) (Monobind Inc., Lake Forest, CA, United
States), with a detection sensitivity limit of 0.17 ng/ml. Serum iron was determined on a
Konelab 20i Chemistry Analyzer (Thermo Electron Corporation, Vantaa, Finland) according
to the standardized procedures (Method Iron “Ferene S,” Sclavo Diagnostics, Siena, Italy).
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PAi (n = 23 subjects) Pam (n = 34 subjects) PAv (n = 28 subjects) p-value
NEP PA NEP + PA

TO 2487 +553 21.91£2.20 21.80 £ 2.30 0.007 _ 0.001 0.501
BMI (Kg/m2) —7 2525 +5.33 22312725 2192+ 1.88

PhA (0) TO 585052 6.13 %083 636 <054 0051 0.004 0518

T1 5872067 634072 65508

BeM (%) 10 5288271 5411417 5530+ 2.54 0074 0.004 0.466
T1 52.00 = 3.50 55.10 % 3.41 56.19 % 3.61

BoM (kg 1O 3634104 32.06 £ 5.43 33.97 =541 <001 0.151 0394
Tl 3726+ 1037 3451579 3524 £5.18

M (%) 10 7362+ 927 78.63 £ 9.01 8237743 <001 <.001 0.365
T1 7160 £7.17 75.08 £ 7.38 81.20 £ 6.38

M (kg 10 2996+ 113 2649779 5035701 0322 0.159 0.663
T1 2991+ 117 4649 + 8.40 50.80 £ 7.08

M ) TO 2638+93 2137+9.02 17.63 = 7.43 <001 <.001 0.380
T1 2830%7.17 23.00 = 741 1870 = 6.38

™MKy O 1892+ 9.84 1275574 1087 + 454 <001 <.001 0478
T1 2051 +9.38 14.64 + 4774 11.80 £ 4.41

L 549+754 57.68 £ 6.45 62.625.12 <001 <.001 0.341
T1 532+62 5402 £5.67 60.04 £ 5.04

Table 5.1: Anthropometric characteristics and body composition parameters of participants according
to the three physical activity (PA) groups at baseline (T0) and after 6 months (T1). Data are presented
as mean = SD. TO, Baseline; T1, 6 months of follow-up; PAi, Physical inactivity; PAm, moderate
Physical Activity; PAv, vigorous Physical Activity; NEP, Nutrition Education Program; BMI, body
mass index; PhA, phase angle; BCM, body cell mass; FFM, fat-free mass; FM, fat mass; TBW,
total body water. The statistical differences were evaluated by two-way repeated-measures ANOVA.
In boldface are reported statistically significant values. The effects of Nutrition Education Program
(NEP) and PA on them are reported.

Quantification of interleukins was performed using ELISA kits for human IL-6, human TNF-
«, human IL-1/, and human IL-10 (Merck Life Sciences, Darmstadt, Germany). The respec-
tive sensitivities of these assays were 1.6 pg/ml for IL-6, 0.2 pg/ml for TNF-«, 0.2 pg/ml for
IL-1/, and 2 pg/ml for IL-10.

5.2.6 Mediterranean Diet Meal Plan

All participants received a personalized MD meal plan according to their different PA in-
tensity levels. During the entire period of the NEP, the nutritionists gave verbal and written
dietary instructions on the choice of typical Mediterranean foods. The dietary approach was
based on the MD pattern according to the last guidelines [209, 210]. Each diet plan provides
15-20% of calories through protein, 45-60% of calories through carbohydrates, and 25-30%
of calories through fat, with the respective distribution of macro- and micronutrients accord-
ing to the different energy expenditure of each subject. We calculated the total daily energy
expenditure (TDEE) using the formula: TDEE = Basal Metabolic Rate x Physical Activity
Level, as recommended by the Italian Society of Human Nutrition [211]. Meals included an
abundance of plant food (fruits, vegetables, whole grains, nuts, and legumes); fish, poultry,
and eggs in moderate amounts; olive oil as the primary source of fat; low consumption of
red meats, saturated fats, and sweets. Meals and food plans were designed using MetaDieta
software version 4.2.1. (Meteda S.r.I, Roma, Italy).
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PAi PAm PAv

no sweets or afritday  gecond no sweets or afritday  second no sweets or afritiday  second

andy every day fruit/day andy every da; ' fruit/day
‘ | L .
do not go >1iwee i vegetables/day do not go >1/week ' ' vegetables/day do not go >1/wee ‘_ vegetables/day
to a fast food : to a fast food ‘ toa fastood A%
no baked goods more no baked goods 7 more no baked goods \ more
or pasties for 9 vegetablesiday or pastries for Y vegetables/day o pastries for 5 vegetables/day
breakfast / breakfast ’ / ) ‘ breakfast »\ ] /
do not skip . > fish 22 do ot skip |—s 27 N A fish 22 do not skip. e NS fish 22
times/week breakfast 7/ ‘ (Smesiwook breakfast v ‘v liesiveek
7 \ >
'"eﬂ's';:fe:i yogurt or cheest /N ' :’exgﬁvse :2 yogurt or cheesés ' Iﬁera:rsr;sezi
every da every da 7
ry day ry day —\
low fat dairy products' whole grains (pasta,  low fat dairy products whole grains (pasta,  low fat dairy products whole grains (pasta,
) rice) 25 times/ week

for breakfast rice) 25 times/ week  for breakfast rice) 25 times/ week for breakfast \

olive oil every day whole cereals, bread or olive oil every da whole cereals, bread or olive oil every day Wwhole cereals, bread or
nuts every day  rusks for breakfast nuts every day  rusks for breakfast nuts every day  rusks for breakfast

——T0 ——-T1 ——T0 ——T1 ——T0 ——-T1

KIDMED score Source of variation p-value

(Mean * SD)

TO T NEP <0.001
PAi  596:2.10 6.612.35 —
PAmM 5.57+2.30 6.94+1.66
PAV 6.30+2.16 7.61+1.77 NEP+PA 0.692

Figure 5.1: Compliance with items from KIDMED test according to the three physical activity (PA)
groups (PAi: inactive; PAm: moderate; PAv: vigorous) at baseline (TO) and after 6 months (T1). The
radar chart plots the values of each item of Mediterranean diet score along a separate axis that starts
in the center of the chart (0% compliance) and ends at the outer ring (100% compliance). KIDMED
score is presented as Mean + SD; statistical differences were evaluated by two-way repeated-measures
ANOVA. NEP, Nutrition Education Program.

5.2.7 Statistical Analysis

Sample size was calculated by considering the whole adolescent population (aged 14-17
years) living in the Mediterranean area of Calabria region (76,000 adolescents) by fixing the
confidence level to 95% and the confidence interval to 10% [212]. Post-hoc power analysis
was performed, by G*Power software version 3.1.9.4 (University of Heinrich-Heine, Ger-
many), to evaluate the adequacy of the analyzed sample; the effect size was calculated on a
website [213] on the mean values and standard deviation obtained at baseline (TO) and after
6-month follow-up (T1) for KIDMED score (d = 0.4210), ESR (d = 0.3621), and ferritin
levels (d = 0.6584) using Cohen’s d formula. Data were analyzed by SigmaPlot for Win-
dows version 12.0 (Systat, San Jose, CA, United States) and reported as the mean and SD.
Data normality was verified by Kolmogorov—Smirnov test (with Lilliefors’ correction). The
statistical differences between variables TO and T1 were evaluated by using paired 7-test. Fre-
quencies (%) were used to describe qualitative variables that were graphically represented in
radar plots. McNemar’s chi-squared test was applied to evaluate the statistical differences.
Two-way repeated-measures ANOVA was used to test for significant differences between
KIDMED score with respect to NEP and PA and for their interaction. Spearman’s correlation
test was used to assess the association between variables. Linear mixed-effects models were
used to test the association between dependent variables (KIDMED, ferritin, ESR, CRP, and
cytokines) and independent variables such as NEP and PA along with a set of anthropometric
parameters to improve the robustness of our analyses. In the modeling analysis, the p-value
was adjusted with the Holm-Sidék method (extension of Holm—Bonferroni method). The lat-
ter analyses were carried out in a Python 3 environment taking advantage of the statsmodels
module. Results are considered statistically significant when p < 0.05.
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Model 1 Model 2

CI (95%) CI (95%)
A se P “Tower Upper © se P “Tower Upper
Intercept -11.924 13.278 0.369 -37.948 14.100  -12.191 13.355  0.361 -38.365 13.984
NEP 0.868 0.218 0.000 0.441 1.295 0.463 0.422 0.273 -0.365 1.291
PAm 0.507 0.552 0.359 -0.576 1.590 0.201 0.670 0.764 -1.112 1.514
PAv 1.567 0.599 0.009 0.392 2.741 1.099 0.707 0.120 -0.286 2.485
Gender M -0.443 0.582 0.446 -1.584 0.697 -0.476 0.585 0.416 -1.623 0.671
Age 0.094 0.211 0.655 -0.319 0.508 0.434 0.536 0.418 -0.321 0.506

Weight -0.076 0.097 0.436 -0.267 0.115 0.677 0.558  0.225 -0.271 0.112
Height 0.099 0.077 0.200 -0.052 0.250 0.093 0.211 0.661 -0.050 0.255

BMI 0.249 0.287 0.384 -0.312 0.811 -0.080 0.098 0416  -0.302 0.827
PhA -0.233 0.239 0.330 -0.702 0.236 0.103 0.078  0.186  -0.321 0.506
NEP:PAm 0.262 0288 0362 -0.616 1.485
NEP:PAv -0.247 0.241 0304  -0.416 1.770

Table 5.2: Mixed-effect linear regression model for the association between KIDMED score and NEP,
PA, and a set of anthropometric parameters, considering TO and T1 as a unique longitudinal dataset.
Model 1: KIDMED vs. NEP, PA, Gender, Age, Weight, Height, BMI, PhA. Model 2: KIDMED vs.
NEP, PA, Gender, Age, Weight, Height, BMI, PhA, NEP:PA (Interaction). PAm, moderate physical
activity; PAv, vigorous physical activity; CI, confidence interval; The regression coefficient (3), the
standard error (se), and the statistical significance (p) are reported. The p-value was adjusted with the
Holm-Siddk method (extension of Holm-Bonferroni method). In boldface are reported statistically
significant values.

5.3 Results

5.3.1 Characteristics of Participants

The longitudinal DIMENU project was conducted in 85 adolescents (44 girls and 41 boys)
who completed the scheduled monitoring visit at TO and T1. The enrolment at TO included 92
adolescents, but seven participants dropped out over the course of the study. Table 5.1 sum-
marizes the anthropometric characteristics and body composition parameters of 85 subjects
categorized according to the intensity level of PA into the following three groups: inactiv-
ity (PAi), moderate-intensity (PAm), and vigorous-intensity (PAv) PA at TO and T1. We
observed that either NEP or PA had statistically significant effects on the majority of anthro-
pometric measurements and body composition parameters, while no combined effects were
found (Table 5.1).

5.3.2 Impact of NEP and PA on the Adherence to the Mediterranean
Diet

Over the study period, we found that adherence to the MD evaluated by KIDMED score
increased at T1 compared with TO (TO: 6.03 £ 2.33 vs. T1: 6.96 + 2.03, p = 0.002) in all
adolescents. Based on the KIDMED values, we divided the population into optimal (score
>8), medium (score 4-7), and poor (score <3) adherence to the MD [205], and we observed
that the proportion of adolescents having optimal adherence to the MD was significantly
higher after nutritional intervention with respect to baseline (TO: 24.71% vs. T1: 43.52%, p
=0.001).

In Figure 5.1, we reported the compliance with items from KIDMED test in the three
separate PA groups. No significant changes were observed in the comparison between TO
and T1 for most items with the exception of an increase in the consumption of “a fruit/day”
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PAi (n = 23 subjects) Pam (n = 34 subjects) PAv (n = 28 subjects) p-value
NEP PA NEP+PA

Ferritin (ng/ml) 10 349+196 277197 311+213 <0001 0436 0.701
Tl 211205 162+154 17.0 £ 15.0
TO 20.1 109 ARETIN 22+71 0035 0002 0259
ESR (mm/h)  —77 259 =205 218127 12782
TO 26+45 18+25 16222 0483 0133 0924
CRP (mg/L)  — 24%51 T1£05 T0%01
18 gm0 98+89 259+ 40.7 269532 0083 0152 0605
Tl 79+73 264 £ 54.6 302+ 634
L6 gm0 1243 = 1384 328.1+930.8 5037+ 11703 <0001 0.179 _ 0.173
Tl 4205 +456.5 647.0+ 1321.1 918.1 + 1592.7
INF—o pgiml) T2 5528 + 4994 7445+ 993 8 9747 + 15677 0002 0239 0034
T 6654 £517.8 839.9+9175 1275.7 + 1909.6
L10@gm) D 164.65 + 189.9 180.2 +292.1 240.7  360.2 0449 0514 0.748
Tl 1955 + 1847 199.3 + 207.9 268.6 + 2605

Table 5.3: Serum inflammatory markers in adolescents according to the three physical activity ( PA)
groups at baseline (T0) and after 6 months (T1). Data are presented as mean + SD. TO, Baseline;
T1, 6 months of follow-up; PAi, Physical inactivity; PAm, Moderate Physical activity; PAv, Vigor-
ous Physical activity; NEP, Nutrition Education Program; ESR, erythrocyte sedimentation rate; CRP,
C-reactive protein; IL-13, interleukin-1beta; IL.-6, interleukin-6; TNF-q, tumor necrosis factor alpha;
IL-10, interleukin-10. Statistical analysis was performed on In-normalized samples. The statistical
differences were evaluated by two-way repeated-measures ANOVA. In boldface are reported statis-
tically significant values. The effects of Nutrition Education Program (NEP) and PA on them are
reported.
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Figure 5.2: Correlations between serum cytokines in the adolescent population at TO and T1. The
correlation coefficients (r) between IL-14, IL-6, TNF-q, and IL-10 are presented as a heatmap.

in PAi group and “second fruit/day” in PAv group (65 vs. 91%, p = 0.03 and 32 vs. 60%, p =
0.03, respectively). Statistical analyses evidenced that KIDMED score is influenced by NEP
(p < 0.001) and not by either PA or by NEP + PA (Figure 5.1).

To evaluate the impact of NEP and PA on the adherence to the MD, we performed lin-
ear mixed-effects models including a set of anthropometric parameters (age, gender, weight,
height, BMI, and PhA) as independent variables. Results show that NEP had a significant
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TO [ T1
Ferritin (ng/ml)  ESR (mm/h) CRP (mg/L)  Ferritin (ng/ml) ESR (mm/h)  CRP (mg/L)

r 019 0.189 0218 0.08 0.073 0282
BMI (kg/m2) —3 0.081 0.091 0.046 0.460 0.504 0.009
Pha (o) T 0.113 20201 0218 0.201 20289 20.036
a D 0304 0.071 0.046 0.065 0.007 0.740
- r 0.110 20210 0217 0.196 0273 20.026
BCM (%) — 0316 0.060 0.047 0.072 0.011 0.810
T 0.002 20370 0341 0.166 0524 0.066
FEM (%) — 0.983 0.0007 0.0015 0.129 <0.00001 0.547
M (%) T 0.002 0.370 0341 20.167 0524 0.066
g P 0.983 0.0007 0.0015 0.127 <0.00001 0.545
T 0311 0.012 0213 0315 20229 0.127
BCM (k) — 0.004 0915 0.052 0.0035 0.035 0.246
T 0277 20.19 0.04 0.358 0.484 0.151
FEM kg)  — 0.01 0.0812 0717 0.0008 <0.00001 0.166
M (ko) T 0.076 0384 0360 20047 0.465 20.0095
g b 0.484 0.0004 0.0006 0.668 <0.00001 0.931
T 0.033 10392 20329 0.119 0511 20073
TBW (%) — 0.765 0.0003 0.0022 0276 <0.00001 0.505

Table 5.4: Correlations between serum ferritin, ESR, and CRP levels with body composition param-
eters in all the sample at baseline (TO) and after 6 months (T1). CRP, C-reactive protein; ESR, ery-
throcyte sedimentation rate; BMI, body mass index; PhA, phase angle; BCM, body cell mass; FFM,
fat-free mass; FM, fat mass; TBW, total body water. Data were analyzed by Spearman’s correlation
test. The correlation coefficient (r) and the statistical significance (p) are reported. In boldface are
reported statistically significant values.

positive effect on the KIDMED score (p < 0.001), considering constant all the other vari-
ables. Furthermore, PAv had a greater impact on the MD adherence with respect to PAi (p =
0.009), while there were no significant differences in KIDMED scores between PAm and PAi1
(Table 5.2). To further study these associations, we investigated the interaction between NEP
and PA on the KIDMED score, concluding that there were no significant effects between the
two variables (Table 5.2).

Model 1 Model 2 Model 3
B se p CI (95%) B se P CI (95%) B se P CI (95%)
Intercept -248.402 100.597 0.014 [-445.5,-51.23] 48.384 76.752 0.528 [-102.04,198.81] 15.745 10.597 0.137 [-5.02,36.51]
NEP -14.763 1.516 0.000 [-17.73,-11.79] 2.161 1.421 0.128 [-0.62,4.94] -0.714 0.308 0.020 [-1.31,-0.11]
PAm -4.019 4.658 0.388 [-13.14,5.11] 0.447 2.783 0.873 [-5.00,5.90] 0.222 0.426 0.601 [-0.61,1.05]
PAv -5.708 5.000 0.254 [-15.50,4.09] -4.286 2.983 0.151 [-10.13,1.56] 0.115 0.453 0.800 [-0.77,1.00]
Gender M 1.176 4.854 0.809 [-8.33,10.69] -9.791 2.864 0.001 [-15.40,-4.17] -0.184 0.474 0.698 [-1.11,0.74]
Age -1.189 1.786 0.506 [-4.68,2.31] -0.386 1.071 0.719 [-2.48,1.71] 0.003 0.161 0.986 [-0.31,0.31]
Weight -1.356 0.718 0.059 [-2.76,0.05] 0.224 0.593 0.706 [-0.93,1.38] 0.148 0.079 0.060 [-0.00,0.30]
Height 1.441 0.585 0.014 [0.29,2.58] -0.116 0.456 0.799 [-1.01,0.77] -0.094 0.062 0.127 [-0.21,0.02]
BMI 5.216 2.120 0.014 [1.06,9.37] -0.123 1.707 0.943 [-3.46,3.22] -0.287 0.233 0.217 [-0.74,0.16]
PhA 4.680 1.692 0.006 [1.36,7.99] -1.663 1.354 0.219 [-4.31,0.99] -0.163 0.218 0.454 [-0.58,0.26]

Table 5.5: Mixed-effect linear regression model for the association between ferritin, ESR, CRP, and
NEP, PA, and a set of anthropometric parameters, considering TO and T1 as a unique longitudinal
dataset. Model 1: Ferritin vs. NEP, PA, Gender, Age, Weight, Height, BMI, PhA. Model 2: ESR vs.
NEP, PA, Gender, Age, Weight, Height, BMI, PhA. Model 3: CRP vs. NEP, PA, Gender, Age, Weight,
Height, BMI, PhA. PAm, moderate physical activity; PAv, vigorous physical activity. CI, confidence
interval; The regression coefficient (), the standard error (se), and the statistical significance (p) are
reported. The p-value was adjusted with the Holm-Siddk method (extension of Holm-Bonferroni
method). In boldface are reported statistically significant values.
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5.3.3 Correlations Between Inflammatory Biomarkers and Body Com-
position Parameters

Evaluating the inflammatory status by measuring ferritin, ESR, and CRP along with a panel
of serum cytokines in our population longitudinally, we observed that ferritin and CRP levels
were significantly reduced in all adolescents (50.66 + 33.90 vs. 17.79 £ 16.75, p < 0.001
and 1.94 £ 3.07 vs. 1.53 £ 2.76, p = 0.028, respectively). Using ANOVA, we found that
NEP significantly influenced ferritin, ESR, and serum IL-6 as well as TNF-« levels, and PA
had effects on ESR, while NEP in combination with PA exerted the effects on serum TNF-«
(Table 5.3). Using the correlation analysis, we found that the pro-inflammatory IL-13, IL-6,
and TNF-a cytokines were significantly associated with the anti-inflammatory IL-10 levels
at both times of observation (Figure 5.2). As expected, serum IL-6, IL-1/3, and TNF-« levels
were also directly correlated.

