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Abstract

The ongoing development of incrementally complex and high-performing ML and Al
models has made them more opaque than ever, making it hard to understand their be-
haviour and decision-making process. Such complexity calls for a fundamental prop-
erty that models must have, i.e., they must be explainable, allowing human interpreters
to understand their decision-making process. Consequently, the research community
has focused on developing approaches to provide explanations for such black-box mod-
els faithfully. While several efficient methods have been developed, human inter-
pretability still represents the most critical aspect. Humans might play various roles in
this context, and their knowledge is fundamental to achieving such an objective. This
PhD dissertation focuses on human-centred approaches in the context of Explainable
Al, analyzing and developing techniques to involve humans, collect and structure their
knowledge, and employ it towards explaining model behaviour. Besides XAlI, crowd-
sourcing and gamification are essential to driving human involvement and behaviour. In
this dissertation, fundamental literature on such topics of interest is provided. Then, the
role of humans in XAI and their contribution towards model robustness are described.
Explainability approaches are then developed in the context of Natural Language Pro-
cessing (NLP) and Computer Vision (CV). In NLP, a formalization to organize human
knowledge in various tasks is defined, and data is collected through crowdsourcing. In
CV, an approach to describe the decision-making process of black-box models using
human knowledge was developed and tested against state-of-the-art methods, report-
ing on its effectiveness. This dissemination focuses on humans as the core element to
achieve high interpretability, driving model trustworthiness. Several perspectives and
human-driven approaches demonstrate the fundamental need to engage humans in XAl,
highlighting the relevance of such a research topic.






Sommario

Lo sviluppo di modelli di Machine Learning (ML) e Intelligenza Artificiale (Al) sempre
pilt complessi e performanti ha reso difficile la comprensione del loro comportamento.
Tale incremento di complessita evidenzia una proprieta fondamentale che i modelli di
ML devono possedere, ovvero essere spiegabili, consentendo agli interpreti umani di
capire come prendono le decisioni. Di conseguenza, la comunita scientifica si ¢ con-
centrata sullo sviluppo di approcci per fornire spiegazioni accurate per tali modelli
"black-box". Sebbene siano stati sviluppati numerosi metodi, I’interpretabilita umana
rappresenta ancora 1’aspetto piu critico. In questo contesto, gli esseri umani possono
ricoprire diversi ruoli oin tale contest, e la loro conoscenza ¢ fondamentale per rag-
giungere questo obiettivo. Questa tesi di dottorato si concentra sugli approcci incen-
trati sull’'uomo nel contesto dell’Intelligenza Artificiale Spiegabile (XAI), analizzando
e sviluppando tecniche per coinvolgere gli esseri umani, raccogliere e strutturare la loro
conoscenza e utilizzarla per spiegare il comportamento dei modelli. Oltre alla XAl, il
crowdsourcing e la gamification sono stati utilizzati per incentivare il coinvolgimento
umano e guidare il loro comportamento. Una panoramica degli argomenti di inter-
esse menzionati nella letteratura ¢ presentata. Successivamente, il ruolo degli esseri
umani nella XAl e il loro contributo alla robustezza dei modelli ¢ descritto. Gli ap-
procci di spiegabilita proposti in questa tesi sono sviluppati nel contesto del Natural
Language Processing (NLP) e della Computer Vision (CV). Nel NLP, si propone una
formalizzazione per organizzare la conoscenza umana per svariate attivita, raccogliendo
i dati tramite crowdsourcing. Nella CV, ¢ stato sviluppato e testato un approccio per
descrivere il processo decisionale dei modelli "black-box" utilizzando la conoscenza
umana, confrontandolo con i metodi piu avanzati e riportandone efficacia. Questa
ricerca pone gli esseri umani come elemento centrale per raggiungere un’elevata inter-
pretabilita, aumentando cosi I’affidabilita dei modelli. Diverse prospettive e approcci
guidati dall’uomo dimostrano la necessita fondamentale di coinvolgere gli esseri umani
nella XAl evidenziando I’importanza di tale argomento di ricerca.
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CHAPTER

Introduction

Over the last decades, the widespread use of Machine Learning (ML) models demon-
strated its effectiveness in supporting and improving human capabilities in various
contexts like computer science, economics, medicine, and many more while driving
technological advancement like never before. The demonstrated effectiveness of such
models on general and domain-specific tasks has driven the development of specialized
models capable of achieving even higher performance. For example, the recent devel-
opment of Deep Learning (DL) and Deep Neural Networks (DNN) outperformed state-
of-the-art models on tasks such as image classification, text translation, and many more.
Furthermore, recent technological advancements and the rise of high-performance ma-
chine learning approaches contributed to developing a novel research field. Artificial
Intelligence (AI) aims to design and develop software systems capable of replicating
human-like cognitive abilities and behaviours to perform complex tasks efficiently, even
those humans are not usually capable of accomplishing. Nowadays, Al systems per-
meate our daily lives through voice assistants, self-driving cars, and many more, easing
our efforts and enhancing our capabilities. Despite the widespread excitement about
such accomplishments, the scientific community quickly apprehended that such sys-
tems cannot rely on performance alone to become valuable human assets. Indeed, most
complex, high-performing Al systems were lacking an essential feature. Due to their
intricacy, their behaviour was not promptly understandable to the people using or de-
veloping them, leading to a loss of trust and hindering their applicability to real-world
scenarios.

Problem Statement. The fundamental need to understand models’ behaviour brought
forth the necessity of developing methodologies to faithfully represent their rationale
in a human-understandable fashion, allowing human interpreters to comprehend their

1



Chapter 1. Introduction

decision-making process. The research on Explainable Al (XAI) establishes this aim
as its primary focus. Furthermore, the differences in how humans and machine learning
systems learn, explain, and represent knowledge make it fundamental to bridge the gap
between model and human behaviour to improve or enable humans’ understanding of
such systems. In particular, Al systems must be made explainable regardless of whether
the humans employing them are developers or end-users, experts or novices, while still
accounting for the user’s expertise, consequently shaping rationales to provide the in-
formation and representation that better convey the explanation.

A faithful, complete, and understandable representation of a model’s behaviour
would increase human trust and acceptance. On the other hand, it would also be help-
ful to inspect such systems, allowing researchers to understand their faults and conse-
quently driving models’ performance even higher. Acknowledging the intrinsic two-
sided nature of explainability, i.e., humans and models can be considered two sides
of the same coin; researchers have recognized the need to involve humans in such a
complex process. While XAl experts and researchers are essential in building explain-
able systems and studying methods to make complex models understandable, end-users
are also important as final beneficiaries of models and their explanations and sometimes
knowledge providers concerning X Al-related tasks. Although human involvement con-
tributes towards answering various research questions, designing and developing ad-
hoc techniques is necessary to make such tasks understandable and feasible to humans.
Researchers involve humans through well-known crowdsourcing techniques to collect
knowledge, assess the understandability of models and their explanations, and accom-
plish various explainability tasks. These are usually designed to make them as clear as
possible to non-experts, sometimes combining them with gamification and other play-
ful design techniques to make them more enjoyable and ease the process.

Research Objective. This PhD thesis focuses on exploring and researching various
aspects of the Explainable Al research field, with a strong focus on humans and aimed
at developing methods and approaches to collect and use their knowledge to address
and support model explainability. In particular, this PhD thesis reflects the steps under-
taken and the topics addressed throughout the research. It touches on several sub-topics
in the fields of interest, framing them from various perspectives rather than focusing on
a single one. We first explore crowdsourcing-related topics in various contexts to under-
stand which principles and approaches are of fundamental interest in involving human
actors properly. Then, we perform explainability-related research to understand how
human knowledge can contribute to this field and which roles humans play in XAlI. Fi-
nally, we develop methods to collect and employ domain-specific knowledge towards
building and improving explanations. We strive to demonstrate the impact of human
involvement and human knowledge towards building explainable models.

Structure of the Thesis. This PhD thesis is structured as follows. Chapter 2 dis-
cusses the backgrounds and related works on Explainable AI, Human-Computer In-
teraction (HCI), and Crowdsourcing. Furthermore, topic-specific backgrounds will be
addressed in each chapter, providing detailed information about the subject of interest.
Chapter 3 describes the research on Crowdsourcing aimed at designing and develop-
ing methods promoting participation, employing gamification and empathy as the main

2



drivers. Chapter 4 describes the work carried out to organize and conceptualize the
literature on the involvement of humans and robustness in XAI. Chapter 5 frames XAI
from the Natural Language Processing (NLP) perspective, addressing human knowl-
edge’s structuring, formalization, and collection for a chosen set of tasks of interest.
Chapter 6 frames XAl from the standpoint of Image Classification tasks, providing a
novel methodology for local explanations for such tasks and a first approach to merge
them into category-wise global descriptions. Chapter 7 offers final remarks on the top-
ics addressed in this thesis, identifying future challenges and outlining new research
lines. Furthermore, grey boxes providing a brief summary of the most important con-
cepts described in a section are provided.

Published Content. Previously published content will be employed in writing this
thesis, enriching it with novel content. Each chapter reports the list of articles involved
in its writing, detailing the candidate’s contribution. For what concerns background
and related works, the content will be re-organized, improved, and distributed in either
the generic background (i.e., Chapter 2) or domain- and context-specific one (i.e., the
one explained in each chapter). The following publications were used

1. A. Tocchetti, L. Corti, M. Brambilla, and D. Di Marco. "A Web-Based Co-
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CHAPTER

Background and Related Works

This chapter discusses the literature on the most essential topics in the context of this
PhD thesis. In particular, Explainable Al and its definition, Crowdsourcing, and Gam-
ification are introduced in the context of interest, and some relevant aspects are dis-
cussed. Further details on domain- and context-specific literature will be provided in
each chapter. Part of this chapter will be soon published as follows

1. A. Tocchetti, M. Bianchi, R. Campi, A. De Santis, and M. Brambilla. "On the
Principles and Effectiveness of Gamification in Bidirectional Artificial Intelli-
gence and Explainable AI". In: Bi-directionality in Human-AI Collaborative Sys-
tems. Elsevier. ISBN: 9780443405532.

2.1 Explainable Artificial Intelligence (XAl)

Explainable Artificial Intelligence (XAI) is a field of Al aimed at exploring and
understanding the behaviour of Al models. XAI approaches can be classified
based on various features and perspectives.

The most well-known Artificial Intelligence (Al) branch is Machine Learning (ML),
in which models are trained to perform predictions, classifications, and other tasks
by learning from data. Over the last few years, the development of Deep Learning
(DL) and Deep Neural Networks (DNN) overcame state-of-the-art models on several
tasks, achieving better performance at the expense of their interpretability. Indeed,
most DNNs are referred to as black-box (or opaque) models, i.e., systems with known
input(s) and output(s) and complex to understand internal logic. They are opposed to
white-box models whose decision-making process is either known or promptly under-
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standable. Understanding a model’s logic is essential to ensure its correct usage, to
build trust among its users, and to avoid deploying models that might misbehave (e.g.,
due to biases) or potentially harm its users. Al researchers, developers, and experts are
hence involved in an endless quest to provide evidence about the correct functioning of
such models, making them transparent and trustworthy in the eyes of their users while
constantly striving to achieve better performance. The primary goal of Explainable Ar-
tificial Intelligence (XAl) is to obtain human-interpretable models while achieving var-
ious objectives, like assisting individuals in making more informed choices, integrating
algorithms with human values, and many more [9]. Similarly, Gohel et al. [152] stated
the main focus of XAl is to answer wh-questions related to the model’s output (e.g.,
“why is that answer obtained?”’) to provide the following features.

* Transparency and Informativeness. XAl enhances model transparency, making
them expressive enough to be human-understandable and to assess their perfor-
mance, justification, and vulnerabilities.

* Trust and Confidence. Providing explanations to users improves their trust in the
model and its outcomes, making humans favour the model’s outcome.

* Bias Understanding and Fairness. XAl promotes fairness and mitigates predic-
tion bias when interpretations are provided.

Other than the core objective of XAl, its definition, and the properties it develops,
several terms are available in the literature to define what it means to explain a model
or to make it explainable. These will be addressed in section 2.1.2 “Formal Definition
of Explainability”, following which a comprehensive definition of the main objective
of XAI will be provided.

Explainability techniques can be classified in XAl based on various features and
perspectives. In particular, they can be Model-specific or Model-agnostic (I), Ante-hoc
or Post-hoc (II), and Local or Global (IIT).

* (I) Model-specific XAI techniques are custom-made approaches that can only
be applied to specific model categories as they are designed and implemented for
specific network structures and their features. Some examples from the literature
include approaches for Natural Language Processing (NLP) [15, 169, 240] and
Computer Vision (CV) [72,213,382] models.

* (I) Model-agnostic XAI techniques can be applied to any ML model to inspect
and understand its decision-making process. Their applicability makes them more
flexible compared to model-specific approaches. LIME [355] and SHAP [262] are
two of the most well-known model-agnostic approaches described in the literature.

* (II) Ante-hoc XAl techniques incorporate explainability approaches into a model
architecture or learning process, generating a model with improved interpretabil-
ity by design [353]. Examples include Decision Trees (DT) [90], Generalized
Additive Models (GAMs) [66], and Bayesian Rule Lists (BRL) [244].

* (II) Post-hoc XAI techniques are applied to a trained model after it has pro-
duced its prediction to inspect its decision-making process and understand how
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the model generated its output [353]. A few examples include Features Impor-
tance [151] and Interaction [262], and Scoped Rules [356].

e (IIT) Local XAI techniques produce explanations that provide insights into the
model behaviour for a single data instance (e.g., a figure in a classification model).
A few examples include GradCAM [382] and LIME [355].

 (IIT) Global XAI techniques produce explanations that provide insights into the
complete model behaviour, not limited to a specific data point. A few examples
include SHAP [262] and GAM [193].

Concerning the model explanation process, some models are built with the intrinsic
capability of providing explanations alongside their output(s). In contrast, others re-
quire applying explainability techniques to achieve the same goal. Whenever an XAl
technique is applied to a model, explanations are generated and supplied to human in-
terpreters who aim to understand the model’s decision-making process. Explanations
can be presented to a human interpreter in various ways (e.g., highlights and textual ex-
planations). These are not only based on the model and the design of the XAl approach
but also on the expertise and background of the people for which the explanation is pro-
duced, as it is essential to make them understandable. These aspects will be explored
thoroughly in the following sections and chapters.

2.1.1 Reasons for Explainability

There exist several reasons to explain ML and Al systems, the most important
one being preventing potential negative effects on human lives. Improving, de-
bugging, and understanding models are essential motivations as well.

Explainable Al is of fundamental interest nowadays since Al systems are widely
applied in many aspects of our daily lives. Developers, researchers, and end-users ben-
efit differently from such systems and as such, they have different reasons to consider
model explanations important [461]. From a research and development perspective,
understanding a model’s logic would allow developers to assess whether the system
behaves as desired, consequently allowing fixing potential faults and improving its per-
formance. In real-world use cases, end-users would experience improved trust, conse-
quently contributing to the widespread usage of such systems [367].

From a general perspective, it is crucial to understand model behaviour as the un-
justified usage of their outcomes might negatively impact human lives. In her book
"Weapons of Math Destruction" [320], Cathy O’Neil analyzes real-life scenarios in
which the improper usage of Al models negatively affected people’s lives. The most
critical problem she identified is humans’ unjustified trust in such systems. Addition-
ally, when describing these models, she emphasizes that opacity is one of the features
characterizing the so-called "Weapons of Math Destruction". Such a statement implic-
itly suggests that when applying models lacking transparency, it is essential to imple-
ment mechanisms to understand their behaviour to prevent severe consequences. One of
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the most well-known events that raised public awareness about this problem is the im-
proper application of a decision-making system in judging the recidivism of convicts in
the USA. American courts used to apply the predictions made by the COMPAS system
without even questioning them as they could not understand its behaviour properly, po-
tentially delivering incorrect judgements. Indeed, further inspections revealed a strong
bias towards flagging black people as future criminals at almost twice the rate as white
people due to an intrinsic data bias. Such improper behaviour is not only strictly as-
sociated with the model’s misbehaviour but also with its development and application.
COMPAS’s developers should have assessed the system’s behaviour to ensure proper
functioning. At the same time, court judges should have employed the system to sup-
port their decision rather than unthinkingly applying and trusting its prediction. Such
an analysis emphasizes the fundamental role of humans in what concerns models and
decision-making. Regarding such human-related problems and the applicability of Al,
a few references can also be found in the General Data Protection Regulation (GDPR),
a document redacted by the European Union in May 2018. While the document de-
scribes about 100 data privacy regulations, a few can be traced back to the explain-
ability problem. In particular, article 71! is of fundamental interest as it regulates the
automated processing of personal data, the decision-making process carried out from
such processing, and its transparency. The latter became a mandatory feature for any
Al system that involves any form of automated processing of personal data evaluating
the personal aspects relating to a natural person [...] where it produces legal effects
concerning him or her or similarly significantly affects him or her. Moreover, data sub-
jects can obtain an explanation of the decision reached after such assessment. This last
fundamental statement makes understanding the applied model’s rationale necessary to
provide complete and clear explanations. These examples provide concrete evidence
that Explainability is a need that encompasses society and industry alike.

While there are several ethical reasons to explain model behaviour, these can be
summarized into four categories from a research and development perspective [3,461].

 (I) Explain to Justify - Explanations should back up model-supported decision-
making to justify the final decision. Furthermore, explanations should allow the
labelling of the model’s decision as fair and ethical, consequently contributing to
building trust in the model.

* (II) Explain to Control - Explanations should improve model transparency to
allow the identification of potential flaws and perform model debugging.

 (III) Explain to Improve - Explanations should allow model developers to im-
prove their model’s performance.

* (IV) Explain to Discover - Explanations should support extracting and learning
novel knowledge and patterns.

Even though these categories are mainly concerned with models, humans are the core
of Explainable Al as developers, final users, and experts are involved regardless. Re-
search falling in the first category (I) apply inherently explainable systems or explain-
ability approaches to provide evidence for models of interest, mainly involving humans

IGDPR, Article 71 - https://www.privacy-regulation.eu/en/recital-71-GDPR.htm (last accessed on 17 September 2024)
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to assess the understandability of the explanations. The latter is primarily achieved
by showing explanations to domain experts or end users and collecting feedback. The
second (II) category involves explainable systems and tools through which experts, Al
researchers, developers, and sometimes end-users explore the capabilities of a model
to identify potential errors and improperly learned knowledge. These systems usually
involve multiple views and representations to detail potential perspectives that might
have led the system to err. Similarly, faithfully-crafted explanations can be inspected
to understand any flaw in the model’s behaviour. Research from the second (II) and
third (III) groups are somewhat entwined. In particular, identifying faults in a model’s
behaviour would allow one to fix them, consequently improving performance. In this
group (III), humans are usually provided with a model’s behaviour, and they are asked
to validate a model’s capabilities and provide potential improvements by suggesting
knowledge that the system might need to learn. Concerning the last group (IV), hu-
mans might be involved in assessing the understandability of the knowledge acquired
by a model through a set of explanations elicited. For example, novice chess players
might try to learn game strategies from explanations extracted from AlphaZero [395]
while expert users might discover new strategies and game patterns as the Al model
might have acquired such knowledge.

Despite the need for Explainability, whether and when it is needed is still an argu-
ment of discussion in the Al community. Holm [183] states that using black-box models
is motivated when they produce the best result, when the cost of a wrong answer is low,
or when they inspire new ideas. Additionally, Explainability might not be mandatory
in low-stakes scenarios where trusting a model without understanding its behaviour
would not cause any harm, even if it would misbehave. In high-stakes scenarios, there
are a few conditions and situations in which explaining the system’s behaviour is not
fundamental. For example, Miller states that if an AI model yields accurate predictions
that help clinicians better treat their patients, it may be useful even without a detailed
explanation of how or why it works*. While explanations might be sometimes unnec-
essary, a few experiments [125,335] revealed that explaining a model’s behaviour may
also generate unmotivated trust. Consequently, it is fundamental to understand the role
of Explainability based on the context in which the model to explain or inspect is ap-
plied and the scope in which the model deserves trust even without explainability [167].

In conclusion, explaining Al models is essential to ensure their correct functioning,
to build trust and consequently drive their usage, and to avoid or detect and fix potential
biases and misbehaviour. In rare cases, Explainability might be unnecessary, depending
on the context. In general, proper and attentive explanations are deemed fundamental
towards developing and deploying Al systems in modern society to avoid affecting
people’s lives negatively.

2Should AI Models Be Explainable? That depends - https://hai.stanford.edu/news/should-ai-models-be-explainable-depends
(last accessed on 16 September 2024)
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2.1.2 Formal Definition of Explainability

While several definitions of XAI and its declinations have been described in the
literature, common elements and similar perspectives can be identified, finally
leading to a comprehensive definition.

Acknowledged the relevance of explaining Al models, it is necessary to understand
what it means to explain, what defines an explainable AI model, and some fundamental
notions that are yet to find a unique definition in the XAl literature [461]. This section
does not aim to provide a unique definition for each concept but to summarize the most
important ones and their features.

The fundamental notion behind the concept of Explainable Al is that of “explana-
tion”. Considering a context-agnostic definition of the term, Oxford Languages® de-
fines an explanation as a statement or account that makes something clear or a reason
or justification given for an action or belief. Despite these definitions being detached
from the Explainable AI research field, they might be considered a basic definition
of a model’s explanation if properly contextualized. On the other hand, a discipline-
specific definition must consider the main elements of the domain of interest, in this
case, the model, its input(s) and output(s), its domain of application, and the people
involved with the model (i.e., its developers, its end-users, etc.). In this regard, Guidotti
et al. [160] define an explanation as an interface between humans and a decision-maker
that is, at the same time, both an accurate proxy of the decision-maker and comprehen-
sible to humans. Such a definition encompasses two essential elements. The first is
the accuracy (also known as faithfulness) of the explanation, i.e., the capability of an
explanation to properly represent a model’s behaviour. The second is the comprehen-
sibility of the explanation, i.e., the capability of an explanation to be understood by a
human interpreter. The most crucial aspect that can be observed from this definition
is the existence of two sides concerning explanations, i.e., the human and the model,
which can also be found in most definitions in XAl. In fact, explanations must be made
understandable for human interpreters to clarify the model’s behaviour.

Strictly related to the concept of explanation is the one of Explainability. Regarding
its definition, Gohel et al. [152] define it as a need and expectation that makes a deci-
sion of an intrinsic AI model more transparent that also develops a rationale approach
to implementing actions driven by Al and also be helpful for end users to understand.
Such a definition recalls the need for model transparency (i.e., the capacity of a method
to explain how a model works, even when it behaves unexpectedly [461]) so that its
actions can be understood by its end users, hence focusing once again on the need for
human involvement in this complex field. Saeed et al. [367] affirm that Explainability
provides insights to a targeted audience to fulfil a need. Similarly, Ali et al. [9] extends
this definition by stating that Explainability provides insight into a model’s decision
to the end-user to build trust that the Al is making correct and non-biased decisions
based on facts. The same authors [9] collected other definitions for Explainability from
the literature: the capacity to make automatic interpretations and describe the inner

30xford Languages - https://languages.oup.com/
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workings of an Al system in human terms, the process of elucidating or revealing the
decision-making mechanisms of models, and a process related to the ability to under-
stand why Al models make their decisions. While several definitions of Explainability
were collected, and even more are provided in the literature, they all revolve around
the core concept of making models and the process leading to their decisions under-
standable to humans, either intrinsically when white-box or self-explainable models
are applied or through external explainability approaches.

In the explainability research field, multiple terms are sometimes used interchange-
ably when describing the feature of a model to be explainable. While many exist [461],
we claim interpretability and understandability to be the most important for this re-
search as they are strictly associated with the human side of Explainability. Concerning
interpretability, Saheed et al. [367] define it as the degree to which the provided insights
can make sense for the target audience’s domain knowledge. Ali et al. [9] summarize
interpretability as a process that enables developers to delve into the model’s decision-
making process, boosting their confidence in understanding where the model gets its
results and make their decisions. Similarly, Guidotti [160] defines it as the ability
to explain or provide meaning in understandable terms to a human. Besides, under-
standability is defined as the characteristic of a model to make a human understand
its function (i.e., how the model works) without any need for explaining its internal
structure or the algorithmic means by which the model processes data internally [35].
Detaching the core of the definition from the model itself, Vilone et al. [461] summa-
rizes it as the capacity of a method of Explainability to make a model understandable.
In this case, one might observe that these definitions mainly differ because of their per-
spective. The first one considers a model whose decision-making process is promptly
understandable. The second focuses on an external method applied to a model to make
a human interpreter understand its functioning. Such a difference is just a small proof
that some terms are not uniquely defined in the literature, making it essential to provide
their interpretation to clarify their meaning to the reader as they are affected by multiple
factors (e.g., the context).

Another term broadly used is explainable Artificial Intelligence (not to be confused
with the name of the research field). Arrieta et al. [35] provides the following definition

Given an audience, an eXplainable Artificial Intelligence is one that pro-
duces details or reasons to make its functioning clear or easy to understand.

Such a characterization makes a series of important statements. First, it clearly states
that the algorithm must be able to produce details or reasons to make its functioning
clear or easy to understand. This statement exemplifies so-called self-explaining sys-
tems, i.e., models producing their outcome and its corresponding explanation together
(e.g., decision trees and rule-based models). Such models are either inherently ex-
plainable or trained using data and explanations (i.e., human rationale) [300], finally
generating models capable of explaining their behaviour. In the second place, the au-
thors consider the audience as a relevant entity, thus acknowledging that the interpreter
influences the understandability of an explanation. Indeed, understanding how to shape
explanations properly [301] is as essential as understanding how they are perceived
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by the audience [301, 379, 487]. For example, an Al expert would probably prefer a
detailed model description, a non-expert user would likely favour a small set of exam-
ples [201] representing the system’s behaviour, etc. The last aspect addressed is that
an explanation must be clear or easy to understand. This concept is strongly subjec-
tive as it depends on various human-related factors, such as the user’s expertise with
Al and ML systems, the context in which they are born, their education, and many
more [408]. Therefore, it is fundamental to properly understand how to tailor expla-
nations depending on the audience’s characteristics. Moreover, the proposed definition
depicts a system inherently able to explain its behaviour while not explicitly consider-
ing models requiring the application of so-called post-hoc explainability techniques.

Despite the plethora of XAl-related terms and definitions available in the literature,
common elements can be identified regardless of their perspective and context.

* Model - An Al model whose behaviour is unclear or hard to understand for which
explanations are generated to explain their decision-making process or identify
potential biases and flaws. The model might also generate explanations by itself
(so-called self-explainable models).

* Audience - A group of people related to the Al model. These can be stakeholders,
final users, developers, researchers, and many more [112]. Depending on their re-
lationship with the model, they have diverse needs and usually different expertise
with Al. Explanations are to be provided accordingly, as it is of fundamental inter-
est to make them properly understand a model’s behaviour from their perspective.

* Explanation - The mean by which proofs of a model’s behaviour are provided
to the audience. They must be shaped based on different factors, like the context
in which the model operates, the target audience expertise, etc., to make them
human-understandable. Furthermore, explanations must faithfully represent the
model’s behaviour and decision-making process.

* Behaviour - The main element to be understood by the audience. It might be a
single decision, the complete model’s behaviour or, more generally, its decision-
making process.

Considering the broad and multifaceted scenario concerning the definition of Ex-
plainability and its features, we deem the final aim of the XAI research field to be
the development of inherently explainable systems and explainability techniques that
faithfully explicit the behaviour of complex machine learning models, tailoring their
explanation in an understandable way for humans to improve their trust or identify a
system’s flaws and biases.

2.2 Crowdsourcing in XAl

Crowdsourcing is fundamental to engaging crowds with heterogeneous features
in tasks requiring human knowledge and skills.

Data and knowledge are the most valuable assets for ML and XAI practitioners and
researchers. Nowadays, data for simple or well-known ML tasks can be easily acquired
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from the web, e.g., from open-access data sources, repositories, and even dedicated
websites and communities (e.g., Kaggle* and Hugging Face®). Moreover, complex or
custom ML processes may require knowledge that is not openly available or easily ob-
tainable, and tasks requiring human knowledge cannot be promptly addressed without
direct human intervention. Hence, it is essential to develop effective approaches to in-
volve human actors in providing knowledge when needed. The ML and Al community
found a solution to such needs in Crowdsourcing.

Crowdsourcing is a well-known technique that enables researchers and companies
to involve a heterogeneous crowd in delivering their knowledge and skills (so-called
wisdom of the crowd) to achieve specific goals [242]. These include collecting various
types of data, including people’s ideas and preferences [27], or the accomplishment of
a task, e.g., labelling a large number of images [283]. Crowdsourcing involves three
core entities, i.e., the crowd, the initiator, and the process [119]:

* The crowd is a group of geographically scattered anonymous members of a virtual
community that feature various levels of knowledge, skills, and experience [208],
which can span from expert roles (including scientists or domain experts), to
generic citizens or amateurs [242].

* The initiator is typically an organization that or an individual (e.g., a researcher)
[242] who shares open calls within crowdsourcing communities to outsource inter-
nal tasks [187], trading crowd workers’ expertise and time with monetary rewards.

* The process describes the initiation, execution, and result as a collection flow,
typically implemented within a crowdsourcing platform through standardized in-
terfaces or ad hoc applications.

Crowdsourcing inherently provides various advantages, like involving a crowd with
diverse knowledge [321] and features, scalability on demand, and cheap data collection
compared to standard methods, thanks to the existence of Crowdsourcing communities
and platforms (e.g., Prolific®). However, its capability to interest a large crowd is still
a fundamental challenge, e.g., high-complexity tasks may lead to low engagement as
they may require specific or expert knowledge. Furthermore, its effectiveness is not
only tied to the crowd but also the task and its parameters (e.g., reward, complexity,
clarity, etc.) [321], making tailoring an effective crowdsourcing process a challenging
but essential objective. Hence, researchers have developed techniques and design pat-
terns [47] striving to ease process complexity and to involve an even broader audience
of crowd workers.

2.3 Gamification & Gameful Design

Gamification contributes to designing enjoyable applications by leveraging dif-
ferent kinds of motivation through design elements.

4Kaggle - https://www.kaggle.com
SHugging Face - https://huggingface.co
6Prolific - https://www.prolific.com
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As crowdsourcing was becoming a viable approach for data collection in complex
tasks, maintaining high levels of user involvement and motivation was identified as a
fundamental need to achieve a complete and accurate outcome. Across the myriad po-
tential improvements, researchers tested gameful approaches and design patterns, un-
veiling their effectiveness towards satisfying those needs. Such approaches are mainly
categorized as Gamification techniques, although similar terms are broadly employed
in the literature (e.g., Human Computation Games, Games with a Purpose, etc.) [380].
The term has not allowed for a unique definition, as researchers have provided several
descriptions, perspectives, and principles characterizing it. Indeed, while a more gen-
eral view about such approaches encompasses the adoption and institutionalization of
games and their influence, a more specific one characterizes their capabilities in produc-
ing states of desirable experience and high engagement levels, making them a valuable
asset for enhancing non-game services [99]. Indeed, one of the most well-known def-
initions describes Gamification as the use of game design elements in non-game con-
texts [99]. Gamification techniques rely on and leverage two fundamentally different
types of human motivation, i.e., intrinsic and extrinsic motivation [365].

Intrinsic motivation factors drive people’s behaviour based on their inherent need
to seek novelty, challenges, and learn. In particular, Relatedness, competence, and
autonomy are three innate needs associated with intrinsic motivation [158,365]:

» Competence is the need to learn new skills and master tasks (e.g., it can be satisfied
by providing the user with interesting challenges or feedback).

* Autonomy is the need to feel in control of one’s own behaviours and goals (e.g., it
can be satisfied by promoting voluntary participation).

* Relatedness is the need to feel belongingness and connectedness with others (e.g.,
it can be satisfied by connecting the user with a meaningful community).

Extrinsic motivation factors leverage people’s desire to achieve a separable outcome
(e.g., a monetary or a physical reward).

Opposite to the Self-Determination Theory, Zichermann [532] argues intrinsic mo-
tivation is unreliable, making satisfying core intrinsic values impossible or unnecessary
while discussing the capabilities of extrinsic motivation in improving performances de-
spite hindering intrinsic motivation. Furthermore, extrinsic factors can be crafted to be
perceived or become internalized as intrinsic in an effective strategy [532].

The effects of gamified approaches have been studied for a very long time in var-
ious contexts, e.g., medical and healthcare [10], policy-making [42,441-443], educa-
tional [233,306] and many more, demonstrating the all-around applicability of such
a paradigm. In particular, achieving long-lasting user involvement and high partici-
pation effort is mainly achieved by leveraging intrinsic motivation [524]. In contrast,
extrinsic motivation is beneficial when an initial burst of users is to be gained or when
tedious tasks are presented [62]. Extrinsic motivation is also the main driving factor
in web crowdsourcing platforms (e.g., Prolific) in which people are awarded money in
exchange for completing tasks. On the other hand, intrinsic motivation mainly drives
people to partake in social platforms in which they perform actions that benefit local
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communities, research groups, or themselves [42,441-443]. In summary, both types of
motivations are considered valuable depending on the context and the environment in
which they are applied and which objective must be achieved.

In practice, Gamification applies various design elements (e.g., leaderboards, points,
achievements, etc.), each driving or hindering either motivations and needs [368]. Clas-
sic gamification elements (e.g., avatars, animations, challenges, etc.) were proven to be
effective in improving user attention and enjoyment [448], consequently improving par-
ticipation rate and reliability of the answers in data collection tasks [418], as well as
improving user engagement and the system’s capability in driving behaviours [7]. The
effectiveness of each design approach and how it affects motivation depends on sev-
eral factors, like the context, the audience involved, and many others. Furthermore, as
the usage of design elements driving extrinsic motivation grows, intrinsic motivation is
hindered [365]. The following sections will discuss these approaches and their effects
in the context of Al and Explainable Al, finally summarising the most important design
elements and principles. Other contexts were explored and researched, too, and will be
discussed in the following chapters.

2.4 Ganmification in Al & Explainable Al

This section considers areas and applications for the human-in-the-loop Al and Ex-
plainable Al research field to uncover how Gamification is applied and shapes them,
focusing on the second. Two main areas will be addressed: Computer Vision, i.e., a
branch of Al involving visual content (e.g., images and videos), and Natural Language
Processing, i.e., a branch of Al involving textual content and text-based tasks (e.g., sen-
timent analysis). Examples of gamified approaches applied to other Al-related areas
will also be provided. These will also be organized based on their objectives (e.g., data
collection, model assessment, etc.). Gamified systems will be described, highlighting
gamified processes and the most critical design elements they exploit. Finally, a dis-
cussion of the main principles and design approaches inspected will be provided.

2.4.1 Gamification for Artificial Intelligence

Gamification has been applied to Al for various purposes, developing approaches
to mainly collect human-generated data or validate models’ knowledge.

While AI can be applied to any application field and scenario, many complex Al
models are built and deployed to process images and human text. Therefore, we focus
on these two use cases as reference scenarios.

Computer Vision. In the context of Computer Vision, gamified approaches are
mainly applied to label pictures, videos, or parts of them. Kotlinski et al. [222] de-
signed a competitive game named Detective Pig to collect labels for complex visual
data to enhance the performance of computer vision models. Players are asked to sub-
mit complex or unusual pictures, label them by choosing a category, and guess the class
of other players’ images. Players have limited time to guess the label, and any wrong
labelling will deduct time from the clock. The more pictures they upload or guess, the
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more points they earn. Players could also provide feedback on figures through likes or
dislikes. Inspired by a well-known game named Codenames, Bitton et al. [43] collected
a gamified association benchmark for multimodal machine commonsense reasoning
and association abilities. A player plays as the spymaster, providing a single-word cue
that joins a certain number of pictures and making the association hard for a model
but easy for the users to guess. In contrast, an Al model and three other players try to
guess which pictures the spymaster refers to by knowing the word and the number of
associated pictures.

Natural Language Processing (NLP). In NLP, Gamification is mainly applied to col-
lect knowledge and generate labelled data sets for complex tasks. Ogawa et al. [316]
designed a gamified platform to collect and annotate task-oriented, situated, dialogue
data, striving to motivate workers and reduce costs. The authors extended Minecraft’s
functionalities, allowing data collectors to customize their game instances and match
couples of players to complete tasks. Players can annotate their text using a pre-defined
list of buttons as they type into the chat. Ohman et al. [317] proposed a gamified
framework for sentiment analysis and emotion detection to generate a dataset with
multi-dimensional annotations. Their approach is aimed at satisfying intrinsic moti-
vation [365]. Leaderboards and statistics promote Relatedness, while rank and prestige
promote competence. Rank is based on a score assigned to players as they correctly
annotate sentences. The score is, in turn, based on the similarity with gold annota-
tions. Eisenschlos et al. [115] gamified a data collection approach to generate a dataset
named FoolMeTwice containing challenging entailment pairs. Players play two differ-
ent phases. In the first one, they are asked to author challenging claims supported or
refuted by some textual evidence with the help of an Information Retrieval (IR) sys-
tem, avoiding lexical overlapping. In the second, voters are shown two claims from
other players and asked to guess which one is incorrect. The less time and evidence
requested to guess, the higher the score assigned to the player. The claim’s author is
awarded any point lost by the voter in the second phase and whenever voters are not
fooled. Venhuizen et al. [458] designed a game with a purpose named Wordrobe in
which players are asked to answer multiple-choice questions on word senses. Players
are awarded points and achievements as they complete individual or group questions,
called drawers. The more complicated the questions, the more points are granted. The
score is awarded based on their agreement with other players and a betting percentage
of choice that will increase the points earned when answering a question correctly and
reduce in case of an incorrect answer. Bos et al. [46] employed the game with a pur-
pose designed by Venhuizen et al. [458] to examine semantic relationships expressed
in noun-noun compounds. Amspoker et al. [16] developed a game named FrameGame
for semantic role labelling involving short-story writing and expanding the FrameNet
dataset. Players are asked to write a story based on the lexical units of the frame shown
on the screen and to annotate frame-evoking lexical units in the story. Players can see
other players’ work for the same frame. Talmor et al. [435] developed a gamified appli-
cation to test the limits of AI models, having participants create questions that mislead
the model. Players author yes/no questions. They are shown the model’s answer and
asked to mark whether it was correct. Players are rewarded points whenever the model
is incorrect, awarding an increased amount whenever they abide by specific suggestions
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provided by the application (e.g., using specific phrases). Humans then validate ques-
tions, deducting points from the player whenever the content submitted is incorrect or
poorly written. This design allows players to ask complex questions without cheating
while giving the game designer some control over the data submitted. Furthermore,
the model is enhanced through a model-in-the-loop approach, training it on the newly
collected samples. Finally, a dataset of 14.3k complex yes/no questions named Com-
monsense QA 2.0 is created.

2.4.2 Gamification for Explainable AI

Proven the effectiveness of Gamification in Al, researchers developed ap-
proaches in XAl involving humans in data collection and improvement tasks,
as well as model assessment and enhancement ones.

When considering Explainable Al, a few researchers recognized the potential of
gamified approaches to achieve objectives like collecting data, assessing model ex-
plainability, or providing feedback to improve data collection.

