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ABSTRACT ARTICLE HISTORY
Machine learning (ML) systems are abundant in our world. Received 24 April 2024
However, most of these systems are not understandable, which Accepted 22 April 2025
poses several challenges, including their safety, proper
functioning and accountability. Further, ML models are A . .

. . . . . utomated decision-making

sqsce.zpt'lble to s'oaal' biases, which can lead 'to unJust'ar'wd systems; eXplainable Al;
discriminatory situations. The field of eXplainable Artificial Artificial Intelligence Act
Intelligence (XAIl) attempts to answer these challenges by
providing explanation methods for ML models. However, there is
still an open debate about the necessary desiderata of such
methods, including the often-missing consideration of the legal
side of explanation desiderata. In this work, we put forward a set
of five technical and five legal desiderata of XAl and develop a
multi-layered mapping encompassing the dynamics among and
between the two sets and linking them to actual requirements.
From the standpoint of legality, we rely on the European
requirements explainability and justificability. In our mapping, we
draw the interdependencies and the intersections between the
technical and legal desiderata, creating an image that visualises
the assessment of the technical and legal driving forces
(desiderata matching requirements) in the design and provision
of explanations. Ultimately, explainability and justificability
desiderata must be systematic; understood as a dynamic, circular
and iterative process.

KEYWORDS

Introduction

Machine learning (ML) models are abundant in everyday life and help us to navigate the
world (Willson 2019). They span the range between relatively simple applications, such as
movie recommendations on Netflix (Sharma and Dutta 2020) or language translation on
DeepL (Kamaluddin et al., 2024), to highly complex and safety-critical applications such as
treatment recommendations (Chen et al. 2018; Sahoo et al, 2019), loan applications
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(Hurley and Adebayo 2017; Shi et al. 2022), or self-driving cars (Rao and Frtunikj 2018).
Another important application is generative models, spearheaded by the GPT-3 model
(Gupta et al. 2023). Many of these applications are promising to simplify and improve
our lives. However, since most ML models operate in a high-dimensional, non-linear
space and depend on a huge number of parameters, it is often impossible to fully com-
prehend and understand them, and obscuring their use (Burrell 2016; De Laat 2018; Lepri
et al. 2018; Pedreschi et al. 2019).

Such opaqueness and lack of understandability pose a challenge for ML models in
both day-to-day and highly consequential scenarios (Lyons, Velloso, and Miller 2021).
As has been shown in many contexts, ML models are susceptible to social biases
(Ntoutsi et al. 2020). For example, biased ML models were identified in a gender rec-
ognition software that incorrectly classified female black faces at a much higher rate
than male white faces (Buolamwini and Gebru 2018) in a judicial ADM system that
unjustly denied parole to black defendants because of the colour of their skin
(Angwin et al. 2016), or were used as commercial prediction algorithms which were
more likely to refer white people than black people to care programmes intended
for patients with complex medical needs, even if they were equally sick (Obermeyer
et al. 2019).

The field of eXplainable Artificial Intelligence (XAl) (Adadi and Berrada 2018; Barredo
Arrieta et al. 2020) investigates possible methods to ‘make [Al systems’] behaviour
more intelligible to humans by providing explanations’ (Gunning et al. 2019). This can
be understood as an attempt to answer some of the challenges posed by ML models
while maintaining their high performance levels (Adadi and Berrada 2018). XAl is con-
cerned with constructing explanations for ML models and is situated at the intersection
between various disciplines, among others, computer science, social science, and law
(Longo et al. 2024; Mohseni, Zarei, and Ragan 2021). In essence, XAl attempts to
achieve two objectives: (1) ‘produce more explainable models, while maintaining a
high level of learning performance (prediction accuracy)’ (Turek 2018), and (2) ‘enable
human users to understand, appropriately trust and effectively manage the emerging
generation of artificially intelligent partners’ (Turek 2018). Achieving both goals is not
an easy task, and different concepts shape the landscape and contribute to the field of
XAl (Doshi-Velez and Kim 2017).

In this work, we put forward a set of five technical and five legal desiderata’ of XAl and
develop a mapping between these two sides. While there is already some work on tech-
nical desiderata of XAl, there is, to the best of our knowledge, little work considering legal
desiderata.” We attempt to fill this gap and address how legal desiderata can encourage
researchers in computer science and practitioners to work on specific explanation
methods. We find the development of concrete desiderata to ensure the compliance of
XAl methods to the applicable legal framework of high practical relevance and utmost
importance.

Contributions

The main contributions of this work are as follows:

(1) We summarise the debate about the technical desiderata of an explanation.
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(2) We discuss in-depth the legal desiderata of an explanation and extract five key desi-
derata from this discussion, linking them where possible to actual compliance duties
under the Artificial Intelligence Act. To the best of our knowledge, we are among the
first to do this.

(3) We map both technical and legal desiderata onto each other and create a three-
layered mapping that can guide researchers and practitioners in the field of XAl or
Al regulation.

It is worth stressing that our contributions have gained further relevance after the
enactment of the Artificial Intelligence Act (European Parliament and the Council 2024),
as some of these explainability desiderata are now part of legal requirements> established
in European Regulation, applicable under specific circumstances.*

Structure of this work

This paper is structured as follows: first, we present a technical introduction to the field of
XA, followed by the presentation of technical desiderata. Then, we introduce the field of
XAl from a legal point of view, followed by the set of legal desiderata. We continue by
presenting our mapping between both the technical and legal sides. The paper is
closed with a discussion of the limits of our work and open challenges and with a
short conclusion.

Explainability, ML and technical desiderata

In this section, we will outline our thoughts on the terms explainability and interpretabil-
ity from a technical perspective. Further, we will introduce a taxonomy of explanations
that will help us to navigate the existing body of literature. However, a full survey is
beyond the scope of this paper.

Definition

Providing an explanation for a decision that is supported or fully rendered by a machine
learning model (an ‘Assisted or Automated Decision-Making System’, short ADM systems)
is not only a matter of justifying the decision for legal (Bibal et al. 2021), ethical (Balasu-
bramaniam et al. 2020; Doshi-Velez and Kim 2017), or safety reasons (Doshi-Velez and Kim
2017; Gilpin et al. 2018) but a huge technical challenge (Longo et al. 2024) itself.

But what exactly is an explanation, and what is the difference with an interpretation?
While the (technical) XAl community has not (yet) reached a consensus on that (Lipton
2018; Mittelstadt, Russell, and Wachter 2019), we present here our working definitions
for this paper. We understand interpretability as a closely interlinked but different
concept to explainability. For interpretability, we adopt the definition by Doshi-Velez
and Kim (2017, 2): ‘the ability to explain or to present in understandable terms to a
human’, e.g. a text or a phenomenon (here: an ML model). Opposed, ‘explainability is
about an interaction, or an exchange of information’ (State 2021, 2) and implies a
certain degree of a logical connection between the outcome of the ML model and the
explanation offered. Thus, while interpretability can be considered a (model) property
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displaying the real meaning of the model, an explanation refers to an action that eluci-
dates why the model acts as it acts. It also matters who the specific end-user of the expla-
nation is and for what reasons or for which purpose the explanation is given (Doshi-Velez
and Kim 2017). For example, an explanation provided to a loan applicant to understand
why an application got rejected and to explore actions to change that decision in a future
application must look fundamentally different from an explanation given to a data scien-
tist who oversees debugging the model that evaluates the same loan application. As such,
explanations are highly context-dependent (State 2021).

Finally, an interpretation is supposed to be ‘universal’ and is not targeted to a specific
end-user, while more than one explanation can refer to the same interpretation of a text
or phenomenon. An interpretation illustrates something as it is. For example, the
expression ‘I love you’ is interpreted to express feelings towards someone. Yet, it can
be explained as expressing parental affection in the context of a parent-children
relationship, while it is interpreted differently among partners and explained accord-
ingly. The significance of the interpretations is universal (e.g. it applies to all parent-
child relationships). Still, it needs to be explained in different ways according to the
end-user (a little child or an adolescent): the interpretations require different expla-
nations to a child or an adult, for example. While this necessarily holds from the legal
perspective, it is not strictly for a technical one - here, it depends on which notion of
interpretability and explainability is used. However, from our point of view, an expla-
nation is always specific to the end-user.

