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Abstract

The opaque nature of machine learning systems has raised concerns about
whether these systems can guarantee fairness. In addition, ensuring fair decision-
making requires that multiple perspectives of fairness be considered. Currently,
there is no agreement on the definitions, the facilitation of shared interpretation
is difficult, and there is a lack of a unified formal language to describe them.
Current definitions are implicit in the operationalization of systems, making
them difficult to compare. In this thesis, we discuss how to make fairness
actionable, providing concrete tools for that. We provide not only concep-
tual elements to model and abstract problems of fairness, but also a technical
framework and a description language.
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Sammanfattning

Att göra rättvisa handlingsbart

Den opaka naturen hos maskininlärningssystem väcker oro kring om dessa
system kan garantera rättvisa. Dessutom kräver rättvis beslutsfattande att
flera perspektiv p̊a rättvisa beaktas. För närvarande finns det ingen enighet
kring definitionerna, vilket försv̊arar delad tolkning, och det saknas ett en-
hetligt formellt spr̊ak för att beskriva dem. Nuvarande definitioner är in-
byggda i hur systemen används, vilket gör dem sv̊ara att jämföra. I denna
avhandling diskuterar vi hur rättvisa kan göras praktiskt tillämpbar och till-
handah̊aller konkreta verktyg för detta. Vi erbjuder b̊ade konceptuella element
för att modellera och abstrahera rättviseproblem samt en teknisk ram och ett
beskrivningsspr̊ak.
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Julian Alfredo Mendez. Ethical implications of fairness inter-
ventions: what might be hidden behind engineering choices?.
Ethics and Information Technology, volume 24, issue 1, article 12,
Springer 2022. DOI:10.1007/s10676-022-09636-z

Paper II Andrea Aler Tubella, Dimitri Coelho Mollo, Adam Dahlgren
Lindström, Hannah Devinney, Virginia Dignum, Petter Eric-
son, Anna Jonsson, Timotheus Kampik, Tom Lenaerts, Ju-
lian Alfredo Mendez, and Juan Carlos Nieves. ACROCPoLis:
A Descriptive Framework for Making Sense of Fairness. In
FAccT ‘23: Proceedings of the 2023 ACM Conference on Fair-
ness, Accountability, and Transparency, pages 1014–1025, 2023.
DOI:10.1145/3593013.3594059

Paper III Julian Alfredo Mendez, Timotheus Kampik, Andrea Aler Tubella,
and Virginia Dignum. A Clearer View on Fairness: Visual and
Formal Representation for Comparative Analysis. In Florian West-
phal, Einav Peretz-Andersson, Maria Riveiro, Kerstin Bach, and
Fredrik Heintz, editors, 14th Scandinavian Conference on Artifi-
cial Intelligence, SCAI 2024, pages 112-120. Swedish Artificial
Intelligence Society, June 2024. DOI:10.3384/ecp208013

Paper IV Julian Alfredo Mendez. Soda: An Object-Oriented Functional
Language for Specifying Human-Centered Problems. arXiv.
DOI:10.48550/arXiv.2310.01961

Paper V Julian Alfredo Mendez, Timotheus Kampik. Can Proof Assistants
Verify Multi-Agent Systems? Presented at the 21st European Con-
ference on Multi-Agent Systems, EUMAS 20241.

1 The submission will undergo another review cycle before inclusion in the post-proceedings.

ix

https://doi.org/10.1007/s10676-022-09636-z
https://doi.org/10.1145/3593013.3594059
https://doi.org/10.3384/ecp208013
https://doi.org/10.48550/arXiv.2310.01961


x



Contributions

• Paper I: I am one of the four equally contributing authors. I participated
in all the discussions, participated in the overall writing, and my main
contribution was in the design and implementation of the testing software
that proves the point of the paper.

• Paper II: I am one of many equally contributing authors. I was in the
initial group that started the article and presented my ongoing research
on formalizing fairness at our initial meeting. I contributed to the con-
ceptual framework starting from different directions (e.g. logic-oriented,
engineering-oriented). I also contributed to the example presented in the
paper and the overall writing.

• Paper III: I am the main author in the development of the concept and
execution of paper under supervision. This paper evolved from my re-
search prior to Paper II, but combined its results, together with those in
Paper IV.

• Paper IV: I am the sole author, especially in the design and conception,
and the sole contributor to the underlying open source software, without
substantial supervision.

• Paper V: I am the main author in the writing and the developer of the
implementation and its formal proofs.

xi



xii



Contents

1 Introduction 1
1.1 Responsible AI 2
1.2 Fairness in AI 2
1.3 Formalizing Fairness 3
1.4 Implementing Fairness 6
1.5 The Need for Meta-Models of Fairness 9

2 Discussion of the Included Papers in the Context of the Thesis 11
2.1 Paper I 12
2.2 Paper II 13
2.3 Paper III 13
2.4 Paper IV 14
2.5 Paper V 15

3 Future Work 17

Paper I 27

Paper II 41

Paper III 55

Paper IV 67

Paper V 81

xiii



xiv



Chapter 1

Introduction

Artificial intelligence (AI) is a field of study whose results have been applied
to automate decision-making processes, such as those related to job applica-
tions, credit scoring, and criminal justice. AI-based technology can be found in
web search engines, recommendation systems, human speech processing, self-
driving cars, generative tools, and strategy games. However, society has raised
several concerns regarding AI, including issues of bias and fairness, as AI sys-
tems can inadvertently perpetuate existing prejudices present in their training
data. There are also privacy concerns, as AI often requires large amounts
of personal data to function effectively, and the lack of transparency in AI
decision-making processes can make it difficult to understand and challenge
outcomes. The potential for job displacement due to automation, the ethical
use in surveillance and military applications, and the concerns about long-term
impact of AI on human autonomy are also topics of concern, which go beyond
the specific application in actionable fairness.

The prevalence of AI applications has significant implications [18] as the
computational capabilities of machines progress. Fairness is hard to define,
and even once having a definition of fairness, it is difficult to apply to differ-
ent contexts. Making fairness actionable helps satisfy the need for society to
assimilate and manage the growth of AI-based technologies, with a paramount
emphasis on maintaining ethical values and responsibilities [19].

This thesis explores the challenges and limitations that exist when making
fairness actionable. In particular, the four papers presented in this thesis are
aimed at answering the following research questions:

1. What challenges are encountered when attempting to operationalize fair-
ness? (Paper I and II)

2. What methods can be employed to make the formalization of fairness
usable in real applications? (Paper II and III)

3. How can we move from a conceptual model of fairness to formalizations
and instantiations? (Paper III, IV, and V).

To answer these questions, we analyze the characteristics of the challenges,
tools available, our proposed tools, and limitations of our techniques.
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1.1 Responsible AI

With the rise of AI-based technologies, responsible AI is a topic that demands
increasing attention. AI is found in medicine, finance, law, security, and enter-
tainment, to mention some of the fields that impact society. Image recognition
can be used to detect cancerous cells in digital images, or for face recognition,
for security purposes. Prediction can be used for the assessment of financial
risk or criminal risk. Conversational bots can be used to provide relevant in-
formation with respect to specific questions, or for leisure. However, questions
like “Should AI be applied for that purpose?”, or even, “Should society de-
velop that kind of technology?” are questions that society-wise are difficult to
answer. These issues highlight the relevance of a functionally responsible use
of AI technology.

We can define responsible AI as the practice of creating, using, and deploy-
ing AI and machine learning technologies in an ethical manner. It is a response
to the growing influence of AI in various aspects of society, from healthcare and
finance to law enforcement and transportation. It involves a set of principles
and regulations intended to ensure that AI systems are designed and operated
with a satisfactory understanding of their effects on people, society, and the
environment.

Responsible AI comprises a number of interrelated concepts. One of the
most visible of them is the concept of fairness. Fairness is mentioned directly
or indirectly as one of the core principles for ethical AI. A comprehensive
evaluation of fairness approaches is discussed in [5], which provides practical
guidelines to mitigate bias in AI systems. This study is expanded in [55] by
addressing ethical, legal, and social challenges, focusing on the interdisciplinary
nature of fairness in AI. Further mitigation strategies are deepened in [23] with
focus in fairness. In [26], a criticism of the existing AI ethics guidelines is
given, and also recommendations for improvements to enhance their effective-
ness. The United States Department of Defense (DoD) manifests the principles
to consider when developing and deploying an AI system [17], and lists that AI
systems should be responsible, equitable, traceable, reliable, and governable.
Jakesch et al., in their review of worldwide principles, mention principles such
as transparency, fairness, safety, accountability, privacy, autonomy, and perfor-
mance [33]. In Section 1.2, we discuss how fairness in AI can be described.

1.2 Fairness in AI

The importance of fairness in machine learning and AI systems is widely ac-
cepted. There is an ongoing academic discussion about how to decide on the
appropriate definition of fairness and how to address the conflict between fair-
ness and model effectiveness. Fairness is often considered a property related
to the allocation of resources in formal systems and is frequently studied in
the context of distributed systems [24, 38]. Fairness is a key element in the
development of ethical models in various contexts, such as healthcare, law, and
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banking. This becomes more relevant considering the increasing awareness of
how bias can be incorporated and amplified in AI models [44, 45]. Evaluating
fairness from a modeling point of view requires understanding of how to iden-
tify and quantify the extent of unwanted bias, which may lead to prejudice and
ultimately to discrimination.

Ensuring fairness given an already biased AI model or data set requires
mitigating bias. Bias can be introduced for many reasons [44], such as data
collection methods, feature measurement, and considered evaluation bench-
marks. We can mention three methods to mitigate bias at different points in
the processing of the data. Pre-processing involves modifying the training data
before it is used to train the model [16]. The goal is to reduce or eliminate bias
in the data itself [6]. In-processing compensates for bias during its processing,
and can be used during model training by including changes to the objective
function or by enforcing a constraint [6, 7]. Post-processing adjusts the results
after the data have been processed [16], and the labels are reassigned based on
a function during the post-processing phase [6, 7].

One of the relevant problems studied in the literature is fairness criteria
for credit scoring. It is a very tangible use case where the quantification of
attributes plays a decisive role, it is highly automated, and it can be algo-
rithmically determined to some extent. The authors in [40] list algorithmic
approaches to include fairness objectives in the development process of the
machine learning model. They empirically compare various fairness proces-
sors in a profit-oriented credit scoring context using real-world data. Their
goal is to provide a comprehensive overview and organization of fairness crite-
ria and fairness processors that have recently been created and to assess their
suitability for credit scoring through empirical testing. They include an imple-
mentation with the experiments they ran [41, 39]. The authors examine both
in-processing and post-processing techniques that prioritize group fairness and
individual fairness, respectively. The quantitative nature of the credit score is
a relevant example of mechanical techniques to ensure fairness, as intended to
achieve with the research questions.

1.3 Formalizing Fairness

Formalizing fairness can lead to a more transparent understanding of how to
obtain fairer situations, which can benefit the individuals involved and the
groups they represent. Although it is challenging to make it actionable, for-
malizing fairness and automating fairness verification [1, 2] is relevant, as is
finding a suitable definition of fairness in mathematical terms. Several quan-
tifiable definitions have been discussed [20, 27, 34, 37], encompassing several
legal, philosophical, and social perspectives. Different interpretations and im-
plementations of fairness may harm the groups they try to protect [15] or do
not consider intersectionality, when an individual belongs to multiple under-
privileged groups [37].
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Some relevant definitions and interpretations of fairness must be consid-
ered, especially the distinction between individual fairness and group fairness.
The former protects each individual by aiming at treating them similarly inde-
pendently of the individual characteristics. The latter protects underprivileged
groups with sensitive characteristics by aiming to have parity on average [14].

Example 1 (Group fairness vs. individual fairness). Let us recap the defini-
tions of individual fairness and group fairness. At an individual level, fairness
can be defined as if two individuals are similar with respect to a particular
property, they should receive similar outcomes. At a group level, fairness de-
mands the existence of parity between different protected groups. These groups
are defined by protected attributes, such as gender, skin color, and ethnicity,
and statistical parity aims at ensuring equal outcomes for members of different
protected groups.

These two concepts can be in conflict. For example, if two individuals
with similar properties receive significantly different outcomes because they
are members of different protected groups [9]. Metrics like equality of odds
and equality of opportunity can be used to manage these conflicts. These
metrics aim to ensure that equally qualified individuals across different groups
are equally likely to receive the same outcome.

To put this into context, let us consider two individuals, Alice and Bob, who
apply for a loan. Let us suppose that they have similar credit scores, incomes,
and employment histories. In the context of individual fairness, a fair model
should approve a loan for Alice if and only if the model approves the loan for
Bob.

For group fairness, let us consider a property that should be independent
of creditworthiness of an individual, for example, the year of birth. Let Group
A and Group B be two groups of individuals born in even and odd years,
respectively. If a model is fair with respect to group fairness and if 60 % of
the applicants in Group A get their loan approved, then approximately 60 %
of the applicants in Group B should get their loan approved.

In Paper III, we present an effective tool to check if instances comply with
individual or group fairness, according to their metrics. Thus, the criteria can
be expressed as configurations of a framework for instance checking.

A review of how fairness is defined in the field of machine learning for the
purpose of prediction is discussed in [25]. The authors compare these definitions
with the concepts of distributive justice in the social sciences. They also provide
theoretical and empirical critiques of the ideas of fairness in the social sciences
literature and assess their suitability for certain domains.

Game-theoretic approaches to formalizing fairness can be seen in [43], where
the authors discuss how to obtain a fair exchange. The authors define a fair
exchange when all parties get exactly the good they requested, or no good has
been transferred at the end of the exchange. The cost of a trusted third party
to guarantee fairness must also be included in the transaction. We present a
different approach for recommendation systems in Example 2.
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Example 2 (Fairness and recommendation systems). In recommendation sys-
tems, a recommendation is given to the user as a suggestion to follow. In
streaming services, news providers, and online advertising, recommendation
systems use feedback to evaluate how successful a recommendation was. This
framework works similarly to the multi-armed bandit (MAB) framework, where
each arm is a possible choice.

A one-armed bandit is another name for a slot machine, a gambling machine
that has a single handle and “steals” money from losing players. In probability
theory and machine learning, the multi-armed bandit (MAB) problem is a
problem in which one of multiple fixed choices are selected, the properties of
each choice are only partially known at the beginning, and they may be better
understood later. A characteristic of this problem is that choosing an arm does
not affect the properties of the other arms. The notion of regret for the MAB
framework is discussed in [4], and it can be applied to similar scenarios.

Let us assume that for options a, b, c in a given state e, there are different
probabilities of an equally valuable reward for a, b, c. This can be expressed by
an average utility u, for example u(a) = 100, u(b) = 50, and u(c) = 0.

In that case, let us consider the following strategies:

• “Optimal”: it always obtains a reward by choosing the a option;

• “Fair”: it chooses the reward considering frequency “For an interval I,
eventually b and c, otherwise always a;

• “Fairness in proportion”: “a twice as often as b, never c”.

Let us specify the criteria above, given a finite set of options A, a finite
sequence of events (ei), 1 ≤ i ≤ n, which we call an interval of events I, ei ∈ A,
a utility function, u : A → R, and S : P(I) → R defined as

S(I) =
∑

1≤i≤n

u(ei)

For the “Optimal” criterion, the choice would always be to maximize u. We
say that the criterion holds for I if and only if for any I ′, S(I) ≥ S(I ′). Notice
that if more than one option is available, any option works.

This criterion can be checked locally, and each state can be checked inde-
pendently of the other ones. We express it by saying that it holds for I if and
only if for each i, 1 ≤ i ≤ n, ei ∈ {a | ∀x ∈ A : u(a) ≥ u(x)}.

For the “Fair” criterion, we need a global check to ensure the compliance
of the interval, and a local verification is not enough. We say that the criterion
holds if and only if:

i. at least one of the options is chosen along the whole finite sequence I,
and

ii. the utility is maximized, considering the previous restriction

5



An interval I = (ei), 1 ≤ i ≤ n, satisfies the first part if

A ⊆ {ei | 1 ≤ i ≤ n} (1.1)

For the “Fairness in proportion” criterion, a local verification is also not
enough. The idea behind this is that the frequency is proportionally related to
the utility. We define the function L : P(I) → N0 as the length of an interval
I, and C : P(I) × A → N0, which counts the number of occurrences for each
option a ∈ A, and each interval I. We work with a tolerance τ ∈ R to define
an approximate equality ≈τ , which says that for x, y ∈ R, x ≈τ y if and only
if | x− y |< τ . We say that the criterion holds for I if and only if

C(I, a)

L(I)
≈τ

u(a)∑
b∈A u(b)

(1.2)

In Example 2, three strategies are discussed which would produce different
outcomes, according to what is defined as fair. The definition of fairness is
a choice to determine what is fair for the given context, and even formal ab-
stractions can have many definitions of fairness that can be applied in different
application areas. In the following, we discuss the challenges of implementing
varied definitions of fairness.

1.4 Implementing Fairness

A document written in natural language can describe a rigorous definition
of fairness, but implementing such definition requires technical details to be
executed in real-world scenarios.

The implementation of fairness constraints plays a crucial role in opera-
tionalizing fairness for machine learning and AI systems. Fairness constraints
refer to the specific requirements and criteria that algorithms and models must
fulfill to ensure equitable outcomes for different demographic groups and indi-
viduals. These constraints can be integrated into the design of AI systems,
where they drive the learning process to mitigate bias and discrimination.
Implementing such constraints requires a balance between achieving fairness
objectives and preserving the performance and utility of the model. The im-
plementation of effective fairness constraints is essential for building AI systems
that have ethical and legal standards that contribute to responsible AI systems.

Different fairness constraints from the existing literature have been adapted
to economics markets [48]. The authors also analyze the effects of these con-
straints on those who benefit and those who are disadvantaged, as well as
how much properties such as Pareto optimality, envy-freeness, and incentive
compatibility are maintained.

Pareto optimality, also known as Pareto efficiency, is a concept in economics
that describes a state where resources are allocated in such a way that it is
impossible to make an individual better off without making at least another
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individual worse off [53]. Envy-freeness is a criterion for fair division. It states
that when resources are allocated between people with equal rights, each person
should receive a share that they perceive to be at least as good as the share
received by any other person [12, 8]. Incentive compatibility is a concept in
game theory and economics that refers to a state where all participants can
achieve the best outcome for themselves simply by selecting its natural action,
which is the action that would maximize the performance of the participant if
there were no competition [54].

Example 3 (Envy-freeness vs. equality). Let us discuss a tangible example
of envy-freeness. For that, we need to distribute a resource between different
actors, with possibly different preferences for the possible different parts of the
resource. Let us say that there is a small Neapolitan ice cream cake (the re-
source) that is to be completely distributed between Alice, Bob, and Charlie
(the actors). The cake is made in three equally thick layers of vanilla, straw-
berry, and chocolate ice cream. A possible equal distribution of the cake would
be that each of the actors received a third containing the same amount of the
three flavors. This distribution would be equal, and it would also be envy-free,
because all pieces are equivalent.

Let us assume that Alice, Bob, and Charlie express that they would eat only
their favorite flavor, which is chocolate, vanilla, and strawberry, respectively.
The three of them would actually eat a third of what they receive, and the
above distribution is still envy-free. However, if the pieces contained different
amounts of the three flavors, the actors may prefer some pieces instead of other
ones. In this case, the distribution could be equal in quantity, but not envy-free.
Conversely, if the layers of the cake were of different thicknesses, distributing
only their favorite flavor to each actor would be envy-free, but it would not
represent an equal distribution.

The framework presented in Paper III allows to configure different scenarios
where the actors’ preferences are taken into consideration when evaluating a
fair distribution. In the framework, it is also possible to combine different
preferences. Continuing with the example, the preference function could be
more complex. For example, each actor could prefer to eat an amount of their
favorite flavor only if what they would receive is not less than half what they
would receive from a different flavor.

We can compare both scenarios by looking at their utility function. Let us
assume that we are given a set of actors Ac and a set of resources R. In the
case of equality, the utility function does not depend on the actor:

u : R → R

In the case of envy-freeness, we consider a utility function that depends
on the actor. This utility function represents how good a distribution is with
respect to the actor. The function can be defined as:

u : Ac×R → R

7



The analysis in [48] notices that some constraints provide limited assur-
ance in terms of who is advantaged or disadvantaged by their implementation.
The authors explain how to algorithmically find equilibria for Fisher markets,
which are markets where budget-constrained buyers compete for items that are
scarce [21].

The automation of fairness verification is discussed in Paper III, where we
build a pipeline that uses Pearson’s correlation to detect false positives in a
trained model. A similar construction can be designed to automatically detect
deviations from the formulas provided by [48] in an online environment at
runtime.

A different approach is discussed in [42], where the authors propose an op-
erationalization of individual fairness that does not require a human definition
of the distance metric. Instead of relying on traditional methods, the authors
suggest new ways to acquire and use information about individuals who are
equally worthy of attention to reduce the gap between social groups. They
model this knowledge as a fairness graph and develop a unified Pairwise Fair
Representation (PFR) of the data that captures both the data-driven similar-
ities between people and the pairwise side information in the fairness graph.

The specifics and contexts where an AI system is deployed may require han-
dling mutually incompatible definitions of fairness. This is considered in [49],
where the authors discuss the AI fairness framework developed by LinkedIn,
which distinguishes between equal treatment and equitable product expecta-
tions, rather than forcing a compromise between them. The article provides
instructions for implementing equal AI treatment and is supported by prin-
ciples demonstrated in a case study, examining the gender breakdown among
different groups.

The authors’ conclusions in [49] agree with our conclusions presented in
Paper I, where we state that addressing AI fairness issues is complicated by
the question of whether it is acceptable to use demographic information to
reduce AI bias, and how to use it accurately. This is a consequence of the fact
that privacy and fairness compete, one at the cost of the other [13]. The authors
in [49] remark that it is essential to investigate alternative mitigation methods
that do not require the use of demographic information, as that should be the
preferred option. However, failing to address bias can have serious repercussions
in the real world, and when making a decision on how to mitigate bias, one
must consider the cost of not taking action.

The difficulties in measuring fairness are highlighted in [31], where the au-
thors remark that computer systems often have unobservable properties that
need to be inferred from measurements of observable properties. They at-
tribute many of the harms associated with fairness in computational systems
to discrepancies between the system and the environment. They demonstrate
how some of these harms could be foreseen and, in some cases, reduced if a
system is examined through the perspective of measurement modeling. They
propose that the current discussions concerning fairness definitions are not ac-
tually about different operationalizations, but rather about different theoretical
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interpretations of fairness. They show how measurement modeling can be used
to get to the heart of these debates. This agrees with our position in Paper III,
where we propose using a formal representation to agree on the understanding
of fairness for a given scenario, rather than just a specific operationalization.

1.5 The Need for Meta-Models of Fairness

Determining whether something is actually fair requires a clear definition of
what could be considered fair. Fairness is meaningful only related to the context
in which it is considered, and in order to evaluate a definition of fairness, it is
necessary to determine the parts involved. That was our purpose in Paper II,
in a generic approach, and in Paper III, in a more technical approach, where
we also provide a metamodel.

Although there are multiple interpretations of fairness in the literature,
there has been limited research to link them together and compare them. This
research gap presents an opportunity for our technique, which facilitates for-
malization and comparison. The prerequisites, causes, and goals to formalize
human principles for AI are discussed in [32]. The authors base their studies
on analyzing the concept of trust in AI, and they point out the negative conse-
quences of excessive trust in AI. They present a model of trust based on trust
between people (interpersonal trust), considering the vulnerability of the user
and the ability to anticipate the impact of an AI model decision. If an AI model
is highly accurate and assuming predictability works in favor of accuracy, the
user can trust it. For example, an AI-based triage and diagnosis system, as
proposed in [51], should have these properties. In contrast, if an AI system
cannot do harm, its predictability becomes less relevant.

A formalization of ‘contractual trust’ and ‘trustworthiness’ is also included
in [32], and it helps to define ‘warranted’ and ‘unwarranted’ trust. The au-
thors, as in our formalization for fairness in Paper II and Paper III, have a for-
malization that is open to different configurations, and establish a connection
between trust and explainable AI (XAI) using such formalization. Examples of
critical situations where AI needs to be especially scrutinized include evading
shutdown, hacking computer systems, running many AI copies, acquiring com-
putation, attracting earnings and investments, hiring or manipulating human
assistants, conducting AI research and programming, persuading and lobbying,
hiding unwanted behavior, appearing aligned, and escaping containment, used
in various domains like research and development, manufacturing and robotics,
and autonomous weaponry.
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Chapter 2

Discussion of the Included
Papers in the Context of the
Thesis

In this chapter, we discuss how the included papers are interrelated. We start
by presenting a layered framework in Figure 2 which we use in the automation
process to make fairness actionable.

�� ��Social Fairness Desiderata

↓
(human interpretation)

↓�� ��Graphical Specification of Fairness

↓
(compiles to)

↓�� ��Declarative Language-based Specification

↓ ↓
(code for) (code for)

↓ ↓�� ��Proof Checker
�� ��Mainstream Application Development

Figure 2.1: This depicts a layered framework that we propose to make fairness
actionable, and the relation between these layers.