Data Collection. In the context of knowledge elicitation, Balayn et al. [27,30] pro-
posed FindItOut, a Game With A Purpose (GWAP) based on the popular game Guess
Who to elicit generative and discriminative knowledge as relationships between objects
in pictures. The latter is achieved by involving people in a two-player gamified activity
in which each player is shown a common board with images representing concepts.
Each player is assigned one image and aims to guess the opponent’s concept by asking
questions shaped as relation-input couples. As questions are asked, players flip cards
from their board downward until they guess the right one. The entwining between ques-
tions, flipping, and the final guess allows knowledge to be elicited.

XAI Assessment and Improvement. Aiming to assess the interpretability of model
explanations, Lu et al. [261] developed a gamified approach based on the well-known
Peek-a-Boom GWAP. A human actor plays the role of Peek, aiming to guess the content
represented in a picture. An XAl method plays the role of Boom, incrementally reveal-
ing parts of a chosen image so Peek can guess the image content. Players are asked
to perform an image classification task, while the XAI method shows the most critical
non-revealed pixels whenever Peek requires it. They deem the most interpretable XAl
methods to be those whose content can be guessed with a low pixel exposure rate. Ful-
ton et al. [135] and Morrison et al. [294] perform model assessment similarly. Fulton et
al. [135] explore how humans interpret Al explanations through a multiplayer GWAP
for image recognition. The explainer is given the source image and its feature visual-
izations (i.e., a technique that visualizes the features learned by the model by activation
maximization [318]), and they provide the guessers with the explanations they believe
would lead them to guess the correct answer the quickest. Explanations are provided
over time; the faster a guesser guesses, the more points they receive. A textual explana-
tion is also given if the guessers cannot guess based on their provided content. Morrison
et al. [294] extended this gamified approach by developing a Gamified evaluation tool
named Eye into Al to compare and improve XAl methods. The game involves several
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rounds with different functions. In the explainer’s round, the player is given a source
picture of choice and a list of explanations (i.e., the best and worst five from the ex-
plainability method’s perspective). They are asked to choose the top four out of ten that
would allow a player to guess the original image and rank them. In the guesser’s round,
the player is given the top explanations (in the first match) and random explanations (in
the second match) using the same XAI technique. Similarly to Fulton [135], explana-
tions are slowly revealed over time; the lower the number of displayed explanations,
the higher the score. If the player cannot guess based on the content they were given, a
textual explanation is also provided, after which they are shown a list of four options to
choose from if they still can not guess. The authors compute the agreement between hu-
mans and XAl approaches to understand which XAI techniques are less intuitive. The
exposure and the number of explanations required to lead to a correct interpretation are
employed to rank the interpretability of XAl techniques, similar to Fulton et al. [135].
Ma et al. [263] proposed a gamified web platform to assess explainable Al approaches
(i.e., local feature importance and counterfactuals) engaging non-expert users in the
context of time-series forecasting. Through qualitative options, users are asked to esti-
mate the relationship between the model’s predicted price and a hypothetical estimated
price. Each player plays five rounds. In each round, the user can ask for model ex-
planations. The closer their hypothesis is to the model prediction, the higher the score
they are awarded. Recently, Humer et al. [192] applied a gamified application, named
Forestly, to involve 500 participants in assessing which explainability techniques are
more trustworthy in high-stakes scenarios. In particular, they were asked to identify
mushrooms as poisonous or edible with the help of an Al-based application, potentially
supported by a specific XAl technique. They were shown the picture of a mushroom,
the outcome of an XAl approach depending on the group they were assigned to, the pre-
dictions from a model with its probability, and the name of the species and whether it is
edible. Then, participants were asked whether they would pick the mushroom for later
consumption, making it more realistic. The gamified experience was also expanded by
implementing an interactive game named Al Forest - The Mushroom Hunting Game.

Natural Language Processing. Significantly, few researchers employed Gamifica-
tion in the context of Explainable Al in Natural Language Processing, making it an
exciting area to explore. In particular, Sevastjanova et al. [384] combined Gamification
and Explainable Al, developing a visual analytics technique, named QuestionComb, for
interactive data labelling to generate high-level relationships and rules for texts in the
context of Question Answering. The gamified activity aims to improve a model’s qual-
ity, awarding users badges whenever they complete a level or successively improve the
model’s certainty. Users are provided with an interface to explore the dataset, choose
and annotate an instance, organize the labelled instances, and finally, overview the rules
based on the previous grouping. This structure allows users to explore the model per-
formances and its internals (i.e., the rules it learned) as the user labels data instances.
Gamification is applied through well-known game dynamics, namely content unlocking
(i.e., only a part of the data is accessible at a time, highlighting enabled and disabled
instances); freedom of choice (i.e., users can label data instances of choice, unless
they are not allowed to); collection (i.e., users can group data instances through the
interface, enhancing their reasoning); levels; and badges. Recently, Takan et al. [434]
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applied Gamification to bring together proposals for Al fairness tests into a single plat-
form to create novel sustainable fairness practices ultimately. Gamification allows users
to see their scores and awards them by sharing their achievements with other users on
the platform, leveraging extrinsic motivation. In the system, users can set rules with a
description and develop tests to assess the conformity of texts to rules. The platform
computes a score based on the rules and the tests using a ZDD (Zero-Suppressed De-
cision Diagram) score and centrality score, as well as a confusion matrix and mutation
test scores, respectively. The sum of these scores constitutes the score assigned to the
user and its influence on the game, so players with a higher score have a higher influ-
ence on the game.

Feedback. Gamification and Explainability were also combined to provide feed-
back to improve data quality. In particular, Shingjergji et al. [392] designed Facegame,
a gamified application for collecting facial expressions, addressing the need for data
and model interpretability simultaneously. Players are exhibited a picture with a facial
expression to mimic. Their facial expression is shown through a camera. The closer
their expression is to the given one, the higher the score they are awarded. The latter
is also affected by the quality of the picture (e.g., a dark picture might result in a lower
score). Developers employ this score to provide feedback to players, motivating them
to create better images and to get a better score. Feedback is provided through explana-
tions as free text. These are generated by comparing the player’s facial expression with
the primary muscle movements associated with Explainability using a rule-based dic-
tionary approach. These represent user feedback and a human-friendly, interpretable
explanation of a facial emotion recognition model. A combination of Explainability
and gamified approaches was also employed in other contexts, like security and edu-
cation. Suhail et al. [424] implemented ENIGMA, a gamified approach for addressing
the explainable security challenges for Digital Twins, providing security analysts with
a controlled and supportive virtual training environment. Security analysts play as the
attacking team, while an Explainable security assessment model explains the defend-
ing model’s decision. Objective-game-based scenarios are generated by configuring the
teams, roles, and resources. The game unfolds by simulating an attack on a digital twin
instantiated on a virtual machine to not affect an ongoing process. A post-hoc explain-
ability approach is applied to explain the defence mechanisms used by the Al model,
making the final security decision understandable to security analysts.

Education. Striving to educate students and advance education on robust Al, Gelata
et al. [143] implemented an open-source game-based platform named Maestro. Stu-
dents partake in a competitive programming environment where they are challenged
to achieve better model performances than some baselines and their competitors in
goal-based scenarios. The authors leveraged intrinsic motivation through a leaderboard
displaying students’ scores, ranks, and errors, fulfilling correctness, competence, and
autonomy [365].
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2.5 Ganmification Principles for Al and XAl

Common features and principles were identified from the gamified approaches in
the literature (e.g., the most commonly employed gameful design elements and
design patterns).

This section will discuss the most commonly applied approaches, principles, and
design patterns from the collected literature in Al and XAI.

Usage of Well-known Games. Some of the presented works employ and extend well-
known games and game mechanics to implement their gamified approaches. Guess
Who [27,30], Codenames [43], and Minecraft [316] are just some examples constrained
in the context of Al. Such an approach reduces usability barriers as participants might
know how to play the game beforehand. This effect might be reduced when games are
extended to fit the authors’ use cases as new mechanics might be introduced. In this
case, it is essential to clarify how the extension updates or improves the original game.
Furthermore, these games are usually board or video games, making them fun and ap-
pealing to the public by design, potentially increasing the quality of the outcome and
engagement. On the other hand, custom gamified activities might be too complex for
new players to understand, include unbalanced rewards or game mechanics, or require
a lot of design, implementation, and testing efforts.

Multiplayer Game Design. Multiplayer games are designed to satisfy relatedness
[365], making players cooperate for or compete towards a common objective. Coop-
erative games usually ease complex tasks or ensure higher data quality by combining
knowledge from various actors. Instead, competitive games [27, 30, 135, 294] drive
players to perform well as they are moved by their desire to win and achieve better
results. From the players’ perspective, it is essential to structure the competitive as-
pect to avoid generating hatred towards other players, which might cause strong dis-
engagement. Such behaviour is more common when competitive players are engaged
in an environment that strongly rewards veteran players, making it hard for novices to
compete. On the other hand, it should not be that easy for novices to reach veterans’
achievements. Consequently, in-game reward and penalty (e.g., points) balance is fun-
damental to achieving short- and long-term engagement. When multiplayer games are
set in place, it is necessary also to employ mechanisms that make the game playable
even when one player is not active, e.g., introducing a time limit for each turn would
allow a game instance to proceed even with a single player. Similarly, a penalty or
reporting system for leaving or not playing the game might be set.

Gameful Design Elements. In gamified approaches, multiple elements can be em-
ployed to drive motivation. Depending on the component, intrinsic or extrinsic mo-
tivation is driven [368]. From the collected literature, it can be observed that points
[115,135,143,222,263,294,317,392,434,435,458] are the most commonly employed
gamified elements, followed by leaderboards [143,317] achievements [434,458], and
badges [384]. Gamified design based on time [115, 135,222,294] are also broadly
applied. Points are among the most common in-game rewards that drive extrinsic moti-
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vation. Players are awarded points for completing activities or performing high-quality
tasks. When it comes to points, it is essential to keep awarding players throughout
the gameplay, as these rewards are effective because the player feels a sense of satis-
faction in increasing their score. Leaderboards are strictly related to points, as most
rank players based on their score. Sometimes, the number of achievements or badges a
player achieves is also used to generate leaderboards or resolve potential ties between
players. When applying leaderboards, these must award the most performing play-
ers while driving the low-performing ones to do better to improve their rank. On the
other hand, ranking should not make players feel a sense of hatred towards those with
a higher score or discourage them from playing the game. The latter can be achieved
through well-balanced rewards and applying time-based leaderboards (i.e., other than
commonly applied global leaderboards, one might generate leaderboards that consider
the best matches performed by players over a specific period to award players for play-
ing constantly and doing well, making it possible for everyone to get at the top after
each leaderboard reset, e.g., including daily or weekly leaderboards). Achievements
(and badges) reward players for accomplishing specific objectives and award them sta-
tus within the community. Objectives of different complexities must be considered,
varying from simple ones (e.g., completing the tutorial) to complex ones, making it
rewarding in the beginning and challenging for the player to complete them. Time is
also a fundamental design element when it comes to gamification [115, 135,222,294].
It drives the game design, making players earn more points the quicker they complete
the activity when a correct answer is provided. As previously discussed, time can also
be applied to other aspects of gamified services.

Other than these common design elements and approaches, An interesting gameful
design was applied by Takan et al. [434]. They made it so that players who achieve
better results not only achieve a higher score but also have a stronger influence on the
game. This design approach acts as a form of status as a reward, granting good players
an influencing reward and status towards the network of players.

Fun & User Engagements. The most important factor that makes Gamification ef-
fective is fun [85]. A gamified application must be enjoyable for users, finally creating
long-lasting engagement. Furthermore, when players enjoy partaking in an activity,
they provide extended and higher-quality content. While well-known games are most
likely enjoyable for the public as they were pre-tested and well-designed, custom games
must be assessed to validate their capability to keep the user engaged. The main chal-
lenge associated with this topic is that fun is highly subjective and strictly depends on
the players’ objectives [168]. Similarly, players might enjoy or dislike the gamified
design of an application. Other than the presented gamified approaches in the context
of XAl various design patterns have been discussed in the literature, like the so-called
games for fairness and interpretability [85]. These include Human versus Al and Break
the bot games. The first category includes games where the human competes against
the model to guess the right answer. In the second approach, players are shown an input
and asked to change it to change the model the most. The winner is the one capable of
creating a greater change.
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Cheating & Exploits. When playing gamified activities, some players might try to
cheat or "game the game", i.e., exploiting unwanted gamified behaviours in the gam-
ified application that lead to achieving high scores or performances without properly
playing the game. Unless someone discovers and reports these behaviours, these situa-
tions are usually unknown to the authors. On the other hand, players might cheat using
other methods, e.g., they might get in touch with each other through internal or external
channels to make arrangements to get better results. The main concern with cheating
in gamified approaches is that the outcome (e.g., a dataset) might be affected by such
behaviours, leading to strongly biased or untrustworthy outcomes. These behaviours
must be prevented by designing well-balanced and exploits-free games that properly
award players based on their performance, avoiding including mechanisms that might
lead players to cheat, or including mechanisms to report such behaviours [27]. This is
one of the main reasons external rewards, like real-life rewards, are highly discouraged,
as they might drive players towards finding exploits to get more and more of these re-
wards. In-game extrinsic rewards might achieve a similar effect with a lower scale and
effect, as players strive for a feeling of greatness by getting high scores or rankings
compared to their peers.

Gamification-Al Integration. From the collected literature, it is worth noticing that
while most researchers focused on collecting data for [16,27,30,43,46,115,222,316,
317,435,458] or assessing explainable systems and approaches [135,192,261,263,294],
some of them combined explainable Al and Gamification to achieve other objectives
(e.g., providing feedback [392,424] or educating people on these topics [143]). XAI-
based feedback [392,424] can help users perform activities involving Al systems, al-
lowing them to understand a model’s behaviour and potentially improve theirs, finally
leading to an enhanced output. In these cases, gamified systems contribute by some-
what reducing the complexity of explainable Al content to the users as these must be
user-understandable, similar to the gamified approach [294]. When it comes to edu-
cation, integrating explainable Al allows learners to improve their understanding of a
system’s behaviour or whether the approaches they applied were effective and how to
improve them [143] potentially.

Gamification Principles. In the considered literature, a series of theoretical prin-
ciples driving gamified services and user behaviour have been identified. Although
researchers employed intrinsic motivation principles [143], extrinsic ones are mainly
applied (e.g., points, leaderboards, etc.). When designing a gamified system, its objec-
tive must be transparent to make players become connected to its cause [16], motivating
them to play and cooperatively achieve a common goal. Successfully achieving an ob-
jective requires a community of people actively contributing towards it [16], promoting
Relatedness between their members [365]. Similarly, orthogonal game elements must
be aligned with a stated goal [16].

Competence [365] is satisfied by creating challenging tasks through which players
can constantly learn and improve, as well as allowing players to solve human com-
putations problems at hand [294]. Implementing skill-intense tasks can be helpful to
highlight players’ creativity [16], and can be achieved by designing GWAPs with mul-
tiple complexity levels, awarding the players with badges and achievements whenever
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they accomplish them and mastering skills to strengthen user awareness and posses-
sion [384]. Activities can be challenging when people performing them are uncertain
about the outcome [143].

Furthermore, feedback on in-game behaviour and outcomes is essential in the de-
sign to effectively improve players’ skills and competence [143,294]. As players are
engaged in a gamified system that includes various activities or tasks with multiple
complexities, they must be free to choose among those while still being guided based
on their skills [384]. The gamified process is not always about the players. Indeed, a
gamified process must contribute towards the objective set by its creator, finally orga-
nizing players’ data into task-relevant outcomes [294].

Reduced Knowledge Barriers. Masking the inherent complexity of explainability
approaches and explainable models is another fundamental reason why Gamification
can be considered an effective asset in this context. Indeed, some researchers explic-
itly have demonstrated that an XAl-based gamified approach is not too complex for
non-expert users to understand [294]. Similarly, one might argue that most discussed
articles intrinsically demonstrate it as they successfully achieve their objectives when
engaging novices. One of the main reasons why Gamification works in this context is
that users do not perceive the complexity behind the explanations or the explainable
model as they are primarily involved in activities designed to be simple and enjoyable
(e.g., guessing games). This introduces a tradeoff between the design of the gamified
approach and the knowledge needed by users who contribute towards the final objec-
tive. Indeed, the more the application is gamified and the resulting task is simplified,
the less knowledge it will require. On the other hand, complex and less gamifiable
tasks might require knowledgeable users, making it essential to engage experts and
potentially making Gamification unnecessary.
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CHAPTER

Crowdsourcing

This chapter discusses the research on crowdsourcing and engagement in various con-
texts (mainly policy-making) with the final aim of understanding fundamental prin-
ciples to engage users properly. Understanding these principles and their role in de-
signing crowdsourcing applications and approaches is essential in human-centred XAlI.
This chapter is mainly built upon the articles.
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crowdsourcing, the design of human-centred applications, and empathy (1 to 4). Fol-
lowing this research, the candidate designed and implemented various applications (1
to 3) and methods (4) to engage users to collect their thoughts and opinions (1 to 3) and
XAl-related data (4). In (1, 2, and 4), the candidate directly redacted the article and
designed and implemented the method. In (3), the candidate contributed to the research
with their expertise on the topic and by writing some background sections.

This chapter is organized to cover one context at a time, reporting on the essen-
tial principles learned and their applicability to designing an XAl platform to engage
researchers and end-users. The considered contexts are policy-making, COVID-19,
empathy, and XAI.

3.1 Gamified Crowdsourcing in Policy-making

Acknowledging the complexity of collecting citizen feedback and the recent suc-
cess of web platforms and social media in policy-making, a gamified web plat-
form has been developed to explore crowdsourcing applications and understand
essential principles for their development.

Over the last decades, the communication between governments and citizens has
worn thin, leading to an overall loss of faith and interest in politics. People feel un-
represented by their governments, believe their decisions do not affect society, and feel
overlooked by public authorities, thus giving up on exercising their participatory rights.
Indeed, political alienation is a typical trait of contemporary societies [271] both at
local and national levels, mainly associated with young people. Nonetheless, involv-
ing citizens in public decision-making processes is gradually proving to be a new way
to overcome long-lasting symptoms of a democratic deficit in modern societies, i.e.,
the reluctance to state one’s opinion publicly, declining voter turnout, diminishing par-
ticipation in public debate within institutions, and many more. Consequently, public
organizations are encouraging citizens to get involved in finding solutions to problems
in the public sector for the sake of the common good. In this regard, the way people
partake in political debates has changed over the last few years. Although voting is still
perceived as the primary approach to participate in public debates, modern forms of
participation (e.g., discussions in online communities and social networks) are spread-
ing among the youngest generations. These trends show a new approach to increase
engagement, participation, and contribution in public debates and to shortening the gap
between decision-makers and citizens is necessary.

Well-known and effective approaches to drive participation and engagement were
analysed, finally contributing to the design and implementation of a framework com-
bining crowdsourcing, Gamification, and data analysis to improve the crowd’s collec-
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tive engagement and contribution to policy-making decisions. The proposed approach
moves the focus and objective of crowdsourcing and co-design practices from tradi-
tional, short-term goals to long-term visionary changes at the societal, economic, and
political levels. Such a paradigm shift opens new challenges in terms of citizen engage-
ment and participation, as well as in terms of their contributions. Furthermore, empathy
and empathy-driven design are applied to engage stakeholders in co-designing solutions
and ideas while at the same time contributing to design knowledge. The core contri-
bution of this work is the development and implementation of a gamified web-based
platform to

* collect ideas and thoughts by engaging (local) communities to partake in a web-
based platform to brainstorm and co-create solutions to modern and future societal
problems,

* enhance governments’ foresight capabilities to achieve a meeting point between
governments’ actions and people’s shared vision of the future,

* improve the communication between (local) governments and (local) communi-
ties, contributing to recovering trust in public institutions.

3.1.1 Context-specific Related Works & Background

Crowdsourcing in Public Engagement and Policy-making. The current lack of
trust in public institutions has made engaging citizens in public decision-making a
tough challenge. Recently, researchers cooperated with local administrations to de-
velop methods and systems to achieve such a goal. Most solutions were implemented
as digital tools, like web platforms and social media. "Love Your City" [419] allowed
citizens to directly address fellow citizens or authorities, create solutions to proposed
problems, and organize public events. "Decide" [97] empowered citizens by allowing
them to propose new laws, to vote opinions about public proceedings, and to debate on
how to redistribute the city’s budget among projects. Similarly, "MindMixer" [165] is a
platform through which citizens can express, support, and comment on public propos-
als as solutions to societal challenges. Researchers contributed towards these objectives
as well. Bianchini et al. [42] promoted a gamified two-way exchange of proposals be-
tween politicians and citizens. Citizens create and vote for proposals, while politicians
answer to these proposals. Structured and goal-oriented discussions are held while sat-
isfying three levels of participation, i.e., provision of information, engagement, and
empowerment. All these platforms digitally involved citizens in partaking in the local
policy-making scenario, proving their effectiveness in achieving citizens’ involvement.
Additionally, most solutions also apply Gamification to make the experience even more
enjoyable.

3.1.2 COCTEAU - CO-Creating The European Union

The COCTEAU gamified web platform for crowdsourcing citizen feedback was
designed, implemented, and finally tested in various events, reporting on its ef-
fectiveness and fundamental features.
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This section describes COCTEAU (Co-Creating The European Union)!, a web-
based gamified application that enhances the interaction between citizens and policy-
makers, also exploring the role of empathy in engaging public conversations at scale.
Citizens are involved through a set of gamified activities through which they share
their thoughts with the community and debate about other members’ opinions. Poli-
cymakers manage the platform by creating Scenarios, i.e., summarized descriptions of
real-life situations they would like citizens to relate to. A dashboard is implemented
to provide insights into the content shared within the platform. Such a dashboard is
available on PERSEUS?, a complementary tool offering policymakers an environment
to adopt evidence-based, foresight-based, and sustainability-oriented decisions.

The main actors involved in COCTEAU are citizens and policymakers. Citizens
are engaged on the platform to share their thoughts and debate about shared content to
let policymakers hear their voices. On the other hand, policy-making domain experts
(including but not limited to politicians) and researchers manage the platform by creat-
ing, sharing, and maintaining context-specific content as they are interested in citizens’
thoughts to guide their decision-making process. The key aspects on which our tool is
based are summarized hereafter.

* Engagement & Gamification. The platform must keep users engaged as much
as possible. Therefore, designing interesting and enjoyable activities for citizens
and domain experts is necessary. One of the most used techniques to enhance and
achieve engagement is Gamification. Its goal is to promote people’s intrinsic mo-
tivation towards different activities by exploiting game elements and game design
techniques. Intrinsic motivation factors (e.g., self-improvement) were proven to
be the most successful way to generate a greater feeling of engagement. However,
extrinsic motivation elements (e.g., points, leaderboards, etc.) may be employed
to achieve a good initial level of engagement.

* Community. The platform aims to develop a community of proactive people.
Therefore, a focus on collaborative and interactive activities is required since
building a united community is a great way to increase the quality of the con-
tent provided by its users while maintaining high participation.

* Feedback. Even though policymakers receive feedback from the citizens through
the content they share, providing citizens with feedback would also increase their
satisfaction. Domain experts are prompted to share their thoughts with the com-
munity to let them know they are listened to. Moreover, other forms of feedback
might motivate users, e.g., showing the overall activity level of the platform en-
courages its users to keep using it.

* Empathy. The proposed approach is also based on engaging the user on an empa-
thetic level. Citizens empathize with the thoughts shared by others to expand their
opinions on the subject of discussion by observing multiple perspectives. This
principle influences the design of most activities, establishing emotions as one of
the most relevant elements to engage citizens.

ICOCTEAU URL - https://www.cocteau.eu/ (Last accessed 14 October 2024)
2PERSEUS URL - https://perseus-platform.eu/ (Last Accessed 14 October 2024)
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Figure 3.1: A schematic representation of the five steps involved in the COCTEAU activity process
during the preliminary validation at a workshop.

Initial Validation. The interaction flow on which the COCTEAU platform is based
was evaluated in an in-person workshop to gather feedback on its effectiveness in a co-
operative and interactive environment. Furthermore, some core principles and design
elements were validated too. In the end, the designed approaches were confirmed to
be effective, although a few doubts arose. The chosen topic for the experiment was
Artificial Intelligence. It was divided into five different phases representing the inter-
action flow to be implemented on the platform. Participants were given an envelope
containing all the necessary material before the beginning of each step (as shown in
Figure 3.1).

* Challenge Awareness. Participants were given an envelope with a set of pictures,
descriptions, and examples to understand the scenario (i.e., a matter for which
policymakers must make a decision to tackle it).

* Individual Activity. In the second step, participants were provided with a sheet
describing four different Artificial Intelligence application cases in the form of
text printed on two tags each. Each participant had to choose only one of the
proposed challenges, write their name on the corresponding sticky tag and stick
it on a shared billboard representing a graph with two axes. The x-axis ranged
between “Incremental” and “Disruptive”, while the y-axis ranged between “Fear”
and “Hope”. Participants were also asked to stick the corresponding identical tag
on a sheet. Then, they were asked to write the motivations for positioning the tag
on the graph.

* Pair Activity. In the third step, couples were composed to make people discuss.
Such matches were formed according to the distance between the tags on the bill-
board. For each couple, the members exchanged the sheet compiled during the
previous step so that participants could understand the point of view of the person
they were discussing with. After debating, each participant compiled a question-
naire explaining what they agreed or disagreed with during the interaction. Then,
a picture-based activity was performed to have each couple converge on a sin-
gle common opinion on the matter (so-called vision). Therefore, each couple was
asked to pick one picture representing their vision about the future relationship be-
tween humanity and Artificial Intelligence and write three meaningful keywords
to describe it. Finally, opinions were shared with other groups, and each couple
voted on the ones they would like to be matched with for the final activity.

* Group Activity & Sharing. New groups based on the previous voting phase were
created in the last step. Then, each group discussed and converged on a single
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vision among theirs, for which they were asked to provide a title, their thoughts,
and three new keywords. Then, all groups were asked to share their final opinion
and thoughts with the community.

In the end, all the groups converged to a single vision. The participants stated the
experience was properly engaging and even enjoyable. On the other hand, one of the
most criticized aspects was the dimensions on the graph for classifying the Scenarios.
In particular, “Fear” and “Hope” were perceived as too extreme to represent their feel-
ings about the proposed cases, calling for a novel approach to represent their feelings.
The meanings of the different axes were also difficult to grasp. Participants also claimed
that the proposed challenge was too limited to evaluate and fully appreciate the method.
A nice unexpected behaviour was that, while choosing the most representative image,
some couples chose multiple pictures instead of one, cutting and merging them into a
single image. They asserted their thoughts were too complex to be represented with a
single picture since none of the pictures they could choose from perfectly matched their
opinion. Such feedback contributed to the design and implementation of the platform.

User Interaction Flow. COCTEAU users are engaged in activities through which
policymakers collect insights on their thoughts. As a community member interacts with
the platform for the first time, a strict activity path is enforced to guide them through
all the functionalities the platform implements (see Figure 3.2).
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Figure 3.2: The user interaction flow on COCTEAU the first time a user logs.

After a member completes the first interaction pathway, the interaction flow slightly
changes, allowing for higher flexibility (see Figure 3.3).
The activities included in the user interaction flow are the following.

* Home Page. The home page of the platform. It includes the login, a section
with some information about the platform design and activities (i.e., the classical
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Figure 3.3: The user interaction flow on COCTEAU. The User Personal Data step is the only step
performed once.

"about" section), the list of scenarios the user can interact with, and a set of lan-
guages the user can choose from (English and Italian as of this publication). The
latter allows for language-specific scenarios within the platform. Users must ac-
cept privacy and cookies to join any scenario. These would allow tracking users’
interactions on the platform by assigning them a unique identifier.

* User Personal Data. The only one-time activity across all scenarios is collecting
users’ data, i.e., username, password, nationality, education, age, and gender. This
process is not mandatory for a user to register on the platform. It involves a series
of multiple-choice questions that allow profiling of users to carry out aggregated
analyses. Most questions involve ranges (e.g., age), making it not too personal but
still useful for the analyses. The provided data are used to create an account for
the user to keep track of their activities on the platform.

* Scenario Selection. In this section of the platform, users pick scenarios to ex-
plore. Each scenario comprises a picture and a description of a hypothetical sce-
nario for which policymakers must make an informed decision. Scenarios are
grouped into so-called narratives (i.e., topics of interest). Scenarios are created
and managed by policymakers.

* Quiz. A quiz involving a series of questions aimed at collecting structured opin-
ions on matters of interest. Each question comprises a text and a fixed set of five
answers (i.e., strongly disagree, disagree, impartial, agree, and strongly agree).
Each quiz is made of at least five questions. Users are asked to complete the quiz
the first time they engage with the scenario. Domain experts may add additional
questions for the users to answer at any time.
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* Vision Creation. A section through which users can structure and share their
thoughts with the community as so-called visions. A vision is made of a picture
for which four different shapes are available, each involving a different number
of picture slots to fill, a set of keywords and a textual description detailing the
user’s thoughts, and a graph based on Plutchik’s model of human emotions [334]
from which to choose the feeling associated with the vision. Keywords used when
looking for figures through an integrated Unsplash API® are stored too. Users are
prompted to create a vision the first time they explore a scenario. Users can create
as many visions as they want after the first iteration.

Vision's Image and Keywords Guess the vision

Anticipation

— _—
MUItitaSking

Challenger's thoughts Do you agree? Why?

Children need to be among peers otherwise they suffer. Neutral

Parents are exhausted as the same productivity is
expected from them as if they were alone at home and What do you think? (Max. 5000 charaters)

not had to care for their children.

Figure 3.4: A screenshot of an in-depth match. The vision, its keywords, and its description are
displayed on the left, while the wheel of emotions, among which the player chooses, is displayed on
the top right. Players can also state whether they agree or not and why.

* Match. There are two types of matches: a quick one and an in-depth one (rep-
resented in Figure 3.4). Each match involves the current user and a vision made
by another user. In a quick match, the user is provided with the picture and the
keywords of the vision they are playing against. They are asked to guess the emo-
tion of the vision by choosing one among these in Plutchik’s model of human
emotions. We approximate how empathetic a citizen is by measuring the distance
between their guess and the emotion of the vision’s creator. Consequently, the
closer the user guesses, i.e., the more empathetic they are, the more points they
are awarded. An in-depth match is an extension of the quick match in which

3Unsplash https://unsplash.com/it (last accessed 21 October 2024)
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Figure 3.5: A screenshot of the part of the Community section displaying the most important users
based on some criterion (e.g., the player with the highest score awarded with the Champion title)
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Figure 3.6: A screenshot of the part of the Community section displaying the users with the highest
score across the platform.

the player is provided with the whole vision, and they are asked to provide their
thoughts about it, i.e., whether they agree with the vision and their thoughts as a
textual description. Users are prompted to play five matches of any kind the first
time they join any scenario. Users can play as many matches as they want after
the first iteration.

* Feed. The feed displays the collection of all the visions shared in a chosen sce-
nario by all the users who explored it. Each vision is displayed as a combination
of its picture and its keywords. This section also allows the users to challenge a
specific Vision shared by another user rather than a randomly chosen one when
playing a match. When users reach this platform section, the first interaction flow
is over.

* Profile. The representation of a user on the platform. It is made of various ele-
ments, i.e., basic data (e.g., nickname, description, etc.), avatar (i.e., a customiz-
able image identifying the user on the platform), activity frame (i.e., a form of

33



Chapter 3. Crowdsourcing

"status as reward" awarded depending on the activities performed), most recently
shared visions, and a list of achievements achieved.

* Community. An additional page displaying users and the visions awarded with
status within the community. These include achievements (e.g., the player who
played the most matches) (see Figure 3.5), and a leaderboard displaying the play-
ers with the highest score (see Figure 3.6).
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Figure 3.7: A simplified view of the interactions between the various components included within
COCTEAU. The front end interacts with the back end through the server, which collects or stores
data from the database.

Implementation. The online version of COCTEAU was implemented by adhering
to the Web MVC (Model-View-Control) framework as a Spring Boot application. Fig-
ure 3.7 provides a simplified overview of the system. The platform’s structure enables
two key aspects from the developer and user perspective. The first aspect is the high
code maintainability, as software components have clearly defined roles and responsi-
bilities. The second aspect is a consistent and localized user interface. A summary of
the navigation tree for the COCTEAU platform is shown in Figure 3.8, including all
the sections implemented.

Use Cases & Analyses. The tool was openly released and employed in public
events, collecting data about topics of interest (e.g., the COVID-19 pandemic) and feed-
back about its usage and design. In particular, about 215 participants shared 85 visions
and played more than 280 matches. These include policy-making- and healthcare-
centred events in Brussels and workshops organized with master students (mainly aged
between 24 and 25) at Politecnico di Milano. However, users’ profile was collected
through the platform, making it complex to outline the participant’s features as these
are optional. Hereafter, some analyses of the COVID-19 pandemic scenarios are re-
ported, focusing on the shared and perceived feelings and their relationships with the
most important keywords used to describe the shared visions and the pictures the users
employed to describe them.
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Figure 3.8: The navigation tree for the COCTEAU platform, involving all the sections users can

explore.
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Figure 3.9: On the left, a pie chart represents the distribution of feelings participants shared through
their visions on the COCTEAU platform. On the right, a pie chart represents the distribution of
feelings participants perceived when playing matches on the COCTEAU platform while
participating in challenges with other players.

A first analysis of the feelings shared on the platform through visions (Figure 3.9,
on the left) displays that most people felt negative emotions, like sadness, anger, or
fear. All such feelings are commonly associated with the pandemic and its conse-
quences (e.g., the lockdown measures enforced) that resulted in people experiencing
loneliness, stress, and sadness. On the other hand, trust was also one of the most shared
feelings, reporting that people still had faith the pandemic would have been over and
trusted the solutions and changes proposed in the described scenarios on the platform.
Similar to the feelings shared within the platform through visions, participants played
in-depth matches, sharing their opinions and the feelings they perceived through others’
visions. While most perceived feelings (Figure 3.9, on the right) are closely related to
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the ones shared through visions, i.e., most of the participants perceived the community
mostly shared visions about trust and sadness, they perceived more visions shared fear-
ful thoughts and ideas about the scenarios. On the other hand, some visions expressing
joy were shared and were perceived as such by the community.

Figure 3.10: On the left, a word cloud represents the keywords employed by participants to describe
their visions. On the right, a word cloud represents the keywords employed by participants when
looking for the figures to represent their visions.

When sharing visions, participants are asked to provide three keywords to describe
them. As it can be seen in Figure 3.10 on the left, while the most chosen keyword was
"regulation”, which is most likely associated with the need to enforce more regulations
during the COVID-19 period, other keywords describe the feelings of people to stay
safe at home during lockdown (e.g., health, safety, and secure at home) while still
highlighting the desire to escape the lockdown and the adverse effects it brought forth
(e.g., alone and freedom). Participants were also asked to pick some pictures through an
integrated Unsplash search engine integrated into the platform when creating a vision.
Analysing the most used words shows a general trend of negativity (see Figure 3.10

on the right). For example, some of the most searched words were "anger", "closure",

"loneliness", "cage", and "abandoned", highlighting the negativity associated with the
lockdown enforced during the pandemic.

3.2 Main Takeaways for Driving User Involvement from COCTEAU

The development and testing of COCTEAU led to a series of fundamental con-
clusions that will contribute to the design of human-centred crowdsourcing ap-
plications.

The experience acquired in designing, developing, and testing the COCTEAU web
application made it possible to identify important features to be considered when setting
in place such systems.

* Gamified Design. Gamification was proven to be fundamental in engaging peo-
ple while making usually tedious activities far more simple and enjoyable. When
it comes to complex data collection processes (e.g., the ones usually employed to
collect citizen feedback), these might be even more tedious compared to the most
common ones (e.g., surveys involving multiple closed questions), potentially in-
volving in-person meetings or discussions which might be complex to track. In
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these cases, extracting useful data and insights might not be that easy. In the pro-
posed application, Gamification made these activities enjoyable for users thanks
to well-known design elements (e.g., achievements, status, points, etc.). Another
core objective of the applied gamified design is to make the data collection pro-
cess simple, intuitive, and well-structured. In COCTEAU, custom processes for
various kinds of data were developed to allow flawless and structured data col-
lection, applying targeted design elements based on data complexity and further
highlighting the need for ad-hoc design.

Feedback & Interaction. Whenever an application with two actors benefiting
each other is employed, it is essential to make it so both sides can interact. It
can occur in an indirect and structured way (e.g., by sharing content on the plat-
form), or directly (e.g., direct messages, forums, communities, etc.). These might
also happen through other channels (e.g., by applying the proposed feedback in
local communities). These mechanisms allow users to get feedback about their
performance and status as a reward whenever they are deemed worthy community
members. On the other hand, initiators (i.e., researchers, experts, etc.) collect
content and thoughts about the activity and the process deployed to enhance it fur-
ther. Furthermore, it is also essential to spark discussions and interactions between
the platform members to keep users engaged and maintain a high activity level,
fostering a dynamic and growing environment. In COCTEAU, users are shown
a summary of the activities performed on the platform through a dashboard, a
set of leaderboards, and personal achievements, making it possible for potential
users to see the platform as a constantly growing environment. Furthermore, while
feedback is provided through the platform by policy makers, interaction is mainly
driven by custom gamified applications that drive structured opinion-sharing and
communication.

3.3 Empathy-driven Gamified Crowdsourcing

Additional research involving crowdsourcing platforms was carried out to ex-
plore novel design patterns, considering the COVID-19 scenario in which ef-
fective data collection activities were proven challenging to develop as empathy
plays a fundamental role.

The recent COVID-19 pandemic affected our lives unprecedentedly, changing our

daily habits whilst disrupting our emotional and psychological health [219]. Among
its consequences, the lockdown enforced by local governments affected people’s lives
the most, causing depression, anxiety, and stress across the population [21, 118, 129].
Although the pandemic’s consequences are slowly fading, the research community’s in-
terest in understanding people’s emotions over that period is still alive [436]. Improving
the psychological understanding of such a complex scenario would contribute towards
reducing the consequences of future occurrences and developing tailored approaches to
tackle them. Furthermore, collecting accurate and complete data is essential as people’s
thoughts and feelings vary significantly. Researchers with various backgrounds shaped
data collection processes and methodologies to involve people in sharing their feelings,
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designing approaches combining Gamification with the most commonly employed sur-
vey approach [342,448]. While questionnaires might be effective regardless of time,
people are slowly starting to forget how they felt over these rough times, consequently
hindering the effectiveness of such simple approaches. Hence, collecting people’s feel-
ings requires designing methods capable of sparking these emotions once again.

My Lockdown Escape is a gamified approach to collecting people’s feelings during
the COVID-19 pandemic. The tool makes people empathize with their past selves — a
concept we call self-empathy — by combining various gamified techniques and design
elements. The proposed design follows a hybrid approach involving a board game and a
digital application. The digital application implements a storytelling-driven activity in-
tegrated with an escape room-like board game. The proposed methodology is validated
through a series of experiments to assess its effectiveness in collecting people’s feelings
by sparking their empathy towards their past selves. Furthermore, the application’s us-
ability and the system’s hybrid design are also assessed through well-known approaches
The proposed methodology was implemented and shared on the COCTEAU platform.