Dimensions

The field of XAl follows different approaches. Here, we introduce a taxonomy broadly
based on Guidotti et al. (2018) and Molnar (2019), two well-known publications in the
field of XAl While there are considerable efforts to construct and improve the quality
of inherently interpretable models (white boxes (Molnar 2019)), others focus on the con-
struction of explanations for models that are not interpretable (black boxes (Guidotti et al.
2018; Molnar 2019)). According to the same literature (Guidotti et al. 2018; Molnar 2019),
only a few machine learning models are inherently interpretable or understandable to a
human. These recognised interpretable models are the following: linear models, decision
trees, rule lists, and decision sets. These models are also important in the field of XAl - e.g.
by often serving as basic building blocks to construct explanations.® Regarding expla-
nations, we can distinguish between model-agnostic (Adadi and Berrada 2018; Molnar
2019) and model-specific (Adadi and Berrada 2018; Molnar 2019) approaches. As its
name suggests, model-agnostic approaches can be applied to any type of model, as
opposed to model-specific explanations that work only for specific categories of
models. Thus, by construction, the first type has a higher degree of usability with
respect to the models to which it can be applied. Last, we differentiate between local
and global explanations (Adadi and Berrada 2018; Guidotti et al. 2018; Molnar 2019).
Local explanations are only valid for a specific data instance (Adadi and Berrada 2018; Gui-
dotti et al. 2018; Molnar 2019), which corresponds in most cases to the data subject under
decision. For a single data instance, it can be assumed that the decision boundary in its
close neighbourhood is simple and can be approximated well by the explanation, as
opposed to the global decision boundary, which can be arbitrarily complex (Pedreschi
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et al. 2019). Global explanations focus on the full model at once; they ‘describe the
average behaviour of a machine learning model’ (Molnar 2019).

The discussion of technical desiderata below was developed with a focus on post-
hoc explainability.” However, these concepts, in general, scale beyond.® Furthermore,
with the emergence of foundational models, more specific taxonomies and desiderata
are needed and emerging, see, e.g. Birhane et al. (2023), Floridi (2023), and Zini and
Awad (2022). Thus, while these models are beyond the scope of this article and
require further investigation, we assume that the basic principles of our analysis
would apply to them as well.

Technical desiderata

In this section, we summarise the desiderata of an explanation that are given from a tech-
nical point of view. Our analysis led to the conclusion that necessary desiderata (‘What
does the end-user expect from the explanation?’) are strongly interlinked with the evalu-
ation of explanations (‘Are those expectations met?).° Thus, we must also review how
each of these desiderata can be measured.

Here, we confine ourselves to the five main desiderata we could identify in our
research. Based on three key publications (Chen et al. 2022; Guidotti et al. 2018; Molnar
2019), i.e. widely known publications among technical XAl researchers, we created an
initial list of desiderata and then went systematically through related papers. We
extended the list with extracted desiderata per paper and decided to present the desider-
ata in this paper that appeared in the intersection of all papers considered and that relate
most closely to the technical side of explanations. However, our overview is necessarily
incomplete, as a full review was out of scope.'®

Please note that in this section, we talk strictly about the technical side of explanations;
thus, all terms used refer solely to their technical meaning. The mentioned analysis led to
identifying the following desiderata.'’

o Complexity (or comprehensibility/interpretability): How understandable is the expla-
nation to the end-user?'? (Belle and Papantonis 2021; Chen et al. 2022; Guidotti
et al. 2018; Molnar 2019) An example of a typical measure of complexity is the
number of premises in an explanatory rule,’® that is, the number of conditions that
need to be satisfied for the consequence of the rule to be valid, with the consequence
reflecting the prediction of the explained ML model. A lower number is preferred. This
property is also closely linked to insights from the social sciences, demanding that
explanations should be ‘selective’ (Miller 2019; Mittelstadt, Russell, and Wachter 2019).

o Fidelity (or faithfulness): How well does the explanation approximate the machine
learning model? (Belle and Papantonis 2021; Chen et al. 2022; Guidotti et al. 2018;
Molnar 2019) Fidelity is computed as the ratio of correct predictions over all predic-
tions, thereby comparing the prediction of the explanation and the explained ML
model (e.g. Guidotti et al. 2018). High fidelity is always desired, as it corresponds to
an explanation that better approximates the ML model, with the best possible
fidelity value being one (compared to zero). Because post-hoc explanations approxi-
mate the ML model, they can never perfectly mimic it; thus, their fidelity remains
below one.
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 Accuracy: How well does the explanation work for a novel data point?'* (Belle and
Papantonis 2021; Guidotti et al. 2018; Molnar 2019) Accuracy can be measured by com-
puting the ratio between correct predictions over all predictions, comparing the pre-
diction of the explanation with the original labels (e.g. Guidotti et al. 2018).
Questions related to this are: how does the explanation interact with a data point
that is out-of-distribution? Does the explanation display probability values? By con-
struction, the accuracy of a post-hoc explanation is always lower than the accuracy
of the machine learning model.

* Robustness (or sensitivity, stability): How similar are explanations for two different data
points? (Chen et al. 2022; Guidotti et al. 2018; Molnar 2019) This measure depends on a
formalised notion of similarity.”> Intuitively, we do expect that similar data points
receive a similar explanation unless there are good reasons not to expect this, e.g.
when the predictions are not similar (Molnar 2019).

« Homogeneity: How does faithfulness change across different (sub-)groups?'® (Chen
et al. 2022) This property is closely linked to fairness considerations, especially regard-
ing the explanation itself. For example, a recent study (Balagopalan et al. 2022) found
that explanations can show different faithful values for different subgroups. A sub-
group is thereby constructed by separating data based on a sensitive feature such
as age or gender. If explanations show different faithful values for different subgroups,
this can be another source of bias.

All the above-listed desiderata can be quantitatively measured. However, evaluations
of explanations must be complemented by qualitative measures - in particular, by user
studies (Miller, Howe, and Sonenberg 2017). A survey on user studies can be found
here (Rong et al. 2022).

Further, as explanations themselves depend on the context, the exact formulation of
the desiderata do as well. A complete evaluation is thus only possible if the explanation
is situated within its final context (including the integration of the end-user’s needs). The
list of the above desiderata should, therefore, be seen as a basic set of desiderata. Con-
crete formulations of each property, how they should be implemented and evaluated,
and the negotiation of additional desiderata or an omission of some must take place in
each individual case (Figure 1).

Explainability, ML and legal desiderata

In this section, we will address the notion of explainability'” from a legal perspective, ulti-
mately considering the legal requirements of explainability and justificability.'® Further,
we will propose a set of legal desiderata, expected to be fulfilled by an explanation to
comply with the pertinent legal provision.

Definition

Besides the technical benefits that more interpretable and explainable artificial intelli-
gence algorithms offer, the push towards explainability and interpretability also responds
to a legal demand on algorithmic governance (Katzenbach and Ulbricht 2019; Issar and
Aneesh 2022). As stated above (see technical section), the so-called black-box nature of
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Technical Desiderata

Complexity
Homogeneity Robustness
Fidelity® Accuracy
=@—|dealistic Balance Attainable Balance A  =@=Attainable Balance B

Figure 1. Example of different mappings of technical desiderata. Nodes are labelled with the five
identified desiderata. Ideally, all desiderata are fully accomplished (black). In reality, explanations
are not ideal. For demonstration, we depict two of such explanations (grey and light grey lines).
Here, the degree to which a desideratum is satisfied by the explanation is randomly assigned.

these models raises unprecedented opacity challenges, which encourage calls for
accountability and transparency.

In relation to the matter at hand, the European Union developed a legal framework
which lays down transparency and understandability at the centre of algorithmic and
Al systems’ governance.'® Within this heterogeneous framework, the use of assisted or
fully automated decision-making processes based on ML models requires, to some
degree, explanations and justifications about the final decision and the decision-
making process. For example, the most novel and extent development in this regard
is found in the Artificial Intelligence Act, which requires a sufficiently granular level
of technical interpretability and explainability to assess the risks of those Al systems
presumed high-risk or to demonstrate that presumed high-risk systems are not high-
risk under the Artificial Intelligence Act.’® By extension, assisted or fully automated
decision-making processes which fall under the category of high-risk will be expected
to respond to more extensive levels of legal explainability and justificability
requirements.

Before expounding these requirements in the dimensions section, we find it necessary
to explain the definitions of explainability and justificability that guide our analysis, as well
as the distinction between normative and motivating reasons.

A normative reason ‘is a consideration that counts in favour of someone’s actions’
(Scanlon 2000, 18). In other words, normative reasons justify or make it right for
someone to act in a certain way (Logins 2022). Therefore, legally justifying a decision
requires proving its correctness, fairness, and lawfulness as referred to in the appropriate
laws, norms, and principles. As maintained by Malgieri (2021, 19), a legal justification of an
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[automated] decision: ‘'means not merely explaining the logic and the reasoning behind it,
but also explaining why it is a legally acceptable (correct, lawful, and fair) decision’.