The top layer, Social Fairness Desiderata, refers to the desired principles or
criteria that aim to ensure fairness in a social system, especially in the context
of decision-making to achieve outcomes that are morally appropriate for the
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individuals involved. In the realm of artificial intelligence, fairness desiderata
might include avoiding population separation, or ensuring that interventions do
not disproportionately benefit or harm specific groups [52]. These principles
are mainly discussed in Paper I and Paper II.

Through human interpretation of the desiderata, it is possible to reach the
second layer, the Graphical Specification of Fairness. This layer aims at being
understood by a large population, even without a technical background. The
schematic connection of conceptual boxes is conducive to a train of thought that
describes formal rules. This graphical representation is sketched in Paper II
and deeper developed in Paper III.

The graphical specification can be directly compiled to a Declarative
Language-based Specification, which is the third layer. This layer is expected
to be understood by a person with technical background, like a software devel-
oper or a data scientist. The declarative nature preserves the prioritization of
clarity and readability over efficiency, providing higher reusability and main-
tainability. This is partially discussed in Paper III and mainly developed in
Paper IV and Paper V.

The fourth layer is the layer closest to the machine in Figure 2. It is
realized by two main outcomes: the formally verifiable pieces of code (Proof
Checker) and the ready-to-integrate piece of code (Mainstream Application
Development). As we discussed in Paper IV, this layer is mostly populated by
a translation to Lean 4 as proof checker, and Scala 3 as mainstream software.
Scala has the additional advantage of compiling to and accessing the Java
Virtual Machine, and connecting to the vastly populated Java ecosystem.

2.1 Paper I

The paper is motivated by the need to ensure fairness in machine learning
models. It discusses the difficulties of finding appropriate fairness definitions.
It proposes that seemingly technical decisions, such as the choice of debiasing
technique, encompass ethical implications. Thus, they have a different effect on
different people, and therefore there are underlying ethical implications. This
proposition is supported by experiments using state-of-the-art tools.

We used the German Credit Dataset [28] as a starting point, which contains
personal data that is used to assess whether an individual can get a loan or
not. Since we were unable to find a significant bias in that dataset, we in-
troduced synthetic bias and created a slightly modified version of this dataset
with controlled bias.

After adding bias, we used Fairlearn [56] and AIF 360 [30] to measure
and mitigate data bias. The experiments [3] proved our point and we showed
how adversarial debiasing, a technique of in-processing debiasing, and rejection
option classification, a technique of post-processing debiasing, affected different
data points, which in turn affect different individuals.

12



We can mention some of the debiasing techniques available in the literature1:

• Adversarial debiasing [57] is an in-processing technique that trains a
classifier to maximize prediction accuracy and at the same time reduce an
adversary’s ability to determine protected attributes from the predictions.

• Disparate impact remover [22] is a preprocessing technique that ad-
justs featured values and increases group fairness while preserving rank-
order within each group.

• Prejudice remover [36] is an in-processing technique that adds a
discrimination-aware regularization component into the learning goal.

• Reject option classification [35] is a postprocessing technique that
gives favorable outcomes to unpriviliged groups and unfavorable outcomes
to priviliged groups within a confidence band around the decision bound-
ary with the highest uncertainty.

• Reweighing [35] is a preprocessing technique that weights the examples
in each ⟨ group, label ⟩ pairing differently to guarantee fairness before the
classification process.

2.2 Paper II

This paper presents the ACROCPoLis framework to represent allocation with
an emphasis on fairness aspects. Fairness is crucial for responsible AI systems,
and a large number of frameworks and formal notions of algorithmic fairness
exist for that. The framework is based on a conceptual analysis that is es-
pecially useful for comparing analogous situations, highlighting differences in
various scenarios, and improving alignment with human values. Paper II in-
troduces a grammar for fairness assessments by providing a shared vocabulary
to make explicit the factors relevant within fairness statements, describing dif-
ferent situations and procedures, including the relevant relationships between
them.

Making fairness actionable with the framework is not an immediate task.
While the versatility of the entities we have introduced makes the framework
highly flexible, its practical application in real world AI application may not be
straightforward. The fine-tuning application of this model is left to a human
expert, who interprets the meaning of the entities for a given scenario.

2.3 Paper III

This paper presents a notation and technology, the Tiles framework [46], that
aims at facilitating the proper configuration of a definition of fairness. Tiles is a

1 https://aif360.readthedocs.io/en/stable/modules/algorithms.html
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highly configurable system for modeling a definition based on interconnectable
blocks. These blocks are called tiles, and each tile has an identifier, an input,
and an output, notated as follows:�� ��input function output

The visual presentation of its blocks enhances readability, and each tile is
functionally encoded in concise and maintainable code fragments. The main
purpose of this notation is to have a direct presentation of a definition of
fairness, to be able to compare different definitions of fairness, and to keep,
nevertheless, a rigorous notation.

Although a variety of tiles can be shared in different fairness scenarios, new
tiles need to be customized according to general guidelines, called the AcRO-
MAgAt framework. This framework denotes the main entities participating in
a fairness scenario, and determine the conditions to create and connect tiles.

The AcROMAgAt framework is based on a tuple which components are
actors (Ac), resources (R), the outcome of a distribution (O), a set of measures
(M), aggregation functions (Ag), and attribute functions (At), i.e.

Fc = ⟨Ac,R,O,M,Ag,At⟩.
A significant feature of Tiles is that each tile is a functional piece of code,

rather than a procedural one. When describing rules, functional definitions are
descriptive of what they are instead of how they are computed.

A limitation of Tiles is that there are no established tools for both gen-
erating and linking these tiles at the moment. Therefore, an expert needs
the involvement of a developer to build the individual tiles and establish their
connections.

2.4 Paper IV

Current technology has achieved a degree of complexity that creates a gap
between humans and machines. To bridge this gap, it is necessary to provide
tools for the transparency and reliability of systems. This is paramount when
developing and using technologies that have relevant ethical consequences. A
language that helps to bridge this gap needs to be a compromise between
providing a high-level vision of a system that can let humans understand how
a system works, and with a low-level precision provided by verified systems. In
essence, this language builds a connection between what a system is supposed
to do and what it is actually doing.

This paper presents Soda, a simplified object-oriented functional specifica-
tion language that captures many of the virtues of the most popular program-
ming languages and prevents many of their defects. By design, this language
allows the creation of small functions, which are collected in classes, which in
turn are grouped in packages. It has a small number of operands and basic
types.
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This language is directed to be easily understood, rather than easily pro-
grammed. Soda requires a certain level of maturity with respect to both
object-oriented or modular programming and functional programming. The
lack of proficiency in functional programming can pose challenges when encod-
ing algorithms that involve cycles and mutability, such as the flood fill algo-
rithm. Similarly, without a grasp of object-oriented or modular programming,
classes may become cluttered with an abundance of functions or an excessive
number of parameters, some of which could be more appropriately defined as
constants within the classes.

Although the language itself safeguards against typical human errors, such
as invoking undefined functions or providing incorrect data types, it remains
vulnerable to deliberate misnaming of functions, as the naming convention
serves as their primary reference. Furthermore, since no specific tools are pro-
vided to develop in Soda, step-by-step debugging needs to be done through its
translation to Scala. On the one hand, Paper IV is technically more specific
than Paper III, since it discusses in more detail and rigor the operationaliza-
tion of the upper layer discussed in Paper III. On the other hand, Paper V
applies concepts of Paper IV in an agent-based environment, but aiming at an
execution incorporating formal verification.

2.5 Paper V

Transparency and resilience are valuable properties to empower humans in the
relation to the technology they use, in particular, when this technology affects
their values. The frameworks discussed in Paper II and Paper III, and the
language discussed in Paper IV contribute to this purpose. Paper V adds a
proof of concept of how transparency and resilience can be applied in practice.

Paper V presents the Soda language applied to verification of multi-agent
systems (MAS). It shows how Soda can implement multi-agent systems, inte-
grated into the mainstream software ecosystem, and including state-of-the-art
proof checkers to verify pieces of code. The paper provides a brief introduction
to Soda and its capabilities, as well as a simple example in which its interaction
protocols are designed and verified with Soda.

Some of the important aspects to highlight are that verification is a highly
challenging task. Every detail, regardless of how small it is, needs to be consid-
ered in order to ensure correctness of a piece of code. For example, accessing an
element in a sequence a of size n at a given position i, notated a(i) in Scala, or
a[i] in many imperative languages like Java, needs to ensure that the following
holds 0 ≤ i < n. We envision this as a first step towards a complex practical
tool. The usability of Soda’s formal verification capabilities is subject to a
suitable integration into reusable modules that include Lean proofs for even
the simplest properties.

15



16



Chapter 3

Future Work

The following steps are directed to improve precision and demonstrate useful-
ness. We plan to apply the AcROMAgAt metamodel to additional fairness
definitions to show that it is expressive enough and that it can still instantiate
a wide variety of definitions. We plan to apply it to the YouTube algorithm of
Paper II.

We would like to explore more real-world fairness definitions, placing more
emphasis on group fairness or individual fairness, and to conduct further re-
search on representing group fairness and individual fairness at a meta-level.
To prove applicability on real-world cases, case studies would assess the prac-
tical relevance of AcROMAgAt. Therefore, we can apply AcROMAgAt to a
comparison of conflicting fairness definitions in a real-world context. Our tools
provide formal elements that can be used to verify properties or force con-
straints based on fairness definitions. For example, we could ensure that all
available resources are allocated or that only available resources are allocated.
We could formalize such properties and prove that they derive from the re-
spective definitions of fairness. We plan to provide further advanced support
for implementing and operationalizing metamodels of fairness, as well as for
automated reasoning about fairness models.

We would like to continue the development of Tiles. The framework pre-
sented in Paper III is a proof-of-concept of how to compare different definitions
of fairness. The approach of graphical boxes and diagrams gives a fast and
accurate impression of what decisions made by an algorithm look like. Never-
theless, these blocks are constrained by previous designs.

Most of the diagrams we present for child care subsidy contain instances
where actors are considered in a sequential manner. In other diagrams, streams
represented by the connections between the blocks are easily split and zipped
back, because the split produces streams of the same length. However, applying
filters, like in the case of single guardians, may produce branches of different
lengths. We would like to explore if connecting branches of different lengths
can be done with another approach.

Tiles brings a transparent representation for humans, and we would like
to explore deeper the potentials of formally proving the snippets implement-
ing Tiles. Especially, to elicit patterns and structures that frequently occur
in different blocks. Tiles has snippets programmed in Soda, designed to ex-
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press directly their behavior in a clear and concise way. Formal verification of
programs is very hard, but we believe that small-sized snippets can work as
excellent examples to apply it.

The modular concept of Tiles can be applied to multi-agent systems, where
problems can be solved by communicating multiple interacting intelligent
agents. Agents can connect, for example, to central orchestration system writ-
ten in Soda, where some of its pieces of code are formally verified.

The application domain of verified multi-agent systems is broad, and include
diverse fields like economics and robotics. We would like to investigate how
verified programs are being used or can be improved in the domain of online
trading, and in particular, what challenges and opportunities exist when using
Soda. As shown in Paper V, the possibilities are numerous, and we would like
to have a web-based server with proven pieces of code, that can process online
requests, and we could partially or completely verify the trading protocol.

Different programming languages have been used for multi-agent systems,
and some of them are included in the Prolog family. We can mention AgentS-
peak [50, 10] and Jason [11, 29], for example. Prolog, which has been applied
for artificial intelligence, automated theorem proving, and computational lin-
guistics, is widely used in academic research. Multiple languages have been
designed based on Prolog, like λ-Prolog [47] which has polymorphic typing.
We want to explore the proximity of Soda to the Prolog family, and evaluate
how feasible is to use Soda in contexts where Prolog is used today.

The advent of Soda, a new programming language that can be compiled
for Scala 3 and Lean 4, opens up a world of possibilities. The ability to have
efficient code and prove code snippets brings a new level of rigor and precision
to the field. The visual framework Tiles that can be compiled into Soda opens
a promising view on how we approach coding. We can think of tools to produce
code that is not only efficient and provable but also visually intuitive, bridging
the gap between human interpretation and machine execution. This could lead
to a significant advancement in software engineering, enabling us to have more
accessible and reliable software. The next steps are aimed to: i) mature the
provided tools so that they can be realistically applied to real-world problems
and ii) provide a proof-of-concept of real-world applicability.

18



References

[1] A. Albarghouthi, L. D’Antoni, S. Drews, and A. V. Nori. Fairsquare:
Probabilistic verification of program fairness. Proc. ACM Program. Lang.,
1(OOPSLA), Oct 2017. https://doi.org/10.1145/3133904.

[2] A. Albarghouthi and S. Vinitsky. Fairness-aware programming. In Pro-
ceedings of the Conference on Fairness, Accountability, and Transparency,
FAT* ’19, page 211–219, New York, NY, USA, 2019. Association for Com-
puting Machinery. https://doi.org/10.1145/3287560.3287588.

[3] A. Aler Tubella, F. Barsotti, R. G. Koçer, and J. A. Mendez. Eth-
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Abstract
The importance of fairness in machine learning models is widely acknowledged, and ongoing academic debate revolves 
around how to determine the appropriate fairness definition, and how to tackle the trade-off between fairness and model 
performance. In this paper we argue that besides these concerns, there can be ethical implications behind seemingly 
purely technical choices in fairness interventions in a typical model development pipeline. As an example we show 
that the technical choice between in-processing and post-processing is not necessarily value-free and may have serious 
implications in terms of who will be affected by the specific fairness intervention. The paper reveals how assessing the 
technical choices in terms of their ethical consequences can contribute to the design of fair models and to the related 
societal discussions.

Keywords  AI Ethics · Responsible AI · Fairness · Bias mitigation

Introduction

The increasing use of machine learning models in decision-
making processes has been accompanied in recent years by 
a growing concern about potential ethical hazards, especially 
discrimination that such models may generate. Therefore, the 
need for designing ethical models leading to fair outcomes 

is now widely acknowledged. Accordingly, the development 
of methods to define, measure and ensure fairness in pre-
dictive models is rapidly growing. Many model debiasing 
techniques have been developed in order to equalise predic-
tive outcomes in accordance with various statistical fairness 
definitions, with each technique offering advantages and 
trade-offs in terms of accuracy, use of sensitive data, com-
patibility with different families of models, or development 
stage. Thus, when developing a model, practitioners need to 
make some decisions regarding how and when to introduce 
fairness interventions. These decisions are often taken by 
considering technical and computational implications of the 
available alternatives (Green & Hu, 2018).

This study demonstrates that if these choices are based 
solely on engineering grounds, then relevant ethical con-
siderations affecting human beings may be overlooked. As 
an example, we show that when and how exactly a fairness 
intervention is introduced into the model pipeline can seri-
ously affect who benefits and who is excluded from the posi-
tive impact of such an intervention. The goal is to reveal 
the way in which such an ethical problem may emerge and 
be overlooked (or remain obscure) during the design of 
a fair model via an illustrative example. For this purpose 
we compare two approaches to fair model design, namely, 
in-processing (introducing fairness at training time) and 
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post-processing (modifying already trained classifiers via 
decision-boundary variation).

We show that, while achieving the same levels of fairness 
and accuracy with both debiasing techniques, the individual 
predictions that are modified by each intervention are sig-
nificantly different. This is because the same individual can 
be subject to a different classification outcome due to the 
interplay between specific individual characteristics and bias 
mitigation techniques. Our main conclusion is that in order 
to ensure that a model is designed ethically, it is necessary to 
scrutinize all decisions during the development process (e.g. 
especially those that appear to be engineering decisions).

The paper is organized as follows: Section Fairness and 
bias mitigation introduces fairness definitions together with 
the related ethical challenges identified in the literature, and 
provides an overview of bias mitigation interventions. Sec-
tion Bias mitigation: ethical decisions behind engineering 
choices discusses the effects of alternative bias mitigation 
techniques and reports an experimental study (as illustrative 
example) in the field of credit risk loan application. Sec-
tion Conclusion concludes by highlighting the importance 
of ethical decisions hidden behind engineering modelling 
choices and suggests future research directions. The appen-
dix contains an overview of: i) an index measure we intro-
duce at single data point level to assess the effect of debias-
ing and ii) features considered in the experimental study.

Fairness and bias mitigation

Fairness is one of the fundamental pillars underlying ethi-
cal model design in different contexts, e.g. health, legal and 
banking1 are only a few. Given the growing knowledge on 
how bias can be introduced and amplified in models (Meh-
rabi et al., 2019), this paper focuses on the ethical impli-
cations connected to engineering choices when debiasing 
a model. The goal of building fair models is to prevent 
discrimination - direct or indirect - against individuals or 
groups based on specific sensitive characteristics. In the con-
text of modeling, two aspects are particularly relevant: how 
to formally define fairness and when to enforce it. This sec-
tion describes the importance of fairness definitions in Sec-
tion Fairness definitions: the how and provides an overview 
of the main implications behind bias mitigation techniques 
in Section In-processing and post-processing: the when.

Fairness definitions: the how

Assessing fairness from a modelling perspective requires 
determining how to detect and measure the magnitude of 
undesired bias that can potentially generate discrimination. 
For this purpose, the first decision is to choose a suitable fair-
ness definition in mathematical terms. There are many quan-
tifiable fairness definitions (Dwork et al., 2012; Hardt et al., 
2016; Joseph et al., 2016; Kearns et al., 2018), capturing 
different legal, philosophical and social perspectives. Here, 
so long as one opts for fairness based on parity between dif-
ferent subgroups, there is often a trade-off between fairness 
and model accuracy: there might be cases where a model is 
classified as fair, based on a given fairness definition, at the 
cost of reduced model accuracy (Haas, 2020; Dwork et al., 
2012). Therefore, joint implications of engineering and ethi-
cal decisions may generate a dilemma between: (i) having 
a model that is fair(er) but less accurate or (ii) opting for a 
biased but more accurate model. For this reason, critical 
research has shown how different interpretations and imple-
mentations of fairness may harm the groups they intend to 
protect (Corbett-Davies & Goel, 2018) or may also ignore 
the bias for subgroups that simultaneously belong to several 
protected groups (Kearns et al., 2018). Understanding the 
inherent trade-offs and implications behind a fairness defini-
tion is therefore crucial for organisations and practitioners to 
justify and trace their implementation choices (Binns, 2020). 
However, there is no generic rule to identify a-priori what is 
the best fairness metric in each single case, and several defi-
nitions of fairness are mutually exclusive (Kleinberg et al. 
2016; Dwork et al. 2012; Chouldechova, 2017). The suitabil-
ity of any given fairness definition needs to be determined 
on the basis of the societal norms and expectations regarding 
what is considered fair about the specific issue at stake. In 
this respect, taking into account the intended purpose of the 
model (i.e. provision of a public service or filing an indict-
ment) is important. However, in the final analysis, the funda-
mentally context-dependent nature of what is considered fair 
about a given circumstance remains intact. The advisable 
approach is not to categorically select or discard a particular 
fairness definition a-priori: ethical insights from the social 
environment in which the model would be deployed are the 
key for this decision.

We can distinguish two broad categories of fairness 
definitions: individual fairness and group fairness. Indi-
vidual fairness definitions aim to prevent harm to each sin-
gle individual (e.g. data points in the sample), by ensuring 
that similar individuals would be treated similarly by the 
model regardless of the difference between their sensitive 
characteristics. Group fairness, on the other hand, aims to 
attain parity on average between subgroups such as men and 
women, that are defined based on a sensitive characteristic.

1  The relevance of fairness for modelling is highlighted both by the 
European Commission in (EC, 2019) and by the European Banking 
Authority in (EBA, 2020).
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The illustrative example proposed in this paper is built by 
considering predictive parity2 as group fairness definition 
introduced in (Chouldechova, 2017). This enables to show 
the ethical implications of operationalizing a given fairness 
definition within the model development pipeline. Selecting 
predictive parity is essentially a choice of convenience: the 
wider point we aim to raise is that pitfalls arising from the 
interplay between individual characteristics and mitigation 
techniques will arise regardless of the chosen definition.

In‑processing and post‑processing: the when

The introduction of unwanted bias in models can stem from 
a wide variety of reasons (Mehrabi et al., 2019): data col-
lection methods, features’ measurement, benchmarks for 
evaluation, relative size of different sub-groups, evolution 
of populations and behaviours over time (e.g. accumulated 
prejudices embedded in data) are few examples. In response 
to this wide spectrum of causes, there are multiple tech-
niques to actively “de-bias” models according to different 
fairness definitions. We can distinguish three approaches 
which are differentiated by their ”timing of intervention” 
within the model development pipeline: pre-processing 
methods focus on modifying the data itself, in-processing (or 
algorithm modification) methods include fairness metrics as 
an objective at training time, and post-processing methods3 
consist on taking a trained—possibly unfair—classifier and 
modifying its results to enforce fairness. The paper focuses 
on the last two, by stressing the link between bias mitigation 
and fairness metrics.

The choice of in-processing or post-processing is not 
tied to the specific fairness definition that one wishes to 
implement: both approaches can satisfy the same group 
fairness definition equally successfully. Thus, performing 
bias mitigation via in-processing or post-processing is often 
considered a pure engineering choice. In this light, the two 
approaches represent different answers to the question of 
when to introduce fairness interventions within the model 
development pipeline. Figure 1 provides a simple repre-
sentation of this by reporting a specific sub-portion of the 
model development pipeline. As highlighted in the picture: 
(i) in-processing aims to mitigate bias inside the algorithm, 

before the model output is generated (e.g. training phase), 
ii) post-processing aims to mitigate bias after the algorithm 
produces its outcomes (e.g. validation phase).

The technical differences between in-processing and post-
processing are widely acknowledged. In-processing methods 
allow practitioners to balance the trade-off between model 
performance and fairness by considering them jointly, but 
require opting for specific learning algorithms and applying 
fairness restrictions at an early stage. On the other hand, 
post-processing methods can often be used for any type of 
classifier, after fairness concerns have been identified: in this 
case, the control on the performance/fairness trade-off may 
be lower compared to in-processing, as the original classifier 
cannot be “re-learnt”.

This paper focuses on the trade-off implied at single 
data point level by in-processing and post-processing solu-
tions, highlighting how this might be linked to individual 
characteristics, due to the inherently different logic of the 
two approaches. As the outcomes for individual data points 
can be significantly different, this implementation choice 
can have strong societal and personal implications for dif-
ferent stakeholders. To take this decision in an informed, 
accountable and responsible manner, we therefore highlight 
the importance of exposing ethical decisions hidden behind 
engineering choices. We argue that understanding the trade-
offs and implications of each method at an individual level 
is a necessary step towards responsible implementations of 
statistical fairness.

Fig. 1   Bias mitigation through the model development pipeline: in-
processing vs post-processing. The plot depicts a sub-portion of the 
model development pipeline and highlights: i) fairness interventions 
for each phase (e.g. in-processing vs post-processing), (ii) specific 
instances for each phase (e.g. Adversarial Debiasing, Reject Option 
based Classifier) considered in the paper

2  Predictive parity requires the proportion of true positives within all 
positive predictions to be equal for all groups defined by the protected 
attribute. This prevents the model from having lower precision for 
underprivileged groups.
3  In its essence, post-processing can be seen as a technique based on 
threshold differentiation across different groups, to take into account 
their specific characteristics. This is the approach we also consider in 
this paper for the illustrative example. From a more general perspec-
tive, the scientific literature also proposes post-processing methods 
that consider fine-tuning at single data point level depending on the 
magnitude of the errors (Kim et al., 2019).
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Bias mitigation: ethical decisions 
behind engineering choices

The goal of this section is to show how different bias miti-
gation techniques might raise an ethical concern: alter-
native engineering implementations can imply a different 
treatment for the same data point (e.g. same person in the 
sample) depending on individual (and/or group) charac-
teristics and features’ correlation.

We focus the comparison on two specific instances of 
in-processing and post-processing implementations, respec-
tively: (i) Adversarial Debiasing (AD), (ii) Reject Option 
based Classifier (ROC), occurring at different moments of 
the model development pipeline (Fig. 1). The two methods 
represent only an instance of many, which we consider as an 
example of how the choice of the bias mitigation technique 
brings with it ethical implications down the line.

Section Same person, different outcomes? discusses the 
theoretical overview of the impacts at single data point 
level deriving from alternative fairness interventions and 
Section Experimental study: credit risk loan application 
provides a study on real data in the context of a credit risk 
loan application.

The analysis has illustrative purposes, rather than 
exhaustive. In our view, the choice between these two 
debiasing approaches is a good example of a decision 
which often appears to be of solely technical nature. In 
reality, this choice brings relevant ethical implications that 
should not be overlooked.

Same person, different outcomes?