3.3.1 Context-specific Related Works & Background

Empathy and Self-Empathy. Empathy can be described as the capability of a human
to put themselves in someone else’s shoes [170]. An extensive definition characterizes
empathy as an emotional response, dependent upon the interaction between trait ca-
pacities and state influences, whose resulting emotion is similar to one’s perception
(directly experienced or imagined) and understanding (cognitive empathy) of the stim-
ulus emotion, with the recognition that the source of the emotion is not one’s own [94].
Regardless of their complexity, these definitions imply a social relation between two
people, i.e., the one who feels and expresses an emotion and the one who experiences
the consequent emotional response. In this research, we stray away from such a stan-
dard model and focus on sparking and assessing people’s empathy compared to their
past selves rather than someone else, resulting in a so-called one-state model [154].
Such a perspective should drive people towards a better understanding of the emotions
they experienced since they were the ones feeling them in the first place.

The research field on empathy found fertile ground in computer science [482], re-
sulting in the development and assessment of various approaches leveraging game-
ful design elements to drive empathy [220,259]. Such approaches make it necessary
to highlight a fundamental difference between the empathy experienced by humans
through their peers and the one conveyed through digital technologies. The first is a hu-
man reaction sparked by one’s perception and understanding of the feelings of another
human being through their senses. The second must leverage the features of digital
technologies to spark it, relying on images, videos [134,325], and sound [87] to con-
vey emotions, feelings, and perceptions since digital technologies cannot convey them
through the senses. Hence, it is necessary to design approaches that shorten such a gap
while driving people to empathize when digital environments are employed.

Gamification. During the COVID-19 pandemic, understanding people’s emotional
and psychological state was fundamental to comprehending its impact. On the other
hand, some researchers focused on tackling its consequences, demonstrating the ef-
fectiveness of gamified approaches in motivating and enhancing students’ learning
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[144, 460], approaching the elderly with healthcare initiatives [478], improving the
population’s awareness about disinformation [272,413], and many more. In particu-
lar, escape room-like experiences were proven effective in springing cooperation [144]
and motivation [144,164,431,460] among participants, mainly when applied in remote
digital environments. Similarly, digital storytelling (e.g., narratives, interactive stories,
etc.) was shown to improve the application’s appealing [149], user engagement [289],
and rising emotions and sparking imagination [69] as they engage users on a personal
level in novel or familiar experiences. Despite Gamification’s demonstrated effective-
ness in this context, the research community acknowledged the need to apply these
methods carefully (e.g., to avoid biasing the user with the narrative [172], or to avoid
using reward-based mechanisms in surveys [418]) to prevent undesired behaviours.

3.3.2 My Lockdown Escape

A hybrid application named My Lockdown Escape was developed and tested at
some events, reporting its strengths and potential improvements. The application
combines storytelling and escape room designs to spark self-empathy, finally
collecting data about people’s feelings during the pandemic.

A web-based application named My Lockdown Escape was designed to spark emo-
tions and drive people to empathize with their past selves, finally moving them to de-
scribe and share the feelings they experienced during the COVID-19 pandemic. A
hybrid approach was applied, i.e., the proposed methodology includes both digital and
physical entities, tackling the weaknesses of a fully digital design in sparking empathy
whilst acknowledging its strengths (e.g., ease of use, process automation, etc.). The
process is implemented as a story-driven escape room experience through which play-
ers describe the room they spent their lockdown in and interact with pandemic-related
items to escape the lockdown. An interactive digital application guides players through-
out the activity using a storytelling-based approach that describes a series of common
situations they (most likely) experienced during the pandemic. These elements drive
players to describe the mental and emotional conditions experienced during the lock-
down. In particular, we argue that remembering the room the player lived in during
the lockdown would spark their memories and feelings. Furthermore, the similarity
between the context and the elements considered in the approach’s design (i.e., the
escape room design and the lockdown, and the storytelling-driven design and the peo-
ple’s experience) makes the process similar to the real experience, hence contributing
to sparking emotions and stimulating self-empathy.

Game Assets. The hybrid methodology includes digital and physical assets. The
web-based application is the only digital tool, hence requiring players to own a mobile
phone with a camera to perform the activity. Physical assets include decks of cards and
a board. Each deck is identified by a unique colour and name. Every card has a symbol
printed on its front, and a unique QR code and the name of the deck it belongs to on its
back. Examples of cards are depicted in Figure 3.12, on the left. Cards can be classified
based on their role in the activity

* Avatar Card, i.e., a card with a simple outline of a stylized person or a pre-made
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avatar. Players can customize or pick their avatar before the beginning of the
activity. The Avatar deck includes ten pre-made and one customizable card.

* Decoration Card, i.e., a card representing furniture and items used to decorate
the room. Each card is a phrase or word Players can use to complete a statement
in the first part of the story. Each card is associated with one statement, and
each statement is assigned multiple cards. Decoration decks allow for a variable
number of cards.

* Object Card, i.e., a card representing various pandemic-related items a person
may have interacted with during the lockdown. Each card is associated with a
question asked to players in the second part of the story. The Object deck includes
12 cards.

* Container Card, i.e., a card representing furniture in which items may be stashed.
Each card is associated with a question asked to players in the second part of the
story. The Container deck includes six cards.

The questions, statements, and answers associated with the cards were predefined
when designing the application. These can be customized based on the researchers’
needs. The board includes two parts. The top part represents the lockdown room, i.e.,
an abstraction of an actual room where players experienced the pandemic. It has a
dedicated card slot for each Decoration Card deck involved (see Figure 3.13). The bot-
tom part represents the spot (e.g., a carpet) where players place the items they uncover
when playing the second part of the activity (described in Figure 3.12 on the right). It
includes three slots for the piles obtained from the Object and Container decks and a
slot where to place the discovered items.

Player Personal Avatar Selection Lockdown Room Escape Room Escape Objects Lockdown Room
Data Collection or Upload Setup Board Setup Search Escape

Player Creation Lockdown Room Decoration Escape Room Gameplay

Figure 3.11: A high-level representation of the three steps of the game and their sub-steps.

The gamified process can be divided into three main steps (represented in Figure
3.11), each of which can be further divided into two sub-steps:

* Player Creation, i.e., a step involving players’ data collection and avatar cus-
tomization.

* Lockdown Room Decoration, i.e., a step involving the lockdown room decora-
tion by placing Decoration Cards on the board and setting up the next step.

* Escape Room Gameplay, i.e., a step involving escaping the lockdown room by
uncovering Objects and Container Cards placed on the board.

Player Creation. Before playing the activity, players provide personal data through
the digital application, i.e., nickname, age, country, gender, ethnicity, and education
level. They also create a physical avatar or pick a digital one. In the first case, they
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Container

Figure 3.12: On the left, examples of cards from the decks required for the Escape Room Gameplay
step (i.e., a card from the Container deck on the left and from the Object one on the right). On the
right, a representation of the part of the board that supports the Escape Room Gameplay step is
provided. The three slots on top are dedicated to the three piles of cards that will be prepared from
the Object and Container decks, while the cards uncovered by the player will be placed in the slot at
the bottom.

customize the Avatar Card by drawing on it using coloured markers, uploading it into
the system by taking a picture, and placing it in the corresponding slot on the board.
Alternatively, players pick one of the pre-made avatars through the digital application
and position the corresponding pre-made Avatar Card on the board.

Lockdown Room Decoration. In the first part of the story, players decorate their
lockdown room by completing statements in the story narrated through the digital ap-
plication. For each statement, players inspect and pick a card of choice from the as-
sociated deck to complete the story, scan the QR code on its back using their mobile
phone through the application’s interface (which stores the choice in the system), and
place it face-up in the corresponding slot. Whenever a statement is completed, the on-
going part of the story is updated and displayed alongside the next one. This process is
repeated until a card is placed in each slot, hence having players answer all questions.
An example of a statement and its list of completions are provided below.

Statement: Our story begins in early 2020, and not long ago, the COVID-19
pandemic broke out in your country and the whole world. You are at home
watching the news. The titles are scary and doubtful. Take a look around
you, and you will see that you are surrounded by ...

Possible Completions (Cards): Family, Parents, Friends, Strangers, No one,
Roommates, and Animals

Then, players set the board for the second part of the story. They shuffle the Object
deck and create three face-down piles in three dedicated slots by evenly distributing the
cards. Then, one randomly selected Container card is placed atop each pile.

Escape Room Gameplay. In the second part of the story, players must find three
Object cards, i.e., the mask, hand sanitiser, and green pass cards to escape their lock-
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Figure 3.13: A representation of the part of the board used in the Lockdown Room Decoration step.
Each slot is assigned a name representing the deck to which the card to be placed there belongs. An
avatar slot where players can place their Avatar card is also featured.

down room, proceeding as follows. They scan the QR code on the back of the card
on top of a pile of choices and answer the corresponding question on the digital appli-
cation. An example of a question and the corresponding list of answers are provided
below.

Question (Cards): Think back at your lockdown experience. If it was a
movie, what title would it have?

Answers: The Never-ending Story, The Social Network, Home Alone, Life is
Beautiful, Back to the Future, Eat Pray Love, A Good Year, Cast Away

Whenever a question is answered, players flip the card and uncover the item on its
front. Then, the card is placed in the dedicated part of the board, and its correspond-
ing digital icon is displayed in the application. The process is performed regardless of
whether the item belongs to the Object or Container deck, and it is repeated until all
the core Object cards are found. Then, players can escape the room or keep playing
to uncover all the objects, potentially answering all the available questions. When they
escape their lockdown room, players are shown their story, which can be shared with
their peers. It includes their avatar, the textual description of the decorated room, and
the items they uncovered.

Implementation. My Lockdown Escape implements physical and digital assets.
The physical assets (i.e., the cards and the board) were designed using digital tools,
printed on cardboard, cut, and coated with plastic. The digital asset (i.e., the web ap-
plication) was developed as a three-layer architecture. The front end was implemented
using HTML, CSS, Javascript, and Thymeleaf. The middle layer was developed using
Java, Spring Boot, and the Model-View-Controller framework. The back end imple-
ments MySQL relational database. The application was deployed on a web server to
make it accessible to multiple players simultaneously.
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Methodology Validation. A series of experiments aimed at assessing different as-
pects of the proposed approach were performed. The first experiment involved 21 stu-
dents and researchers (9 women and 12 men) from Politecnico di Milano, aged between
21 and 27 (26,7 on average) recruited through the university network, in individual ex-
periments in Milan. The second one involved 28 people (17 women and 11 men) from
various European organizations, mainly aged between 22 and 66 years old (28,4 years
old on average), recruited through a presentation at a public event in Bruxelles. Par-
ticipants were previously informed about the nature of the experience and voluntarily
agreed to partake. Furthermore, they could opt-out at any time. Whilst the first ex-
periment mainly collected feedback about the approach and the user experience, the
second one contributed to testing the methodology in an open environment and col-
lecting feedback about possible improvements. In these experiments, participants were
given an initial description of the application. Then, they performed the activity with-
out receiving any suggestions. Each participant brought their mobile phone to play,
allowing testing on different mobile operating systems and web browsers.

The first experiment’s participants were asked to answer a questionnaire including
all the questions from the System Usability Scale (SUS) [50], i.e., a questionnaire in-
cluding questions on a 5-point Likert scale (ranging from 1 - "Strongly Disagree" to 5 -
"Strongly Agree") to measure the system’s usability [32], and nine 5-point Likert scale
questions to evaluate the empathetic capabilities of participants, the tool’s effectiveness
in sparking self-empathy, and the hybrid approach. These were mainly inspired by the
literature [194,206,331] as none of the questionnaires from the considered literature ad-
equately addressed self-empathy and hybrid approaches. These questions are reported
below.

* (Q1) I would describe myself as a pretty tender-hearted person.

* (Q2) When I think about sad past events of my life, I feel the same sadness.
* (Q3) I am often quite touched by things I see happen.

* (Q4) The game helped me empathize with my past self.

* (Q5) The game helped me remember my lockdown experience.

* (Q6) The escape-room style helped me remember my lockdown experience.
* (Q7) The storytelling style helped me remember my lockdown experience.
* (Q8) I found the hybrid method more engaging than digital-only methods.

* (Q9) I feel the hybrid method is better than full-digital or full-physical.

The collected answers are reported in Table 3.1. Moreover, we collected open feedback
from participants regarding the gamified application design in both experiments.

RQ1 - Empathy. The method was assessed through a series of questions to assess
participants’ capability to empathize (Q1-Q3, Table 3.1) and the application’s capabil-
ity to make them empathize and remember their lockdown experience (Q4-Q7, Table
3.1). Overall, most participants (70%) describe themselves as capable of empathizing
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Q1 Q2 Q3 Q4 Q5 Q6 Q7| Q8 Q9
Strongly Disagree 0 1 1 0 0 0 0 0 0
Disagree 3 10 3 3 0 0 1 0 1
Neither Agree nor Disagree | 8§ 2 2 6 3 6 4 1 1
Agree 7 8 1319 13 10 12| 11 13
Strongly Agree 3 0 2 3 5 5 4 9 6

Table 3.1: A table representing the frequencies for each answer and each custom-made question.

with others (Q3), even though only 50% state they are capable of feeling the same in-
tense emotions from the past (Q2). Moreover, the method allowed most participants
(60%) to empathize with their past selves (Q4). It was even more successful (85%) in
making them remember their lockdown experience (Q5). The storytelling and escape
room designs were proven effective towards such objectives (Q6-Q7), with the first be-
ing slightly better than the second (75% and 70%, respectively).

RQ2 - Hybrid Design. Participants were asked whether they enjoyed the hybrid
system compared to a fully digital or physical experience (Q8-Q9, Table 3.1). More
than 95% agreed that the hybrid design was more engaging than a potential full-digital
or full-physical method (Q8). A similar statement is associated with the application
design (Q9). We argue a hybrid approach is more effective as it allows better tracking
of behaviours and answers in a data-driven fashion while allowing better scalability and
empathy-sparking capabilities. These preliminary statements require further investiga-
tion by implementing fully digital and physical versions for better validation.

CHAPTER 1

Our story begins in the early 2020 and not
long ago the COVID-19 pandemic broke out in

your country and the whole world. You are at ACCEPTABILITY

Not Acceptable Marginal Acceptable
home watching the news: The titles are scary RANGES ‘ ‘ ‘
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Permissions ! ‘

Scan an Image File

My Lockdown Escape

Figure 3.14: A screenshot of the Figure 3.15: A boxplot of the SUS scores assigned by the
Lockdown Room Setup step. participants.

RQ3 - System Usability. The first experiments contributed to validating the appli-
cation’s usability. The application (screenshot in Figure 3.14) achieved a median SUS
score of 75, representing good usability compared to the average SUS score of 68 [374],
with a first quartile of 67.5 and a third quartile of 82.5 (as displayed in Figure 3.15).

RQ4 - Gamification. Although most participants deemed the experience enjoyable
and engaging, the feedback received and the behaviours observed outlined the improve-
ments the application must undergo. First, the game’s instructions may benefit from an
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improved textual description and additional details. In the Lockdown Room Decoration
step, some participants were misled to take their cards randomly instead of looking at
and picking them. Consequently, this caused them to position their cards face-down
on the board instead of face-up. Furthermore, participants preferred the Lockdown
Room Decoration step, stating the Escape Room Gameplay may benefit from minor
re-designs due to the randomness in finding the cards to escape their lockdown room.
Additionally, most participants left the room when they met the conditions, resulting in
nondeterministic data collection. Whilst it does not affect the assessment, such a design
choice may hinder the amount of data collected. Future iterations of the application may
require players to uncover a predefined number of items (potentially all) to leave their
room to address such a flaw. Regarding the data collection, a few participants stated
that the Lockdown Room Decoration step perfectly masked the data collection activity.
On the other hand, they clearly felt they were completing a survey in the Escape Room
Gameplay step. Such feedback highlights the need for improvements to better bind the
approach with the data collection activity underneath, e.g., by aligning the cards and
the associated questions. Furthermore, people’s motivation is fundamental to the sys-
tem’s usage. Filling out a form may be quite straightforward and requires no motivation
other than the people’s desire to contribute to their community or for research purposes.
While such motivations still hold, the proposed approach introduces little intricacy as it
applies Gamification to spark self-empathy and improve data quality, despite increas-
ing the task’s time complexity. Such an additional complication may hinder people’s
motivation towards the application, requiring further gamified expedients to keep the
user motivated and engaged throughout the experience.

Limitations. While we deem the method effective overall, this research only fo-
cused on questions involving a predefined list of answers, requiring further research on
its effectiveness when including open questions. Furthermore, a specific and complex
scenario (i.e., COVID-19) was addressed, making future research on the generalizabil-
ity of the approach of fundamental interest. Validation could be extended by involving
a more detailed list of questions, comparing the current implementation with a full-
digital and a full-physical one, and involving a broader audience.

3.4 Main Takeaways from My Lockdown Escape for Driving User In-
volvement

Following the experience with the My Lockdown Escape gamified application,
a series of fundamental features for the development of crowdsourcing applica-
tions were identified.

The experience acquired in designing, developing, and testing the My Lockdown
Escape web application made it possible to identify important features to be considered
when developing data collection processes.

* Gamified Design. Gamification was proven effective in involving people in the
implemented data collection process. The proposed survey-based activity usually
involves people filling out forms made of structured closed and open questions to
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provide information. Such a process might take a lot of time, not only due to its
potential length (considering that some questionnaires might require hours) but
also because of its tiresomeness, which might discourage users from proceeding.
In the My Lockdown Escape application, the gamified design made these activities
enjoyable for users thanks to its storytelling and lockdown room design, which
successfully masked (most of) the data collection process.

* Empathy. When it comes to specific gamified application designs, empathy might
play a fundamental role in driving users and improving the outcome of the data
collection process. In the design of My Lockdown Escape, the empathy-driven
design contributed to make people concentrate on their past experiences, improv-
ing the accuracy of the collected data. Furthermore, users enjoyed the activity,
demonstrating the effectiveness of empathy in driving their engagement.

3.5 EXP-Crowd: A Crowdsourcing Framework for Explainability

Most of the lessons learned from the previously described crowdsourcing appli-
cations were applied to designing an XAI- and human-centred crowdsourcing
web platform to bridge the gap between humans and Al practitioners.

In the current XAI research scenario, most interactions between practitioners and
the crowd are driven by a need for data from the research community. These are usu-
ally achieved through crowdsourcing platforms, awarding the crowd with monetary
compensation for their work. Such an approach embraces extrinsic motivation, striv-
ing away from an intrinsic motivation-centred design. Indeed, workers are primarily
motivated to perform their jobs quickly for higher remuneration, sometimes even mis-
behaving with the only purpose of achieving a reward. XAI crowdsourcing activities
usually involve crowd workers in validating or providing knowledge as data for Al prac-
titioners to train or validate models and explainability approaches. Activities might also
use Gamification to enhance various aspects, making it more enjoyable and improving
outcomes.

Regarding crowdsourcing and Gamification, the knowledge acquired from the afore-
mentioned experiences gave us insights into the most critical elements and principles to
be included in a potential crowdsourcing framework. Most of them were applied in the
design of an XAl-centred crowdsourcing platform to connect Al experts, practitioners,
and novices in sharing knowledge with each other. The latter will learn about Arti-
ficial Intelligence and explainability and share their expertise through crowdsourcing
activities designed by Al practitioners that can potentially be shared on the platform.
In this setting, intrinsic and extrinsic motivations will drive novices’ engagement (as
detailed in the following sections). Even though a few researchers explored the concept
of empathy in Al [414], it is not strictly connected with XAI, making it more related
to the design of context-specific gamified approaches or explainable empathy-driven
applications [291,383] rather than XAl itself, hence it will not be directly employed in
the platform’s design.

This research longs to envision an open, gamified crowdsourcing framework to
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bridge the gap between the (X)AI research community and Al novices to

* share knowledge within the community, teaching novices about Al and its most
recent developments while creating a network of Al practitioners to drive cooper-
ation and share discussion on research topics of interest;

* improve the community’s knowledge and understanding of Al models, their be-
haviour, and their explanations;

* engage the community members in providing helpful content to Al practitioners
by employing intrinsic motivation factors and gamified approaches, striving away
from the standard reward-centred pattern.

Ultimately, we strive to create an open community where common and context-specific
knowledge might drive communication between various communities that benefit each
other.

3.5.1 System Design

The main actors engaged in the proposed crowdsourcing framework fall into two cate-
gories: crowd or Al novices (from here on also referred to as users), who are involved
by learning and partaking in activities, and Al practitioners, researchers, and experts
who set up and share activities and knowledge about AI, ML, and explainability, ac-
knowledged their level of understanding of these topics. Figure 3.16 provides a simple
overview of the interaction flow proposed within the framework.

The following sections detail the framework and provide use cases to clarify its or-
ganization. These will mainly describe the researcher side since most of the activities
described for the user side are trivial. A persona representing a researcher exploring
and interacting with the final implementation of the proposed framework (i.e., a web-
based platform) is presented. This persona will be referred to as "Andrea".

Knowledge Assessment. As one of the main objectives of the proposed framework
is to improve the capability of the crowd to understand black-box models’ behaviour
and explanations, educating users on (X)Al-related topics is essential. Therefore, the
first step users go through is an assessment test to appraise their knowledge about Al,
explainability, and similar issues. Users will be asked to complete a standard test de-
fined by the research community with multiple-choice questions. They will be assigned
a category representing their level of expertise based on the outcome. This category
will describe the activities they can partake in and grant them status in the community.
Users can improve their category by engaging with the proposed activities and enhanc-
ing their skills through education. On the other hand, the research community will build
multiple-choice questions to be employed in the initial knowledge assessment test and
the proposed activities. Each question is made of a text, a set of correct and incorrect
answers, the explanations associated with each correct answer, a difficulty (e.g., easy,
medium, and hard), and a category (e.g., Al, XAl, etc.). The community must approve
questions to ensure high-quality content is provided. Therefore, each question must
undergo an evaluation period during which community members can further improve it
by suggesting updates, proposing new answers, and extending its explanations. At the
end of this period, the question is approved if it receives enough positive evaluations.
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Figure 3.16: Interaction flows of researchers (dashed cyan arrows) and users (orange plain arrows)
across the activities devised within the proposed framework. Researchers organize users’ knowledge
and set up activities to collect data. As users engage with such activities, they provide content to
researchers. In turn, researchers give users feedback about the activity they performed. Such

feedback aims to improve users’ understanding of the activity and the knowledge and context
provided within it.

Approved content will be openly available for the community to use as researchers may
want to re-assess the users’ knowledge as they engage with one of their activities. Re-
searchers can still improve a question by providing new content after approval. Such a
need makes it necessary to involve researchers and experts in advance. These can set up
their activities to consider the members’ knowledge level as a requirement to partake.

Use Case - Researcher. Andrea is a researcher in need of data for their research.
When exploring the platform, Andrea discovers an activity that would fit their needs.
Even though they would like to set it up immediately, they also want to evaluate the
knowledge of the users who will perform the activity beforehand. Therefore, they ex-
plore the section dedicated to creating multiple-choice questions about Al, looking for
questions that fit the context of their research. Unable to find them, they submit new
questions to be assessed by the research community. A few days after their submission,
they noticed some improvements were proposed (e.g., new answers and explanations
were provided). Andrea approves the ones they deem relevant. After a few more days,
the questions are approved. Hence, Andrea sets up the activity by creating a prelimi-
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nary assessment test, providing the data for the activity, and some additional parameters
(e.g., the number of iterations per data point, the maximum number of people that can
partake, the level of knowledge each participant must have, etc.). Finally, the applica-
tion is shared with the community, enabling users to join.

Education. Following the initial assessment test, users will be schooled in various
ways while engaging with the framework. The following list describes how knowledge
about topics of interest will be provided.

* Preliminary Assessment Test. Researchers may set up a small test of an ar-
bitrary number of community-approved questions when setting up their activity.
For each question, they choose its text and the list of answers. Such content would
provide knowledge to users through explanations of the answers while allowing
researchers to evaluate the level of education of the people playing the activity.

* Knowledge Sharing. Researchers can summarize, organize, and share knowledge
by setting up tailored content for users to study (i.e., a summary of an article,
an outline of the knowledge related to a specific Al-related topic, etc.). Each
publication includes a title, the topic it discusses, a summary of the content (i.e., an
abstract), and the textual content. Researchers can also share scientific articles for
users to read if they have the rights. Only minimal information will be collected
and shared to avoid copyright infringement, like its title, authors, and DOI or
URL.

* Open Discussions. Researchers and users discuss subjects of interest in a forum-
like fashion. We argue that debating with knowledgeable people would improve
users’ knowledge of a topic of interest. That would not only contribute to enhanc-
ing users’ knowledge, but it will also be useful for the researchers to get feedback
on the level of knowledge acquired by the community. Any content shared on the
platform (e.g., questions, paper summaries, etc.) can be referenced and discussed.

Users might comment on and report shared content whenever they deem it untrustwor-
thy, wrong, or sensitive. Then, it is up to the platform’s developers to check whether
the report is reliable. If so, the content is removed from the platform.

Use Case - Researcher. Andrea would like users to understand how ML models
learn so that the ones performing the activity they shared can provide better content.
Therefore, they collect knowledge from scientific articles, summarize it, and share the
summary in the "Education” section. Andrea achieved their first publication entitled
"Understanding the way ML Models Learn: A Simplified Overview." They also pro-
vide a custom picture summarizing key concepts and a few references to the articles
they used in the publication. Andrea reads an exciting article about their research topic
a few days later. As it may further improve the users’ knowledge, they share it by pro-
viding the necessary information.

(Gamified) Crowdsourcing Activities. Crowdsourcing activities are the core of the
proposed framework as researchers seek contributions from users to get data for their
research. These applications might use Gamification, acknowledging its effectiveness
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in enhancing enjoyability and output quality. Moreover, the platform will push for
gamified design, suggesting potential design patterns to researchers developing their
applications. The steps researchers must accomplish to set up and evaluate the out-
comes of an activity are summarized here.

Activity Setup. Al practitioners can pick between previously shared or predefined
activities, or propose and share their implementation within the platform. Regardless,
they will provide the data and the settings to set it up properly. Proposing a custom
activity requires researchers to contact the platform’s developers to provide and pub-
lish their implementation. The provided implementation should be compatible with the
platform. Furthermore, the developers must thoroughly inspect the delivered code to
avoid publishing unwanted content. This process might take a lot of effort and time
from both sides, but it will benefit XAl research by providing open-source tools. Set-
ting up an activity involves various steps, depending on the activity. Such processes
generally involve a questionnaire setup step, a context setup step, and an activity setup
step. In the first step, researchers decide whether to include a survey (as described in
"Education") and potentially organize its questions. In the second step, researchers are
asked to set up the content describing the context of their research, relevant concepts to
know while carrying out the activity, etc. Finally, they must provide all the necessary
material to set up the actual activity (e.g., images, texts, etc.). Practitioners can include
control questions (so-called attention checks) in the questionnaire and the activity to
keep track of users’ attention. Practitioners can also select an advised knowledge level
to provide an overview of the complexity of the concepts presented within the activity
or to potentially exclude users without a specific knowledge level.

Activity Assessment. On the proposed platform, users play gamified activities while
researchers perform various activity-related tasks. In particular, they visualize relevant
statistics about the users that partook in their activity, including the questionnaire’s
answers, the activity’s outcome, the users’ knowledge level, etc. The researcher also
evaluates the users and provides feedback on their performance. In particular, they
identify users who stood out, like those who answered many questions correctly (com-
pared to their level of knowledge), those who provided high-quality content, etc. These
users will be granted status-based awards that will make them distinguished commu-
nity members. Similarly, users who supposedly cheated or performed badly might be
reported to maintain a community of trustworthy users.

Use Case - Researcher. Andrea is finally ready to set up their activity. In the
questionnaire setup step, they pick the questions (including the ones they got approved
before) and their answers. In the context setup step, they provide the context of their
research, describing what it consists of. Andrea also provides some of the previously
shared knowledge summary content for those who did not read it. As the last step, they
give the pictures, labels, and necessary content for the activity. The activity is then
shared on the platform, allowing users to join. A few weeks after publishing their ac-
tivity, Andrea overviews its outcomes. They noticed most users performed well while
others did not. They pick the users who performed outstandingly and award them with
a digital cockade. These users will be notified, and their profiles will exhibit the award.
Furthermore, a few users did not pass the safety checks included by Andrea in the ac-
tivity. Hence, their data is not considered, and the user might be reported.
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Additional Considerations and Limitations. The platform design does not con-
sider user engagement and profiling. Regarding engagement, sharing the platform
within universities’ and scientific communities’ networks might strongly contribute to-
wards involving researchers in the platform. Furthermore, extrinsic motivation might
play a fundamental role in initially engaging new users. These might take the form of
credits towards well-known digital platforms (e.g., Google credits), provided to users
after they complete a specific number of tasks. These should not be considered as the
primary purpose of engaging with the platform but as a nice extra. These will either be
asked as a small contribution to researchers for sharing and implementing their activi-
ties or through potential partnerships with the corresponding companies. Furthermore,
it would be necessary to enforce checks (e.g., personal data checks at registration) to
prevent people from exploiting this system to earn free credits by creating multiple ac-
counts and polluting the platform with bots or misbehaving users. Moreover, managing
the platform and potential activities to be shared would require a lot of effort, making
organizing a team of dedicated developers essential.

In conclusion, we argue that the proposed framework would drive and structure a
knowledge flow between the research community and non-expert people, leading to an
improvement in their level of understanding and the educational content openly avail-
able on topics of interest. Moreover, the presented crowdsourcing framework engages
users on a different level than other platforms that mainly focus on extrinsic rewards
(i.e., monetary rewards). In particular, user education would drive user engagement and
improve their awareness of Al systems and their behaviour. Such knowledge would also
be enriched when a long-term engagement is achieved. Additionally, a case study on
image classification and understanding is described as proof of concept of a gamified
data collection activity.

3.5.2 Gamified Activity: a Case Study

A case study for a potential data collection application shared on the web plat-
form is described, reporting its process.

In the context of image classification models, the crowd is usually engaged to de-
scribe pictures and their content. This is also true when it comes to model explanations.
We assert the outcome of such labelling tasks is strictly tied to the images provided, i.e.,
a person describing different pictures of the same entity may provide different details
about the entity itself based on the provided representation. In particular, the descrip-
tion (regardless of its shape) might be limited to or by the features displayed in the
figure. Therefore, we claim it would be possible to improve the collected features by
unbinding the process from the entity’s representations. In particular, the following
research questions will be addressed

* (Q1) Is the picture displayed to the annotator causing bias when asked to describe
the entity in the image?

* (Q2) Can we collect more features compared to standard annotation methods?
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Player 1. Player 1.

?

It's an Animal It's a Zebra

Figure 3.17: In the Setup Step, Player 1 is provided with the category of the entity they have to guess
(in this case, animal). Instead, Player 2 is supplied with a picture of the entity and its name (in this
case, a picture of a zebra and zebra).

The process is implemented as a Game With A Purpose (GWAP) to collect knowl-
edge in terms of relevant features and descriptions of the considered content. In the
presented use case, such features are organized into three categories, namely Abstract
(A), Not Represented (NR) in the picture, and Represented (R) in the picture. R and
NR features represent concrete features of the figure’s content. The game involves the
following steps.

* Setup step. Player I is provided with the entity category they must guess. Player
2 is given a representation of the entity (i.e., a picture), its category and name (see
Figure 3.17).

* Basic Turn. Player I asks closed questions about the features of the entity to
guess while Player 2 answers them (see Figure 3.18 on the left). If needed, Player
1 may fill in predefined templates (i.e., "Does it have ...7," "Does it ...7," etc.).
Whenever an affirmative answer is given, Player 2 is asked to complete the An-
notation Step.

* Annotation Step. In this step, Player 2 is asked to perform a series of simple
steps to identify the guessed feature in the picture they were provided with, if
possible (see Figure 3.18 on the right). First, they are asked whether the feature
is represented. If so, they are requested to outline it. Otherwise, they are asked
whether the feature is abstract to properly classify the feature. Ultimately, the
feature, its classification, and its potential outline are stored.

* Hint Step. If Player I guessed no features in the last few questions, Player 2
provides a bit of advice by providing a feature of the entity to Player 1. If possible,
Player 2 provides a feature that Player I already tried to guess (e.g., if they tried
to guess something about the animal’s skin, a feature associated with that aspect
will be provided). Then, Player I can proceed with the activity. Player 2 is still
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required to carry out the Annotation Step for the hinted feature, as it will still be
considered in the final set of features.

* Game Conclusion. After Player I has collected enough clues on the entity they
are trying to guess, they can provide their final answer. If the answer is correct,
the game is over; otherwise, the game moves on. When the game ends, Player
1 is shown the original picture and the features outlined to check that Player 2
performed their task correctly. If any element has been improperly outlined or any
question has been incorrectly answered, Player I can provide their version (i.e.,
answer and annotation). Such an action generates a conflict the researcher will
resolve when the activity outcomes are provided.

Annotation Step
Is the feature your teammate guessed represented in the picture?

D
D

Yes No
Player 1 Player 2 D O
Ye:/ \:Io
Please, outline the feature on Is the feature your teammate
the picture guessed an abstract one?

D Yes D No

Does it have 4
legs?

$it

Figure 3.18: On the left, the Basic Turn of the gamified activity is displayed. Player I asks closed
questions about the entity and Player 2 answers such questions. On the right, the Annotation Step
is summarized. Player 2 performs simple tasks to classify the guessed feature by answering
questions and potentially annotating the picture.

This activity can be customized so that players focus on specific types of features,
e.g., concrete features, abstract features, or both. Moreover, it could be extended by
applying some changes and enhancing various steps, in particular:

* It would be possible to introduce an additional step at the end of the activity in
which Player 2 provides more pictures of the same entity and outlines the features
classified as NR on the new image, providing more data.

* It would also be possible to introduce an additional Annotation Step for Player
1 at the end of the game to improve the reliability of the results, allowing the
comparison of both players’ annotations to identify inconsistencies in the provided
outcomes.

3.5.3 Preliminary Validation

The process was tested by involving participants organized in groups to cover
three main feature types (i.e., abstract, not represented, and represented)
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This section describes a preliminary study on the proposed gamified approach’s ef-
fectiveness and impact. The experiments were performed by selecting one category and
asking participants to play the activity with some figures. In particular, the "animal”
category was chosen. Images partially illustrating the body of crocodiles (i.e., only its
head was visible) and figures depicting the entire body of the parrot were collected.
We engaged 30 people aged between 24 and 30 (with a mean of 26.4 and variance of
4.04), mostly (60%) employed in IT-related sectors. Most of them (75%) achieved an
educational level superior or equal to a bachelor’s degree. Participants were organized
into three groups.

» Standard Annotation Method. This group was prompted to outline features on
images using a standard approach. This group involved six people and will be
referred to as SAM.

* Gamified Activity (R and NR). This group was prompted to ask questions on
concrete features (i.e., R and NR features). This group involved 12 people and
will be referred to as GAR.

* Gamified Activity (A, R, and NR). This group was prompted to ask questions
about any feature. This group involved 12 people and will be referred to as GAG.

Each person was provided with a document describing the activity based on the
group they were assigned to. The members of each gamified activity group were or-
ganized in pairs, thus forming six pairs per group. Each player or couple of players
was given one picture to play with. Players were asked to observe the procedure de-
scribed in Section 3.5.2, depending on their assigned role and group. Each pair member
alternately played both roles. Each group carried 12 matches (i.e., six matches per pic-
ture). Additionally, participants were asked to keep track of questions and answers
when playing as Player I and the suggestions they provided as Player 2. On the other
hand, each of the six members of the Standard Annotation Method group was given
two documents containing the chosen figures. They were appointed to describe the rep-
resented animal by providing a clear and short description of their features, its potential
outline on the image, and its category.

3.5.4 Results and Discussion

The collected data was analyzed to discuss the considered research questions.

Following the preliminary experiment, the research questions are answered through
the outcomes and the feedback collected.

Concerning (Q1), which aims at assessing whether pictures generate bias in the
player describing the displayed object, most of the R features reported by each SAM
group member were represented in the picture, 73% for the crocodile and 97% for the
parrot (Table 3.2). Within the same group, a clear tendency to report R features first
and forget about features not represented within the picture was identified. Indeed,
50% of the participants provided no NR features for the image partially representing a
crocodile. These observations are aligned with our initial thoughts and expectations,
i.e., when a person is asked to describe an entity, they mainly attain to the particu-
lar representation provided rather than the actual entity, even when it is well-known.
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[SAM] Standard Annotation Method

Picture R Features NR Features A Features
Crocodile 3,67+0,51 1,33+ 1,63 1,5+1,38
Parrot 5+2 0,174+0,48 2,17+1,72

[GAR] Gamified Activity (R and NR)

Picture R Features NR Features A Features
Crocodile 3,83+1,94 240,63 0,17+0,41
Parrot 6+0,89 0£0 0,83 +0,41

[GAG] Gamified Activity (A, R, and NR)

Picture R Features NR Features A Features
Crocodile 0,54+0,55 1,17+ 0,75 3,33 +£0,81
Parrot 1,5+£0,55 0+0 2,67+1,51

Table 3.2: The average and the sample m.s.e. per participant for each feature type and each picture
considered in the described experiment

Moreover, a significant difference in the ratio between the amount of NR and R fea-
tures collected was observed for the crocodile picture across different experiments. In
particular, the NR feature ratio grew from 27% in the SAM group to 34% in the GAR
group. Such a difference is even more emphasized in the GAG group. An increase in
the amount of NR features collected was also identified with a 50% increase comparing
the SAM and the GAR groups. In conclusion, this provides initial proof that creating a
sharp separation of roles and hiding the picture from the gamified activity reduces the
bias it might induce.

Regarding (Q2), the proposed methodology can collect more features w.r.t. a stan-
dard annotation method. Indeed, participants in the GAR group collected 20% more R
features for the parrot picture and 33% more NR features for the crocodile one, com-
pared with the SAM group. When analyzing the outcomes of the GAG group, a clear
tendency to ask questions about abstract features was identified (e.g., "Is it carnivo-
rous?," "Is it oviparous?," "Does it live in the Jungle?," "Is it able to speak?," etc.),
resulting in a 55% increase in A features collected concerning the SAM group. Such
behaviour might be strictly related to humans’ capability to abstract concrete concepts
and distinguish similar entities through peculiar, selective, and (sometimes) abstract
features. Questions on such selective features even played a fundamental role in the
GAR group. Indeed, most people who had already collected a lot of concrete features
expressed the need to ask a few abstract questions to consolidate and finalize their
guesses. Furthermore, several descriptive dimensions, e.g., the features’ selectivity and
the entity’s category, affect such behaviours.

Participants’ feedback was also collected to improve the gamified activity. Among
the collected suggestions, the following ones might be meaningful to apply.

* Player 2 will not provide annotations for the collected features during the activity
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but only at the end. Such a change would smooth the process, making it quicker
and more enjoyable.

* At the end of the activity, both players will perform the Annotation Step, improv-
ing the consistency of the results and the amount of data collected. Additionally,
both players will be shown the picture of the entity to further enrich the collection
of features by describing those represented in the image.