5.4 Discussion

The results of this study highlight the importance of nutrition education programs (NEP) and
physical activity (PA) in improving adherence to the Mediterranean diet (MD) and in reducing
inflammatory markers in healthy adolescents. The NEP effectively increased the KIDMED
score, indicating better adherence to the MD, and this effect was independent of PA levels.
Vigorous-intensity PA also positively impacted MD adherence, although to a lesser extent
than NEP.

Furthermore, the study demonstrated significant reductions in ferritin and CRP levels,
which are markers of inflammation, following the NEP. These findings suggest that both
NEP and PA can contribute to lowering the risk of chronic diseases by improving diet quality
and reducing inflammation.

5.5 Conclusion

Promoting healthy lifestyle choices, such as adherence to the Mediterranean diet and engag-
ing in regular physical activity, is crucial for the prevention of chronic non-communicable
diseases. This study underscores the effectiveness of nutrition education programs in en-
hancing dietary habits and reducing inflammatory biomarkers among adolescents. Future
research should continue to explore the long-term benefits of such interventions and their
potential to improve public health outcomes.
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Chapter 6

11-Net: A Deep Learning-Based
Architecture for ;-CT Segmentation

X-ray computed microtomography (x-CT) is a non-destructive technique that can generate
high-resolution 3D images of the internal anatomy of medical and biological samples. These
images enable clinicians to examine internal anatomy and gain insights into the disease or
anatomical morphology. However, extracting relevant information from 3D images requires
semantic segmentation of the regions of interest, which is usually done manually and results
time-consuming and tedious. In this work, we propose a novel framework that uses a con-
volutional neural network (CNN) to automatically segment the full morphology of the heart
of Carassius auratus. The framework employs an optimized 2D CNN architecture that can
infer a 3D segmentation of the sample, avoiding the high computational cost of a 3D CNN
architecture. We tackle the challenges of handling large and high-resoluted image data (over
a thousand pixels in each dimension) and a small training database (only three samples) by
proposing a standard protocol for data normalization and processing. Moreover, we inves-
tigate how the noise, contrast, and spatial resolution of the sample and the training of the
architecture are affected by the reconstruction technique, which depends on the number of
input images. Experiments show that our framework significantly reduces the time required
to segment new samples, allowing a faster microtomography analysis of the Carassius aura-
tus heart shape. Furthermore, our framework can work with any bio-image (biological and
medical) from p-CT with high resolution and small dataset size.

6.1 Introduction

X-ray Computed tomography (CT) is a powerful and widely used imaging tool that provides
3D digital gray-scale images of an object’s internal structure; such images can be quanti-
tatively analyzed to identify specific components of the 3D morphology. Modern CT is a
valuable diagnostic tool that provides meaningful information reducing X-ray doses. ;-CT is
an even more powerful technique used in the study of human and animal anatomy in research
and medicine [214], allowing to achieve higher resolutions. Computer-based approaches can
ease and enhance the extraction of information and patterns from p-CT, leveraging, for in-
stance, accurate semantic segmentation of the anatomical parts. Moreover, in the latest years,
the use of image segmentation algorithms proved to be promising in facilitating analysis and
detection of abnormalities [215, 216]. Those methods can be applied voxel-wise in a 3D
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context as well as pixel-wise, slice by slice [217]; however, instrumental noise, non-uniform
intensity, and pixel discretization can limit the resolution of the image and obscure finer de-
tails. Traditional segmentation methods like thresholding and morphological filters are sensi-
tive to parameter changes, leading to potential detail loss; conventional methods struggle with
variations in phase/absorption contrast intensity [217]. Generally, 3D segmentation methods
lack flexibility and adaptability, and determining the best method for a specific application is
challenging, especially in medical imaging due to the heterogeneity of image characteristics
and distributions [217]. Deep Learning (DL) approaches such as CNNs rapidly became the
state-of-the-art (SOTA) for medical image segmentation, classification, recognition, and re-
port generation [218, 219], and have been widely applied in the field of CT. However, few
attempts have been made on ;-CT; indeed, the wealth of information presents a significant
challenge in terms of analysis and interpretation. This is particularly evident in semantic seg-
mentation tasks such as for kidney [220], cartilage [221], temporal bone [222], lung [223]
and thorax mouse ;-CT [214]. Same applies to cardiac imaging, crucial for patient-specific
intervention planning [224]; here, primary datasets are mainly magnetic resonance imaging
(MRI), but tomography datasets have started to be acquired, which have a higher resolution.
Notable contributions include DL segmentation structure for MRI cardiac datasets [225],
U-net variant for short-axis MRI [226], DL approach for ECG-gated CT data [227], novel
pipeline for whole heart CT segmentation [228].

This work aims at defining a general framework for DL-based processing of hi-resolution
1-CT images in presence of small datasets, a prevalent scenario in the medical domain. The
underlying rationale is that we can improve performance and reliability of image segmenta-
tion by considering each class individually. Our approach not only contributes at enhancing
1-CT segmentation performances, but also fosters the usage of more lightweight models, in
contrast to the current widespread usage of foundational models. The main contributions of
this work can be summarized as follows.

— We build a new dataset consisting of y-CT images from C. auratus’s heart, a teleost fish,
also known as goldfish.

— We design a novel DL-based framework for extracting, enhancing, analyzing information
from p-CT. It extends SOTA semantic segmentation by defining multiple models and ensem-
bling strategies. We present an implementation of the framework and assess it by design-
ing and conducting an extensive experimental campaign over the newly introduced dataset.
Results show that our proposal outperforms the SOTA methods, exhibiting improved perfor-
mance and reduced misclassification errors.

— We show how the application of 2D CNNs followed by custom post-processing to achieve
3D continuity reduces computational costs if compared with 3D CNNs.

— We design an approach for feasible and robust segmentation, explicitly suited for use cases
in which a limited number of labeled samples is available.

— We study how the quality of 3D tomographic images affects architectural performance,
given that obtaining such images requires to collect multiple projection images over a wide
range of projection angles.

To the best of our knowledge, this is the first approach that proposes a combination of
multiple DL-based models and a comprehensive ablation study to assess the benefits of dif-
ferent architectures and parameter components in the context of ;-CT image segmentation,
even with limited prior knowledge.
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Figure 6.1: Initially, the u-Net employs a CNN to identify the ventricles. Following this, two separate
DL architectures carry out binary segmentation of various areas. The final result is obtained by apply-
ing an ensemble strategy to the different segmentations produced by each model.

6.2 Proposed approach

We present p-Net, a novel DL-based framework for the analysis and semantic segmentation
of u-CT images. As already introduced, although the high resolution of ;-CTs offers many
advantages, images can either be too rich or have little variability between different tissues;
this can negatively affect CNN generalization capability, resulting in misclassifications; this
is further exacerbated when only a few images are available. The herein proposed framework
addresses such challenges by automatically extracting meaningful information from p-CT
images. pu-Net faces different tasks with different specialized models; each model is trained
to automatically solve a small part of the whole task: each model segments a different area
of the heart, and we defined an ad-hoc ensembling procedure to combine the results. One of
the key advantages of our approach is versatility; indeed, our framework can be applied to
any .-CT images in the medical domain, regardless of the organs/tissues involved,thus result-
ing as a valuable tool for researchers across various disciplines. It is flexible and adaptable,
as it can be configured with different architectures and customized according to the dataset;
moreover, it is specifically tailored to preprocess and postprocess images of this kind with
suitable filters, taking into account the 3D nature of the image. Fig. 6.1 shows the architec-
ture of p-Net whose aim is to automatically segment heart morphology in p-CT images of
goldfish. We propose the following five-step procedure for performing semantic segmenta-
tion of the goldfish u-CT images: 1. Data acquisition and preparation: biological samples
are collected and properly stained; subsequently, ;-CT projections are acquired and the vol-
ume is reconstructed and normalized (see Section 6.3). 2. Data preprocessing: filters are
applied to images according to the different tasks. 3. Segmentation model: we defined and
trained three different models by dividing the segmentation problems (see Section 6.4.2); 4.
Data post-processing: different filters and volumetric techniques are used to obtain a 3D
coherence starting from 2D CNN models. 5. Ensembling models: we defined an ensem-
bling set of rules to merge the results and obtain the whole final semantic segmentation (see
Section 6.4.2).
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We experimentally validate the proposed methodology for the particular image segmen-
tation task and compared the results with the SOTA methods (see Section 6.4.4).

6.3 Dataset building and description

In our experiments, we use u-CT of the heart of C. auratus (Linnaeus, C. (1758)), a teleost
fish, also known as goldfish. The scans were manually annotated under the supervision of 4
expert biologists for supervised learning.

The goldfish heart comprises four main components: sinus venosus, atrium, ventricle,
and bulbous arteriosus [229]. Notably, the atrium features a spacious cavity with a muscular
rim and a network of thin elastin and collagen fibers. Meanwhile, the ventricle consists of
two distinct layers: the outer compacta, rich in blood vessels and muscle bundles oriented in
various directions, and the inner spongiosa, which lacks blood vessels but contains numer-
ous fibers. Sample preparation and dataset acquisition consist of different steps; it is worth
noting that the entire procedure requires several hours. Given the anonymous nature of the
submission, additional details on data sources will be disclosed in case of publication. The
X-ray acquisition resulted in a challenging procedure, as the biological nature of the sam-
ples posed several technical issues. A staining procedure was applied to enhance the contrast
of the samples; the absorption contrast technique was used to reconstruct 3D images. Each
sample rotates with an angular step A#, and is penetrated by an X-ray beam at each step; the
attenuated X-ray beam’s intensity is measured, creating a sinogram. The 3D structure is con-
verted into a stack of 2D sinograms, that are fed to a reconstruction algorithm. We used the
Filtered Back-Projection (FBP) algorithm for speed and simplicity. The resulting 2D image
stack from FBP defines the 3D twin of the u-CT sample. u-CTs are manually segmented to
define the ground truth labels, which hold clinical significance and include atrium, ventricle,
Bulbus arteriosus, compacta, and lacunary spaces.

The analysis of such dataset is significantly interesting for studying cardiac pathologies.
When subjected to oxygen deprivation [230, 231, 232], the goldfish accelerates its cardiac
functions and, despite its small size, exhibits electrical activities similar to those of large
mammals, which makes it relevant for translational research [233]. Moreover, the goldfish
heart is influenced by many hormones and peptides acting as cardiac modulators in mammals
under normal and stressful conditions [234]. These features make the goldfish an attractive
model for exploring the mechanisms that give high flexibility to the heart, especially when
facing internal and external challenges.

6.4 Experimental Design

6.4.1 Data acquisition, 3D reconstruction and data preparation

According to the previous section (see Sec. 6.3) and the difficulties that data acquisition and
preparation hold, we acquired only 3 samples. For each sample, a total of /V,, = 3600 projec-
tions with an angular resolution of 0.1 degrees were acquired. Samples were reconstructed in
line with the section 6.3 using for each sample different projection dose. For each of the three
samples, we used N, %, and % projections to reconstruct three datasets, Dy, Ds, and D3,
respectively. This allowed us to test how well our architecture can handle tasks with varying
levels of projection data. We also conducted an analysis on the impact of input dimensions
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on the model’s performance. This was achieved by generating new, cropped stacks from the
original data, focusing on the region of interest. This approach enabled us to evaluate the
adaptability of our model to tasks with varying input sizes. Each reconstructed sample con-
sists of approximately 1500 slices of size 1300 x 1300 pixels, where each voxel corresponds
to 5, 55um. We implemented a normalization process for the dataset to ensure uniformity
without introducing any additional bias. In the field of tomography, a specific range of ab-
sorption values is selected during the reconstruction phase. This selection process results in
each sample appearing self-normalized. For our 16-bit images, any pixel in the reconstructed
image that falls below this threshold is assigned a value of 0, while those above it are as-
signed a value of 2'®. Various strategies exist in the literature for this process, but we chose
to reconstruct our samples using the same range of absorption values. This range serves as
a normalization factor in our methodology. Furthermore, in our experiment, we also con-
sidered the 2D-trans-axial projection of u-CTs: Axial View (corresponds to the XY plane,
which is perpendicular to the rotation axis Z), Sagittal View (XZ plane), and Coronal View
(YZ plane). Then, we split the entire dataset of 9 stacks of images (3 datasets x 3 stacks),
composed of Dy, Dy and D3 into D1 trqins D1 tests D2 trains D2 tests D3 train and D3 4cs. In this
setting, the train subsets consist of 2 stacks (2 heart samples). The third sample is used as a
single heart sample that is common to all the datasets, except for the number of projections
(V). To reduce redundancy, we select only one image out of every three from the input
stacks for training, since the images are nearly identical when they are next to each other.
For each training iteration, we randomly select one tile from each 2D slice to reduce its size.
The training set is split into 70% for training and 30% for validation to monitor progress and
prevent overfitting.

6.4.2 Training phase and evaluation metrics

The framework was developed using Pytorch (v1.13.0). A high-performance computing node
with two Tesla V100-PCIE-16GB GPUs, Intel® Xeon® Gold 5118 CPU (2.30GHz), and
512GB of RAM was used for training. Jaccard index, also known as the Intersection Over
Union (IoU) coefficient, is used as the evaluation metric during the training (i.e., 1 means
perfect prediction, 0 worst prediction) [235, 236]. To assess the overall performance on
the test set, after reconstructing the entire volume, we employed an IoU weighted by the
frequency of each class in the 3D image.

6.4.3 Ablation study

As for the ablation study we conducted, we explored:

* (A.1) Hyperparameter space: learning rate, tile size, model architecture, preprocess-
ing, and postprocessing. For each aspect, we compare several options and report the
results on the validation set.

* (A.2) DL-based models: Segnet [237], DeepLabV3 [238] and U-net [239].

* (A.3) Input parameters: normalization type, tile size, number of slices for each stack
(i.e., number of images are fed into the model at once), preprocessing and postprocess-
ing methods. To reduce the computational cost of processing large images and to avoid
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losing small-scale details relevant to our samples, we applied random cropping of sub-
images, called tiles. We also experimented with different filters on input images (i.e.,
histogram equalization, median, unsharpmask filter).

* (A.4) Number of projections: variation of projection dose and, consequently, the
generated 3D images (see Sec. 6.3); number of projections affects the quality of the
image in terms of noise, spatial resolution, and artifacts. We found it useful to examine
how performance changed with spatial resolution.

6.4.4 Experiments

As mentioned, we split the semantic segmentation task into separated sub-problems, focused
on specific classes. Therefore, we have conducted several experiments: (1) Semantic Seg-
mentation of Atrium, Ventricle, and Bulbus arteriosus. The chosen model is the Seg-
net [237] (see subsection 6.4.3). The train ran for 150 epochs with a learning rate of 0.0001,
Adam optimizer, and tiles dimension of 400 x 400 pixels. We trained our model on the
XY view of the sample and inferred on all three views (XY, XZ, and YZ). To obtain the
final prediction and the 3D continuity, first, we chose the pixel-based mode for the pixels
of intersection between the views and then we applied a hole-filling algorithm. (2) Binary
Segmentation of lacunary spaces. We used the Segnet model with the same parameters as
the previous step, except for the tile size of 224 x 224 pixels. The model received as in-
put only the ventricle image part obtained from the previous step. To enhance the contrast
between lacunary spaces and tissue, we applied an unsharp mask filter to the input image.
(3) Binary Segmentation of compacta. Similarly, we used a Segnet model with the same
parameters and tile size. Also in this case we used as input only the ventricle part of the
image. (4) Overall Semantic Segmentation via Ensambling. Once the results of the three
experiments have been obtained, an ensembling strategy was performed to obtain a single
segmentation result. Such strategy consists of a set of rules: (I) the Atrium class is always
chosen over all other classes; (II) the Bulbus arteriosus class is preferred over the lacunary
spaces and compacta ones; (I1I) the compacta class is selected in preference to the Ventricle
and lacunary spaces classes; (IV) the lacunary spaces class is favored over the Ventricle class.

Comparison approaches To evaluate our approach, we compared it with two SOTA anatom-
ical image segmentation tools: Biomedisa [240] and nnU-net [241]. Biomedisa is a platform
designed for semi-automatic segmentation of large volumetric images, using smart interpola-
tion of sparsely pre-segmented slices. nnU-net, on the other hand, is a DL-based method that
self-configures for any new segmentation task, covering preprocessing, network architecture,
training, and post-processing.

6.5 Results and Discussion

Among the tested architectures (see Sec. 6.4.3 (A.2)) we discarded DeepLabV3 due to its
poor accuracy. Although U-net achieved good performance, Segnet obtained the best results
on the test set. Therefore, we selected Segnet as the model for each experiment. Also,
according to Sec. 6.4.3 (A.3), we tested two data normalization techniques: a normalize the
data based on the mean and standard deviation of each stack and b normalize during the
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Table 6.1: Performance achieved by pu-Net on the test set according to different training sets with a
different number of projection doses.