Motivating reasons, on the contrary, are reasons that either count in favour of the
agents’ actions or explain their behaviour (Alvarez and Way 2024). We can distinguish
between reasons that motivate and reasons that explain. The former addresses the motiv-
ations of the decision-maker and their beliefs regarding the reality at hand, while the
latter exposes the connection between the knowledge that is available prior to the
decision and the following effect (Malgieri 2021). In other words, motivating reasons
refer to the subjective knowledge or belief that the decision-maker had about some con-
crete facts at the moment of making a certain decision. In contrast, explanatory reasons
allude to the actual facts and the relationship of cause and effect between those facts and
the final result or action (Alvarez and Way 2024). In legal terms, the notion of explanation
contains both meanings, i.e. the provision of information that ‘attempts to render a state
of affairs, an event or a process understandable’ (Aarnio 1986, 4:22) under a motivating
reasons perspective. Therefore, if a decision resulted from an algorithmic decision-
making process, its explanation shall disclose the connection between the input data
and the final decision or the intentions and objectives that motivated such a decision
(Malgieri 2021).

In consequence, explanations are descriptive and intrinsically grounded on the ADM
system with the goal of allowing individuals to understand a single decision or the
whole system. Meanwhile, justifications are normative and extrinsic, intended to assess
the legality and validity of the decision. Justifications can demonstrate that the decision
is grounded on the pertinent rule of law, against which the legality and validity of the
decision will be assessed (Henin and Le Métayer 2021).

Given the above differentiation between explanations and justifications, we conceive
legal explainability as a set of legal information requirements that specify the rationale and
motivation of ADM systems. Likewise, we envision legal justificability as the set of infor-
mation requirements directed to demonstrate the normativity, lawfulness, and legitimacy
of ADM systems as a whole.”' In other words, explainability is about explaining how an
ADM system reached the decision but does not clarify whether that decision was made
in a legally compliant way. On the contrary, justificability shows that the applicable
legal requirements have been satisfied, both regarding whether the decision was made
in a certain way and whether it fulfils the legal reason or conditions for that type of
decision. Justificability would require showing, for instance, that the specific Al system
complies with the requirements of the Artificial Intelligence Act and that the data used
for its training were lawfully collected and used according to other applicable legislations
(e.g. GDPR). as referred to in Articles 8 paragraphs 1 and 2 and Article 11 paragraph 1 in
the case of the Artificial Intelligence Act.

Another key distinction needs to be highlighted to understand legal explainability and
justificability: the timing of the information provided with respect to the decision
affecting an individual. Ex-ante -information- obligations arise right before any decision
is made (Edwards and Veale 2017; Malgieri and Pasquale 2022; Wachter, Mittelstadt,
and Floridi 2017), usually covering the normative reasons (justifications) for the use of
the ADM system but sometimes also addressing the motives behind the existence of
the ADM process. Ex-post -information- obligations appear after the decision has been
made and implicitly allow individuals to contest the specific decision (Crabtree, Urquhart,
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and Chen 2019; Goodman and Flaxman 2017; Gyevnar and Ferguson 2023; Mostowy
2020) with the information received about the decision’s causality (explanatory
reasons) and motivation (motivating reasons). Although in practice this distinction is
not set in stone, whether explainability and justificability relate to a single decision or
the whole decision-making process is a matter of serious relevance. For instance,
Article 22 of the GDPR and Article 86 of the Artificial Intelligence Act establish, respect-
ively, a right to explanation of individual decisions solely based on automated processing
or on the basis of the output from a high-risk Al system (ex-post -information- obligations),
while information duties under Article 13 and 14 of the GDPR refer to the logic involved in
the automated decision-making and the envisaged consequences of such processing
(both ex-ante and ex-post -information- obligations).

Dimensions

Even before the European Union enacted the Artificial Intelligence Act in June 2024, calls
for explainability and justificability came from specific legal fields covering both public
and private law.?” In recent years, the greatest debate around these requirements
arose after the publication of the European General Data Protection Regulation -hereafter
GDPR (European Parliament and the Council 2016)- which includes the so-called right to
an explanation and right to information.”® Although in this paper we will refrain from
addressing the legal basis of each right, we argue that the former ought to focus on
the explainability aspect of the decision, while the latter on its justificability. However,
these rights do not apply equally to all decisions that are based on individuals’ personal
information. The level of automatisation and the severity of the effects of a decision (Binns
and Veale 2021) determine the level of explainability and justificability demanded. Hence,
the GDPR is a clear example of how different interests and objectives can coexist in a legal
norm, dictating different requirements.

Consumer protection law also embraces explainability and justificability requirements
with the perspective of empowering individuals in the unbalanced relations between
consumers and private actors and enabling individuals with the appropriate actions.
Whether the specific activities of the private actors contemplated in consumer protection
law should be considered an ADM system would require further discussion. However,
what seems arguable is that these activities require, at some level or another, the
profiling of the individual and the use of data-driven algorithmic systems, which normally
lead to either an assisted or an automated decision that affects the individual.?*

For instance, the Regulation (EU 2019/1150) on promoting fairness and transparency
for business users of online intermediation services compels in Article 5 providers of
online intermediation services - envisaged as e-commerce marketplaces, online software
application services, and online social media services - to set out ‘in their terms and con-
ditions the main parameters determining ranking and the reasons for the relative impor-
tance of those main parameters as opposed to other parameters’ (European Parliament
and the Council 2019b). The same Regulation also obliges providers of online search
engines to set out in plain and intelligible language the ‘main parameters, which indivi-
dually or collectively are most significant in determining raking and the relative impor-
tance of those main parameters’ (European Parliament and the Council 2019b) in an
easy and publicly available description. Compliance with these transparency
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requirements does not require the provision of any information regarding the algorithms
in use that could enable consumer deception or harm through manipulation of search
results, as referred to in Article 5, paragraph 6. Furthermore, Recital 25 of the Regulation
clarifies that the description of the parameters determining ranking, which might include
the number and type of main parameters, should offer enough information to ensure that
the consumer obtains an adequate understanding of how the ranking system works.

The Directive (EU 2019/2161) on the better enforcement and modernisation of Union
consumer protection rules - The Modernisation Directive - also introduces transparency
requirements in the Directive (2005/29/EC) concerning unfair business-to-consumer com-
mercial practices in the internal market and Directive (2011/83/EU) on consumer rights.
On the one hand, the new Atrticle 4 (a) of the Directive concerning unfair business-to-con-
sumer commercial practices in the internal market establishes that traders, when provid-
ing the consumer with the possibility to search for products offered by different traders or
by consumers on the basis of a query, shall be made available general information on the
‘main parameters determining the ranking of products presented as a result of the search
query and the relative importance of those parameters, as opposed to other parameters’
(European Parliament and of the Council 2019). Further, Recital 21 of the Modernisation
Directive clarifies that these ‘transparency requirements’ aim to ensure adequate trans-
parency towards the consumer about the parameters that determine ranking, specifying
in Article 22 that those parameters mean ‘any general criteria, processes, specific signals
incorporated into algorithms or other adjustment, or demotion mechanisms used in con-
nection with the ranking’ (European Parliament and of the Council 2019). To ensure that
consumers understand ranking functionality, the information shall be provided succinctly,
easily, and prominently and shall be directly available, as referred to in Recital 22 of the
Directive. Recital 23 determines that traders are not prescribed to present a customised
description of each query, nor must they disclose the detailed functioning of their
ranking mechanism. A general description of the main parameters determining the
ranking that explains the main default parameters used by the trader and their relative
importance as opposed to other parameters would be enough to ensure compliance,
at least until the Al literacy®® duties come into force in February 2025 since the Al literacy
requested will need to take into account, as per Article 3 paragraph 56 ‘skills, knowledge
and understanding that allow [...] affected persons, taking into account their respective
rights and obligations in the context of [the Artificial Intelligence Act], to make an
informed deployment of Al systems, as well as to gain awareness about the opportunities
and risks of Al and possible harm it can cause’.