In-processing and post-processing methods achieve fairness 
through inherently different modifications to a classifier. On 
the one hand, in-processing requires incorporating a particu-
lar definition of fairness into the optimization process either 
directly as an additional constraint within the objective func-
tion or by means of adversarial learning. Both cases aim to 
optimize accuracy and fairness simultaneously. For this pur-
pose they reduce the weight of those features which (implic-
itly or explicitly) give protected attribute information so as 
to render protected attribute information irrelevant for the 
predictions (Zafar et al., 2019; Donini et al., 2018; Komiy-
ama et al., 2018). In their essence, in-processing methods try 
to make the protected attribute information conveyed by data 
points irrelevant for the classification outcome: the extent 
to which a given data point carries the protected attribute 
information in its features is crucial for determining how 
in-processing methods would affect that data point.

Conversely, since post-processing methods may only 
modify an already trained classifier, these methods are 

focused on selecting which predictions to modify to verify 
the desired definition of fairness (Hardt et al., 2016; Cor-
bett-Davies et al., 2017). In its essence, post-processing 
can be seen as a form of threshold differentiation across 
different groups. This is also the approach we consider in 
the paper for the illustrative example: the extent to which a 
data point would be affected by post-processing is explic-
itly linked to group membership but does not require to 
carry on implicit information about it.

We show that these two distinct intervention choices 
(i.e. training time vs validation time depicted in Figure 1) 
can generate fundamentally different classifications for the 
same individual data point while operationalizing the same 
fairness definition. Therefore the choice between these two 
approaches is a good example of a decision which may 
appear to be of solely technical nature while having ethi-
cal implications.

In practice, since in-processing methods involve avoid-
ing the use of protected attribute information embedded 
in several features in a latent form, the individual data 
points whose classification is modified are precisely those 
for which protected attribute information can be inferred 
from the correlations between their features. Consider the 
case of an in-processing intervention to enforce a notion 
of group fairness between Group A and Group B. Even 
though the information about group membership may be 
explicitly included in the dataset, in a real world dataset 
group membership could also be related to a number of 
other features, which can serve as proxy variables. Given 
the in-processing goal of reducing the weight of group 
membership on classification, the weight of all features 
which bear a strong correlation with group membership 
in the dataset will be reduced. What can we then expect at 
single data point level? Most of the data points that will 
have their prediction modified by the fairness intervention 
are those who exhibit features strongly correlated with the 
characterization of group membership in the dataset. In 
other words, those individuals who share many features 
with other individuals belonging to Group A or Group B 
as they are represented in the training set.

Let us now consider an equivalent fairness intervention 
at a post-processing stage. Since post-processing meth-
ods consider already trained classifiers, their focus is on 
modifying the classifications of specific inputs to satisfy 
fairness conditions. The set of inputs whose classification 
is modified is chosen in such a way that there are differ-
ent classification thresholds for different classes of inputs. 
This set is different for each post-processing method (e.g. 
the points whose decision is modified can correspond to 
data points with low-confidence classifications, or to data 
points with a certain label or classification). In general, 
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the choice of the inputs who see their classification modi-
fied does not directly depend on the dataset features, but 
rather on the decision threshold of the original classifier4. 
Consequently, the data points who see their classification 
modified by post-processing interventions are completely 
pre-determined, regardless of whether they exhibit features 
strongly correlated to group membership in the dataset5.

Adversarial Debiasing and reject option classification

This subsection discusses the comparison between alterna-
tive approaches (Figure 1) in terms of their potential ethi-
cal consequences by means of two common methods: (i) 
Adversarial Debiasing (AD) for in-processing (Zhang et al., 
2018), (ii) Reject Option based Classifier (ROC) for post-
processing (Kamiran et al., 2012).

Adversarial Debiasing is based on training two func-
tions simultaneously: a predictor that assigns predictions 
to each input and an adversary that tries to guess the pro-
tected attribute information by using the outcome of the 
predictor. The objective of the predictor is to make accurate 
predictions while thwarting the adversary, meaning that the 
protected attribute cannot be guessed from the predictions. 
In this dynamic, making predictions independently from 
the protected attribute enables the predictor to succeed in 
both goals. Predictions are made in such a way that pro-
tected information implicitly embedded in the dataset are 
not betrayed. Thus the extent to which a given data point 
contributes to the emergence of such an implicit information 
pattern through its features is crucial for the way in which 
this point will be treated by AD.

Reject Option Classifier is based on the idea that bias 
is most likely to ‘happen’ close to the decision boundary, 
i.e. when classifications are most uncertain. Consequently, a 
strip around this boundary is marked and the classifications 
from the original model that fall into this critical region are 
modified according to a particular rule. The rule assumes 
that the protected attribute allows us to distinguish an under-
privileged group and a privileged group (such as women and 
men defined by gender). All those data points belonging to 
the unprivileged group and fall into the critical region are 
given the desirable classification outcome whereas those 
data points in the critical region belonging the privileged 
group are given the undesirable classification outcome6. For 

all data points outside the critical region, the original clas-
sification attained by the model remains. As a consequence, 
privileged and underprivileged data points which are ini-
tially located in a narrow strip around the decision boundary 
are now, respectively, pushed above or below this boundary. 
In this case, the correlation between the features and the 
protected attribute that a given point exhibits do not matter 
directly; what matters is whether this point falls into the 
critical region and whether it belongs to the (un)privileged 
group regardless of whether this belonging can be detected 
by examining the other features.

Figure  2 illustrates this case with a plot. Two data 
points A and R corresponding to members of an under-
privileged group are plotted on a space of predicted prob-
abilities. The vertical axis reports the scores predicted 
by AD, while the horizontal axis reports the score deter-
mined by ROC. Solid black lines represent the accept-
ance threshold set equal to 0.5: a score below 0.5 means 
acceptance; a score above 0.5 implies rejection. To facili-
tate comparing the classification outcomes generated 
by ROC and AD, the plot is divided into four regions, 
n a m e l y  ACCEPT ∣ REJECT  ,  REJECT ∣ REJECT  , 
ACCEPT ∣ ACCEPT  , REJECT ∣ ACCEPT  . Arrows in the 
plot indicate how the predictions for A and R are modified 
by debiasing interventions via AD or ROC respectively. The 
empty circles indicate the biased scores given to A and R 
by the initial (and biased) classifier; the red filled circles 

Fig. 2   Adversarial Debiasing (AD) vs Rejection Option Classifier 
(ROC) at single data point level. The probability predictions of the 
AD and ROC models are plotted against each other at single data 
point level. The Y axis reports the predicted risk score by the AD 
model, and the X axis reports the predicted score by the ROC clas-
sifier. Solid black lines represent the acceptance threshold at 0.5. 
Dotted black lines represent the boundaries of the critical region for 
ROC. Empty circles represent the initial position of each single data 
point. Red circles represent the position of each single data point 
resulting, respectively, from AD or ROC

4  This is often tantamount to defining different classification thresh-
olds for different groups.
5  Notice that these correlations may however directly influence 
whether this data point belongs to the class of data points that see 
their classification modified.
6  This holds for any classification model. In the case of a credit 
risk model which evaluates the risk in loan applications, the desir-
able classification would be “good creditworthiness/low risk score”, 
implying loan granted.
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indicate, for each data point, the corresponding debiased 
predictions resulting, respectively, from AD or ROC.

Post-processing via ROC modifies the classifications 
only for data points belonging to the critical region around 
the original decision boundary, marked by vertical dotted 
lines. Point R represents an underprivileged individual 
whose score is decreased below the 0.5 decision threshold 
by ROC. All data points representing underprivileged indi-
viduals situated in the critical region will have the same 
treatment. In contrast, AD intervention might impact data 
points in any area of the prediction space, even outside the 
critical region. Data point A might for example share many 
features in common with other underprivileged individu-
als belonging to the same group (training dataset), thus its 
prediction will be modified by AD. ROC will produce no 
impact on A, as it does not belong to the critical region. AD 
will impact A since it will reduce the weight of its features 
in the final classification. As a consequence, the same person 
may be affected disparately depending on the use of in- or 
post-processing.

This preliminary intuition shows how in-processing and 
post-processing methods achieve fairness through inherently 
different modifications to a classifier, producing impacts at 
single individual level that go beyond engineering aspects. 
Section 3.2 confirms the intuition via an experimental study 
in the context of a credit risk loan application built as illus-
trative example.

Experimental study: credit risk loan application

This experimental study presents and discusses the impacts 
generated at single data point level by AD and ROC when 
debiasing an originally biased classifier. The dataset we use 
for this study is based on the well-known German Credit 
Data7 , which contains values for 20 attributes of 1000 loan 

applications. Attribute 9, named Personal status and sex, 
encodes gender together with marital status, as shown in 
Table 1. The groups we are considering in our fairness inter-
vention are identified by the sensitive attribute “gender”, as 
“female” (A92, A95) and “male” (A91, A93, A94). Simi-
larly to Slack et al. (2020), we introduce controlled bias into 
the original dataset by creating a direct association between 
gender and creditworthiness8. For illustrative purposes, this 
experiment assumes the group with attribute “female” as the 
underprivileged group that is likely to suffer from bias (i.e. 
female, low credit score).

In the context of a credit risk loan application problem, 
we consider this case as an instance of the more general case 
of binary attribute and features’ correlation.

We train three classifiers9 to generate credit risk predic-
tions: (i) a logistic regression model where the sensitive 
binary attribute gender is omitted from the dataset (ii) a cor-
responding “debiased” version of the model through AD, 
and (iii) a corresponding “debiased” version of the model 
through ROC. Note that the baseline logisitic regression 
model that is “debiased” through AD and ROC is biased 
despite the fact that we implement fairness through una-
wareness: it does not explicitly contain protected attribute 
information. For both “debiased” versions of the model, the 
case is built by considering predictive parity as fairness met-
ric to optimise between groups given by the binary sensitive 
attribute gender10 in the dataset.

Figure 3 shows the results of this experiment for a given 
logistic regression baseline model. Here the debiased risk 
scores obtained from AD and ROC ’corrections’ are plotted 
against each other for the same set of data points consid-
ered as validation set, e.g. 300 data points. The vertical axis 
reports AD scores, and the horizontal axis reports ROC-
scores. In both cases the decision threshold is 0.5: any per-
son with a predicted probability above this boundary is con-
sidered ‘too risky’ (i.e. having low creditworthiness), thus 
the corresponding loan application will be rejected. Vertical 
dashed lines indicate the critical region considered by ROC.

Table 1   Attribute A9, Personal status and sex, from the German 
Credit Data dataset considered in the case study

The table provides an overview about how Attribute A9 encodes the 
binary sensitive attribute “gender” together with marital status

Attribute A9 Sex Personal status

A91 Male Divorced/separated
A92 Female Divorced/separated/married
A93 Male Single
A94 Male Married/widowed
A95 Female Single

8  From a mathematical point of view, this is done by introducing a 
probabilistic relationship between a specific attribute and the final 
target classification. Let us suppose to have attribute A, and two cat-
egories A1 , A2 . Introducing controlled bias is done via a conditional 
statement: we associate a given probability p ∈ [0, 1] to the target 
classification for individuals having A1 and (1 − p) for individuals 
having A2 . This is a way to simulate historical bias in a controlled 
environment. In practice, this implies establishing a deliberately ’low/
high’ probabilistic relationship between two binary variables, e.g. 
whether a given person is female (male) and her (his) creditworthi-
ness. The Appendix discusses the scenarios considered in this spe-
cific experiment and their impacts.
9  The three classifiers are trained on the same (randomly chosen) 700 
points of our dataset and tested on the remaining 300 points.
10  Recall that gender attribute is represented via “Attribute A9”, Per-
sonal status and sex in German Credit Data as reported in Table 1. 
We directly refer to gender for easiness of exposition.

7  We use a slightly modified version of the dataset by introducing 
controlled bias. The description of the original dataset is available 
at: https://​archi​ve.​ics.​uci.​edu/​ml/​datas​ets/​Statl​og+​(German+​Credit+​
Data). The code for this experiment is available from the following 
repository: https://​gitlab.​com/​ing-​umea/​eit-​ethic​al-​impli​catio​ns.
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To facilitate the comparison of the classification out-
comes generated by ROC and AD, the plot is divided into 
four regions with the same logic considered for Figure 2. 
To highlight how the two fairness interventions differ, the 
focus of our attention is on the ACCEPT ∣ REJECT  (top-
left) and REJECT ∣ ACCEPT  (bottom-right) regions. In the 
first one, we see the data points whose risk score would 
imply acceptance from ROC but rejection from AD; in the 
second one, we see the data points whose risk score would 
imply rejection from ROC but acceptance from AD. In these 
two regions, data points represented in blue correspond to 
”male” attribute, while in red to ”female” attribute. In the 
regions where both AD and ROC classification models agree 
(e.g. ACCEPT ∣ ACCEPT  , REJECT ∣ REJECT  ), black data 
points represent ”male” attribute and purple points ”female” 
attribute. Notice that, within the critical region for ROC, 
only data points associated to ”female” attribute are linked 
to acceptance, and only data points with ”male” attribute to 
rejection. Both ROC and AD achieve equivalent levels of 
fairness and accuracy11. However, their effect on single data 

points is quite different. Indeed, their final classifications 
disagree for a large number of individuals, as depicted in 
the ACCEPT ∣ REJECT  and REJECT ∣ ACCEPT  regions.

Impacts of Adversarial Debiasing and Reject Option based 
Classifier at individual level

To compare the impacts of AD vs ROC classification out-
comes at single data point level, we introduce Index12 t(si) to 
measure how ”common” the features of a single data point si 
are when compared to the data points in the dataset belong-
ing to the same underprivileged group. The index t(si) is 
higher when si has many characteristics in common with 
the other data points in the same group and smaller if si 
has few common features. The experimental results show 
significantly different average Index values, namely t(si) , 
for the data points where AD and ROC imply a switch in 
the classification outcome. These averages are computed 
over the number of n data points in that specific region and 
are, respectively, t̄(si) = 1.85 in the ACCEPT ∣ REJECT  
region (standard deviation sd = 0.526 , data points n = 53 ) 
and t̄(si) = 3.81 in the REJECT ∣ ACCEPT  region (stand-
ard deviation sd = 0.746 , data points n = 4 ). The two aver-
ages proved to be significantly different ( pvalue = 0.012 , 
t = −5.15) from each other from a statistical point of view. 
This result suggests that, on average: i) debiasing via AD 
tends to ignore the circumstances of individuals who do not 
reflect the most represented characteristics of the underprivi-
leged group in the dataset, whereas ii) debiasing via ROC 
alters the classification outcome of all individuals belonging 
to the critical region and does not make any further selection 
linked to feature commonality. This observation is robust 
w.r.t. different implementations and dataset changes. This 
case study reveals that the evidence remains the same when 
we change the size of the rejection region or artificially 
introduce a bigger bias into the dataset through causal rela-
tionships. There are interesting directions to explore via a 
deeper and extensive technical analysis which is beyond the 
scope of the present paper. The experimental study built on 
this credit risk loan application case aims to raise awareness 
that the choice of bias mitigation via in-processing or post-
processing has societal and ethical implications. This engi-
neering choice can impact who is most affected by the fair-
ness intervention. Implied by the nature of in-processing, the 
individuals who are likely to see their classification outcome 

Fig. 3   Credit risk loan application. The probability predictions of 
the AD and ROC interventions (on the same baseline logistic regres-
sion model) are plotted against each other for the same data points 
(e.g. validation set, 300 data points). The vertical axis reports the 
predicted score by the AD model, and the horizontal axis reports the 
predicted score by the ROC classifier. Solid black lines represent the 
acceptance decision threshold at 0.5. Dotted black lines represent the 
boundaries of the critical region for ROC. Black and blue circles cor-
respond to data points with ”male” attribute; red and purple circles 
correspond to data points with ”female” attribute. The plot reports the 
classification results based on AD and ROC for the 300 data points in 
the validation set. Within this set, 104 data points have the ”female” 
attribute, and 196 ”male” attribute. For 186 out of 300 data points (47 
”female” attribute and 139 ”male” attribute) AD and ROC agree in 
the classification outcome. Regarding the remaining 114 data points 
for which the two methods disagree in the classification, we have: 88 
data points (53 ”female” attribute, 35 ”male” attribute) rejected by 
AD but accepted by ROC, and 26 data points (4 ”female” attribute 
and 22 ”male” attribute) accepted by AD but rejected by ROC

11  A deeper analysis on the trade-off between fairness and accuracy 
is beyond the scope of this paper. Results show no material gap and, 
starting from this observation, the study rather focuses on impacts at 

12  The appendix contains the explanation of the Index t(si) com-
ponents, provides a toy example on artificial data and the technical 
details of the comparison on German Credit Data.

single individual level in terms of classification outcome to shed light 
on ethical implications.

Footnote 11 (continued)
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switching from rejected to accepted are those sharing fea-
tures with the majority of the members of the underprivi-
leged group represented in the dataset. Conversely, since 
post-processing methods rely on modifying the decision 
threshold, the individuals who are likely to see their clas-
sification outcome switching from rejected to accepted are 
the ones close to the original decision threshold. Deciding 
in favour of in-processing or post-processing bias mitigation 
techniques thus implies different impacts on different groups 
of underprivileged individuals. This choice should not be 
considered purely through an engineering lens, but should 
rather take into account also the importance of ethical deci-
sions, embedding a combination of factors such as deploy-
ment context, legal constraints, potential harm to specific 
group of stakeholders.

Conclusion

Building fair models is not an easy task. At the same time, 
it is important to acknowledge that building fair models can-
not be reduced to a purely engineering problem. Designing 
and developing models, embedding or not machine learn-
ing techniques, might require the need of specific modelling 
choices that naturally imply trade-offs between engineering 
and ethical decisions. The goal of this paper is to stress the 
importance of ethical decisions potentially hidden behind 
modeling choices and their impacts at single individual level 
by focusing on group fairness and debiasing techniques. 
The empirical analysis discussed in the paper should be 
considered as a counterfactual evidence to showcase the 
overlooked impacts of engineering decisions in individual 
predictions. We shed light on this specific issue by stressing 
the importance of getting to such decisions in an informed 
and responsible way. Each decision should be explainable, 
traceable and justified, considering the implications it might 
have on the individuals and who will be impacted by it (e.g. 
as for in-processing vs post-processing). Understanding the 
consequences brought by implementation choices is there-
fore a step forward in moving beyond the computational 
lens and considering fairness through a wider societal and 
democratic perspective (Green & Hu, 2018).

Our contribution shows that identifying how and when 
to tackle the bias mitigation issue in a model development 
pipeline is not a value-free choice. Echoing practitioner’s 
calls for comparisons and assessments of the ethical impli-
cations and side effects of different mitigation strategies 
(Holstein et al., 2019), we offer a characterisation of the 
individual data points that are impacted by in-processing 
and post-processing interventions, to be considered in the 
societal debate (e.g. which interventions are desired). It is 
not clear or obvious from an ethical point of view which sub-
group should be prioritized in debiasing operations; those 

who reflect characteristic correlations in a dataset or those 
who do not reflect any such pattern but lie within a certain 
distance of the decision threshold. This choice is to be seen 
as context dependent and require profound reflection. Our 
goal is therefore not to provide a generic solution to this 
challenge, but to point out that this decision is impactful and 
should not be over- looked. In other words our aim is to show 
that there are substantive ethical decisions embedded into 
the choice between in-processing and post-processing; and 
ignoring this context is an ethical oversight. As an example, 
when considering intersectionality, we can identify impli-
cations for people at the intersection of several protected 
classes. Depending on their representation in the dataset, 
intersectional groups might be ”targeted”or ”overlooked” by 
the intervention (e.g. in-processing intervention via AD may 
fail to consider intersectional groups if not well-represented 
in the dataset, whereas debiasing via ROC alters the classif-
fication outcome for all individuals belonging to the critical 
region without making any further selection linked to fea-
ture commonality). Indeed, the difficulty of incorporating 
intersectionality in fairness methods is well-known in the 
literature (Kearns et al., 2018; Chouldechova & Roth, 2018).

Our contribution contains an important message: it is pru-
dent to avoid making engineering choices solely on the basis 
of purely technical grounds. It is fundamental to ensure that 
no ethical choice remains unnoticed. The illustrative case 
discussed in the paper provides one full explanatory example 
supporting this advice. The results of the experimental study 
provide evidence that are robust w.r.t. different implementa-
tions and dataset changes (e.g. different size of the rejection 
region or different bias artificially introduced). The paper 
demonstrates how the translation of technical engineering 
questions into ethical decisions can concretely contribute 
to the design of fair models. At the same time, assessing 
the impacts of the resulting classification can have impli-
cations for the specific context of the original problem. A 
research direction we are currently exploring is extending 
the analysis to a broader setting and assess the robustness 
of different fairness interventions w.r.t. causal relationships 
between attributes.

Appendix: Index at individual level, Toy 
example and German Credit Data analysis

Index at individual level

Index t(si) introduced in Section Experimental study: credit 
risk loan application attributes a single non-negative real 
number to any data point si belonging to the unprivileged 
class. The index is built based on dot product operator as 
follows. Let us consider:
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–	 R: dataset with m columns and n rows. Columns are all 
binary features capturing absence or presence of a char-
acteristic. All values in R are either 1 (presence) or 0 
(absence). All n observations are individuals belonging 
to the unprivileged class.

–	 Si : row vector of dimension m characterizing a single data 
point si in terms of all the binary features. S is a subset of 
R. Row i in dataset S is represented by Si.

–	 T: vector of dimension m, whose generic element j con-
tains the sum of all n elements belonging to R and associ-
ated to the binary feature j.

–	 TB: vector of dimension m containing average values T
n

 
over the population of the underprivileged group. Each 
generic entry j in TB increases in magnitude if the par-
ticular binary feature j is common among the underpriv-
ileged group members.

The index t(si) is defined as the dot product

where Si captures the characteristics of the single individual 
compared to the group and TB captures the characteristics 
of the group. The result of the dot product is a real value 
t(si) which increases when individual si shares more charac-
teristics with the majority of the unprivileged group mem-
bers in the dataset. Conversely, the index decreases if si has 
few common features with the majority of the unprivileged 
group members in the dataset.

Toy example

This toy example illustrates how to compute Index t(si) on a 
specific dataset. This example considers a case with a sam-
ple of n = 7 individuals belonging to a group based on the 
protected attribute gender. For each generic individual si in 
the sample, there are m = 3 binary features. Table 2 reports 
the overview of the series of binary features observed for 
each individual. As we can see from the table, individual A 

(1)t(si) = Si.TB,

shares: i) Feature 1 with individuals B, C, G; ii) Feature 3 
with individuals B, E, G. In other words, individual A has 
some characteristics in common with three other individu-
als in terms of Feature 1 and - also - with three individuals 
in terms of Feature 3. On the other hand, individual D has 
characteristics in common only with individual G as they 
both share Feature 2. Individual F has no shared charac-
teristics with any other individual in the group. By looking 
at the table, we can argue that, based on this set of binary 
features, F has no commonality with the other individuals 
in the group.

Table 3 reports the values of Index t(si) computed for all 
the individuals in the group.

German Credit Data Analysis

The experiment performed on German Credit Data consid-
ers two distinct sets of data points, namely SA, SB (associ-
ated to different subsets of R). Index t(si) given in Eq. (1) is 
computed for each data point in each subset and then t̄(si) 
averages the single values to a unique measure at subgroup 
level ( SA, SB ). The use of t-test with unequal sample size 
enables to compare the mean values at group level to deter-
mine whether these two sets of data points have statistically 
different index scores.

Table 4 reports the binary features used for the index 
computation in the experimental study on German Credit 
Data. They represent the entries of R dataset in our experi-
mental study13.

