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1 Introduction
Explainability and contestability are central principles in the development and deployment of trustworthy public
AI systems [118]. Explainability serves the purpose of increasing stakeholders’ understanding of an AI system
and to enable informed decision-making [64], while contestability allows stakeholders to challenge and appeal
algorithmic decisions [73]. A range of methods (‘mechanisms’ [4]) has been suggested in explainable AI (XAI)
and HCI through which these principles are realized, such as explaining feature importance [94], providing
counterfactuals [110], or requesting human intervention [6]. But two main aspects remain underexplored: i) how
explanation and contestation mechanisms intersect, and ii) how to proceed when implementing these mechanisms
according to regulatory provisions.

While these principles are defined and discussed in both explainable AI (XAI) [52, 70, 116] and legal [6, 57, 77]
research, an approach connecting these perspectives has not yet been adopted. The need for an empirical, unified
approach is evident when considering the treatment of both principles in current AI regulation, such as the
General Data Protection Regulation (GDPR) and Digital Services Act (DSA). While these texts can be understood
to provide for explanations in AI systems to ensure contestability1, there is an absence of guidelines to translate
their legal provisions into tangible system requirements into practice [77]. With this work, we address this
gap by contributing an empirically-grounded, qualitative analysis of how the principles of explainability and
contestability can be connected and put to practice in public sector AI systems.

We formulate two challenges that impede the implementation of explainability and contestability in practice.
First, both explainability and contestability are polysemic – they take multiple meanings depending on context –
and require differentiation, as XAI, design, and legal research all employ the same terms but do not necessarily
refer to the same concepts. Furthermore, the concrete realization of both principles depends on the involved
actors [53], domain [111], and use-case setting [15]. This multiplicity of meaning and realization excludes a
one-size-fits-all approach [43, 87] and instead requires guidelines that can be applied in a variety of contexts [77].
And second, both the theoretical background and regulatory oversight of AI in high-stakes scenarios is still
in development. Consequently, there are few best practices and guidance that can aid in the implementation
of contestability [5, 57, 73] and interdisciplinary approaches to the creation of legislation have only begun
to be mapped out [83]. Closing this gap between regulation and implementation requires policy-making that
is evidence-informed [75], i.e., that is supported by research that bridges disciplines and provides empirical
grounding. To this end, our work is guided by the following research questions:
(1) Conception: What is the linkage between explainability and contestability in AI systems, and how does this

manifest across conceptual, technical, and regulatory dimensions?
(2) Implementation: How can policy-makers support the implementation of explainability and contestability in

AI systems?
Our findings highlight distinctions between descriptive and normative explainability, judicial and non-judicial

contestation channels, and individual and collective contestation action. According to participants, its capacity for
citizen empowerment is a key feature of connecting explainability and contestability; participants furthermore
stressed this intersection as instrumental to both explainability and contestability’s effectiveness and highlighted
that both principles are not effective if the underlying policy governing a system’s deployment follows values
that are incommensurable with those of trustworthy AI.
The contributions of this work are three-fold: We first elicit empirical insights from experts in AI policy

to contribute a detailed conceptual differentiation of explainability and contestability for public AI systems
with respect to their goals, mechanisms, and challenges. We further provide a detailed analysis of the points of
friction in the principles’ implementation, emphasizing the spirit of the law, regulator responsibility, and a lack of
1The right to explanation is debated [21, 103, 110], but texts such as the GDPR, DSA, and EU AI Act provide for explainability in algorithmic
decisions [77].
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collaboration between communities. Lastly, we formulate three recommendations for AI policy, focusing on the
potential of public deliberation and internal AI governance measures. We envision this work to provoke more
evidence-informed [20, 75] discussion about the policy and implementation of explainable and contestable public
AI systems.

1.1 Structure of the paper
The remainder of the paper is structured as follows: In Section 2, we give context for why the two principles of
explainability and contestability matter for AI policy and introduce the concept of Regulation by Design [90].
In Section 4 and 5 we report on our study findings with respect to the intersection of both principles and
their implementation in practice. In Section 6, we formulate these insights into recommendations to realize
explainability and contestability through the lens of Regulation by Design. We give the study’s limitations in
Section 7 and conclude in Section 8.