On the other hand, the amended Article 6 (a) point Il of the Directive on consumer
rights introduces a new information requirement for distance and off-premises con-
tracts. Concretely, the new provision determines that consumers shall be warned
about price personalisation based on automated decision-making before any such
type of contract binds them. Recital 45 of the Directive on the better enforcement
and modernisation of Union consumer protection rules highlights that consumers
should be clearly informed of the existence of price personalisation based on
profiling or automated decision-making so that they can ponder the risk in their pur-
chase decision. Likewise, Recital 45 clarifies that this right to information does not
conflict with the right not to be subject to automated individual decision-making as
referred to in Article 22 of the GDPR.
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The Proposal for a regulation on preventing the dissemination of terrorist content
online advances a series of transparency obligations towards the automated removal of
content. Article 6 of the Proposal recognised as a proactive measure to protect against
the dissemination of terrorist content the use of automated tools which can either (1)
prevent the re-upload of content which has previously been removed or to which
access has been disabled because it is considered to be terrorist content or (2) detect,
identify and expeditiously remove or disable access to terrorist content (European Com-
mission 2018). In this regard, proposed Article 8 compels hosting service providers to,
where appropriate, set out in their terms and conditions a meaningful explanation of
the functioning of proactive measures, including the use of automated tools. In Article
9, the Proposal declares that the use of automated tools shall need to be accompanied
by effective and appropriate safeguards ensuring that the decisions concerning the
content, particularly those removing or disabling content, are accurate and well-
founded. Recital 17 highlights the relevance of avoiding unintended and erroneous
decisions when the detection of content has been made using automated means.
Recital 26 calls attention to the right of users to ascertain the reasons upon which the
content uploaded by them has been removed or to which access has been disabled,
according to Article 19 of the Treaty of the European Union and Article 47 of the
Charter of fundamental rights of the European Union regarding the rights to an
effective remedy and a fair trial. In this sense, providers are asked to make available mean-
ingful information that enables affected users to contest the decision. In its Recitals, the
Proposal highlights its intent to contribute to the protection of public security while
ensuring the protection of fundamental rights, including ‘the rights to respect for
private life and to the protection of personal data, the right to effective judicial protection,
the right to freedom of expression, including the freedom to receive and impart infor-
mation, the freedom to conduct a business, and the principle of non-discrimination’.

Regulation (EU 2024/1698) laying down harmonised rules on artificial intelligence and
amending Regulations (EC) No 300/2008, (EU) No 167/2013, (EU) No 168/2013, (EU) 2018/
858, (EU) 2018/1139 and (EU) 2019/2144 and Directives 2014/90/EU, (EU)2016/797 and
(EU) 2020/1828 - The Artificial Intelligence Act - establishes the most extensive explain-
ability and justificability requirements to date for Al systems in the form of Al literacy,
transparency and information obligations, and human-oversight, which in consequence
establish a quasi-general obligation for interpretable and explainable Al systems - per
the definitions offered in the technical definition section.

While in the Artificial Intelligence Act the Al literacy requirements -as referred to in
Article 4- apply to all Al systems with no exception -extending explainability and justific-
ability requirements well beyond high-risk Al systems-, specific explainability duties
attach to high-risk?® and to General purpose Al models?” and the ‘right to explanation
of individual decision-making’ are more limited.

Indeed, the Artificial Intelligence Act includes a right to explanation for decisions made
on the basis of an output from a specific class of high-risk Al system. Concretely, Article 86
paragraph 1 reads as follows:

any affected person subject to a decision which is taken by the deployer on the basis of the
output from a high-risk Al system listed in Annex Ill, with the exception of systems listed under
point 2 thereof, and which produces legal effects or similarly significantly affects that person in



12 (&) A.BRINGASETAL.

a way that they consider to have an adverse impact in their health, safety and fundamental
rights shall have the right to obtain from the deployer clear and meaningful explanations of
the role of the Al system in the decision-making procedure and the main elements of the
decision taken (European Parliament and the Council 2024).

Upon this provision, the Artificial Intelligence Act grants affected subjects, but only in
these specific instances, with the right to request from the deployer of a high-risk Al
system a clear and meaningful explanation of the role of the decision-making procedure,
the main parameters of the decision taken and the related input data. Interestingly, Article
86 paragraph 3 asserts that the mentioned right only applies to the extent that the right is
not already provided for under other EU legislation. The other legislation mentioned
above will, consequently, need to be considered when implementing the Artificial Intelli-
gence Act and its own right to explanation.

The Artificial Intelligence Act established a general requirement for interpretable and
explainable Al systems as referred to in the technical section of this paper. Artificial Intelli-
gence Act’s Article 4 compels providers and deployers of Al systems to take measures to
ensure the sufficient level of Al literacy of their staff, other persons dealing with the oper-
ation and use of Al systems, and the individuals affected by them. As per Article 3 para-
graph 56 Al literacy means:

Skills, knowledge and understanding that allow providers, deployers and affected persons,
taking into account their respective rights and obligations in the context of this Regulation,
to make an informed deployment of Al systems, as well as to gain awareness about the
opportunities and risks of Al and possible harm it can cause (European Parliament and the
Council 2024).

Accordingly, the measures mentioned in Article 4 to ensure Al literacy must involve
interpretability and explainability as understood in technical terms - see technical
definition section. However, the knowledge and understanding of the Al system will
by no means be homogenous, rather the explanations and justifications offered to
each actor will depend on the scope of their respective duties and rights as established
in the Artificial Intelligence Act. For example, Article 13 of the Artificial Intelligence Act
specifies transparency and information duties to deployers of high-risk Al systems to
‘ensure that their operation is sufficiently transparent to enable deployers to interpret
the system’s output and use it appropriately’ (European Parliament and the Council
2024). Among other information, high-risk Al systems would need to be accompanied
by instructions indicating ‘[...] its intended purpose, the level of accuracy including its
metrics, robustness, and cybersecurity, its performance regarding specific persons or
groups of persons on which the system is intended to be used, or specifications
about the input data [...]' (European Parliament and the Council 2024). Likewise,
Article 14 impels high-risk Al systems to be designed and developed in a manner
that ensures effective oversight by a natural person - also possible via appropriate
human-machine interfaces -, the proper understanding of the relevant capabilities
and limitations of the high-risk Al system, and the correct interpretation of its
output. Explainability and justificability - as per our legal understanding - are unequi-
vocally linked to these obligations and rights as the persons involved in the operation
of Al systems will need to understand the rationale and motivation of the Al system as
well as its normativity, lawfulness, and legitimacy.
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Moreover, as anticipated, the (limited) right provided by Article 86 ‘shall apply only to
the extent that the right referred to in paragraph 1 is not otherwise provided for under
Union law’. Thus, its explainability and justificability require a case-by-case approach
considering the information rights provided for by Union law; for instance, the rules
mentioned above were applicable to high-risk Al systems referred to in Article 6 para-
graph 2.

Yet, per Article 4 of the Artificial Intelligence Act, these duties need to be fine-tuned
‘taking into account their [staff and other persons dealing with the operation and use
of Al systems on their behalf] technical knowledge, experience, education and training
and the context the Al systems are to be used in, and considering the persons or
groups of persons on whom the Al systems are to be used'.

When considering the requirements for interpretable and explainable Al systems under
European laws, we cannot forget to mention the EU’s general principles and primary law,
which already set interpretability and explainability constraints for the use of Al systems.
For instance, the constitutional value of the rule of law, recognised in Article 2 of the
Treaty of the European Union, requires that everyone is treated equally and rightfully
by all decision-makers and has the right to challenge the decision through fair proceed-
ings. Therefore, public authorities and institutions are compelled to explain and justify
administrative and judicial decisions also when algorithms are fully or partially involved.
On the other hand, the European Union and Member States’ administrations are bound
by the right to offer a reasoned decision (European Commission for Democracy
through Law (Venice Commission) 2016), which requires administrative decisions to be
accompanied by an explanation of the factual and legal grounds that motivate the judge-
ments. This reasoning needs to be offered clearly and precisely, reflecting the real reasons
and motives for the decision (Venice Commission 2016, 26). Article 41 of the Charter of
Fundamental Rights of the European Union states that ‘every person has the right to
have his or her affairs handled impartially, fairly and within a reasonable time by the insti-
tutions, bodies, offices, and agencies of the Union. This right includes ‘[...] the obligation
of the administration to give reasons for its decisions’ (The European Union 2012). The use
of automated decision-making by no means evades the need for such an administrative
motivation (Citron 2017; Demkova 2023). The Hague District Court’s Rechtbank De Haag
Case (2020) recognised - as the first Court on an EU member state - that the lack of trans-
parency of an ADM system used by a public actor can put in risk individuals’ interests if it
does not offer sufficient and verifiable information about the functioning of the system or
the risk analysis method. The scoring system considered was an instrument called the
Systeem Risico Indicatie, which was used by the Dutch government to detect various
forms of fraud (e.g. social benefits, allowances, and taxes fraud). The Hague district
court found Systeem Risico Indicatie unlawful given that the Dutch state had not
offered enough information to allow individuals to understand the decision or convince
them that it was made according to the pertinent laws.

Further, Article 6 of the European Union Charter of Fundamental Rights states that judi-
cial decisions shall respect the rights to a fair trial, due process, and transparency. Besides
explaining the factual and legal grounds on which the judicial decision was made, judges
need to respond to all the claims and arguments made by the trial parties. Therefore, in
the scenario that an ADM system fundamentally contributed to a judgement, the motiv-
ation of such a judicial decision would be expected and required as this motivation does
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not depend on who made the decision (@ human or ADM system) but on the fact that a
decision was made.