To add controlled bias in the dataset, we artificially alter 
the classification outcomes for gender attribute “female”, as 
mentioned in Section Experimental study: credit risk loan 
application. We introduce controlled bias via a probabilis-
tic relationship (conditional statement) assigning the value 
’defaulted’ to any given data point with ”female” attribute 
with probability 60% . Thus, while in the original dataset 
the correlation between ”female” attribute and ’default’ is 

Table 2   Toy example: single individual data points and binary fea-
tures. The Table reports the overview of the binary features per each 
individual in the sample

Individual s
i

Feature 1 Feature 2 Feature 3

A 1 0 1
B 1 0 1
C 1 0 0
D 0 1 0
E 0 0 1
F 0 0 0
G 1 1 1

Table 3   Toy example: Index 
t(s

i
) values. The Table reports 

the values of Index t(s
i
) given 

in Eq. (1) computed for each 
individual considered in the 
toy example. Table 2 reports 
the binary features per each 
individual in the sample

Individual s
i

Index t(s
i
)

A 1.1429
B 1.1429
C 0.5714
D 0.2857
E 0.5714
F 0.0000
G 1.4286

13  The interested reader can refer to https://​archi​ve.​ics.​uci.​edu/​ml/​
datas​ets/​Statl​og+​(German+​Credit+​Data) for a full description of the 
single instances for each feature.
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−0.007 , this stochastic treatment increases the correlation 
to approximately 0.18. As a result, the classifier will have 
an increased likelihood of attributing a low creditworthiness 
score to data point with ”female” attribute. We train three 
models (logistic regression, Adversarial Debiasing, reject 
option based classification) first on a training set of size 700 
and then used the trained models to generate the outcomes 
presented in the main text which is the validation set of size 
300.
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ABSTRACT
Fairness is central to the ethical and responsible development and
use of AI systems, with a large number of frameworks and formal
notions of algorithmic fairness being available. However, many of
the fairness solutions proposed revolve around technical considera-
tions and not the needs of and consequences for the most impacted
communities. We therefore want to take the focus away from defini-
tions and allow for the inclusion of societal and relational aspects to
represent how the effects of AI systems impact and are experienced
by individuals and social groups. In this paper, we do this by means
of proposing the ACROCPoLis framework to represent allocation
processes with a modeling emphasis on fairness aspects. The frame-
work provides a shared vocabulary in which the factors relevant
to fairness assessments for different situations and procedures are
made explicit, as well as their interrelationships. This enables us
to compare analogous situations, to highlight the differences in
dissimilar situations, and to capture differing interpretations of the
same situation by different stakeholders.
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1 INTRODUCTION
Fairness is a fundamental aspect of justice, and central to a demo-
cratic society [51]. It is therefore unsurprising that justice and
fairness are at the core of current discussions about the ethics of
the development and use of AI systems. Given that people often
associate fairness with consistency and accuracy, the idea that our
decisions as well as the decisions affecting us can become fairer by
replacing human judgment with automated, numerical systems, is
appealing [1, 17, 25]. Nevertheless, current research and journalistic
investigations have identified issues with discrimination, bias and
lack of fairness in a variety of AI applications [42].
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Algorithmic fairness has been framed as a newly emerging area
that studies how to mitigate discrimination in automated decision-
making, providing opportunities to improve fairness in AI appli-
cations [20]. Research in algorithmic fairness, or AI fairness, has
produced a number of frameworks and formal notions of fairness
in AI [5, 26], many of which are mutually incompatible. There is to
date no agreement on the relative strengths and weaknesses of such
notions, nor on the appropriate scope for their application. Further-
more, as Birhane indicates [7]: “many of the ‘solutions’ put forward
(1) revolve around technical fixes and (2) do not center individu-
als and communities that are disproportionately impacted”. While
technical and formal approaches to fairness remain an active area
of research, actual progress is stalled as they insufficiently address
the reasons as to why the AI systems were introduced in the first
place [43]. Moreover, they typically fail to take into consideration
many of the socio-technical factors that are relevant for a satisfying
assessment of the fairness of using AI systems in given situations.
There is therefore a need to broaden the lens on fairness [4, 7],
taking the focus away from formal definitions, and allowing for the
inclusion of societal and relational aspects to represent how the
effects of AI systems affect and are experienced by individuals and
social groups [18].

In light of these considerations, it is central to try and find tools
that tame the complexity of fairness descriptions and models, so as
to allow multidisciplinary insights and stakeholder participation
that can lead to actionable solutions for the use of algorithms in
socially responsible decision-making. In this paper, we propose
such a tool: the ACROCPoLis framework to represent allocation
processes with an emphasis on modeling socio-technical and con-
textual aspects that are relevant to fairness. For the purposes of this
framework, our conception of allocation is very broad, including
not only material resources such as food, housing, water, or capital,
but also immaterial social constructions such as free time, job posts,
legal rights or societal recognition. Consequently, a wide range
of situations can be assessed. The framework provides a shared
language in which the factors relevant to fairness assessments for
different situations and procedures can be made explicit, includ-
ing the main entities involved and the relevant interconnections
between them.

The goal of this contribution is to redirect the focus to the fact
that AI systems are part of wider, complex socio-technical processes
where a variety of stakeholders play important roles. The stake-
holders can for example be social and political forces, as well as
technical constraints. With a general framework to represent such
processes, it becomes possible (1) to compare analogous situations,
(2) to highlight the relevant differences in dissimilar situations, and,
in cases of conflicting fairness assessments, (3) to capture differing
interpretations of the same situation by different stakeholders –
thus organizing the discussion and pointing to the relevant points
of disagreement between the parts. As such, our proposed frame-
work for fairness is preparatory to ethical assessments of fairness,
describing the stakeholders, their roles, their mutual relations, and
the stakes and values at play, while remaining neutral on normative
questions.

Although the origin and focus of the here proposed framework
are on processes that include AI as part of the decision-making, we
see such systems not as independent, neutral technological products

disconnected from the context in which they are devised and ap-
plied, but rather as artifacts or tools that humans use to shape and
enforce social, political, and economic structures. The framework is
meant to provide an analytical tool that allows a richer appreciation
of the complexity involved in fairness assessments by identifying
in precise ways the relevant actors, their power to influence the
process and the broader context that have all interacted to yield
the observed outcomes. Our overall aim is to initiate an essential
discussion on what fairness means within the AI community, which
aspects are essential to examine, and which systemic factors one
may be overlooking.

2 BACKGROUND AND MOTIVATION
How to best understand fairness is heavily contested in the many
areas of study in which the notion is used – this includes philosophy,
political science, social science, and AI and data ethics. Traditional
formal operationalizations of fairness stem from fields outside of
AI, such as economics. For example, a commonly studied problem
in that field is the fair division of goods [46].. The questions that
these fields of research address, however, are typically dependent
on specific formal models, which makes them hard to adapt to a
broader societal context.

Within AI, fairness has been identified as a core principle in a
myriad of guidelines and standards focused on the production of
responsible and trustworthy AI systems [11, 22]. In this context,
fairness is specifically tied to non-discrimination, bias and harm
reduction. Thus, the field of AI fairness focuses particularly on the
notion of unfair bias. This can be seen in multiple applications:
from detecting undesirable word associations in natural language
processing (e.g., associating the word “doctor” directly with male
pronouns) to undesirable associations of features with prediction
outcomes in predictive systems (e.g. skin color with criminality).
Fairness in AI also includes the idea that AI applications should be
robust across populations, with similar accuracy and error rates
across subgroups (e.g. considering equal representation of people
with different socio-economic status in medical predictive systems
[57]). This can be summarized as avoiding unfair bias in terms of
outcomes, benefits and harms.

Thus, assessing fairness from a technical perspective requires
determining how to define and measure undesired bias in terms
of specific characteristics, attributes, and outcomes. This is often
taken to imply a requirement to quantify all these aspects. Re-
cent years have seen the introduction of several fairness defini-
tions [21, 29, 33, 34], capturing different legal, philosophical, and
social perspectives. However, there are arguably elements of bias
and unfairness that resist quantification, requiring the use of quali-
tative or mixed methods in order to fully understand the dynamics
at play [16, 28, 38, 41].

Several statistical operationalizations of fairness, often called
“definitions”, have been developed, defended, and criticized, each
hinging on different statistical features of the predictions produced
by algorithms as criterial for fairness: [30], for instance, identifies
13 different operationalizations (see also [13] and [45]). Further
complicating the issue, analyses have shown that most of such
operationalizations are mutually incompatible, and thereby cannot
be simply added to improve algorithmic fairness [37, 44]. In many
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cases, trade-offs need to be made between optimizing algorithms
for fairness and achieving the social goods which are supposed to
be produced by these algorithms [14].

Such operational approaches to fairness nonetheless constitute a
considerable advancement, and provide useful tools for responsible
AI designers. However, even setting aside the problems of mutual
incompatibility and optimization-performance trade-offs, the fact
that they rely purely on quantifiable, statistical measures of fairness
is itself problematic. Critical approaches emphasize that fairness
is multi-dimensional and that purely quantitative bias definitions
and de-biasing methods may lead to new biases, and may be unable
to deal with intersectionality (where effects of biases are greater-
than-additive, or cause “double binds” [15]). More generally, these
definitions tend to ignore or downplay the complexities of social and
political contexts, including their complex and mutable dynamics,
which makes relying on past data to drive future decisions deeply
problematic [2, 8, 23, 24, 34, 39]. Moreover, by seeing algorithmic
fairness as a purely technical problem, there is a risk of ignoring the
value-laden choices that must be made in the design of algorithms
(e.g., what fairness measure to use and what attributes to protect), in
how they are applied (e.g., in which social contexts, for what aims,
etc.), which individuals and groups should have a say in shaping
the algorithms and their applications (e.g., engineers in private
companies, democratically elected politicians, affected groups, etc.),
and whether algorithmically assisted decision-making is morally
acceptable at all in specific cases [12, 27, 31, 32, 52, 56].

Following these criticisms, recent proposals have called for more
robust frameworks within the field of AI focusing on “studying
up” [4, 7, 43], i.e. moving beyond the technical, and including cru-
cial aspects of “power, historical inequalities and epistemological
standpoints” [43]. Such undertaking is relevant in the case of fair-
ness, given the diversity of perspectives and models for fairness.
The need for a descriptive framework is thereby not a matter of
establishing a single agreed understanding of fairness, but rather
to provide the means to represent more accurately the elements
and relations that should underlie assessments of the fairness of a
process and/or situation, and that can help reveal where disagree-
ments lie when conflicting fairness assessments are defended by
different parties. In this sense, the present work is similar to the
framework put forward in hard choices in AI [19], which delves
into a wider set of socio-technical challenges beyond fairness, but
likewise aims to bring to the surface disputes and differing views
between different Actors involved in the implementation and use
of AI systems.

3 A FRAMEWORK FOR DESCRIBING AND
ANALYZING FAIRNESS: ACROCPOLIS

The goal of our framework is to provide a shared language to
specify and parse descriptions of situations and processes that are
considered “fair” or “unfair” (collectively: fairness statements). In
particular, we attempt to extract specific features in the description
that relate to why and how the situation or process is perceived
as fair or unfair, and to help express this in a clear and consistent
fashion for a variety of different situations and processes. By means
of a common framework, we provide a structured description of the
different components of fairness statements, and as such support

Figure 1: The components of the ACROCPoLis framework,
summarized.

the understanding of why different Actors may differ in the fairness
assessments they provide. A common framework also enables a
schematic representation of fairness issues in studies on the conse-
quences of AI applications, and enables standardised annotation of
fairness-relevant components in meta-studies in AI and ML.

According to our proposed framework, ACROCPoLis, a pro-
cess can be decomposed into seven components: Actors, Context,
Resources, Outcome, Criteria, Power, and Links, depicted in Fig-
ure 1. Briefly, Actors are the agents of the situation/process under
study, whether they are individuals, groups of people, institutions
or a combination thereof. Context captures the relevant contextual
and structural factors that bear on the specific situation/process, as
well as information about what the situation or process involves.
Fairness processes and situations often involve reasoning about
the (re)distribution of specific Resources, which we take in a broad
sense to include not just material items such as money and food, but
also increased representation, compensation, agency, legal rights,
acknowledgment, etc. The redistribution of such Resources are one
type of Outcome. Another Outcome type is decision, for instance
regarding access to social benefits, hiring, and in legal contexts.
Criteria contains whatever attributes are used to influence the Out-
come, and Power describes the ability of each Actor to influence
the system, including the nature of the influence. The Links high-
light important connections between categories and concepts in
the described system, in particular those connections that are not
obvious from the previous description.

The choice of categories responds to the growing literature call-
ing for a multi-disciplinary and socio-technical view of processes
that involve AI systems. Considering a broad category of Actors
allows for including companies and organizations, which often
hold accountability for the Outcomes of the process [50], as well
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as communities and individuals affected by a given process, whose
perspectives are key to fairness assessments [7]. Following this
human-centric perspective, it is crucial to include aspects of the
Context to allow for discussion of contextual and structural factors
that are often the root cause of unfair processes, through perpetua-
tion or exacerbation of existing inequalities [10, 36].

In terms of algorithmic fairness, the focus is often placed on
allocation processes [55], where Resources are being distributed.
We consider Resources in a wide sense, including “labels”,“scores”
or even “error rates”, but also aspects such as recognition or rep-
resentation. This allows for modeling part of the Outcomes of a
decision process as a reallocation of Resources, for which different
definitions of fairness can apply. As our focus is on cases in which
AI systems are integrated in socio-technical processes, a natural
category to include is the Outcome of the process being considered.
The effects of Outcomes on the Actors, the Context and Resource
allocation play a key part in assessing the (un)fairness of a process.
When describing a process in terms of fairness, a focus is often on
the attributes of the Actors and the Context that explicitly influence
the process [55]. Identifying these aspects, which we name Criteria,
allows for an explicit characterization of what concretely produces
the Outcomes observed.

A final critical choice in the frameworkwe propose is to explicitly
include a category on Power. This category aims to make explicit
which agents have direct influence, i.e. Power, over the process, as
well as to describe how much agency (or lack thereof) each Actor
possesses. Being explicit on this aspect is critical for a sociological
view of processes [4, 43], since it is crucially intertwined with issues
of fairness (who holds the power? [7]) and accountability.

Describing the above categories is, in many cases, not sufficient
to assess or describe the fairness of a process. Indeed, fairness
assessments often hinge on the relationships between components.
For this reason, Links, denoting such components, are an integral
part of the framework.

The next sections detail the different elements of ACROCPoLis.
As a running example we use the well-known COMPAS case, where
an AI decision support system ostensibly evaluated the recidivism
risk of court defendants based on various demographic data. In
an exposé by ProPublica, the system was found to yield different
results based on race, in effect recommending harsher penalties
and higher bail payments for Black people than white people [42].
In particular, the perspectives of both Northpointe (the company
that built the COMPAS system) and ProPublica will be described,
as well as the factors these Actors took as most relevant, revealing
the differences in the fairness assessments they provided.

3.1 The Components
Actors. When describing a process as being (un)fair, there is

always a set of agents that make and/or are subjected to certain
decisions and/or allocations of Resources. In particular, such a de-
scription considers these agents as moral agents, with their circum-
stances and feelings being worthy of consideration in assessing the
fairness of a situation, and their decisions and actions having moral
weight. As such, current AI agents are unlikely to be considered
Actors under this framework, as current automated systems are gen-
erally not considered moral agents. However, it is not uncommon

for groups or institutions to be considered moral agents in and of
themselves, and as such, they should be represented as Actors in
this framework. Furthermore, Actors are not simply identifiers but
are differentiated by having certain attributes, which can be used
to study and describe a large number of Actors’ involvement in a
process by way of grouping them by their various attributes.

For our running example, both Northpointe and ProPublica con-
sider the relevant Actors in the system to be Northpointe them-
selves as designers of the COMPAS system, the policymakers who
approved its use, the judges who used the system to inform their
decisions, and the defendants who were subjected to it.

Context. Although it is possible to talk abstractly about various
conceptions of fairness, most fairness statements concern some
specific (type of) process embedded in some Context. In particular,
we take this category to contain both the specific context that the
fairness statement concerns, and any of its aspects connected to
the (re)distribution of Power and Resources, including structural
and population-level aspects. The concept Context also includes
the sociotechnical systems active in the process, relevant aspects of
the dynamics of such systems, as well as other aspects of the world
that are relevant for making assessments about the (un)fairness of
the process.

In relation to the COMPAS system, ProPublica and Northpointe
have different views on important parts of what Context to include
in the description of the system. In particular, while existing in-
equalities are acknowledged by both, the impact of racism on the
higher arrest and conviction rates of Black people in the training
data is particularly important to ProPublica’s description of the
situation. Conversely, an important part of the Context for North-
pointe is that the limited Resources available to the court motivate
using the COMPAS system as a time-saving measure in order to
process more court cases faster.

Resources. Our conception of Resources is very broad, including
not only material resources such as food, housing, water, or capital,
but also immaterial social constructions, such as dignity, free time,
and legal rights. Moreover, we also include concepts such as soci-
etal recognition and agency within a structure as Resources. This
category therefore includes any element that can be seen as being
(re)distributed by the process. In most cases, the description of a
process as fair or unfair relates to some distribution of Resources
in this broad sense, either with the Resource distribution impacting
the Outcome of the process, or that the process, through redistri-
bution, leads to, counteracts, or perpetuates some existing (un)fair
distribution of Resources. .

The Resources relevant to the description, for both Northpointe
and ProPublica are Resources taken from, on the one hand, incar-
cerated people like “bail”, “time not in prison”, and social status
in general. On the other hand, Resources are also taken from the
state or society at large like “state funds” as applied to jails, pris-
ons, courts, and the costs of social measures for recidivism pre-
vention. In this wider view, the issues of private prisons, prison
labor and prisoner exploitation also become relevant, not only due
to higher (absolute) incarceration rates leading to a redistribution
of Resources from the public into private hands, but also due to
the fact that uneven incarceration rates between groups can lead
to exploitation of the incarcerated group, redistributing the fruits
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of their labor and, quite often, their savings and future earnings
(through debt), to beneficiaries in other groups.

Outcome. When describing fairness in processes, the Outcome
is clearly relevant. Outcomes can be modeled as a (re)distribution
of some Resource, a (re)definition of a Power relation, or the intro-
duction or removal of Power or agency invested in some Actor. It
is also possible to model Outcomes on the group level, and across
different timeframes; a process run once, or in a perfect society, may
be perfectly fair, but under existing societal structures and run over
many iterations, it may entrench or introduce unfair (dis)advantages
or distribute Resources unfairly. This category therefore includes
changes, effects or results that are direct consequences of the pro-
cess being analyzed.

Both Northpointe and ProPublica have an individualist view on
the Outcomes of the system, focusing on each bail judgment and
prison term for individual defendants. However, both also look
at the process from a statistical, iterated perspective, comparing
the Outcomes over many individual runs. In particular, a critical
Outcome is the rate of false positives in the group of Black defen-
dants, which is higher than the same statistic for white defendants.
To clarify the notion of Resource distribution with this example,
COMPAS redistributes among the US population Resources such as
freedom, political participation, perceived social value, economic
opportunities, and the like, in light of the sentencing decisions it
contributes to.

Criteria. When describing a process in terms of fairness, a fo-
cus is often on the attributes of the Actors and the Context that
explicitly influences the process. These denote the “causality” be-
hind the system, insofar as they capture the criteria underpinning
the decisions that produce Outcomes. As such, the criteria form a
connection from the state of the world (as defined by the Actors,
their attributes, and the Context the process is enacted within) to
the Outcome of the process. Criteria may be explicit or implicit,
intended by the Actors in exercising their Power, or unintended.

In the case of COMPAS, the Criteria behind the process consist of
i) the various types of demographic and judicial data that COMPAS
employs in its algorithm; ii) the sentencing guidelines used by
judges; iii) the instructions about how judges are to use COMPAS;
and iv) the actual use of such guidelines and instructions. These
Criteria are agreed upon by both ProPublica and Northpointe. It
is notable that in both views, the race of defendants should not be
part of the Criteria.

Power. Power describes the explicit ability of an Actor to affect
the process being described. This category aims to make concrete
which agents have a direct influence, i.e. power, over the process, as
well as to describe how much agency (or lack thereof) each Actor
possesses. In particular, an Actor can have Power over various
aspects of the Context in which the Actors exist, as well as over
the Criteria by which a fairness process is conducted or evaluated.
Additionally, Actors may have Power over other Actors, and thus
second-order Power over any aspects that those Actors control.

As noted in the Actors section, various Actors in the system
were able to control specific parts, though generally Northpointe
was keen on downplaying the amount of control they could en-
act through their design of the COMPAS system, and ProPublica

moreover was clear that public officials had the Power to limit the
type of information that the system could be provided with. Both
parties agreed that the judge was the one who ultimately had the
Power to use or ignore the COMPAS system in making their judg-
ments. For ProPublica, however, COMPAS retains an undue degree
of Power in influencing judges’ decisions, who may be more prone
to follow the outputs of the system, despite instructions not to give
too much weight to them in informing their decisions.

3.2 The Links
Describing the various interconnections between components of
the system is a key part of any application of ACROCPoLis. The
Links can be understood as shown in Figure 2: Some certain Power
belongs to the Actors that can use it, and the Power can modify
the Context that the Actors exist in. The Context and the Actors
both influence the Criteria while the Power modifies the Criteria
– the Criteria in their turn determine the Outcome. An Outcome
can update the Power, and also redistribute the Resources that are
determined by the Context and used, accessed or generated by the
Actors.

While the Links indicated in Figure 2 are intended to serve as a
good basis for discussion and analysis, they may need to be further
expanded to fully describe the connections an analyst considers to
be relevant to assess the fairness of the process under study. For
example, Actors may have Power over other Actors, either directly
or through the existence of hierarchical power structures in the
Context, which would give these Actors second-order access to
the Powers that their subordinates have, or there may be more
indirect connections between Actors, Context and Outcome than is
appropriate to model as a criterion, but that is nevertheless relevant
for assessing the fairness of the process. These more fine-grained
Links may be added to the ACROCPoLis analysis on a case-by-case
basis.

As mentioned under Outcome, an important additional connec-
tion in the use of the COMPAS system is that between the race of
the defendant and the COMPAS assessment (in particular the rate
of false positives), which also often influences the final decision by
the judge. In their descriptions of the situation, both Northpointe
and ProPublica agree that such a difference existed, though they
differ on whether it is relevant or not.

3.3 The Evaluation
The above framework is, to a certain extent, purely descriptive. It
picks out relevant aspects of processes and situations under analysis,
highlighting those components that are central to the assessment
of the process as being fair or not. A crucial part of any fairness
analysis is, however, normative: one needs to decide whether the
situation, as presented, is fair or not, and why. What Links are
missing? What aspects of Context and Power are ignored? Are
there conflicts between what the Criteria actually are and what
they were intended to, or should, be?

Such an evaluation can be obtained by comparing ACROPoLis
analyses based on the perspectives of stakeholders with diverse
and potentially diverging viewpoints. Ideally, the ambition is to
present an integrated analysis that is as complete as possible. In this
way, conflicts and disagreements about the nature of the different
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Figure 2: A schematic overview of the components and links of the ACROCPoLis framework

components of the process or situation can be brought to surface,
facilitating a clearer assessment of the case and of the contested
points, opening the way for compromise and/or consensus building.
The final result can then be accompanied by a joint concluding
assessment with respect to the fairness of the outcome and, in
case actions to address fairness issues are supposed to follow, by
a counterfactual “future state” ACROPoLis proposal that suggests
how these issues can potentially be addressed.

These features of ACROCPoLis can be clearly seen in the dispute
between Northpointe and ProPublica. In defending the fairness
of the system, Northpointe pointed to the existing differences in
recidivism rate between Black and white defendants as an explana-
tion for why the rate of false positives are expected to be higher for
Black people than for white people, purely on the basis of statistical
and demographic considerations. COMPAS, therefore, would be
correctly mirroring historical and demographic patterns, which
it was not intended to change. To this, ProPublica objected that
COMPAS perpetuates patterns of unequal treatment of the Black
population by the justice system, seeing COMPAS as partly respon-
sible not only for failing to ameliorate, but also for worsening such
unequal Outcome.

In other words, the disagreement between Northpointe and ProP-
ublica is largely due to the different views each party takes both
to the Power COMPAS exercises, the kinds of Criteria that such a
system should employ, and thus the Outcomes it should produce.

Figure 2 summarises, with a degree of simplification, the COM-
PAS case study examined above, following the framework provided
by ACROCPoLis. Figure 3 shows the resulting instantiation.

3.4 Using the framework
Beside describing in precise ways the fairness-relevant elements
and relationships in situations and processes, ACROCPoLis can also

be used to identify the crucial factors leading to unfair outcomes,
and the most appropriate loci for intervention. For instance, in the
COMPAS example, it becomes clear that the Context of systemic
racism against Black people in the US strongly influences the Out-
comes, despite the fact that the Criteria were supposed to be neutral
toward defendants’ race. Thus, an intervention to ameliorate the
situation could involve modifying the Criteria to counter, instead
of mirroring, such systemic and historical inequality of treatment
between groups in the US population.

Analogously, defendants have diminished autonomy and Power
insofar as judges’ decisions are influenced by the groups they are
seen to belong to, risking to downplay the individual history and
circumstances of defendants in motivating the decisions. Such con-
siderations put pressure on any system that uses historical demo-
graphic data to help decide the fate of individuals, suggesting that a
larger societal discussion may be needed when evaluating whether
AI technologies such as COMPAS should be used by governments.

4 YOUTUBE RECOMMENDATION SYSTEM: A
CASE STUDY

To further illustrate the use of ACROCPoLis, let us examine recent
work on the search and recommendation algorithms of the video
platform YouTube, and how they are analyzed in terms of fairness in
the literature. YouTube’s algorithms are proprietary (closed-sourced
and not documented in a transparent manner from a user or public
perspective). This opacity has triggered studies into the features
of the algorithms as well as the consequences of their operation
within the platform, based on publicly accessible facts [3, 53].