Train set 10U (%) on Test set
Dl,test D2,test DS,test
D1 train 87.9 (£3.7) 77.6 (£4.5) 44.6 (L£7.8)
D3 train 445 (£7.8) 737 (£3.4) 81.1 (£3.5)
D3 train 30.3 (£8.5) 81.7 (£3.6) 86.8 (+£3.6)
D1 train + Dograin | 879 (£3.7)  86.4 (£3.4) 88.6 (£3.7)

Table 6.2: Comparing IOU scores for our proposal, nnU-net, and Biomedisa methods. Best results for
each class are reported in bold.

10U (%) on Test set

Ventricle Bulbus Atrium Compacta Lacunary

. Total
arteriosus spaces

j-Net 945 (£3.4) 775 (£3.7) 879 (£24) 77.2(£2.4) 84.8(+36) 87.6 (£3.7)
nnU-net | 80.2 (£3.4) 80.1 (£3.4) 61.1(£5.2) 64.8 (£4.2) 729 (+4.4) 76.8 (+5.2)
biomedisa | 63.5 (£5.4) 16.3 (£8.4) 20.5 (£7.4) 50.2 (£5.6) 56.9 (+5.4) 43.8 (£8.4)

reconstruction process. The technique described in b yielded better results in the ablation
study so we adopted it. As stated by Sec. 6.4.3 (A.4), we trained different models varying on
the number of projections used for the reconstruction stack.

Results of the first experiment (see Sec. 6.4.4) show that as the number of projection doses
decreases, the spatial resolution deteriorates. The models were then evaluated on various test
sets with different numbers of projection doses. Results are reported in Tab. 6.1. The models
were tested by using the test sets for each of the 3 different datasets and performing 3-fold
cross-validation over the 3 stacks in each dataset.

The table shows that models trained with high-resolution images obtain good perfor-
mances on a high-resolution test set, while worse performances are reported for a low-
resolution test set (see the first row of Tab. 6.1). Training on medium and low-resolution
images results in better performance in similar-resolution test sets than the ones obtained on
high-resolution (see the second and third row of Tab. 6.1). This evidences that as the number
of projections (and hence the spatial resolution) decreases, the performance of the network
deteriorates due to a lack of information. However, training a model using images with dif-
ferent resolutions results in a more stable performance, meaning that the network has more
generalization capability across resolutions.

Tab. 6.2 shows performance results in terms of IOUs for each experiment performed (see
Sec. 6.4.4). They largely hinge on the outcome of the initial experiment, the better the ven-
tricle is detected in the first experiment the better the compacta and lacunary spaces will be
detected in the same area of interest. Our workflow achieved an IOU value of 87.6% where
a very good identification of ventricle (94.5%) allows a good detection of compacta and la-
cunary spaces, 77.2% and 84.8%, respectively. We compared our proposal with two SOTA
semantic segmentation models, nnU-net and Biomedisa. We trained both models to segment
atrium, ventricle, and Bulbus arteriosus regions only; our workflow achieved a higher IOU
than both models, with 76.8% for nnU-net and 43.8% for Biomedisa.The lower performance
of nnU-net may be attributed to its automatic selection of patch size, filters, and normaliza-
tion. We used the 2D configuration of nnU-net, as the 3D one was not feasible due to the
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Figure 6.2: Visualization of ground truth, u-Net and the comparison methods results. Each image
represents a slice taken from the same quartile of slices within a single 3D stack

limited number of samples (less than 3) and the high computational demand. On the con-
trary, Biomedisa’s performance was poor due to its use of a 3D U-net that standardized each
sample size, leading to a reduction in resolution and distortion of shapes. A visual inspection
of the results is shown in Fig. 6.2 where we compared from the left to the right: the manual
segmentation (labels), the predicted segmentation of p-Net, and the results of the compari-
son methods. We can observe that ;-Net demonstrates excellent segmentation of small and
medium lacunary spaces, while it tends to confuse larger ones with the background. As
for other anatomical regions, p-Net notably outperforms the comparison methods. In accor-
dance with our hypothesis, these results highlight how the strategy underlying our frame-
work, which decomposes the problem into simpler sub-problems before utilizing ensemble
techniques, is more effective than tackling the problem as a whole, as seen in the cases of
nnU-Net and Biomedisa. Finally, our workflow can speed up the processing of new scans
and is adaptable for additional segmentation tasks. The models are primed for training on
more goldfish hearts or for transfer learning on other high-resolution p-CT tasks. The data
from our automatic segmentation can be quantitatively analyzed like manually segmented
data.

6.6 Conclusions

We introduced p-Net, an novel workflow built on Segnet for the semantic segmentation of
biological ;-CT images. Training was performed on a new dataset, encompassing the collec-
tion of manually segmented 3D p-CT scans of goldfish hearts. The experiments showed that
u-Net enhances efficiency and dependability of image segmentation techniques by treating
each class separately. pu-Net significantly outperformed existing methods, setting the stage
for a more precise and automated examination of goldfish heart morphology and potential
diseases, thus facilitating translational studies.
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Chapter 7

The Dilemma of Accuracy in Bankruptcy
Prediction: A New Approach Using
Explainable AI Techniques to Predict
Corporate Crises

In today’s highly dynamic and hyper-competitive markets, firms do not have any buffer of in-
efficiency, and wrong decisions can silently compromise corporate equilibrium, undermining
survivorship. Since Altman’s 1968 contribution, researchers have been striving for decades to
implement new models and techniques for predicting corporate crises, but no superior model
has emerged among the others. In this context, our work joins the stream of research that
leverages Artificial Intelligence for corporate default prediction with a novel approach based
on a mix of techniques, enabling it to achieve higher accuracy in anticipating crises compared
to all previous contributions. We investigated models with sequence lengths that were both
fixed and variable, and we chose a variable sequence length model that boasted an accuracy
of 0.85 and a ROC-AUC score of 0.927, which is the most optimal predictor, superior to
existing tools of bankruptcy prediction. Our results provide significant implications as they
offer a noteworthy instrument for preventing business crises. Moreover, it shows key aspects
that a manager should consider in order to guarantee the survival of their company.

7.1 Introduction

The topic of predicting corporate crises is very hot nowadays. The statistics revealing the
number of businesses that cease to exist every year worldwide, especially startups, as well
as the average lifespan of companies, are impressive [242]. Over the past decades, millions
of companies have filed for bankruptcy with detrimental consequences to society and the
economy as a whole [243]. Many papers have investigated the financial and non-financial
causes of failure as it represents a multidimensional phenomenon [244], while others have
focused attention on the process that brings firms to bankruptcy [245]. Bankruptcy hurts
not only firms but also the personal lives of entrepreneurs [246] and employees [247, 248],
the efficiency of the supply chain [249], society [250], and the global economy [251]. Thus,
bankruptcy prediction represents a highly significant corporate activity with a growing aware-
ness among businesses. No firm can reduce the risk of bankruptcy to zero, but efforts can be
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made to minimize it as much as possible. Firms need to manage the risk of crises very well
and choose the best model of bankruptcy prediction to discern the nature of the decisions and
anticipate any negative consequences of the crises.

In this context, the research community contributed to predicting business crises, and
several models and techniques have been developed to support executives of companies in
managing potential collapses. Academics have paid attention to this topic since the 1960s,
and some models for predicting corporate crises stand as milestones in this field of study
[252, 253, 254, 255]. In particular, the noteworthy contribution of [252] laid the ground-
work and has been an inspiration for numerous subsequent studies on the topic. Following
Altman, over time, researchers and practitioners have developed crises prediction methods
and techniques that go beyond the traditional mathematical and statistical models with the
purpose of predicting the bankruptcy of firms quickly and more accurately [256]. In addi-
tion to traditional methods, since the 1990s, Machine Learning (ML) models such as de-
cision trees, neural networks, and Support Vector Machine have been extensively applied
in this field of research as tools to predict the bankruptcy of firms [257] and provide man-
agerial support for businesses. Recently, Deep Learning (DL) has emerged and gradually
developed into a powerful technique for a wide range of applications in economics studies
[258] and in bankruptcy prediction. Indeed, a neural network can learn from data automat-
ically, so it can be trained to recognize patterns, classify data, and forecast future events
[259, 260, 261, 262, 263, 264, 265, 266]. A particular Neural Network architecture called
Recurrent Neural Network (RNN) can process information with a temporal dimension in
the form of time series. Such RNNs can identify data patterns that evolve by considering a
set of features measured at subsequent time steps [264]. Some authors have used the ma-
chine learning algorithm to predict bankruptcy [256, 267, 268] and more in general there
is extensive literature investigating bankruptcy prediction using Artificial Intelligence (Al)
techniques [269, 270, 271, 272, 273, 274, 275, 264, 257, 265, 276, 277, 268, 266, 278].

All these contributions interestingly demonstrate that bankruptcy prediction models based
on Al techniques outperform classic mathematical and statistical models, even considering
different industries and both cross-country and single-country studies. Therefore, Al can
be very important for the survival of businesses. The importance of these models based on
computational solutions is additionally demonstrated by the fact that since their first use in
this area of investigation, researchers have never stopped developing new and more accurate
solutions. In a context where many models of bankruptcy forecasting have been developed
[279], we questioned what drove researchers in this ongoing pursuit, reaching a point where
to date it is difficult to find a universally accepted and standard model to prevent corporate
crises. Certainly, one of the reasons is linked to the fact that previous models utilizing this
research approach employ various Al techniques, each of which naturally yields different
results. Furthermore, prior works have certain limitations, such as using short-term temporal
sequences or a limited number of observations.

Within this strand of research, our innovative work leverages cutting-edge methodologies
such as deep recurrent neural networks and explainable Al This choice is driven by the rapid
evolution of artificial intelligence techniques in practical applications. Thus, our aim is to
develop a highly precise corporate crises prediction model that surpasses previous versions
rooted in the forefront of technological advancements. Major challenges in bankruptcy pre-
diction concern sample size, quality of input data, and the choice of time series length, which
is critical in the context of historical data of companies. In contrast with previous state-of-
the-art approaches, this work stands out by utilizing a large sample (4,172,046 observations)
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over a broad time span (from 2012 to 2021) for building a prediction model able to process
variable length time series of financial indexes. Decisions made by such a model are then in-
terpreted by using an explainable Al methodology. This is very important also to understand
the contribution of each variable to the bankruptcy prediction and provide useful managerial
implications. Another unique aspect of our work involves the utilization of data extracted
from the Orbis database by Bureau Van Dijk. Orbis, which is Moody’s analytics company,
represents the most extensive database of financial and business information across Europe
as it contains detailed and well-harmonized accounting, financial, and business information
for firms. Moreover, it is the world’s most powerful comparable data resource on private
companies.

Our sample also consists of small and medium-sized enterprises (SMEs). This is impor-
tant because SMEs have a key role in economic growth as they represent 99% of businesses in
Europe. Hence, their bankruptcy prediction could be very relevant both for local and global
economies. Additionally, SMEs are businesses that are particularly affected by asymmetric
information problems within financial markets [280, 281], hence suffering more during diffi-
cult periods such as the recent COVID-19 crisis [282]. The coronavirus emergency amplified
the attention of the media and business community to the precarious situation for businesses,
highlighting once more the negative consequences of financial crises.

Our findings demonstrate that the artificial techniques implemented lead to greater accu-
racy in predicting business crises compared to all previous research efforts, even those utiliz-
ing long-time sequences or a high volume of observations. Furthermore, our results highlight
the key variables that need monitoring to prevent business crises. Finally, with this contribu-
tion, we aim to open a new avenue of research that starting from the use of these techniques
can implement models incorporating non-accounting variables such as governance, ESG, and
information from companies’ social media to prevent business crises.

The paper is structured as follows: the second section presents the theoretical framework
and research gap, while the third section outlines the materials and methods used. The fourth
section provides results, with a focus on explainability in the fifth section. The sixth section
offers conclusions, discussions, and the managerial contribution of the work.

7.2 Theoretical Framework and Research Gap

Bankruptcy prediction in the business community is a field of growing interest, particularly
since the financial scandals at the beginning of 2000 and even more the global financial crises
of 2008, after which the number of studies on the topic has greatly increased, becoming a sig-
nificant area of study within the field of management and corporate finance [283]. However,
investigations into predicting corporate crises date back a long time. Indeed, a significant
amount of research has focused on the prediction of corporate financial distress since Alt-
man’s influential introduction of his bankruptcy prediction model in 1968. Altman found that
predicting bankruptcy can be done by using discriminant analysis and liquidity, profitabil-
ity, productivity, leverage, and asset turnover ratios to establish the so-called Z-score. The
Z-score is calculated using five financial ratios assessing a company’s liquidity, profitability,
efficiency, solvency, and turnover, thereby providing a comprehensive view of its financial
health. A higher Z-score indicates better financial strength and stability, while a lower score
suggests higher bankruptcy risk. Altman pioneered a field of studies that aimed to describe
the financial variables that lead to the default of companies during different years. After

103



Altman, other models have been particularly influential. In [254], for instance, the authors
investigated the bankruptcy prediction for American firms from 1970 to 1976 using the logis-
tic regression model and nine financial ratios . Begley et al. (1996) investigated bankruptcy
in three of the major stock markets in the U.S. (NYSE, AMEX, and NASDAQ), observing
that the Altman model performed better than the Ohlson model for data from 1980 to 1989
[284]. Some other papers went beyond the use of financial variables. Authors in [285], for
instance, observed financial distress in the Hong Kong Growth Enterprise Market from 2000-
2010 and found that a logistical model that used financial, non-financial, and macroeconomic
variables over-performed the other models [285]. Liang et al. in [286] used the combination
of financial ratios and corporate governance indicators for bankruptcy prediction, finding that
combining such ratios and indicators is more efficient than using only financial data.

The main techniques employed following the seminal contribution of Altman and the
subsequent influential contribution mainly aim to distinguish firms into bankrupt or non-
bankrupt and include multivariate discriminant analysis, logit, probit, and neural networks
[287]. However, analysis of the most recent literature on anticipating business failure reveals
a wide array of models employed that extend far beyond the ones observed by the review of
Bellovary. This diversity stems from advancements in statistical techniques and information
technology over time that have tried to establish more accurate bankruptcy prediction models
compared to earlier attempts aiming to contribute to firms in their crisis prevention decisions.
In particular, information technology-based techniques have been developed since the 1990s,
after which neural networks have been the most widely used methods to predict corporate
crises. Obviously, in the initial stages of using this technology, the models adopted were less
complex than the more recent ones. Indeed, in the 1990s, some artificial intelligence models
were developed [288, 289], followed by subsequent models in the succeeding decade. For
instance, in the 2000s, Atiya [259] shows that neural network (NN) models performed well in
predicting bankruptcy for Credit Risk. Authors in [268] investigated bankruptcy prediction
in Korea by using support vector machines (SVM) and a back-propagation neural network
(BPN). They found that the SVM performed better than BPN when the training set size got
smaller. Tsai and Wu [266] in another study show that single neural networks perform better
than multiple neural networks. Nanni and Lumini in [267] reported that the ML models out-
performed the traditional statistical analysis methods in predicting bankruptcy in three credit
markets (Australian, German, and Japanese). In the following decade, there was an increase
in studies on the prediction of corporate crises, particularly considering that the negative ef-
fects on businesses caused by the global financial crises exacerbated and underscored the
gravity of this phenomenon. Barboza in [256] show that ML models have a higher capacity
for predicting Bankruptcy compared to ANN, LR, and MDA models for data from 1985-
2013. Also, Mai et al. used ML models with non-financial variables to predict bankruptcy
[265]. Jabeur et al. in [263] studied the bankruptcy prediction of French companies from
2014-2016 using fuzzy convolutional neural networks (FCNN). They concluded that FCNN
performs better than neural networks, logistic regression, partial least square discriminant
analysis, support vector machines, or discriminant analysis.

As a matter of fact, the use of Artificial Intelligence provided a higher explanatory power
in crises prediction in comparison to a deterministic model based on financial ratios. Con-
sidering this superiority, a fight for the best technology-based approach started. The vast
amount of research has led in recent years to the use of highly advanced artificial intelligence
techniques to predict corporate crises, leading up to the models characterizing this research
trend in the last two years. In a recent study, Kim et al. [264] used textual sentiment analysis
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(BERT) to predict bankruptcy. They found that BERT-based analysis performed better than
dictionary-based analysis and Word2Vec-based analysis combined with a convolutional neu-
ral network for data from 1995-2020. Yang et al. in [290] show that the HDNN algorithm
was a good solution for higher dimensional corporate credit risk during the entire sample
period (from 1 January 2009 to 31 December 2019). Chen et al. in [291] investigated the
corporate bankruptcy prediction of U.S. firms in the period from 1994 to 2018 by including
the text-based communicative value of annual reports in four machine-learning models. They
reported improvements in the performance of XGBoost and Random Forest models. They
confirmed the importance of text-based annual reports for banks’ corporate loan underwrit-
ing decisions. Charalambous et al. in [260] observed the U.S. public firms for data from
1990-2015 and found that structural models like the Black-Scholes-Merton and the Down-
and-Out option models perform better than a standard neural network. They reported that the
neuro-structural model performed better than a sample neural network. Dube et al. in [262]
used Artificial Neural Networks (ANN) to investigate the financial distress models on the
Johannesburg Stock Exchange (JSE) between 2000-2019. They found that ANN had good
accuracy and predicted financial distress for up to five years for the financial services and
manufacturing companies. Kim et al. in [264] found that from January 2007 to December
2019, the recurrent neural network (RNN) and long short-term memory (LSTM) increased
the performance of bankruptcy prediction compared to the use of logistic regression, sup-
port vector machine, and random forest methods. They concluded that the RNN and LSTM
methodologies cannot detect the importance of each explanatory variable for bankruptcy pre-
diction. Elhoseny et al. in [292] in another study found that combining the DL and Whale
optimization algorithm (AWOA-DL) overperformed the TLBO-DL, DNN, LR, and RBF Net-
work models in predicting bankruptcies and assessing credit risk. du Jardin in his study [261]
found that the convolutional neural network CNN performed better at corporate bankruptcy
and financial failure compared to the traditional model.

Despite the attention on crises prediction from both academics and the community in
general, no superior model has emerged among the others to forecast corporate crises. Every
year, researchers develop models that aim to be more capable of predicting corporate failure
better than others, but these efforts have not led to the development of a universal model used
by all companies today. Veganzones and Severin in [293] highlight that the way researchers
design experiments is a crucial factor since it can have a significant impact on the outcomes.
They believe that differences among the key elements (definition of failure, sample size,
prediction methods, variables, evaluation metrics, and performance) of such kinds of analysis
are at the core of different outcomes.