Beyond the interpretability and explainability requirements that can be drawn from
the EU’s fundamental principles, rights and values, EU secondary law also delimits the
explainability and interpretability of Al systems used by public actors in some instances.
The rights to information and an explanation, as referred to in the GDPR, oblige data con-
trollers irrespectively of their public or private nature, whereas Article 5 of the Artificial
Intelligence Act explicitly addresses specific instances of the use of Al systems by
public actors. For example, the use of ‘risk assessments of natural persons in order to
assess or predict the risk of a natural person committing a crime offence, based solely
on the profiling of a natural person or on assessing their personality traits and character-
istics’ is defined as a prohibited practice. Yet, when the assessment is not solely based on
an Al system, it is considered high-risk as referred to in Annex Ill paragraph 6 (d). Further-
more, other Al systems which are used in the context of access to enjoyment of essential
public services and benefits; law enforcement; migration, asylum and border control man-
agement; and the administration of justice and democratic processes, are also classified as
high-risk, as stated in Annex Il paragraphs 5, 6, 7, and 8 respectively. Examples of these
types of high-risk Al systems include those used to evaluate the eligibility of a natural
person for healthcare; to profile a natural person in the course of the detection, investi-
gation or prosecution of criminal offences, to examine applications for asylum, visa or resi-
dence permits, or to research and interpret facts and the law and apply the law to a
concrete set of facts. The Artificial Intelligence Act has, therefore, delimited the permitted
use of Al systems by public authorities and has granted a limited right to explanation to
decisions made by a public authority based on the output of a high-risk Al system when
they consider having an adverse impact on their health, safety or fundamental rights.?®
Likewise, all information and transparency obligations required for the use of Al
systems -covered above- are required regardless of the public or private nature of the
deployer.

The previous analysis suggests, among other things, that differences in the inter-
pretability and explainability requirements w.r.t the Artificial Intelligence Act are
based on the risk classification of the Al system rather than on the private or public
nature of the actors involved with it. Although the use of concrete Al systems for
public authors is considered high-risk or directly prohibited, the actual requirements
on explainability and interpretability do not change if the actor is private or public.
However, EU public actors are bound by general principles of law and fundamental
rights that set specific explainability and interpretability requirements not applicable
to private actors. Hence, we can argue that public actors are expected to comply
with an extra layer of explainability and interpretability compared to private actors
(Demkovia 2023).

It is true, however, that -although in need of further research-, another differentiation
emerges according to the possible target of an explanation and justification. If the target
is a consumer in a business-to-consumer transaction, the legal desiderata for consumer
protection and its corresponding general legal principles would step in as requirements,
eventually requiring further tailoring of the explanation. Similar distinctions might
emerge among public administrations since it is possible to assume that the actions of
public administrations would impact fundamental rights in different ways requiring
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different levels of explainability29 (Demkova 2023). For instance, the impact of an ADM
system is different if a public administration is deciding about the allocation of a right
or permission to build or if the administration is adjudicating a right or deciding on a
crime.

Legal desiderata

In this section, we present the list of five legal desiderata resulting from our assessment of
the European legal framework on explainability and justificability. The desiderata were
obtained as follows: we started by observing common desirable desiderata of legal
explainability in the work of Bibal et al. (2021); Hacker and Passoth (2022); Lognoul
(2020). To the best of our knowledge, these works are the firsts to survey and synthesise
requirements on XAl systems in the European legal framework, covering both public and
private law instead of limiting their research to a specific area of law, such as health
(Amann et al. 2020), public administration (Olsen et al. 2019), or law enforcement (Raaij-
makers 2019). Thereupon, we reconsidered Malgieri (2021, 16), who stands up for just
ADM systems, which are only possible ‘through a practical justification statement and
process through which the data controller proves’, why the Al systems are not unfair,
not discriminatory, not obscure, not unlawful, etc. With this distinction between explain-
ability and justificability requirements in mind, we re-examined the European laws
addressing ADM systems (see dimensions above) and put forward the legal desiderata.
Sector-specific desiderata (e.g. for public administrations and for consumers) are not
addressed in this article beyond the laws discussed above, thus the list of desiderata
shall be understood as a first approximation, which might need to be re-considered on
a case-by-case basis.

e Substantive Desiderata: invoke the rights, duties, obligations, and causes of action
derived from legal explainability and justificability requirements.

o Normativity: every decision is embedded in a context regulated by various fields of
law. This norm specification needs to be pondered in the explanation and justifica-
tion of the decision. This means tailoring the scope of the information that will be
provided to the requirements of the law, i.e. to offer general information about
the main features, general information about the system functionality and main fea-
tures, specific information on all the features used in the decision and of their com-
binations, or specific information on all components of the decision-making system.
While these information requirements can seem quite straightforward at first sight,
interpreting these formulations in a manner that agrees with technical concepts
and approaches towards explainability can be a great challenge. Indeed, one
needs to acknowledge the XAl approaches and the distinction between interpret-
ation and explanation set forth in the technical definitions and dimensions sections
presented above. Additionally, ADMs do not operate in siloed environments but in
situations affected by multiple laws (e.g. data protection, consumer law, finance pro-
ducts, etc.). Thus, the legal interpretations, which are related to the different legal
rules, need to be considered before defining the specific legal desiderata in any
given case more granularly. This implies that legal desiderata need to functionally
reflect the actual legal requirements. The information offered in such scenarios has
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to comply with multiple requirements whose coordinated interpretation is a prelimi-
nary requirement requesting appropriate legal skills.>

Purposefulness: explainability and justificability requirements are determined by several
factors concerning the decision-making process, such as the degree of automation, who
is the decision-maker (a public authority or a private firm) (Bibal et al. 2021), who is the
individual affected by such a decision, in which context the decision is taken, and which
are the potential effects and risks for the individuals and the society (Hacker and Passoth
2022; Lognoul 2020). The combination of these factors in an algorithmic decision-
making process brings forth different explainability and justificability requirements
which respond to various legal objectives and interests, among which Sovrano et al.
(2022), Hacker and Passoth (2022), and Bibal et al. (2021) have identified the protection
of individuals towards potential risks and harms, the provision of enabling actions and
rights, the compliance with the relevant obligations, the building and increase of trust
in machine learning algorithms, the enhancements of market’s and sectors’ functioning,
and the improvement of regulatory oversight. These purposes need to be satisfied by
explanations and justifications.”’

e Procedural / Formal Desiderata: specify the rules and the methods used to ensure
explainability and justificability rights and obligations.

o

o

o

Truthfulness: The information provided needs to be accurate, truthful, and com-
plete.3? Explainability and justificability requirements are rightfully constrained by
intellectual property rights and legitimate business interests. Likewise, explanations
and justifications should be appropriate to the particular ADM system and specific to
the norm. These conditions, however, do not excuse the manipulation of the infor-
mation to achieve scheming or cunning purposes.

Intelligibility: the language and formulation used and the presentation chosen for the
explanation and justification (text, graphs, images, figures) need to ensure its under-
standability and plain clarity. This desideratum also relates to the tension between
accuracy and interpretability, meaning that a complex, information-rich explanation
is often hard to understand for the end user and, therefore fails to fulfil its main
purpose.®® Therefore, an explanation must navigate a trade-off between being
easily understandable and sufficiently detailed (Malgieri and Comandé 2017).
Accessibility: information with explainability or justificability aims must be easily, pro-
minently, and adequately available. In general, obtaining such information should
not be hindered or obstructed, although it can be directly and publicly accessible
or only accessible to interested parties by default or upon request.*

Contrary to our judgment of technical desiderata, we consider legal desiderata intrin-
sically qualitative desiderata that do not permit a quantitative analysis or evaluation and
yet certainly require context to determine their degree of accomplishment. Accordingly,
the proposed desiderata should be considered as principles that need to be assessed in
each specific scenario (Figure 2).

Analysis: How should an explanation be?

We started this work by addressing the technical debate over explainability and interpret-
ability, clarifying that the former is an action between the end-user and the explanation,
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Legal Desiderata
Accessibility

Purposefulness Truthfullness

Normativity™ Intelligibility

=@-|dealistic Balance Attainable Balance A == Attainable Balance B

Figure 2. Example of different mappings of legal desiderata. Nodes are labelled with the five ident-
ified desiderata. Ideally, all desiderata are fully accomplished (black curve). In reality, explanations are
not ideal. For demonstration, we depict two of such explanations (grey and light grey lines). Here, the
degree to which a desideratum is satisfied by the explanation is randomly assigned.

with the aim to provide information about the workings of an ML model, whereas the
latter is a property of an ML model. With that in mind, we proposed five technical desi-
derata that need to lead the construction and provision of explanations about ML
models. In the subsequent section, we discussed the legal approach toward the explain-
ability of ADM systems, assessing the distinction between explanation and justification
requirements. Explanations are descriptive, intending to make the decision-making
process and the reached decision understandable for the interested party. Justifications,
on the contrary, are normative, aiming at exposing the lawfulness, fairness, and legality of
the decision. Henceforth, we put forward a set of two types of legal desiderata (i.e. sub-
stantive and procedural) that we contemplate as paramount when considering legal com-
pliance towards such requirements.