Two such studies are examined here: the first study focuses on
examining the question of whether the YouTube recommendation
algorithm favors a small subset of the video content available on
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Criteria
Sentencing guidelines
Historic judicial data
Demographic data
Case information

Resources
Time not in prison

State funds
Financial

Actors
Northpointe
ProPublica

Policy makers
Judges

Defendants

Context
Systemic racism

Overburdened judicial system

Outcome
Bail judgement
Bail payments

Higher Rate of false positives for Black defendants

Power
Information sharing

Decision power to use 
COMPAS

Sentencing

influences

determines

existing in

accesses/uses/generates

belongs to some can modify

can modify

influences

determines

updates

redistributes

Figure 3: The COMPAS case study visualized using our framework, based on the components identified in [42]. We can use the
Links between them to identify where the process lacks fairness.

the platform [35]; and the second examines whether YouTube’s
search algorithm is biased toward video content associated with
specific positions on the United States political spectrum [40].

Kirdemir et al. [35] investigate the structure of recommendation
networks, and probabilistic distribution of video recommendations
from a given node in the network. Recommendation graphs are con-
structed based on eight different real-world scenarios (seed video
sources) to then apply a stochastic approach and observe PageR-
ank [47, 48] distributions over such graphs. The study found that
a small fraction of the nodes in the recommendation network re-
ceived the large majority of connections, suggesting that YouTube’s
recommendation algorithm is biased toward a small number of
content items available on the platform.

Lutz et al. [40] examine political bias in YouTube’s recommen-
dation and search algorithms from a US-centered, binary (right-
leaning vs left-leaning) perspective. Search and recommendations
were studied in separate experiments. We will be concerned ex-
clusively with the study on the search algorithm. For that experi-
ment, the authors scraped the 200 top search results for a variety
of politically-charged terms in the US public debate, using four
YouTube accounts with different viewing profiles create for the
experiment. The top search results for each term and each profile

were evaluated for their political leaning. The study found that
left-leaning content items were significantly more likely to appear
among the three top search results.

Do these studies indicate unfair biases in YouTube’s search and
recommendation algorithms? Let us use the ACROCPoLis frame-
work to examine these cases in detail, starting from the identifica-
tion of the relevant components.

In Table 1, the ACROCPoLis framework is used to describe the
fairness-relevant components extracted from both articles. In addi-
tion to identifying the components playing a role in each paper, let
us take a closer look at the Links that are relevant for assessing the
fairness of the situations examined in the studies at hand, and what
they reveal about the limitations of the analyses proposed therein.

In [35], the focus is on the possibility that the YouTube recom-
mendation algorithm is biased toward certain sorts of content, thus
generating a pattern in which users are ultimately pushed towards
a small fraction of the content available on the platform (Content
Bias). The Actors identified by the paper, i.e., content creators, con-
tent consumers, and YouTube itself, are seen on the background of
YouTube’s revenue model (Context). The platform revenue’s model
is largely organized around advertisement revenue, which is shared
between the company and the content creators. Thereby, YouTube
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Table 1: ACROCPoLis analysis of the YouTube recommendation and search algorithms, based on results from two different
papers, one focused on content bias, one on political bias. Items between parentheses are neglected in the papers, but need to
be included in a full ACROCPoLis analysis

Content Bias [35] Political Bias [40]
A Content creators, content consumers, YouTube, (policymakers) Content creators, content consumers, YouTube, (policymakers)
C Competition between content creators for user views; abundance of

content items; YouTube’s revenue model
Population of platform users with diverse positions in the political
spectrum; social and legal protections of free speech

R Time spent on the platform by users; views per content item Time spent on the platform by users; views per content item
O Users following platform recommendations lead to the same small group

of content items; ’winner takes all’ effect
Users more exposed to left-leaning content items in top search results
in the US

C Proprietary recommender algorithm, criteria unknown Proprietary search ranking algorithm, criteria unknown
Po Content creators: produce content and add it to the platform

(Content consumers: choose what content items to view and engage
with, and for how long)
YouTube: generate content recommendations

Content creators: produce political content and add it to the platform
(Content consumers: choose what content items to view and engage
with, and for how long)
YouTube: generates ranked search results

Lis See remainder of this section.

have an interest in maximizing the time spent by consumers on
the platform, thus increasing the amount of advertisement they are
exposed to; while content creators have an interest in maximizing
the number of platform users that view the content items they
produce, thus increasing the share of advertisement revenue they
receive from the platform (Resources).

Interestingly, the paper seems to place most of the Power in
the hands of YouTube itself, insofar as the platform is responsi-
ble for the recommendation algorithm that increases the visibility
and accessibility of certain content items rather than others. The
ACROCPoLis framework, however, invites an examination as well
of the Power, if any, that the other Actors possess. First, content
creators arguably have an important amount of Power in shap-
ing the allocation and distribution of the relevant Resources (time
spent and views by content consumers). Indeed, it is at least in part
the attractiveness and interest of the content items they produce
that attract consumers to YouTube to start with. Moreover, content
creators may aim at creating content items that they believe will
attract a larger number of users, in light of their own knowledge
about societal trends and public interest in different subject matters.
Finally, content creators may partially reverse-engineer some of
the Criteria used by YouTube’s recommendation algorithm in order
to increase the likelihood of appearing as recommended content to
the population of consumers they think might be more attracted
to their content items (a sort of Recommender Engine Optimiza-
tion). In consequence, content creators should arguably not be seen
as passive, powerless Actors in the situation under examination.
While their interests partially overlap with those of the platform,
they also partially differ, insofar as content creators compete among
themselves for the available Resources, while YouTube is mostly
interested in overall content consumption on the platform.

Similarly, and perhaps more strikingly, content consumers in the
platform are treated as purely passive Actors in the paper. Indeed,
the methods used in the research simulate consumers that fully
follow the deliverances of the recommender algorithm (with some
noise added), thus being largely deprived of any Power in deciding
what content to consume, and for how long. This is an oversim-
plification that the authors acknowledge, but it risks neglecting

relevant Links that are central to the assessment of the fairness of
the outputs of YouTube’s recommender algorithm. Content con-
sumers have at least some degree of autonomy in selecting what
content items to consume, and which recommendations to follow
or to ignore. Importantly, they may thus influence the Criteria
embodied in the recommender algorithm itself. It is indeed in the
interest of YouTube to generate recommendations that mirror the
type of content that consumers may want to engage with, and it is
hence to be expected that the algorithm responds to the patterns of
consumer preference in the platform. Moreover, the large amount
of data that Alphabet, the owner of YouTube, possesses about each
user of its services allows considerable personalization of content
recommendations. However, as the authors admit, studying the
influence of personalization on the recommendations produced by
YouTube is very challenging. In brief, through the Power content
consumers possess by means of their consumption preferences,
they likely influence the Criteria (i.e., the features used by the
recommendation algorithm) that lead to the observed Outcomes
(i.e., recommendations that encourage consumers to view a small
fraction of the content items available).

The above considerations suggest that an assessment of whether
or not the content bias found by the researchers is unfair or else re-
quires a fuller picture of the Power the relevant Actors possess, and
how they shape the Criteria that produce the content bias found by
the study. It may well be, for example, that no unfairness is involved,
say, if what the recommendation algorithm does is to successfully
draw users toward content items that they are more likely to want
to consume. Given the varying quality of the content items avail-
able, the variety of subject matters treated in such content items,
and social trends that help determine what is or is not in the ’public
eye’, it is arguably expected that relatively few content items are
taken to be particularly interesting by content consumers. In other
words, YouTube’s recommender algorithm might be appropriately
promoting content items with higher relevance, interest, and qual-
ity. Importantly, we are not claiming that this is the case. Our claim
is merely that the paper leaves underdefined several ACROCPoLis
components and Links that are crucial to a satisfying assessment
of the fairness of the situation being examined.
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Analogous considerations apply to [40]. The result of the paper
that concerns us here is the finding that YouTube’s search algorithm
shows a bias toward placing more left-leaning content among the
top three search results on the platform than would be expected in
light of the relative representation of political leanings among con-
tent items. One central methodological choice in the paper is that of
inferring the distribution of political leanings across the YouTube
user base in the US from the political leanings found in the sample
of content items examined in the study. Under the ACROCPoLis
framework, this methodological choice is far from inconsequential,
since it involves a conflation between two different Actor categories
that are non-overlapping and that have partially incompatible in-
terests and Power, namely content creators, and content consumers.
Content creators are plausibly interested in maximizing the view-
ership of their content items, and content consumers are interested
in consuming the content items that they find most interesting, en-
tertaining, or informative. While this suggests that content creators
should aim at satisfying consumer preferences, the goals of content
creators can also involve other considerations, such as popularizing
minority positions, spreading relatively neglected ideas and ideolo-
gies, and the like. In other words, it is plausible that the political
leanings expressed by content producers are not an appropriate
measure of the political leanings of content consumers.

As the ACROCPoLis analysis makes clear, content creators and
content consumers are different Actors, who possess different kinds
and degrees of Power in shaping the search ranking algorithm (Cri-
teria) and thus the Outcomes. Thereby, the study results could at
most be used to argue that there is an unfair bias in top 3 search
results in the US under a uniform distribution understanding of
fairness (i.e., equal exposure to be given to each political leaning,
regardless of representativeness in the population). It is doubtful,
however, that uniform distribution is the appropriate approach to
fairness to be used in this case, as it would also require YouTube to
give space to extreme political positions that have little representa-
tion in the general population.

As with [35], this study does not take into consideration the
role of content consumers in shaping the search ranking algorithm
that YouTube employs. As the authors admit, this is a limitation of
the study, for if the political bias found is mostly due to consumer
preferences, it is debatable that such a bias is unfair at all, rather
than being an expression of the Power exercised by content con-
sumers over the search ranking algorithm (and thus over YouTube
itself) by means of their autonomous consumption choices. Both
papers, moreover, do not go into the role that policymakers have
in shaping the Criteria, and thus the Outcomes. This neglect is ar-
guably justified, insofar as, at least in solidly democratic countries,
policy interventions are mostly concerned with illegal and harmful
content, while free speech guarantees make it so that policymakers
have little Power when it comes to influencing the Criteria and
Outcomes involving legal content items.

Importantly, the considerations above are not meant to diminish
the value of the studies examined. They are merely intended as
illustrations of how the ACROCPoLis framework can help furnish
a fuller picture of what pieces of information are needed in order to
provide more strongly substantiated fairness assessments of specific
situations and processes. Indeed, the ACROCPoLis analyses above
point out limitations in the studies examined, thus revealing further

research questions that need to be explored to complement their
findings.

Finally, it should not have escaped the reader’s attention that
a glaring gap in the foregoing examination, and in the studies
themselves, is the Criteria component. This is due to the fact that
YouTube’s algorithms are proprietary and closed, making it so that
the Power that different Actors exercise in shaping it, as well as
how the algorithms lead to the observed outcomes, is only partially
inferrable by input-output testing of the platform. Moreover, it is
likely that YouTube’s algorithms are constantly in flux, with fixes
and tweaks introduced by the company to improve their working in
light of the platform’s interests and the regulatory requirements it is
called by policymakers to respect. This makes it so that a fully ade-
quate fairness assessment of YouTube, by the lights of ACROCPoLis,
cannot currently be produced. As an aside, it is worthwhile to point
out that the counterfactual scenario in which YouTube’s algorithms
are made openly available, either by the company or by successful
reverse-engineering, would importantly change the ACROCPoLis
analyses. After all, it is plausible that in such a situation more of the
Power wouldmove to the hands of content creators, hence changing
the Outcomes produced (potentially in undesirable and/or unfair
ways).

5 CONCLUDING REMARKS
With ACROCPoLis, we have proposed a common, uniform model
to represent and analyze fairness statements. In this paper, we
highlight the potential for practical use with an analysis of the well-
known COMPAS case, as well as analyses of two recent studies
focused on biases in YouTube. Still, ACROCPoLis ismerely a starting
point on the road toward operationalizing algorithmic fairness
modeling. Further applications are needed to assess, validate and
improve ACROCPoLis in order to resolve potential weaknesses,
and to formulate extensions as well as refinements to better catch
conceptual nuances that may be of substantial practical relevance.

ACROCPoLis is mostly a descriptive framework that supports
the identification of the relevant aspects to take into consideration
in fairness assessments. A crucial part of any fairness analysis is,
however, normative: one needs to decide whether the situation, as
presented, is fair or not, and why. In particular, it is necessary to
identify which fairness questions or situations do not fit into the
framework as it stands. Of particular importance is the identifica-
tion of aspects that are relevant for the specification of fairness
assessments that ACROCPoLis may be leaving out. Our next step
in this direction is to apply ACROCPoLis to the domain of law
and legal reasoning [54], which has a long tradition of developing
frameworks and theories that facilitate fair and “ethical” decision-
making, and whose application is central to fundamental societal
challenges such as the facilitation of democracy and human rights.

Further work is needed to address the following issues (this list is
non-exhaustive, but intended to serve as a starting point for future
research and dialog across disciplines and stakeholders):

• Is the framework flexible enough to maintain its adequacy
as AI-based technology and associated fairness concerns
evolve?

• To what extent does ACROCPoLis support interdisciplinary
communication and public discourse, considering that
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conceptions of fairness and how fairness should be mod-
eled differ substantially across fields and communities?

• What are the challenges around operationalizing the frame-
work at scale in real-world socio-technical systems?

• Does ACROCPoLis support procedural notions of fair-
ness [49], in which the fairness of the process is put into
focus, i.e., where procedural aspects of a decision matter just
as much or more than the consideration of its inputs and
outputs?

• How can ACROCPoLis accommodate the potential future
scenario of AI systems that attain the status of moral agents?

• Is a framework such as ACROCPoLis sufficient, and useful,
to handle questions “beyond” fairness, in ways that support
cross-disciplinary communication?

Addressing these issues will require a cross-disciplinary and par-
ticipatory approach, in which the aim of a shared understanding of
how to interpret concrete fairness situations is central. A key idea
for future work is to apply ACROCPoLis at the design stage of intel-
ligent systems. By modeling what role the system will play within
a wider process, the clarity of the framework allows us to pose key
questions about its context, purpose and effects, including whether
an AI system is needed in the first place. These considerations have
been dubbed "hard choices" [19], pointing to an "overlap between
design decisions and major sociotechnical challenges", which frame-
works such as ACROCPoLis can help clarify. An interdisciplinary
view is essential for this purpose.

In the context of real-world applications, the use of ACROCPo-
Lis by different domain experts should be studied. In this sense,
we envision a participatory framework in which the ACROCPoLis
framework can be filled by participants according to their vision
and expertise, and serves as a shared language to describe which
are the key aspects to analyse the fairness of a scenario. There may
be a need to formulate extensions as well as gradual refinements to
better catch conceptual nuances that may be of substantial practical
relevance. This highlights key requirements for the use of the frame-
work: the application of ACROCPoLis requires a substantial time
investment, as well as domain expertise from multiple perspectives.
We do not see this as a limitation: both factors are necessities for a
comprehensive perspective on fairness at the design stage.

As particular future study objectives, we aim to assess to what
extent ACROCPoLis can, in the context of complex sociotechnical
systems i) discover fairness problems that otherwise would remain
hidden; ii) help improve the alignment of different stakeholders
with respect to fairness; iii) affect system change that leads to an
(objective or perceived) increase in fairness. Such studies can draw
upon a range of well-established social science and information
systems researchmethods. However, we recommend caution during
study design and execution; in particular, we want to highlight that
attempts to quantify the efficacy of ACROCPoLis either generally
or in a particular context can be dangerous and may contradict the
design intention of the framework.

Moreover, we must point to the central role of modelers in the
fairness debate. Indeed, model creators have the power to frame how
fairness is assessed, and thus the outcome of fairness evaluations.
For example, Power (or proxies thereof, such as money) may be
considered a Resource (which implies it can be distributed), or

it may be modeled as an Actor’s attribute, which may obfuscate
the possibility of redistributing power as a potential solution to
an unfair situation. Importantly, a risk that needs to be further
examined is whether frameworks like ACROCPoLis may lead to
the neglect of relevant perspectives that are distant from the ones
of the modelers themselves.

In this sense, a particularly challenging aspect is the consid-
eration of latent interests or unorganized groups. There may be
outcomes or resources that do not relate to any particular agent
groups, such as the erosion of democracy in the case of YouTube.
Similarly, unorganized stakeholder groups which may be affected
by a system but do not constitute a "group" in terms of shared in-
terests, values or attributes may be overlooked by the requirement
to name Actors. This kind of shortcoming is sometimes bridged
by including open participation in some steps of the design (e.g.
evaluation [9]), which could be done in the setting of ACROCPo-
Lis as well by asking the wider public for comment on different
ACROCPoLis models of the same situation.

Finally, we contend that the conceptual assessment and refine-
ment of ACROCPoLis is in fact more important than its mathemati-
cal formalization or its implementation in an IT system-executable
format: societal validation must precede technical verification, or
the creation of a verifiable specification. Moreover, there is a grow-
ing debate about whether fairness is sufficient as a criterion when
it comes to addressing algorithmic harms, with scholars calling for
an orientation towards justice and dismantling oppressive struc-
tures [6, 12, 31].
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Abstract—The opaque nature of machine learning systems
has raised concerns about whether these systems can guarantee
fairness. Furthermore, ensuring fair decision making requires the
consideration of multiple perspectives on fairness. At the moment,
there is no agreement on the definitions of fairness, achieving
shared interpretations is difficult, and there is no unified formal
language to describe them. Current definitions are implicit in the
operationalization of systems, making their comparison difficult.
In this paper, we propose a framework for specifying formal
representations of fairness that allows instantiating, visualizing,
and comparing different interpretations of fairness. Our frame-
work provides a meta-model for comparative analysis. We present
several examples that consider different definitions of fairness,
as well as an open-source implementation that uses the object-
oriented functional language SODA.

Index Terms—Responsible artificial intelligence · Ethics in
artificial intelligence · Formal representation of fairness

I. INTRODUCTION

A key challenge in ensuring or assessing fairness is the
heterogeneity of perspectives on fairness, because there is
no canonical definition of what is fair and what is not. In
particular, fairness is not a “one-size-fits-all”-problem: there
is no unique operationalizable definition of fairness. In fact,
research in various areas of formal definitions of fairness has
increased considerably [15]. In the machine learning commu-
nity, different frameworks have been presented to quantify
fairness in classification [3], [5]. Even if fairness can be seen as
“the absence of prejudice or favoritism towards an individual
or group based on its inherent or acquired characteristics” [29],
different criteria can be used to determine fairness of decisions,
and many of them should be specifically formulated to be clear
to those involved. Determining what is fair varies between
cultures [10], and even within the same culture, different
individuals can perceive fairness differently [13].

Agreeing on a particular notion of fairness or facilitating
an understanding of the diversity of perspectives on fairness
can avoid conflicts. A structured discussion and analysis of
fairness requires a framework for specifying and comparing
perspectives on fairness to enable the elicitation of differences
and ultimately desiderata that stakeholders can agree on.
Although agreements on the interpretation of fairness or other

∗ Corresponding author. The authorship order is by relative overall contri-
butions to the manuscript.

societal values are complex, a growing number of approaches
are being proposed at both theoretical and practical levels,
particularly following the Design for Values methods [35],
[16], [36].

This paper uses the ACROCPoLis framework [2], which
provides a shared vocabulary for fairness assessments, making
explicit the relevant factors and their relations. This allows for
comparison of similar situations, highlighting differences in
dissimilar situations, and capturing different interpretations by
different stakeholders. This framework is the underpinning to
obtain an applicable framework for operationalizing fairness
by:

i. introducing Tiles (Transparent, Intuitive, Logical, Eth-
ical, and Structured), a visual specification language
especially tailored for fairness definitions;

ii. presenting a formal meta-model and examples of fair-
ness definitions using Tiles; and

iii. providing an implementation of Tiles in an object-
oriented functional language.

The remaining sections are structured as follows. Section II
provides an overview of the state of the art, and in particular
of challenges regarding the formalization of fairness. Then,
Section III provides an informal conceptualization of fairness
(drawing from existing research) and introduces a formal meta-
model for fairness, as well as Tiles, the corresponding ap-
proach to implementation and visualization of fairness models.
Formalization and implementation are illustrated using several
simple examples in Section IV. Finally, we conclude the article
with a discussion of related work and an outline of future
research directions in Section V.

II. BACKGROUND

While fairness is a crucial societal concept, its definition,
even in a specific context, is typically subjective. For example,
when a state provides childcare subsidies to a family, a “fair”
distribution may be colloquially defined in the following ways,
among others:

• per child, every family receives the same amount of
subsidies;

• per child, subsidies depend on family income, i.e., the
amount of subsidies increases with decreasing income;
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• per child, subsidies depend on family income and the
number of older siblings, i.e., the amount of subsidies per
child increases with an increasing number of children.

Each option may be considered fair; one cannot objectively
stipulate that one option is necessarily “fairer” than the other.
Different communities may have different opinions about what
a fair childcare subsidy is [8]. For example, the province of
Manitoba, Canada, considers these relevant factors: family
income, number and age of the children, number of days
required for care, and reason for care [21]. Similarly, the
Australian Government publishes a structure diagram of how
some factors weigh on the allocation of the childcare subsidy,
especially income [12], as the subsidy rate is lowered, in
stages, as family income increases, and reaches zero for
families with an annual income of or above 352,453 AUD
(in 2019-2020).

Comparing different scenarios is a complex task, especially
for those who are not specialized in the topic. Thus, a formal
diagram can help visualize the differences between criteria
of two different countries, or the same country at different
points in time. However, creating a system to design such
diagrams is challenging, as informal descriptions carry the
risk of inconsistencies and flawed modeling. This risk may
be reduced if we are able to categorize the different fairness
scenarios and provide pre-built consistent blocks to model
them. Each block works as a logical unit that is small enough
to be fully understood, but powerful enough to require only a
few blocks for a standard diagram.

Two prominent categories of scenarios pertaining to fairness
are resource allocation scenarios and scoring scenarios. Given
a group of individuals, resource allocation scenarios focus
on how to find an optimal allocation of a fixed amount of
resources [24]. The value of resources is abstracted by a utility
function, which is a function that gives a comparable value to
resources. The utility function may represent qualities or quan-
tities, such as money, time, weight, and size. Implementing
fairness in resource allocation is a challenging task because
fairness and efficiency are competing objectives [6]. The Gini
index [19], [20] and the points on the Lorenz curve [17], [18]
are well-known approaches to fairness in resource allocation
scenarios and provide frequently used measures for wealth
(in)equality in a macroeconomic context.

Scoring scenarios focus on how fair a scoring of a group of
individuals is based on their individual attributes. Individuals
receive a score based on their attributes, abstracted by a
scoring function, which is a function that gives a comparable
score to individuals with respect to some aspect. This score
may assess the likelihood that an individual is able to repay a
loan or is a good fit for a particular job position.

To check whether the scoring function itself is fair with
different individuals, we could use a counterfactual check [25],
especially considering that protected attributes, such as gender,
ethnic origin, social status, age, and sexual orientation, can be
“noisy”, and produce unfair scoring [30]. However, removing
or exchanging protected attributes could have limitations, as
attributes often contain confounding factors and correlations

that are difficult to disentangle or even detect. We consider the
scenarios presented in [26] as a reference to identify common
real-world scenarios, where machine learning-based decision
making is used. We compare the scenarios in Table I.

Other scenarios include insurance policy prediction [38],
income prediction [28], equal opportunity policies for health
care [33], teacher evaluation and promotion [9], online recom-
mendation [23], and university ranking [27], [34].

With the rise of data science and machine learning in
recent years, research interest in statistical notions of fairness
has increased. Here, the most prominent examples are group
fairness and individual fairness [11]:

• Group fairness intuitively stipulates that groups that are
separated by protected properties (such as gender) are to
be treated in the same manner, i.e. that outcomes must not
differ, given everything else is equal between the groups.

• Individual fairness intuitively stipulates that individu-
als that are similar given their non-protected properties
should be treated in a similar manner.

Recent works attempt to reconcile the supposed conflict be-
tween group and individual fairness, but also call into question
the sufficiency of the statistical measures that operationalize
the concepts, and in particular individual fairness. For exam-
ple, claims of individual fairness can also exacerbate existing
biases that may then be reflected in the selection of desirable,
non-protected properties [14]. Furthermore, decisions made to
mitigate bias are not value-free [1].

Still, tools for operationalizing fairness, such as IBM’s AI
Fairness 360 [4], Google’s What-if tool [39], and Microsoft’s
Fairlearn [7], depend on these highly specific statistical for-
malizations that reflect group or individual fairness notions.
They also assume that high-quality data is available in a
rather unambiguous context that allows for the societally
beneficial operationalization of fairness using these notions.
Considering the recent academic discourse on the diversity
and heterogeneity of fairness definitions that are needed to
facilitate nuanced analysis and ultimately outcomes that are
societally desirable [2], [14], it is striking that there are no
formal meta-models of fairness that can instantiate a broad
range of fairness definitions and scenarios from different points
of view.

III. FORMALIZATION AND REPRESENTATION

Since our objective is to introduce an implementable and
ultimately operationalizable approach to instantiate and com-
pare context-dependent fairness definitions, our fairness for-
malization is grounded in conceptual approaches to fairness
of societal relevance. As observed in the previous section,
fairness typically pertains to decisions or actions that are made
based on the attributes of specific agents or groups thereof.
Each decision or action has a resource allocation or score as
an outcome. Decisions or actions can be abstract, e.g., the
execution of an action can be seen as assigning a score or as
the use of a resource. Somewhat reflecting this intuition, we
previously introduced ACROCPoLis, a conceptual framework
for making sense of fairness [2].
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TABLE I
COMPARISON OF REAL-WORLD SCENARIOS.