2 Why connecting explainability and contestability matters for AI policy
Explainability and contestability are two means to an end goal [77]. This end goal is the development and
deployment of trustworthy AI systems that preserve decision subjects’ fundamental rights [41], support human
agency and oversight [30], and adhere to the principles of procedural justice such as transparency and outcome
control [65]. However, implementing the high-level principles can prove challenging in practice [39, 74], which
is why fostering a perspective that contains both policy and design considerations is essential. Because of the
interdependence of legal frameworks, design practices, and institutional governance, connecting explainability
and contestability in both policy and design is an essential step in realizing Regulation by Design. In the following,
we situate our work in relation to public sector AI (Section 2.1) and introduce working definitions of explainability
and contestability (Section 2.2). Finally, we introduce a definition of regulation and the dimensions in which it is
realized, situating our work within the Regulation by Design framework (Section 2.3).

2.1 Trustworthy AI systems in the public sector
AI systems deployed in public institutions can significantly impact individuals’ fundamental rights, safety,
or health [55]. Research shows that these systems are frequently dysfunctional [61, 93], discriminatory [22],
and harmful through aggravating power imbalance [35, 84] and restricting autonomy [91]. For these reasons,
both researchers [8, 12, 54, 97] and policy makers [36, 51, 86, 87] have advocated that high-risk AI systems
should align with value frameworks such as trustworthy or responsible AI [25, 42, 106], which emphasize human
agency, oversight, transparency, accountability, and fairness [41]. Explainability and contestability support these
frameworks by enabling people to understand [64] and challenge [49] AI decisions. Although both principles are
integrated into various design frameworks [5, 53, 64, 70], their implementation as part of the EU AI regulation
remains challenging [40, 77, 83]. We used public sector AI as an “entry point” as we needed contexts where a
body takes automated decisions affecting individuals’ rights. Public sector AI provides this and enables us to
ground the discussion in the interviews. However, the conclusions drawn from these case studies and analysis
may not be specific to public sector AI and could thus be extended to all kind of high risk AI systems.

2.2 Explainability and contestability in policy, regulation, and design
Our work in this paper seeks to understand explainability and contestability from a multifaceted viewpoint that
combines policy, design, and technology perspectives. Moreira et al. [80] use a systematic literature review to
explore the relations between the two principles, understanding contestability as one of multiple aspects that
factor into XAI and proposing an assessment scale to rate an ADM system’s contestability. In contrast, this
work focuses on an empirical exploration of the two principles grounded in the experiences and knowledge of
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regulation and design experts, aiming to understand “the multiple gatherings and entanglements through which
worlds of design, practice and policy are brought into messy but binding alignment” [56] – a form of policy work
that is not usually documented in academic publications [113] and thus inaccessible through literature reviews.

2.2.1 From trustworthiness, through accountability and transparency, to explainability and contestability. As one of
the most widely referenced frameworks across AI policy, law, and design communities, the EU HLEG2 Guidelines
offer a shared vocabulary for interdisciplinary work on explainability and contestability. The Guidelines define
“trustworthy AI” as (1) lawful, (2) ethical, and (3) robust (technically and socially) [51]. AI systems are treated as
sociotechnical systems [112], with trustworthiness ensured across the lifecycle [32]. Of the seven requirements,
we focus on transparency and accountability in the connection of explainability and contestability.

Transparency requires information about data and models [51], decomposed into traceability (records of
data/processes), communication (disclosing machine vs. human interaction), and explainability (accounts of tech-
nical and human processes behind decisions). When they have significant impact, decisions must be explainable
“to the extent possible” to directly and indirectly affected persons, covering both local (individual decisions) and
global (organizational processes, design choices, deployment rationale) explanations. Where outputs cannot be
explained due to technical limits (e.g., black-box models [97]), other measures (e.g., traceability, auditability) are
required. Accountability supports fairness by assigning responsibility across the lifecycle, operationalized via
auditability, minimizing and reporting negative impacts, and redress, i.e., accessible mechanisms [88] for remedy,
which we treat as individual, local contestability.

Trustworthiness depends in part on transparency, transparency requires explainability to decision subjects,
and explainability supplies information that enables contestation. We offer working definitions of explainability
and contestability on this basis, noting that they are contested: related terms (e.g., transparency, interpretability)
vary across disciplines [48, 101]. Our definitions reflect a broadly shared understanding in the HLEG framework
and adjacent policy and design literature and serve as starting points for our empirical inquiry, as the concepts’
polysemy is itself central to this work.