In this section, we create a mapping between the technical and legal side of explain-
ability, answering the following questions: Which of the presented desiderata from the
technical side aligns with which legal desiderata, and vice versa? How strong is the
overlap between these two points of view? How are they connected, and where lie (poss-
ible) tensions? We acknowledge, however, that this mapping contains some limitations,
starting from how comprehensive the different desiderata are. Legal desiderata encom-
pass both the decision and the decision-making process, while technical desiderata -in
many cases- concern only the model used to make a decision within a larger decision-
making process. In other words, the legal desiderata that we have identified cover a
broader range of circumstances affecting the ADM system than the proposed technical
desiderata. Consequently, the overlay between legal and technical desiderata is not iden-
tical, nor does it aim to be, as the object addressed by each desideratum is intrinsically
different (Figure 3).
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Layer 3
Legal Desiderata
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Procedural + Technical
Desiderata

Layer 1
Substantive Desiderata

Figure 3. Visualisation of the different layers of desiderata of explanation.

First layer: substantive (legal) desiderata to determine what explainability
method should be chosen

The method used to complete a task needs to be decided based on the goal to achieve.
Here, we assume that developing and providing explanations about an ADM system
responds to some legal requirement on explainability and justificability that shall be
fulfilled. Therefore, legal substantive desiderata need to be considered as the first layer
of this mapping. Whereas normativity offers the more basic criterion to determine the
details that would encompass the explanations, purposefulness delimits the goals to
be pursued with such explanations. Consequently, choosing the appropriate explanation
method is closely connected to the application context and how the (legal) substantial
desiderata materialise. In that sense, substantial desiderata can be seen as the basis for
the process of developing an explanation scenario and determining ‘what’ the content
of the final explanation is.

Specifying the information that needs to be provided is also central to choosing the
explainability method that best connects all the technical desiderata. Some methods
are well-studied and characterised in terms of their (technical) desiderata and limitations
(e.g. stability for LIME (Alvarez-Melis and Jaakkola 2018)). Methods are also restricted by
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their input data type (not all developed methods work on any type of data), by what they
produce as an output (e.g. plots, plain numbers, decision rules), whether they operate
locally or globally, are applicable to any model or only some, and at which stages they
are applied to the decision pipeline (Guidotti et al. 2018; Molnar 2019; Speith 2022).
The output of a method is thereby crucial: e.g. whether it provides the weights of the
main features that determine the decision, decision rules of the whole system, or contras-
tive data examples is important to map to the correct level of normativity.

Resultantly, normativity dictates which methods shall be used and which shall not, as it
specifies the desirable information and explanation established in the body of the law.

Second layer: technical and procedural (legal) desiderata to determine how
explanations and information should be

We can draw a close connection between (all) technical desiderata and procedural (legal)
desiderata since they both aim to answer the question of ‘how’ an explanation should be,
focusing on its concrete content and the conditions and standards it shall meet. However,
a one-to-one mapping would fail to live up to the complexity of the described desiderata.
Legal explainability requires truthfulness, which in turn demands technical accuracy,
fidelity, robustness, and homogeneity of the explanations, as they are indispensable to
ensure the correctness of an explanation. That said, legal explainability is also restricted
by the need for intelligibility, intimately connected to the technical property of complex-
ity. Both desiderata relate to the understandability of an explanation and the trade-off
that an explanation must navigate between being succinct and interpretable but
sufficiently complex and accurate to reveal all important details. Further, the notion of
understandability is similar to the notion of legibility developed around the information
duties of the GDPR concerning automated decision-making (Articles 13, 14, 22) (Malgieri
and Comandé 2017) and the notion of Al literacy introduced in the Artificial Intelligence
Act (Article 11).

Third layer: legal desiderata to confirm the choice and restart if needed

Once an explanation of an ADM system has been developed and the overlap between
legal and technical desiderata has been evaluated, the logical step is to reconsider the
decisions made in the light of substantive legal desiderata (see also Figure 3). The tech-
nical explanations obtained in the second stage should offer some insights regarding
the internal logic of the ADM system, thus, responding partly to the legal explainability
requirements. Likewise, some of the information provided through technical means can
also unravel some of the intentions or motives behind the decision as well as offer the
appropriate reasons to justify the fairness, lawfulness, and correctness of the process
and the final decision.

Upon this, one should consider that even in the implausible scenario of finding the
perfect balance between the proposed technical desiderata, legal explainability, and jus-
tificability desiderata would remain in a dynamic equilibrium. Therefore, legal substantive
desiderata must be reconsidered under the light of the developed ADM'’s explanations
and rebalanced to assess which other information - for example, information about the
fairness of the decision-making process - would be required to offer the appropriate
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explanations and justifications. This is highly coherent with the legal way of reasoning in
which added information may change the legal results.

How can an explanation be?

This paper evolved around the question How should an explanation be? both from a
technical and legal point of view. While certainly based on state-of-the-art (technical)
explanation methods and current legal European frameworks, we developed our two
sets of desiderata based on an ambitious idea of well-developed and idealistic expla-
nations. This is also needed -otherwise, a mapping of something desired as essential
does not make sense (Merriam n.d.). However, a critical check of the current reality is
also necessary, and we do so by asking How can an explanation be? However, it is fair
to ask the question only under a certain condition: given the current state of development.
Here, we must acknowledge that the field of XAl (excluding some work in the 80s on
expert systems (Confalonieri et al. 2021)) is a relatively new field, in active development
and testing different pathways of which only some can be successful in the long term.
Some exemplary problems are an unclear mathematical definition of a neighbourhood
for local explanation methods and issues of robustness (see e.g. for LIME (Alvarez-
Melis and Jaakkola 2018; Molnar 2019)), and an (often) missing evaluation of expla-
nations on use cases and via user studies (Doshi-Velez and Kim 2017; Miller, Howe,
and Sonenberg 2017; Murdoch et al. 2019). A non-technical issue of explanations is
fair-washing, i.e. providing explanations that are fairer than the original ML model, as
demonstrated for rule lists (Aivodji et al. 2019). Such fair-washing makes it possible,
for example, to use explanations towards the profit-oriented interests of a company
and not towards the rights and interests of the individual affected by the decisions of
that company.

It is also worth mentioning that the legal explainability scheme and desiderata pre-
sented in this paper encompass transparency, accountability, and information provisions
to those developing, providing, or using ADM systems, as well as the legal framework of
individual rights to people impacted by these systems. Although applicable to both per-
spectives, the balance of each property is highly dependent on the applicable legal frame-
work and the intended end-user of the explanation. Indeed, we have already emphasised
the importance of the context and circumstances where the ADM takes place for the pro-
vision of appropriate and adequate explanations and justifications, albeit here we want to
stress the relevance of who is the provider and the recipient of the information.

Accessibility relates to how findable an explanation is. This property is not inherent to
the explanation (as most of the other desiderata), but a consideration on a higher level
that might necessitate other technical means (e.g. provide a web interface to the expla-
nation, write an easy-to-understand introduction on the web page). Further, it closely ties
to considerations about intellectual property rights, customer rights and the intention a
provider of an explanation is pursuing.

In essence, the ideal balances presented in the figures above (see Figures 1 and 2) are
not more than unfeasible property mappings that would not respond to any real case.
When considering the balance between technical and legal desiderata, real scenarios
will end up offering a final image where some desiderata prevail over others, as seen
in the attainable examples shown in the figures.
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Despite these limitations, the need to bridge legal and technical desiderata for explain-
ability and justificability purposes is urgent to address and becomes even more urgent to
approach given the emergence of foundational models trained on even larger amounts of
data. Control techniques that emerged so far (including the desiderata put forward in this
paper) may need an extension, for example, to also include information on which data a
model was trained. Such an extension of our work is left for the future.

The enactment of the Artificial Intelligence Act has furthered the need to ensure that
legal and technical definitions of explainability align and complement each other. Pre-
viously established legal requirements for the explainability of ADM systems -i.e. the
GDPR or the Modernisation Directive- were highly focused on individuals’ rights to infor-
mation and an explanation. The - at the publication time of this article - the newly
adopted Artificial Intelligence Act established a general obligation for Al literacy and
understandability, which undoubtedly requires the interpretability and explainability of
the system - from a technical point of view - as well as its explainability and justificability
- from a legal perspective. The ponderance and balance of the desiderata presented in this
paper, then, turn out to be a legal obligation rather than a desirable action.