Scenario Relevant Attributes (Input) Outcome (Output)
Job hiring affiliation, education level, job experience, IQ score, age, gen-

der, address
a decision and/or a score

Granting loans credit history, purpose of the loan, loan amount requested,
employment status, income, marital status, gender, age, address,
housing status, and credit score

decision and/or score

College admission institutions previously attended, SAT scores, extracurricular
activities, GPAs, test scores, interview score

decision or score

Criminal risk assessment number of arrests, type of crime, address, employment status,
marital status, income, age, housing status

score and decision

Child maltreatment prediction contemporaneous and historical information for children and
caregivers

score (likelihood) and decision

Health care disease (chronic conditions) prediction include vital signs, blood
test, sociodemographic data, education, health insurance, home
ownership, age, race, address

score (likelihood)

Facial analysis face (image) decision

ACROCPoLis identifies six entities that are general to
model fairness scenarios: Actors, Context, Resources, Out-
come, Criteria, and Power, as well as the Links connecting
them. In order to make the ACROCPoLis framework usable,
we made decisions on the formalization, which required a
trade-off between simplicity and generality. In our approach,
we consider Actors, Context, Resources, and Outcome, and
we add Measure, Aggregation, and Attribute, as we describe
in Table II. We encode Criteria, Power, and Links indirectly in
the other entities. Criteria are the explicit or implicit aspects
needed to make a decision, affect, or justify the outcome.
We interpret Power as an attribute of actors, which could
be indirectly used from the Context. Links are the relations
included in the attributes and in the aggregations.

This section introduces our formal meta-model of fairness
and explains how the meta-model can be applied to instantiate
fairness scenarios, with the notation that we provide.

A. Meta-model

Our meta-model requires two sets: I , which is a non-
empty set of identifiers, and M , which is a non-empty set
of measures. For the set of identifiers I , we also require a
relation ‘≤’ that is a total order. This means that, for every
a1, a2, a3 ∈ I ,

1) a1 ≤ a1 (reflexive);
2) if a1 ≤ a2 and a2 ≤ a3, then a1 ≤ a3 (transitive);
3) if a1 ≤ a2 and a2 ≤ a1, then a1 = a2 (antisymmetric);
4) a1 ≤ a2 or a2 ≤ a1 (strongly connected).

Some data types that could implement I are a set of strings
with alphabetical order, or a set of integers with a ‘less than
or equals to’ relation, or any other possibly infinite set with a
total order.

For the set of measures M , we require it to be a subset
of the real numbers R enriched with a distinguished element
NaN (‘Not a Number’), with the usual total order ‘≤’ for R,
and basic operations, like addition, subtraction, multiplication,
and division. M could be implemented by a floating point data
type [22]. In fact, NaN is a particular value of numeric data

types, such as the floating point number, and captures cases
where operations on floating point are undefined, e.g., when
dividing by 0.

Once I and M are defined, we can identify a specific
fairness scenario, which we call a context, and we just use an
identifier c ∈ I to refer to this. We do not need more structural
information regarding the context, because all the relevant
information of the context is in fact in other components of
the tuple. Similarly to the case of the context, we identify the
actors and resources by their identifiers, allowing functions on
them to provide relevant information about them. The set of
actors is Ac and the set of resources is R, and both are subsets
of I , i.e. Ac ⊆ I and R ⊆ I . We also require that there are no
common identifiers in both sets, and that both do not contain
c, i.e. Ac ∩R = ∅ and c /∈ Ac, c /∈ R.

Up to this point, we have defined the basic sets of identifiers
(I) and measures (M ), and some relevant elements of I , such
as the context c, the elements of Ac and the elements of R.
With these defined, we can define a set of attributes, which we
call At. This set is in fact a finite set of functions f that take
an identifier in Ac or R, and return either another identifier
in Ac or R, or a measure in M . To denote this, we define
Fun(A,B) as the set of functions from A to B:

Fun(A,B) := {f | f : A → B}.
Then, we require that the following holds:

At ⊆ Fun(Ac,Ac) ∪ Fun(R,Ac) ∪
Fun(Ac,R) ∪ Fun(R,R) ∪
Fun(Ac,M) ∪ Fun(R,M).

We define the set of aggregation functions as a finite and
possibly empty set Ag that contains only functions that can
operate on any finite sequence of elements in either identifiers
in Ac, identifiers in R, or measures in M , and return a single
element of the same set as the domain. This can be denoted
as follows. Let Aggn(A) be defined as the set of functions in
sequences of elements of A of length n to an element of A,
denoted by:

Aggn(A) := {f | f : An → A},
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TABLE II
ENTITIES

Entity Meaning Relation to ACROCPoLis
Actor is an individual or organization that participates in the fairness scenario, either

by receiving resources, distributing resources, or affecting the distribution of
resources.

the same as Actor

Context is an entity that contains relevant contextual and structural factors in a fairness
scenario.

the same as Context

Resource is a measurable element to be distributed to the actors involved in a fairness
scenario.

the same as Resource

Outcome is the association between actors and resources in a fairness scenario. the same as Outcome
Measure is the space of quantities and qualities to measure and compare attributes of

context, actors, and resources.
part of Links

Aggregation is the space of functions to combine quantities and qualities and preserve them
as measures.

part of Links

Attribute is the space of concrete relevant features of an actor, a resource, or the context,
especially reflecting a quantity or a quality.

part of Links, covering Power

where An denotes the n-ary Cartesian power of A. Then, we
say that:

Ag ⊆
⋃

k∈N
(Aggk(Ac) ∪Aggk(R) ∪Aggk(M))

We can define the outcome O of a scenario of fairness
as a finite possibly empty set of pairs, each pair called an
assignment, where each actor receives one resource. We can
denote this as O ⊆ {⟨a, r⟩ | a ∈ Ac, r ∈ R}. This outcome is
to be evaluated to determine whether it is fair or not according
to the definition of fairness defined by human evaluators.

Given that the components are defined above and assuming
that Ac, R, O, M , Ag, and At are all pairwise disjoint, we
can define the tuple for a given scenario of fairness as:

Fc = ⟨Ac,R,O,M,Ag,At⟩.
We name the whole framework above AcROMAgAt. Note that
I is only indirectly mentioned through its relevant elements,
namely c, the elements in Ac, and the elements in R.

B. Steps to identify the entities

As described above, resource allocation scenarios are in-
tended to allocate limited resources among actors. To identify
the abstract components in this kind of scenario, we want to
model whether a particular resource allocation satisfies the
needs of actors according to our definition of fairness. To
illustrate our definitions, we consider the entities involved in
modeling a childcare subsidy scenario.

The first step is to recognize the actors, the resources, and
the context. It might be the case that, for a given scenario,
some actors are not visible or not clearly identifiable, but we
focus on those receiving the resources in a particular context.
In the case of the childcare subsidy scenario, each actor would
be a family, the resources would be the amount paid, and the
context the name of the country or territory where the subsidy
is being considered.

We can then recognize the attributes of actors and resources
that are relevant in the given context. As we learn from the
requirements, some attributes would be the income of the

family, the number of children, and their ages. Attributes for
the resources could be the amount paid, and the currency. The
outcome can be defined considering actors and resources, and
the measures are those quantities and qualities that emerge
from the attributes. The outcome represents how much is given
to each family. Lastly, we identify aggregations to combine
quantities and qualities and compare them. Aggregations can
be seen as a collection of utility functions that help express
qualities and quantities as functions of basic values. For
example, if a family receives multiple childcare subsidies
instead of one, an aggregation function can ensure that the
total amount does not exceed the established cap per family.

In the case of scoring scenarios, the steps are analogous,
but there is an emphasis on the role played by the attributes,
since the score is what is being scrutinized for fairness. As in
the case of resource allocation, context attributes provide the
required additional information, such as historical information.
At first, we could consider scoring as the allocation of an
unlimited resource, but it is a limited resource in some cases,
as when choosing a candidate for a job interview, or when it
is used in an examination that is later normalized among all
results to follow a statistical distribution. We consider scoring
the allocation of an infinite abstract resource. Intuitively, there
may be an overlap between scoring and resource allocation,
e.g., if school grades must follow a pre-specified distribution;
in our interpretation, this is not a scoring scenario, because
the resource is finite (given a finite set of actors). The two
scenario categories are not disjoint. The same problem could
be modeled as a resource allocation scenario or a scoring
scenario, depending on what features are more predominant
or relevant for the particular use.

C. Fairness pipelines with Tiles

For modeling AcROMAgAt fairness scenarios, we intro-
duce Tiles, which is a system to define rules based on
the composition of building blocks (tiles). To demonstrate
how Tiles work, we assume an abstract fairness scenario
Fc = ⟨Ac,R,O,M,Ag,At⟩. Each tile has an identifier or
function, an input, and an output, depicted as follows:
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�� ��input function output

Tiles can be connected to create a composite tile, where
the output of one tile is the input of another. They can
be seen as compositions of tiles. They are connected using
connection ports (the inputs and outputs of the function), and
in some cases, a tile may have multiple input connection ports
and/or multiple output connection ports. A tile with multiple
input ports can be interpreted as a function with multiple
parameters, or similarly of just one parameter which is a tuple
of multiple ports. A tile with multiple output ports, instead,
is interpreted as the replication of the output of the tile seen
as a function. Multiple ports are denoted using commas, i.e.
(a0), (a1) denotes two ports of one sequence each, where both
possibly empty sequences have the exact same number of
elements. This allows us to re-write it as a sequence of pairs
(⟨a0, a1⟩).

A pipeline is a special case of a composite tile, which has a
starting tile and an ending tile. The starting tile does not have
an input, and the ending tile has a single value as output, which
is usually a Boolean value. An unfold tile generates a sequence
from a single value, for example, if given the number n, it
creates a sequence of n elements. A fold tile generates a value
from a sequence, for example, if it computes the sum of all the
elements in a sequence. When configuring a pipeline, each tile
can use contextual information and the outcome O all along the
pipeline. The contextual information and the outcome remain
constant with respect to the pipeline.

Let us see how AcROMAgAt fairness scenarios are rep-
resented by Tiles. Actors can be represented by the tile�� ��all-actor (a) , which returns a sequence of actors, denoted
by (a), i.e. (a) = ⟨a0, ..., an−1⟩, where each ai ∈ Ac, and for
1 ≤ i < j ≤ |Ac| and ai, aj ∈ Ac, we have ai ̸= aj . This
sequence is sorted by identifier.

Based on the sequence of actors, we can define a tile that
retrieves the resource for each actor. This is achieved by the
tile

�� ��(a) received (m) , which, given an aggregation function
σ ∈ Ag, σ : M → M , and an attribute p ∈ At, for each a in
the input sequence of actors, returns a measure m such that:

m = σ ({p(r) | ⟨a, r⟩ ∈ O}).

To avoid verbosity in the tiles, we use the following notation
conventions.

• We use a variable of a type to denote the type or the
variable, depending on the context. For example, in the
case of a for Ac, a can denote the type Ac or a variable
of type Ac.

• We denote (·) as the sequence type and its elements. For
example, (a) is a sequence of actors.

• We use a without index to denote an element of the
sequence.

• When dealing with multiple ports, the variables in the
input ports are independent from the variables in the
output ports. For example, in

�� ��(m0),(m1) plus (m0) , the m0

in the output port can be different from the m0 in the
input port.

The tile
�� ��(m) all-equal b is true if and only if all the

elements in the input sequence are equal. With the tiles defined
above, we can define the tile

�� ��equality b as a pipeline as
shown in Figure 1.

We can use similar definitions to encode equity, where ac-
tors receive resources according to their need, which depends
on the actor and on the context, but not on the given resource.

The tile
�� ��(a) needed (m) is a function that, for each actor

a ∈ Ac, returns the need (measure) m ∈ M with respect
to an attribute p ∈ At. The tile

�� ��(m0),(m1) all-at-least b ,
given a pair of sequences, returns true if and only if for
m0,m1 ∈ M , each pair m0,m1 verifies m0 ≥ m1. The
tile

�� ��all-actor (a0),(a1) works similarly to
�� ��all-actor (a) , but

returns a pair of sequences, where each pair duplicates the
same actor, for parallel processing. Figure 2 shows how we
encode equity.

We see how we distinguish connections between tiles by
giving subindices to their connecting variables, regardless of
the fact that a0 and a1 are the same actor.

A tile pipeline, such as the one in Figure 2, can intuitively
be seen as a directed acyclic graph, where the tiles are the
vertices, the starting tiles are the source vertices, the ending
tiles are the sink vertices, the edges are the connections
between tiles, and the edge direction is implicit by connecting
the output of one tile to the input of another.

D. Tiles for scoring scenarios

Based on Table I, we provide tiles centered on statistical
approaches for scoring scenarios. In Figure 3, we present
one possible pipeline of tiles to determine whether there is
a correlation between an attribute and the performance of a
prediction on individuals. Finding a correlation between values
does not ensure causality, but it can serve as an indicator to
detect possible unfair situations.

We assume that there is a threshold such that the values m
above that threshold are positive and those below are negative.
Alternatively, the implementation of these tiles could abstract
such a threshold by returning Boolean values true or false.
Without loss of generality, we assume that m is 0 for false
and 1 for true. We use these values to calculate the Pearson
correlation coefficient [37].

The tile
�� ��all-actor (a0),(a1),(a2) is a tile that allows for three

connection ports and produces three identical sequences of
actors. The tile

�� ��(a) prediction (m) takes a sequence of actors,
with each actor a ∈ Ac, returns the predicted values with
respect to an attribute p ∈ At as a sequence of measures m ∈
M . The tile

�� ��(a) result (m) takes a sequence of actors, with
each actor a ∈ Ac, and returns the actual values with respect
to an attribute p ∈ At as a sequence of measures, m ∈ M .
In the case of the prediction of recidivism, the prediction can
be taken from the data two years before the evaluation and
the results from what actually happened. Both sequences are
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�� ��equality b :=
�� ��all-actor (a) →

�� ��(a) received (m) →
�� ��(m) all-equal b

Fig. 1. Pipeline for equality: it is defined with three tiles, one producing actors, then a tile that retrieves what each actor receives, and the last one that checks
whether all received the same.

�� ��all-actor (a0),(a1)

�� ��(a0) received (m0)�� ��(a1) needed (m1)

�� ��(m0),(m1) all-at-least b

Fig. 2. Representation of equity using Tiles. The first tile on the left creates the sequence of actors that are processed in parallel, but respecting the order,
by two tiles. These tiles return how much an actor received and how much the actor needs. The last tile on the right compares both values.

�� ��all-actor (a0),(a1),(a2)

�� ��(a0) prediction (m0)�� ��(a1) result (m1)�� ��(a2) with (m1)

�� ��(m0),(m1) false-pos (m0)

�� ��(m0),(m1) correlation m

�� ��m decision b

Fig. 3. Example of a configured correlation pipeline to measure the bias on false positives. The tile on the left creates triples of actors. The three branches
are the original prediction on an actor (‘prediction’), the actual result of an actor (‘result’), and if the actor has a given property (‘with’). With the original
prediction and the actual result, the false positives are calculated. This, together with the characteristic of a property, is given to compute the correlation.
Ultimately, we find the decision of whether there is a significant bias based on the correlation.

combined to estimate false positives, which is done by the tile�� ��(m0),(m1) false-pos (m) .

The tile
�� ��(m0),(m1) false-pos (m) , given a pair (m0,m1),

m0,m1 ∈ M , returns 1 if the pair is a false positive, and
0 otherwise. A false positive is that the prediction is 1 and
the actual value is 0. The tile

�� ��(m0),(m1) false-neg (m) returns
1 if the pair is a false negative, and 0 otherwise. A false
negative is that the prediction is 0 and the actual value
is 1.

�� ��(m0),(m1) true-pos (m) and
�� ��(m0),(m1) true-neg (m) are

analogous, but return 1 if given (m0,m1), m0 = m1, and 0

otherwise. The tile
�� ��(a) with (m) retrieves from all actors an

attribute p, for example, the skin color. Binary attributes can
be encoded with 0 and 1 to compute the correlation.

The tile
�� ��(m0),(m1) correlation m computes a correlation

coefficient for the subsets filtered by attributes with respect
to the score. We chose the Pearson correlation coefficient, but
other correlations can be used in this diagram, as long as they
respect the same input/output ports. The Pearson correlation
is defined, for a sample of size n, for xi, yi (1 ≤ i ≤ n)
individual sample points, for x̄ = 1

n

∑n
i=1 xi, the sample

arithmetic mean, and the same for ȳ as follows:

rx,y =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2

A final tile
�� ��m decision b makes the decision about whether

the correlation is acceptable. For example, some arbitrary
categorization could define the ranges (0, 0.3] as weak corre-

lation, (0.3, 0.5] as moderate correlation, and (0.5, 1] as strong
correlation.

E. Implementation

Tiles can be configured for specific scenarios. Each con-
figuration should be implemented in a more fine-grained
language. Considering such a configuration, we believe that
the language in which Tiles can be configured should have
good readability, although this is a property that is difficult
to measure. We chose SODA [32], [31] because it is an
object-oriented functional language, especially designed to
describe, analyze, and model human-centered problems. The
tiles used in the examples are summarized in Table III,
and we provide an open source implementation of them at
https://julianmendez.github.io/tiles .

F. Assumptions

We assume that the information we have is consistent, that
the resources have either a utility function or a score, and that
we are provided with complete information of the outcome,
which means that we know exactly what each actor receives.
In practice, we may need to detect that a system is not fair
before analyzing all assignments. Nevertheless, we can still
model the problem for a particular instance at a particular
point in time.

Finally, another assumption is that each tile is decidable, and
that the complexity of the whole pipeline does not impede
the execution possibility. Although we provide the elements
to check fairness and also examples, we do not state if the
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TABLE III
SUMMARY OF ACROMAGAT TILES USED IN THE EXAMPLES.

Generic Tile Meaning�� ��(α) all-satisfy p b Given a sequence of objects of type α, it returns true if and only if all the elements satisfy property p.

�� ��(α0),(α1) f(α0, α1) (α)

Given a pair of sequences of two objects of the same type α, it returns a sequence of objects of the same type,
resulting from applying the function f to both elements of the pair. If the parameters are omitted, the order is as
expected. For example, for measures,

�� ��(m0),(m1) plus (m) denotes that each element m in the output sequence

is computed by applying the function plus (+) to two measures, i.e. m = m0 +m1.�� ��(α) p? (α)

Given a sequence of objects of type α, it returns a possibly empty sequence of objects of the same type such
that all of them satisfy the property p.�� ��all-actor (a)
Returns a sorted sequence of actors (a), where each a ∈ Ac occurs exactly once.

�� ��(a) received (m)

Given a sequence of actors (a), with a ∈ Ac, it returns a sequence of measures (m), m ∈ M , such that each
m is the aggregated value using the aggregation function σ applied to the set produced by the resource attribute
p, based on the outcome O.�� ��(m) all-equal b Given a sequence of measures (m), m ∈ M , it returns true if all values are equal.

Customized Tile Meaning�� ��(a) needed (m)

Given a sequence (a), for each a ∈ Ac, and the attribute p ∈ At, it returns a sequence of measures (m), where
each m ∈ M has the need of that actor with respect to p.�� ��(m0),(m1) all-at-least b
Given a pair of sequences (m0), (m1), where each m0,m1 ∈ M , it returns true if for all pairs, m0 ≥ m1, and
it returns false otherwise.�� ��(a) prediction (m)

Given a sequence of actors (a), it returns a sequence of measures (m), such that for each actor a ∈ Ac, for a
measure m ∈ M , it holds that m = 1 if based on the outcome O the prediction with respect to an attribute
p ∈ At is positive, and m = 0 if it is negative.�� ��(a) result (m)

Given a sequence of actors (a), it returns a sequence of measures (m), such that for each actor a ∈ Ac, for
a measure m ∈ M , it holds that m = 1 if based on contextual information in c, the result with respect to an
attribute p ∈ At was positive, and m = 0 if it was negative.�� ��(m0),(m1) false-pos (m)

Given a pair of sequences (m0), (m1), where each m0,m1 ∈ M , it returns a sequence of measures (m),
m ∈ M , such that m = 1 if the value of m0 = 1 and m1 = 0, and m = 0 otherwise.�� ��(a) with (m)

Given a sequence of actors (a), a ∈ Ac, it returns a sequence of measures m ∈ M containing the characteristic
value: 1 for those actors that have the attribute p and 0 otherwise.�� ��(m0),(m1) correlation m
Given a pair of sequences of measures, (m0), (m1), where each m0,m1 ∈ M , it returns a single value m ∈ M ,
which is the Pearson correlation coefficient.�� ��m decision b Given a correlation measure m ∈ M , it returns true if and only if the correlation is considered significant.

elements we provide can model all possible fairness definitions
or if it is feasible to model all possible fairness definitions.

IV. EXAMPLE

Let us consider an example to which the Tiles framework
can be applied. For that, we go back to the childcare subsidy
scenario. For the purpose of this scenario, a family has one or
more parents or (legal) guardians, who are responsible for one
or more children. Guardians may receive different childcare
subsidies depending on the definition of fairness used. Some
possible criteria for the amount of money that each family
could receive are listed here:

• (no subsidy) no subsidy is given to any family (Figure 4);
• (per child) give to all families the same amount for each

child (Figure 5);
• (per family) give the same amount of money to each

family, regardless of the number of children (Figure 6);

• (single guardian) give the subsidy when the family has
only one guardian (Figure 7).

In our diagrams, each actor is a family (as defined in this
scenario). Some of the properties of a family are:

• number of adults: a positive integer (1 or more);
• number of children: a positive integer (1 or more);
• a (yearly) income: a non-negative integer (0 or more).
These properties are considered contextual information and

do not change across the pipeline. The resource is money for
the childcare subsidy, and it is represented by a non-negative
integer. The measures are then non-negative integers.

V. CONCLUSION

In this paper, we have presented a formal meta-model for in-
stantiating definitions of fairness, supported by a visualization
approach and a proof-of-concept implementation. We envision
the presented work as a step towards making differences
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�� ��all-actor (a) →
�� ��(a) received (m) →

�� ��(m) all-satisfy (m = 0) b

Fig. 4. Pipeline for no subsidy. The tile on the left provides all actors. The tile in the middle computes how much resource each actor received. The tile on
the right checks that all resources are equal to 0.

�� ��all-actor (a0),(a1)

�� ��(a0) received (m0)�� ��(a1) children (m1)

�� ��(m0,m1) m0/m1 (m)

�� ��(m) all-equal b

Fig. 5. Representation of “per child” using Tiles. The tile on the left provides actors, which are divided in two branches. The upper branch computes how
much each actor (a family) has received and the lower branch how many children the family has. Both values are zipped back to compute the division. Note
that we assume that each family has at least a child, but otherwise, if the number of children is 0, the division would be computed as NaN.

�� ��all-actor (a) →
�� ��(a) received (m) →

�� ��(m) all-equal b

Fig. 6. Representation of “per family” using Tiles. This is equivalent to a standard equality pipeline where each actor receive exactly the same amount of
resource.

�� ��all-actor (a0),(a1)

�� ��(a0) (adults(a0) = 1)? (a)�� ��(a1) (adults(a1) > 1)? (a)

�� ��(a) received (m)

�� ��(a) received (m)

�� ��(m) all-equal b0�� ��(m) all-satisfy (m = 0) b1

�� ��b0,b1 and b

Fig. 7. Representation of “single guardian” using Tiles. This pipeline has two main branches. The upper branch accepts only families with one adult, i.e.
single-parent/guardian families. The lower branch accepts all remaining families. It is worth noting that the sequences in both branches may have different
number of elements and cannot be zipped back. On the other hand, the Boolean computation is combined with the ‘and’ tile, on the right.

between approaches to fairness in a given context explicit and
qualitatively comparable.

For the next steps, our aim is to validate the framework
and to expose it to domain experts and decision-makers that
work on fairness-related specifications, for example, in the
context of organizational and public policies, in order to elicit
guidelines for practical use.

Future research can extend our work primarily in two
directions. One direction from a formal perspective is to define
axioms/principles for fairness scenarios. These may be related
to the expected behavior of the underlying functions. For
example, in a resource allocation scenario, an outcome func-
tion should exactly allocate the initially specified resources
without “creating” or “wasting” any resources. Beyond that,
one may specify principles that constrain subjective aspects
of fairness scenarios, for instance, to gauge whether different
formalizations of the same real-world scenario agree on a
shared set of fundamental ideas. From an applied perspective,
we aim to further advance our toolkit to define, visualize, and
compare fairness definitions so that it is more accessible to
practitioners such as analysts working on policy and process
design, or decision automation, for example, by developing a
visual interface to connect the tiles and automatically generate
the source code.
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Abstract. We present Soda (Symbolic Objective Descriptive Analysis), a lan-
guage that helps to treat qualities and quantities in a natural way and greatly
simplifies the task of checking their correctness. We present key properties for
the language motivated by the design of a descriptive language to encode com-
plex requirements on computer systems, and we explain how these key properties
must be addressed to model these requirements with simple definitions. We give
an overview of a tool that helps to describe problems in an easy way that we
consider more transparent and less error-prone.