Thus, here comes into play the need to develop a model that can encompass as much
information as possible to predict corporate crises more accurately than prior contributions.
With this in mind, we try to fill this research gap by investigating bankruptcy prediction using
a mix of explainable artificial intelligence techniques among the most recent and advanced
solutions. Indeed, we use ML and DL models at the same time, while other papers use
just one technique. In doing so, we pay a lot of attention to variable selection and data
characteristics, using the Orbis database provided by Bureau Van Dijk. Moreover, Italian
studies on the topic are very few and use a shorter timespan or a lower sample size. The
Italian context is well suited for this analysis as in Italy there are significant differences among
provinces in terms of institutional development. Moreover, our work differs from previous
studies by using data about firms that include the Covid-19 period.
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7.2.1 Artificial intelligence
Neural networks

Neural Network (NN) is one of the most popular DL. methods. NN is inspired by the human
brain function and structure, by using interconnect nodes called neurons in a layered structure
that resembles a graph. In each layer, several neurons use the outputs of all neurons in the pre-
vious layer as inputs, such that all neurons interconnect with each other through the different
layers. Each neuron is typically assigned a weight that is adjusted during the learning process
by a decrease or an increase. A neural network can learn from data, so it can be trained to
recognise patterns, classify data, and forecast future events. It breaks down the input into
layers of abstraction and defines a wide range of models characterised by an extremely high
number of parameters, especially in the so-called deep models, which can be based on su-
pervised or unsupervised learning paradigms. In the supervised learning approach, a neural
network employs a sample of data consisting of corresponding inputs to outputs. By manip-
ulating input parameters, the neural network finds the best non-linear predictive model that
generates output consistent with the sample. This model has generalisation properties, which
means that it can be used to predict an output when we add a new set of inputs that the model
has never seen. This approach is typically used to solve regression and data classification
problems. Instead, the unsupervised learning approach provides the computational model
with a sample that does not include output information. In this case, it identifies statistical
structures within the sample, such as correlations or associations, producing an output that
describes such relationships. The unsupervised strategy is typically applied to solve cluster-
ing problems and it is a useful tool to assess industry similarities and data analysis in the
financial field. There exist different types of Neural Networks.

Recurrent neural networks

A Recurrent Neural Network (RNN) is a neural network that adopts the following principle:
it processes sequences by iterating through the sequence elements and maintaining a state
containing information relative to what it has seen so far. In effect, an RNN is a type of neural
network that has an internal loop. Unlike traditional neural network algorithms which are
limited in their ability to handle ordered data, such as time-series data, music, or sentences,
RNNSs can manage such data by exploiting these loops in their structure. The state of the
RNN is reset between processing two different, independent sequences, so you still consider
one sequence a single data point: a single input to the network. What changes is that this
data point is no longer processed in a single step; rather, the network internally loops over
sequence elements. There exist different ways to implement a Recurrent Neural Network.
The simplest one is Simple RNN, but it is never used in practice because it suffers from
the vanishing gradient problem, as you keep adding layers to a network the network will
struggle to remember information seen many timesteps before, so long-term dependencies
are impossible to learn. The LSTM and GRU layers are designed to solve this problem.
Indeed, they work similarly: they save information for later, thus preventing older signals
from gradually vanishing during processing.
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SHapley additive explanation

We employed SHAP to elucidate the interpretability of neural network models. SHAP values,
derived from cooperative game theory, were used to quantify the contribution of individual
features to the model’s predictions. By calculating Shapley values for each input feature, we
discerned their impact on the neural network’s output, thereby enhancing the interpretability
of complex model decisions. This approach facilitated a comprehensive understanding of
the neural network’s behaviour, offering insights into the relative importance of features in
driving predictions, thereby contributing to the transparency and interpretability of our model.

7.3 Materials and Methods

7.3.1 Data and Variables

The data used in this study were collected from the Orbis European database by Bureau Van
Dijk (BVD). We collected annual accounting data from 2012 to 2021. The dataset counts
about 4,172,046 Italian firm-year observations, 66,226 of which experienced bankruptcy. In
this dataset, each financial index is collected for 10 years from 2012 to 2021. From such a
dataset, we extracted sequences of annual accounting data for different periods considering
period length from 2 to 9 years. The dataset consists of 24 indexes of financial performance:
intangible assets, non-current plant and equipment, inventories, current assets, trade receiv-
ables, cash and cash equivalents, total assets, equity, share capital, long-term indebtedness,
non-current liabilities, current liabilities, debts, trade payables, total value of production, rev-
enue sales and services, operating profit (EBIT), financial income, financial charges, total
taxes, profit/loss for the year (net profit), inventory rotation, cash-out times (days), and pay-
ment times (days). In this dataset, we distinguish between two classes: Class O is the set of
firms for which bankruptcy occurred (66,226 firms), while Class 1 is the set of firms in good
health (4,105,820 firms). This dataset is characterized by unbalanced classes, meaning that
the number of firms in Class 1 is significantly lower than the number of healthy businesses.

7.3.2 Preprocessing

Along with the need for large amounts of data, DL models, and in particular neural networks,
need to work with data values distributed in a well-defined range and with data balanced
among the classes. For this reason, we first normalized each variable in the range [0, 1] and
then re-balanced the classes by generating synthetic data samples (firms). We augmented
Class 0 by using the Synthetic Minority Over-sampling Technique (SMOTE) [294]. Thanks
to this technique, new synthetic instances are created starting from existing ones that are in
the minority class and small perturbations are added to the new data points.

7.3.3 Experiments and Models

In this section, we discuss the development of optimization of an RNN model for predict-
ing bankruptcy. We conducted experiments on four RNN architectures by considering dif-
ferent numbers and types of recurrent layers. We selected the best-performing model over
these in terms of accuracy and subsequently performed an automated model selection process
with Cross-Validation to ensure the robustness and generalization capabilities of the selected
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model across different data partitions. Finally, we used an Explainable Al method called
SHAP (Shapley Additive explanations) [279] to explain the contribution of each financial
index to the prediction.

7.3.4 Training and Hyperparameter Optimization

In the development of bankruptcy prediction models, we implemented and evaluated a set of
four models, each characterized by a distinct set of hyperparameters. Our dataset comprised
84,000 actual data instances augmented by 26,000 synthetically generated samples using
SMOTE. The dataset was partitioned into training (80%) and test (20%) sets, with the test
set being exclusively constituted of real (non-synthetic) samples. All the models shared the
following configuration. First, as a loss function, we used Binary Cross-Entropy, suited to the
binary classification nature of the bankruptcy prediction task. Second, the Metric Accuracy
is defined as the proportion of correct predictions out of the total predictions made. Finally,
we used Adam as an optimizer. The architectural details about the models used follow:

* Model 1: 2 subsequent Long Short-Term Memory (LSTM) layers of 128 and 64 blocks
respectively, followed by 3 fully connected layers of 64, 128, and 64 neurons with
dropout.

* Model 2: 3 subsequent Conv1D layers of 64 blocks respectively, followed by 3 Batch-
Normalization of 64 blocks, and finally Global AveragePooling1D of 64 blocks.

* Model 3: 2 subsequent LSTM layers of 256 and 128 blocks respectively, followed by
2 fully connected layers of 256 and 128 neurons with dropout.

* Model 4: 2 subsequent Gated Recurrent Units (GRU) of 128 followed by 2 fully con-
nected layers of 128 and 128 neurons with dropout.

Model 1 performed best with the best accuracy in each test. We trained it several times
by varying the input data, exploring models with fixed sequence length (from length 2 to 9)
as well as models with variable sequence length. To properly evaluate its performance, we
used the K-fold Cross Validation technique with K=10.

7.3.5 Metrics

In this work, different models were created by varying the input data. As evaluation metrics,
we used Accuracy, which is the ratio between the number of correct predictions and the total
number of observations, and ROC-AUC.

7.4 Results

This section reports the performance of Model 1 in two cases: 1. When the model is trained
and tested on fixed sequence lengths; 2. When the model is trained and tested on sequences
of variable lengths.
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Figure 7.1: Confusion matrix of the fixed length best models for length 2 and length 9 of the sequence.
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Figure 7.2: ROC curves for the fixed sequence length models for all the sequence lengths.

7.4.1 Fixed Sequence length models

As the first report, we want to compare results between models in which input data are only
data with fixed lengths. We will refer to these as fixed sequence length (FSL) models. Each of
these models is specialized for input sequences of fixed length, so a model whose input data
length is 2 learns from data with complete information only for 2012 and 2013, and accord-
ingly a model whose input data length is 9 learns from data with complete information from
2012 to 2020. Each FSL model have been trained and tested on 15000 firms. Specifically,
90% of data were used for train and validation and 10% of samples were used for testing
its performances. Training and testing were performed by using a cross validation approach
with 10 iterations.

We can notice that as the length of the sequence increases (i.e. the information becomes
more complete), the performances of the neural networks increase. This difference is more
evident between the “low-length model” and the “high-length model”. Indeed, as shown in
the confusion matrices of Figure 7.1, and the ROC curve in Figure 7.2, the best FSL model
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with length 9 is much more accurate than the length 2 model. Detailed results are shown in
Table 7.1.

Input Sequence Length Accuracy 95% C.I. ROC-AUC

2 (2012-2013) 0.802 [0.778, 0.794] 0.880
3(2012-2014) 0.826 [0.792, 0.816] 0.897
4 (2012-2015) 0.836 [0.799, 0.821] 0.910
5(2012-2016) 0.862 [0.831, 0.846] 0.926
6 (2012-2017) 0.859 [0.844, 0.853] 0.924
7 (2012-2018) 0.851 [0.823, 0.838] 0.924
8 (2012-2019) 0.850 [0.832, 0.845] 0.924
9 (2012-2020) 0.844 [0.826, 0.841] 0.914

Table 7.1: Results of the FSL models on test sets. Each model has been tested by using 1500 samples
of the same sequence length. The table reports the accuracy of the best model (over cross-validation)
on the bankruptcy binary classification followed by the confidence interval of accuracy over the results
of cross-validation and the ROC-AUC score of the best performing model.

7.4.2 Variable Sequence length models

Now we want to compare results between models whose input data are mixed, so as to have
more flexible models that can perform with sequences of different lengths, that we refer
to as VSL models. Each VSL model have been trained and tested on a different dataset
where 90% of data were used for train and validation and 10% of samples were used for
testing. Training and testing were performed by using a cross validation approach with 10
iterations. In Table 7.2, we highlight the performance of the best VSL model, which is the
one trained on sequences with complete information and time series which comprises data
in the ranges: 2012-2017, 2012- 2018, 2012-2019, and 2012-2020. In Figure 7.3 we show
the ROC curve to compare the results of the different VSL models and the confusion matrix
of the best performing model on the test set. It is possible to notice how the model trained
with sequences of length 3, 4, and 5 is the worst model in this case, and this can be explained
by the fact that it is the model with less complete information than all the other models, so
it is more likely to be wrong in its predictions. In Figures 7.4 we show the results of the
explainability method over the best performing VSL model. It is possible to notice that the

Number of Firms Input Sequence Length Accuracy 95% C.I. ROC-AUC

110k all lengths 0.835 [0.829, 0.832] 0.912
55k 6-7-8-9 0.850 [0.828, 0.842] 0.927
43k 3-4-5 0.834 [0.816, 0.828] 0.908
54k 3-5-7-9 0.836 [0.812, 0.827] 0.910

Table 7.2: Results of the VSL models on test sets. Each model has been trained and tested by using
the number of firms in the first column. The table reports the accuracy of the best model (over cross-
validation) on the bankruptcy binary classification followed by the confidence interval of accuracy
over the results of cross-validation and the ROC-AUC score of the best performing model.
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Figure 7.3: ROC curve comparison over the VSL models (on the left) and confusion matrix of the best
VSL model on the test set.

most important feature in bankruptcy prediction is the Inventory, and the firms with higher
inventory have less chance of financial distress. This result can be explained because firms
that have an important purchase-transformation-sale cycle with high stock levels are able to
work well and survive within the market

Moreover, the right inventory management system can save a company time and money.
We also observe that a firm with higher Net Profit has a lower probability of financial dis-
tress. This result indicates that those companies that succeed in having revenues significantly
higher than costs presumably are less subject to face situations of difficulty. When the value
of Inventory Turnover is high the chance of financial distress increases, and this can be ex-
plained by the fact that if this ratio is high in difficult periods the company might not have
the stock necessary to supply the production department or the points of sale in a timely
manner. Moreover, a higher turnover of inventory could make the company riskier. Another
important variable is the Share Capital. Higher values are related to higher default probabil-
ity, indicating that the economic contribution of shareholders is not sufficient to guarantee
proper resource management. Despite this, we interestingly notice that the higher the Equity
the lower the financial distress. Typically, firms with a capital structure having prevailing eq-
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Figure 7.4: Global feature importance plot (right) and Global summary plot (left).
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uity are stronger because throughout the years the company has achieved high profits which
became reserves. It seems that reserves play a key role in survival more than the liquidity
invested by shareholders in the form of share capital. Additionally, when Taxes is low this
means that the company was good at leveraging the tax shield and saving cash to invest. The
higher the value of Days Payable Outstanding the higher the probability of financial distress,
and this can be explained by the fact that taking a lot of time to pay bills and invoices of trade
suppliers could make them dissatisfied with receiving the money with so much delay, leading
them to undertake adverse conduct towards the company. The higher the Tangibles the lower
the financial distress, as firms having higher values of physical and measurable assets have
more resources to be competitive in today’s dynamic markets. More assets are also linked
to a higher availability of collateral, which is useful to get loans and receive the cash nec-
essary to pay debts to prevent bankruptcy. The higher the Total Value Production the lower
the financial distress. This means that businesses that are able to sell as much and add value
to production costs are less likely to fail. Similarly, the higher the Sales the lower the finan-
cial distress, because firms with no difficulty selling products or services undoubtedly have
a competitive advantage in the market. Additionally, the higher the Days Sales Outstanding
the higher the risk of bankruptcy, because if the average number of days taken by a firm to
collect payment from their customers after the completion of a sale is excessive the company
might not have cash buffers both for current activities and new investments that are crucial
to survive. The lower the Financial Income the higher the financial distress, indicating that
the revenue generated by the cash invested in financial investments could play an important
role. This interesting finding suggests that non-operating activities also matter. The higher
the Operating Result the lower the financial distress. Operating results are an essential metric
for investors to understand how much money a company is potentially capable of generat-
ing from its core business; moreover, it shows the ability to generate profit from operating
activities that can remunerate both debtholders and shareholders. The higher the Accounts
Payables the higher the probability of default, if the amount of money that the company owes
to suppliers is high, suppliers could be dissatisfied and might decide to interrupt the supply
or not grant deferred payment when the firm needs it. We also observe that the higher the
Current Assets the lower the financial distress, because a firm that operates in the market us-
ing many resources could potentially have a competitive advantage. The lower the Intangible
Assets the higher the financial distress. The intangibles allow growth opportunities in the
market and increase corporate value. In the current context, patents, managerial skills, and
know-how are essential to survive. The higher the Accounts Receivables the lower the finan-
cial distress, meaning that the company that converts accounts receivables to cash faster can
use such cash for growth purposes. The higher the Current Liabilities the higher the financial
distress; we can explain this result by the fact that if a firm needs to pay debts within the next
12 months it could need more money in the short run and if the cash is not available it could
suffer from financial constraints. Moreover, as expected, the higher the Debts the higher the
financial distress, as the most indebted companies may have difficulty coping with their debts
and subsequently go into crises. Finally, Cash is negatively related to default, as firms with
more liquidity have greater possibility to make investments in order to grow and to pay their
debts of any nature, avoiding corporate crises.
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7.5 Explainability

In this section, SHAP results will be reported and interpreted. SHAP was used to interpret
the output of the best model with a variable sequence length. Interpretation is very important
in order to get practical implications from the research conducted. For each SHAP plot in
this section, we show the top 20 variables that most affected the model’s prediction.

7.5.1 Global Feature Importance

Figure 7.4 (right) shows a waterfall plot of absolute mean SHAP values, reporting the average
importance of each financial index in the model, and hence the contribution of each to the
predictions, evaluated by using SHAP. Indexes are reported in order of importance. For
example, the model was strongly influenced by “Inventories” and “Net Profit”, moderately
influenced by “Tangibles” and poorly influenced by the others below. The feature importance
plot is useful but contains no information beyond global importance. As shown in Figure 7.4
(right), higher values of Profit/Loss Inventories are associated with positive SHAP values,
meaning that they will increase the prediction towards 1 (healthy firms). Moreover, lower
values of the variable are associated with negative SHAP values, meaning that they will
decrease the prediction towards O (bankruptcy). Conversely, for the Taxes lower values are
associated with positive SHAP values, increasing the prediction towards 1. Higher values
of the latter index, instead, are associated with negative SHAP values, meaning they will
decrease the forecast towards 0, which means bankruptcy.

7.5.2 Summary plot for each time step

We analysed the impact of variables at each different time step. As can be seen, each time
step ranks features. Indeed, as we said before, “Inventories” is the most impacting feature
at a global level, and this is confirmed by data of time steps 2017-2018 (Figure 7.5, 7.5).
As shown by time step 7 (Figure 7.7), the feature “Net Profit” is the most impacting one.
This feature indicates the net profit of the company, and its contribution is directly related
to the output of the model: it means that as the value of the feature increases, the Firm is
pushed towards a status of health. In other words, a company whose net profit assumes a
high value tends to be in financial health and vice versa. In time step 8 (Figure 7.8), instead,
the feature “Taxes” occupies the first position. As noted previously, the contribution of this
item is inversely related to the value of the prediction: as the value of the feature increases,
the output tends to be negative. In other words, a company with a lot of taxes to pay is more
likely to fail. An interesting thing to discuss is that the feature “Taxes” has the most impact
in the last time step (2020) see Figure7.7. Indeed in 2020, the first year of the COVID-19
pandemic, the amount of debt (for most companies) drastically increased due to a lack of
income and higher taxes, Each time step ranks the features. Indeed, as noted, “Inventories”
is the most impacting feature at a global level, and this is confirmed by data of time steps 5-6
(2017-2018). The story is different for time step 7-8 (2019-2020), in which other features are
more influential. As is evident from the time step 7 plot (Figure 7.7), the feature “Net Profit”
is the most crucial. This feature indicates the net profit of the company, and its contribution is
directly related to the output of the model: it means that as the value of the feature increases,
the contribution becomes positive. In other words, a company whose net profit assumes a
high value tends to be in financial health and vice versa. In time step 8, instead, the feature
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“Taxes” occupies the first position. Here again, its contribution is inversely related to the
value of the prediction: as the value of the feature increases, the output tends to be negative.
In other words, a company with a lot of taxes to pay is more likely to fail. An interesting thing
to discuss is that the feature “Taxes” has the most impact in the last time step(2020). Indeed
in 2020, the first year of the COVID-19 pandemic, the amount of debts (for most companies)
drastically increased due to a lack of income and heavier taxes, resulting in a large number
of bankruptcies. These results open new research prospects as they suggest investigating
business crises situations before, during, and after the COVID-19 crises using the techniques
we have employed. Surprisingly, in the last two time steps the feature “Inventories” is not
even in the top five impacting features. This proves the fact that SHAP is also useful at the
local level to understand better what happens time step after time step.