In conclusion, this use case described a methodology that enhances gamified visual
annotation and labelling methods, mitigating the bias caused by pictures by unbind-
ing them from the activity and allowing an even more complete collection of features.
This activity can collect data about what an image classification model should have
learned about the entity (R and NR features). Such knowledge can be compared with
the outcomes of other explainability methods to evaluate the difference between what
the model has learned and what it should have learned. Such a comparison can be car-
ried out for models learning from pictures of the entity by comparing the heat maps
derived from the model and the annotated R (and optionally NR) features and textual
descriptions of the entity by comparing the outcomes of saliency-based analyses and
the collected features. Moreover, the collected knowledge could be further combined
to enhance the outcomes of non-textual, local explainability methods or improve textual
descriptions of textual ones. In particular, non-abstract features annotated by the crowd
would be helpful to describe pictures in which the same feature is detected by other
methods (e.g., heat maps, etc.). At the same time, abstract details would be helpful to
complete textual descriptions, making them more human-understandable and human-
like, or check the knowledge from complex state-of-the-art Generative Al models.
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CHAPTER

Human Knowledge for Explainability
and Robustness of the ML Pipeline

This chapter discusses the research describing human knowledge and involvement in
the ML and XAI pipeline through a state-of-the-art analysis. Furthermore, a human-
centred perspective on robustness is presented. This chapter is mainly built upon the
articles.

1. Andrea Tocchetti, Lorenzo Corti, Agathe Balayn, Mireia Yurrita, Philip Lipp-
mann, Marco Brambilla, and Jie Yang. 2024. A.I. Robustness: a Human-Centered
Perspective on Technological Challenges and Opportunities. ACM Comput. Surv.
https://doi.org/10.1145/3665926

2. Tocchetti, A.; Brambilla, M. The Role of Human Knowledge in Explainable Al
Data 2022, 7,93. https://doi.org/10.3390/data7070093

The PhD candidate contributed to defining and performing the data collection method-
ologies, collecting, filtering, and organizing the considered papers. Furthermore, they
redacted the content, debating the role of human knowledge in XAl (1) while contribut-
ing to the content by discussing human perspectives concerning robustness in Al (2) in
cooperation with their colleagues from TU Delft.
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Chapter 4. Human Knowledge for Explainability
and Robustness of the ML Pipeline

4.1 Introduction

As humans and Al models represent two sides of the same coin in XAlI, the im-
portance of building trustworthy, robust, and human-understandable Al systems
is reported.

Acknowledged the potential of combining human and non-human skills in real-life
scenarios, there are still several aspects to be addressed, e.g., managing potential trade-
offs and ways to validate and deem Al systems accountable [130], as well as many
aspects associated with the concept of Trustworthy Al [35, 54, 197]. As Al is more
than ever applied in safety-critical areas (e.g., self-driving cars [347]), it is essential to
develop reliable systems. Towards this objective, one of the most critical properties of
Trustworthy Al is Robustness, defied as the insensitivity of a model’s performance to
miscalculations of its parameters [309,513]. Recently developed robust approaches en-
compass the whole ML pipeline, from data collection and extraction to model training
and prediction [485], and have been applied in a wide variety of contexts (e.g., Com-
puter Vision [76] and Natural Language Processing [228]). Considering the growing
importance of such a topic, an analysis of the state-of-the-art and the current suggested
solutions is proposed, highlighting research gaps and future research directions. A
human-centred perspective is applied, focusing but not limiting the scope to human-
driven approaches while emphasizing the potential of human-in-the-loop approaches in
improving Al robustness.

While (human-in-the-loop) robustness is essential towards achieving Trustworthy
Al, a much broader perspective on the role of humans in the field of Explainable Al is
also of fundamental interest. Recently, the XAI community has put a lot of effort into
understanding practices for employing data to enhance Al models and their explain-
ability. Several researchers collected and organized articles describing XAl methods,
definitions, and much more, while a few focused on approaches applying crowdsourc-
ing and human knowledge. Acknowledged the importance of engaging humans in Ex-
plainable Al, it is fundamental to understand how they have been involved. Hence,
this section organizes state-of-the-art research on the role and contribution of human
knowledge in the context of the explainability of ML models and explainable Al. In
particular, methods for collecting and employing human knowledge to create, improve,
and evaluate the explainability of black-box models in Al are considered.

4.2 A.l Robustness: a Human-Centered Perspective on Technological
Challenges and Opportunities

As model robustness is one of the most important features of Trustworthy Al,
several research has been performed. The latter is collected, organized, and dis-
cussed. Finally, a human-centred perspective is given.

Research Methodology. Key definitions in robustness and robust Al [67, 160, 341]
in the context of Computer Science were inspected, organized, and further enhanced,

58



4.2. A.lL. Robustness: a Human-Centered Perspective on Technological Challenges and
Opportunities

including aspects related to Trustworthy Al and Human-centeredness (e.g., involving
human knowledge). The final list of keywords is available in Table 4.1

Group Name Keywords

Fundamental Robustness, Robust

Scope Artificial Intelligence, Machine Learning, Neural Network

Context Explainability, Explanation, Human Computation, Design, Adversarial, Transparency, Unknowns, Inter-

pretable, Reasoning, Human Knowledge, Confidence, Stability, Resilience, Accuracy, Reliability, Inter-
pretability, Accountability, Noise, Reproducibility, Trustworthy, Performance, Knowledge, Knowledge
Elicitation, Knowledge Base, Human Interpretation, Human-in-the-loop

Table 4.1: The three groups of keywords considered in the data collection process and the
corresponding keywords.

Multiple bibliographical databases were queried by generating all the triples of key-
words combining one keyword from each group, e.g., "Robustness" AND "Artificial
Intelligence" AND "Explainability", finally generating 156 unique search queries. Ar-
ticles were collected in July 2022 through the Publish or Perish! software by querying
Google Scholar, Scopus, Semantic Scholar, and Web of Science and focusing on the
literature between January 2012 and July 2022. The data collection returned about
100,000 papers: 31,000 from Google Scholar, 18,450 from Scopus, 30,800 from Se-
mantic Scholar, and 19,400 from Web of Science. The collected papers underwent
data cleaning. Duplicates (i.e., papers with the same title and author) and papers pub-
lished outside the period of interest were removed, resulting in 35’800 unique articles.
Papers were then manually inspected to exclude the ones whose context or content re-
quire domain-specific knowledge (e.g., healthcare and medicine), or whose notion of
robustness is not associated with ML (e.g., signal processing). Furthermore, the in-
spected articles were labelled based on their content, finally excluding the ones with
the least frequent keywords (i.e., appearing only once). Throughout this process, only
significant or late-breaking articles were kept. These include 94.1% papers published in
peer-reviewed venues, 1.9% non-archived peer-reviewed papers (i.e., accepted in work-
shops with no proceedings and published on arXiv), and 4% non-peer-reviewed papers
(i.e., only published on arXiv). Further conditions about the number of citations of
non-peer-reviewed papers were enforced, keeping only those with at least 50 citations
if published before or in 2019 and at least 15 citations if written after 2019. In the end,
560 were systematically analyzed, 370 of which were systematically summarized and
discussed. The list of collected, filtered, and analyzed papers can be found on GitHub?.

4.2.1 Main Concepts surrounding Robustness

The collected articles revealed a heterogeneous scenario about the term Robustness,
showing the term is ill-defined. Indeed, various and different viewpoints were observed
(the main ones are discussed in subsection 4.2.2), and a wide variety of robustness-
related concepts (see Figure 4.1) are employed in the literature.

"Harzing, A.W. (2007) Publish or Perish, available from https://harzing.com/resources/publish-or-perish, accessed on 25
November 2024)

Inspected Articles - https:/github.com/AndreaTocchetti/ ACMReviewPaperPolimiDelft.git (Last Accessed 25 November
2024)
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Figure 4.1: Main concepts found through our analysis of the literature on Robust AL
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4.2.2 Robustness Definition

As different kinds of robustness are described throughout the literature (i.e.,
against adversarial or natural perturbations), these are reported and described.

Given the broadness of the inspected robustness-related literature, a common ground
about its definition is provided. Robustness is generally described as the insensitivity of
a model’s performance to miscalculations of its parameters [309,513]. Inspecting the
literature revealed two main branches of robustness: robustness to adversarial attacks
(or perturbations) and robustness to natural perturbation.

Robustness to Adversarial Perturbations. The capability of a model to maintain its
performance under potential adversarial perturbations is referred to as Adversarial Ro-
bustness. Adversarial perturbations are imperceptible, non-random modifications of a
model’s input to change its prediction to maximize its error [429]. Such a process gen-
erates adversarial examples, i.e., an input 2’ close to a valid input x according to some
distance metric, with different outputs [64]. The generated data might be employed
to perform adversarial attacks, finding any 2’ according to a given maximum attack
distance [76]. Adversarial attacks can be classified as targeted or untargeted [75], and
white-, grey-, or black-box [292]. In untargeted attacks, adversarial examples are gen-
erated to cause misclassifications, while targeted attacks only cause misclassifications
for specific classes. The main difference between white-, grey-, and black-box adver-
sarial attacks is the attacker’s knowledge about the model or the defence mechanism.

Robustness to Natural Perturbations. The capability of a model to preserve its per-
formance under potential naturally-induced image corruption or alterations is referred
to as Natural Robustness [108]. Natural perturbations (also referred to as common
corruptions [176] or degradations [148]) represent conditions more likely occurring
in real-world scenarios, e.g., natural noise [176,468]. In the same perturbation family,
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Methods & Approaches for Improving Robustness

Processing the Training Data Designing In—Mod.eI Robustness Leveraging Model Post~Processing
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Robustness in Practical Fields
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Figure 4.2: The three identified themes and their sub-categories.

temporal perturbations hinder the capability of a model to detect objects in perceptually
similar, nearby frames in videos [385]. Natural perturbations cause the test set distri-
bution to differ from the training set one [218] (so-called distribution-shift [104,438],
Out-of-Distribution data (OOD) [153,391], and data outside the training set [329]).

4.2.3 Robustness-related Themes

The inspected literature was organized into three main categories, i.e., methods
and approaches for improving robustness, robustness in practical fields, and ro-
bustness assessment and insights.

A thematic analysis approach [48] identified three primary themes, further special-
ized into three recurring categories each (see Figure 4.2).

Methods and Approaches for Improving Robustness. This category includes all the
methods to achieve robustness based on the stage of the ML pipeline to which they ap-
ply, i.e., training set pre-processing, model creation, and trained model post-processing.
The identified approaches were further organized based on the type of robustness (e.g.,
adversarial and natural perturbations) and the ML components they apply to (e.g., train-
ing procedure or model architecture). Sub-categories based on the transformations (e.g.,
loss functions or regularizers) applied to the ML component were identified, and the
main similarities and differences were described.
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Robustness in Practical Fields. This category includes papers worth investigating
and organized based on their research field. For each category, further sub-categories
were defined, i.e., based on model type (i.e., Graph Neural Networks and Bayesian
Learning), application area (i.e., Natural Language Processing and Cybersecurity), as
well as the specific concept in the Trustworthy Al domain they address (i.e., Explain-
ability and Fairness). The latter has different objectives than other works as it investi-
gates the evolution of fairness and explanations under the effects of perturbations rather
than its performance.

Robustness Assessment & Insights. This category involves articles covering robust-
ness assessment, including but not limited to methodologies, benchmarks, and met-
rics. A broad range of processes was identified in the considered literature, regardless
of their objective (e.g., defining an assessment process or validating a robustness ap-
proach). Furthermore, researchers also performed studies to assess existing robustness
methods, further collecting insights to define the optimal performing conditions. Fi-
nally, many articles propose or assess robustness methods to tackle trade-offs in model
performance or related to trustworthy Al concepts.

4.2.4 Methods and Approaches for Improving Robustness

The literature on enhancing model robustness was further organized based on the
type of approach, i.e., through data processing, in-model robustness strategies,
and model post-processing.

The collected literature focuses on improving model robustness across their life-
cycle by developing various approaches, i.e., data augmentation techniques to include
malicious samples in the training set, ad-hoc training procedures and architectures,
post-training pruning and model fusion methods.

Training Data Processing. Data augmentation approaches were developed to gen-
erate perturbation and enhance model robustness. The first path includes techniques
generating adversarial attacks, varying based on their objectives, i.e., the type of task
of interest (e.g., NLP [74,202], image classification [64], or object detection [77]), the
type of attack constraint (e.g., on the physical space before capturing the data sam-
ple [468], general or component-specific attack [74], attacks preserving some input
properties [202], etc.), and the brittleness type of interest (e.g., only the prediction is
incorrect or its explanations are too [481]). Furthermore, these approaches involve dif-
ferent objective functions [64,77] or methods to generate adversarial data points (e.g.,
GAN:S [1] or rule-based approaches [74,202]).

Secondly, data augmentation approaches involving data transformations (e.g., rota-
tion [440], background-removal [454]) or generation [8,78,236,426,466] and ready-to-
use data [98] are employed to enhance model robustness [71,98,236,426,440,466,528]
and adversarial accuracy [8], sometimes even reducing time costs [71] and adversarial
attacks success rate [41]. GAN-based techniques [1, 139,426, 466] are broadly em-
ployed to generate adversarial samples [1], perturbations [466], and boundary data
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points [426]. Additionally, ad-hoc training procedures might be needed to select [78]
and adapt [71] to the optimal data to achieve model robustness.

At last, not all approaches focus on adversarial robustness. Indeed, approaches
tackling noise [340], non-adversarial perturbations [139, 236,307, 528], spurious cor-
relations [71,474], and distribution shifts [329, 516] were also studied. Human ratio-
nale was demonstrated effective in generating new datasets [329] and counterfactual-
augmented data [71] and in defining perturbation levels [307] to improve performance
[71], model robustness [307], and distributional shift robustness [329].

Designing In-model Robustness Strategies. In such a context, adversarial training
was revealed as the most employed approach to achieve model robustness [163,267,
422,439, 473], mainly by borrowing ML paradigms like self-supervised and unsu-
pervised techniques [303, 452]. These methodologies complement natural data with
perturbed ones to allow models to incorporate information better representing real sce-
narios, finally driving the model to learn robust features. Projected Gradient Descent
(PGD) [267] is a well-known white-box algorithm for adversarial training for which
various extensions were also provided [163,439]. Furthermore, dynamic perturba-
tions [81,266] and human-inspired attention mechanisms [534] were also proven effec-
tive. Approaches leveraging outputs and misclassifications were also proposed, mainly
focusing on rejecting low-confidence predictions [422,473] and tuning labels [80, 166].
While adversarial training was proven to be the de facto standard to achieve model
robustness, other methods to learn robust features and train models through regular-
ization [70, 247], adapted regularizers [25, 221, 498], and loss functions were devel-
oped too. The latter include triplet loss [274], minimizing the distance between true
and false labels [250], mutual information [489], consistency across data augmentation
strategy [433], perturbation regularizers [492], adding maximal class separation con-
straints [296], and combining [216] or approximating [124] loss functions. Besides
adjusting such functions, alternative training procedures were also proposed [249, 282,
326,363,416,531] by combining several techniques (e.g., distillation [53,178]).

Model robustness can also be achieved by making a network architecture more ro-
bust through layer tweaking or employing Spiking Neural Networks (SNN) or Neural
Architecture Search (NAS). Concerning the first, most of the work was performed in
the context of Computer Vision applications, developing methods that take advantage
of the noise injected in malicious inputs to adjust the network’s layers [203,290, 486].
A similar approach was applied to generative models [207]. Concerning noise-based
attacks, SNNs [265] were proven inherently robust against them because of their func-
tioning (i.e., neurons transmit information only after they surpass a threshold) [82,388].
Concerning network crafting, NAS was applied to discover architectures with the high-
est accuracy in specific use cases [100,251]. A combination of NAS and regularization
was employed to drive better search performance [106, 186, 288].

Leveraging Model Post-Processing. Post-model training approaches might also be
helpful towards achieving robustness. These mainly include pruning-inspired approaches
to replace unstable neurons [74] or remove unnecessary classification features [138]
that might lead to adversarial attacks.

Model fusion is another post-processing approach that might contribute towards
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model robustness by combining additional models into a trained one to identify and
deal with problematic data instances (e.g., out-of-distribution, mistaken [339], noisy
[362], or adversarially modified [503] samples). GAN-based approaches were the most
promising ones, dealing with input data [426] and models [83]. Moreover, these ap-
proaches can also be applied to infected models to compare their robustness against
compression techniques [480].

4.2.5 Robustness in Practical Fields

The literature describing robustness when specific architectures and tasks are set
in place was further organized into architecture-, domain-, and trustworthy Al-
specific approaches.

Researchers also focused on improving robustness when specific architectures, tasks,
and systems are applied. Architecture- and domain-specific approaches were identi-
fied. Furthermore, methods bridging the gap with Fairness and Explainability of non-
functional requirements were also the subject of study.

Architecture-specific Robustness Approaches. Research trends involving specific ar-
chitectures were identified in the literature, mainly related to Graph Neural Networks
(GNNs) and Bayesian Neural Networks (BNNs). Given their susceptibility to adversar-
ial perturbations, GNNs were analyzed under several aspects, like link prediction [330],
controllability and connectivity robustness [260], as well as inspecting the effect of
noise [131] and potential defence mechanisms [142]. Approaches for GNNs robustness
certification [44,464] and designing inherently robust networks [79,204,515] were also
developed to guarantee and enhance model robustness, respectively. As many adver-
sarial attacks focus on identifying directions of high variability, which in turn is mainly
linked to prediction uncertainty, BNNs are of fundamental interest in robustness. In
particular, researchers demonstrated the effectiveness of such networks to adversarial
attacks [63], especially when specific approaches are applied [280,453].

Domain-specific Robustness Approaches. Research on robustness spans various ap-
plication areas. A clear trend can be identified among those in Natural Language Pro-
cessing and Cybersecurity. NLP systems have been actively researched over the last
years to develop approaches to enhance their robustness. Weaknesses of various gran-
ularity were addressed, i.e., sentence-level [527], word-level [110,499]. Misspelling-
[339] and noise-based attacks [74,248,530] were also studied to reduce their effective-
ness on NLP models. Acknowledging the increasing interest in Al in Cybersecurity,
it is essential to achieve high robustness in systems to resist intelligent attacks. Ro-
bustness against malware was achieved through data augmentation [2] and studying
the properties of operating systems and platforms to pick the most robust ones [19].
Enhancing robustness against Distributed Denial of Service (DDoS) was also of in-
terest [1, 14], using specific approaches to generate attacks [1] and train the anomaly
detection network [14].

Trustworthy Al-specific Concept Robustness. Robustness has also been discussed
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alongside Explainability (mainly in the context of counterfactual explanations) and
Fairness. Concerning the Explainability context [105,232], it has been found that ex-
plainers are as fragile as the models they strive to describe [402], revealing a fundamen-
tal weakness. Hence, several approaches have been proposed to discover which inputs
can be consistently explained [517], assess the quality of explanations concerning ro-
bustness [299], and evaluate explainability approaches [11,24]. When addressing coun-
terfactual explanations’ robustness, researchers focused on improving robustness [462],
exploring [327] and generating [26,474] such explanations. Another important topic
is the relation between fairness and robustness and how they contribute to each other.
Researchers achieved robust fairness [354] and bounds on fairness violations [472],
developed adversarial approaches through fairness using a robust approach [507], and
studied the connection between counterfactual fairness and graph stability [6].

4.2.6 Robustness Assessment & Insights

The literature describes methods for evaluating model robustness mainly through
procedures or benchmarks. Trade-offs between robustness and trustworthy Al
are discussed as well.

While implementing methods to improve model robustness has been a core research
topic, researchers also developed assessment procedures, benchmarks, and studies to
assess model robustness. Such approaches and the most relevant findings obtained by
intersecting Robustness, Fairness, and Explainability in the context of interest are dis-
cussed here.

Evaluation Strategies. Most methodologies were found to either compute a safe ra-
dius [228,364] or region [157] where the model performs robustly, or a complementary
error region [519]. A first approach to robustness evaluation is made by combining
Abstract Interpretation (i.e., a theory which dictates how to obtain sound, computable,
and precise finite approximations of potentially infinite sets of behaviours [141]) with
constraint-solving [496] or importance sampling [273]. Other formulations were also
considered, e.g., as a mixed integer linear program [445], or as a proportion of the inputs
for which an adversarial property is not satisfied [476]. Such a robustness re-framing
broadens the solutions to assess robustness, improving their scalability [445,476], com-
putational performance [445,502], as well as enabling pre-existing tools [177]. Certi-
fied robustness evaluation was also broadly studied [31, 109, 199, 241, 245, 398, 400,
514,520] as researchers focused on computing robustness bounds [109,241,520] while
improving the training process to achieve certifiable [520] or ready-to-certify [199]
networks. Similarly, L,; and L, robustness were computed using deterministic [245]
and random [111] smoothing. Instead, certifiable bounds computation was enhanced
through overapproximation [398], orthogonalization relaxation [400], and regulariza-
tion [199].

Comprehensive benchmarks were also proposed. In Computer Vision, robustness
against various types of adversarial attacks [107, 156, 332] and common corruptions
[176,275,526] (e.g., noise) were evaluated through benchmarking on datasets [ 176,275,
332], using custom measures [107,176] or comprehensive frameworks [437]. When as-
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sessing adversarial attacks, figures are corrupted using adversarial or common perturba-
tions [176,275,437]. They are then employed to evaluate model behaviour [107, 176]
and its generalizability (i.e., the model’s capability to classify new instances) [275].
Benchmarks on graph networks were developed too [526]. While most benchmarks
focus on assessing defence mechanisms [107,526], approaches evaluating architecture
robustness were also developed [93,437]. These concentrate on validating architec-
ture design and training techniques against perturbations [437] and resource availabil-
ity [93]. Such approaches usually consider the data they employ reliable (mainly when
well-known datasets are used). Such an assumption should not be taken lightly as it
might impact the benchmarking process and its outcomes [310].

When assessing model robustness, picking the correct method or benchmark is as
crucial as choosing metrics representing it. Most researchers focused on metrics de-
scribing model robustness against adversarial attacks [477, 505] through a local Lip-
schitz constant estimation problem [477] or loss visualization [S05]. The collected
literature shows that most articles focus on Computer Vision, while only a tiny fraction
discusses metrics in other contexts. For example, linguistic fidelity was employed to
extend robustness metrics in NLP [227], while a lack of metrics for tree-based classi-
fier was identified [60], finally highlighting the need for sound and robust metrics in
less covered contexts. Computational aspects like precision in computing robustness
bounds [398,496], reducing computational complexity [427], or execution time [483]
are also in need of further exploration. Metrics for other aspects of adversarial at-
tacks were also studied, like metrics for convergence stability [238], adversarial attack
comparison [36], and inspecting the relationship between robustness and adversarial
samples [20], and accuracy [324].

Robustness Methods & Insights. Model robustness assessment encompasses ad-
versarial and natural robustness methods alike. Regarding adversarial robustness as-
sessment, comparison [200, 381], activation function and weight perturbation [386,
410, 449], and language perturbation [228,293,371,470] methods were mainly stud-
ied. Comparison studies examined the generalization capabilities [200] and robustness
transferability of models based on training data [381], discovering insights concerning
the features considered by the network and model robustness, respectively. Novel acti-
vation functions for generalizable [449] and robust networks [386, 410, 449] against
weight [449] and adversarial perturbations [386, 410] were proposed by inspecting
model robustness against both white-box and black-box attacks. Considering NLP
models, methods tackling synthetic character- [293], word-level [228,293], and seman-
tic [371] perturbations were performed, revealing the frailty of NLP models against
these attacks. Furthermore, the effectiveness of human-generated annotations in en-
hancing robustness was also proven [470].

Considering natural robustness, researchers studied common real-world settings in-
volving noise [33,533] and out-of-distribution data [55,104]. It was proven that models
trained using noisy data resulted in better accuracy and generalizability [533] and ro-
bustness [33, 533]. When studying out-of-distribution data, researchers reported that
batch normalization (i.e., an approach aligning means and variance of each channel in
a CNN across different distributions) might result in accuracy loss [55]. Moreover, per-
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formance on in-distribution data is not affected by a single out-of-distribution element
in specific contexts [104].

Trade-offs Between Robustness and Trustworthy AI. When it comes to model ac-
curacy, it is essential to study how it is affected by potential robustness-enhancing
changes. Several trade-offs were found, discovering how an increase in robustness
might result in a decrease in accuracy and vice-versa [40, 281, 343,423,450,488]. In
particular, such trade-offs are mainly caused by the network architecture [423]. Other
studied aspects include the effects of adversarial training [40, 343, 488] and the rela-
tionship between accuracy and in- and out-of-distribution data points [281]. Fairness
and robustness are also entwined, as researchers demonstrated the need for mitigating
unfairness in adversarial defences [488] as well as the effectiveness of certified ro-
bustness and bias mitigation methods in improving fairness [338]. At last, few works
research the impact of robustness-improving approaches on prediction-relevant features
and their meaningfulness concerning human judgment [313,481]. Findings discuss the
negative effect of adversarial attacks [481] and out-of-distribution examples on such
aspects [313], hence highlighting the complexity between robustness, explainability,
and feature robustness.

4.2.7 Analyzing Trends and Gaps in Robustness

While the literature covers various perspectives about robustness, trends and gaps
were found, including but not limited to explainability, accuracy, human-in-the-
loop approaches, and improving and assessing robustness.

Several trends regarding Al and ML robustness can be identified from the literature.
Although researchers from diverse domains performed in-depth studies on the impact
of data-centred and natural perturbations and how to enhance model architectures and
train models, several gaps are yet to be addressed. This section reports on these aspects,
highlighting the most relevant gaps and trends in the literature.

Natural Brittleness. An analysis of the collected literature revealed the marginal em-
phasis on defining natural perturbations and attacks, as most works focused on defining
synthetic attacks and potential defence mechanisms against them in CV. Despite the ef-
fort, such approaches might not enhance or provide robustness in real-world scenarios.
The lack of model-agnostic adversaries underlines another interesting research area,
as existing approaches target specific Al systems. Generating model-agnostic attacks
would provide a common baseline for evaluating and comparing the robustness of Al
systems. Furthermore, model- and perturbation-agnostic robustness assessment would
allow disentangling the relationship between scenario-specific aspects and the actual
robustness of a model, finally leading to an unbiased analysis of its robustness [477].

Computer Vision. Regarding model robustness, the most researched context is Com-
puter Vision, especially when Convolutional Neural Networks (CNN) are applied re-
gardless of the subtopic of interest. An explanation for such a focus might be the in-
herent complexity in defining perturbations and attacks in specific data manifolds (e.g.,
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word embeddings in NLP) or the lack of alignment between ML and context-specific
robustness (e.g., in signal processing). Furthermore, pictures have a different complex-
ity in perturbable features and available approaches to compute distances compared to
other data types, affecting the research’s broadness.

Robustness and Explainability. Acknowledged the brittleness and opaqueness of ex-
isting Al models, explainability is essential to generate faithful and trustworthy expla-
nations [159, 160]. Despite their importance, only a few works discuss the robustness
of XAI methods and their outcomes. Moreover, explainability might also contribute
towards implementing approaches to enhance model robustness. The little work per-
formed relies on the assumption that an alignment between the extracted features and
human reasoning (i.e., the features are meaningful towards a prediction for a data point)
results in higher robustness. A few examples of works combining explainability and ro-
bustness are found in the literature [74,132,221,246,299].

Accuracy, Robustness, Fairness, and Explainability. Inspecting the literature re-
vealed a strong interplay between various aspects of trustworthy Al. Scholars focused
on enhancing robustness at the expense of accuracy, a trade-off similar to the one be-
tween accuracy and explainability. The relationship between robustness and fairness
and its possible issues were also of interest. These aspects are of equal importance when
building trustworthy and fair Al systems. In that regard, data-driven approaches were
proven limited, finally pointing towards integrating symbolic knowledge (although they
were not extensively discussed in the literature).

Human-in-the-loop approaches were also found in the literature, involving humans
in assessing or improving model robustness. Yet, potential challenges in accomplishing
such tasks are not discussed in detail, potentially threatening the effectiveness of meth-
ods and frameworks for robustness. Further investigation on such a topic is needed in
areas where human involvement is essential.

Enhancing Robustness. When improving robustness, humans can be involved in var-
ious aspects of the process, e.g., in collecting and refining adversarial examples [202].
Similarly, researchers demonstrated that human knowledge contributes to generating
more robust models, e.g., by leveraging human uncertainty on sample labels [329], by
integrating human rationales into the training process [71,299], or by actively query-
ing the most relevant perturbations from an expert during training [307]. Furthermore,
the proposed approaches might be enhanced by leveraging existing research on human
computation to assess or enhance the quality of the crowdsourced outputs [128, 195]
to understand the nature of uncertainties and define useful human rationales, especially
when subjective tasks are involved.

Assessing Robustness. When assessing model robustness, human knowledge might
potentially contribute to the design of suitable perturbations or attacks. Researchers
defined some constraints on this topic that must be verified to be considered realis-
tic [202,227]. While this approach represents a first step towards designing proper
samples, to what extent such constraints and the samples they transform align with the
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human concept of "realistic" has to be properly addressed. Similarly, works on ro-
bustness to natural perturbations should define a comprehensive set of domain-specific
perturbations relevant to the problem at hand and its context. On such a topic, re-
search developing benchmarks or robustness-enhancing methods are yet to achieve
comprehensiveness [176, 218], developing tools to support defining relevant pertur-
bations (e.g., collaborative documentation of domain-specific perturbations, libraries to
generate such perturbations semi-automatically, and many more).

4.2.8 Involving Practitioners in ML Robustness

The most important identified gap was the lack of human-in-the-loop approaches,
human engagement, and support for practitioners in dealing with robustness.

Among the identified gaps, the lack of human-centred approaches and workflows to
support ML practitioners in handling robustness were two of the most important.

Robustness by Human Knowledge Diagnosis. In the literature, most robustness-
related research focuses on generating out-of-distribution (OOD) data to enhance model
robustness at training time [41,71,139,329]. Regarding natural perturbation, it is very
challenging to characterize the data types a model might be provided as input before
generating the actual data [104, 108, 153]. The motivations behind such challenges
might be various. In some cases, practitioners might not generate out-of-distribution-
data for privacy or contractual reasons [184,457], or changes to the deployed model’s
context or goal might happen, requiring a constant model evolution and dynamic out-
of-distribution data generation [369]. Collaboration with domain experts might also be
complex [297,512], especially when discussions on which data should be considered
out-of-distribution are made or when evaluating the meaningfulness of model features
to estimate robustness [132,299]. Furthermore, practitioners might lack budget, time,
or training resources when dealing with model trustworthiness [346]. While these chal-
lenges might hinder the process of achieving model robustness, an interesting research
direction has yet to be explored. The development of complementary, hybrid human-
machine approaches leveraging explainability, crowdsourcing, human-in-the-loop ML,
and knowledge-based systems might contribute to estimating model performance on
more realistic data distributions without requiring such distributions.

Existing Approaches. Only a narrow part of the literature leverages human capa-
bilities to identify and mitigate potential model failures. Practitioners might employ
dataset explanations [370] to identify data skews that might impact model performance.
On this topic, humans were involved in identifying patterns among unknown unknowns
to train classifiers to automatically detect such patterns on new data [256]. Aside from
datasets, models trained using features aligned with human reasoning were developed
to achieve high robustness [22,415]. These approaches leverage human explanations
of inference tasks to control and align the features learned by the model.

Envisioned Research Opportunities. Besides a model’s prediction and its confi-
dence, the approaches collected from the literature highlighted potential elements that
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can be leveraged to estimate robustness, like model features or the training dataset.
Assessing model features and their human alignment contributes to assessing model
robustness to OOD data points, as features might not be meaningful even when a cor-
rect prediction is made. Moreover, understanding the link between such features and
the dataset might help mitigate unaligned features.

Surfacing Model Features using Explainability and Human Computation. Various
explainability methods might be employed to extract model features [370]. In particu-
lar, while some models are built to be explainable by design [428, 518], others require
post-hoc interpretability methods [30,355,421] with different properties (e.g., nature of
explanations being correlation- or causation-based, different scopes be it local or global,
different mediums be it visual or textual, etc.) [253,399,407]. However, existing expla-
nations often allow for various interpretations, and practitioners may lack the necessary
domain expertise to disambiguate the highest-fidelity features. For example, saliency
maps [396] or image patches [147,212] do not represent the actual human-interpretable
features the model has learned. Indeed, achieving human and model features alignment
might require clear human concepts [28], highlighting the need to extend the research
on semantic and concept-based explanations acquired via human computation [30,180].

Leveraging Knowledge Acquisition for Identifying Expected Features. While very
few works focused on understanding a model’s expected features to achieve feature
alignment [387], research on commonsense-knowledge acquisition could be helpful
[509]. In this research field, methods harvesting knowledge from existing sources (e.g.,
libraries) or through human involvement (e.g., GWAPs [27,361,463] or crowdsourcing
tasks [189,373]) were proposed. These techniques should be adapted to collect knowl-
edge of interest, focusing on translating such knowledge into significant feature-based
information.

Comparing Features via Reasoning Frameworks and Interactive Tools. The align-
ment between the model and its expected features is also of fundamental interest to
researchers. Interactive frameworks and user interfaces represent the first step [28],
enabling feature exploration with various degrees of automation for expected feature
comparison. Al diagnosis [91, 359] (e.g., abductive reasoning or automated feature-
reasoning) approaches might also contribute towards speeding up the feature compari-
son process whilst making it more reliable.

Involving Humans in the ML Lifecycle. Most approaches proposed in the lit-
erature involve humans to increase model performance, while none consider human
involvement to enhance model robustness. Hence, it is fundamental to investigate how
existing approaches could be shaped to improve model robustness.

ML with a Reject Option. ML systems are usually designed to provide an output for
all input samples. When critical decisions are involved, always providing a prediction
might be harmful, especially when they are likely incorrect. Accordingly, researchers
developed approaches capable of detecting when human agents must be involved as
the model’s outcome might not be correct [175]. Rejectors can be integrated at dif-
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ferent stages of the ML pipeline, i.e., before the predictor filters input samples, after
the predictor to exclude improper predictions, or alongside the predictor to predict the
output’s correctness. These approaches bear advantages and disadvantages based on
the context in which they are applied. Moreover, adapting these approaches would
strongly benefit the research on robustness as only a few works discussing them were
identified [324,422].

Human-in-the-loop ML Pipelines. Recently, the interest of the ML research com-
munity shifted towards developing human-in-the-loop frameworks. These systems are
employed to account for noisy crowdsourced labels [349] by defining models of the
annotation process (e.g., task difficulty, task subjectivity, annotator expertise, etc.) and
often rely on active learning to reduce costs [491,494]. Novel human-in-the-loop ap-
proaches focus on building model pipelines through human involvement to achieve
various objectives, e.g., to identify model weaknesses [314], to identify noise or bi-
ases in the training data [188, 495], or to propose potential explanations to incorrect
predictions [57]. Only a few research articles in the inspected literature discuss the
intersection between active learning and adversarial training [278,279,394,401]. On
the other hand, no work analyzes robustness types and strategies to involve humans in
the ML pipeline when robustness is desired, making them an interesting research topic.
Furthermore, such research subjects are promising and realistic scenarios of ML sys-
tems that succeed in making the model more accurate.

Supporting ML Practitioners in Handling Robustness. The problem of enhanc-
ing model robustness should not only be tackled theoretically. As practical solutions
must be established, it is crucial to understand the barriers practitioners encounter when
making their systems robust. Such a topic has yet to be addressed, and very few articles
are close to such topics [385].

Understanding Practices Around Robustness. In the HCI community, semi-structured
interviews with ML practitioners have been extensively applied. Such literature cov-
ers various topics, like stakeholder collaboration [225,333], debugging practices [29],
tools for explainability [181, 185, 253] or fairness [239, 358], and resulted in frame-
works modelling practitioner’s process and challenges. Applying a similar approach
to robustness would contribute to defining a better research direction. Furthermore,
defining a robustness question bank (similar to what was done in Explainability [253])
would provide a structured understanding of potential research gaps. Besides, the lit-
erature discussing fairness demonstrated the gap concerning the guidance in choosing
metrics and mitigation methods. Acknowledging the plethora of robustness metrics
and techniques, user studies around robustness would reveal a similar gap that could be
bridged by taking inspiration from the fairness literature.

Integrating Robustness into ML Workflows. When building models, workflows [405],
analysis tools (e.g., user interfaces to investigate a model’s details [28, 302]), and doc-
umentations or checklists [18, 140,284] might be of help to researchers. Although few
speculations on developing similar approaches were proposed [390], designing such
supportive tools and integrating them into existing solutions might enhance the robust-
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ness of the research field.

4.3 The Role of Human Knowledge in XAl

Human understandability is another relevant focus for the XAl community, as
humans are involved in multiple stages of the XAl cycle. Literature covering
each role is collected, organized and discussed.

Research Methodology. This research focuses on articles and papers published
from 2017 to 2022. Articles were collected from bibliographic databases, combin-
ing input from open-access (i.e., Google Scholar) and subscribe-only (i.e., Scopus)
sources in the field of computer science. A strategy aligned with the PRISMA method-
ology [322] for literature reviews was implemented. A search strategy to collect articles
that include any pair of concepts created by combining the keywords listed in Table 4.2
was defined, finally resulting in 48 different combinations of keywords. In particular,
pairs of keywords were generated by concatenating one explainability keyword (those
in the table’s left column) with one knowledge-related keyword (those in the right col-
umn of the table).

Table 4.2: The list of keywords used to generate the couples used to search for papers.

Explainability-Related Keywords Knowledge-Related Keywords
Interpretable Machine Learning Knowledge Extraction
Explainable Machine Learning Knowledge Elicitation

Explainable Artificial Intelligence Crowdsourcing
Explainable Al Human-in-the-Loop
Explainability Human-centred Computing
Interpretability Human-centred Computing

Human Computation
Concept Extraction

All articles whose titles contained the words "survey" and "review" were excluded.
When querying Google Scholar, only the first 100 articles ranked by relevance for each
query were considered since a drop in pertinence to the topics of interest was identified
after the 80th position in the ranking. The performed queries collected

* 3718 non-unique articles from Google Scholar, queried using the Publish or Perish
software, resulting in 2056 unique papers;

* 327 non-unique articles from Scopus, queried using the Scopus web interface,
resulting in 216 unique articles.

Most queries performed on the Scopus bibliographic database returned very few re-
sults, as the scope of each was quite narrow. A final integrated set of 2197 unique
articles was achieved by combining the resulting sets of articles and removing dupli-
cates. These were manually inspected, considering only the ones attaining the scope of
this research. In particular, all and only the articles in which humans and human knowl-
edge played a fundamental role concerning the explainability of an Al or ML system
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were considered. Finally, the bibliographic references cited in the collected documents
were also inspected, extending the literature.

4.3.1 Human Knowledge and Explainability

Humans are involved in various stages of the XAI cycle, i.e., for collecting
knowledge, assessing, improving, or interacting with explanations.

Bridging the understandability gap between humans and black-box models requires
the development of techniques able to answer the many-faceted problem of explainabil-
ity, addressing the faithfulness and completeness of the explanations representing the
model’s behaviour while also accounting for the capability of the human interpreter to
understand them. In ML, humans are commonly employed to collect or label data, de-
bug and evaluate the outcomes of machine learning models, and many more [52]. Due
to the recent enthusiasm for XAlI, researchers’ data interests shifted towards collecting
human knowledge in the form of human rationale [417], i.e., the reasoning humans
apply to perform ML tasks. Such valuable [420] information is at the centre of many
explainability-related tasks and it can be employed in various steps of the XAl cycle,
i.e., the process revolving around developing and explaining an Al model with human
involvement. In a broader sense, human knowledge is also applied in most human-
in-the-loop approaches in which explanations are used to explore [155], evaluate, or
improve the explainability and the performance of models. Furthermore, humans are
directly involved in the creation [270], assessment, or improvement [469] of such ex-
planations or the model itself [231]. Given the critical role of human knowledge in such
processes, human-in-the-loop approaches are essential to achieve interpretable and ex-
plainable AI [68,121]. Approaches using humans and their knowledge to achieve such
objectives are reported, organized in categories, and finally discussed. These categories
include various parts of the XAl cycle (represented in Figure 4.3) and can be classified
as follows.