In this article, we focus on desiderata for explanations, with the specific starting point
of post-hoc explanations from the technical perspective. While the Artificial Intelligence
Act is putting forward a limited ‘duty to explain for high-risk Al systems’, it does not
provide many details about how such an explanation should look or which (technical)
XAl method should be used. This is in line with Walke et al. (2023).

Still, the Artificial Intelligence Act promotes largely the concept of Al literacy that
applies to all Al systems and not only to high-risk systems. Al literacy must be ensured
by both providers and deployers for ‘staff and other persons dealing with the operation
and use of Al systems on their behalf’ and ‘considering the persons or groups of persons
on whom the Al systems are to be used’. The Al literacy concept assumes building the
competencies needed to understand the explanations and is, therefore, indirectly influen-
cing explainability.

We can identify two consequences from the approach towards Al explainability and
interpretability adopted by the Artificial Intelligence Act. On the one hand, some require-
ments in the Artificial Intelligence Act that are specified for the Al system (and not expli-
citly for the explanation) may be also applicable to the explanation (or the integrated
system of explanation and Al). On the other hand, the technical desiderata specified
above may be interpreted more broadly. Further, these desiderata would need to be
extended to the new interpretation of explanations and Al systems that are integrated
with the explanation, and some desiderata put forward may be no longer applicable
(e.g. the ‘fidelity’ of an explanation is only applicable to post-hoc explanations). This
broader interpretation of an explanation, its desiderata as well as such an associated
reading of the Artificial Intelligence Act, however, remains an instance of future work.

Our analysis How should an explanation be? suggest that the explainability and justific-
ability of ADM systems need to be systemic and iterative. The interplay between the legal
and technical desiderata leads to the conclusion that their interactions can change the
desiderata themselves. For instance, a technical explanation may reveal the need, possi-
bility, or impossibility of relying on a specific legal basis for the given action (e.g. data pro-
cessing) or trigger different rights and safeguards (e.g. right to information or to an
explanation). Similarly, legal desiderata which impose a certain degree of explainability
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or justificability with certain levels of intelligibility (Malgieri and Comandé 2017) may
compel the selection of a different or more specific explanation method (e.g. global or
local explanation) or might even stimulate the development of a new method. In
essence, there are potential interactions between the ADM systems and the law that
require explainability and justificability to be systematic; understood as a dynamic,
circular, and iterative process. This idea gives way to the potential development of a
management system allowing the interplay between technical and legal desiderata for
the explainability and justificability of ADM systems. This is, however, an avenue that
will need to be addressed in future research and that might be useful in the actual
implementation of the risk management approach required by the Artificial Intelligence
Act.

Our analysis proposes research opportunities for the XAl community, including the
development of better transparent-by-design models and explanations that follow our
above-defined technical and legal mapping of desiderata. In the end, more interpretable
ADM systems and novel explainability methods can redress the balance of the desiderata
and enhance compliance with explainability and justificability requirements. Such a
development will also help to overcome the argument that the importance and useful-
ness of legal provisions on explainability and justificability is negligible, given their lack
of technical feasibility.

Conclusion

In this work, we put forward a set of five technical and a set of five legal desiderata of
explanations, answering the question How should an explanation be? From a technical
side, we found the following desiderata: complexity, fidelity, accuracy, stability, and hom-
ogeneity. We studied the European framework of explainability and justificability and
extracted two substantive and three procedural desiderata (i.e. five legal desiderata),
namely normativity and purposefulness, as well as truthfulness, intelligibility, and acces-
sibility. We developed a mapping between these two points of view and found that these
desiderata complement each other in a multi-layered fashion. Ultimately, explainability
and justificability requirements must be systematic; understood as a dynamic, circular
and iterative process.

A great challenge in the XAl community is to work towards interdisciplinary goals.
Here, a critical point is to correctly communicate with each other, with a special focus
on common terminology and similar ad-hoc objectives, since different disciplines tend
to associate different meanings with the same term, consequently diverging in their
intentions and purposes. An example of this unfortunate disagreement has been pre-
sented in this paper in relation to the term explanation. While in the technical domain,
an explanation about ADM systems is relatively straightforward and can fulfil different
purposes (understanding, trust, debugging, legal obligations), from a legal perspective,
it is not only of high importance to make a distinction between explanation and justifica-
tion (and between normative and motivating reasons) but also acknowledging that
borders between one and the other might not be as clear-cut as wished for. In
essence, part of the challenges existing within the XAl community is this miscommunica-
tion between disciplines where the use of the same terminology might not entail the
understanding of the same definitions or the achievement of the same goals. The
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mapping of, and necessary balance between, technical and legal desiderata in real-life
scenarios can thus be convoluted if this discordance is not overturned.

Notes

1.

10.

11.

12.

13.

14.

We use ‘desiderata’ to describe how (here) the explanation should ideally be, and which
aspects and features it should fulfil.

See the work of Bibal et al. (2021); Hacker and Passoth (2022); Lognoul (2020).

We use ‘functional/legal requirement’ to refer to any obligation imposed by law in regard
with explainability. If no functional legal basis can be identified, we rely on the term
desiderata.

We pinpoint to footnotes 11, 12, 14, and 16 for a proper list of articles in the Artificial Intelli-
gence Act that now demand technical desiderata as legal requirements.

In the technical literature, ‘ADM system’ can refer both to a fully or partly automated decision-
making system. Sometimes, ‘ADM system’ is used but the details are not defined. Preference
may be also given to the specific name of the system/model (e.g., naming the type of ML
model) over the general term ‘ADM system’. Our definition is similar to Pedreschi et al.
(2019); ‘black box Al systems for automated decision making, often based on machine learn-
ing over (big) data’). From a legal perspective, we refer to The Information Commissioner
Officer (ICO) that defines automated decision-making as ‘the process of making a decision
by automated means without any human involvement. These decisions can be based on
factual data, as well as on digitally created profiles or inferred data’ (n.d.). By default, an
assisted decision-making is the type of information system that provides support to individ-
uals or organizations in making a decision. The Guideline on Automated Decision-Making and
Profiling of Article 29 Working Party furthers the scope of the concept of an automated
decision-making and clarifies its correct interpretation in regard to Article 22 of the
GDPR (Article 29 Working Party 2020). For a more detail and practical discussion on the differ-
ences between assisted and automated decision-making see Binns and Veale (2021).
Examples are LIME (Ribeiro, Singh, and Guestrin 2016) (based on a linear model) and LORE
(Guidotti et al. 2019) (based on a decision tree).

Post-hoc explanations can be defined as follows: ‘explaining a (plausibly opaque) model after
it was trained’ (Speith 2022, 2).

The property that is unique to post-hoc explainability is ‘fidelity’. As we state also below,
these desiderata are meant as a starting point, thus deviations/extensions are possible.
The focus on post-hoc explainability is based, among others, on its popularity (e.g.
Wachter, Mittelstadt, and Russell 2018).

. Questions ‘What does the end-user expect from the explanation?’ and ‘Are those expec-

tations met?’ were formulated by the authors to fulfil the goal of this paper.

We also point the interested reader towards a couple of related survey papers: (Adadi and
Berrada 2018; Barredo Arrieta et al. 2020; Belle and Papantonis 2021; Chen et al., n.d.; Confa-
lonieri et al. 2021; Guidotti et al. 2018; Langer et al. 2021; Molnar 2019; Murdoch et al. 2019;
Sokol and Flach 2020; Vilone and Longo 2021a).

Few specific connections between these desiderata and the Artificial Intelligence Act can
be identified. We point to Article 11, 13, 14, 53 and 86, as well as Annex IV, providing some
general connections to technical explainability. Below, we indicate via footnotes the
match we found between a technical desideratum and a statement in the Artificial Intelli-
gence Act.

This desideratum can be broadly matched with Recital 72, Article 13 paragraph 2 and Article
11 paragraph 1 from the Artificial Intelligence Act.

For example, Setzu et al. (2021) used this measure to evaluate a novel explanation method,
Vilone and Longo (2021b) discussed the measure more broadly for rule-based explanations.
Accuracy can be broadly matched with Article 13 paragraph 2 from the Artificial Intelligence
Act.
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15.

16.

17.

18.

19.

20.
21.

22.

23.

There are different ways to formalize similarity, the adopted definition will depend on various
factors such as the type of data.

Homogeneity can be broadly matched with Article 13 paragraph 3 (v) from the Artificial intel-
ligence Act, which requires high-risks Al systems to be accompanied by instructions contain-
ing information about ‘when appropriate, its performance regarding specific persons or
groups of persons on which the system is intended to be used'.