7.6 Discussion, Managerial Contribution, and Conclusions

In this work, we presented a DL approach to address the Bankruptcy Prediction problem uti-
lizing Recurrent Neural Networks. Extensive experimentation and a review of the literature
on ML and DL models underscored the significance of our chosen methodology. Notably, our
best model outperformed other architectures, and we explored fixed and variable sequence
length models, ultimately selecting a variable sequence length model with an accuracy of
0.85 and a ROC-AUC score of 0.927 as the optimal predictor. Leveraging the SHapley Ad-
ditive Explanations method, we elucidated the impact of each feature on model predictions,
enhancing the interpretability of the results and that which is important to obtain managerial
implications.

Our findings demonstrate the viability of RNNs in bankruptcy prediction, offering a valu-
able tool for decision-making in financial contexts. The use of a long time-series also allows
understanding how many years before the crises there are signals of possible financial dis-
tress. We have identified potential variables with a higher predictive power so as to prevent
corporate financial crises. In particular, we observed that firms with higher inventories, net
profit, sales, value of production, and operating results have a lower probability of distress,
being successful in the market. We also find that management of net working capital is also
important as having too many trade debts (or paying such debts with delay) could make sup-
pliers dissatisfied, and having too many receivables (or collecting such receivables with a
delay) could bring cash difficulties. We also find that having reserves (and so positive net
profits throughout the years) is more important for survival than the amount of money pro-
vided by shareholders in terms of share capital. It is also interesting to notice the crucial
role of intangibles in survival. Indeed, firms with non-tangible assets such as patents, skills,
know-how, etc. have key resources to pursue growth opportunities and take on market com-
petition.

Concerning potential practical implications, the first important implication of the research
is to provide a model/tool that assesses a possible business crisis in advance through a mon-
itoring and alert system. In this way, it is possible to provide indications on the critical
business areas and exploit an easy-to-use management support tool. Another important ap-
plication is for policymakers who can use our research’s output as a tool to combine with
current credit-scoring systems and to assess the effectiveness of the new corporate crisis re-
forms that are upcoming in many European countries. This would favour public and private
collaboration. In addition, it would support the current control system of the business crisis,
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reducing and making the assessments more efficient. In particular, in Italy, such a model
would make it possible to improve the “assisted settlement of the crisis,” a system introduced
in Italy through Legislative Decree 14/2019. More generally, the model can more effectively
support the entire Italian control system with regard to managers and the Corporate Crisis
Settlement Organisation (the Italian OCRI). The timeliness of the alerts could even reduce
the crisis reports sent to the OCRI, which occur in the presence of ex-post financial data
or events that reveal a status of insolvency. Moreover, our model can be used by Italian
financial institutions to elaborate the existing Indices of Reliability for companies, going be-
yond the techniques currently employed. A further social impact of the model is its greater
simplicity and effectiveness in forecasting crises. In fact, with this model, it is possible to
avoid/mitigate the negative consequences of socio-economic effects from business failure,
such as less time spent by the courts on insolvency proceedings, lower unemployment, fewer
social consequences for entrepreneurs whose project fails, fewer psycho-emotional reactions,
and personal traumas that often characterize “failed” entrepreneurs. Therefore, the potential
practical/technological applications are considerable, and the tool can be available to com-
panies in order to reduce corporate crises with important socio-economic benefits. The tool
can also be made available to banks, public entities, and consulting firms that interact with
companies and are interested in the evaluation of a firm’s financial health. Our results also
provide implications with a strong impact on the scientific/technological community at the
international level. The output of the research has an important impact on the scientific
community as it represents the starting point of new challenges in technological innovation
aimed at applying Al techniques to predictive models of business strategies, such as invest-
ments, financial decisions, marketing choices, and so on. It is possible to start a new line of
scientific and technological research that would lead to the use of Al in various areas of man-
agement, exploiting deep learning techniques for applications that guide the entrepreneur not
only toward the correct quantitative choices but also provide support for strategic/qualitative
decisions with a consequent strong impact on business and economic growth. Future re-
search prospects involve the integration of governance, ESG, and social media information
into our RNN model, which could provide real-time insights overcoming the limitations of
delayed financial reporting and improving predictive accuracy. Utilizing LSTM for process-
ing unstructured text from governance indicators, ESG, social media, and news articles holds
promise for capturing economic trends, thus enhancing the overall predictive capabilities
of neural networks in identifying risky business situations and signalling potential financial
distress. This research opens avenues for more accurate and timely bankruptcy prediction
methodologies crucial in today’s dynamic economic landscape. A research limitation con-
sists of the fact that this paper is based only on accounting data and that for this reason we
suggest using other non-financial variables to further improve accuracy.
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Chapter 8

A New Graph Neural Network (GNN)
Based Model for the Evaluation of

Lateral Spreading Displacement in New
Zealand

The increased availability of high-quality data from post-disaster field reconnaissance en-
abled the use of deep learning algorithms in the field of geotechnical earthquake engineering.
The 2010-2011 Canterbury earthquake sequence in New Zealand caused significant damage
due to abundant manifestation of liquefaction-induced lateral spreading. The data available
from this sequence is an ideal case study for deep learning analyses due to the amount and
quality of information available through the New Zealand Geotechnical Database (NZGD).
A dataset of about 7500 datapoints was collected and organized by the authors to develop a
new Graph Neural Network (GNN) algorithm for lateral spreading in the Canterbury area.
The comparison between predicted and observed data is performed using feed-forward Neu-
ral Network. Several GNN models with different features are used and presented in this paper
and Explainable Artificial Intelligence is applied to the model that provides the best perfor-
mance. These computationally expensive analyses were carried out utilizing cloud-based
computing capabilities offered by the Texas Advanced Computing Center (TACC) available
to the natural hazard community through the cyberinfrastructure DesignSafe.

8.1 Introduction

Soil liquefaction is a phenomenon that occurs in saturated loose sand deposits during strong
and rapid cyclic excitations such as earthquakes. The sudden motion generates excess pore
water pressure that causes a rapid decrease of the stiffness of the soil with a consequent
failure. In the presence of a gentle slope or near a free face, liquefaction triggering facilitates
lateral spread displacements. Such a mechanism can generate significant damages to the built
environment, increasing the loss associated with the earthquake [295, 296]. The 2010-2011
Canterbury earthquake sequence in New Zealand is known in the geotechnical earthquake
engineering community as one of the best documented case studies for earthquake-induced
lateral spreading phenomena (Figure 8.1(a)). Remote sensing techniques were used to obtain
ground displacement from image correlation of satellite images before and after each event
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Figure 8.1: (a) Observed liquefaction-related damage (data from NZGD 2013) and (b) lateral spread-
ing horizontal displacement observed from optical image correlation (data from Rathje et al. 2017 [1])
in the Avon River area for the 2011 Christchurch earthquake [2].

of the sequence (Figure 8.1(b)) [1].

The New Zealand Geotechnical Database (NZGD) is a publicly-available collection of
geotechnical site characterization data. The availability of high-quality data collected in
the post-disaster field reconnaissance combined with the numerous field investigation data
performed in the whole area struck by the earthquake represents a precious dataset that en-
ables the use of innovative artificial intelligence (Al)-based techniques to better guide lateral
spreading hazard analysis. Previous studies were carried out in the area of interest using both
standard methods [297, 298, 299] and more innovative approaches such as using Al-based
techniques [300, 2].

The research presented in this paper aims to develop a new Graph Neural Network (GNN)
algorithm to predict the occurrence of lateral spreading based on geometrical and event-
specific conditions. More specifically, a dataset of about 7500 datapoints was collected
and organized with the following information: (i) distance from the river (ii) ground slope
(ii1) ground elevation (iv) ground water table - GWT (v) Peak Ground Acceleration - PGA.
The event-specific information (i.e., GWT and PGA) are referring to the 22 February 2011
Christchurch earthquake (Mw 6.2) and were extracted from the NZGD. Lateral spreading
occurrence 1s evaluated at each datapoint based on the remote sensing analyses presented by
Rathje et al. 2017 using a 0.3m threshold to discern between occurrence and non-occurrence
of lateral spreading. As in different subject areas, prior research conducted the application of
GNNs exploiting geometrical and event-specific variables [301, 302, 303].

118



GNN

/i E\
) Sigmoid | |
AN

/ -

—
pr—
—

Figure 8.2: Schematic representation of Graph Neural Network algorithm.

8.2 Al Methods

Random Forests (RFs) are Machine Learning (ML) models belonging to the ensemble learn-
ing family which combines individual models aiming at more accurate and robust predictions
[304]. RFs consist of ensembles of Decision Trees which recursively splits the data based on
features resulting in a tree-like structure.

Deep Learning (DL) is a subset of ML methods which are able to consider numerous
variables and accounting for non-linear interaction between them. Based on Artificial Neural
Networks (NNs), DL models consist of consecutive layers of interconnected artificial neu-
rons which process and propagate information [305]. Such models are not immediately inter-
pretable, meaning that it is difficult to understand the causal relationship between input and
their output. Explainable Artificial Intelligence (XAI) methods are designed to overcome
this limitation. Graph Neural Networks are DL models able to process graph representa-
tions. These models are particularly suitable for the analysis of geospatial datasets (e.g.,
geotechnical damage maps) making it possible to consider the relationship between neigh-
boring nodes. As shown in Figure 8.2, through GNNs the information can be propagated,
aggregated, and processed among neighbors such that the prediction on a specific point takes
into consideration the influence of its immediate surrounding nodes. As the number of GNN
layers increases, the information spread is extended beyond the immediate neighborhood
of nodes as an iterative process. The local correlation assumption [306, 307] which char-
acterizes spatial data enables the use of distances to define neighbor relationships between
points in geospatial datasets. In this study, Graph Convolutional Networks [308] are adopted
to model liquefaction-related damage observed in New Zealand following the February 2011
Christchurch earthquake (Mw 6.2) and predict for each node the occurrence of lateral spread-
ing.

8.3 Experiments
This study provides a performance comparison between RF, NN, and GNN in the prediction

of lateral spreading occurrence by binary classification (yes/no). The baseline for the com-
parison refers to the RF Model 3 developed by Durante and Rathje (2021) which makes use
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Figure 8.3: Prediction over the whole dataset by the best (a) NN and (b) GNN models.

of available geometrical and event-specific features. For fair comparison, the same feature
set is used to train all the models being evaluated. In this experimental setting, NNs input
consists of a set of feature vectors while the GNNs input is a graph. The latter is obtained
from the geospatial map by considering the latitude and longitude of each datapoint such that:
each datapoint is a graph node (characterized by the set of features) and edges are added so
that each node is linked to its £ = 5 nearest neighbors according to their Euclidean distance.

In order to find the best hyperparameter (i.e., an input parameter of the model) config-
uration for the networks, a grid-search approach was used. The hyperparameters space for
both NN and GNN was defined by the number of trainable parameters (50k, 67k, 100k), the
learning rate, the activation function, and the coefficient of the /2 regularization term. Models
were trained by using the binary cross-entropy as loss function and with a maximum number
of epochs (650) under an early stopping mechanism to avoid overfitting.

For each different hyperparameter configuration, we performed 10-fold Cross-Validation
(CV) which assesses the model’s ability to generalize by repeatedly training and testing the
model on different subsets of the dataset. Models’ performance was assessed by considering
Cohen’s kappa (x) coefficient [309] coherently with the reference work. The best hyperpa-
rameters configuration is chosen as the one with the highest average performance (according
to coefficient ); the best model is ultimately selected as the best performing model among
the CV iterations of the chosen configuration.
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NN GNN
Metric Ref Best Cl Best CI

Accuracy 0.88 0.85 0.82-0.83 0.91 0.89-0.90
Recall (Yes) 0.82 0.79 0.75-0.76 0.87 0.85-0.88
Recall (No) 093 0.89 0.86-0.88 0.94 0.90-0.92
Precision (Yes) 0.89 0.84 0.80-0.81 0.91 0.87-0.89
Precision (No) 0.87 0.85 0.83-0.84 0.91 0.90-0.91
ROC AUC 090 0.92 0.89-0.90 0.97 0.94-0.96

Table 8.1: Test results in predicting liquefaction induced lateral spreading occurrence (CI=95% Con-
fidence Interval)

8.4 Results

This section discusses results obtained applying the best NN and GNN models presented
previously to the extensive dataset available to predict the occurrence of liquefaction induced
lateral spreading. Fig. 8.3 shows the distribution of model predictions for NN (Fig. 8.3(a))
and GNN (Fig. 8.3(b)) in terms of True Negative (TN — green dots), True Positive (TP — green
triangles), False Positive (FP — red dots) and False Negative (FN — yellow triangles) among
data points. The distribution of the errors (FP and FN) is not concentrated in any specific area
meaning that the models are both able to predict the general pattern on a regional scale. The
comparison between NN and GNN shows that the latter is able to perform better especially
in the western part of the selected area thanks to the fact that due to its formulation it is able
to include in the analysis the relationship between neighboring nodes.

Table 8.1 reports the test results for the models considered in terms of accuracy, recall,
precision, and ROC AUC for the best NN and GNN models together with the 95% confidence
interval (CI) that represents the range of estimates of each metric sampled by CV iterations for
the chosen hyperparameter configuration. In this table it is also reported the performance of
the reference model (Ref) that is the RF presented in Durante and Rathje 2021. The numbers
show that while the best NN model is on average less performing compared to the reference
model, the best GNN model always provides higher metrics compared to the reference RF
model.

8.4.1 Explainability

DL models as mentioned are not immediately interpretable. For this reason, XAl methods
are often used to better understand the contribution of each feature in the model response. In
this study, Shapely Additive exPlanation (SHAP) is used to interpret the models. SHAP is
a game theory-based approach for interpreting black-box models that assigns an importance
value to each feature called a SHAP value according to its contribution to the predictions
[13]. The implemented SHAP adaptation to GNN models provided by Duval and Malliaros
(2021) enables the use of graph data and was used to compute explanations for the best GNN.

Nevertheless, a powerful tool to visualize feature importance and their effects over the
prediction is the beeswarm plot. Such a plot can be interpreted as follows: the features are
listed from the most (top row) to the less relevant (bottom row). Each point on the plot is
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Figure 8.4: SHAP-based beeswarm plots showing the relation between dataset samples and their
influence over the model predictions for (a) RF, (b) NN and (c) GNN.

a SHAP value for a feature and a sample distributed along the horizontal axis with color
coding the feature value (as shown in the legend of the plot, high values in red and low values
in blue). In binary classification, points associated with positive SHAP values increase the
prediction towards the occurrence of the event while ones associated with negative values
decrease the prediction towards the absence of the event.

Fig. 8.4 shows the beeswarm plots for the reference RF model (Fig. 8.4(a)), the best
NN model (Fig. 8.4(b)) and the best GNN model (Fig. 8.4(c)). For the RF and NN models,
the most important parameter is PGA, while for the GNN is the elevation with PGA as the
second most important. For all the models, the less influential feature is the slope but it is
worth noticing that while both RF and NN model predictions are not clearly influenced by this
feature (SHAP values are concentrated around zero), the GNN model is able to leverage its
contribution to the prediction. More specifically, on average, higher values of slope increase
the GNN model predictions towards lateral spreading occurrence. Similarly, for RF and NN
models, high values of PGA, smaller distance from the river (L) and small values of GWD
all increase the prediction in the same direction. This model behavior is ensuring that the
models shown in this study are able to respect the physics beyond the problem analyzed.
Nevertheless, the interaction between SHAP values and feature values is less evident for the
GNN explanation which is attributable to SHAP definition not considering the influence of
the neighboring nodes to the prediction.

8.5 Conclusions

Deep learning algorithms are used in this paper to predict the occurrence of liquefaction
induced lateral spreading for the February event of the 2010-2011 Canterbury earthquake
sequence in New Zealand. Data from the New Zealand Geotechnical Database are used to
create a dataset of about 7500 datapoints with some basic geometrical and event specific in-
formation. The DL algorithms selected for this study are NN and GNN. The selection of
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the best models is based on a parametric investigation that included several hyperparameters
for each algorithm. These computationally expensive analyses have been carried out utiliz-
ing cloud-based computing capabilities offered by the Texas Advanced Computing Center
(TACC) available to the natural hazard community through the cyberinfrastructure Design-
Safe [310]. The comparison of the best models used SHAP analyses as a tool to provide
explanation to the different models. It was shown that GNN is able to correctly consider the
contribution of each feature and that the added information from modeling the relationship
between neighboring nodes is increasing the overall performance of the model in the regional
scale.
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Chapter 9

A New Deep Learning and XAI-Based
Algorithm for Features Selection in
Genomics

In the field of functional genomics, the analysis of gene expression profiles through Machine
and Deep Learning is increasingly providing meaningful insight into a number of diseases.
The paper proposes a novel algorithm to perform Feature Selection on genomic-scale data,
which exploits the reconstruction capabilities of autoencoders and an ad-hoc defined Ex-
plainable Artificial Intelligence-based score in order to select the most informative genes for
diagnosis, prognosis, and precision medicine. Results of the application on a Chronic Lym-
phocytic Leukemia dataset evidence the effectiveness of the algorithm, by identifying and
suggesting a set of meaningful genes for further medical investigation.

9.1 Introduction

In the field functional genomics, starting from the results of the Human Genome Project, the
evolution of sequencing techniques provides big volumes of data for each single patient by
taking advantage of the high-throughput and next-generation sequencing i.e., a set of time
and cost-effective techniques for sequencing DNA and RNA. By means of them, it is possi-
ble to measure the expression of thousands of genes for each individual and hence to collect
quantitative gene expression profiles (GEP) to be used for research and clinical purposes.
But despite GEP datasets represent a valuable source of information in healthcare—they are
indeed used for diagnosis, prevention, and precision medicine—their analysis results chal-
lenging for three main reasons. The first one is the course of dimensionality: a genomics
dataset typically consists of a very large number of features (genes) and a small number of
samples (patients); the second problem concerns imbalanced classes: in the analysis of dif-
ferent groups of patients, genomics data are often stratified in classes according to different
pathologies. In most cases, there is a significant difference between the number of instances
in each class; finally, sequencing data are typically collected from multiple sources, different
laboratories, and sequencing tools. This results in noisy datasets which are difficult to ana-
lyze [311].