* Knowledge Collection, i.e., approaches collecting human knowledge in various
contexts (e.g., computer vision and NLP) and shapes by involving novices and
experts alike.

* Explainability Evaluation, i.e., approaches assessing explanations through met-
rics and benchmarks involving human knowledge by directly involving humans in
assessing model interpretability and trustworthiness.

* Human Understanding, i.e., approaches understanding how humans perceive,
understand, and interact with explanations and whether these can benefit human
interpreters.

* Explainability Improvement, i.e., approaches employing explanations and hu-
mans to improve models and their explanations and perform debugging.

Figure 4.3 represents the different steps of the XAl cycle involving humans, the way
the latter are engaged, and the aforementioned categories. These are described in the
following sections.
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Figure 4.3: The figure represents the four main areas in which human knowledge is employed in XAl,
i.e., knowledge collection (red), explainability evaluation (green), understanding human perspective
(blue), and improving model explainability (yellow). In the schema, the human icons represent the
steps in which human actors are involved in the XAl cycle.

4.3.2 Explainability and Human Knowledge Collection

The literature describing tasks in which humans are involved in collecting data
for XAl approaches through crowdsourcing is organized and discussed.

In computer science, crowdsourcing is a well-known practice widely employed to
collect a large amount of human-generated data by engaging heterogeneous groups of
people with varying features and knowledge in undertaking a task [120]. Given the
fundamental role of humans in XAlI, crowd knowledge collection is essential to lever-
age human intelligence at scale to achieve robust, interpretable, and hence trustwor-
thy Al systems [136]. When addressing the explainability of black-box models, many
different factors influence such an approach. Depending on the system’s complex-
ity [229], the model’s purpose, the task’s complexity, and its goal, it might be neces-
sary to involve individuals with specific knowledge or features [235]. Indeed, complex
explainability-related tasks may need preliminary expertise, requiring the involvement
of expert users [191]. For example, collecting and employing human knowledge to
label [30, 387] and evaluate visual explanations extracted from an image classifica-
tion model (e.g., heatmaps) could be trivial as users may be asked just to highlight
parts of the picture they deem to be important [283]. On the other hand, editing at-
tention maps to successfully improve the explainability of a system [285] or providing
domain-specific knowledge [417] are not tasks that non-expert users can easily accom-
plish. Hence, interactive approaches have been developed to employ human knowledge
at its best while accounting for such complexities.

In the context of QA systems, Li et al. [252] collected a dataset by engaging crowd
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workers in interacting with an initial model and providing feedback on the quality of
the answers in a structured and unstructured way. The collected data was then em-
ployed to train a new model, extending the original with re-scoring and explanation
capabilities. In the context of image classification tasks, Mishra et al. [283] designed
a concept elicitation pipeline to gather high-level concepts to build explanations for
image classification datasets. Data was collected as mask-label pairs by showing the
picture’s true label to users and having them outline the entity and the features they used
to identify it. Per-image and per-class aggregations were employed to build a variety
of concept-driven explanations. Similarly, Uchida et al. [451] proposed a human-in-
the-loop approach to collecting human knowledge to generate logical decision rules to
explain the output of classification models. They explained the outcome of the origi-
nal model by collecting human-interpretable features of pictures as text to create rule
tables associating the classes and the collected features. Balayn et al. [27,30] proposed
a GWAP to collect high-quality discriminative and negative knowledge. Inspired by
the popular game GuessWho?, users are engaged in a competitive, two-player game in
which each user guesses the card assigned to the challenger by asking questions about
the represented entity. The answers represent structured knowledge about the entity.
Such a particular kind of knowledge can be helpful to improve the trustworthiness and
robustness of Al systems. Zhao et al. [525] designed ConceptExtract, a system imple-
menting a human-in-the-loop approach to generate user-defined concepts for DNN in-
terpretation. Users can overview and filter image patches extracted from input pictures,
provide new visual concepts, and overview the performance and the interpretation of
the target model. Attempting to achieve a similar objective, Lage et al. [230] proposed
a human-in-the-loop approach to learn a set of transparent concept definitions relying
on the labelling of concept features. Users were engaged in providing their understand-
ing of the domain of interest, making the collected concepts intuitive and interpretable.
They were asked to define the associations between a series of features and concepts
and provide feedback on whether the function learned by the model satisfies the condi-
tions. Similarly to Zhao et al. [525], Zhang et al. [521] developed FaxPlainAC, a tool
to collect user feedback on the outcome of explainable fact-checking models. When
the system receives a query, its decision, i.e., the truthfulness of the input fact, and the
considered evidence are displayed. Users are asked whether the documents employed
to generate such content support or refute the input by highlighting the most relevant
parts of the text or whether they are misleading or irrelevant. Sevastjanova et al. [384]
extended the usage of explainability to support interactive data labelling of complex
classification tasks by applying visual-interactive labelling and gamification. Such an
approach is implemented in QuestionComb, a rule-based learning model that presents
explanations as rules, supporting iterative and interactive data optimization.

These methods demonstrate data collection processes may employ explanations and
model details to improve the accuracy of the collected knowledge. Furthermore, the
strategy to apply is also influenced by the kind of data desired, i.e., task-specific or
generic, resulting in the design of a variety of data collection techniques.
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4.3.3 Evaluation of Explainability Methods using Human Knowledge

In the literature, several human-in-the-loop approaches employ human knowl-
edge to assess explanations’ features (e.g., their understandability). Similarly,
metrics and benchmarks using human knowledge were built.

The design and implementation of approaches to choose the best explainability
method or explainable model have been at the centre of discussion of the research
community for years. Consequently, recent research efforts have focused on collect-
ing and developing benchmarks as they enable, organize and standardize the evaluation
and comparison of multiple models through explainability-related measures. Mohseni
et al. [287] developed a benchmark for quantitative evaluation of saliency map explana-
tions of images and text tasks through multilayer, aggregated human attention masks.
They collected human annotations of salient features by asking users to highlight the
most representative parts of documents or images. The efficacy of their approach was
validated through a series of experiments, demonstrating its capabilities to evaluate
the completeness and correctness of model saliency maps. De Young et al. [101] pro-
posed the Evaluating Rationales And Simple English Reasoning (ERASER) bench-
mark, comprising various datasets and tasks extended with human annotations of ra-
tionale. Such datasets cover various NLP tasks, such as question answering, sentiment
analysis, and many more. They evaluated their benchmark on baseline models using
metrics designed to measure faithfulness and the agreement between human annota-
tions and the model’s extracted rationales. While benchmarks provide fixed datasets to
evaluate model explainability, Schuessler et al. [376] developed a library that allows re-
searchers to create customized datasets for human-subject and algorithmic evaluations
of explanation techniques for image classification.

The employment of automatic metrics to evaluate and compare model explainability
is still debated in the XAI literature. In particular, it is argued that the metrics used to
evaluate explainability methods must be carefully chosen, while significant room for
improvement exists for such assessment approaches [173]. Moreover, exploring the
relation between human-based and automatic evaluations is another aspect researched
in the XAl community [305], as various evaluation methods and approaches have been
proposed [304]. On such a topic, it is still argued that the best way to assess the in-
terpretability of black-box models is through user experiments and user-centred evalu-
ations, as there is no guarantee for the correctness of automated metrics in evaluating
explainability [261] and high explainability metric scores do not necessarily reflect
high human interpretability in real-world scenarios [122,261]. The same is true for
well-known metrics (e.g., Fl-score) [377]. Supporting such claims, Fel et al. [122]
conducted experiments to evaluate the capability of human participants to leverage rep-
resentative attribution methods to learn to predict the decision of various image clas-
sifiers. Such a process aimed to assess the usefulness of explainability methods and
the capability of existing theoretical measures in predicting their usefulness in practice.
The designed framework can be employed to perform such evaluation given a black-
box model, an explanation method, and a human subject to predict the predictor (i.e.,
so-called meta-predictor). A two-phase procedure is applied. In the learning phase,
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the human meta-predictor is trained using triples made of an input sample, the model’s
prediction, and its explanation to uncover rules describing the model’s functioning. In
the evaluation phase, the accuracy of the meta-predictor (i.e., the relevance of the rules
they learned) is tested on new samples by comparing their predictions with the ones
provided by the model. In their conclusions, the authors argue that faithfulness evalu-
ations are poor substitutes for utility and that putting humans in the loop is necessary.
Moreover, they discuss that such metrics do not account for the usefulness of the expla-
nation to humans as, in some cases, they can either be useless or generate ambiguity.
We argue the main problem is not related to the application of automatic evaluations
and metrics but to the interpretation of the computed (faithfulness) scores. Faithfulness
is just one side of the coin, i.e., the model’s side, as it measures the closeness of the
derived explanation concerning the true reasoning process of the model. The other side
of the coin is represented by interpretability, i.e., explanations must be made so that
human interpreters can properly understand it. Misunderstandings occur when there is
confusion between these two aspects. Indeed, model faithfulness and interpretability
are not to be considered equivalent when it comes to the evaluation of the explainability
of models.

An explanation’s interpretability is usually evaluated by involving users in manually
interpreting the explanations generated by the model or derived through explainability
methods. The same approach applies to evaluating black-box models’ interpretability,
i.e., directly understanding the intrinsic explainability of a model [133]. Such eval-
uations are usually achieved through user questionnaires [174, 377, 465, 506] whose
questions vary depending on the nature of the experiment, model, etc. On the other
hand, comparing the interpretability of different explainability methods to choose the
best-suited one requires the design and implementation of ad hoc human-in-the-loop
approaches. Soltani et al. [409] improved the existing XAl algorithm by employing
cognitive theory principles to provide explanations similar to domain experts. Humans
were involved in experiments to evaluate the novel and basic approaches to under-
standing, which led to the best explanations. Lu et al. [261] designed a novel human-
based evaluation approach using crowdsourcing to assess saliency-based XAl meth-
ods, mainly focusing on methods that explain the prediction of picture-based models,
e.g., Grad-CAM [382], SmoothGrad [403], etc. through a human computation game
named "Peek-a-boom". Their human-centred approach compares different explainable
Al methods to identify the one that yields the best interpretations. In the proposed
GWAP, the XAI method plays the role of Boom, revealing parts of an image as the
game progresses. The player plays the role of Peek, guessing the entity in the pic-
ture from the parts displayed. In summary, evaluating the explainability of black-box
models requires assessing human interpretability and faithfulness while not misunder-
standing these two concepts and consequently generating unmotivated trust.

More commonly, humans evaluate the effectiveness of methods in generating ex-
planations and their usefulness in real scenarios [13, 348,350, 523]. Zhao et al. [523]
employed Generative Adversarial Networks (GANs) to generate counterfactual visual
explanations. Crowd workers were recruited to evaluate their effectiveness in classi-
fication tasks. In Visual Question Answering, Arijit et al. [348] involved users in a
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collaborative image retrieval game named Explanation-assisted Guess Which (ExAG)
to evaluate the efficacy of explanations, finally demonstrating their usefulness. Alvarez-
Melis et al. [13] implemented a method to generate explanations based on the weight of
evidence from information theory. User experiments demonstrated the methodology’s
effectiveness in generating accurate and robust explanations, even in high-dimensional,
multi-class settings. Zeng et al. [511] present a human-in-the-loop approach to explain
ML models using verbatim neighbourhood manifestation. A three-stage process is em-
ployed to (i) generate instances based on the chosen sample, (ii) classify the generated
instances to define local decision boundaries and delineate the model behaviour, and
(iii) involve users in refining and exploring the neighbourhood of interest. A series of
experiments revealed the effectiveness of the implemented tool in improving human un-
derstanding of model behaviour. Baur et al. [39] presented NOVA, a human-in-the-loop
annotation tool to interactively train classification models from annotated data. The tool
employs semi-supervised active learning to pre-label data automatically. Moreover, it
implements recent XAl techniques to give users a confidence score about the predicted
annotations and visual explanations. Heimerl et al. [174] employed NOVA in emotional
behaviour analysis. They engaged non-expert users and evaluated the impact and the
quality of the extracted explanations, revealing their effectiveness while getting use-
ful insights on the employment of visual explanations. Steging et al. [417] proposed a
knowledge-driven method for model-agnostic rationale evaluation employing human-
in-the-loop to collect dedicated test sets to assess targeted rationale elements based on
expert knowledge of the domain.

Finally, while part of the XAI research community focused on designing and im-
plementing methods to generate explanations, developing techniques to generate trust
in models is another fundamental aspect of interest. Zoller et al. [S35] implemented
XAutoML, an interactive visual analytic tool to establish trust in AutoML-generated
models. The user-centred experiments revealed the tool’s effectiveness in generating
trust while addressing the explainability needs of various user groups (i.e., domain ex-
perts, data scientists, and AutoML researchers). De Bie et al. [96] proposed and eval-
uated RETRO-VIZ, a method to estimate and assess the trustworthiness of regression
prediction. The system comprises RETRO, a method to estimate the trustworthiness of
the prediction quantitatively, and VIZ, a visualization provided to users to identify the
reasons for the estimated trustworthiness. Although they demonstrated the effective-
ness of their methodology, the authors remark it must be used with caution so as not to
generate unguided trust.

4.3.4 Understanding Human Perspective in Explainable Al

Humans have been involved in understanding the effectiveness, level of detail,
and other features of explanations.

An explanation that cannot be properly understood has no value and may poten-
tially mislead humans. Indeed, providing accurate and understandable explanations
is essential as poor explanations can sometimes be even worse than no explanation
at all [312] and may also generate undesired bias in users [38, 375]. Consequently,
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properly structuring [205] and evaluating the interpretability and effectiveness of ex-
planations requires a deep understanding of how humans interpret and understand them
while also accounting for the relationship between human understanding and model
explanations [73, 522]. For such reasons, the explainable Al research field spreads
from IT-related fields, such as computer science and machine learning, to a variety of
human-centred disciplines, such as psychology, philosophy, and decision-making [17].
Therefore, recent studies evaluating human behaviours when exploring, interpreting
and using explanations have been conducted [301,404,487]. Moreover, Gamification
and Games With a Purpose have been proven quite effective when designing methods to
assess how humans interpret XAl explanations [135]. Feng et al. [125] evaluated how
humans employ model interpretations and their effectiveness, measured in terms of im-
provement in human performance. They designed Quizbowl, a human-computer coop-
erative setting for answering questions, supporting various interpretations, and guiding
users to trust the model’s prediction. Questions are displayed word-by-word, and play-
ers are asked to stop the display when the model’s interpretations are enough to answer
the question correctly but before it is completely revealed. They discovered that in-
terpretations help non-expert users and experts in different ways. Additionally, while
expert users could mentally tune out bad suggestions, novice users trusted the model
too much, consequently choosing an incorrect answer. Such a result demonstrates that
even though one of the objectives of explainability is to improve users’ trust in the
model, it is necessary to organize the content provided to avoid generating a sense of
overconfidence in the system. A similar result was achieved by Ghai et al. [146], who
combined XAl techniques in the context of Active Learning. They analyzed the impact
of the proposed approach while also researching human-related aspects. Their findings
revealed explanations successfully supported users with high task knowledge while im-
pairing those with low task knowledge. Indeed, users with low knowledge were more
prone to agreeing with the model, even when it misbehaved. On the other hand, they
demonstrated the effectiveness of explanations in calibrating user trust and evaluating
the model’s maturity. In conclusion, achieving high transparency is not always benefi-
cial to improving the user’s understanding [335,375]. Indeed, providing complex or a
large number of explanations would generate a trade-off between their understandabil-
ity and the time required by human interpreters to interpret them [229,254].

Consequently, it is necessary to comprehend the proper level of transparency, expla-
nation complexity and quantity, even in simple cases [114]. Regarding such an aspect,
Mishra et al. [283] performed user studies to understand the proper level of conceptual
mapping using granularity and context of the data to generate explanations. The authors
discovered that balancing coarse and fine-grained explanations helps users understand
and predict the model’s behaviour. On the contrary, using structured coarse-grained ex-
planations negatively impacted user’s trust and performance. While Mishra et al. [283]
focused on understanding the granularity of the explanations, Kumar et al. [226] com-
pared the visual explanations provided by the proposed visualization framework con-
cerning two text-based baselines, revealing the effectiveness of their approach in the
context of interest through user experiments. In conclusion, engaging humans in XAl
is fundamental as primary targets of explanations. Additionally, improving their under-
standing of explanations and models is beneficial to enhancing the design and develop-
ment of explanations.
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Moreover, it is desirable to design flexible explanation approaches and explainabil-
ity methods that properly convey model behaviour depending on "who" the human
1s [56, 114,357]. Turr6 [357] categorizes the main user groups. Depending on their
goals, background and relationship with the product, users are grouped into three cat-
egories: developers and Al researchers, domain experts, and lay users. The author
discusses the importance of approaching explainable Al in a user-centred manner, pro-
viding tailored explanations based on the needs and characteristics of the targeted group
of users, finally improving affordability and user satisfaction, and easing the expla-
nation evaluation process. Striving to understand how and why such groups employ
explanations and behave, several researchers have carried out experiments by engag-
ing specific user groups. Hohman et al. [181] involved professional data scientists in
exploring how and why they interpret ML models and how explanations can support
answering interpretability-related questions. Users can be generally classified as do-
main or expert users and non-expert users. Nourani et al. [311] inspected the behaviour
of such user groups on their first impression of an image classification model based
on the correctness of its predictions. They discovered that providing early errors to
domain experts decreases their trust, while early correct predictions help them adjust
their trust based on their observations of the system performance. On the other hand,
non-expert users relied too much on the predictions made by the model due to their lack
of knowledge. Such over-reliance on the ML system [125, 146, 311] highlights how it
is always necessary to account for the users engaged in the system. Moreover, while it
is necessary to engage non-expert and end users in evaluating such a system, it is also
recommended to consider their features, preliminary knowledge, and understanding of
the system of interest.

Finally, while explanations were proven to be effective in leading users in achiev-
ing a task and improving their trust and understanding of the model, it has also been
demonstrated that sometimes they are either not able to improve [86,465] or, worse,
they reduce human accuracy and trust [389]. A similar result in a different context
was found by Dinu et al. [103]. They focused on post hoc feature attribution explana-
tions. They discovered that such explanations provide marginal utility in our task for a
human decision maker and, in some instances, result in worse decisions due to cogni-
tive and contextual confounders. Such findings bring forth a fundamental conclusion.
Even though explanations and explainability methods may improve users’ understand-
ing, accuracy and trust [493], it is still necessary to investigate how humans perceive
such content concerning the context, the model, and the performed task.

4.3.5 Human Knowledge as a Mean to Improve Explanations

Human knowledge has been employed to improve and debug explanations, in-
volving humans in inspecting Al explanations and systems.

As faithful explanations provide meaningful insights into the behaviour of mod-
els, researchers have designed novel and effective methods to employ such content to
improve the explainability and performance of models. Such human-in-the-loop ap-
proaches mainly display a model’s explanations and outcomes to humans, who are
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then asked to discover undesired behaviours (i.e., debugging the model) and to pro-
vide possible corrections. The effectiveness of such explainability-focused approaches
is discussed by Ferguson et al. [126]. They report on the usefulness of explanations
for human-machine interaction while stating that augmenting explanations to support
human interaction enhances their utility, creating a common ground for meaningful
collaboration. They experienced the effectiveness of editable explanations, modifying
the machine learning system to adapt its behaviour to produce interpretable interfaces.
Many examples of approaches that use such a strategy can be found in the literature.
Mitsuhara et al. [285] propose a novel framework to optimize and improve the explain-
ability of models utilizing a fine-tuning method to embed human knowledge collected
as single-channel attention maps manually edited by human experts. They reveal that
improving the model’s explainability also contributes to performance improvement.
Coma et al. [89] designed an iterative, human-in-the-loop approach to improve the per-
formance and explainability of a supervised model detecting non-technical losses. In
particular, each iteration improves the performance and reduces the complexity of the
model to improve its interpretability. Kouvela et al. [224] implemented Bot-Detective,
a novel explainable bot-detection service offering interpretable, responsible Al-driven
bot identification focused on efficient results detection and interpretability. Users can
provide feedback on the estimated score and the interpretation quality while specifying
their agreement and describing potential explanations’ improvements provided through
LIME [355]. Such an approach not only improves the explainability of the model but
also contributes to the model’s performance. Collaris et al. [88] introduced an inter-
active explanation system to explore, tune and improve model explanations. The tool
allows stakeholders to tune explanation-related parameters to meet their preferences
while they employ such evidence to diagnose the model and discover potential model
or explanation improvements. Yang et al. [S00] addresses the problem of generalisabil-
ity by allowing users to co-create and interact with the model. The authors introduced
RulesLearner, a tool that can express ML models as rules while allowing users to inter-
act with and update the patterns learned. Their studies demonstrated the proposed ap-
proach’s effectiveness in improving the analyzed system’s generalisability and the qual-
ity of the explanations employed in the process. In the presented systems, users directly
interact with the explanations of the model to improve their explainability. Other stud-
ies collect and employ human rationales [22] or domain knowledge [90,116] to achieve
the same goal. Arous et al. [22] introduced MARTA, a Bayesian framework for explain-
able text classification. Such a system integrates human rationales into attention-based
models to improve their explainability. Confalonieri et al. [90] evaluated how ontolo-
gies can improve the human understandability of global post hoc explanations, pre-
sented as decision trees. The proposed algorithm enhances extracted explanations using
domain knowledge modelled as ontologies. While sometimes increasing the model’s
performance is a side effect of improving its explainability [88, 89, 224, 285], a few
researchers employed explanations to improve model performance [92,252,411]. Li
et al. [252] collected human feedback, made of a rating label and a textual explanation
describing the quality of the answer, to improve a BERT-based Question Answering
model’s performance and capability of explaining the outcome’s correctness. While
Li et al. [252] employed human feedback, Spinner et al. [411] engaged humans in a
conceptual framework focused on practicability, completeness and full coverage to op-
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erationalize interactive and explainable machine learning. The most relevant element
of the system is the Explainable Al pipeline, which maps the explainability process to
an iterative workflow that allows users to understand and diagnose the system to refine
and optimize the model.

Another process benefiting from faithful explanations is model debugging. Such an
activity employs human knowledge and expertise to identify errors, bias and improper
behaviours in models with the final objective of correcting them, consequently improv-
ing them [243] or their explanations. The central concept on which model debugging is
based is the interactive exploration of models [162,182,312] using an interface to sum-
marise its behaviour. Moreover, allowing users to interact with explanations produces
an even deeper understanding of the model behaviour, consequently improving their
capability to identify potential bugs. In this scenario, providing faithful, complete, and
understandable explanations is essential, as they influence the ability of users to iden-
tify such errors and the soundness of the results. With the final aim of understanding
the model’s failures, Nushi et al. [315] implemented Pandora, a system leveraging hu-
man and system-generated observations to describe and explain when and how ML
systems fail. The tool employs content-based views (i.e., views creating a mapping
between input and the overall system’s failure) to explain when the system fails, while
component-based views (i.e., views modelling how internal model dynamics lead to
errors) explain how the system fails. Crowdsourced human knowledge is employed for
various purposes, such as system evaluation, content data collection, and component
quality features data collection. Liu et al. [258] describe an error detection framework
for sentiment analysis models based on explainable features employing a variety of
explanations. Their approach is organized into four different units, namely, a "local-
level feature contributions" module extracting unigram features through LIME [355],
a "global-level feature contributions" module performing perturbation-based analyses
by masking individual features of the training samples, a "human assessment" mod-
ule asking humans to assess the most relevant globally contributing features learned
from the previous step, and a "global-local integration" module that quantifies the er-
roneous probabilities of instance-level predictions made by the model. Even though
providing a wide variety of interactive explanations may improve the debugging of MLL
systems, it is still unclear which ones are the most useful. Seeking to answer such a
question, Balayn et al. [28] developed an interactive design probe that provides various
explainability functionalities in the context of image classification models. They dis-
covered that common explanations are primarily used due to their simplicity and famil-
iarity. In contrast, other types of explanation, e.g., domain knowledge, global, textual,
active, interactive, and binary explanations, are still helpful in achieving various ob-
jectives. Such conclusions support and highlight the importance of presenting diverse
explanations. Using explanations to debug models could also benefit the explanations
themselves. For example, Afzal et al. [5] described a human-in-the-loop explainabil-
ity framework to debug data issues to enhance interpretability and facilitate informed
remediation actions. In conclusion, the variety of human-in-the-loop approaches de-
scribed demonstrates that human knowledge can be a valuable asset even for tasks that
do not employ it as structured data and directly engage humans in understanding, fixing
and optimizing ML models.
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4.4 Final Remarks

In the first part of this chapter, the literature related to robustness in Al systems was
collected, organized, and discussed, highlighting various concepts, definitions and do-
mains. Three main themes were thoroughly addressed, i.e., approaches to improve
model robustness against adversarial and non-adversarial perturbations, approaches to
enhance robustness in different application areas, and evaluation approaches and in-
sights. In the end, research gaps and a lack of human-centred solutions concerning
robustness were emphasized, while future research might strongly benefit from involv-
ing human actors in robustness-centred methods. On a similar topic, the second part of
the chapter focuses on human involvement and human-in-the-loop approaches, high-
lighting the various roles humans might have in the ML cycle. These mainly cover four
main aspects, i.e., human knowledge collection and structuring, XAl methods assess-
ment by means of human knowledge, human understanding of explanations, and human
knowledge applied to enhance explanations. In the end, human-driven approaches are
growing in relevance in modern research as the ever-increasing complexity of models
makes it necessary to make them trustworthy and interpretable in the eyes of humans,
hence requiring human knowledge, reasoning, and involvement.
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CHAPTER

Explainable Al in Natural Language Processing

This chapter discusses the research performed on explainable Al in the context of natu-
ral language processing (NLP). In particular, the theoretical formalization of rationale
mappings and trees and their collection process are described. This chapter is mainly
built upon the article

1. Andrea Tocchetti, Jie Yang, and Marco Brambilla. “Rationale Trees: Towards
a Formalization of Human Knowledge for Explainable Natural Language Pro-
cessing". In: Proceedings of the 4th Italian Workshop on Explainable Artificial
Intelligence colocated with 22nd International Conference of the Italian Associ-
ation for Artificial Intelligence(AIXIA 2023), Roma, Italy, November 8, 2023.
Vol. 3518. CEUR Workshop Proceedings. CEUR-WS.org, 2023, pp. 29-46. url:
https://ceur-ws.org/Vol-3518/paper3.pdf.

and it is extended by the subsequent research carried out in cooperation with MsC.
Valentina Naldi, involving designing, implementing, and assessing a human-in-the-
loop approach to collect instances of the defined data structures. The PhD candidate
contributed by examining the literature on the context of interest, finally leading to
the design of rationale mappings and trees. Furthermore, the candidate strongly con-
tributed to designing and structuring the application, the data collection process, and
the experiments. Part of this chapter will be soon published as follows

1. A. Tocchetti, V. Naldi, and M. Brambilla. "Web-based Human-centered Explain-
ability of NLP Tasks with Rationale Mapping Theory". In: Proceedings of the
16th International Conference on Applied Human Factors and Ergonomics. July
26-30, 2025, Florida, US.
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Chapter 5. Explainable Al in Natural Language Processing

5.1 Introduction

As the thought process applied to NLP tasks by humans is usually neglected
when building explanations, a structure for organizing such knowledge and a
process to collect it are described.

In the context of NLP, researchers have defined explanations by identifying the most
critical words in the input(s) [240], providing the most influential training examples af-
fecting an outcome [169], or generating textual explanations [15]. One might think such
explanations are interpretable for humans as they rely on their ability to understand and
reason using natural language. Moreover, given their simplicity and (apparent) intu-
itiveness, one might not question such explanations. However, they may sometimes be
too complex [95, 123], or their structure may not be intuitive or representative enough
for a human interpreter to understand the model’s behaviour promptly. For example,
saliency map scores assigned to the words of a sentence in a sentiment analysis task
may not be fully understood, as these scores represent which parts of the input were
deemed essential and do not represent the actual model’s reasoning [378]. Similar rep-
resentations (i.e., highlights and textual explanations) are employed when collecting
human knowledge to train or improve models and evaluate their explanations [479] as
these are pretty simple for humans to describe. Crowd-based methods usually focus
only on labelling results with relevant human-generated tags, explicitly identifying ob-
jects, actions, or other elements in the output. Therefore, potential explanations only
refer to the data elements and the model parts that produce them. The cognitive process
applied by the human to perform the task is completely neglected. This means there is
no alignment or reconciliation between how a person would solve a task and how the
machine learning model generates the results.

Striving to provide a complete and structured representation of human rationale, we
propose ad hoc formalizations to organize human knowledge by drawing inspiration
from Argumentation Mining [286, 323] and the recent literature in Data Structuring
in XAI for a set of NLP tasks of interest, i.e., Sentiment Analysis, Text Summariza-
tion, Natural Language Inference, Claim Verification, and Question Answering. We
analyzed and organized these tasks based on their type (i.e., text classification or gen-
eration) and the number of inputs (i.e., single or multiple inputs) as we identified them
as fundamental discerning factors. We inspected the processes and the nature of the
considered NLP tasks from the human and model perspectives and designed the for-
malizations. These are referred to as rationale mappings. A standard structure, re-
ferred to as Rationale Mapping, is described and further characterized for each task to
reduce complexity and enhance expressiveness. These are hierarchically organized in
tree structures, referred to as Rationale Trees. Such representations organize and detail
the reasoning steps humans apply when identifying and reasoning on the essential parts
of the texts they are provided with.

Building on this characterization, we present a web-based, human-centred approach
to collect rationale mappings for a subset of the considered NLP tasks, i.e., Sentiment
Analysis, Text Summarization, and Question Answering. The literature about these
tasks was analyzed in detail and reported. Although a few tasks were not consid-

86



5.2. Context-specific Related Works & Background

ered, we deem the performed research to be representative of the complexity of the
considered spectrum of NLP tasks. We describe the design of the human-computer
interaction paradigm, the data collection process specification, its implementation as a
crowdsourcing web application, and its validation with experimental studies ascertain-
ing its reliability and effectiveness. User feedback on the process and its complexity
is collected. The usability and workload of the application are assessed through stan-
dardized user questionnaires. A preliminary dataset is built and openly shared with the
research community.

5.2 Context-specific Related Works & Background

Rationale Mappings and Trees are applied to three NLP tasks of interest (i.e.,
Sentiment Analysis, Text Summarization, and Question Answering) to organize
human rationale for XAl approaches.

5.2.1 Human Knowledge and Reasoning in NLP and XAI

Natural Language Processing (NLP) is a research field aimed at interpreting, analyzing,
and manipulating natural language data to learn, understand and produce human lan-
guage content [179,211]. NLP include a broad variety of tasks, some aimed at human
language understanding (e.g., Coreference Resolution, Natural Language Parsing, etc.),
while more complex tasks focus on classifying (e.g., Sentiment Analysis, Natural Lan-
guage Inference, etc.) or generating (e.g., Text Summarization, Question Answering,
etc.) text. In language-based tasks, humans can reason on and understand the provided
text(s) through their inherent linguistic knowledge to generate a desired output. Such
data are usually collected as couples of input-output texts and employed to train mod-
els capable of achieving specific tasks [366]. However, such a data collection approach
does not include how humans performed the task and reasoned on the provided text(s).
In particular, whenever model explainability is desired, human actors are also requested
to describe or provide evidence of the thought process they applied. These are usually
collected as free text or highlights of the input’s words and sentences. In particular,
while the first is more expressive and readable, the latter provides a compact, suffi-
cient, and comprehensive representation [479]. Such information can be used to train
so-called self-explainable models [12], i.e., models capable of providing explanations
for their outputs [479], or to assess the explanations extracted through other XAl tech-
niques [23,479]. Even though explanations are mainly collected through crowdsourc-
ing approaches using the representations mentioned above, a wider variety of formats
is available whenever an explanation is provided to a human interpreter. In the context
of Explainable AI, NLP tasks’ explanations are represented as saliency maps [397],
declarative representations (i.e., trees and rules) [337], examples [161], or machine-
generated natural language [255]. While lay users can easily understand the latter [95],
the others may not be directly understandable to human interpreters since a deep un-
derstanding of XAl may be required [95, 123]. Despite the similarities in the shape
explanations provided by and provided to humans, there is a significant gap regarding
their interpretability. Furthermore, although some explanations may be humanly under-
standable, they are not structured to match human reasoning. Hence, a misalignment
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between how humans think when performing a natural language task and how expla-
nations provide evidence for the model’s reasoning can be identified. We argue such a
difference must be addressed across the whole explainability process, starting from the
data collection and structuring steps. While several techniques exist to provide explana-
tions for NLP models, e.g., saliency-based approaches, declarative representations, and
natural language, they mostly rely on the (sometimes improper) assumption the human
receiving the explanation will interpret it as intended [95]. However, this assumption
has been proven not to hold in several cases [378].

The following NLP tasks are analyzed in depth as they were involved in the data
collection step. Their features, how their explanations are provided, and how humans
are involved and perform the task are described.

Sentiment Analysis (SA) determines whether subjective text (e.g., people’s opin-
ions, thoughts, etc.) conveys a positive, negative, or neutral view [432,475]. It can be
applied at different levels of granularity (i.e., document-level, sentence-level, or aspect-
based) [277]. When performing the task, human interpreters would identify all the por-
tions of the text expressing subjective opinions and subsequently assess and combine
their views to derive the overall sentiment of the text. Human rationale describing the
sentiment attribution can be represented by associating the output sentiment with the
parts of the input text that most influenced the output label. Concerning datasets, high-
lights [102, 508], text snippets [102,471, 508], and structured content [406,471] were
employed to organize human rationale for explainable NLP. The data collection pro-
cess mainly involves crowd workers picking the sentences or words that contribute to
the final sentiment and sometimes explaining their choices.

Text Summarization (TS) generates a summarized version of a given text [117].
Two main approaches exist, i.e., extractive and abstractive [117,490]. In extractive
approaches, the most important sentences are directly reported in the summary. In
abstractive approaches, essential pieces of information are syntactically reshaped into
semantically equivalent sentences to produce a summary. While the first can be eas-
ily achieved from a model (and human) perspective, the latter requires complex text
processing and understanding capabilities [137]. When performing the task, human
interpreters would identify and summarise the most critical information in the text. Ra-
tionale can be represented by mapping its informative content to where it is extracted
from the input text. Concerning datasets, Kim et al. [214] collected annotations by
matching input sentences with their corresponding output and assigning labels to high-
light their importance.

Question Answering (QA) provides a relevant answer to a question given a para-
graph or a set of documents containing relevant information for answering it [58].
Answers can be provided in different forms, e.g., an extract from an input text or a
newly generated one. When performing the task, human interpreters would under-
stand the type of information they must find in the paragraph, subsequently devel-
oping the answer by inspecting the provided content. Rationale can be represented
by extracting which paragraph(s), sentence(s), or sub-sentence(s) are meaningful to
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the question or contain the answer. Concerning datasets, rationales have been col-
lected by having crowd workers highlight sentences in documents to answer ques-
tions [145,497,501]. Furthermore, they were sometimes associated with textual ex-
planations [344,351,504]. More expressive approaches involve structured content like
graphs [198, 484] or other complex structures [196, 234]. Common data collection
approaches involve question [501] and answer generation [497], highlights [234,504],
rationale description [344,504], or complex guided procedures [145,196,198,351,484].

Coreference Resolution (CR) determines all the expressions that refer to the same
real-world entity in a text. Coreference resolution enables or improves the perfor-
mance of other tasks, such as Text Summarization, Question Answering, Information
Retrieval, and Language Translation [425].

5.2.2 Data Structuring in NLP and XAI

In the literature, several approaches for structuring NLP-related data were iden-
tified, e.g., labelled relationships between words.

Over the last few years, various datasets organized human knowledge applied to the
explainability of NLP tasks in the form of free-text [223], highlights of the most im-
portant words or sentences [102,406], or a combination of both [61]. Although such
simple structures were proven effective, researchers demonstrated that enhanced detail
improves models’ performances [210, 504] and understandability [234]. Most struc-
tures have been designed in the context of Question Answering as it is one of the most
complex NLP tasks. Lamm et al. [234] defined annotation triples for Question Answer-
ing tasks by identifying relationships between the question and the provided passage.
The annotator selects the passage entailing the answer, then chooses a short text span
with the answer within the entailed text and marks the equivalent noun phrases in the
question and the answer. Finally, entailment patterns are extracted. In the context of
machine reading comprehension, Ye et al. [504] defined quadruples of question, para-
graph, answer, and a textual explanation that motivates the human reasoning applied to
build the annotation. WorldTree [198] and WorldTree V2 [484] are explanation graphs
that motivate answers to science questions. They are built by defining and labelling re-
lationships between words in the question, answer, and explanations generated through
domain and world knowledge. Although the described processes and structures signif-
icantly advance the state-of-the-art in Question Answering in the corresponding con-
texts, these are task-specific, and their alignment with human reasoning has yet to be
proven.

5.2.3 Argumentation Theory & Mining

Argumentation Theory describes tree-like structures for organizing texts as ar-
guments, while Argumentation Mining describes their collection and structuring
following the theory.

Argumentation Theory is a research field examining the way arguments are pro-
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Coordinatively Multiple
Compound Argumentation
Subordinatively Argumentation

Compound
Argumentation

(a) Pragma-Dialect Theory

Argument

Premise Argument Premise Conclusion

Premise Conclusion

(b) Argumentation Tree Example

Figure 5.1: (a) The structures proposed described by the Pragma-Dialect theory for argumentation. (b)
An argumentation tree structure proposed by Mochales et al. [286]. Each argument is supported by
one or more premises and a conclusion and can be premises for other arguments.

duced, analyzed, and evaluated. While several approaches aim at establishing criteria
for defining reasonable argumentations [34], our research mainly focuses on argumen-
tation structuring, i.e., how an argument can be represented regarding the relationship
between its premises and conclusions. Argumentation structures allow for identifying
argument schemes, i.e., stereotypical patterns in human reasoning, to determine typical
critical questions that could be used to counter such an argument. The basic argu-
mentation unit is an argument whose structure involves implicit or explicit premises
and a conclusion or, more generally, a set of at least two propositions [286]. For each
argument, a schema defining relations between prepositions following human reason-
ing patterns is defined. Typical argument structures identified in Informal Logic are
serial, linked, convergent, and divergent structures [328]. In linked structures, multi-
ple premises are necessary to support a conclusion effectively. On the other hand, in
convergent structures, multiple premises independently support a conclusion. In di-
vergent structures, a single premise leads to more than one conclusion. Finally, serial
structures aim to further develop an argument by supporting one of the premises. Like-
wise, Pragma-Dialects theory [456] describes argumentation structures that represent
the relation between arguments through coordination, subordination, or forming multi-
ple arguments, as depicted in Figure 5.1(a).