2.2.2 Explainability. Explainability means providing intelligible information about an AI system’s logic, core
parameters, and specific purposes [64, 78]. ‘Good’ explanations are expected to adapt to stakeholders’ expertise and
objectives [64, 78], be it evaluating fairness, understanding the deployment context, or contesting a decision [5, 31,
100]. We follow this stakeholder-oriented understanding of explainability, which foregrounds the communicative
function of explanations over mere information disclosure [78]. This definition differs from technical notions of
transparency that concern whether a model’s internal mechanisms are humanly graspable [67] – under which, for
instance, exposing all parameters of a model could count as transparency but would not constitute an explanation
in our sense – and from arguments for inherently interpretable models over post-hoc methods [97]. Although
explainability is provided for in many policy texts [7, 37, 38], these texts leave implementation details unspecified,
such as whether to use global or local explanations and whether to provide them before or after decisions [77].

2.2.3 Contestability. Contestability describes how various stakeholders, from human operators to decision
subjects and third parties, can challenge algorithmic decisions [4, 6, 71] through data input control, decision
revision requests, and various audit methodologies [65, 70, 104]. While the term ‘contestability’ is well-established
in design and HCI research [4, 52, 71], legal scholarship more commonly refers to related concepts such as
‘redress’ or ‘the right to contest’ [58]. In both design and policy frameworks, the principle of contestability
is described to be enabled through explainability by previous work [6, 77]. Contestation rights are contained
in the EU Charter of Fundamental Rights [14], in GDPR Article 22, and the Council of Europe’s Convention
108+3 [6, 26].
2High-level expert group on artificial intelligence
3The Council of Europe’s Convention for the Protection of Individuals with regard to Automatic Processing of Personal Data.
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2.2.4 Limitations of explainability and contestability. Current limitations to explainability and contestability
implementation in AI systems stem from both technical constraints, policy challenges, and legal ambiguity.

From a technical perspective, creating workable explainability is not only challenging but even impossible for
AI systems whose internal workings are fundamentally opaque to human observers, i.e., black-box models [62,
92, 97]. Post-hoc methods can extract local decision boundaries [94], feature contributions [69], and build
surrogate models [79], but they exhibit fidelity gaps across subgroups that can cause fairness issues [9] and can
yield conflicting attributions for the same prediction [13]. We thus follow Rudin [97] and [16] that post-hoc
interpretations only approximate the model, are often unreliable, and can be misleading. Additionally, without
benchmarks for explainable AI, user evaluations suffer from knowledge gaps across differing user needs [92].
Contestability also faces the challenge that much of today’s AI is “static,” offering no interactive interrogation of,
or updates to, decisions [66].

From a policy perspective, explainability demands a workable reconciliation between explainability’s technical
and commercial limitations and an array of public governance standards [62]. Commercial limitations include the
reluctance of tech firms to disclose trade secrets or other confidential information through explainability as well
as the increasing costs of adhering to AI regulation [62]. Contestability suffers from governance processes that are
closed to effective public contestation [62] and furthermore requires that policies openly specify the regulations
and determinations of adequacy for specific applications. These include proper attribution of accountability and
effective methods of compensation when decisions are challenged [3].
From a legal perspective, the GDPR right to explanation as a remedy for algorithmic opacity and unfairness

has been debated [33, 109], with legal scholars noting ambiguity in the right’s application and insufficiency in
the technical focus of explanations. Recent CJEU cases, including SCHUFA Holding [27, 28] and Dun & Bradstreet
Austria [29], clarified that GDPR Art. 22 applies whenever an algorithm plays a “decisive role” and requires
controllers to explain the procedures and data used. While these rulings address scope and content, they do not
resolve technical limitations or whether explainability effectively mitigates algorithmic unfairness.