In recent years, Machine Learning (ML) and Deep Learning (DL) have been widely adopted
in this field, providing breakthrough results and meaningful insights into the relationship be-

124



tween genomics and cancer [312, 313]. Although still very promising, DL models are in
general not immediately interpretable, meaning that it is difficult to understand the causal
relationship between the inputs and their outcomes. This is an even more severe problem
in the bioinformatics domain, where it is crucial to understand, for example, in the case of
genomics, how the expression of a gene can affect the progression of oncological patients.
We propose a new algorithm, based on DL and Explainable Artificial Intelligence (XAI),
for genomics whose aim is threefold: first, select the most meaningful genes for a regres-
sion/classification problem; second, provide a more accurate prediction model; third, quan-
tify and evaluate the effect of features on the predictions, through XAI. We used our algorithm
for the GEP analysis of Chronic Lymphocytic Leukemia (CLL) patients, identifying a mean-
ingful subset of genes for the disease prognosis. The following sections are organized as
follows. First, we review the most relevant related works in Section 9.2, and we then give a
formal definition of the algorithm in Section 9.3. The application and the results obtained by
the algorithm for the CLL study are discussed in Section 9.4. Finally, directions for further
research are proposed in Section 9.5.

9.2 Related Works

A number of recent studies propose and evaluate new approaches for feature selection (FS)
on GEP datasets for cancer diagnosis and prognosis[312]. Such methodologies mainly aim
at selecting the most informative genes, which are able to characterize classes and identify
groups of patients. In this context, the adoption of XAl methods has started to gain momen-
tum for interpretability purposes as well as to enhance FS[314, 315, 316]. A widely used
approach to overcome the course of dimensionality problem is to perform dimensionality re-
duction using AEs [317]. While this has been proven to be effective, the encoding is typically
a non-linear projection of the variables into a lower-dimensional space, which makes it dif-
ficult to provide the proper interpretations of the results. In this work we propose a novel
approach, which uses AEs for selecting the most informative genes without any change into
the original features space, hence enhancing the explainability of the results, and still exploit-
ing the representation abilities of AEs.

We moreover use an ad-hoc defined XAl-based score in order to iteratively select the features
by taking advantage of the Shapely Additive ex-Planation method (SHAP)[279], a cooper-
ative game theory-based approach for computing the shapely values. Such values measure,
locally (at the sample level), the contribution of each feature to the predictions of an ML
model. In particular, for a given sample z, the set of features F', the contribution of the
feature j € F'is defined as:

SI(|F|—[S|—1)!
¢j = Z Gl ||F|" =Y [fsugy(zsugy) — fs(@s)] 9.1)
SCF\{j} '

with ¢; € R and where fsy(;; and zgyy;; denote the prediction model and the sample con-
sidering the only subset of features S without the j-th one. In words, SHAP computes the
contribution of a feature by comparing the model predictions obtained with and without a
feature, for all the possible combinations S. Since the computation of the Equation 9.1 is
inefficient in the case of NN as a prediction model—a NN should be re-trained for each
combination of features (2/*'1)—the authors demonstrate in [279] that shapely values can be
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Figure 9.1: The Proposed Algorithm.

computed by solving a weighted linear least square regression with the proper shapely kernel.
Although we used such an alternative method, we omitted the details and focus on the only
definition of shapely values.

9.3 The Algorithm

The proposed algorithm is based on two main ideas: (1) we use a clustered correlation matrix
in order to group features that enclose similar patterns and we then filter the redundant infor-
mation for each group by using AEs. In contrast with previous works, in which AEs are used
for dimensionality reduction, we still work at the level of the original features. In particular,
we take advantage of the encoding and reconstruction abilities of the AEs assuming that the
more accurate is the reconstruction of a feature, the more that feature is representative of the
cluster it belongs to. We hence provide a more treatable dataset in terms of dimensional-
ity, without loss of representativeness, by filtering redundant features; (2) we train NNs and
we iteratively select the most meaningful features using a new ad-hoc defined SHAP score.
We repeat the analysis by removing at each iteration, the previously selected features. We
eventually use the set of selected features (from all the iterations) to train and explain a final
model. Figure 9.1 shows the main algorithm phases.

9.3.1 Formal Setting

Let be D = {X,Y} a dataset such that X € R™™ is the matrix of inputs, and Y € R™*
is the matrix of the corresponding labels. Let us further assume m > n meaning that the
dataset is characterized by a way larger set of features with respect to the number of samples.

As a novelty contribution, we introduce a new impact score, which, by means of the
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SHAP local explanation, measures the global impact of each feature on model predictions.
We hence associate to each feature (column) j of X, used to train a model N, a couple (p;y
,jn) Were p;y is the correlation between the j-th columns of X and their shapely values
{¢p1,j, -, n;}» and @,y is defined as follows:

oy = D i |zl Cbz?,j
=
’ Z;Ln:l > |Tin] * ¢z2,h

With p;y and ¢,y we want to emphasize how and how much, respectively, a feature globally
affect the predictions of N.

9.2)

9.3.2 Algorithm

For sake of clarity, we introduce our algorithm by first defining a set of sub-procedures. The
first one (Algorithm 1) computes the pairwise correlation matrix C' € R™*™ between the
features (columns) of a generic real-valued matrix M. Finally it clusters C' in order to return
aset K = {ky, ..., k,} such that foreach i = 1, .., ¢, k; is a set of indexes—a partition (cluster)
for the columns of M.

The second sub-procedure, defined in Algorithm 2, trains an AE for each cluster, by using the
transpose of the input matrix /M/—meaning that, for the AE model, each feature represents
a sample and vice versa. The rationale here is that we assume the best-reconstructed feature
(over the samples) to be the most representative of the cluster it belongs to. We denote
M, € R™ kil a5 a matrix including the only columns of M which indexes are in k;. The
evaluate function provides the column indexes of M} associated with the best-reconstructed
feature. Finally, the sub-procedure returns a set .JJ of ¢ indexes—one for each cluster.

Algorithm 1 Corr. & Clustering Algorithm 2 AE Filtering

function CORRCLUSTERING(M) function AEFILTERING(M,K)

C <+ corr(M) J+0

K « clustering(C) for k € K do

return K AE ¢ train(MT)
end function J « J U evaluate(AE , M)

end for
return J

end function

The last sub-procedure, reported in Algorithm 3, takes as input: the data, a matrix of shapely
values ¢ and the threshold 8 € R, with § € [0, 1]. It first computes the correlations between
each column of M and the corresponding columns of ®. Subsequently, it computes the
intensity for each feature following the definition of equation 9.2. It then selects the column
indexes according to 8 and the mean intensity, to finally provide a set J of column indexes
for M.

Algorithm 3 Selection

function SELECT(®, M, )
¢ < computeCorrelation(®, M)
d < computelntensity(®, M)
1
4= 1qr 2aea @
J{illpil>B N ;> p, Vpj €c,Vp; €d}
return J
end function
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The main procedure is described by Algorithm 4. After clustering the correlation matrix,
it selects a set of meaningful features index to be added to S. It then removes the selected
indexes from their corresponding clusters in /X and proceeds by repeating the analysis. Here
we denote X ; € R™*I/l (and accordingly Xg) as a matrix including the columns of X which
indexes are in J, and N; (and accordingly Ng) as a NN trained on {X;,Y'}. The iterative
analysis stops when o € N, a < m features are selected or on a maximum number of
iterations. The algorithm eventually trains and explains a final NN using the set .S.

Algorithm 4

Require: X,Y
K < CORRCLUSTERING(X)
S« 0
while |S| < o V not maxIter do
J < AEFILTERING(X, K)
XY, Y « DATABALANCING(X 7,Y)
N < FINDMODEL(XY,Y?) > Model Selection & Training
P < SHAP(N 7, X ) & matrix of shapely values ® € R"* 17
J < SELECT(®, X ;)
S« Su{jiet|iel}
K<+ K\S > remove from their corresponding cluster
end while
Ng < FINDMODEL(Xg, Y)
P < SHAP(Ng, Xg)
J* < SELECT(®, Xg)

9.4 A Use Case: Chronic Lymphocytic Leukemia

9.4.1 Materials and Methods

We applied our algorithm for analyzing GEP of patients affected from CLL. The dataset used
for this analysis is composed of 97 patients GEP for 19367 genes. The such dataset was
extracted from the observational O-CLL1 study (clinicaltrials.gov identifier NCT00917540),
where a set of newly diagnosed Binet A CLL cases were prospectively enrolled from several
Italian institutions and studied for GEP [318, 319]. For each patient a real-valued number
is provided, indicating, as a factor of prognosis, the time interval after which the condition
of the patient deteriorates. In particular, we distinguished two classes: class 0 (23 samples)
for the patients whose condition deteriorates in a period shorter than 24 months, and class 1
(74) for the patients whose condition deteriorates in a period equal or longer than 24 months.
We used the proposed algorithm for training a NN to solve such a classification problem as
well as to identify a set of meaningful genes over the whole set of 19367. We additionally
provide insight into the prognostic power of such genes. The genes were initially clustered
in 500 groups by using a hierarchical clustering technique—Figure 9.2. The AE filtering
selects 500 genes and we further applied a statistical filter in order to select 50 genes. After
re-balancing the classes with the Synthetic Minority Over-sampling Technique (SMOTE),
we perform model selection with 10-fold cross-validation in order to find the best (in terms
of binary accuracy on the test set) NN for solving the classification problem. We finally use
our SHAP scores (defined in Section 9.3.1) to select the most meaningful genes, by setting
B = 0.85. After selecting a set of & = 50 genes through the iterations of the algorithm, we
use them to train and explain a final NN. During cross-validation, the dataset was split into
a train set of 138 patients (after re-balancing) and a test set of 10 only-real patients equally
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[ ) ; : | Iteration | Accuracy (CI195%)
| \ 1 77.2%-92.7%
‘ : 2 747%-91.2%
liig ’ 3 68.6%-89.3%
} 4 64.3%-83.6%
i | final 79.1%-92.9%
Table 9.1: Results over iterations.

Figure 9.2: Genes clustered correlation matrix.

divided among the two classes.

The algorithm has been implemented using the Python (v3.8.11) programming language.
NN have been implemented by taking advantage of the Tensorflow (v2.6.0) framework along
with the Keras library. XAl analysis was performed by means of the SHAP library [279].

9.4.2 Results

The overall results are reported in Table 9.1. In particular, for each iteration of the algorithm,
we measured the accuracy of all the models obtained during cross-validation, for which we
report the confidence interval. As we expected, the classification accuracy decreases with the
algorithm iterations: the reason is that the previously chosen features—expected to be the
most representative of each cluster—are no more considered for the subsequent analysis. An
improvement in accuracy is instead reported for the final step of the algorithm, by which a
model is trained using the set of genes selected during each iteration. The accuracy of the
best final model is 100%.
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Figure 9.3: Final selected genes.

Figure 9.3 reports, on the left side, a summarized representation of the shap values and, on
the right side, the values for correlation and intensity for the most interesting genes found by
our algorithm.
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9.5 Conclusions

The algorithm proposed in this work can be used as a valuable tool in genomics to iden-
tify protective (or not) sets of genes for a disease, suggesting potential pathways for further
medical investigation. A natural direction for future development is to perform a large-scale
assessment of the algorithm performances, by using state-of-the-art benchmark GEP datasets.
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Chapter 10

Genes Selection using Deep Learning and
Explainable Artificial Intelligence for
Chronic Lymphocytic Leukemia
Predicting the Need and Time to Therapy

Analyzing Gene Expression Profiles (GEP) through Artificial Intelligence provides mean-
ingful insight into cancer disease. This study introduces DeepSHAP Autoencoder Filter for
Genes Selection (DSAF-GS), a novel Deep Learning and Explainable Artificial Intelligence-
based approach for Feature Selection in genomics-scale data. DSAF-GS exploits autoen-
coders’ reconstruction capabilities without changing the original feature space, enhancing
results’ interpretation. Explainable Artificial Intelligence is then used to select the informa-
tive genes for Chronic Lymphocytic Leukemia prognosis of 217 cases from a GEP database
comprising roughly 20000 genes. The model for prognosis prediction achieved an accu-
racy of 86.4%, a sensitivity of 85.0%, and specificity of 87.5%. According to the proposed
approach, predictions were strongly influenced by CEACAM19 and PIGP, moderately influ-
enced by MKL1 and GNE, and poorly influenced by other genes. The 10 most influential
genes are selected for further analysis. Among them, FADD, FIBP, GNE, IGF1R, MKLI1,
PIGP, and SLC39A6 were identified in the Reactome pathway database as involved in signal
transduction, transcription, protein metabolism, immune system, cell cycle, and apoptosis.
Moreover, according to the network model of the 3D protein-protein interaction (PPI) ex-
plored using the Network Analyst tool, FADD, FIBP, IGF1R, QTRT1, GNE, SLC39A6, and
MKL1 appear coupled into a complex network. Finally, all the 10 selected genes showed a
predictive power on Time To First Treatment (TTFT) in univariate analyses on a basic prog-
nostic model including IGHV mutational status, del(11q) and del(17p), NOTCH1 mutations,
[2-microglobulin, Rai stage, and B-lymphocytosis known to predict TTFT in CLL. However,
only IGFIR [hazard ratio (HR) 1.41, 95% CI 1.08-1.84, P=0.013], COL28A1 (HR 0.32, 95%
CI 0.10-0.97, P=0.045), and QTRT1 (HR 7.73, 95% CI 2.48-24.04, P<0.001) genes were
significantly associated with TTFT in multivariable analyses when combined with the prog-
nostic factors of the basic model, ultimately increasing the Harrell’c index and the explained
variation to 78.6% (versus 76.5% of the basic prognostic model) and 52.6% (versus 42.2%
of the basic prognostic model), respectively. Also, the goodness of model fit was enhanced
(x2=20.1, P=0.002), indicating its improved performance above the basic prognostic model.
In conclusion, DSAF-GS identified a group of significant genes for CLL prognosis, suggest-
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ing future directions for bio-molecular research.

10.1 Introduction

A precise prognostic methodology in chronic lymphocytic leukemia (CLL) patients is criti-
cal from the clinical standpoint since progression to a more advanced disease stage requires
therapy and often implies an adverse prognosis. At first presentation/diagnosis, over three-
quarters of CLL patients are classified as early/asymptomatic disease phase and not requiring
immediate therapy [320]. Although most patients have a low-risk profile, as indicated by the
high frequency of the immunoglobulin heavy chain variable (IGHV) gene mutated (IGHV-
mut) status [321] and the low del(17p) occurrence involving the TP53 locus [322], the time
to first treatment (TTFT) is rather heterogeneous and it can be partially predicted using com-
binations of risk-associated markers which include staging systems and S2-microglobulin
(62-M) [323].

Despite the proven prognostic power of this approach, the clinical course of a number of
patients does not follow the pattern predicted, possibly indicating the requirement for addi-
tional prognosticators. In this respect, gene expression profiling (GEP) that is the measure-
ment of the activity (the expression) of all genes of interest to depict a synthetic picture of
cellular function is exploited to increase the ability to predict the prognosis of CLL patients
[324, 325].

Although GEP datasets represent a valuable source of information in healthcare, being
currently used for diagnosis, prognosis, and precision medicine of hematological malignan-
cies [326], their analysis results challenging for three main reasons. The first one is the
course of dimensionality: genomic-scale datasets typically consist of a very large number
of features (genes) and a relatively small number of samples (patients); the second problem
concerns imbalanced classes: genomics data are often collected from multiple sources and
stratified based on pathologies. In most cases, there is a significant difference between the
number of instances in each class; finally, sequencing data are typically collected from multi-
ple sources, different laboratories and sequencing tools. This results in noisy datasets which
are difficult to analyze [327].

A bioinformatic analysis is necessary to fully realize the potential of these large-scale
sequencing data for prognosis in hematological malignancies [328] and solid tumors [329].
Machine Learning (ML) approaches have been widely used to enhance the performance of
diagnostic and predictive models for different diseases and CLL as well [330]. Resources
and guidelines for using ML in CLL have been made available [311].

However, most ML prognostic models for CLL fail to consider numerous variables and
do not account for non-linear interactions between them [331]. This limits the accuracy
of the models and the ability to make informed predictions about the disease progression.
Therefore, promising tools, such as Deep Learning (DL) methods, a subset of ML methods
based on Artificial Neural Networks (NNs), may be used to overcome the aforementioned
ML limitations. DL approaches recognize hidden patterns in large-scale datasets that are
typically difficult to detect with traditional statistical and ML models. Recent studies propose
and evaluate new feature selection (FS) approaches on genomic-scale datasets for cancer
diagnosis and prognosis [332]. Such FS methodologies mainly aim at selecting the most
informative genes which can characterize classes and identify groups of patients.

Although very powerful, DL. models are in general not immediately interpretable, mean-
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ing that it is difficult to understand the causal relationship between the inputs and their out-
comes. This is an even more severe problem in the bioinformatics domain where it is crucial
to understand, for example in the case of genomics, how the expression of a gene can affect
the progression of oncological patients. In this context, adopting Explainable Artificial Intel-
ligence (XAI) methods have started to gain momentum for interpretability purposes as well
as to enhance FS [333].

On the other hand, a widely used approach to overcome the course of dimensionality
problem is to perform dimensionality reduction using Autoencoders (AE) [334]. While this
has been proven effective, the encoding is typically a non-linear projection of the variables
into a lower-dimensional space, making it difficult to provide the interpretations of the proper
results.

This study introduces DeepSHAP Autoencoder Filter for Genes Selection (DSAF-GS), a
novel DL and XAl-based FS method for genomics-scale data analysis. Such a method uses
AEs for selecting the most informative genes without any change into the original features
space, hence enhancing the explainability of the results and still exploiting the representation
abilities of AEs. Such selection of genes is used to design and train a prediction model for
diagnosis or prognosis. Eventually, the Shapely Additive ex-Planation (SHAP) [335] XAI
method is applied to interpret the model results and select the most meaningful genes for the
disease.

In the present paper, the proposed XAI method has been used to identify those genes
whose expression levels are relevant for predicting the need of therapy in CLL patients from
a prospective cohort of newly diagnosed Binet stage A CLL (O-CLL protocol) [336]. This
innovative approach enabled meaningful insights into CLL prognosis from genomic data by
locating a group of significant genes to boost the prognostic power of a basic prognostic
model. We point out that while our contribution is fully positioned within the research in
oncology, our XAl method has a broader applicability; in fact, from the bioinformatics and
computational genomics point of view [337], an interesting avenue of further research is to
assess its efficacy as a general feature-selection method, for instance by considering datasets
for which we already have some a-priori semantic information on the most relevant features
and by using classical comparison metrics for predictive models.