Argumentation Mining is the process of detecting arguments in a textual document,
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their relationships, and their internal structure [65, 323]. Typically, Argumentation
Mining involves text segmentation, argument/non-argument classification, and defining
simple and refined structures for the identified argumentation. The first step consists of
breaking down the text into atomic units, usually clauses or sentences [237], which are
then classified as argumentative or non-argumentative. Then, argumentation structures
are employed to define formalisms and organize the retrieved argumentative snippets
as premises or conclusions. While a more complex graph structure is usually employed
to represent the relationships among these elements [65], Mochales et al. [286] applied
the Pragma-Dialects theory to define a tree-structure representation in which every tree
and sub-tree represents a single argumentation structure. In such a setting, all argu-
ments are uniquely related to another argument of a tree representing a premise. Figure
5.1(b) represents and examples of such a structure.

5.3 Formalization

5.3.1 NLP Task Classification

NLP tasks of interest were classified based on their features (e.g., task type, num-
ber of inputs, and more) to refine Rationale Mappings and Trees.

This research maps and generalizes the concepts described to fit various NLP tasks,
structuring representations capable of representing human knowledge and reasoning.
We consider five different Natural Language Processing tasks: Sentiment Analysis,
Text Summarization, Natural Language Inference, Claim Verification, and Question
Answering. We identified which features make these tasks substantially different (e.g.,
objective, solving process, number of inputs, type of output, etc.). Considering such
differences, our research acknowledged the similarity in the nature of the inputs (i.e.,
all these tasks accept free-text inputs) and the number of outputs (i.e., all these tasks
take a single output) while identifying significant differences in the process, the type of
task (i.e., whether the task generates or classifies text), and the number of inputs (i.e.,
whether the task takes one or multiple inputs). While the process is unique for each
considered NLP task, the type and number of inputs can define a categorization. Table
5.1 reports the outcome of this classification.

Task Task Type N Inputs | Input(s) Type | Output Type
Sentiment Analysis Classification Single Free-text Discrete
Text Summarization Generation Single Free-text Free-Text
Natural Language Inference | Classification | Multiple Free-text Discrete
Claim Verification Classification | Multiple Free-text Discrete
Question Answering Generation Multiple Free-text Free-text

Table 5.1: A tabular representation classifying each NLP task of interest based on the features.
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5.3.2 Rationale Mappings

Rationale Mappings are defined as triples of < text, text, label >. These are
further specialized and refined based on the thought process applied and the NLP
tasks.

When reasoning on text, humans are so used to finding logical, syntactical, and se-
mantical connections between words that they are unaware of such behaviour. A simple
example is the capability of humans to find all the expressions that refer to the same
entity in a text (so-called Coreference Resolution in NLP). Such a task rarely requires
complex human reasoning as it can be promptly achieved thanks to the linguistic flexi-
bility and knowledge we have developed. On the other hand, extensive human reason-
ing may be necessary for complex language-based activities, like Question Answering,
in which a human interpreter must understand the paragraph, the question, and the rela-
tions between their content to perform the task. Such reasoning is a fundamental build-
ing block for defining and structuring human rationale in Natural Language Processing
tasks. We refer to them as rationale mappings, i.e., representations that organize hu-
mans’ analytical reasoning steps when identifying and associating the essential parts
of the texts involved in a language-based task leading to its output. In particular, we
characterize three types of mappings standard to the considered NLP tasks:

» External mappings represent the reasoning a human interpreter applies between
two terms and/or parts of the text belonging to different texts in an NLP task
(e.g., the question and the paragraph in a QA task).

* Internal mappings represent the reasoning a human interpreter applies between
two different terms and/or parts of text in the same text in an NLP task (e.g., the
paragraph in a QA task).

* Resolution mappings are internal mappings representing anaphora or coreference
resolution reasoning between two terms and/or parts of text in the same text in an
NLP task.

We define the structure of rationale mappings by combining the literature about data
structuring in XAl and the argument structure described by the Pragma-Dialects theory
[286]. In our definition, we constrained the number of propositions and extended it
with their relationship, finally merging them into a single representation. Hence, we
define rationale mappings as triples

( text, text, label )

where text is a word or a set of consecutive words from any text involved in the hu-
man reasoning applied to the language-based task and label is a term that defines the
relationship between the fexts. The latter is defined based on the type of mapping. In
external mappings, they are specific to the NLP task to which the mappings are applied,
i.e., when the task involves a discrete output (i.e., a finite and well-defined set of outputs
is possible) or specific terms that describe the applied approach, these are employed as
labels as they represent both human- and model-understandable concepts. Otherwise,
more generic linguistic labels are considered, i.e., semantic or syntactic, respectfully
representing the semantic or syntactic similarity between texts. Whenever a semantic
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label is applied, mappings can be extended to include a textual description of the ra-
tionale a human interpreter applies, enhancing the level of detail. Such generic labels
are also applied to internal mappings as they define a syntactic or semantic relationship
between the texts involved.

When designing rationale mappings, some elements were repeated when some con-
ditions were verified, finally leading to a simplified notation. Indeed, External map-
pings can be simplified in specific cases, hence defining these mappings as couples

( text, label )

where fext is a word or a set of consecutive words from any text involved in the human
reasoning applied to the language-based task and label is a term that specifies the fext.
In particular, we consider simplifications only when the nature of the task and the labels
allow for them. The fact that the two texts in a mapping coincide is not considered a
simplification, even though it might be helpful for what concerns data storage. Inter-
nal mappings are not subject to any simplifications as there is no meaningful overlap
between texts and label. However, they may be subject to slight changes to improve
their expressiveness when applied to specific tasks. Resolution mappings can not be
simplified as it is necessary to specify the type of resolution used and the parts of text
involved. Further clarifications will be made for each considered NLP task in their
dedicated sections.

5.3.3 Rationale Trees

Rationale Trees are defined as tree structures built from Rationale Mappings fol-
lowing a set of rules ensuring that the deeper the node in the tree, the more
detailed the rationale they describe.

While defining rationale mappings is useful to understand the human reasoning
applied to a task, these can be further hierarchically structured to describe the complete
rationale involved in a specific task instance. Hence, rationale mappings are organized
in a tree structure in which each mapping is a tree node whose meaning and constraints
depend on its type. We refer to these structures as rationale trees.

In these structures, the root node represents the (generic) relationship between the
input(s) and the output, i.e., a standard input-output representation of the task. Each
other node (i.e., internal nodes and leaves) further details the mapping between the
texts in its parent node. In particular, considering a parent node p and its child node ¢
defined as

p ( p_text_I, p_text_II, p_label )
c ( c_text_I,c_text_II, c_label )

and assuming that their corresponding fexts (i.e., p_text_I and c_text_I, and p_text_II
and c_text_II) are extracted from the same text, either one of the following constraints
is enforced.

* Paired Text Detailing. c_trext I C p_text_I, i.e., c_text_I is a word or a set of
consecutive words that are a subset of p_text_I, and c_text_II C p_text_II, i.e.,
c_text_II is a word or a set of consecutive words that are a subset of p_text_II.
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* Individual Text Detailing. c_text I C p_text_I, i.e., c_text_I is a word or a set
of consecutive words that are a subset of p_text_I, and c_text_II C p_text_I, i.e.,
c_text_II is a word or a set of consecutive words that are a subset of p_text_I. The
same can be applied considering p_text_II.

Such conditions define a structure in which the deeper the node, the more specific the
rationale it describes. Furthermore, while external and internal mappings can either be
internal nodes or leaves that detail the parent node’s rationale, resolution mappings can
only be leaf nodes and define rationale to be applied to their parent and sibling nodes
whenever meaningful. Child nodes are considered to be in a coordinative relationship
towards their parent node, simultaneously contributing to specifying the parent’s node
mapping. Moreover, while external mappings can have both internal and external map-
pings as child nodes, internal mappings can only have other internal mappings as child
nodes since they are mainly employed to detail the rationale applied in external map-
pings and not vice-versa. Additionally, resolution mappings can be child nodes for both
internal and external mappings. A generic example of a rationale tree is depicted in
Figure 5.2.

Root
Internal External External Resolution
Mapping | Mapping | Mapping Il Mapping |
Internal External External
Mapping Il Mapping IlI Mapping IV

Figure 5.2: A generic rationale tree structuring the rationale mappings following the described rules.

The only condition enforced between sibling nodes is that their text_I and text_II
should not completely overlap simultaneously, i.e., considering any pair of sibling
nodes s/ and s2 defined as

sl ( sl_text_I, sl_text_II, s1_label )
52 ( s2_text_I, s2_text_II, s2_label )

and assuming that their corresponding texts (e.g., sI_text_I and s2_text I, and s1_text_II
and s2_text_II) are extracted from the same text, the following constraints are enforced.

* Non-Overlapping Text IL. If s/_text I = s2_text I = sl_text_II # s2_text_II.
* Non-Overlapping Text L. If s/_text_Il = s2_text_Il = sl_text_I # s2_text_l.

Such conditions define a structure where the same mapping can not be duplicated, al-
though they still allow a fine granularity in the differences between the mappings asso-
ciated with a parent node.
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Task Labels Simplification
Sentiment Analysis Positive, Negative Yes
Text Summarization Extractive, Abstractive Yes
Natural Language Inference | Neutral, Contradiction, Entailment No
Claim Verification Support, Refute No
Question Answering Syntactic, Semantic No

Table 5.2: A tabular representation summarizing some of the features of each NLP task of interest.

The following sections describe the formalizations, detailing a set of features of in-
terest. In particular, the simplest ones are summarized in Table 5.1, while the most
complex ones are outlined in Table 5.2 and further detailed in the corresponding sec-
tions.

* Labels, i.e., the concepts applied as labels when defining the mappings. These are
mainly employed in external mappings, although internal mappings may some-
times benefit from such labels too.

* Mappings Interpretation, i.e., a task-specific description for internal and exter-
nal mappings, if needed. Whenever no specific interpretation is provided, we
consider them aligned with their general description.

 Simplifications, i.e., whether any simplification can be applied to the mappings,
their description and structure.

* Mapping Guidelines, i.e., the process a human interpreter applies to define map-
pings and a rationale tree for a task of interest. We consider human interpreters
to be performing the task themselves, although we do not include details of such
a process in the guidelines. The same approach can be applied even when the
interpreter is provided with all the texts involved in the task.

* Example, i.e., an example of a rationale tree collected by applying the process to
a task entry from a specified NLP dataset. Each mapping type is identified by its
starting letters (e.g., EM stands for external mapping).

5.3.4 Sentiment Analysis

Sentiment Analysis is an NLP task in which a human interpreter defines the output
by assigning a sentiment (either positive, negative, or sometimes neutral) to an input
sentence or text. For such a task, generic internal mappings are defined as

(input_text, input_text, label )
where input_text is a word or a set of consecutive words from the input text and label

is the sentiment between the texts (i.e., positive or negative, in our case). On the other
hand, external mappings are defined as

( input_text, output_text, label )

where input_text is a word or a set of consecutive words from the input text, and out-
put_text and label represent the sentiment associated with the input_text. Acknowl-
edged the overlapping between output_text and label, external mappings are applied a
simplification. Hence, they are defined as
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(input_text, label )
where input_text is a word or a set of consecutive words from the input text and label
is the sentiment associated with input_text.

A human interpreter providing rationale mappings for a Sentiment Analysis task per-
forms the following assignments.

» They define external mappings between the input and the output texts.

* For each of the previously defined external mapping, they recursively define in-
ternal and external mappings detailing the texts involved until a desired level of
detail is achieved. The same process is applied to the newly found mappings.

* For each of the previously defined internal and external mappings, they define
whether any resolution mapping was applied. These are defined as child nodes or
sibling nodes based on where they are used.

We picked a data point from the Large Movie Review Dataset [264] and built its ratio-
nale tree as an example, represented in Figure 5.3.

Sentence Mappings
—A brilliant film by the great John Waters. The characters are EM1) < “A brilliant film", Positive >
EM2) < “The characters are unforgettable”, Positive >
EM3) < “the overall greatness of this film”, Positive >
EM4) < “overall greatness”, Positive >

unforgettable. The acting, script, and camera-work only enhance

the overall greatness of this film. Perversion as an art-form.

A must see for all.|Easily a perfect 10! EM5) < “A must see for all”, Positive >
EMS) < “Easily a perfect 10", Positive >
Sentiment IM1) < “overall”, “greatness”, Positive >

IM2) < “Easily”, “perfect 10", Positive >
IM3) < “perfect”, “10!", Positive >

Positive =—

Root

e

[
|EM5| |EM6|

|EM1 | |EM2| |EM3|
EM4 IM2
M1 IM3

Figure 5.3: A rationale tree structuring the mappings of a chosen data point from the Large Movie
Review Dataset. Internal mappings were omitted for clarity purposes.

5.3.5 Text Summarization

Text Summarization is an NLP task in which a human interpreter is provided with
an input text, and they give a summarized output text. Two different approaches can
be applied and combined. An extractive approach reports parts of the input text into
the output text, maintaining the same syntax. An abstractive approach formulates the
output text to have the same semantics as parts of the input text while using a different
syntax. For such a task, generic external mappings are detailed as

(input_text, output_text, label )
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where input_text is a word or a set of consecutive words from the input text, output_text
is a word or a set of consecutive words from the output text, and label is the summa-
rization approach (i.e., abstractive or extractive) applied to input_text to generate out-
put_text.

Whenever an extractive approach is applied, external mappings can be simplified as
such an approach involves reporting the exact text from the input in the output text.
Hence, they are defined as couples.

( input_text, “extractive” )

where input_text is a word or a set of consecutive words from the input text.
A human interpreter providing rationale mappings for a Text Summarization task per-
forms the following assignments.

» They define external mappings between the input and the output texts.

* For each of the previously defined external mapping that is assigned the “extrac-
tive” label, they recursively define internal mappings detailing the texts involved
until a desired level of detail is achieved. Instead, for each of the previously de-
scribed external mapping that is assigned the “abstractive” label, they recursively
define internal and external mappings detailing the texts involved until a desired
level of detail is achieved. The same approach is applied to the newly found map-

pings.

* For each of the previously defined internal and external mappings, they define
whether any resolution mapping was applied. These are defined as child nodes or
sibling nodes based on where they are used.

We picked a data point from the CNN/Daily Mail Dataset [298] and built its rationale
tree as an example, represented in Figure 5.4.

Input Text
“LONDON, England -- Chelsea are waiting on the fitness of John Terry 4
ahead of Wednesday’s Champions League match with Valencia, but
Frank Lampard has been ruled out. (...) Center-back Terry suffered a
— broken cheeckbone during Saturday’s 0-0 draw with Fullham, (...).
Terry trained at Valencia’s Mestalla stadium with a face mask on after

surgery on Sunday. (...)

Output Text

“Chelsea are still waiting on the fitness of England captain John Terry.—

Terry trained in a face mask ahead of the Champions League tie in

Valencia. The central defender underwent surgery on a broken cheeck-

——bone on Sunday.”

Mappings

EM1) < “Chelsea are waiting on the finess of John Terry”, “Chelsea are
still waiting on the finess of England Captain John Terry”, Abstractive >

EM2) < “Terry suffered a broken cheeckbone”, “The central defender
underwent surgery on a broken cheeckbone on Sunday”, Abstractive >

EM3) < “Terry trained at Valencia’s Mestalla stadium with a face mask on”,
“Terry trained in a face mask ahead of the Champions League tie in
Valencia”, Abstractive >

EMA4) < “surgery on Sunday”, “underwent surgery on a broken cheeckbone
on Sunday”, Abstractive >

EMS5) < “surgery”, Extractive >

EMS6) < “on Sunday”, Extractive >

RM?1) < “John Terry”, “The central defender”, Coreference >

Figure 5.4: A rationale tree structuring the mappings of a chosen data point from the CNN/Daily Mail
Dataset Dataset. Only one external mapping was refined for clarity purposes. Similarly, part of the
input text that was not deemed useful was omitted.
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5.3.6 Natural Language Inference

Natural Language Inference is an NLP task in which a human interpreter is provided
with two texts, an hypothesis and a premise, and they define whether they are in an
entailment, contradiction, or neutral relationship. For such a task, generic external
mappings are defined as

( premise_text, hypothesis_text, label )

where premise_text is a word or a set of consecutive words from the premise, hypoth-
esis_text i1s a word or a set of consecutive words from the hypothesis, and label is the
relationship (i.e., entailment, contradiction, or neutral) between premise_text and hy-
pothesis_text.

A human interpreter providing rationale mappings for a Natural Language Inference
task performs the following assignments.

* They identify external mappings between the premise and the hypothesis texts.

* For each of the previously defined external mappings, they recursively define in-
ternal and external mappings detailing the texts involved until a desired level of
detail is achieved. The same approach is applied to the newly found mappings.

* For each of the previously defined internal and external mappings, they define
whether any resolution mapping was applied. These are defined as child nodes or
sibling nodes based on where they are used.

We picked a data point from the e-SNLI Dataset [61] and built its rationale tree as an
example, represented in Figure 5.5.

Premise Mappings

A few people in a restaurant setting, one of them is drinking ~ EM1) < “A few people, “The diners’, Entailment >
EM2) < “people”, “diners”, Entailment >

orange juice. 8 )
EM3) < “a restaurant setting”, “at a restaurant”, Entailment >
EM4) < “restaurant”, “restaurant”, Entailment >
Hypothesis IM1) < “a restaurant setting”, “drinking orange juice”, Entailment >
The diners are at a restaurant. IM2) < “restaurant”, “drinking”, Entailment>
Output
Entailment
[em| [em3| [ |
[em2]| [ema| [m2]

Figure 5.5: A rationale tree organizing the mappings of a chosen data point from the e-SNLI Dataset.

5.3.7 Claim Verification

Claim Verification is an NLP task in which a human interpreter is provided with two
texts, i.e., a claim and an evidence, and they define whether the evidence supports or
refutes the claim. For such a task, generic external mappings are defined as

( claim_text, evidence_text, label )
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where claim_text is a word or a set of consecutive words from the claim, evidence_text
is a word or a set of consecutive words from the evidence, and label is the relationship
(i.e., support or refute) between claim_text and evidence_text.

A human interpreter providing rationale mappings for a Claim Verification task per-
forms the following assignments.

* They identify external mappings between the claim and the evidence.

* For each of the previously defined external mappings, they recursively define in-
ternal and external mappings detailing the texts involved until a desired level of
detail is achieved. The same approach is applied to the newly found mappings.

* For each of the previously defined internal and external mappings, they define
whether any resolution mapping was applied. These are defined as child nodes or
sibling nodes based on where they are used.

We picked a data point from the FEVER Dataset [444] and built its rationale tree as an
example, represented in Figure 5.6.

Claim Mappings

Mother Teresa was made a saint by the church. EM1) < “Mother Teresa”, “she”, Support >

RM1) < “Mother Teresa Bojaxhiu”, “she”, Coreference >

EM2) < “was made a saint by the church”, “was canonised
as Saint Teresa of Calcutta”, Support >

EM3) < “was made a saint”, “was canonised”, Support >

EM4) < “by the church”, “was canonised”, Support >

EMS5) < “a saint”, “Saint Teresa of Calcutta”, Support >

Evidence

Mother Teresa Bojaxhiu (...) was an Albanian-Indian Catholic
nun and the founder|of the Missionaries of Charity. (...) On

4 September 2016, she was canonised as Saint Teresa of

Calcutta.
Output [ | |
Support | Nl | | 2 | | R |
| |
[em3| [ema] [Ewms]

Figure 5.6: A rationale tree structuring the mappings of a chosen data point from the FEVER Dataset.
The evidence defined in the dataset and collected from Wikipedia was represented, removing the text
that was not deemed useful for clarity purposes.

5.3.8 Question Answering

Question Answering is an NLP task in which a human interpreter is provided with a
question and a paragraph, and they give an answer to the guestion through the para-
graph. For such a task, generic mappings are defined as

( text, text, label )

where fext is a word or a set of consecutive words from the same (in internal mappings)
or different (in external mappings) texts, i.e., the question, the paragraph, or the an-
swer, and label describes whether there is a semantic or syntactic relationship between
the rexts. Similarly to internal mappings, whenever a semantic label is applied, the
mapping is further detailed by collecting comments detailing the relationship between
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the texts.

Rationale trees increase complexity in Question Answering tasks as the process is more
convoluted than the other considered NLP tasks. First of all, a new type of mapping
has to be defined. Abstractive mappings define which word or set of consecutive words
of the question contributed to defining its class among the following question types.

* Yes/No Question, i.e., questions looking for confirmation in the paragraph.

* Wh-Question, i.e., questions looking for the answer based on the type of wh-
question (e.g., Who, What, etc.).

* Choice Question, i.e., questions looking for the answer among the ones proposed
in the question based on the paragraph.

* Disjunctive Questions, i.e., questions looking for confirmation in the paragraph.

Such mappings are introduced to be aligned with the question-answering process in
which a human interpreter identifies which information they should look for to answer
the question before reading the paragraph [59, 209, 360]. Abstractive mappings are
defined as couples

( question_text, question_class )

where question_text is a word or a set of consecutive words from the question and the
question_class describes the question class chosen from a list of values defined from
the question types described, i.e., yes/no question, disjunctive question, choice ques-
tion, and wh-question. The latter is further detailed based on the type of wh-question,
defining a specialization (described in Table 5.3). Moreover, each rationale tree can
only have one abstractive mapping and must be a child node of the root node.

Specialization Wh-Question Keywords
Person Who, Whose, Whom
Information What, How
Location Where
Time When

Reason Why, What for, How come, Why do not
Quantity How many, How much, How far, How long, etc.
Choice Which, Whom

Table 5.3: A table summarizing the specializations for the class of wh-questions. For each
specialization, a list of keywords identifying the wh-question is provided.

A human interpreter providing rationale mappings for a Question Answering task
performs the following assignments.

* They define an abstractive mapping associated with the question.

* They define external mappings between the question and the paragraph. The same
is done for internal and resolution mappings in these texts. These are recursively
refined until the desired level of detail is achieved.

* They define external mappings between the paragraph and the answer. The same
is done for internal and resolution mappings in these texts. These are recursively
refined until the desired level of detail is achieved.
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* They detail the previously defined abstractive mapping by defining external map-
pings between the question and the answer. These are recursively refined until the
desired level of detail is achieved.

We picked a data point from the SQuAD 2.0 Dataset [345] and built its rationale tree
as an example, represented in Figure 5.7.

estion Mappings
Qu T ! Wh-question - Time Pp! "g . . .
— When did Beyonce start becoming popular? AM) < “When’, Wh-question - Time >
‘ EM1) < “Beyonce”, “Beyonce Giselle Knowles-Carter”, Semantic >

‘ T EM2) < “Beyonce”, “Beyonce”, Syntactic >

)
Paragraph EMB3) < “start becoming popular”, “rose to fame”, Semantic >
Beyonce Giselle Knowles-Carter (...)|(born September 4, 1981) is an EM4) < “When”, “in the late 1990s”, Semantic >
American singer, songwriter, [record producer and actress. Bornand | RM1) < “Beyonce Giselle Knowles-Carter”, “she”, Coreference >

EMS5) < “in the late 1990s”", “In the late 1990s”, Syntactic >

EMS6) < “When”, “in the late 1990s”, Semantic >

raised in Huston, Texas, she performed|in various singing and
dancing competitions as a child, and rose to fame in the late 1990s

as lead singer of R&B girl-group Destiny’s Child (...)
g girl-group y ‘

[ [ [ [ [ |
[am | [ewm]| [em3]| [ema] [rwi]| [Ews]

Answer
—In the late 1990s

Figure 5.7: A rationale tree structuring the mappings of a chosen data point from the SQuAD 2.0
Dataset.

5.4 Rationale Trees Data Collection Approach

An approach for collecting Rationale Trees is described, involving a three-step
process including sentence-level, sub-sentence-level, and word-level steps to
generate the triples. These are further combined into Individual Rationale Trees
which in turn are merged into Complete Rationale Trees.

This section introduces an approach to collecting human rationale to build rationale
trees. These are collected for the three NLP tasks of interest, i.e., Sentiment Analysis,
Text Summarization, and Question Answering, based on the tasks’ characteristics and
intended human meaning. The data collection step involves human actors in creating
Rationale Mappings. These will then be organized into individual rationale trees, i.e.,
data structures built by a single participant. Ultimately, the collected trees are merged
into complete rationale trees, i.e., data structures built by combining multiple indi-
vidual rationale trees. Multiple rationale mappings and individual rationale trees are
collected for each data point. On the other hand, only one complete rationale tree is
provided for each. Figure 5.8 illustrates such a process.

Assumptions. While the considered formalization includes three types of mappings,
our methodology focuses on detailing external mappings and resolution mappings, ex-
cluding internal mappings from the actual collection. This choice was made since
careful inspection of well-known datasets revealed that such a level of detail is typi-
cally not covered by explanations. While such mappings might contribute to capturing
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Data Preparation

A (

WV

[ Data Selection

Data Pre-processing J

Rationale Mapping Collection
Question Type _ __| Sentence-level Sub-sentence- Word-level Step Co-reference
i ldentification ; Step level Step Resolution

Complete Rationale Tree Creation
Extract RM from 5 Compute RM 3 .
[ IRT using DFS Frequency Build CRT J

Figure 5.8: A schematic representation of the process to generate Rationale Trees.

J N

Question Answering Iterations

human rationale at its fullest, internal mappings would introduce further complexity
and a higher risk of human errors. Furthermore, we provide users with all the task
elements required to create rationale mappings without having them perform the NLP
task first.

Data Preparation. Before collecting rationale mappings, it is necessary to choose
a set of data points for each task, i.e., the texts associated with an NLP task. Such data
must be complete enough to describe a task instance, i.e., including input(s) and output,
or these must be derivable from the data. Furthermore, the task generated from the data
point must have an output (e.g., questions not allowing an answer in the provided para-
graph must be discarded as no mappings could be extracted). Question Answering data
instances must satisfy an additional constraint, i.e., multiple questions cannot be asked
in the same text, as its formalization only allows for a single abstractive mapping for
each rationale tree. Instances including multiple questions can be dropped or properly
split into multiple valid instances, leading to multiple data points with one question
each. Finally, additional pre-processing and text-cleaning operations may be needed
based on the specific characteristics of the chosen dataset.

Rationale Mappings Collection. Before defining rationale mappings for a given
data instance, participants are provided with a theoretical description of the applied
formalization, followed by guided exercises to strengthen their understanding of the
activity. Each guided exercise is partially pre-compiled to show how the task should be
performed and includes a sample solution users can use to assess the validity of their
mappings. After correctly completing these exercises, participants proceed with the
actual data collection activity. An example of the rationale mapping collection process
is displayed in Figure 5.9. The annotation process involves a sequence of four ratio-
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Sentence-level Step (i)

Text

| saw this film from 1918 recently at our local Helsinkian film archive. EM1

| found the film fascinating and the trip to Mars well thought out.
Label
Positive

Sub-sentence-level Step (ii)

Text

EM2
| saw this film from 1918 recently at our local Helsinkian film archive. EM1
| found the film fascinating and the trip to Mars well thought out. EM3
Label

Word-level Step (iii)

Text
EM2
| saw this film from 1918 recently at our local Helsinkian film archive. EM1
| found the film fas g and the trip to Mars_ EM3 '

Label
—

Co-reference Resolution Step (iv)

Text RM1
| saw|this film from 1918 recently at our local Helsinkian film archive. M2 — Ema
| found {the film fascinating and the trip to Mars well thought out. EM1 {

EM3 |— EMS

Label
Positive

Figure 5.9: Rationale Mapping Collection Process for Sentiment Analysis.

nale mapping creation steps: a sentence-level step (i), a sub-sentence-level step (ii), a
word-level step (iii), and a final coreference resolution step (iv). While the latter al-
lows for collecting resolution mappings, the others guide the user in providing external
mappings with different levels of detail. Such a process is the same for all tasks be-
sides Question Answering. In particular, an additional initial step to define the abstract
mapping and three iterations of the first steps (i-iii), one for each couple of input(s)
and output (i.e., question-paragraph, paragraph-answer, and question-answer) is per-
formed. During these steps, participants are asked to select the texts to be included in
the mappings. In particular, when performing the sentence-level creation step (i), the
texts defined in the mapping are complete sentences from the content involved. The
texts extracted in the sub-sentence-level creation step (ii) are slices from the content
chosen in the previous step (i). In the word-level creation step (iii), the texts involved
in the mappings are single words taken from the sub-sentences defined in the sentence-
level step (i). Potential duplicates may arise across steps (ii) and (iii) as words can be
seen as instances of simple sub-sentences. If so, only a single instance of a mapping
is kept. Concerning the coreference resolution step (iv), participants are asked to pick
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Algorithm 1 Rationale Tree Creation Algorithm

1: procedure ADDNODE(nodeT 0Add, currentNode, siblings, parentN ode)
2: if isAncestor(current Node, nodeT0oAdd) then

3: if current Node.children is empty then
4 currentN ode.children.push(nodeT 0Add)
5: else
6: return ADDNODE(nodeT oAdd,currentN ode. firstChild,
currentN ode.children.pop(),current N ode)
7 end if
8 else
9: if siblings is empty then
10: parentNode.children.push(nodeT 0 Add)
11: else
12: return ADDNODE(nodeT 0Add,siblings.nextSibling,
siblings.pop(),parent N ode)
13: end if
14: end if

15: end procedure

texts referring to the same entity, at least one of which must be included in one of the
texts chosen in the first steps (i-iii). Some data points may result in a simplified activity
as some steps may become trivial, e.g., a data point with only one sentence in Senti-
ment Analysis makes the sentence-level creation step (i) very simple. Considering the
content provided to the user has to be correct, such a step can be potentially skipped.
Furthermore, one label associated with the task will be chosen for each user-defined
mapping. These can be automatically inferred through task-specific strategies. For ex-
ample, in Sentiment Analysis, the labels in External Mappings are directly associated
with the sentence’s sentiment since such a use-case is associated with the simplification
defined for the task. Finally, rationale mappings are obtained by combining the texts
provided by human actors and the automatically inferred labels. A potential step to
collect free-text human rationale can be included to extend the content of the collected
mappings.

The mappings provided by the same crowd-worker for each data point can be or-
ganized into individual rationale trees by applying Algorithm 1, which leverages the
definition of a parent-child relationship in a rationale tree and relies on the assumption
that the node to be inserted is a child of an existing node. In this regard, it is always
possible to guarantee that a node is added before its children by sorting them according
to the word indices associated with each text in a mapping, i.e., by assessing that one of
the child node’s texts is contained in its corresponding parent’s node text. Furthermore,
the root node always exists, as previously described.

Complete Rationale Tree Creation. Complete rationale trees are obtained by
merging all the individual rationale trees produced for each data point. In this process,
rationale mappings are extracted by applying tree search algorithms to each individual
rationale tree. Complete rationale trees are created using the same algorithm applied
to obtain individual rationale trees while considering all rationale mappings together.
As these may appear multiple times, complete rationale trees include a frequency score
for each node. Such a score describes the ratio between the number of Individual Ratio-
nale Trees containing the node and the total number of individual rationale trees used
to build the complete rationale tree. Such a score allows tuning the level of detail of
the tree to cut branches or intermediate nodes based on a chosen threshold.
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5.5 Preliminary Method Validation

The proposed data collection approach underwent preliminary experiments to
assess and improve its effectiveness before its implementation.

Before implementing the application, a preliminary study was conducted to validate
the proposed methodology. In particular, it focused on assessing whether the initial
design of the approach was understandable and whether it would produce the expected
outcome. This section describes the preliminary experiment setup and briefly discusses
the results.

Experiment Setup. For each of the three tasks of interest, ten instances were ran-
domly sampled from well-known datasets (i.e., Large Movie Review dataset [264]
for Sentiment Analysis, CNN/Daily Mail dataset [298] for Text Summarisation, and
SQuAD 2.0 dataset [345] for Question Answering). Such instances were translated
into Italian to ease the task for the participants. A tutorial', three guided exercises and
their solutions, and two sets of four instances each to annotate were prepared for each
task. The experiment involved 30 participants (13 females and 17 males) proficient in
Italian with different backgrounds and ages (average age of 25.5 years and a standard
deviation of 7.60). Participants were uniformly distributed to each task and set of tests,
i.e., five participants for each set for each task. The experiment was conducted on pa-
per using coloured markers or a shared Google document at the participant’s discretion.
Participants read the tutorial and solved the guided exercises, checking the solutions if
needed. Then, they performed the provided activities. Although they could not ask the
researcher supervising their activity any questions to prevent potential bias, they could
consult the tutorial whenever required.

Discussion. This experiment aimed to assess the process’s understandability and
the results’ quality while gathering insights on the constraints and logic to embed in
the final application. Participants had much more freedom regarding annotations in this
setting than in a digital one. Consequently, it is essential to discern between errors that
could be prevented by the application’s logic and those that could not when assessing
the results and the collected feedback.

All participants correctly completed the activity, and the collected results were man-
ually inspected to assess their quality. Participants deemed the tutorial and the guided
exercises effective in explaining the proposed methodology. The results of this ex-
periment support such a statement as all participants provided complete and coherent
results. Indeed, the mappings provided by the participants showed high agreement, es-
pecially at sentence (i) and word level (iii). At sub-sentence level (ii), mappings were
centred around the same pieces of information, although slight differences in the words
included in the mapping were identified. Such detail was particularly emphasized in
Text Summarization, as one may expect given the vast amount of text compared to the
other tasks.

On the other hand, a series of undesired behaviours were observed. For instance,

The tutorial for the QA task can be found in the Additional Material section 7.1. Tutorials can be found at the following link
https://tinyurl.com/2s3s9w4v, last accessed September 30, 2024
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Home Tutorials ~

step2 (@ <

For each of the sentences selected in Step 1, highlight the portions of text that contributed the most to the assignment of the given label to the
given text (if any).

Label
Negative
Sentence

It's boring, forced and pointless, and | must respectfully disagree with the other poster on this film; the 1994 LITTLE RASCALS remake was
better than this.

Highlighted portions

o | must respectfully disagree with the other poster on this film
o the 1994 LITTLE RASCALS remake was better than this
o It's boring, forced and pointless
172 >

Step3 (@ )

Figure 5.10: A screenshot illustrating the sub-sentence step for Sentiment Analysis.

some participants generated duplicated mappings, highlighted complete sentences when
performing the sub-sentence-level (ii) or word-level (iii) step, or created mappings in-
volving non-continuous portions of text. The first can be solved by ignoring multiple
instances of the exact mapping. Preventing full-sentence selection would fix the second.
The latter can be resolved by only allowing users to highlight continuous text portions.
While these issues were observed across all tasks, other task-specific behaviours were
identified. In particular, improper behaviour identified in Question Answering revealed
that a few participants did not understand the difference between the required iterations.
All these behaviours were considered when designing the final version of the web-based
application so that the Ul could precisely inform the user of the steps involved in a task
while preventing undesired behaviours.

5.6 Implementation

A web-based application was designed and implemented to collect Rationale
Mappings.

Data Structure. The final dataset to be collected describes rationale trees for a
chosen set of data points from well-known datasets (as previously listed). Rationale
mappings are stored as tuples, including the text(s) extracted from the original text, the
indexes representing the position of the mapping’s first and last word in the original
text, the label, the mapping type, and a potential free-text rationale. Some mappings
(e.g., abstractive mapping) require additional data (e.g., the question and its specializa-
tion). In rationale trees, each node additionally stores a reference to their child nodes,
if any. The root node keeps the task’s input(s) and output. In complete rationale trees,
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each Rationale Mapping is associated with its frequency score.

Requirements and Design. The main requirement of the application is to enable
users to provide the rationale they apply to a set of NLP tasks of interest organized as
rationale mappings. This involves displaying the users a data point and allowing them
to perform the steps prescribed for a given task. A login system is implemented to keep
track of their activity and avoid showing users the same data instance twice. Instances
are appointed to users to evenly spread the number of annotations on all the data points.
The homepage allows users to select any of the three tasks. When a task is chosen for
the first time, a tutorial and three guided examples are provided to teach the user about
rationale mappings and the process implemented in the application. After completing
these exercises, they are prompted to go through the actual data collection process.
They are displayed the instance to annotate and the panels that allow them to perform
the required annotation steps (i-iv). Each panel displays the text(s) and the components
the annotator works on. In particular, the sentence-level step (i) is implemented to allow
the user to pick the sentences from a list, while the sub-sentence (ii) and the word-level
(iii) steps require users to select and highlight portions of the shown text (as shown in
Figure 5.10). Whenever a mapping is created, it is added to a list visible to the user,
allowing them to delete any undesired mapping. Finally, coreferences (iv) are identified
by highlighting portions of the texts. Annotators can choose colours to highlight terms
referring to the same entity. For each coreference group, i.e., terms referring to the
same entity, they select the entity such terms refer to. Users can consult the tutorial at
any moment.

The interface is structured to guide users by unlocking a step only after completing
the previous one. In Question Answering, the three iterations are performed separately,
only showing the texts involved in each specific iteration and thus emphasizing their
separation. In Question Answering, users pick the question type from a predefined
list and highlight the portion of text used to define it. Finally, users are shown an ex-
planatory warning when they make a known mistake (e.g., when creating a duplicated
mapping). Warnings allow users to improve their understanding of the methodology
while preventing incomplete or redundant data submission.

System Architecture. The application is implemented as a client-server web appli-
cation. The back-end is implemented in Node.js and connects to a MongoDB database
with a collection for each task of interest. The front end is implemented using HTML
and Javascript. The application’s back-end implements the connection with the database
and the endpoints serving instances to users and receiving (and validating) the submit-
ted annotations. The database stores the data points the users annotate. The database
consists of three collections, one per task, storing the data points the users annotate.
Each data point is characterized by its input and output texts, according to its specific
task, and by an array field where all Individual Rationale Trees are stored. The im-
plemented application was deployed on a server with a Linux operative system, using
Nginx as a web server to conduct the main experiment.
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5.7 Experiment

The developed application was shared to perform the data collection and build
Rationale Trees. Participants compiled questionnaires to assess its effectiveness.

Experiment Setup. The application was shared with 151 participants (130 males
and 21 females) with an average age of 23.8 and a standard deviation of 1.36. The ex-
periment considered 20 data points sampled randomly from the same datasets used in
the Preliminary Validation. The input text(s) length in Sentiment Analysis and Question
Answering is lower than 1000 characters, while in Text Summarization, it is lower than
2500. The experiment allowed the collection of 1°495 individual rationale trees (569
for Sentiment Analysis, 473 for Text Summarization, and 453 for Question Answer-
ing). These are organized into complete rationale trees using a Python script, finally
leading to 20 complete rationale trees per task, one for each data point. The application
additionally records the time a user takes to complete a mapping creation task. The
average time to annotate an instance is 5 minutes for Sentiment Analysis, 14 minutes
for Text Summarization, and almost 7 minutes for Question Answering. The length of
the input texts probably causes the longer time taken for Text Summarization.

Participants were additionally asked to fill out a form to review their experience after
using the application. The form gathered basic information about the user and general
feedback about the application. Moreover, users were asked questions based on the
System Usability Scale (SUS) [49] to evaluate usability, as well as questions inspired
by the NASA-TLX method [171]. These have been slightly adjusted to improve clarity
while maintaining their meaning.