Keywords: Responsible artificial intelligence · Functional languages · Object-oriented
languages · Human-centered programming languages

1 Introduction

Understanding how artificial intelligence (AI) agents work can be challenging because
AI algorithms are complex and their reasoning opaque. Although transparency is of-
ten seen as a requirement, realistically, it might not always be possible, for example,
due to privacy or security concerns, whereas the need to ensure that a system operates
within moral bounds remains. At the same time, validation and verification procedures
highly depend on the specific contextual interpretations that have been employed to
ground abstract principles (e.g., fairness or privacy) into the concrete functionalities of
an agent [1].

Verification can be a difficult or unfeasible task, and even when achieved, its speci-
fications can be difficult to understand. Verification is only as strong as the assumptions
that underlie the specification, which means that specifying assumptions and analyzing
these specifications is crucial for verification [7]. Given that AI mostly operates in en-
vironments that are at best partially known by the system designer, and that properties
are often discussed at a high level of abstraction by stakeholders without a background
in formal languages, specification languages need to be easily understood by different
stakeholders.

From a technical point of view, unit tests are crucial in ensuring the quality of a
piece of software [36]. Test-driven development (TDD), which is a software develop-
ment process in which developers create test cases together with the main development,
⋆ This work was partially supported by the Wallenberg AI, Autonomous Systems and Software

Program (WASP) funded by the Knut and Alice Wallenberg Foundation.
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has been shown to be more productive than other more conventional development tech-
niques [12]. We propose going one step further by introducing theorems together with
the code, which in turn becomes more reliable.

Our contribution is to present Soda 1 (Symbolic Objective Descriptive Analysis),
a new descriptive language based on widely adopted concepts such as modeling with
classes and functional definitions. In this context, by descriptive language, we mean a
language based on descriptions rather than processes, and that seems closer to a spec-
ification language rather than an implementation language. The set of basic constructs
suffices to model complex requirements, but is small enough to be immediately under-
stood by a larger group of stakeholders.

In this paper, we address the following research question which is composed of two
parts:

RQ: Can we design a descriptive language to encode requirements on AI systems
such that:

– RQ.1: the language or a fragment is formally verifiable, and
– RQ.2: it is easily integrated into state-of-the-art technology?

In the following sections, we show our approach to this question.

2 Language Description

In this section, we present key properties for the language motivated by RQ, and we
explain how these key properties must be addressed to model requirements with simple
definitions.

2.1 Key Properties

One of the key properties of the language is that it should be used to formalize require-
ments in an intuitive way, and one of the most effective ways to do it is to use types. We
want the language to be statically typed, because static typing simplifies type check-
ing, which in turn helps prevent formalization errors. To avoid errors caused by side
effects [21], we make variables immutable, which are closer to their standard mathe-
matical interpretation.

We want to relate qualities and quantities to describe complex conditions. We expect
to use the very same language to model a problem containing hierarchies, like a resource
access monitoring agent, and a problem containing measures, like a price monitoring
agent. To do this, the language has to be expressive and general.

Standard computer languages include a considerable number of reserved words and
basic types, which usually hinder understanding. More reserved words usually bring
more combinations and nuances to their use, and to simplify its comprehension, it is
convenient for the language to have a small set of constructs.

Alongside the aforementioned properties, we want the language to be used to eval-
uate effectively whether properties hold. For that, the language should be easy to proto-
type, and its prototypes should be human-level efficient, which means efficient enough
for its expected use.

1 https://julianmendez.github.io/soda
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2.2 Main Constructs

The main constructs are presented to ensure the requirements. We have chosen con-
structs that look similar to those used in popular programming languages.

Since Soda is statically typed, it needs a type definition construct. Let us name it ‘:’
(colon). The syntax is x : A, meaning that x is of type A.

Due to immutability, we want to define constants and functions, but not variables in
the computer science sense. In the following, we mention variables in the mathematical
sense when referring to lambda expressions. To define a constant or a function, we need
a construct. Let us name it ‘=’ (equals sign). The notation is

f(x1 : A1) . . . (xn : An) : A = e

where f is the function name, each xi (1 ≤ i ≤ n) is a parameter of type Ai, and
e is an expression of type A. A function f without parameters is called a constant.
A function can be called using named parameters with the ‘:=’ symbol. For example,
f(x : Int)(y : Int) : Int can be invoked as f(x := 0)(y := 1).

Most current programming languages include lambda expressions, which are anony-
mous functions based on lambda calculus [4]. We have included lambda expressions in
Soda because they have been highly adopted. The notation

lambda x −→ f(x)

corresponds to (λx).f(x) or λx → f(x) in the literature. Since we work with typed
lambda calculus, the type needs to be specified when it cannot be inferred, and we
denote it by lambda (x : A) −→ f(x).

Since the language is expressive and general, it includes standard operations from
mathematics, such as ‘+’, ‘-’, ‘*’, ‘/’, for arithmetic, and ‘not’, ‘and’, ‘or’ for logic,
with the usual meaning. Logic functions are evaluated with lazy evaluation. Therefore,
when a and b is evaluated, a is evaluated first, and if a is already false, b is not evalu-
ated. Analogously for or, if the first value is already true. Lazy evaluation can also be
used to compute functions that otherwise would be undefined, and this is done by using
defined parts on the left to prevent undefined parts on the right. If the computations have
no side effects, the result of computing with or without lazy evaluation is exactly the
same, but the time needed is not.

Note that the language can define recursive functions over finite structures, as main-
stream purely functional programming languages do. This gives an expressive power
that is enough to model human-understandable constraints.

To define piecewise functions we have ‘if-then-else’ structures, with the nota-
tion

if b then e1 else e2

where b is a Boolean expression, and e1 and e2 are expressions of the same type. The
interpretation is standard, and the result is e1 if b is true, and e2 otherwise.

The pattern matching construct, called ‘match-case’, has the format:

match x case p1 =⇒ e1 . . . case pn =⇒ en
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where x is a variable to match, pi are patterns, and ei are expressions, for 1 ≤ i ≤ n.
The type of the match structure is the most specific supertype of the ei expressions.
The pi patterns could be of different types, but they should be constructors that possibly
contain construction variables. In fact, we use pattern matching to use extractors for
object deconstruction, which can also be used for type checking. Although the notation
if-then-else could be defined as a pattern matching structure, we decided to keep
it because it is more concise and more universally recognizable.

We find it relevant to highlight that the constructs we present in this section are
meant to create small functions, which improves readability [21], and to require the use
of function names in intermediate computations to create accurate documentation for
specifications.

2.3 Types and Classes

Humans classify concepts into categories using features that help describe and reason.
In Soda, we use types and classes to model objects that have attributes. They help us
model ethical values like privacy and fairness, especially in relation to regulations.

There are some differences in view of whether it is convenient to have classes be-
ing instantiated by objects (like in Java [13]), or whether it is better to have modules,
where functions are imported (like in Haskell [34]). We compromise between these two
options because the objects created with the classes of Soda are immutable, and they
work as namespaces for modules or to specify how to retrieve attributes in objects.

We distinguish between a type and a class as is usual in the literature [2]: an object
has a type, and the type describes what the object can do, but not how, and, in contrast,
a class provides the implementation for an object. As most designers and program-
mers are familiar with object-oriented programming, we choose to build classes with
a construct called ‘class’. We adhere to the Open-Close Principle, where “software
entities (classes, modules, functions, etc.) should be open for extension, but closed for
modification” [22]. Classes can be extended with the ‘extends’ construct

class A
extends B1 . . . Bn

d1
. . .
dm
end

where class A extends classes B1, . . . , Bn, and d1, . . . , dm are constant or function
definitions.

It is also possible to define interfaces, which are types that contain only declarations
of constants and functions, without specifying what they contain. These declarations are
in a block with the word ‘abstract’ as follows

class A
abstract f1 . . . fn
end
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where each fi is a constant or function declaration.
Each class has a default type constructor, which is named the same as the class with

an extra underscore (‘ ’) as suffix. The abstract elements in a class need to be given as
parameters to instantiate a class. For example,

class Pair

abstract
fst : Int
snd : Int

end

can be instantiated with Pair (1) (2).
Since we want to be able to apply design patterns and the language is statically typed

and object-oriented, we need a way to refer to the instance itself, and the construct is
‘this’.

We allow type parameters for classes and functions to have polymorphism. To de-
note the type parameter, we use square brackets ‘[]’. In class declarations we specify
that the parameter is of type Type. For example, a parameterized pair could be defined
as

class Pair [A : Type] [B : Type]

abstract
fst : A
snd : B

end

and then instatiated as Pair [Int] [Int] (1) (2).
In addition, it is possible to declare upper and lower type bounds. An upper type

bound is denoted with the word ‘subtype’ or ‘<:’ as found in the literature, and the
lower type bound is the word ‘supertype’ or ‘>:’. For example

class C [A subtype B] extends D

indicates the declaration of class C parameterized with type A, which is a subtype of
B, and C itself extends D. Subtyping in this language follows the Liskov Substitution
Principle [20]. To organize the classes, we group them in packages, so that a package is
just a collection of classes. We can declare that a class belongs to a package using the
word ‘package’. In addition, the word ‘import’ helps to bring classes from other
packages.

The language can be translated to other languages by including the so-called di-
rectives, which are specific to the target languages. The word ‘directive’ defines a
piece of code that is considered only in specific translations and ignored in others.
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3 Discussion and Implementation

3.1 Integration with Scala

To prototype the specification, we translate it into the Scala [27] code. We use type
checking and type inference provided by Scala. Each class is translated into a Scala
trait, which is open for extension, each constant definition is translated to a lazy
value (lazy val), and each function definition to a def, as well as each abstract con-
stant or function declared with abstract. The default type constructor is a case
class that extends the original trait. Scala case classes provide constructors and ex-
tractors for pattern matching and are not extensible. The if-then-else and match-
case are very similar to what is provided in Scala. The supporting data types are the
same provided by Scala, such as String, Int, Double, Option, and Seq.

The prototype can be run on the Java Virtual Machine (JVM), which is multiplat-
form and optimized for concurrent execution, and it can therefore use JVM libraries,
so that, for example, a monitor can communicate with an AI agent interface. Although
libraries can produce side effects, this can be easily controlled by the import commands,
which define exactly the classes that are being used. On the one hand, a purely func-
tional specification will not include any reference to those libraries. On the other hand,
it is possible to connect an agent employing the corresponding JVM libraries. This dual
use of the JVM brings the right amount of flexibility needed for a practical use, without
losing control on critical parts.

The translation to Scala comprises all the nuances of the language. Type parameters,
in Soda [A : Type], are also provided in Scala [A], as they are in Kotlin [17] and
Java <A>, and Lean (A : Type).

3.2 Integration with Lean

Lean [18] is a theorem prover and programming language based on the calculus of
constructions with inductive types. Part of Soda can be translated into Lean to prove
correctness of Soda snippets. The types in Lean are not the same as those in Scala, and
the JVM libraries cannot be used, but some core purely functional pieces of code in
Soda can be proven correct by using Lean.

The class definitions in Soda define three things that in Lean must be defined sep-
arately: a type, a namespace, and a constructor. Every Soda class defines a names-
pace, in Lean namespace. Some classes contain parametric internal values defined
with abstract in Soda. These classes are translated into Lean as class. They in-
clude a default constructor, which has the same name as the class ending with an un-
derscore, and the fields, all after the Lean where. Lean already provides extractors
needed for pattern matching. The default equality given in Soda is achieved by deriving
(deriving) in Lean from DecidableEq (or from BEq).

As for Scala, function definition in Soda is translated to a def at the beginning in
Lean, if-then-else in Soda is identical in Lean, and a match-case structure in
Soda is a match-with-⇒ structure in Lean. The structure

match x case p1 =⇒ e1 . . . case pn =⇒ en
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is translated as

match x with | p1 ⇒ e1 . . . | pn ⇒ en

For the case of package management (in Soda package and import) and self-
instances (in Soda this) are not supported at the moment, and neither are the subtype
and supertype type bounds.

Some basic types in Lean are stricter than in Soda or Scala, and there is not always a
direct mapping from Soda to Lean. However, it is possible to create a specific mapping
with directive, which allows adding a mapping for a type, and including Lean
theorems with their proofs.

3.3 Undefined States and Termination

Soda does not use exceptions. This is because they correspond to an imperative feature,
as they are used to interrupt the evaluation of a function and perform a jump (goto) to
the point where they are caught, assuming that they are caught at all.

This also implies that designs in this language need to be careful, considering edge
cases and properly managing them when building objects. If exceptions are thrown
from JVM objects, they can be caught by underlying types in Scala (e.g. Try), and
then managed as objects.

Aside from the possibility of integrating JVM libraries, the language itself is highly
expressive. There is no limit for self-recursion, which brings advantages and disadvan-
tages. We provide an annotation to force tail recursion (@tailrec) to avoid stack
overflow. There are two prominent functions that can be easily defined in this language.
The first function is range, which generates the first natural numbers. The second func-
tion is fold, which applies a cumulative operation on a sequence. Both functions are
sufficient to define the most common operations on sequences. Since both functions
above always terminate, they are a convenient substitute for full recursion, preventing
possible infinite recursion.

3.4 Related Work

As mentioned above, the language aims to have a highly readable formal language
for humans. In the design of the language, we consider the good properties of some
programming languages. The main features we look for are:

– the specification is intended to be read and understood by a human (which is the
most relevant point);

– everything defined is done only once, in one place (to avoid confusion due to partial
definitions);

– objects are immutable (because one of the key properties is immutability);
– classes cannot be modified, but they can be extended (because of the Open-Close

Principle [22]).
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One of the properties that we adopted was the functional notation. For that, we
evaluated three categories: the Lisp style, the ML (Meta Language) [23] style, and the
Haskell style. In the Lisp category we can mention Clojure [14], which has a large
community and can be integrated with the JVM. In the Haskell category we can mention
Haskell, which is a de-facto standard in the functional programming community. In
the same category, we also have Agda [26] and Idris [3], which can be used as proof
assistants. In the ML category we can mention OCaml [19], which is a very efficient
implementation of ML, Coq [32], which is a proof assistant with a very reduced core,
and Lean [18], which is an efficient proof assistant. We wanted to avoid the excessive
use of parentheses as in the Lisp style because it is less readable for non-experts. We
wanted to avoid the definitions of partial functions, which is the standard notation in the
Haskell style, in order to reduce undefined functions. We considered the ML style to be
the most appropriate for the language, which induces definitions of total functions with
a moderate number of parentheses.

Another property we considered was readability. For that we looked at Python [28,
33] and Prolog [5, 35]. Python is a language that is popular among scientists with-
out a computer science background and is directed at a broad range of ages. For ex-
ample, some young students start with Scratch [24] and then transition to Python or
JavaScript [9], while [31], a minimalist dialect of Lisp, has been used to teach at uni-
versity courses.

Prolog is also widely accepted in the scientific community. For example, 2APL
(A Practical Agent Programming Language) [6] is a programming language for multi-
agent systems consisting of individual agents that may share and access external envi-
ronments. 2APL integrates the declarative and imperative style by connecting declara-
tive beliefs and goals with events and plans. As later developments based on 2APL we
can mention N-2APL (Norm-Aware Agent Programming Language), the 2OPL (Or-
ganisation Programming Language), and a framework for norm-aware multi-agent sys-
tems [8] that integrates the programming languages. Although Prolog is a logic lan-
guage and the interpreter itself operates in a different way, the pieces of code created in
Prolog are similar to those in purely functional languages.

Last but not least, we sought for a good functional object-oriented integration. This
was provided by Scala, which has a thriving community of purely functional and object-
oriented backgrounds. Scala also provides an advanced type inference system and can
compile to JVM bytecode.

Table 1 contains a summary of the properties we searched for. We tested the ef-
ficiency of the programming languages mentioned above on a computer with an Intel
Core i5-8350U CPU (1.70 GHz) with 8 cores, running on Linux 6.2.0 from the Ubuntu
22.04 LTS distribution. For all programming languages, we wrote a piece of code that
was either a built-in cycle (like in Clojure, Prolog, and Python) or a recursion with tail
recursion. We tried different powers of 10, and indicated the largest number of repeti-
tions fitting in 30 seconds. This value is not meant to be a global benchmark to compare
the languages or their implementations, but rather to show how Soda is well-positioned
in terms of efficiency.

Employing formal proofs instead of only empirical evidence (like unit tests) gives
a stronger reliability on multi-agent systems. This has been addressed in a develop-
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Table 1. Properties of related languages.

lang. version A B C D E F

Agda 2.6.3 Yes Yes No Yes No 109

Clojure 1.11.1 Yes No No No Yes 109

Coq 8.16.1 Yes Yes No Yes No 107

Haskell 8.8.4 Yes Yes No Yes No 108

Idris2 0.6.0 Yes Yes No Yes No 1010

Lean 4.0.0 Yes Yes No Yes No 108

OCaml 4.14.1 Yes No Yes Yes No 109

Prolog 8.4.2 No No No No No 108

Python 3.10.6 No No Yes No No 108

Scala 3.3.1 Yes No Yes Yes Yes 1010

Soda 0.19.0 Yes Yes Yes Yes Yes 1010

Columns: A. dominantly or only functional // B. purely functional in its core syntax // C. full
object-oriented notation // D. statically typed // E. JVM integration // F. number of repetitions in
30 s

ment [16] where a verification framework for the GOAL agent programming language [15]
has been formalized in Isabelle/HOL [25], which is a proof assistant based on higher-
order logic. We also became interested in Scallina [10,11], which is a tool for translating
from Coq to Scala. As for languages for verification, we can also mention Dafny [30]
and F* [29].

4 Conclusion

We present Soda, a language used to model constraints in AI systems. Our main mo-
tivation for Soda is to model complex requirements that need to be easily understood
by humans. Furthermore, it can be used to model and prototype other types of con-
straints. In addition, Soda can be efficiently prototyped in an optimized multiplatform
state-of-the-art technology, like the JVM, and some pieces of code can be verified in
Lean.

We give an overview of a tool that helps to describe problems in a way that we con-
sider more transparent and less error-prone. Although writing descriptions in this style
could require more effort than with standard imperative languages, the effort to fully
comprehend those descriptions is significantly smaller, thanks to the reduced number
of constructs. This language is also conducive to writing better designs since each func-
tion explains a piece of code and works as a running documentation. In addition, the
computer gives extra verification by checking and inferring the types.

In future work, we would like to expand the Lean translator to handle more nuances
of Soda. Since understandability is a key feature of Soda, we would like to conduct a
case study in which stakeholders can read descriptions and corroborate the readability
of the language.
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ü., Dastani, M., Bordini, R.H. (eds.) Multi-Agent Programming: Languages, Tools and Ap-
plications. pp. 119–157. Springer US, Boston, MA (2009). https://doi.org/10.1007/978-0-
387-89299-3 4, https://doi.org/10.1007/978-0-387-89299-3_4

16. Jensen, A.B.: Towards Verifying GOAL Agents in Isabelle/HOL. In: Proceedings of the
13th International Conference on Agents and Artificial Intelligence - Volume 1: ICAART.
pp. 345–352. INSTICC, SciTePress (2021). https://doi.org/10.5220/0010268503450352,
https://www.scitepress.org/Papers/2021/102685/102685.pdf

17. JetBrains: Kotlin (2011), https://kotlinlang.org
18. Leonardo de Moura - Microsoft Research: Lean (2013), https://github.com/

leanprover/lean

78



An Object-Oriented Functional Language for Specifying Human-Centered Problems 11

19. Leroy, X., Vouillon, J., Doligez, D., Rémy, D., Suárez, A.: OCaml (1996), https://
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Abstract. This paper presents the Soda language for verifying multi-
agent systems. Soda is a high-level functional and object-oriented lan-
guage that supports the compilation of its code not only to Scala, a
strongly statically typed high-level programming language, but also to
Lean, a proof assistant and programming language. Given these capa-
bilities, Soda can implement multi-agent systems, or parts thereof, that
can then be integrated into a mainstream software ecosystem on the one
hand and formally verified with state-of-the-art tools on the other hand.
We provide a brief and informal introduction to Soda and the aforemen-
tioned interoperability capabilities, as well as a simple demonstration of
how interaction protocols can be designed and verified with Soda. In
the course of the demonstration, we highlight challenges with respect to
real-world applicability.

Keywords: Engineering Multi-Agent Systems · Formal Verification ·
Proof Automation

1 Introduction

Multi-agent systems (MAS) are systems composed of multiple interacting intelli-
gent agents, working towards joint or conflicting goals. MAS have emerged as an
approach for modeling and implementing complex distributed systems, because
MAS-based systems can solve problems that are very difficult or impossible to
solve using monolithic architectures. Due to their dynamic and distributed na-
ture, MAS are notoriously difficult to test. At the same time, ensuring desirable
behavior in MAS components is crucial to verify that the autonomy that agents
are granted does not lead to safety or compliance issues. Consequently, testing
and verification of MAS has emerged as a substantial branch of MAS engineering
research. Here, most research focuses either on finite state model checking [4]
or–presumably less frequently–on testing in the software engineering sense (as in
test-driven development) [1]. In this paper, we take a novel path and present a
prototypical approach where parts of a MAS are implemented in Soda, a high-
level programming language that can be compiled to Scala for integration with
a mainstream programming ecosystem, as well as to Lean, a proof assistant and
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programming language that applies calculus of constructions [13]. The formal
verification of the program code can then be executed in Lean.

To illustrate the approach and demonstrate its feasibility, we provide a simple
running example of interaction protocol verification with Soda and Lean, which
we introduce conceptually below. In our example, we want to implement an
interaction protocol for a platform on which multiple agents buy and sell items.
We assume that the transactions are safe and conducted by a mediator that is
trusted by all involved agents and can transfer possession of items and money
between the agents. In the following, we provide an example interaction sequence
that can serve as an archetype for the protocol that our MAS should enact.

1. A seller C notifies the mediator A to advertise a certain item R at a price
P .

2. The mediator A informs all agents that the item is available for sale.
3. While no buyer has shown interest, C can remove the ad.
4. If a buyer B wants to buy R and has money P to pay for it, the buyer

notifies A.
5. When A is notified of the purchase, it removes the ad, and it transactionally

transfers the item R from C to B, and the amount of money P from B to
C.

In our approach, we use lists to store items. As a proof of concept, we prove
a technical but important property:

Property. Changing an item in the list does not change the size of the list.

This property is important, but it is usually taken for granted. Proving these
kinds of properties in a proof assistant like Lean requires substantial effort be-
cause lemmas and tactics require maturity to be employed. All cases need to be
covered, and the resulting object after the execution must always be defined. In
the particular case of our functions, we work with immutable lists. Our lists are
thread-safe, which allows them to run in parallel execution, and follow the stan-
dard construction in functional languages. They are defined as being either an
empty list or an element prepended to a list. This makes them memory-efficient
because replacing an arbitrary position requires reconstructing the list until the
given position.

As we can see, the property we prove looks simplistic from an intuitive soft-
ware engineering perspective. Still, we chose to prove this property as a minimal
demonstrating example, due to the following reasons: i) even such simple facts
are somewhat effortful to prove with proof assistants such as Lean; ii) our ex-
ample is sufficient for highlighting practical challenges, while also serving as a
proof-of-concept with respect to purely technical feasibility.

In the remainder of this paper, we give a brief overview of research on testing
and verifying MAS (Section 2) to then introduce Soda and its interoperability
capabilities, both with the Scala/Java ecosystem and with the Lean proof as-
sistant (Section 3). We then continue our running example to demonstrate how
agent interaction protocols can be specified and verified with Soda (Section 4).
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Subsequently, we discuss in detail the formal proofs (Section 5). We show with
practical experiments that the example is efficient (Section 6). After that, we
discuss our work and its limitations, and conclude with a future outlook (Sec-
tion 7).

2 Why Formal Verification for MAS?

Software verification ensures that specific components meet specification require-
ments. We can compare software verification with software validation, since both
are software evaluation processes. The former focuses on determining whether a
software artifact meets the conditions with respect to its broader purpose, im-
posed at the beginning of a development phase, whereas the latter determines
whether the requirements are satisfied at the end of a development phase. The
verification of agents and MAS has been subject to extensive study over the
years. Here, verification can either be seen from an applied software engineering
perspective, i.e., testing without “hard” guarantees, or as the formal analysis
(formal verification) of MAS or components thereof.