10.2 Materials and Methods

10.2.1 Patients

Among the 523 newly diagnosed Binet A CLL patients included in the observational O-CLL
protocol (clinicaltrials.gov identifier NCT00917540) [338], 224 were ultimately enrolled and
evaluated for GEP. All participants provided written informed consent, and the relevant in-
stitutional review boards approved the study. The inclusion and exclusion criteria were pre-
viously detailed [339]. The biologic review committee of the O-CLL trial confirmed the
diagnosis using flow cytometry analysis centralized at the Ospedale Policlinico San Martino
IRCCS Genova, Italy.
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10.2.2 Assessment of biological markers

Cytogenetic abnormalities involving deletions at chromosomes 1123 and 17p13 were eval-
uated by FISH in a purified CD19+ population as previously described [340]. IGHV gene
mutational status was assessed on cDNA specimens [341]. Sequences were aligned to the
IMGT directory and analyzed using IMGT/VQUEST software. NOTCHI1 mutation hotspot
was set by next-generation deep sequencing as previously described [342].

10.2.3 GEP analysis

GEP experiments were performed as previously described [343]. Briefly, total RNA frac-
tion was obtained from CD19+-enriched B-cell samples (EasySep-Human B cell enrichment
kit without CD43 depletion, Stem Cell Technologies, Voden Medical Instruments spa, Mi-
lan, Italy) using the fully automated protocol of immunomagnetic cell separation with Ro-
boSepTM (Stem Cell Technologies). Purified B-cells (CD19+) exceeded 95% were em-
ployed as total RNA sources for GEP analysis.

10.2.4 O-CLL Dataset

For each patient, 19367 genes profiles were provided. Patients are labeled according to the
occurrence of an event (or not). The considered outcome was the need of therapy starting
or death (dichotomous, not (event=0) vs. yes (event=1)]. From the 217 patients of the final
dataset, 120 were labeled as event=0 and 97 as event=1.

10.2.5 Feature Selection

GEP studies generate large, high-dimensional, and unbalanced datasets where each sample
can have up to thousands of variables. This results in high computational costs and the pos-
sibility of overfitting. Such overfitting may mistake small changes in the data as significant
differences, leading to misclassification errors. This study addresses these risks by applying
FS techniques to reduce the dimensionality problem by selecting the most relevant features
and removing noise and redundancy. FS techniques can be filter-based, wrapper, and embed-
ded. The integration of multiple FS techniques is denoted as hybrid FS.

The proposed DSAF-GS approach is a hybrid FS method that combines filter-based and
wrapper techniques to achieve a representative and meaningful subset of genes. DSAF-GS
uses Autoencoders (AE) as wrappers, along with statistical filters to remove redundant genes.
An NN is trained on the remaining genes as an event predictor. Finally, the SHAP XAI
method is used to evaluate the contribution of genes to NN decisions. The genes with the
strongest contribution are selected.

10.2.6 Neural Networks

NNs are ML computational models inspired by the structure and function of the human brain.
They consist of consecutive layers of interconnected artificial neurons, which process and
transmit information through weighted connections. Training a NN amounts at providing a
dataset of input-output pairs and identifying via proper optimization methods the NN param-
eters that minimize some given loss function, usually meant to measure the distance between
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the output at hand and the result of the NN computation on the given input. In a research
context, NNs can be trained on large datasets of genetic data to identify patterns and predict
the effects of genetic mutations on traits of interest. These predictions can then be used to
understand further the genetic basis of diseases and other phenotypic traits, and inform the
development of personalized medical treatments. In addition, by using NNs and other com-
putational and experimental methods (e.g., clustering, statistical analysis such as F-test or
XAlI), researchers can gain deeper insights into the complex interactions between genetics
and biology.

Autoencoders (AE) are particular architectures of NNs that uncover the underlying struc-
ture of the data and generate a latent code for further analysis [344]. An AE maps an input to
a lower dimensional representation (latent code). Such code is expected to have uncorrelated
features, being able to reconstruct the original input data. Therefore, AEs can be used for
dimensionality reduction, denoising, and data generation.

10.2.7 SHapley Additive exPlanation (SHAP)

The black-box nature of NNs often limits the interpretability of their results. Advances in
XAI provide various methods for interpreting black-box models, offering a clearer under-
standing of their predictions. For example, Shapely Additive ex-Planation (SHAP) is a game
theory-based approach for interpreting black-box models. SHAP determines the importance
of a feature by observing the variations in predictions when the feature is included or ex-
cluded from the model. It assigns an importance value, called a SHAP value, to each feature
based on its contribution to the predictions [279]. SHAP values are quantitative estimates
indicating ‘how’ and ‘how much’ every single gene contributes to the model decisions, pro-
viding insight into the gene’s role in the event prediction. The SHAP method provides a way
to understand the underlying workings of NNs predictions, leading to improved insights and
better decision-making.

An alternative XAl approach named LIME (Local Interpretable Model-Agnostic Expla-
nations) [12] approximates the behavior of complex models via local interpretable explana-
tions. Such explanations are obtained by fitting simpler and interpretable surrogate models
with perturbed input data and observing the resulting changes in the model’s predictions.

While LIME approximates the behavior of complex models with simpler ones, SHAP
provides a more direct and explicit connection between feature importance and predictions.
This transparency, along with a solid theoretical foundation rooted in game theory, enhances
a deeper understanding of the underlying mechanisms driving the model’s decisions.

10.2.8 Proposed Algorithm
DSAF-GS consists of the following steps (Figure 10.1):

1. The pairwise correlation (Pearson) was computed over the whole set of genes.

2. The resulting correlation matrix was clustered using hierarchical clustering such that
similarly correlated genes belong to the same cluster.

3. For each cluster, all patient data were retrieved from the original dataset. An AE is
then trained for each cluster using patients as features and genes as samples. The AEs
selected the most representative gene of the respective cluster. Such most representative
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Figure 10.1: The pipeline proposed for selecting a subset of genes relevant to predict CLL events.
The input data is used to compute the genes pairwise correlation matrix (step 1), and the correlation
matrix is clustered (step 2) to group similarly correlated genes. The clusters are then mapped to the
original input data and transposed. AEs are trained for each cluster to select the most representative
gene, reducing dimensionality (step 3). The genes are ranked with F-test, selecting a subset with
the highest F-value (step 4). A neural network is trained with a selected set of genes to perform
binary classification of the CLL patients (event=0 and event=1) (step 5). The best NNs architecture is
determined through model selection, and the SHAP XAI method explains each gene’s importance in

the predictions (step 6).
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gene was the one associated with the lowest reconstruction error. This step eliminates
redundant genes, hence reducing the dimensionality still working at the level of the
original feature.

. Genes selected in the previous step were then ranked with F-test. The F-value was
computed by considering for each gene the ratio of the variance between and within
the groups (event=0 and event=1). A subset of genes with the highest F-value was then
selected. The final subset size was empirically selected by considering different subset
sizes.

. A NN was trained to perform binary classification on the event class using the previ-
ously selected set of genes as input variables and by considering the standard binary
cross-entropy loss function. A model selection phase identified the most appropri-
ate architecture of the NN. A grid-search approach is applied over a hyperparameters
space defined by the number of layers and neurons per layer. In particular, we con-
sidered 2, 3, 4 layers and 8, 16, 32, 64, 128, 256 neurons for the first layer. In every
successive layer, the number of neurons was determined as half of the number of neu-
rons in the preceding layer. For each given configuration (layers/neurons), we built the
corresponding NN whose performances were evaluated using a cross-validation (cv)
algorithm, which assesses the model’s ability to generalize by repeatedly training and
testing on different subsets of the data for multiple iterations. The hyperparameters
configuration is chosen as the one with the highest average performances (according to
the average binary accuracy) over the cv iterations; the best model is finally selected as
the one with the best performances among the cv iterations of the chosen configuration.

. SHAP XAI method was used to explain the chosen NN classifier for the CLL event.
SHAP evaluates the importance of each gene on the predictions by providing informa-
tion on how such genes affect the prognosis.

Number of genes | Best accuracy (%) | 95% Confidence Interval
5 79.54 70.88-77.74
10 84.09 72.60-78.30
50 86.36 65.60-75.30
100 79.54 65.82-72.36
300 75.00 66.36-70.90

Table 10.1: Models’ accuracy in the binary classification of CLL event (i.e., therapy need or death).

10.2.9 Implementation

DSAF-GS algorithm has been implemented using the Python (v3.8.11) programming lan-
guage. NNs have been implemented using the Tensorflow (v2.6.0) framework and the Keras
library. XAl analysis was performed using the SHAP [279] library.

For GEP analysis, 500 clusters were identified. Each AE architecture consisted of five

layers with the following number of neurons: 217, 43, 21, 43, and 217 respectively; relu
was used as activation function and Adam as optimizer with a learning rate of 0.01; Mean
Absolute Error was used as reconstruction loss and each AE was trained for 1000 epochs.
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Figure 10.2: (A) Confusion matrix of model performance on the test set in predicting the event or
non-event of new patients. Black squares refer to wrongly classified patients (false positives and false
negatives), while colored squares refer to well-classified patients (true positives and true negatives).
(B) ROC curves for the model. The graph plot sensitivity against specificity at various threshold
settings. The classifier performs better as the curve approaches the upper left corner. An AUC value
of 0.91 for GEP predictions indicates the solid overall performance of the model.

Out of the 500 genes selected by the AEs (one for each cluster), different subset sizes were
used to train the NN event predictor. F-test was used to select a subset of genes of size 5, 10,
50, 100, and 300 (Table 10.1). Different NNs were trained for each gene subset. The best
model for GEP takes in input 50 genes and consists of 4 layers of 46, 22, 12, and 1 neuron
respectively.

During grid-search, Adam was used as an optimizer with a learning rate of 0.001 and
relu was used as an activation function. A total of 10 cv iterations have been performed for
each configuration by randomly splitting the data into a training set and test set (90% and
10% of the whole dataset respectively). While the train set has been enriched with synthetic
samples (by using SMOTE) [294] to guarantee a balanced training of the NN, the test set
only comprised real data samples. While the computation of SHAP values was found to be
inefficient for NN models, the authors demonstrated that shapely values could be calculated
through a weighted linear least square regression with a shapely kernel. Such a method was
adopted for computing SHAP values using a subsample of 100 patients. Note, training and
test sets are different parts of the same O-CLL dataset. Indeed, we are not aware of any
further public dataset having the clinical and genomic information required by our method
and that can be used as a validation set by fitting our needs and the prospective nature of our
study.

10.3 Statistical analysis

TTFT was calculated during the watch and wait period from the date of the diagnosis to the
date of therapy start or last follow-up. The prognostic impact of predictors was investigated
by univariable and multiple Cox regression analysis. Data were expressed as hazard ratio
(HR) and 95% confidence intervals (Cls). The predictive accuracy of the prognostic models
was quantified by calculating the Harrell C-index (HC-index) ranging from 0.5 to 1.0 and the
explained variation on the outcome (i.e., an index combining calibration and discrimination)
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values (shows how and how much each gene influences the predictions).
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[345]. The improvement of model fitting due to the inclusion of specific genes was assessed
by the log-likelihood ratio statistics. The receiver operator curves (ROC) in Figure 10.2B
illustrate the model performance by plotting the actual positive rate (sensitivity) versus the
false positive rate (1 - specificity).

A value of P < .05 was considered significant for all statistical calculations. Data anal-
ysis was performed by SPSS for Windows v.21, IBM, Chicago, Illinois, USA, and by Stata
16, StataCorp, Texas, USA.

10.4 Pathway and gene network analysis

Pathway analysis was performed using the Reactome Pathway Analysis tool (reactome.org)
to group genes into specific pathways. Reactome, with statistical hypergeometric distribu-
tion test, determines whether certain pathways are over-represented in the submitted data.
This test produces a probability score which is corrected for false discovery rate using the
Benjamani-Hochberg method [336].

Gene network was constructed with the free NetworkAnalyst tool using IMEx Interac-
tome (Literature-curated comprehensive data from InnateDB.

10.5 Results

10.5.1 Gene Selection by Explainable Artificial Intelligence

Of the 224 enrolled patients, 217 were used for the analysis. The remaining 7 were removed
for defective gene profiles. The performance of the best model on the test set is reported
in Table 1. The results are shown according to the number of genes used as independent
variables (first column). The best model accuracy is 86.36% achieved using 50 genes as
predictors with a sensitivity and specificity of 85% and 87.5%. The second column reports
the 95% CIs computed using the model accuracy’s mean and standard deviation over the cv
iterations.

The model sensitivity and specificity are reported in Figure 10.2A terms of confusion
matrix and ROC curve respectively. Despite the 3 false positives and 3 false negatives, the
model is capable of detecting the underlying patterns in the data as shown by the overall
performance. Figure 10.2B shows that the models have an area under the curve (AUC) of
0.91.

Figure 10.3A shows a waterfall plot of absolute mean SHAP values reporting the av-
erage importance of each gene in the model evaluated using SHAP. Genes are reported in
order of importance. For example, the model was strongly influenced by CEACAM19 and
PIGP (+0.09 and +0.08), moderately influenced by MKLI1 (alias of MRTFA gene) and GNE
(+0.04), and poorly influenced by others (< 0.03).

Moreover, as shown in Figure 10.3B higher values of the gene CEACAMI19 are associ-
ated with positive SHAP values, meaning that they will increase the prediction towards the
occurrence of the event. Moreover, lower values of the variable are associated with neg-
ative SHAP values, meaning that they will decrease the prediction towards the absence of
an event. Conversely, for the PIGP gene, lower values are associated with positive SHAP
values increasing the prediction towards the event’s occurrence. PIGP higher values are asso-
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Figure 10.4: Pathways overview based on the Reactome database of the top 10 genes identified by
the (SHAP) XAI method. A genome-wide overview of the results of pathway analysis is shown.
Reactome pathways are arranged in a hierarchy. The center of each of the circular “bursts” is the root
of one top-level pathway, for example, Cell Cycle. Each step away from the center represents the next
lower level in the pathway hierarchy. The color code denotes the over-representation of that pathway in
the input dataset. The closer the color is to yellow, the more significant the over-represented pathway
is; light grey indicates pathways that are not significantly over-represented.

ciated with negative SHAP values, meaning they will decrease the forecast towards no event
occurrence.

Gene name Chromosome Gene start (bp) Gene end (bp) Gene description
CEACAM19 19 44662278 44684359 CEA cell adhesion molecule 19
PIGP 21 37062846 37073170 Phosphatidylinositol glycan anchor biosynthesis class P
FADD 11 70203296 70207390 Fas associated via death domain
FIBP 11 65883740 65888531 FGF1 intracellular binding protein
IGFIR 15 98648539 98964530 Insulin like growth factor 1 receptor
COL28AL1 7 7356203 7535873 Collagen type XX VIII alpha 1 chain
QTRTI 19 10701430 10713437 Queuine tRNA-ribosyltransferase catalytic subunit 1
MKLI1 (MRTFA) 22 40410281 40636719 Myocardin related transcription factor A
GNE 9 36214441 36277042 Glucosamine (UDP-N-acetyl)-2-epimerase/N-acetylmannosamine kinase
SLC39A6 18 36108531 36129385 Solute carrier family 39 member 6

Table 10.2: Description and localization of the top ten genes derived from SHAP analysis.

10.5.2 Pathways and networks overview based on Reactome database
of the top 10 genes

The description and chromosome localization of the top ten genes are described in Table 10.2.
Eight of the top ten genes (i.e., FADD, FIBP, FIBP, GNE, IGF1R, MKLI1, PIGP, SLC39A6)
selected by the NN algorithm were found in the Reactome pathway database, showing an
involvement in various pathways such as signal transduction, gene expression (transcription),
protein metabolism, immune system, cell cycle, and apoptosis (Figure 10.4).

Interestingly, seven (i.e., FADD, FIBP, IGF1R, QTRT1, GNE, SLC39A6, MKL1) of the
top 10 genes appear to be connected into a complex network as shown in Figure 10.5 by the
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Figure 10.5: The PPI networks created by FADD, FIBP, IGF1R, QTRT1, GNE, SLC39A6, and
MRTFA genes. Node size and color correspond to the number of connected edges; gene name is
displayed only for nodes with > 4 edges, and the closer the color is to red, the bigger the node size is.

network model of the 3D protein-protein interaction (PPI) explored using the NetworkAna-
lyst tool.

10.5.3 Multivariate analysis of the top 10 genes

The top 10 genes selected by the NN models were chosen to estimate their prognostic in-
fluence on noticeable clinical and biomolecular variables (named basic prognostic model)
consisting of IGHV mutational status, del(11q) and del(17p), NOTCH1 mutation, 52-M, Rai
stage, and B-lymphocytosis. Table 10.3 shows their prediction power on TTFT in univariable
analysis.

As expected, all ten top genes showed a predictive power on TTFT in univariable analyses
(Figure 10.5). Specifically, while COL28A1(HR 0.32, 95% CI 0.12-0.82, P=0.018), FADD
(HR 0.21, 95% CI 0.07-0.62, P=0.005), and PIGP (HR 0.39, 95% CI 0.15-0.98, P=0.047)
high expression was associated with a reduced risk to be treated, the remaining genes showed
an inverse prognostic association with therapy need. However, CEACAM19 (HR 2.44, 95%
CI 0.84-7.14, P=0.10), PIGP (HR 0.57, 95% CI 0.19-1.72, P=0.32), FADD (HR 0.45, 95%
CI 0.12-1.64, P=0.22), FIBP (HR 1.95, 95% CI 0.96-3.96, P=0.06), MKL1 (HR 2.31, 95%
CI10.73-7.34, P=0.15), GNE (HR 1.86, 95% CI 0.82-4.26, P=0.14), and SLC39A6 (HR 1.44,
95% CI 0.64-3.22, P=0.37) lost their independent predictive power when analyzed with vari-
ables belonging to the basic prognostic model. Conversely, IGFIR (HR 1.41, 95% CI 1.08-
1.84, P=0.013), COL28A1 (HR 0.32, 95% CI 0.10-0.97, P=0.045), and QTRT1 (HR 7.73,
95% C12.48-24.04, P<0.001) genes were significantly associated with TTFT in multivariable
analyses (Table 10.4). When these three significant genes were evaluated in a final multivari-
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Figure 10.6: Forest plot of Cox univariable analysis for time to TTFT according to the top 10 genes
selected by the NN algorithm.

able model including the basic prognostic variables, COL28A1 along with B-lymphocytosis
lost its significance, while IGFIR and QTRT1 maintained their prognostic independence (Ta-
ble 10.4).

The basic prognostic model provided an HC-index of 76.5% and an explained variation
to predict the TTFT of 42.2%. When the three significant genes (i.e., IGF1R, COL28A1,
and QTRT1) were jointly considered in the final multivariable model, the HC-index and the
explained variation significantly increased to 78.6% and 52.6%, respectively, along with an
improvement of the goodness of model fit (x2=20.1, P=0.002). In a more parsimonious
model only including IGF1R and QTRT1 (i.e., the two genes that remained significantly
associated with the TTFT in the final model) and excluding CLO28A1, HC-index (78.2%)
and the explained variation (52.4%) retained a better performance as compared with the basic
prognostic model with a concomitant raising of the goodness of the model fit (x2=18.8,
P=0.001).