Discussion. Inspecting the questionnaires and the participant feedback contributed
towards determining potential areas of improvement while underlining the application’s
practical design. The SUS score computed from the submitted questionnaires is 65.7,
demonstrating that the system’s usability is sufficient and falls in the 40th percentile
ranking [51]. The partial contribution of each question to the overall score was com-
puted and analyzed alongside the collected feedback to investigate this result further.
When interpreting each question’s contribution to the SUS score, the closer their score
to 10, the better. The question with the lowest score (i.e., a value of 4.64) questions
whether the users would use the system frequently. This outcome was expected since
most of the efforts of this work have been directed towards making the process un-
derstandable and smooth for users rather than making it entertaining. Moreover, the
questions addressing the system’s complexity and cumbersomeness resulted in a pretty
low effect on the total score (i.e., a value of 6.21 and 5.76, respectively). Further-
more, many users consider Question Answering the most complex and repetitive task
as it involves multiple texts and a more complex rationale mapping creation process.
One may remove the question-answer iteration and derive those mappings from those
provided by the users in previous iterations to ease the annotation process for this task.
This may be possible by considering the texts of the question-paragraph and paragraph-
answer mappings that share the exact paragraph text. Another question providing a low
contribution towards the final score (i.e., a value of 6.14) evaluates the participants’
confidence in using the system. The comments provided by the users unveil that many
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Text

| can't believe this isn't a huge cult hit. [...] Don't make this mistake.
EM4 _Head_ is an amazing film that most open minded people will appreciate.
0.45 It is very funny and very intelligent (and very trippy).
Sentiment
RM2 Positive

[

0.55

Mappings

EM1) < “I can't believe this isn't a huge cult hit.”, “Positive”>

EM2) < “_Head_is an amazing film that most open minded people will
appreciate.”, “Positive”>

EM3) < “Itis very funny and very intelligent (and very trippy).”, “Positive”>

RM3 EM4) < “huge cult hit”, “Positive”>

0.45 - EMS5) < “_Head_is an amazing film”, “Positive”>

EMS5
0.41

®
.

EM6
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— 083 EM9) < “funny”, “Positive”>
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Figure 5.11: A complete rationale tree for Sentiment Analysis. Nodes are coloured according to their
frequency score. The higher the score, the darker the colour. Only rationale mappings with a
frequency score greater than 0.4 were reported.

doubts are related to why three iterations are needed in Question Answering. Other than
removing the last iteration, an improvement in this direction could be adding optional
sections to the tutorial, further detailing the reasons behind users’ annotation steps. On
the other hand, questions assessing whether users think that most people would learn
to use this system very quickly, whether users deemed they needed the support of a
technical person to use the system, and whether they needed to learn many things be-
fore using the system positively impacted the final score (i.e., a value of 6.89, 8.61, and
7.77, respectively), confirming the effectiveness of the tutorial and the process.

An approximated NASA-TLX score of 56.9 was computed. Even though it is con-
sidered a high result [336], it was quite expected as performing the tasks requires read-
ing and understanding a lot of text (e.g., the tutorial, the data points involved in the
activity, etc.). Striving to reduce the workload perceived by users, it would be possible
to provide them with hints on the portions of text that are likely to be involved in map-
pings. Such hints could be displayed to users as light highlights in the text. Despite the
potential reduction in the user’s workload, adopting it requires evaluating the bias such
an approach may introduce since users may follow such advice unthinkingly, resulting
in Complete Rationale Trees lacking complexity. Another way to reduce the workload
may be allowing users to perform and submit only some annotation steps (i-iv) for each
data point, providing their outcome as a starting point for another user’s task iteration.
Similarly, task-specific changes could be applied. For instance, it would be possible
to manually pre-process the data points of the Text Summarization task to reduce their
length and complexity by splitting the content into multiple tasks that would still be
merged into a single outcome. The latter solution may increase the wordiness of the
generated summary, as users would have fewer sentences to combine when applying
an abstractive approach. Despite such a consequence, iteratively performing the task to
achieve a high-quality result could be possible.

Rationale Trees. The collected dataset consists of individual and complete ratio-
nale trees for the tasks of interest. Individual rationale trees are made up of rationale
mappings provided by single users, whilst a complete rationale tree for a particular
instance combines all the rationale mappings provided by all the users. In complete ra-
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tionale trees, one may observe that all the rationale mappings defined in the sentence-
level step (i), i.e., the direct children of the root node, are assigned a higher (or at most
equal) frequency than their child nodes. Such behaviour can be explained by inspect-
ing the proposed method. In particular, sub-sentences can only be extracted from the
sentences chosen at the sentence-level step (1). Hence, no mapping associated with
any of its sub-sentences can exist if a sentence is not selected. On the other hand, one
may pick no sub-sentences from a chosen sentence. It is possible to create complete
rationale trees containing only nodes with a frequency score above a certain threshold,
filtering out some nodes or completely pruning some branches. In this way, one can
adjust the level of detail at which the tree captures the rationale while still considering
the fundamental nodes to describe the reasoning leading from the input text(s) to the
output. For instance, considering the tree depicted in Figure 2, removing the nodes with
a frequency score lower than 0.45 would remove EM5 and EM8, EM7 would become
a child of EM2, and EM9 and EM10 would become children of EM3. The dataset is
publicly available on GitHub?.

5.8 Final Remarks

This chapter describes a novel approach to structuring and collecting human knowl-
edge for Natural Language Processing tasks. We reported on the literature about hu-
man knowledge and data structuring in NLP and XAl, as well as argumentation mining,
which extensively inspired this work. We explained the concept of rationale mapping,
its specializations, and how these can be structured into rationale trees to describe the
reasoning process a human interpreter applies in language-based tasks. Task-specific
mappings, potential simplifications, and extensions were detailed for each one. We
propose and design an approach to collect such structures, validate them through a pre-
liminary experiment, and implement them into a web application. Data is collected by
engaging human interpreters in performing the implemented data flow, finally leading
to a dataset tailored to improve model explainability while being intrinsically human-
understandable. Experiments revealed the approach’s effectiveness in collecting Ra-
tionale Mappings and Trees while proposing exciting improvements. We argue these
representations contribute towards representing human knowledge to be applied to XAI
tasks while also being a suitable way of shaping explanations provided by XAI meth-
ods or self-explaining models (e.g., LLMs). Furthermore, a first round of observations
on the outcome of the data collection process revealed that even though these struc-
tures are effective with all the considered NLP tasks, the task that may benefit the most
from these representations is Question Answering. In particular, one may consider the
level of detail achieved when applying rationale mapping to simple NLP tasks (e.g.,
Sentiment Analysis) unnecessary. On the other hand, complex tasks like Question An-
swering require a high level of detail to define a complete human rationale. Hence, fu-
ture works will investigate such structures’ applicability and potential extension when
applied to complex QA scenarios (e.g., when multiple answers are to be answered or
when complex reasoning is to be used).

Future work will also involve assessing the understandability of rationale trees for
datasets of interest, improving and detailing the labels applied to some of the proposed

Zhttps://github.com/valentinanaldi99/RationaleMappingsDataset.git
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5.8. Final Remarks

mappings, and exploring the applicability of rationale trees to other NLP tasks. Fur-
thermore, the data collection approach can be improved to ease the process and extend
the method to other NLP tasks, like Natural Language Inference (NLI) and Claim Ver-
ification.
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CHAPTER

Explainable Al in Image Classification

This chapter discusses the research performed on explainable Al in the context of com-
puter vision (CV). In particular, an approach generating local and class-wise explana-
tions to unveil the networks’ reasoning process was developed, finally improving the
model’s interpretability. Crowdsourcing and Gamification were fundamental in collect-
ing human knowledge to generate the final explanations. This chapter is mainly built
upon the article

1. Matteo Bianchi, Antonio De Santis, Andrea Tocchetti, and Marco Brambilla. In-
terpretable network visualizations: A human-in-the-loop approach for post-hoc
explainability of cnn-based image classification. In Kate Larson, editor, Proceed-
ings of the Thirty-Third International Joint Conference on Artificial Intelligence,
IJCAI-24, pages 3715-3723. International Joint Conferences on Artificial Intel-
ligence Organization, 8 2024. Main Track. DOI: 10.24963/1ijcai.2024/
411, URL: https://doi.org/10.24963/1ijcai.2024/411

The work was carried out with PhD Matteo Bianchi and PhD Antonio de Santis. The
PhD candidate proposed the initial research questions and the draft of the approach’s
design, further detailed and extended by their colleagues, and contributed to designing
the data collection process and the experiments while supervising the development of
the proposed methodology.
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Chapter 6. Explainable Al in Image Classification

6.1 Interpretable Network Visualizations

A post-hoc explainability technique named Interpretable Network Visualization
(INV) to generate comprehensive, class-wise explanations for image classifica-
tion models using human knowledge is described.

Acknowledged the increasing complexity of computer vision models, XAl researchers
developed techniques that produced explanations for their decision-making process.
Regardless of their effectiveness, several critical limitations are yet to be addressed.
Considering image classification models, most techniques focus on producing expla-
nations as heatmaps by highlighting the pixels that contributed the most to the output.
Such representations grant users insights about what the model is looking at for a spe-
cific data instance. In fact, recent XAl techniques mainly provide local explanations,
i.e., concerning a single data element, hence not providing a completely interpretable
explanation of the model’s decision-making process. Indeed, generalizing local expla-
nations for explaining a model’s internals is very difficult as the highlighted pixels are
relevant only based on their context. Explanations encompassing the entire model’s
decision-making process are necessary to overcome such limitations.

A post-hoc explainability technique called Interpretable Network Visualizations (INV)
using human knowledge to create comprehensive, class-wise explanations for image
classifications is presented. The approach works on Convolutional Neural Networks
(CNNs) without requiring modifications or performance trade-offs. The provided out-
come details the features and patterns identified by the network at each layer, alongside
their importance towards the output. These representations are generated through fea-
ture map clustering and the score computed through Grad-CAM [382]. Then, crowd-
sourcing and Gamification are applied to label the computed local visual explanations
using human knowledge to improve model interpretability [430]. Finally, the pro-
posed method combines visual and textual explanations and aggregates them to gen-
erate class-wise representations with different levels of detail. These are based on the
number of layers considered for each group in the final aggregation. Experiments as-
sessing INVs capabilities are carried out, comparing the proposed method against state-
of-the-art approaches and revealing effectiveness at least comparable if not better under
most XAl-related aspects (e.g., interpretability, understandability, etc.).

6.1.1 Context-specific Related Works & Background

The background describing XAI approaches in Computer Vision is described,
highlighting the most essential approaches towards our implementation.

Explainability for Computer Vision Models. Several approaches were designed
to explain black-box computer vision models. Zeiler et al. [510] examined the inter-
nal workings of CNNs by reconstructing the activations of the intermediate layers and
projecting them back to the input pixel space, finally providing a visual representa-
tion of the information extracted by the network from the input image up to a chosen
layer. In a later study, Simonyan et al. [397] proposed a gradient-based visualization
method to generate saliency maps to generalize the deconvolution approach. These
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6.1. Interpretable Network Visualizations

visualizations use the backpropagation method to compute the transfer function’s gra-
dients concerning the input image. The higher the gradient’s value, the more significant
the impact of a pixel on the final prediction. Similarly, SmoothGrad [403] and Guided
Backpropagation [412] are widely adopted gradient-based techniques that enhance the
quality of the generated visualizations even further. Despite their effectiveness and
ease of implementation, gradient computation might sometimes result in an inaccu-
rate assessment of feature importance mainly due to gradient saturation, which occurs
when their score flattens in an input’s vicinity (i.e., when the gradients get close to
zero). DeepLIFT [393] tackles this problem by computing each feature’s contribution
compared to a baseline input (i.e., a completely black figure). Such an approach was
combined with the gradient-based one, generating the so-called Integrated Gradients
(IG) [428] methodology, overcoming gradient-based methods’ limitations by integrat-
ing a prediction’s gradients over a path from a baseline input to the actual input. Fur-
thermore, such a novel approach addresses the implementation invariance issue caused
by DeepLIFT. Despite overcoming such fundamental problems, 1G enforces a trade-off
between faithfulness and computational intensity, making it rarely worthwhile [269].

In the same context, activation maps were presented as an alternative to extract fea-
ture importance [529]. The proposed approach focuses on Global Average Pooling
(GAP) layers rather than fully connected ones, reducing feature maps into a scalar
value to represent each feature. Class Activation Maps (CAMs) are extracted through
a weighted linear sum of the computed feature maps and then upscaled to the input
image’s size to generate the final heatmap. The latter represents the class-weighted av-
erage of the input image’s sections observed by the CNN before the final prediction,
providing class-specific visualizations by only highlighting regions relevant to each
class. This approach applies to CNNs employing a GAP layer before the final predic-
tion. Whenever a fully connected layer is used, architectural changes are required, such
as substituting and re-training the last layer, potentially hindering model accuracy [257]
and stressing the concept of post-hoc explainability.

Gradient-weighted Class Activation Mapping (Grad-CAM) [382] was later intro-
duced as a generalization of the CAM approach. It applies GAP on the gradients for a
given class concerning the feature maps. It generates the final class-specific map using
a ReLU function while considering features that positively impact the prediction. Grad-
CAM is often combined with other methods (e.g., backpropagation [412]) to overcome
its lack of fine-grained pixel-scale representations whenever needed. Grad-CAM pro-
vides computational efficiency and broad model applicability. Furthermore, it can be
applied to any convolutional layer with lower efficacy, focusing on less semantically
relevant local features. Grad-CAM++ [72] incorporates high-order derivatives when
computing CAMs, consequently improving its outcome. Other variances were also pro-
posed, e.g., Eigen-CAM [295], Smooth Grad-CAM++ [319], and Score-CAM [467],
resulting in a context-specific performance increase.

The discussed XAl methods generate heatmaps highlighting an image’s areas with
the highest influence on the prediction while lacking the motivation for which these
are relevant. Despite the potential faithfulness of the explanations, their interpretation
is deeply subjective. A combination of visual and textual explanations was identified
as a possible solution to such a deficiency. Grad-CAM was combined with manually
labelled images to automatically assign names to neurons at training time, finally gener-
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ating textual descriptions for the heatmaps to improve their comprehensibility [37]. An-
other technique named Testing with Concept Activation Vectors (TCAV) [213] was also
proposed. It determines a specific feature or human concept’s importance towards pre-
dicting a particular class by inputting sample images representing a single feature and
observing the network’s prediction. Similarly, the method allows the detection of biases
in networks. TCAV has also been improved, providing enhanced variations [372].

In conclusion, Grad-CAM (and its variances) and TCAV effectively explained Al
decisions. Nonetheless, it has been shown they might introduce bias in explanations. In
Grad-CAM, humans might misinterpret why a region is essential to the prediction due
to biased assumptions. In TCAYV, bias might be introduced due to the images chosen to
represent a feature [446]. Hence, it is necessary to address and mitigate such potential
biases when developing novel XAl techniques.

6.1.2 Interpretable Network Visualizations

An overview of INVs is provided, highlighting their features and providing a
high-level description of the process to generate them.

While state-of-the-art computer vision XAl methods provide faithful explanations
by highlighting the most critical region of the image towards the network’s prediction,
they do not give a complete understanding of the model’s decision-making process.
Image classification involves multiple feature extraction stages across various layers.
Despite its complexity, providing a user with an overview of such a process potentially
increases model transparency. This work proposes a post-hoc explainability framework
to generate local and class-wise explanations as Interpretable Network Visualizations
(INV), providing human-understandable and accurate visualizations of the features ex-
tracted by the CNN at each layer. These representations contribute to explaining a cor-
rect model’s decision-making process or debugging an incorrect one. INVs are made
of layers consisting of aggregated heatmaps, each highlighting areas of input images
where important features were identified. Figure 6.1 provides a partial example of such
visualizations (further detailed in later sections).

Each layer’s aggregated heatmaps are generated by clustering feature maps based on
similarity (i.e., the area of the figure they deem essential for the prediction), resulting
in a variable number of groups based on the generated explanations. Each aggregated
heatmap is also assigned the relative importance of the feature maps towards the fi-
nal prediction and a set of crowdsourced labels describing the represented concept.
Multiple labels are assigned, accounting for heatmaps highlighting multiple entities
and a score is assigned to them based on their relevance (e.g., their frequency). Such
crowdsourced labels are inherently human-understandable, hence enhancing INVs’ in-
terpretability. INVs might consider all CNN layers or just a subset of interest. In
particular, deeper layers might be better suited for such representations as they learn
more advanced semantic concepts and have wider receptive fields than shallow lay-
ers. Furthermore, potential biases might be identified by deconstructing the feature
extraction process to analyze each part individually. Similarly, potential cross-layer
feature correlations might be investigated, allowing for a more comprehensive under-
standing of their relationship. Crowdsourced labels allow for enhanced interpretability

116



6.1. Interpretable Network Visualizations

Layer 9

Layer 10

Layer 11

Final Layer

w=11%
tree
| yard

W =46%
head

§

i

w=33%
torso
spots

hair

w=9%
water

w = 34%
legs

hair

w=48%
muzzle

mouth

Y

w =24%
eye

w =53%
ear
head

e

&

w =63%
muzzle output

nose

reed

w=27%
hair
legs

Figure 6.1: An INV showing the layer-wise feature extraction process. Each layer includes a variable

number of heatmaps representing the features identified by the network, each associated with labels
describing human concepts defining these features and a weight representing the contribution of
each feature towards the output. Features with meagre weight are omitted from the visualization.

and contribute to aggregating layer-wise explanations across multiple images, provid-
ing a class-wise perspective of the network decision-making process.

6.1.3 Generating INVs

The process to generate INVs is described in detail. Three main steps are in-

volved, i.e., feature map analysis, human knowledge collection, and label analy-
sis.

Given a CNN trained for image classification and an input image, INVs are built
following these steps

* Feature Maps Analysis. Feature maps are extracted and clustered, and their
weights are computed. Clusters are merged to generate representative heatmaps,
referred to as cluster maps.

* Human Knowledge Collection. Labels are collected through crowdsourcing to
enhance cluster maps’ interpretability.

* Label Analysis. The collected labels are processed, filtered, and structured. More-
over, cluster maps with similar labels are also merged.

Feature Map Analysis. In the first step, the CNN is provided with an input im-
age and feature maps and their importance is extracted. These are then clustered and
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Figure 6.2: The process for generating INVs. In the first step, feature maps and their weights are
extracted from the network. These are then clustered to generate representative heatmaps (i.e.,
cluster maps). In the second step, human knowledge is collected to label clusters. In the final step,
such labels are cleaned, and cluster maps with the same ones are merged together.

merged into a single map to generate representative cluster maps for each layer.

Feature Maps and Weights Computation. Feature maps are extracted, and a ReLU
activation function is applied to each convolutional layer to consider only positive ac-
tivations, removing empty feature maps. Then, feature maps are associated with the
corresponding class-specific weights towards the predicted class computed using Grad-
CAM with Guided ReLU, considering positive gradients in positive activations’ re-
gions. These are further normalized to enhance weights’ interpretability, guaranteeing
a total weight per layer of 1.00 and allowing representations involving percentages.
Feature maps with weights less than zero are filtered out. Furthermore, a weight thresh-
old might be applied to exclude low-importance feature maps to improve the clustering
process. This threshold is based on the number of each layer’s feature maps and aims
to reduce the number of feature maps while retaining the vast majority (e.g., 70-90%)
of the total weight in each layer. The number of feature maps per layer is often in the
order of hundreds or more, making it overwhelming for humans to handle. Moreover,
these can be clustered and merged into cluster maps as multiple filters in the same layer
produce similar feature maps.

Preprocessing. Given the intrinsic complexity of clustering, a few pre-processing
steps are performed.

* Feature maps are normalized through min-max normalization, making them com-
parable in region activation.

* A dimensionality reduction approach combining Principal Component Analysis
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(PCA) [276] and t-distributed Stochastic Neighbor Embedding (t-SNE) [455] is
applied since feature maps are highly susceptible to the curse of dimensionality.
The first is applied for data visualization in low-dimensional spaces while pre-
serving its local structure, making it efficient in clustering complex datasets. The
second reduces the number of dimensions before applying t-SNE as it requires a
high computational effort. PCA’s parameters must be chosen based on the model
and the layer of interest as feature maps’ number and size might vary.

Clustering. Agglomerative clustering is then applied for each network layer as hier-
archical clustering approaches were identified as the best-suited compared to density-
based and centroid-based ones, which remove potentially interesting noisy points and
perform well only when specific data distributions are applied, respectively. Further-
more, the chosen approach produces many clustering results for an incremental number
of clusters, making it very flexible. A silhouette score metric (i.e., a measure of cluster
cohesion and separation) is applied to select the optimal number of clusters as it varies
based on the input image and layer and depends on the number of features a convolu-
tion layer extracts. In this case, the average silhouette score is computed since visual
inspection is unfeasible. Furthermore, many clusters are complex to manage from the
human understandability and crowdsourcing perspectives. Hence, a reasonable range
of clusters (e.g., from three to eight) must be chosen based on model size, availability
of resources for crowdsourcing, and human comprehensibility.

Merging Feature Maps. Finally, a cluster map representing the clustered feature
maps is calculated using a weighted average approach for each cluster. The final weight
is obtained by summing the weights of all feature maps belonging to a cluster, which
are computed using Grad-CAM. Such a score indicates the significance of the cluster
map to the predicted class. After computing the cluster maps and their scores for each
layer, a threshold can be chosen to filter out low-weight maps based on the available
crowdsourcing resources.

Human Knowledge Collection. Labels representing human concepts highlighted
in the computed cluster maps are collected via crowdsourcing at this step. Such a
process enables associating visual explanations with human-interpretable concepts and
significantly reduces interpretation bias.

Cluster Map Masking. An interpretable visualization of a feature map is usually
obtained by overlaying it on its input image after normalization, up-scaling, blurring,
and colour mapping. Cluster maps underwent the same process, obtaining an equivalent
representation, as in Figure 6.3a.
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(a) Cluster Map overlay. (b) Masked overlay.

Figure 6.3: On the left (a), an overlay of a cluster map identifying a dog’s muzzle. On the right (b), its
corresponding masked image showing only the highlighted area is represented.

While this representation provides evidence on which parts of the image are rec-
ognized by the model, it might still drive humans to focus on other features, poten-
tially generating labels that are not representative of the highlighted ones. Therefore,
a masked image is generated by overlaying a binary mask hiding the non-highlighted
portions to the input image, as represented in Figure 6.3b. Filtering the most critical
pixels of a cluster map is achieved by choosing an estimate of the percentage of such
pixels to show, computing its percentile, and finally considering only the values greater
than such. Such a parameter can be adjusted to create different masks showing grad-
ually larger portions (as depicted in Figure 6.4), producing a finite number of masks
with a non-linearly increasing percentile since the information density decreases while
moving away from the most highlighted pixels.

(a) 2.5%. (b) 4.5%. (c) 8%. (d) 13%. (e) 20%. ) 30%.

Figure 6.4: Six masks generated by gradually increasing the pixel percentage parameter.

Gamification. A gamified activity named Deep Reveal was developed, deployed,
and shared to collect the labels. Gamification increases engagement and enhances par-
ticipants’ effort, resulting in a higher amount and higher quality labels. Furthermore,
Gamification can help design the activity’s flow to drive participants’ behaviour. In
this use case, participants are driven to behave like the neural network, observing and
analyzing features to guess the correct class. Deep Reveal is a web-based game in
which participants are presented with masked images of cluster maps and must guess
their class and explain the rationale behind their decision. Figure 6.5 shows the process
implemented in the activity.

When guessing, users pick the class among the ones in a randomly generated subset
from the model labels, including the correct one. In such a setting, a reasonable number
of answers has to be chosen (e.g., five options) as displaying all model classes might
increase the task’s complexity when an overwhelming amount of classes is available.
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Figure 6.5: A pipeline describing the process for crowdsourcing labels through Deep Reveal. A masked
version of the cluster map is first shown. Users can try to guess the image right away or ask to see
more of it. After submitting their guess, users are asked to provide labels to describe the represented
elements that drove their decision.

Additionally, randomness has to be used when generating each class subset, as deter-
ministic approaches might introduce bias or determine recognizable paths for users.
Whenever a masked map is too hard for a user to guess, they can gradually increase the
displayed area up to five times to get more clues. If so, a masked map with an increased
pixel percentage parameter is displayed (see Figure 6.4). After the displayed area is
extended for the fifth time, the user is given the option to retire. Inspecting the num-
ber of lost games and resignations is important to determine whether the cluster map
is discriminative in predicting the class. The guessing game design allows focusing
user attention on the discriminative features, i.e., the ones they deem important towards
the prediction. Whenever users pick a class, they are asked to specify which recog-
nized features led to their guess, prompting them to provide labels for the cluster maps.
Such data is collected as free-text, avoiding introducing biases, e.g., providing a list of
options might bias the choice and hinder the data collection. A scoring system and a
leaderboard were also introduced to enhance user engagement and drive competition.
The first awards users for guessing the right class and providing labels while increas-
ingly reducing the score whenever an extended masked map is requested. The second
provides an overview of the total score associated with each player. The gamified ac-
tivity also involves attention checks, i.e., some masked maps are purposefully simple
for the user to solve, allowing the detection of untrustworthy users whose data has to
be excluded from the analysis.
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Label Analysis. Completed the data collection step, the collected free-text labels
must be analyzed and cleaned as these might contain errors (e.g., misspelt words, etc.)
or might require further processing (e.g., long phrases, stop-words, synonyms, etc.).
Labels corresponding to the class name and stopwords are filtered out as they do not
provide additional information. Labels are then converted into word embeddings using
all-mpnet-base-v2, a Sentence-BERT model [352]. Agglomerative Clustering using co-
sine similarity, complete linkage, and the average silhouette score to select the optimal
number of clusters was applied to group similar labels. Cosine similarity is then applied
to define a representative single-word label for each cluster. Finally, groups represented
by labels with the same lemma are unified.

Each label is then assigned a score to attribute higher importance to each clus-
ter’s most frequently collected ones. Such a score considers label frequency and the
percentage of images revealed (i.e., based on the number of hints used) when labels
were collected. The score score(C, 1) for label [ in cluster C is computed through an
implementation-dependent heuristic that assigns a higher importance to the frequency
as shown in Equation 6.1

avg_ext_map(c, 1)
_ 1_ A
score(c,l) = freq(c,l) x ( 2 X (maz_ext_map — 1) ©D

where freq(c, I) is the frequency of label [ in cluster ¢, avg_ext_map is the average
number of times a user required an extended masked map, and max_ext_map - 1 is the
number of available hints (and extended masked maps) for the game. The second term
ranges from 1 when no extended masked maps are requested to 0.5 when the largest
available map is displayed. Furthermore, the term decreases linearly. Moreover, the
score of labels from users who guessed incorrectly counts as one-fourth of the standard
score as they have a higher probability of being imprecise. Such a score is assigned to
each label to identify the ones best describing the cluster maps they were assigned to.

Moreover, various cluster maps might represent similar features with similar labels
due to potential flaws in the clustering process or whenever a feature is represented mul-
tiple times in the image. Therefore, clusters with the most relevant labels are merged
before the final INV is created. In particular, clusters sharing at least one label with
the maximum score are merged. These might lead to merging multiple clusters (see
Algorithm 2).

Algorithm 2 Cluster merge on maximum scoring labels

for all! € layers do
repeat
for all ¢;,c; € l.clusters, i # j do
if c;.best_labels N c;.best_labels # () then
create new cluster having best_labels = c;.best_labels U c;.best_labels
delete c; and c; from [.clusters
add new cluster to [.clusters
break
end if
end for
until [.clusters changes
end for
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Cluster maps are merged using a weighted average with a final weight equal to
the sum of the merged map’s weights. Their labels are also combined by applying a
weighted average to their scores. Finally, an image’s INV is generated by organizing
its cluster maps, their weights, and labels for each layer.

6.1.4 Implementation

For the model, a VGG-16 network is augmented using Imagenette. Feature maps
are extracted using Grad-CAM, processed using dimensionality reduction, PCA,
and t-SNE, and finally clustered using Agglomerative Clustering. Masked cluster
maps are also produced to be employed in the data collection activity.

Model and Dataset. The reference model for implementing INVs in this use case
is the VGG-16 model pre-trained on ImageNet, available through the Keras python li-
brary. VGG-16 is a CNN architecture consisting of 13 convolutional, 5-max pooling
and three dense, fully connected layers. The initial convolutional and the pooling layers
were kept, and their weights were initialized. The input shape, dense layers, and output
classes were updated to fit the Imagenette! dataset. It includes ten classes and 13394
images. The model was trained using image augmentation, early stopping, dropout,
transfer learning, and fine-tuning to prevent potential overfitting. Transfer learning it-
erations were initially performed to train the fully connected layers, after which the last
three convolutional layers were fined-tuned, finally achieving a training and validation
accuracy of 96.65% and 97.45%, respectively.

Feature Map Extraction. Extracting feature maps requires building new Keras mod-
els for each convolutional layer. These accept the same input and the corresponding
convolutional layer output from the original model (i.e., the layer’s feature map). Each
feature map’s weight was computed using Grad-CAM’s computation for gradients.
Weights and feature maps are normalized through unit and min-max normalization,
respectively. Feature maps are filtered considering a threshold varying according to the
number of feature maps composing a layer and the model architecture (see Table 6.1)

Number of Feature Maps || 64 | 128 | 256 | 512
Weight Threshold 14107 | 035 0.175

Table 6.1: A table associating the number of feature maps in a layer and the weight threshold to filter
out feature maps.

Clustering. After computing the feature maps, a clustering step was performed. For
each layer, feature maps were selected by applying dimensionality reduction, trans-
forming the normalized future maps into one-dimensional vectors, applying PCA with
a minimum number of components equal to 50 or the library default value (i.e., the
minimum between the number of feature maps and the number of pixels), and apply-
ing t-SNE using default parameters. Following this pre-processing step, Agglomerative
clustering with Euclidean distance and Ward linkage (i.e., an approach linking clusters

Imagenette - https:/github.com/fastai/imagenette (Last Accessed, 11 November 2024)
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that minimize the increase in the sum of squares distances between clusters) was ap-
plied. Clustering was tested with a number of clusters ranging between three and eight,
and the value that maximized the average silhouette score was finally chosen. Each
cluster’s weight and final map were computed, additionally thresholding the results to
exclude clusters with low weights to focus on the most relevant cluster during the la-
belling phase. This threshold was calculated for each layer using a heuristic, i.e., as the
maximum value between one-third of the weight of the most significant cluster and half
of the average weight of all clusters in that layer.

Algorithm 3 Apply a mask to an image given a feature map and a percentile

function MASKIMAGE(image, heatmap, p)

heatmap_up <+ UPSCALEHEATMAP(heatmap, image.shape) > up-scales the heatmap

percentile < COMPUTEPERCENTILE(heatmap_up, p) > p-th percentile of the heatmap

for pizel in heatmap_up do > map computation
pixel < 11if pizel > percentile else O

end for

size_ratio < image.shape/heatmap.shape

blur_sigma <+ COMPUTEBLURSIGMA (size_ratio) > the higher ratio, the higher sigma

mask < APPLYGAUSSIANFILTER (heatmap_up, blur_sigma, truncate = 1.5)

masked_image < APPLYMASK (image, mask) > overlay the mask on the image

return masked_image
end function

Masking Cluster Maps. Following the clustering procedure, the resulting cluster
maps were masked (see Algorithm 3). First, the cluster map is up-scaled to the orig-
inal image size. Then, various masked cluster maps are computed based on a set of
percentiles of choice (see Table 6.2), considering only the pixels where the value of the
heatmap is greater or equal to the chosen percentile. The number of percentiles is deter-
mined based on the number of hints available in the Deep Reveal gamified activity. At
the same time, their corresponding parameters were chosen to show the most essential
part of the image increasingly.

Hints used 0 1 2 3 4 5
p parameter || 2% | 4.5% | 8% 13% | 20% | 30%
Ap - | 25% | 35% | 5% | T% | 10%

Table 6.2: The list of the values for the parameter of the masking algorithm used to produce the masked
maps for Deep Reveal. The delta for each step is also shown.

Gaussian blurring was applied before masking the images for a smoother visualiza-
tion, using the ratio between the shape of the input image and the shape of the heatmap
(see Table 6.3).
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Input image shape 512x512

Heatmap shape 256x256 | 128x128 | 64x64 | 32x32 16x16
size_ratio 2 4 8 16 32
sigma parameter (3,3) (6,6) (12,12) | (16,16) | (24,24)
truncate parameter 1.5

Table 6.3: A table representing the values chosen for the Gaussian filter implementation based on the
shape of the input image and the cluster heatmap.

Finally, the computed blurred masks for the considered percentiles are overlayed on
the input image to achieve the final masked cluster map.

6.1.5 Deep Reveal

The design and implementation of a gamified activity named Deep Reveal to
collect human-generated labels for masked heatmaps is described, reporting its
main features and elements.

As one of the objectives of this research is to enhance visual explanations with tex-
tual labels, a gamified application named Deep Reveal was implemented and deployed.
Users are engaged in a gamified image-guessing activity through which labels describ-
ing the most relevant part of the image are collected. The designed activity involves a
variety of elements.

Login. A login system is included to keep track of the played matches, preventing
users from labelling the same image more than once. Users provide a username, an
e-mail address, and a password. Users can also play as guests, ensuring they are not
given the same picture twice, only within each session. Furthermore, identifying users
is fundamental to filtering out data from untrustworthy users.

Leaderboard. Users are organized in a leaderboard based on their score, the number
of played games, win rate and win streak. The leaderboard shows the top 50 players
based on a sorting chosen among the available statistics.

Gameplay. In each match, players are asked to guess the class of the image and
describe the most important details that led to their guess. They are shown a masked
heatmap revealing a small portion only and six classes to choose from (including the
right one). Players start each game with 300 points, and they can increase the visible
region of the image up to five times by incurring a penalty of 50 points. Players are
awarded extra points whenever they guess multiple images right in a row (so-called
win streak bonus). As players pick one of the available choices, they are prompted
to provide the features that drove their guess, awarding them with 25 points whenever
they provide any. Following this last step, the content of the image, the correct class,
and the points earned are displayed. The application balances the number of games
per cluster map, potentially resulting in each cluster map having a similar number of
labels. The web interface of the application in the labelling phase is shown in Figure 6.6
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Figure 6.6: A screenshot showcasing the labelling phase of the game. The user describes the
characteristics that led to their guess as labels.

Attention Checks. Attention checks are added to the game to ensure proper data
collection and filter out content from untrustworthy players. In particular, each player’s
third match always presents the same image (the one represented in Figure 6.6), which
is very simple to guess. A player incorrectly classifying this entity will be marked as
untrustworthy, and their data will not be considered for the final analyses.

Implementation. Deep Reveal was implemented as a web application. Its back end
was implemented in Python, using the Django REST framework to generate the appli-
cation server APIs and a PostgreSQL database to store the data. Python was chosen
as it allows for the generation of masked images on the fly, reducing the efforts for
data storage. The client-side was implemented using Flutter Web, a portable platform
allowing mobile and desktop deployments. Nginx was employed to deploy the web
application.

6.1.6 Experiments & Results

Deep Reveal is shared with participants, and their knowledge is collected, ana-
lyzed, and cleaned to generate INVs, for which an example is reported. Statistics
on the collected data are also reported.

Number of Images and Layers. Assuming the CNN of choice, five images for each
of the ten classified classes were considered, leading to 50 images. Furthermore, only
the last nine convolutional layers were analyzed, as initial layers focus on less seman-
tically meaningful local features (e.g., edges, outlines, etc.).

Feature Map Analysis. After selecting the images for the experiment, they under-
went the cluster map generation process. Hence, feature maps and their weights were
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computed, normalized, and thresholded to remove those with weights lower than a
threshold of choice. Then, feature maps were processed using PCA and t-SNE, clus-
tered choosing the number of clusters that maximizes the silhouette score, and thresh-
olding was used to keep only the most relevant ones. As presented in Table 6.4, the
deeper the layer, the higher the percentage of removed feature maps. On the other hand,
the total leftover weight showed a slight upward trend. Such an observation suggests
the weights are concentrated in deeper layers, representing more relevant information
through fewer clusters. Finally, the computed feature maps for each cluster are merged,
resulting in about 1’950 cluster maps to be labelled.

Layer Name | Feature Maps | Leftover | Leftover Feature | Leftover

Threshold Clusters Maps Weight
block3_convl <0.35% 4.3 52.7% 70.2%
block3_conv2 <0.35% 4.4 51.4% 68.6%
block3_conv3 <0.35% 4.8 46.2% 65.2%
block4_convl <0.175% 4.2 46.5% 71.9%
block4_conv2 <0.175% 4.8 44.9% 72.1%
block4_conv3 <0.175% 52 35.9% 72.6%
block5_convl <0.175% 4.6 30.4% 73.8%
block5_conv2 <0.175% 3.6 25.4% 72.5%
block5_conv3 <0.175% 33 14.6% 78.4%

Table 6.4: A table presenting the results of thresholding and clustering. The first was assigned a lower
percentage in deeper layers as twice as many feature maps were computed. The values for leftover
clusters, feature maps, and weight are averaged across each layer’s images.

Human Knowledge Collection. Deep Reveal was deployed as a web application
and shared with 210 participants to collect labels. Participants were asked to fill out
a usability and workload questionnaire (see Additional Material 7.2) after completing
the experiment to validate the design and implementation of the tool, identify potential
issues, and collect feedback for improvements. The usability questionnaire was based
on the System Usability Scale (SUS) [49], and the workload one was adapted from
the NASA-TLX [171] method. Participants could insert labels in Italian and English,
allowing for broader data collection at the cost of an additional translation step. In the
end, about 10’000 labels were collected. Only the data provided by one participant was
discarded as they did not pass the attention check. A comprehensive overview of the
outcomes of the crowdsourcing activity is provided in Table 6.5.

Games || Wins | Losses | Resigns || Total raw labels | Raw labels per map || Hints per game
7948 7150 688 110 9968 5.096 1.6

Table 6.5: A table presenting the outcomes of the crowdsourcing activity.

Label Analysis. The collected labels are translated from Italian to English and man-
ually validated to avoid losing semantics in the image’s context for a few cases (e.g.,
"Esso" was translated to "it", although Esso is the name of a well-known American oil
company). Labels were then filtered (as previously discussed), mapped to word em-
beddings and clustered, finally identifying a representative single-word label for each
cluster. Each label was assigned a score and used to merge cluster maps according to
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the ones with the highest score. Table 6.6 reports some statistics about the labels and

the cluster maps before and after the analyses.

Total labels | Unique labels | Labels per Map || Cluster Maps | Weight per Map
(pre-merging) (post-merging) | (post-merging)
12082 430 6.18 1192 27.07%

Table 6.6: A table showing the outcome of the label analysis step, also representing the number of
labels obtained and the cluster maps resulting from the merging using labels. The average number
of non-unique labels per map before merging and the number of cluster maps after merging are also
reported.

Interpretable Network Visualizations. After analyzing the collected content, INVs
are built for each class of interest by organizing cluster maps for each layer, displaying
their weight and the top three highest-scoring labels. Figure 6.7 provides an example
of such visualization for the chainsaw class.

block3_convl | block3_conv2 | block3_conv3 | block4_convl

block4_conv2

block4_conv3 | block5_convl | block5_conv2 | block5_conv3
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Figure 6.7: An INV for an image of a chainsaw showcases the labelled features identified by the
network in the last convolutional layers. Only the most important maps (i.e., the ones that were not
filtered out) are shown in the INV, reporting their weights. In this use case, the engine and the blade
(i.e. the saw) were the most important features identified by the network. However, other features
(i.e., the handling and the colour) were important too.