2.3 Regulation by Design: from regulatory intent to institutional governance
This section defines the regulation process and introduces Regulation by Design (RBD), which we use to derive
policy recommendations from our empirical insights. Regulation is the “sustained and focused attempt to alter the
behavior of others according to defined standards or purposes” to produce a broadly defined outcome [10]. While
classical regulation relies on public norms and command-and-control [19], modern regulation trends toward
RBD [81, 114]: embedding regulatory objectives directly into technological architectures so that design choices
govern systems [90]. Here, regulation is a rule-making activity enacted through social practices, and design is a
situated social practice that alters environments. Unlike law or social norms, which act through incentives and
sanctions, design can disable non-compliance, making it a uniquely powerful form of regulation. Figure 1 depicts
the interdependence of legal frameworks, design practices, and institutional governance.
To illustrate, the rule "a valid ticket is needed to board a train" can be enforced by law (fines), norms (peer

disapproval), or design (a turnstile blocking entry without a ticket) [89]. Design can prevent non-compliance. But
design must itself be governed: law may require turnstiles to allow emergency evacuations, overriding the rule
for safety. Governance thus meta-regulates how design regulates [89]. Design practices also shape norms and law:
standardization can turn widespread designs into norms, and sometimes binding legal rules, e.g., "harmonized
standards" under the AI Act [46]. Regulation must accommodate evolving technologies, values, and ethics while
avoiding obsolescence, often via co-regulation in which authorities, developers, and users translate abstract legal
norms into practice. This creates a feedback loop where regulatory intent and operational realities co-evolve [89].
For explainability and contestability, realizing RBD requires establishing congruent cross-disciplinary termi-

nology and deepening mutual understanding of the practical problems faced by policy-makers and designers, a
central concern of this paper.
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Governance(Rule of)
Law

(Rule of)
Design

steers

answers to

Regulation as “regulativity” 

Fig. 1. Conceptual model of the relationship between design, ‘classical’ regulation (i.e., law-making), and governance. Both
design and law-making are forms of regulation (i.e., ‘regulativity’). Governance steers how design and law-making regulate,
and design and law-making are both accountable to (and reflexively aware of) governance.

3 Methods used
We conducted task-based interviews with 14 experts in the regulation and design of AI systems. Participants’
background included 6 legal scholars, 5 computer science scholars, and 3 scholars of social sciences; 5 participants
were policy practitioners by occupation. Participants were recruited from European universities and public
institutions.4 Participants were screened for knowledge of legislation and implementation of AI policies and
for their experience in their field of occupation (a list of screening criteria is included in the appendix). All
participants were working on AI-related regulation and were actively involved with the topics of the study
in their current role, such as through occupations in the EU institutions, standardization bodies, or legislative
bodies. As this study aims to elicit details of how explainability and contestability are discussed and understood in
policy-making circles, a form of policy work that is not documented in academic publications [113], we focused
on sourcing insight from policy experts directly, rather than conducting a literature review. For participant
recruitment, we relied on the authors’ networks, snowball sampling, and direct invitations. This study uses a
qualitative approach that aims for the exploration and construction of meaning to create “analytic rather than
statistical generalization” [76]. The sample size thus followed qualitative research guidelines, focusing on code
and meaning saturation [50].

3.1 Study procedure
Figure 2 gives an overview of the overall study process. All interviews were conducted online using the collabo-
ration platform Miro and took around 90 minutes. The full interview guide is included in the appendix.
The interviews consisted of three key tasks: a card sorting activity, a use case discussion, and a discussion

of interdisciplinary perspectives prompted through a citation network graph. Participants first sorted 40 cards
containing explanation and contestation concepts and mechanisms into self-defined categories5 to express their
understanding of both principles. Participants then read a description of the French welfare fraud detection
algorithm [95, 96] and reflected on the use of explanation and contestation from the perspectives of a fictional
welfare beneficiary and the social security agency. Details on the use case and citation graph discussion are
provided below. Lastly, participants explored an interactive network representation of academic literature on
explainability and contestability.
4To allow participants the freedom of anonymous expression in the interviews, demographic as well as occupational details were omitted.
5The set of cards was created from literature on the explainability and contestability of AI systems, details are provided in the appendix.
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Welcome Wrap-up
1) Card sort

Participants sort 40 
concept cards into  
self-defined categories.

2) Use case discussion

Participants reflect on 
ways to introduce 
contestation into ADM 
use case. 

3) Graph analysis 
Participants explore and 
comment on interactive 
citation graph.

Adjusting

algorithm


inputs

Creating 
feedback 
channels

Providing 
auditing 

APIs

Fig. 2. Study procedure overview. Participants completed three sequential tasks: 1) sorting 40 concept cards into self-
defined categories related to AI systems, 2) analyzing explainability and contestability in a specific algorithmic use case
from personal and institutional perspectives, and 3) exploring an interactive citation graph of research publications on
explainability and contestability.