HR | LL 95% CIs | UL 95% CIs | P-value
IGHV unmutated 5.35 3.95 7.26 <.001
del(11q) 5.31 3.51 8.04 <.001
del(17p) 5.20 2.42 11.17 <.001
NOTCH1 mutated 2.51 1.74 3.61 <.001
[52-M abnormal 2.21 1.56 3.14 <.001
Rai stage I-1I 1.92 1.39 2.65 <.001
B-Lymphocytes (>5x10°/L) | 2.15 1.48 3.12 <.001

Table 10.3: Univariable Cox analyses for time to first treatment of several well-known clinical and
biomolecular variables belonging to the basic prognostic model.
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Variable HR | LL95% CI | UL 95% CI | P-value
Model 1

IGHV unmutated 2.03 1.12 3.70 0.02
del(11q) 3.92 1.77 8.69 <0.001
del(17p) 11.86 2.51 56.02 0.002
NOTCHI1 mutated 2.07 1.11 3.86 0.021
(32-M abnormal 2.10 1.33 3.31 0.001
Rai stage I-1I 1.63 1.00 2.68 0.05
B-Lymphocytes >5x10°/L | 1.75 0.88 3.48 0.112
IGFIR gene 1.41 1.08 1.84 0.013
Model 2

IGHV unmutated 2.78 1.58 4.89 <0.001
del(11q) 2.88 1.34 6.20 0.007
del(17p) 7.28 1.60 33.10 0.01
NOTCHI1 mutated 2.26 1.20 4.22 0.011
(£2-M abnormal 2.04 1.300 3.20 0.002
Rai stage I-11 1.70 1.04 2.78 0.035
B-Lymphocytes >5x10°/L | 1.42 0.72 2.80 0.313
COL28A1 gene 0.32 0.10 0.97 0.045
Model 3

IGHV unmutated 2.465 1.40 4.34 0.002
del(11q) 242 1.12 5.21 0.024
del(17p) 6.78 1.48 31.15 0.014
NOTCHI1 mutated 222 1.19 4.13 0.012
(£2-M abnormal 1.79 1.13 2.85 0.013
Rai stage I-1I 1.93 1.17 3.18 0.01
B-Lymphocytes >5x10°/L | 1.60 0.81 3.17 0.177
QTRT1 gene 7.73 2.48 24.04 <0.001
Final Model

IGHV unmutated 1.93 1.06 3.50 0.031
del(11q) 3.10 1.39 6.92 0.006
del(17p) 8.44 1.75 40.75 0.008
NOTCHI1 mutated 2.21 1.17 4.14 0.014
(52-M abnormal 1.97 1.23 3.15 0.005
Rai stage I-1I 1.71 1.03 2.83 0.038
B-Lymphocytes >5x10°/L | 1.85 0.91 3.74 0.088
IGFIR 1.38 1.07 1.79 0.014
COL28A1 0.52 0.16 1.67 0.273
QTRT1 6.70 2.12 21.21 0.001

Table 10.4: Cox multivariable analyses for time to first treatment (TTFT).

10.6 Discussion
The considerable innovations in genomics engendering a vast and miscellaneous bulk of in-

formation from sizable cohorts of patients, and the concurrent computer science knowledge
improvements have guided the growing use of Al and more specifically of ML approaches
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that acquire knowledge from available data, devising variables selections without pre-setting
programming. Well-defined examples of the ML approach in the analysis of hematologi-
cal malignancies are the association of BCL6 and PDL1/2 rearrangements in primary tes-
ticular diffuse large B-cell lymphoma (DLBCL) with central nervous system relapse [346];
the involvement of six prognosis-related long non-coding genes in acute myeloid leukemia
(AML) patients [347]; or the relevance of tumor mutation burden for the DLBCL overall sur-
vival prognostication [348]. In CLL, the ML algorithm identified six hub genes as possible
biomarkers to improve the diagnosis [349]. Moreover, baseline clinical data added to the in-
ternational prognostic index for CLL (CLL-IPI) variables demonstrated improved predictive
performance over CLL-IPI using a range of ML boosting algorithms to identify the individual
risk of death, treatment, infection, and a combination of them [350]. In contrast, no additional
improvement was observed when comprising recurrent genetic mutation information [351].
Moreover, an ML algorithm called CLL Treatment Infection Model (CLL-TIM) was applied
to recognize patients at high risk of infection and/or treatment based on CLL-IPI variables
and routine clinical data [352].

However, differently from our prospective study, the CLL-IPI score system only included
32% of Binet stage A patients and more importantly, 4% of IGHV mutated cases, thereby
rendering it less representative of the real-world setting and may lower the TTFT’s predictive
efficacy. In contrast, the Brno-Barcelona cohort [353] had a significantly higher enrichment
of early-stage/low-risk Binet A (83%) and IGHV mutated cases (43%) as well as the German
CLL study group which also developed a predictive model for newly diagnosed Binet stage
A patients [350] with roughly 71% of the population having an IGHV mutation status.

Herein, we selected the top 10 genes (CEACAM19, PIGP, FADD, FIBP, FIBP, GNE,
IGF1R, MKL1, PIGP, SLC39A6) from a GEP dataset of 217 CLL cases comprising roughly
20000 genes using a novel deep ML-based approach to estimate how much every single gene
had a role in predicting the therapy need occurrence. The GEP model was strongly influenced
by CEACAM19 and PIGP (SHAP value +0.09 and +0.08) in making decisions, moderately
influenced by MKL1 and GNE (SHAP value +0.04), and poorly influenced by others (SHAP
value <0.03). IGF1R, COL28A1, and QTRT1 influenced quite the GEP model (SHAP value
+0.05).

Some variables namely Rai stage, IGHV mutational status, 52-M, and 17(p) and 11(q)
deletions previously validated in the CLL-IPI score system and by our group were used as ba-
sic risk model in predicting TTFT. We found that IGF1R, COL28A1, and QTRT1 genes main-
tained their own independent prognostic value in predicting the time-to-event when tested in
a multivariable model including the variables of the basic prognostic model. However, in a
final multivariable model in which the three genes (IGF1R, COL28A1, and QTRT1) were
tested all together with the prognostic variables of the basic model, IGFIR and QTRTI,
but not COL28A maintained their predictive independence on TTFT. Noteworthy, the pres-
ence of these genes in the model significantly increased the prognostic accuracy of a basic
risk model. In this regard, the HC-index and the explained variation significantly increased
from 76.5% in the basic model to more than 78% and from 42.2% to roughly 52% in the
IGFIR/QTRT1-gene model. These data indicate that the IGF1R/QTRT1-gene model retained
a better performance than the basic prognostic model.

IGFIR encoding the insulin-like growth factor 1 receptor (IGFR1) is not only impli-
cated in numerous cellular bio-functional processes, i.e., growth, proliferation, differentia-
tion, and apoptosis [354], but also it plays a critical role in cancer development, progression,
and metastasis [355]. Moreover, IGFIR is involved in CLL and overexpressed in various
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CLL cell subsets. Its inhibition induced apoptosis and efficiently reduced CLL growth in
an Ex-TCL1 transgenic murine model [356]. Moreover, IGF1R seems to be a direct target
of sorafenib since the latter decreased its expression and phosphorylation by offsetting the
insulin-like growth factor-1 binding to CLL cells and ultimately dropping the in vitro IGFIR
kinase activity [357]. Finally, we previously demonstrated the IGFIR gene expression as
an independent prognostic factor related to TTFT in our O-CLL prospective cohort after a
shorter follow-up.

Unlike the IGFIR gene, QTRT1 encoding the queuine tRNA-ribosyltransferase 1, a key
enzyme involved in the post-transcriptional modification of tRNAs, has never been impli-
cated in the pathogenesis or prognosis of CLL. Conversely, a significant increase in QTRT1
expression and a striking down-regulation in its methylation was also found in lung cancer.
Furthermore, it was discovered to be a risk factor for the disease onset and progression and
adversely associated with survival outcomes.

Among various CLL prognostic models involving genes, Herold et al. provided evidence
of the association between overall survival and TTFT and the expression of 8 genes in CLL
cells (PS.8 score). For TTFT, PS.8 showed an improved prognostic effect than the single
parameters and even to a combined FISH and IGVH status model, which in turn failed to
increase the performance of the PS.8 score in a multivariable analysis.

Huang et al. showed that high NRIP1, BCL11B, and SIRT1 expressions were associated
with more prolonged survival, while high expression of CDKN2A and SREBF2 with a poor
prognosis. However, a substantial fraction of patients in the dataset chosen by the authors
was not analyzed at the diagnosis/first presentation but at the time of progressive disease or
relapse. Conversely, patients of our O-CLL cohort were prospectively followed-up, and all
the biomolecular analyses were performed at the disease onset. Moreover, both Herold’s and
Huang’s studies did not consider, unlike our study, unavailable risk factors included in the
CLL-IPI score, somewhat misinterpreting the final results.

Two recently published papers represent interesting innovations in CLL’s gene-oriented
prognosis. Liang X et al. following the super-enhancer (SE) new hypothesis generated a
prognostic score to predict the time-to-therapy-need in CLL by the expression levels of nine
SE-associated genes. Yet, since several data suggest the high dependency of CLL cells on
microenvironment support, Abrisqueta and coll. described the prediction power of a sig-
nature for predicting progression based on the analysis of two hundred genes linked to mi-
croenvironment signaling by the NanoString approach. This novel approach established a
15 genes-based signature that predicted disease outcome independently of the IGHV mu-
tational status, the CLL-IPI, and the International Prognostic Score for Early-stage (IPS-E)
CLL score. Notably, the nanoString platform, overcoming GEP methodological drawbacks
and reproducibility, could represent the future, facilitating its use in clinical settings.

Notably, several pathways involved in cancer and hematopoietic malignancies develop-
ment were identified by Reactome analysis of the top ten genes analyzed in this study, in-
cluding Interferon alpha/beta signaling, caspases, and Rho GTPase activity, GHR signaling
pathway, Integrin signaling, non-receptor Tyrosine Kinases activity, and FGF/FGFR path-
ways. Moreover, among the top ten genes, FIBP was found to be overexpressed in a specific
group of CLL patients affected by a large loss at the 13q14 locus; as previously noted, also
IGFIR was identified as

overexpressed in various CLL subsets, suggesting a contribution to CLL pathology. Fi-
nally, seven of the top 10 genes (which appeared to be connected into a complex PPI network)
are in turn interconnected by the UBC gene encoding for Polyubiquitin C, which represents
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one of the sources of ubiquitin in human cells. Polyubiquitin C plays a crucial role in main-
taining cellular ubiquitin levels, especially during the stress response. The process of ubiqui-
tination has been associated with protein degradation, DNA repair, cell cycle regulation, ki-
nase modification, endocytosis, and regulation of other cell signaling pathways. Interestingly,
Zhang et al., by bioinformatic analysis of gene expression profiles in CLL cells, identified the
UBC gene as the key node in the PPI network of genes up-regulated in B cells co-stimulated
with immobilized anti-IgM with respect to untreated cells, revealing the proteasome pathway
as the most significant in this network.

Finally, it should be emphasized that this preliminary study lacks a validation cohort. At
the best of our knowledge, we are not aware of any further public dataset fitting the prospec-
tive nature of our study, as well as the clinical and genomic information required to answer
our aims. Specifically, the GEO dataset (GSE39671) has not the characteristics required to
run the method presented in this paper, which are instead collected in the ICGC CLL dataset.
However, in the latter, sampling was completed within a year, while in our study, in about
26% of Binet A untreated CLL cases. In contrast, the median sampling time for the remaining
cases of the ICGC CLL cohort was approximately 5 years (IQR 2.6-9.1), a bias that might in-
validate the analysis’ conclusions. Moreover, information on the Rai stage system is lacking,
and the Binet stage information at sampling is not available.

10.7 Conclusion

A novel deep ML-based approach was proposed in the current analysis, exploiting the re-
construction capabilities of AEs and XAl to select the most informative genes in predicting
the therapy need event. This study strengths lie in the use of an original ML method and the
prospective nature of our study. Nevertheless, these results, although preliminary, evidenced
the effectiveness of this approach in identifying genes with independent predictive power,
suggesting a set of meaningful genes for further investigation. Finally, it should be empha-
sized that this pilot study requires external validation using a different prospective cohort of
patients with similar characteristics.
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Conclusion
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The research presented in this thesis has made significant contributions to the fields of GenAl
and XAI, showcasing innovative applications and theoretical advancements. Throughout the
exploration of these technologies, several key achievements have emerged, highlighting the
transformative potential of GenAl and XAI in addressing real-world problems in healthcare,
materials design, and complex systems.

One of the notable advancements is the development of GIDNET, a generative neural net-
work architecture specifically designed to tackle inverse design problems. By exploring a
well-structured latent space, GIDNET has demonstrated superior performance in generating
feasible design solutions compared to earlier methods. This approach provides more accu-
rate designs, making it a valuable tool for various engineering and scientific applications.
Future work in this context will aim to further refine the latent space exploration techniques
by taking advantage of new approaches in contrastive learning. Moreover, the application of
GIDNET will expand to more complex design problems such as molecule and drugs design.
In the healthcare domain, the integration of VAE with a context predictor and an LLM has
led to the creation of a framework for automatic medical report generation. This innova-
tive approach has shown good performance in generating coherent and contextually relevant
medical reports from patient images, which makes it a potential tool for optimizing the doc-
umentation process to improve patient care. Further research will aim to extensively test the
approach on a wider range of benchmarks, comparing its performances against the ones of
state-of-the-art architectures.

The introduction of Generative Agents into agent-based modeling represents another signif-
icant breakthrough. These agents, able to show human-like behaviors, enhance the realism
and depth of social simulations. This research highlights the importance of robust validation
frameworks to ensure the plausibility and coherence of these simulations, which are crucial
for studying complex social interactions and dynamics. Future research should focus on the
development of systematic validation approaches to enhance the applicability of coherent and
believable generative agents.

Additionally, the investigation into compact strategies for opinion diffusion within social net-
works has yielded valuable insights. Measures such as vote rank and betweenness centrality
have proven effective in maximizing opinion diffusion across different network configura-
tions. These findings offer practical implications for designing strategies to influence public
opinion and disseminate information effectively in social networks. In addition, as a future
avenue of research, the proposed opinion diffusion model can be an interesting framework
for the application of LLM-based generative agents.

In the field of healthcare, the thesis also introduced a novel deep learning-based approach for
feature selection in genomics. By utilizing XAI techniques, this method has demonstrated
effectiveness in identifying genes with significant predictive power. This approach not only
enhances the accuracy of disease prediction models but also provides valuable insights into
the biological mechanisms underlying various conditions, paving the way for more targeted
and personalized treatments.

Other works related to XAl and data interpretation have been discussed through applications
in the fields of firms’ bankruptcy prediction, natural disasters prediction, nutritional science
data analysis, and 3D image segmentation in anatomy.

The contributions of this PhD thesis underscore the transformative potential of Generative

GenAl and XAI. Advancements in these fields are driving a revolution in the real world,
pushing the boundaries of what Al can achieve and how. The field of Al is undergoing a
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significant shift from the development of slow thinker machines, which emulate deep cogni-
tive processes, to fast thinker machines, which prioritize speed and efficiency through pattern
recognition and prediction. In particular, fast thinking is characterized by quick, intuitive re-
sponses based on pattern recognition and correlation. It has become increasingly prevalent in
Al applications being driven by the effectiveness of generative models, such as LL.Ms, which
leverage vast amounts of data to predict and generate content without necessarily understand-
ing the underlying meaning. These models perform well in tasks requiring immediate and
accurate predictions, demonstrating impressive capabilities in producing coherent texts, im-
ages, and even music. Fast solvers do not reason about the problem instance but just rely
on past experience. Slow solvers, on the other hand, reason about the problem instance and
its features, usually employing a logic-based and symbolic approach to generate a solution.
The success of fast thinking Al challenges the long-held belief that replicating human-like
cognitive functions, such as consciousness and deep understanding, is essential for creating
intelligent machines. Instead, AI’s ability to perform through correlation and prediction has
proven sufficient for many practical applications, reshaping our understanding of what con-
stitutes intelligence.

The reliance on inference and prediction raises important questions about the sufficiency of
these methods in AI. While fast thinking Al can achieve remarkable results, its dependency
on pattern recognition and data-driven predictions may limit its understanding and reasoning
capabilities. Critics argue that without true comprehension, Al systems may lack the depth
needed for more complex and nuanced tasks. However, proponents believe that the efficiency
and speed of inference-based Al are significant advantages that outweigh the need for deeper
cognitive functions in many contexts.

Ultimately, the adequacy of inference in Al depends on the application. In scenarios where
rapid decision-making and pattern recognition are critical, inference-based models perform
exceptionally well. However, for tasks requiring deep understanding, long-term memory, and
intricate reasoning, the current state of AI may still fall short, necessitating further advance-
ments in slow thinking methodologies.

The thesis also explores highly relevant topics in today’s society and industry, such as the
design of new materials and data generation (e.g. in agent-based simulations). According
to recent surveys by Gartner', these areas are central to modern technological and industrial
advancements. Generative Al techniques are revolutionizing material science by discovering
novel materials with desired properties, significantly impacting industries like automotive,
aerospace, and electronics.

Furthermore, the generation of synthetic data by Al addresses privacy concerns and improves
data availability for research and development. By creating artificial datasets that mimic real-
world data, Al can support advancements in fields like healthcare, where patient privacy is
paramount. These innovations underscore the transformative potential of Al in both scientific
research and practical applications, highlighting the critical role of generative Al in shaping
the future of technology.

The work conducted for this PhD thesis has witnessed the advent of LLLMs along with the
significant impact that genAl is having. Although still limited in scenarios where reasoning
and causal relationships are needed more than correlation, LLMs are paving the way and
making strides towards the realization of general artificial intelligence, which aims to create

Thttps://www.gartner.com/en/articles/beyond-chatgpt-the-future-of-generative-ai-for-enterprises
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machines that fully replicate human abilities. In a plausible scenario, genAls can achieve new
levels of sophistication through an innovative approach that encourages their interaction?.
By facilitating communication between different Als, we can establish an ecosystem where
each Al learns and improves from one another. This ongoing exchange of information and
strategies enables Als to refine their abilities, optimize their responses, and acquire new skills
without human intervention and making them more versatile and effective in managing com-
plex tasks, answering questions, and solving problems in increasingly innovative ways.

By advancing the state-of-the-art in these fields, this research opens new avenues for future
exploration, promising significant impact in a large number of applications.

2https://life.unige.it/IA-autodidatte
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