Jason [5] and SARL [16] are specialized multi-agent programming languages,
with Jason focusing on logical reasoning and SARL on dynamic, distributed envi-
ronments. Jason is an interpreter for an extended version of AgentSpeak(L) [15],
a BDI (Belief-Desire-Intention) agent-oriented logic programming language. Ja-
son provides a platform for developing multi-agent systems with customizable
features, especially for environments requiring logical reasoning and decision-
making. SARL is a general-purpose agent-oriented programming language de-
signed to handle concurrency, distribution, interaction, decentralization, reactiv-
ity, autonomy, and dynamic reconfiguration. It integrates well with the Janus[8]
platform for distributed multi-agent systems.

Although agent testing is certainly a relevant research domain, e.g., in the
context of technologies for agent-oriented programming [1,2], a well-informed
assumption is that for MAS, testing is insufficient because of agents’ and MAS’
highly dynamic behavior [19], in particular if contrasted with mainstream soft-
ware components in server-client architectures. Because mainstream software
testing approaches are often deemed insufficient for engineering MAS, researchers
have devised a range of formal approaches to verify agents or other components
of MAS. These approaches typically rely on model checking techniques [4,7,10].
Still, due to their dynamic nature and the resulting combinatorial explosion of
the number of models [19], applying model checking to MAS can be similarly in-
tractable as attempting to achieve substantial coverage in traditional tests. Also,
model-checking approaches are typically limited to particular abstractions and
modalities; for example, TLA+ prominently focuses on temporal reasoning [9].
In contrast, proof assistants such as Coq [3], Isabelle [14], and Lean [6] allow for
more generic formal analyses, and thus they can potentially enable more flexible
verification of agents and MAS. However, these tools are not straightforwardly
applicable to the formal analysis of program code written in languages that en-
gineers use to specify behavior at the “business logic”(or knowledge) level. This

85



4 J. A. Mendez, T. Kampik

may explain why proof assistants have not yet been comprehensively studied in
the context of MAS verification, at least (to the best of our knowledge) not as
tools that can directly analyze executable specifications of MAS components.

The work we present in this paper is a step towards overcoming this obstacle,
by bridging the gap between mainstream software ecosystems in which MAS can
be engineered and tools for proof automation, demonstrating basic feasibility by
implementing a simple example.

3 Designing MAS with Soda

Before we demonstrate Soda’s verification capabilities, let us provide a brief
overview of its syntax (Subsection 3.1) and the technologies the language is
built upon (Subsection 3.2).

3.1 Soda syntax

Soda [11]1 is a statically typed functional language with object-oriented nota-
tion. Its name is an acronym for Symbolic Objective Descriptive Analysis, and it
was designed to be descriptive by being declarative and easy to read. It combines
the rigor of purely functional languages like Lean, with the modern technology
integration of languages like Scala, which in turn is a bridge to the Java Vir-
tual Machine (JVM) ecosystem. Soda provides not only the expressive power
for the type of transactions we have in the example, but also the elements to
include Lean proofs for the definitions. It also allows for interconnection with
complex packages provided by JVM libraries and frameworks, and it has a sim-
ple and direct way to write functions, similar to mainstream languages like Scala
or Python.

Soda follows the functional style of ML[12]2, and it has a small set of con-
structs. Most of them can be placed in one of the following categories: function-
related constructs and class-related constructs. It uses the basic types provided
by Scala, such as Boolean, Int, Float, and String.

The function-related constructs are meant to define functions. It is possible
to say that a variable x is of a certain type A with x : A. The functions are
then defined in the usual way; e.g., f(x : Int) : Int = x+ 1 defines the function
x+ 1. Lambda expressions are also written as expected: the function above can
be defined using the lambda expression f : Int = lambda x −→ x + 1. The
construct if-then-else allows for the definition of piecewise functions. As in
other ML-styled functional languages, the construct match-case-=⇒ is used for
pattern matching. The following function returns the maximum of two integers:

max (x : Int) (y : Int) : Int = if x > y then x else y

The class-related constructs are meant to define new types, to group functions
in classes, and to group classes in packages. The construct class-end defines a

1 For a more detailed technical report that describes the Soda language, see [11].
2 ML stands for Meta Language, but the acronym is rarely spelled-out.
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class from the beginning to the end. It groups functions in a module, and it
defines a type, a default constructor, and a default equality function. A class
can extend other classes with the construct extends. If a class needs parameters
to instantiate an object, these parameters can be defined with the construct
abstract. A class can depend on parameterized types, which are parameters
belonging to Type inside square brackets ([ ]). Classes are grouped in packages
with the package reserved word, and import is used to import classes from
different packages.

3.2 Technology behind Soda

In a figurative way, we can say that the Soda syntax lies in the intersection of
Scala version 3 syntax and Lean version 4 syntax3, and they all fall under the
umbrella of ML-styled programming languages. Soda code needs to be compiled
in order to be executed. The main compiler converts the Soda source code into
Scala source code. Since it is a source-to-source compiler of similar source code,
this compiler is a transpiler, and we also call it a translator. We claim that the
translation into Scala is sound, in the sense that all correct code in Soda is
translated into correct code in Scala. It is also possible to import Java Virtual
Machine (JVM) libraries into Soda, using import, but it requires a manual
check from the developer to ensure that the imported libraries keep the code
purely functional.

Soda can be partially translated into Lean. This means that it is possible to
prove properties of Soda code in Lean. The construct directive can include
embedded pieces of code of a specific target language. For example, a proof
would be considered in a translation to Lean, but it would be ignored in a
translation to Scala. The proof has to be actually written in Lean, based on
definitions provided in Soda. Soda’s source code is available for download at
https://github.com/julianmendez/soda.

4 Soda for MAS Verification

Soda provides a small set of constructs to create code that can be executed in
Scala 3 and proven in Lean 4. On the one hand, Lean is not only a powerful pro-
gramming language, but also a proof assistant. Its mathematical library, math-
lib4, contains a significant number of mathematical theorems and their proofs,
which can serve as a template to prove properties of agents. On the other hand,
Scala is a very flexible language, with an efficient implementation connected to
the JVM libraries, which allows for multi-platform execution. It is important to
note that Lean proofs cannot cover the use of JVM libraries, since these are not
specified for Lean.

3 Scala 3 and Lean 4 have improved their syntax compared to Scala 2 and Lean 3
respectively.

4 https://github.com/leanprover-community/mathlib4
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We have specified the example of Section 1 in Soda. We describe the basic
types, available functions, and some properties that the system should hold.
Although the example is intended to be a proof of concept, it already contains
the main components for a full-scale example. All agents are identified with
a unique number, which is associated with an account number controlled by
the mediator. Thus, the mediator can transfer money between the accounts of
the participants. The mediator can also transfer items, which are also identified
with unique numbers. The items have properties like their owner and price.
The available functions are intended to perform the main operation between the
agents. There are functions to advertise an item, to change its price, and to
sell it to another agent. Since Soda is purely functional, the functions do not
change the state of a market, but create new instances of the market. The actual
communication between the agents is done through a library used in the Scala
translation.

In order to enable the verification of the desired behavior, we make use of in-
variants. Invariants are logical assertions that are always valid during execution.
They are helpful resources to prove that a system behaves according to prede-
fined expectations. As Lean can be used to prove theorems, the Lean translation
can serve to prove the preservation of invariants. The two invariants which we
are interested in are the following:

– No item is created or destructed after modifying the state of an item;
– No account is created or destructed after modifying the state of an item.

The choice for representation is not trivial. Different ways of representing the
market lead to a number of derived challenges. Sometimes, more efficient perfor-
mance is achieved by adding some redundancy, but it makes it more difficult to
prove invariants. Similarly, the definitions of the functions require consideration,
as shown in Figure 1 where an intuitive recursive definition of the length of a
list (length def) should be equivalent to a tail recursive definition of the length
of a list (length fl). We prove that both definitions are equivalent, allowing us
to use the intuitive definition for the proofs and the tail recursive definition for
the execution.

4.1 Package Structure

The project is available (open-source) at https://github.com/julianmendez/
market. It is designed to be compiled using sbt 5 to be executed in the JVM
environment. A Bash script uses the Soda binary to translate the Soda files,
including those proofs that can be verified with Lean. The project file structure
follows the standard sbt/Maven layout. The project contains three packages:

– core, containing the core data types, the market, its functionality and the
proofs;

– parser, containing a YAML parser; and

5 https://www.scala-sbt.org
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_tailrec_foldl [A : Type] [B : Type] (list : List [A] ) (current : B)

(next : B -> A -> B) : B =

match list

case Nil ==> current

case (head) :: (tail) ==>

_tailrec_foldl [A] [B] (tail) (next (current) (head) ) (next)

foldl [A : Type] [B : Type] (list : List [A] ) (initial : B)

(next : B -> A -> B) : B =

_tailrec_foldl [A] [B] (list) (initial) (next)

length_fl [A : Type] (list : List [A] ) : Nat =

_tailrec_foldl [A] [Nat] (list) (0) (

lambda (accum : Nat) --> lambda (_elem : A) --> accum + 1)

_tailrec_length [A : Type] (list : List [A] ) (accum : Nat) : Nat =

match list

case Nil ==> accum

case (_head) :: (tail) ==>

_tailrec_length [A] (tail) (accum + 1)

length_tr [A : Type] (list : List [A] ) : Nat =

_tailrec_length [A] (list) (0)

length_def [A : Type] (list : List [A] ) : Nat =

match list

case Nil ==> 0

case (_head) :: (tail) ==> length_def [A] (tail) + 1

Fig. 1. The function tailrec foldl is a tail-recursive auxiliary function of foldl,
which is a left fold (foldl) function for parameterized types. length fl, length tr,
and length def syntactically different but semantically equivalent ways of defining the
length of a list of an arbitrary type A in Soda. The tail-recursive definitions (length fl,
length tr) outperform the naive definition (length def).

– main, containing the entry point class, which supports the console execution.

Firstly, the main core is a package that contains the classes to model the
market. The main operations are:

– deposit user amount : works as an update-insert (upsert) function to de-
clare a user and to put money in the linked account.

– assign item user : works as an upsert function to declare an item and to
establish its owner.

– price item amount : has the double functionality of assigning the price of
an item for sale, if the value is positive, or hiding it, if the value is zero.
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– sell item user : transactionally transfers the possession of an item to a
specified user, and money equivalent for the price from the new user’s to the
old user’s account.

Secondly, the project has a package to read YAML files. A list of operations
simulates the interaction that occurs in a MAS scenario. The parser creates a
list of operations, which can later be executed on an instance of market.

The last relevant package is the main package, which contains the entry point
and is intended to receive and parse parameters from the console.

The parser package and the core packages contain their counterpart testing
classes. The parser test package has two layers of parsing: the syntactic layer,
which is implemented using SnakeYAML6, a Java YAML parser, and the seman-
tic layer, where the operation objects are instantiated. The core test package
instantiates a market and applies the parsed operations to it.

Before we start modeling our market example, we need to introduce two
fundamental preliminaries that are crucial to enable formal verification: natural
number support (Subsection 4.2) and list wrappers (Subsection 4.3).

4.2 Preliminary 1: Support for Natural Numbers

One of the challenges that we need to face is how we handle natural numbers in
Soda. We use the standard notation in the literature where natural numbers are
used as a synonym of non-negative integers, i.e. including the number 0. While
Lean has natural numbers as part of its core (Nat), Scala does not have natural
numbers as a type. In Soda, we implement the natural numbers based on a type
Nat, and two constructors: 0 and Succ . We define its translation as shown in
Figure 2.

directive scala

type Nat = Int

object Succ_ {

def apply (n : Int) : Int = n + 1

def unapply (n : Int) : Option [Int] =

if (n <= 0) None else Some (n - 1)

}

directive lean

notation "Succ_" => Nat.succ

Fig. 2. This table shows the Soda definition of Nat, to be translated to Scala and to
Lean.

A good definition of natural numbers is crucial in order to accomplish two things:
proofs and calculations. A recursive definition is needed to provide proofs in

6 https://bitbucket.org/asomov/snakeyaml-engine
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Lean, especially those involving recursive definitions such as the length of a
list. However, some calculations may need to be time efficient, even with larger
natural numbers.

In functional languages with ML syntax, the deconstruction is often done
with pattern matching. While the Lean syntax allows us to use this type of
syntax, in Scala this does not work off-the-shelf. The main issue is that our
natural numbers in Scala are in fact Int objects, which makes addition of two
numbers very efficient, and Succ is a construction external to the objects. For
that reason, we define the function monus1, which subtracts 1 from a given
positive number until this number reaches 0. This is defined in Figure 3. The
function monus1 is based on the function monus, denoted by −̇, which handles
subtraction in natural numbers. For two natural numbers a and b, it is defined
as: a −̇ b = max(a− b, 0).

monus1 (index : Nat) : Nat =

match index

case Succ_ (k) ==> k

case _otherwise ==> 0

Fig. 3. This table shows the definition of monus1, which for a positive number, it
returns the previous number, and for other numbers, it returns 0.

4.3 Preliminary 2: List Wrappers

After having defined Nat, we define a type we name ListWrapper. This is actu-
ally not a list itself, but a toolbox that works as a wrapper for lists, containing
methods and their proofs. Let us see how this type is constructed. Nil is the
constructor for an empty list, :: is the list constructor, and Nat is a type for
non-negative integers.

The function foldl (from fold left), as it is called in other functional pro-
gramming languages like Haskell, applies a combining function to an iterable
structure, a finite list in our case, and starts with an initial value. One relevant
property of foldl is the possibility of implementing it as a tail-recursive function,
which in turn can be optimized by a virtual machine or a compiler as a cycle.
In other words, foldl is a purely functional approach to execute certain types
of cycles. In addition to its efficient execution, foldl ensures termination on fi-
nite structures, like the list structure. In Figure 1, we can see foldl, which is
an implementation of foldl that uses an auxiliary tail recursive function called
tailrec foldl.
Although foldl is a useful resource for efficient and well-founded recursion, it
becomes more complex when it is involved in proofs. Because of that, in our
proofs, we provide (traditionally) recursive definitions, in addition to the tail-
recursive foldl definitions.
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Soda lists allow for access to any arbitrary position. In Scala, accessing at
position i of a list a of type T would be notated a(i), which is already a value
of type T . However, when we need to access an element inside a proof, we need
to ensure that i is in range, and thus that a(i) is well defined. We present this
in Figure 4, where we show how we access an element of a list. The function
get visits all the elements of a list until it reaches the specified position. If that
happens, it returns the content at that position (Some (elem)), otherwise, it
returns None.

_tailrec_get_def [A : Type] (list : List [A] ) (index : Nat) (current

: Nat) : Option [A] =

match list

case Nil ==> None

case (head) :: (tail) ==>

if current == index

then Some (head)

else _tailrec_get_def [A] (tail) (index) (Succ_ (current) )

get [A : Type] (list : List [A] ) (index : Nat) : Option [A] =

_tailrec_get_def [A] (list) (index) (0)

Fig. 4. The function get retrieves an element safely, without throwing an exception if
the index is out of range. This is necessary to ensure that the retrieved element is well
defined.

Since Soda lists are immutable, modifying the state of a market requires
creating new lists. This can be written in Scala for a mutable structure as a(i) =
e, which updates the content of a list a at position i, by assigning it the value e.
In Figure 5, we show the definition of set def, and in Section 5, we prove that
it preserves the length of the list, i.e. it does not create or remove elements.

set_def [A : Type] (list : List [A] ) (index : Nat) (element : A) :

List [A] =

match list

case Nil ==> Nil

case (head) :: (tail) ==>

if index == 0

then (element) :: (tail)

else (head) :: (set_def [A] (tail) (monus1 (index) ) (element) )

Fig. 5. The function set def is a tail recursive function that creates a new list with
an element updated at a given index.
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4.4 Modeling the Market

As we can see in Figure 6, money is modeled as an integer. An item is modeled
as a pair ⟨owner, price⟩. A market is a pair containing the owner’s money and
the items. Conventionally, we say that an item is advertised if and only if its
price is greater than 0. In the context of this example, money is modeled as a
natural number (Nat), but in reality, we could allow users to have debt and use
an integer instead.

class Money = Int

class Item

abstract

owner : Nat

price : Money

end

class Market

abstract

accounts : List [Money]

items : List [Item]

end

Fig. 6. A market is a structure composed of smaller structures.

The methods for manipulating a market or an item are separated in a module
called MarketMod. This design style differs from the traditional object-oriented
approach, where the methods pertaining to the market should be in the market
class itself. We chose this design as a compromise in the integration of Soda,
Scala, and Lean. While Scala uses a traditional object notation as in other object-
oriented programming languages, Lean uses syntactic sugar to access functions
inside modules, as in other functional programming languages. Since the Soda
translators do not support the notational translation between the two paradigms,
we place the functions in modules, and use classes as structures.

5 Formal Proofs

As we discuss above, the virtue of Soda resides in connecting efficient imple-
mentations and formal proofs in the same language. We decided to show a simple
property: “Changing an element in a list does not modify its length”. This prop-
erty allows ensuring that a transaction does not change the length of a list. This
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could be reformulated as: “Creating a list with set def returns a list of the same
length as the original”.

5.1 Defining the Length of a List

To prove the goal, we use the definition of length given in Figure 1. Although
this definition looks clear, it is not tail recursive, and for that reason it could
be considered a naive definition of the length of a list. For example, in an av-
erage computer configuration, this function cannot compute the length of a list
of 10,000 elements, since it would produce a stack overflow during execution.
However, this definition greatly simplifies the proofs. A more applicable func-
tion to compute the length of a list is length tr, which uses tail recursion. Its
implementation is shown in Figure 1.

Figure 7 shows Theorem len tr eq len def, which states that the tail
recursive function is equivalent to the naive definition. The proof uses
Lemma len tr accum, which helps in the interpretation of the extra parame-
ter of tailrec length.

Although fully understanding the proof requires understanding of Lean 4,
we sketch how the proof is structured. Let us focus on Lemma len tr accum

in Figure 7, which proves that the accum parameter accumulates the computed
length. To achieve this, we apply an inductive strategy to the list (induction
list with). If the list is empty (nil), it rewrites the definitions. If the list is not
empty (cons head tail ih), it applies some definitions and uses the inductive
hypothesis for the given parameters. Notice that the property has a value accum,
which we can instantiate to different values to use the induction hypothesis.

This theorem is in fact shorter than the lemma, and it is also proven by
applying induction. Since the equivalence does not have parameters, we first
add them (funext A list). As before, the induction has two cases. The nil

case is a direct rewriting of the definition. For the inductive step (cons head

tail ih), we use the lemma and then the induction hypothesis.
Since we have proven that both functions are equivalent, we can use

the efficient function (length tr) for the definitions, and the naive function
(length def) for the proofs.

5.2 Updating a List

We have auxiliary functions and lemmas to prove that set def does not change
the number of elements. Figure 8 shows a property on monus1 stating that ap-
plying it to the successor of a number returns the original number. In Figure 9,
we can see the proof that set def preserves the length of the list, and the proof
is provided by induction on the list. For the base case of the empty list (nil),
it suffices to provide the definitions of set def and length def. For the in-
ductive case (cons head tail ih), after using the definitions of set def and
length def, we split the proof into two cases based on the value of the index. If
it is at the beginning, (zero), the definition of monus1 is used. Otherwise (succ
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directive lean

theorem

len_tr_accum (A : Type) (list : List (A) )

: forall (accum : Nat) ,

_tailrec_length (A) (list) (accum) = _tailrec_length (A) (list)

(0) + accum := by

induction list with

| nil =>

intro n

rewrite [_tailrec_length, _tailrec_length, Nat.zero_add]

rfl

| cons head tail ih =>

intro n

rewrite [_tailrec_length, _tailrec_length]

rewrite [ih (1)]

rewrite [ih (n + 1)]

rewrite [Nat.add_assoc]

rewrite [Nat.add_comm 1]

rfl

directive lean

theorem

len_tr_eq_len_def

: length_tr = length_def := by

funext A list

rewrite [length_tr]

induction list with

| nil =>

rewrite [_tailrec_length, length_def]

rfl

| cons head tail ih =>

rewrite [_tailrec_length, len_tr_accum]

rewrite [ih]

rewrite [length_def]

rfl

Fig. 7. Proof of Theorem len tr eq len def: it states that length tr = length def.
This means that the tail recursive definition of length of a list is equivalent to the naive
definition. The proof uses Lemma len tr accum.

k), after using the definitions of monus1 and length, we employ the induction
hypothesis.

6 Experiments

To test the efficiency of the market application, we run a series of experiments.
The purpose of the experiments is to determine the viability of the example.
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directive lean

theorem

monus1_succ

: forall (index : Nat),

monus1 (Nat.succ (index)) = index := by

intro idx

rewrite [monus1]

simp

Fig. 8. Lemma proving that monus1 works as the inverse of successor.

directive lean

theorem

len_set (A : Type) (list : List (A)) (element : A)

: forall (index : Nat),

length_def (A) (set_def (A) (list) (index) (element) ) =

length_def (A) (list) := by

induction list with

| nil =>

intro idx

rewrite [set_def, length_def]

rfl

| cons head tail ih =>

intro idx

rewrite [set_def, length_def]

cases idx with

| zero =>

rewrite [monus1]

rewrite [Nat.zero_eq]

rfl

| succ k =>

rewrite [monus1]

simp

rewrite [length_def]

rewrite [ih]

rfl

Fig. 9. Theorem and proof that proves that set def does not change the length of the
provided list.

As a prerequisite, we have developed a tool that generates test instances. Each
instance depends on three parameters: the number of users, the number of items,
and the number of transactions.

Each test instance is a YAML file that follows some patterns. At the begin-
ning, it contains the instructions to add the user accounts, with some amount of
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money. After that, it adds the items assigned to some users, with some non-zero
price. Finally, it adds all sell transactions together with a price change. This
price change is needed because the market puts an item as not-for-sale after
each transaction is successful.

We fix some values, and we assume that each user has, on average, 8 items
to sell. We conducted two types of experiments, which are shown in Table 1. On
the left, we choose an arbitrary batch of 65536 (216) transactions and we test
the system with an exponentially growing number of users and items. On the
right, we fix the number of users and items as 2048 and 16384 respectively, and
we test the instances with an exponentially growing number of transactions. The
experiments were run on a Linux Ubuntu 22.04.5 LTS computer equipped with
8 Intel cores i5-8350U CPU at 1.70 GHz and 32 GiB of RAM. The Bash script
to run the experiments is provided in the project repository.

Table 1. The elapsed time in seconds of different synthetically generated instances. The
columns show: the number of users, the number of items, the number of transactions,
the elapsed time in seconds, and the number of transactions per second.

users items transac time (s) tr/s

1 8 65536 1.10 59578
2 16 65536 1.13 57996
4 32 65536 1.13 57996
8 64 65536 1.26 52013

16 128 65536 1.40 46811
32 256 65536 1.48 44281
64 512 65536 1.84 35617

128 1024 65536 2.32 28248
256 2048 65536 3.55 18461
512 4096 65536 5.79 11319

1024 8192 65536 10.41 6295
2048 16384 65536 19.89 3295

users items transac time (s) tr/s

2048 16384 256 4.35 59
2048 16384 512 5.05 101
2048 16384 1024 4.95 207
2048 16384 2048 4.87 421
2048 16384 4096 5.28 776
2048 16384 8192 6.36 1288
2048 16384 16384 8.23 1991
2048 16384 32768 13.14 2494
2048 16384 65536 19.89 3295
2048 16384 131072 36.67 3574
2048 16384 262144 68.49 3827
2048 16384 524288 126.88 4132

From Table 1, we conclude that the measurements show the effect of the
overhead starting time of the application, as the first rows present very similar
values. Another result is that the growth in the number of users and items seems
to have a linear impact on the execution time. Regarding the transactions, once
the number of users and the number of items are fixed, the required time appears
to be linear with respect to the number of transactions. And, most importantly,
with an average of around 4000 transactions per second, we demonstrate the
viability of our example: the results indicate that an application of a multi-
agent environment with formally verified pieces of code can also be efficient to
run in production.
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7 Conclusion

In this paper, we have demonstrated the applicability of Soda to the design of
(so far simple) MAS components that can be integrated into the Scala and Java
technology ecosystem, while also supporting formal verification with the proof
assistant Lean. We claim that the use of proof assistants like Lean for MAS
verification is a relevant research direction, as it allows for a more abstract and
flexible formal analysis of MAS. However, given our demonstration, it is clear
that more work is required to support the verification of MAS in a meaningful
manner that is useful for software engineers. To move towards applicability, we
hope to further advance this research in the following ways: i) by expanding
proof-of-concept implementations to more complex scenarios that require the
verification of additional fundamental MAS abstractions, such as agents’ rea-
soning loops, providing reusable abstractions for verification; ii) by providing
a more detailed analysis of the advantages and disadvantages of using proof
assistants instead of model checkers for MAS verification; iii) by studying the
applicability of our formal verification approach to real-world problems, such as
the assurance of fairness properties in complex socio-technical systems. As an in-
dependent research direction, we consider it relevant to investigate whether and
to what extent existing agent programming languages, such as protocol-based
languages [17,18], can be extended or integrated to allow formal verification with
proof assistants.
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