Each feature map was also assigned a detailed visualization, including a plot of the
collected labels with their corresponding scores, the number of feature maps involved
in the cluster, and additional information about the data collection process (i.e., the
masked image and the number of wins, losses, and resigns.)
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GAMES INFO CLUSTER INFO
Average Revealed Percentage = 7.94% Cluster Importance = 54.11%
Number of Feature Maps = 143

Wins / Resigns / Losses: 8 /0 /0

FEATURES INFO

mmm Subcluster 1
- Subcluster 2

handle color log motor tool orange plastic tree wood sawchain

Figure 6.8: A detailed visualization of a cluster map of an image of a chainsaw. A masked image
representing the average image portion revealed by users when guessing the class and labelling the
cluster map is shown on the top left. Information about the cluster is also presented, including the
cluster map overlay, its importance, and the number of feature maps it involves. The bar plot
displays the labels describing the cluster map ordered by score, specifying each one’s contribution
towards the final score and highlighting the previously performed merge. Information about the
total wins, losses, and resigns is also provided.

6.1.7 INVs Discussion

A subset of INVs of interest is described to highlight their features and potential
gaps.

Three use cases are presented and discussed, while all the INVs for the 50 images
considered in the experiments are available online?.

Chainsaw INV (Figure 6.7). In this INV, the prediction is mainly determined by
two class-discriminative elements, i.e., the engine and the blade (i.e., the saw), as the
model increasingly focuses on them as the layers get deeper. Non-discriminative fea-
tures (e.g., tree, wood, and grass) are slightly relevant in shallow layers and irrelevant
in the deeper ones. Furthermore, it was observed that the network potentially learned
to identify the motor feature based on its colour (i.e., orange), similar to some users in
the labelling step. Further investigation revealed that the predicted class was a chain-
saw when inputting a completely orange image, showing a coherent behaviour between

2INVs - https://github.com/Antonio-Dee/interpretable-network-visualizations (Last accessed 15 November 2024)
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models and humans.
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Figure 6.9: An INV for an image of a trench showcases the labelled features identified by the network
in the last convolutional layers. In this case, the most significant features for the classification were
its gills and fin, as well as the lake and the fisherman. Other features were also important (, eye,
mouth, and scales).

Tench INV (Figure 6.9). In this INV, an image of a Tench is provided to the net-
work, which identifies the gills, back fin, and the person in the background to classify
the entity. The latter contributes towards the prediction across all the inspected layers,
sometimes even achieving a higher relevance than other class-discriminating features,
revealing a slight overfitting. Other features (e.g., the lake and the background) also
achieve a similar effect, although they are not considered relevant towards the final
layer. On the other hand, relevant features like the fish’s scales, eyes, and mouth were
not considered as such by the network, especially in the deepest layers. However, fur-
ther inspection revealed that inputting an image with a pattern of the fish’s scales drove
the network to predict the Tench class with high confidence, demonstrating it properly
learned this feature and associated it with the right class.
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Figure 6.10: An INV for an image of a French horn showcases the labelled features identified by the
network in the last convolutional layers. In this case, the most significant features were the brass,
the pipes, and the horn.

French Horn INV (Figure 6.10). In this last INV, the main features the network ap-
plied to classify an image of a French horn are displayed. In this case, the proposed
method performed "semantically" poorly compared to other images. In particular, most
of the identified features are strongly tied to the material and the colour (e.g., gold,
brass, etc.). On the other hand, other context-specific features (e.g., pipes, bell, etc.)
were not considered as important. Such poor performance might be due to the inher-
ent complexity of the class, which requires context-specific knowledge about musical
instruments, leading most participants to focus on high-level or easily recognizable
features only. On the other hand, a few participants provided detailed descriptions
involving classes like pipes or buttons, although these were not considered relevant
by the applied methodology and were filtered out in the process. This last example
was reported to show that sometimes context-specific knowledge is essential towards
achieving a proper INV.

The presented case studies revealed INVs’ capability to provide a comprehensive
overview of the most essential features for correct prediction, their importance, and
the network’s layer-wise decision-making process. Similarly, the approach provides
insights on class unique features (e.g., the colour of the chain saw’s motor). On this
last point, additional validation approaches should be applied as the fact that humans
classified an entity using such class-unique features suggests the network might do
the same. Furthermore, the lack of domain-specific knowledge might oversimplify
the visualization (as discussed for the French Horn INV), highlighting the need for
domain experts whenever complex entities are involved. However, while involving
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Understandability | Usefulness | Trustworthiness | Informativeness | Satisfaction
Grad-CAM 5.99 +1.14 5.91 £1.03 5.62 +1.13 5.02 £1.71 5.57£1.43
LIME 4.80 +1.64 4.96 £1.56 4.56 £1.57 4.00 £1.93 4.39 £1.93
SHAP 4.95 +1.51 4.87 £1.53 4.66 £1.56 4.14 £1.90 4.18 £2.06
Simpl INV 6.05 £1.17 5.90 £1.06 5.76 £1.23 5.41 £1.52 5.74 £1.31
INV 5.92 +1.40 5.92 +1.32 5.74 £1.38 5.82 +1.50 5.83£1.35

Table 6.7: A table outlining the outcomes of the comparative analysis between INVs and other
state-of-the-art methods. Although statistical significance was only observed in informativeness,
INVs were slightly superior in most aspects.

experts might result in detailed visualizations, they might overestimate the network’s
specificity as various classes with very different features might be involved. On the
other hand, involving people with and without such expertise might provide different
detail levels and broader views, finally leading to a better INV.

6.1.8 Comparative Analysis with Human Subjects

Two different types of INVs are compared against state-of-the-art XAl ap-
proaches under several XAl-related aspects. Its effectiveness is proven com-
parable (or better) to such methods.

A survey to compare INV with other state-of-the-art local XAl methods (i.e., Grad-
CAM, LIME, and SHAP) is reported to assess its capability to explain a model’s
decision-making process. SHAP’s Gradient Explainer implementation was used to esti-
mate Shapley values. A simplified version of INV was also considered, including only
the final layer and a single label per cluster map. Participants were provided with a
brief description clarifying each XAl approach and four instances of explanations from
different classes. A set of randomly selected images among the ones employed in the
experiments were selected and applied for all methods. Regarding the survey, the ap-
proach proposed by Aechtner [4] was applied, assessing understandability, usefulness,
trustworthiness, informativeness, and satisfaction on a 7-point Likert scale. Information
on whether participants had a background in Al was also collected. The questionnaire
was completed by 165 participants, of which 71% had a background in Al. Results
are shown in Table 6.7. At first sight, it can be noticed that SHAP and LIME consis-
tently underperformed (one point on average) compared to INV, Simplified INV, and
Grad-CAM. Although INV methods performed the best in all aspects, a t-test revealed a
meaningful difference (p-value < 0.05) only in terms of informativeness. No meaning-
ful difference between INV, Simplified INV, and Grad-CAM was identified concerning
the other aspects. In conclusion, INV is superior in informativeness compared to state-
of-the-art methods while at least equal in different aspects.

6.1.9 From INVs to Class-wise Representations

Finally, INVs are aggregated to generate Class-wise INVs to provide compre-
hensive representations for explaining CV models.
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The generated INVs describe a model’s local, layer-wise decision-making process,
i.e., a visualization for each input involving feature maps with weights and labels with
scores. This representation is common to all INVs, making it easy to merge them
into descriptive representations for each class. These might be performed by either
aggregating multiple consecutive layers (i.e., representing the different stages of the
model’s decision-making pipeline) or all layers (i.e., representing the complete model’s
decision-making process). Such a representation is called c-INVs (class-wise INVs).
While the proposed approach was mainly targeted at generating local explanations, a
potential approach for generating such complete visualizations is presented. It is im-
portant to note that the quality of such an outcome depends on the number of images
considered and labels collected and the quality of the generated INVs. Hence, this sec-
tion describes some preliminary results that might not represent the classes considered
in great detail.

c-INVs Generation. c-INVs are generated through a hierarchical aggregation of
INVs, e.g., layers are organized in groups of three, and the cluster maps from the con-
sidered INVs are merged. Layers can also be grouped together to generate a complete
class-wise representation for which a TCAV score computed using 20-30 images and
50 runs is also provided. Considering the INVs computed for a class of choice, only the
labels with the maximum score for each cluster map are kept as their score is a proxy for
their trustworthiness and a label’s capacity to describe a cluster map. Such labels drive
the subsequent cluster map aggregation, generating new groups for the final class-wise
representation. These aggregations are sorted based on their global score, i.e., a score
computed as the sum of the individual scores of each cluster map’s label achieving
the highest score®. Global scores measure label quality across multiple cluster maps,
generalizing their individual scores. Such scores could have also been normalized to
describe the distribution of labels across the layer groups. The final visualization also
includes a subset of the cluster maps for which the label scored the highest. Such maps’
weights are also averaged and assigned to each group. These visualizations provide an
overview of the features learned by the network for a specific class and their importance.

Chainsaw c-INV. As a first example of a c-INV, the chainsaw class was considered,
as represented in Figure 6.11. The proposed visualization aggregates layers in groups
of three and considers only the top six labels as the other groups’ computed global
scores drop significantly. It can be observed that the network focused on the sawchain
and the handle while also considering the wood and tree entities somewhat relevant.

3For instance, a global score of 4.2 indicates that approximately five users added that label across the three layers and all images
of that class
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Figure 6.11: A c-INV for the chainsaw class. For each row, the main features extracted from each
group of layers are represented and detailed with a weight representing the feature’s importance
towards the prediction and a global score measuring the label’s trustworthiness. In this case, the

sawchain and the handle are the most important extracted features.

Tench c-INV. A c-INV for the tench class is represented in Figure 6.12. In the pro-
posed representation, the fin and the eye features are considered the most important. The
person and hand features are still relevant towards the prediction, achieving a higher
score in shallow layers and their corresponding groups. Such behaviour highlights
the importance of considering a broad and heterogeneous dataset. In particular, when
a broad dataset is considered, such a bias might not be reported as very few images
might include a person. On the other hand, a heterogeneous dataset might allow an
understanding of whether the network learned to classify images based on unwanted or
biased elements.
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Figure 6.12: A c-INV for the tench class. Such a visualization focuses on some tench’s features, like
fins, eyes, and gills, as well as external ones, like the human and their hand.

As previously described, c-INVs might be generated with a varying number of
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layer groups and a varying number of presented features (e.g., based on a threshold
of choice). In particular, all the inspected layers might be grouped, generating simple
class-wise explanations representing the most critical features in the model’s decision-
making process. Figure 6.13 represents a complete c-INV for the tench class, high-
lighting that the tench’s features (e.g., fins, eyes, etc.) mainly drove the model’s clas-
sification. However, the person and their features are relevant across most layers, too.
Although these explanations might be intuitive and straightforward, they lack detailed
insights (e.g., they do not represent the network’s decision-making process across dif-
ferent layers). Furthermore, weights are not defined as averaging weights from shallow
and deep layers, which might cause a drop in relevance. Regarding TCAV scores, it was
proven statistically significant for most features (p-value < 0.05). The only one with a
slightly lower score was the eye feature, showing a slight discrepancy mainly due to the
difference in computation between INV and TCAV (i.e., the first uses the gradients of
the pre-softmax score while the latter uses the gradients of the loss). Combining these
methods achieves better explainability as the first generates the explanations and their
labels while the second verifies their reliability. The results for every class are available
on GitHub*.

TENCH - block5_conv3

eye fins gills scales person
weight = 41.31% weight = 17.75% weight = 49.64% weight = 31.51% weight = 24.54%
TCAV = 0.77+0.30 TCAV = 0.85+0.11 TCAV = 0.91+0.01 TCAV = 0.90+0.01 TCAV = 0.91+0.00

Els RS0

Figure 6.13: A simple c-INV for the tench class, generated by grouping the features extracted from the
last layer and summarizing the most important features.

6.1.10 Deep Reveal Assessment

A questionnaire on Deep Reveal was answered by the participants, providing in-
sights into its usability and workload while collecting useful feedback to improve
its implementation.

As previously mentioned, a questionnaire was set in place to validate Deep Reveal’s
usability and workload (see Additional Material 7.2 for more details). Feedback on
the activity and potential improvements was also collected and discussed here. The
questionnaire was compiled by 152 out of 210 participants, resulting in a SUS score
of 80.9/100, a NASA-TLX score of 38.1/100, and an overall user experience rating
of 3.95/5. The final SUS score of 80.9 corresponds to a percentile ranking of 90,
consequently representing a system with good or excellent usability [51]. The final
NASA-TLX score’ of 38.1 is considered somewhat high [336], suggesting the pro-
posed approach still has room for improvement in terms of workload. On this point,
guessing and labelling masked images might require effort as they might not be sim-
ple to interpret for humans. Indeed, the choice of the pictures to guess was one of

4Additional c-INVs - https://github.com/Antonio-Dee/interpretable-network-visualizations/tree/main/Additional %20Results
(Last Accessed 13 November 2024)

SFor practical reasons, a simplified version of the NASA-TLX that excludes the weighing step was preferred. Therefore, the
resulting score should be considered more of an estimate than an accurate evaluation.
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the most criticized aspects, mainly due to their complexity. Moreover, a significant
amount of feedback reported that some matches were disproportionately more diffi-
cult than others, causing frustration and confusion. This might be due to some cluster
maps not highlighting relevant information to discriminate between classes. Future im-
provements will balance match difficulty, generating masked cluster maps with higher
percentiles to reveal a broader portion of the image whenever complex-to-understand
images are involved. Similarly, difficulty levels might be introduced based on cluster
maps’ weight, as users used slightly fewer hints when playing with more important
cluster maps (see Figure 6.14). Further feedback also revealed challenges in assigning
labels to features users were unfamiliar with, emphasizing the importance of engaging
experts with context-specific knowledge. An improved and varied gameplay, graphics,
and score systems could also be implemented.
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Figure 6.14: A box plot depicting the number of hints used compared to the weight of the cluster maps.
A slight trend reports users requesting more hints when feature maps with lower weights are
presented. Furthermore, higher weights might correspond to easier-to-guess cluster maps since the
number of hints requested can be seen as a proxy of the difficulty.

6.1.11 Final Remarks

This chapter described the process, implementation, and validation of Interpretable
Network Visualizations (INV), a novel approach for generating post-hoc local expla-
nations for CNN-based image classification models. The proposed approach generates
a detailed visualization of the features extracted from the input image at each layer
through feature map clustering and merging. A weight is computed for each result-
ing cluster map to represent their contribution towards the final prediction. Human-
understandable labels were collected and assigned to such maps by engaging humans
in an online image-guessing game named Deep Reveal. Such labels were cleaned and
processed, dropping further groupings based on the most relevant ones collected for
each map at each layer. Finally, INVs were generated and further aggregated to create
class-wise representations named c-INV, explaining a model’s decision-making process
with various levels of detail. INVs and a simplified version were assessed, revealing an
effectiveness at least comparable with the most employed state-of-the-art techniques, if
not slightly better.

Future works will involve improvements in the labelling step, including but not lim-
ited to extending Deep Reveal to collect labels to incorrectly predicted images, imple-
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menting approaches to methodically validate label’s correctness, and assessing the po-
tential application of LLMs and multimodal models (e.g., Llama [447]) in the proposed
process, potentially easing the need for extensive crowdsourcing. Furthermore, extend-
ing the approach to labelling the network’s neurons is another future research topic of
interest as it might result in a single labelling iteration and on-the-fly explainability.

137






CHAPTER

Conclusion

This PhD dissertation describes the research performed by the candidate in the context
of explainable Al. Several topics and contexts were studied, and the results obtained
for each were reported.

The initial background describes the literature about XAl, gamification, crowdsourc-
ing and a combination of such topics. The field of XAl is described, providing details
on why explaining Al models is essential and the main definitions utilized in the liter-
ature. Context-specific background about each topic is provided within each chapter.
Crowdsourcing is then explored, describing its main features. Gamification is theoret-
ically described, focusing on the main principles that drive its usage. Furthermore, its
primary design patterns and principles are described in the context of XAl.

The subsequent chapter focuses on the research on crowdsourcing and gamification.
The candidate developed multiple software applications by employing principles to
drive long-lasting engagement, finally providing the design of an X Al-centred platform
bridging the gap between practitioners and novices.

As one of the main topics involved in the research is the employment of human
knowledge in XAlI, a chapter organizing their role in this context is proposed. It de-
scribes how humans have been involved in the different steps of the ML and XAl
pipeline, reporting and discussing examples from the literature. Similarly, their con-
tribution towards improving the robustness of Al models is presented.

XAI in the context of Natural Language Processing and Computer Vision is then
described, reporting on the developed approaches. In the first context, a formalization
to organize human knowledge was created. A novel XAl method aimed at enhancing
model interpretability through human-interpretable labels is described in the latter. Hu-
mans were actively employed in these methods, using their knowledge as the method’s
core.
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In conclusion, this dissertation provides evidence of humans’ role in such a fun-
damentally performance-driven context (i.e., mainly focused on improving model per-
formance rather than their understandability), as explainability has risen in importance
only over the last decade. Indeed, humans must be involved in most Al applications,
as the main objective of XAl is to make such systems trustworthy, interpretable, and
usable in real-world scenarios.

Following, some takeaways and perspectives learned from the research performed
are outlined. Moreover, a brief discussion on the applicability of such techniques to
late-breaking Large Language Models (LLMs) systems and Generative Al (GenAl) is
provided. Finally, perspectives on future works are also provided.

Perspectives on Explaining Models. Explaining models in today’s society is paramount
for various reasons, e.g., abide by regulations, improve users’ trustworthiness, under-
stand and enhance models’ behaviour, and many more. While some researchers deemed
explanations unnecessary in some cases, understanding a model’s decision-making pro-
cess is essential, regardless of the context. From a model’s perspective, explanations
must faithfully represent its behaviour. Indeed, faithfulness is one of the most important
properties explanations must have to be considered useful, as non-faithful proofs of a
model’s behaviour will most likely mislead its users and (potentially) its developers.

As extensively discussed throughout this dissertation, explanations are essential to
provide proof of a model’s behaviour to a broad range of actors with different roles
in the XAl cycle (as discussed in Chapter 4), e.g., developers use this evidence to de-
bug and fix or improve their models, users need explanations to trust these systems,
etc. Explanations must be crafted to be as complete and understandable as possible,
considering the actor’s role and expertise as the main discerning factors. For exam-
ple, example-based explanations and decision trees might be suited for final users as
they are easy to understand and provide simple evidence of a system’s behaviour. On
the other hand, these might be too simple for experts or developers to completely un-
derstand a model’s behaviour to ensure its proper functioning, hence requiring more
complex representations or advanced and comprehensive tools. Moreover, recent stud-
ies demonstrated that background and education strongly impact humans’ perception
of explanations, making it essential to consider such aspects when designing XAl ap-
proaches [113].

Choosing the most suitable representation also depends on the context. This does
not only depend on whether the system is built for Computer Vision, Natural Language
Processing, etc. It also involves the actual context in which the model is applied (e.g.,
banking, e-commerce, etc.) and the users’ understanding of the topic. For example, pro-
viding an overview of the relevance of multiple complex banking parameters towards
a model’s decision might confuse the final user if not properly supported by context
experts when inspecting them. Furthermore, whenever complex (i.e., difficult to under-
stand) explanations are generated, these might be extended and/or combined with other
simpler and more understandable ones to achieve an even more interpretable outcome
(as shown in Chapter 6). Context complexity is also relevant whenever data collection
processes are set in place, as users might require specific knowledge to provide useful
data properly.
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Despite such additional complexity, mechanisms like gamification, games with a
purpose, and properly engineered user engagement might contribute towards designing
effective data collection activities by designing simple and enjoyable tasks for crowd
workers that mask the inherent data or context complexity (as discussed in Chapter 3).
Additionally, as Al is permeating everybody’s daily life, it is more than ever relevant to
educate users of Al-driven applications on such topics, providing people with tools and
knowledge to deem a system trustworthy. In particular, bridging the gap between users
and research communities might not only contribute towards this objective, but it might
also be proven helpful in providing researchers with a trusted user base contributing
to their research in various ways (e.g., by providing data, thoughts, and perceptions).
In conclusion, properly explaining Al models and systems is essential both from the
user and model perspective, not only for their correct implementation but also for their
rightful deployment and usage in today’s society. Furthermore, users must be involved
in the AI development loop as they have been proven to be extremely valuable assets
for building, improving, and validating such systems.

A Methodological Approach for Designing Gamified Processes. Throughout this
dissertation, most of the proposed approaches involved gamification or were imple-
mented as games with a purpose whose design aimed at simplifying complex data col-
lection tasks. Aside from the lessons learned for engaging users in such activities (as
reported in Chapter 3), the design process starting from the problem is another rele-
vant aspect to discuss. The essential elements to consider when designing a gamified
activity are (1) the outcome to achieve and its features (i.e., the data to collect, its struc-
ture, etc.), (2) the activity’s input, (3) the process to be gamified, (4) the application’s
context, and finally (5) the users’ expertise (about the context). When it comes to the
expected outcome of the gamified process, this thesis mainly involved (structured) data
to be collected from a given text or image (e.g., labels). The process is usually de-
signed based on the input and the outcome to achieve, as it represents how the latter is
produced from the first, and it must involve all the necessary steps to (incrementally)
produce the desired output. Gamification can be applied to the whole process or some
of its steps, affecting the complete design of the application or parts of it, respectively.
For example, one might consider designing applications based on well-known games
when they fit the input and the desired outcome and when they ease and/or make the
data collection process more enjoyable for the users involved.

For example, Codenames can be used as a complete gamified process to collect
words that link groups of terms, which can then be used to build graphs representing
such connections for explainability purposes. Furthermore, customizing the game to in-
volve context-specific words would also allow for categorizing groups of terms. Small
and targeted gamified elements can be employed whenever a comprehensive gamifi-
cation approach can not be set in place. One of the most straightforward approaches
involves awarding players with points, which can be used to build leaderboards. Sim-
ilarly, achievements can be awarded when certain conditions are met. It is essential to
define score- and achievement-awarding criteria based on the activity and its steps and
test the effect of introducing such gamified elements. Furthermore, these components
are more effective whenever simple and short-term data collection activities are set in
place as they represent extrinsic motivation factors. Indeed, intrinsic motivation must
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be leveraged whenever a long-lasting engagement is required.

The context and the users’ expertise are strictly related, and the latter is essential to
achieve a good task outcome, i.e., whenever inexpert users are involved in an activity,
the quality of the outcome might suffer from their lack of experience. For instance,
it is essential to involve expert doctors when labelling clinical images in the medical
context (regardless of their usage, e.g., training or validating models or assessing XAl
approaches). Such a need might be (sometimes partially) tackled by training users
before the activity or by properly organizing its steps to simplify it. Sometimes, even
splitting the process to assign users with different knowledge to different stages might
be helpful whenever various areas of expertise are needed. Of course, their applicability
still depends on the context, e.g., it is pretty unthinkable to allow ordinary people to
label complex medical images of tumours.

After the application’s initial design is built, a preliminary test with users is highly
advised to ensure its proper functioning and to discover potential gaps and flaws. If
users are already engaged, this initial test might be performed on paper to avoid imple-
mentation overheads and costs. In this case, an intrinsic gap between the digital and
the physical version must be considered when implementing the final application, i.e.,
some problems or constraints might get fixed just by digitalizing the process (as experi-
enced in Chapter 5). Testing the application by involving external actors, rather than its
developers or designers, is strongly advised as it will provide novel insights and opin-
ions. Such an approach can be applied iteratively to refine the tool before deploying
it. Questionnaires to assess the systems’ usability, complexity, and user effort might be
helpful at this stage in understanding the developed application. User profiling might
also be beneficial in getting even more insights into specific behaviours and/or biases.
After a preliminary validation, the process can be implemented and set in place. Ad-
ditional tests with small batches of users are advised to detect potential flaws in the
final implementation. As the process is successfully validated, the data collection can
start by involving users through the researcher’s network or well-known crowdsourcing
platforms.

Furthermore, it is advised for the final application to include attention checks to
detect misbehaving users whose data is not to be considered towards the outcome. Re-
garding the data collection processes presented in this dissertation in the context of
XAl, the desired process and its outcome influenced most of the application’s design.
In the gamified approach presented in Chapter 6, the activity was aimed at collecting
labels describing the most important parts of the explanations of a classification model
to enhance the final local explanation and generate class-wise ones. The objective was
to drive the users to behave like a classification model, i.e., classifying an image by
focusing on the most relevant parts towards the model’s prediction while describing
these elements. Acknowledged the features of the use case (as previously listed in
point (1)) and the desired behaviour, the crowdsourcing task was completely gamified
through a peek-a-boom-like game design and further enhanced with simple gamified
elements (i.e. points and leaderboards) since a short-term data collection process was
developed. As most of the activities involved in this thesis employed (simple) images,
the user’s expertise did not affect the initial design. However, it was discovered that
engaging knowledgeable users would have enhanced the outcome in some cases (e.g.,
figures representing French horns). In the approach proposed in Chapter 5 to generate
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Rationale Mappings, the level of detail of the explanation also affected the final design.
Indeed, it involved an iterative approach aimed at refining the links between the users’
thought process applied when performing the NLP task and its data, as the final expla-
nation involves a multi-level tree in which the higher the depth of the tree, the higher
the detail of the mapping. In conclusion, several elements must be considered when
implementing gamified or data collection processes. It is fundamental to align the final
design with their features (as initially listed in point (1)) to achieve a complete and en-
joyable gamified application.

XAI in GenAl and LLMs. Even though this thesis does not directly address ex-
plainability applied to late-breaking advances in Al (i.e., Generative Al and LLMs),
some of the outcomes achieved and side projects [150] performed might still be relevant
towards this topic. Generative Al is a computational technique capable of generating
seemingly new, meaningful content from training data [127]. LLMs are just an exam-
ple of such technologies for text generation. Regarding such systems’ explainability,
they are considered self-explainable models [190,268] as they provide explanations for
their reasoning, driving researchers to validate and explore the faithfulness [268] and
features [190] of their explanations in various contexts and applications. In particular,
their outcome can still be compared with the one collected from humans to validate
other aspects, e.g., their human-likeliness. For example, LLMs might be asked to pro-
duce Rationale Mappings (presented in Chapter 5), which will be compared with the
ones extracted from humans to validate the human-likeliness of the reasoning applied
by the system. Achieving high compatibility might result in improved trust from its
users, especially when context-specific systems or models working in limited contexts
are applied (e.g., digital assistants for banking). Although this will not allow for deeper
exploration of the model’s internals, it will still provide an initial exploration for com-
paring human and model behaviour.

Additionally, human perception of LLMs’ outcomes and communication is an es-
sential aspect to investigate [215], as it shapes the system’s perceived trustworthiness
and consequently its applicability to real scenarios. Towards this objective, we deem
analyzing people’s reaction to LLLMs answering questions represents their (emotional)
trust towards Al models [150], especially when controversial questions are involved.
In the considered use case, volunteer streamers performed live sessions asking thought-
fully crafted questions derived from the fundamental notion of trust in a GPT model.
The crowd’s reactions toward the model’s answers were collected and analyzed, re-
porting similarities in cognitive and emotional reactions’ distribution and intensity, and
sentiment distribution (primarily neutral). Additionally, the use case presented in Chap-
ter 3 involving a data collection activity for labelling images might help check a GenAl
model’s knowledge of specific entities. In particular, workers labelling images usu-
ally focus on features represented in the provided pictures. At the same time, GenAl
models (e.g., LLMs) acquire knowledge beyond an entity’s representation, hence mak-
ing representation-agnostic data collection processes interesting and more helpful com-
pared to standard labelling.

Moreover, recent research has focused on assessing LLMs’ capabilities in crowd-
sourcing (so-called Al Sourcing [84]), exploring their proficiency in providing human-
like and human-aligned outcomes [45, 308]. Preliminary results demonstrated such

143



Chapter 7. Conclusion

models’ effectiveness by either supporting humans or behaving as such [45, 308], pro-
viding scalability with lower time constraints and cost. In this case, additional attention
has to be paid to the quality of the collected data [217] since fundamental conclusions
on their effectiveness are yet to be drawn. Furthermore, while this approach might pro-
vide benefits, it is still necessary to ensure that human data remains human [459] as it
is more unique, diverse, and complete than synthetic data.

Open Challenges. This thesis addresses several topics regarding collecting, struc-
turing, and representing human knowledge to enhance explanations through crowd-
sourcing and gamification. Nonetheless, some challenges are yet to be addressed, in-
cluding but not limited to knowledge assessment, accounting for potential biases, and
scalability.

Regarding knowledge assessment, it is necessary to consider which properties are
essential, e.g., completeness, quality, and more. In particular, some properties can be
evaluated after the data has been processed. For example, the quality of the collected
labels in INVs might be assessed after their collection by inspecting them (even through
automated procedures), performing additional crowdsourcing on specific data instances
whenever needed. Regarding other properties (e.g., data coverage), one might design
applications capable of covering all data instances of interest. Furthermore, data com-
pleteness is another fundamental aspect that depends on the context and subjectivity,
e.g., a few correct labels might be enough in simple cases. In contrast, many might be
needed in complex ones.

Biases can be accounted for in the crowd’s selection process and the design of the
gamified application. In the first case, one might consider a heterogeneous crowd by de-
sign when crowdsourcing platforms are employed. Whenever crowds involving people
with common features are considered, one might want to ensure the experiment is not
affected by inherent biases. Furthermore, gamified applications might be designed to
include (live) analysis to detect biases, perform additional iterations to collect broader
knowledge whenever needed, and finally lead to an unbiased data collection.

Scalability can be achieved by involving a larger crowd in data collection activities,
finally attaining larger datasets. Whenever such a solution is not applicable due to lim-
ited time or resources, open data sources can potentially be considered whenever the
content is coherent with the research, and their structure can be tailored to extend the
collected data. For example, one might consider labeled images from existing research
to expand the one collected in INVs, extending the proposed pipeline to include an ad-
ditional "integration step". Such inclusion should also consider the process employed
to collect the data. Indeed, only labels strictly correlated with the most relevant areas
at different layers must be considered in the mentioned case. Furthermore, these might
also be weighted accordingly to account for their source. Additionally, one might de-
velop gamified approaches to cover multiple data instances, limiting the impact on the
complexity and effort through carefully designed applications. As a last option, one
might employ GenAl models to generate human-like knowledge [84] or mimic human
behaviour [45,308] as previously described.

Future Work. This dissertation strictly focuses on human factors and perspectives
in XAlI, researching methods and approaches to use human knowledge and generate
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human-understandable explanations. Future work will involve refining some of the
techniques presented (e.g. the ones presented in Chapters 5 and 6). In particular, ratio-
nale mappings will be applied to specific use cases, like complex question-answering,
further customizing and improving the mappings design (e.g., their features, types, etc.)
and their data collection process. INVs will be enhanced to improve the final represen-
tations. Additionally, potential improvements to intermediate steps (e.g., clustering,
label cleaning, and score computation) will be researched. Besides enhancing previ-
ously developed approaches, these will be adapted to be applied to modern Generative
Al approaches (as previously discussed).
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7.1 Additional Material Chapter 05

This last section provides the tutorial text for the QA task. The tutorials for the other
tasks can be found at the following link https://tinyurl.com/2s3s9wiv
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You will be shown a question, a paragraph, and an answer.
Here’s an example we will consider in this tutorial:

Question
Where was the University of Paris located?

Paragraph

By the end of the 12th century, Paris had become the political, economic, religious,
and cultural capital of France. Important areas were The ile de la Cité - the site of the
royal palace, the easter extremity - for Notre Dame, and the Left Bank. The latter was
the site of the University.

Answer
The Left Bank.

Step 1

In Step 1, we ask you to identify the Question Type. Usually, when we want to understand
what a question is asking, we look for some keywords in it. For example, if the question
contains the word “when’, it is immediately clear that it is time-related.

Here’s the list of question types you can pick from.

e Yes/No Question, i.e., questions that require looking for confirmation in the
paragraph.

e Wh-Question, i.e., questions that require looking for the answer based on the type of
wh-question (e.g., Who, What, etc.).

e Choice Question, i.e., questions that require picking the answer among the ones
proposed in the question based on the paragraph.

e Disjunctive or Tag Questions, i.e., questions that require looking for confirmation in
the paragraph

Questions belonging to the Wh-Question type are further specialized into the following
categories:

Specialization Keywords

Person Who, Whose, Whom

Information What, How

Location Where

Time When

Reason Why, What for, How come, Why don’t

Quantity How many, How much, How far, How long,
etc.

Choice Which, Whom




The list of keywords indicates the words most frequently associated with the corresponding
specialization, but some others may not be reported in the table.

Once you have identified the question type and possibly the specialization, we ask you to
highlight the words in the question that allowed you to do so.

Question
Where was the University of Paris located?

Question Type: Wh-Question
Specialization: Location

Question - Paragraph (QP)
In this step, you will work on the question and paragraph. This step is further divided into
three sub-steps.

QP - Step 1
In Step 1, you will find a list containing all the sentences in the paragraph. Amongst them,
we ask you to tick those you consider useful for answering the question.

Question
Where was the University of Paris located?

Paragraph sentences

[J By the end of the 12th century, Paris had become the political, economic,
religious, and cultural capital of France.

Important areas were The fle de la Cité - the site of the royal palace, the easter
extremity - for Notre Dame, and the Left Bank.

The latter was the site of the University.

From now on, you will work only on the sentences you selected, ignoring all of the others.

QP - Step 2

In Step 2, we ask you to identify the continuous portions of text in the paragraph that are
useful for answering the question. While doing this, we also ask you to identify the portions
of text in the question that allowed you to understand that a portion of the paragraph is
important.

Question
Where was the University of Paris located?

Relevant paragraph sentences

[J Important areas were The lle de la Cité - the site of the royal palace, the easter
extremity - for Notre Dame, and the Left Bank.



[J The latter was the site of the University.

QP - Step 3

In Step 3, we ask you to identify the single words in the paragraph that are useful for
answering the question. While doing this, we also ask you to identify the single words in the
question that allowed you to understand that a portion of the paragraph is important.

Question
Where was the University of Paris located?

Relevant paragraph sentences

[J Important areas were The fle de la Cité - the site of the royal palace, the easter
extremity - for Notre Dame, and the Left Bank.

[J The latter was the site of the University.

Paragraph - Answer (PA)
In this step, you will work on the paragraph and the answer. This step is further divided into
three sub-steps.

PA - Step 1
In Step 1, you will find a list containing all the sentences in the paragraph. Amongst them,
we ask you to tick those you think have been used for providing the answer.

Answer
The Left Bank.

Paragraph sentences

[J By the end of the 12th century, Paris had become the political, economic,
religious, and cultural capital of France.

Important areas were The ile de la Cité - the site of the royal palace, the easter
extremity - for Notre Dame, and the Left Bank.

[J The latter was the site of the University.

From now on, you will work only on the sentences you selected, ignoring all of the others.

PA - Step 2

In Step 2, we ask you to identify the continuous portions of text in the paragraph that have
been used for providing the answer. While doing this, we also ask you to identify the portions
of text in the answer that allowed you to understand that a portion of the paragraph is
important.

Answer
The Left Bank.



Relevant paragraph sentences

Important areas were The fle de la Cité - the site of the royal palace, the easter
extremity - for Notre Dame, and the Left Bank.

PA - Step 3

In Step 3, we ask you to identify the single words in the paragraph that have been used for
providing the answer. While doing this, we also ask you to identify the single words in the
answer that allowed you to understand that a portion of the paragraph is important.

In our example, it is not necessary to perform this step as the portions of text found in PA -
Step 2 are identical.

Question - Answer (QA)
In this step, you will work on the question and the answer. This step is further divided into
three sub-steps.

QA - Step 1
In Step 1, you will find a list containing all the sentences in the answer. Amongst them, we
ask you to tick those that directly provide an answer to the question.

Question
Where was the University of Paris located?

Answer sentences
The Left Bank.

From now on, you will work only on the sentences you selected, ignoring all of the others.

QA - Step 2
In Step 2, we ask you to map continuous portions of text in the question to the associated
portions of text in the answer.

Question
Where was the University of Paris located?

Relevant answer sentences
The Left Bank.

QA - Step 3
In Step 3, we ask you to map single words in the question to the associated single words in
the answer.

In our example, it is not necessary to perform this step as there are no single words to map
between question and answer.



Coreferences

As a last step, we ask you to identify the coreferences in the question, paragraph, and
answer separately.

In a text, there is a coreference when two or more words, possibly different from one
another, refer to the same entity.

We ask you to pick a different color for each group of words referring to the same entity.
Also, for each group, you should identify its “main entity”, i.e. the entity itself, to which the
other words refer.

You should highlight only the coreferences that you deemed useful for solving the task.

Question
Where was the University of Paris located?

No coreferences in the question.

Paragraph

By the end of the 12th century, Paris had become the political, economic, religious,
and cultural capital of France. Important areas were The ile de la Cité - the site of the
royal palace, the easter extremity - for Notre Dame, and the Left Bank. The latter was
the site of the University.

Main entity: the Left Bank

Answer
The Left Bank.

No coreferences in the answer.
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Participant information

1. Please provide the email address that you used to register on Deep Reveal.

Usability
StronglyStrongly
Disagree Agree

1. I'think that I would like to play Deep Reveal ] 1 \ 2 \ 3 \ 4 \ 5 \
often.

2. I found Deep Reveal to be unnecessarily ] 1 \ 2 \ 3 \ 4 \ 5 \
complex.

3. I found Deep Reveal to be easy to use. 1 [ 2 ]3] 4] 5]

4. 1 think that I would need the support of a ] 1 \ 2 \ 3 \ 4 \ 5 \
technical person to be able to use Deep Re-
veal.

5. I found the various functions of DeepRe- | 1 | 2 | 3 | 4 | 5 |
veal were well integrated.

6. I thought there was too much inconsistency | 1 | 2 | 3 | 4 | 5 |
in Deep Reveal.

7. 1 would imagine that most people would ] 1 \ 2 \ 3 \ 4 \ 5 \
learn to use Deep Reveal very quickly.

8. I found Deep Reveal very cumbersometo | 1 | 2 | 3 | 4 | 5 |
use.

9. I felt very confident using Deep Reveal. 1 [ 2 ]3] 4] 5]

10. I needed to learn a lot of things before I | 1 | 2 | 3 | 4 | 5 |

could get going with Deep Reveal.

Workload

How mentally demanding was Deep Reveal?

(o |t [2[3[4[]s5[6[]7]8]9]10]
Very Low Very High
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How strenuous was it to use Deep Reveal?

(o |t [2[]3[4[]5[6[7[8]9]10]
Very Low Very High

How hurried or rushed was the pace of the game?

o fJr 234567 [8]9]10]
Very Low Very High

How successful were you in playing Deep Reveal?

Lo v 21345 [6][7[8]9]10]
Perfect Failure

How hard did you have to work to accomplish your level of performance?

(o |t [2[3[4[]5]6][7[8]9]10]
Very Low Very High

How insecure, discouraged, irritated, stressed, and annoyed were you?

o r 2134567 [8]9]10)]
Very Low Very High

Feedback

1. Which of the following would you consider to be the weak points of the game?
(Multiple choices allowed)
A. Gameplay B. Graphics C. In-game images D. Score system

E. Adding characteristics F. None of the above G. Other:

2. How did you find the overall experience? 1 [ 2 ]3] 4] 5]

3. Additional feedback (Optional)
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