We argue that technical interpretability and explainability do not have direct counterparts in
the European legal framework and legal academic literature. To our view, interpretability is an
intrinsic technical term that is sometimes used interchangeably with that of ‘understandabil-
ity’ and even ‘transparency’ in legal and social science contexts. Moreover, when the ‘under-
standability’ and ‘transparency’ of a system is expected or demanded, the law does not seem
to be concerned with whether it is achieved through technical interpretability or explainabil-
ity. In this paper we focus on the desiderata of explanations for ML systems, rather than in
desiderata for ML systems in general. For this reason, we consider that the appropriate com-
parison should be made between technical interpretability and explainability and legal of
explainability, englobing the latter the notions of explainability and justificability. We dwell
on the differentiation of these last two concepts in the definitions section.

Later on defined in the definition section, we envision legal justificability as the set of infor-
mation requirements directed to demonstrate the normativity, lawfulness, and legitimacy
of ADM systems as whole.

For example, Annex IV paragraph 2 (c) of the Artificial Intelligence Act requires for the tech-
nical documentation for high-risk Al systems to provide ‘the description of the system archi-
tecture explaining how software components build on or feed into each other and integrate
into the overall processing; the computational resources used to develop, train, test and vali-
date the Al system’. Likewise, Annex XI paragraph 2 (3) requires for general purpose Al pro-
viders to deliver technical documentation to ‘where applicable, a detailed description of the
system architecture explaining how software components build or feed into each other and
integrate into the overall processing’.

Limited to the cases under Article 6 paragraph 3 of the Artificial Intelligence Act.

Our definition of justificability foster from the notion of just algorithms introduced by Malgieri
(2021) on the basis of which society want a sustainable environment of desirable Al systems,
we should aim not only at transparent explainable, fair, lawful, and accountable algorithms,
but we also should seek for ‘just’ algorithms, that is, automated decision-making systems that
include all the above-mentioned qualities (transparency, explainability, fairness, lawfulness,
and accountability). We understand that legal justificability requirements for ADM systems
seek to create a framework to assess the legality and validity of the decision, inevitable
demanding just algorithms and ADM systems.

The scope of this article is limited to ML systems in the form of ADM systems and the explain-
ability requirements existing around decisions resulted from their use. However, we cannot
delimit the analysis of the law - legal dimensions section- only to ML systems as such,
rather we need to acknowledge that machine learning is just one type of artificial intelligence
and that the technology behind an ADM system does not necessarily need to be machine
learning. For this reason, in the legal dimension section we refer to the particular terminology
used by the pertinent law whether it is, for instance, ‘ADM’, ‘Al system’, ‘ranking product’, or
‘profiling and automated decision making’. We understand that under any of these notions,
ADM systems based on machine learning are inevitably included, whereas the opposite
cannot be said. To avoid any inaccuracy and misunderstanding we will use the particular
wording used in each law as we consider they can all apply to an ADM system as referred
in this article.

An extensive academic debate took place around the existence, enforceability, and effective-
ness of the right to an explanation for individual automated decisions and its differences and
similarities to the right to information about automated decision-making processes, see for
reference Edwards and Veale (2017), Malgieri and Comandé (2017), Mendoza and Bygrave
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(2017), Pedreschi et al. (2019); Selbst and Powles (2017), Wachter, Mittelstadt, and Floridi
(2017), and Kaminski and Urban (2021).

The Guideline on Automated Decision-Making and Profiling of Article 29 Working
Party (Article 29 Working Party 2020) engaged in the distinction between profiling and auto-
mated decision-making. Although concerned with the notion of profiling and automated
decision-making as referred to in Article 22 of the GDPR, the discussion and analysis could
be transposed to our argument. See also, Case C-634/21, SCHUFA Holding (Scoring) [2023]
ECLI EU:C:2023:957, Request for a Preliminary Ruling.

Pursuant to recital 20 of the Artificial Intelligence Act, Al literacy ‘should equip providers,
deployers and affected persons with the necessary notions to make informed decisions
regarding Al systems. Those notions may vary with regard to the relevant context and can
include understanding the correct application of technical elements during the Al system’s
development phase, the measures to be applied during its use, the suitable ways in which
to interpret the Al system'’s output, and, in the case of affected persons, the knowledge
necessary to understand how decisions taken with the assistance of Al will have an impact
on them [...]".

For instance, Article 13 paragraph 3 established a transparency and information provision to
deployers, which includes, among other things, the high-risk Al system’s technical capabilities
and characteristics that are relevant to explain its outputs -as per paragraph 3 (b)(iv).

As referred to, for instances, in Annexes XI and XlI of the Artificial Intelligence Act.

The right to explanation as per Article 86 of the Artificial Intelligence Act prescribes the right
to obtain from the deployer clear and meaningful explanations of the role of the Al system in
the decision-making procedure and the main elements of the decision taken.

Providers of an Al system that in accordance to Article 6 of the Artificial Intelligence Act is
considered high-risk can argue otherwise if they believe their systems does not pose a signifi-
cant risk to people’s health, safety and rights. An assessment and documentation is required
before the sell and use of the system.

For instance, just focussing on the normativity requirements of the Artificial Intelligence Act
we could mentioned Article 12 paragraph (c) requiring logging capabilities of high-risk
systems to provide, at minimum ‘the input data for which the search has led to a match’,
Article 13 paragraph 2 which demands high-risk to be accompanied by instructions for use
[...]that include concise, complete, correct and clear information that is relevant, accessible
and comprehensible to deployers, or Article 13 paragraph 3 (b) which requires such instruc-
tions of high-risk Al systems to contain, among other things, ‘its intended purpose’ or ‘when
appropriate, information to enable deployers to interpret the output of the high-risk Al
system and use it appropriately’. Likewise, Annex IV paragraph 2 (b) of the Artificial Intelli-
gence Act stipulates as part of the technical documentation referred to in Article 11 para-
graph 1, ‘the design specifications of the system, namely the general logic of the Al
system and of the algorithms; the key design choices including the rationale and assumptions
made, including with regard to persons or groups of persons in respect of who, the system is
intended to be used; the main classification choices; what the system is designed to optimise
for, and the relevance of the different parameters; the description of the expected output and
output quality of the system; the decisions about any possible trade-off made regarding the
technical solutions adopted to comply with the requirements set out in Chapter lll, Section 2'.
Annex VIII of the Artificial Intelligence Act specifies the information to be submitted upon
registration of the high-risk Al systems, including among other ‘a description of the intended
purpose of the Al system and of the components and functions supported through this Al
system’ or ‘a basic and concise description of the information used by the system (data,
inputs) and its operating logic'. Likewise, Annex Xl paragraph 2(b) requires information of
general-purpose Al models, including ‘the design specifications of the model and training
process, including training methodologies and techniques, the key design choices including
the rationale and assumptions made; what the model is designed to optimise for and the rel-
evance of the different parameters, as applicable’.
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31. For instance, the limited right to an explanation as referred to in Article 86 of the Artificial
Intelligence Act ‘should be clear and meaningful and should provide a basis on which the
affected persons are able to exercise their right’ -as per Recital 171-. Recital 71 of the Artificial
Intelligence Act specified how ‘having comprehensible information on how high-risk Al
systems have been developed and how they perform through their lifetime is essential to
enable traceability of those systems, verify compliance with the requirements under this
Regulation, as well as monitoring of their operations and post market monitoring’. Articles
13 paragraph (b)(viii), Article 14 paragraph (4) and Article 53 paragraph 1 (b) (i) further
specify the purpose of the explainability and justificability requirements established
around Al systems in accordance with the Artificial Intelligence Act.

32. Article 11 and 53 of the Artificial Intelligence Act, for example, require technical documen-
tation to demonstrate the compliance of an Al system with the requirements set in the Regu-
lation, hence indirectly demanding the truthfulness and intelligibility of the explanations that
could be used to prove the conformity with the law. Moreover, Article 13 of the Regulation
requires high-risk systems to be accompanied by instructions including ‘concise, complete,
correct and clear information that is relevant, accessible and comprehensible to deployers'.
Such information could not be provided without truthful information and explanations
about the high-risk Al systems, nor could be the technical documentations mentioned in
Annex IV paragraph 2 (b).

33. A requirement for intelligibility inevitable rise from the Al literacy required in Article 4 of the
Artificial Intelligence. The same could be said, for instance, in regard to Article 4, 13, and 14 of
the Artificial Intelligence Act, which sought to ensure the interpretability and understandabil-
ity of the Al system for third parties involved in its used. Likewise, intelligibility is expected
from Article 86 in regard to how explanations of the role of the Al system in the decision-
making procedure shall be ‘clear and meaningful'.

34. For instance, Article 22 of the GDPR and Article 86 of the Artificial Intelligence Act impose to
set up a procedure to address the exercise of the right to an explanation in accordance with
the specific circumstances establish is each Regulation.
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