These tasks enabled a three-part investigation of the RQs. Tasks 1 and 3 addressed RQ1’s conceptual and
regulatory linkages between explainability and contestability: the card sort elicited participants’ mental models
of categories and commonalities/differences [98], and the citation-graph interaction elicited how both principles
are represented across disciplines (e.g., HCI, law) and where missing links indicate conceptual disconnects. Task
2 examined the implementation dimension (RQ1) and elicited policy advice (RQ2) via a concrete application
scenario presenting two stakeholder inquiries on implementing explainability and contestability. The scenario
included information and appeal issues from both decision subjects and a public institution, allowing participants
to draw on their experiences with real-world cases. Themes emerging across tasks were then investigated in
more detail through interview questions.
Interviews were recorded, transcribed, and analyzed using inductive thematic analysis [17], drawing on a

method positioned between reflexive and reliability-oriented approaches [18]. An initial set of codes from the
first five interviews were compared and consolidated between two authors to create a shared coding framework.
The complete set of codes was then developed into themes capturing participants’ conceptual understanding
of explainability and contestability, their experience with the implementation of AI regulations, and their
perspectives on the relation between institutions and decision subjects. The appendix includes the codebook as
well as depictions of the concept cards and citation graph.

3.2 Use case
The study’s use case presented a public AI system deployed by the Caisse d’allocations familiale (CAF), a part of
the French social security services [96]. The system uses logistic regression to predict welfare fraud likelihood
among beneficiaries and was trained on data from household investigations and corresponding overpayments.
Around 13 million households (nearly half of France’s population) are risk-scored by this system, of whom
around 100,000 are flagged for detailed investigation per year [95]. In October 2024, civil society organizations
criticized the system for alleged discrimination against marginalized groups and ineffectiveness [1], sparking
public debate on high-risk AI systems and their regulation under the EU AI Act. The use case thus exemplifies
broader challenges of integrating public AI systems into society and invites reflection on how explainability and
contestability can support their resolution.

3.3 Citation graph
To elicit participants’ perspectives on the meaning of explainability and contestability in different disciplines,
they were asked to explore a web-based literature graph and to think-aloud during the interaction. To create this
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network representation, we extracted 648 academic articles related to contestability as well as their references
from the search engine Web of Science using the following query:

(ai OR “artificial intelligence” OR “algorithm* decis*”) AND
(“contest*” OR (“right to” AND “explain*”))

This query captured academic papers that mentioned both AI or algorithmic decisions and contestability or
the ’right to explain’ [103], creating links with explainability in legal literature while excluding unrelated work in
XAI. This search was conducted in January 2025 and returned 648 papers, spanning from 1991 to 2025. However,
151 papers (23.3%) were published in 2024 alone and 465 (71.8%) were published in 2020 or after. The network
G=(V,E) was built from these results by representing articles as a set of nodes V and inserting an edge between
two articles if they cited at least k=4 of the same references. We set k manually after iterating through values
between 1 and 10, selecting the value that increased visual readability. To exhibit clusters in the graph, we used
the Louvain algorithm [11]. The graph is available under contest.graphuzu.fr and depicted in the appendix.

4 Understanding the intersection of explainability and contestability of AI systems
This section addresses our first guiding question (RQ1) by mapping the intersection of explainability and
contestability of AI systems with respect to their conceptual, design, and policy dimensions. We use evidence
from the task-based interviews and quotes from the participants (referred to as “P”) to differentiate both principles
and list their goals, mechanisms, and challenges. We first map how participants defined explainability and
contestability (Section 4.1) to draw out differences in their understanding. We then show that a consensus emerged
among participants on the fact that the two concepts follow the same goals while using different mechanisms
(Section 4.2). We delineate how the intersection between the two notions is complicated by disciplinary gaps and
divergences in Sections 4.3 and 5.

4.1 Differentiating explainability and contestability
Explainability is connected to two main notions: 1) understanding the technical workings of an AI system, such
that “the human user [...] is not treating anymore the machine as an oracle” (P2); and 2) understanding the norms
and reasons governing the AI’s decisions, deployment, and institutional embedding, such as “know[ing] who are
the people in charge or who I can contact to give more information” (P1). We define the first kind as descriptive
explainability and the second kind as normative explainability or justifiability [63].6

Contestabilitymeans allowing stakeholders to challenge AI decisions, such as enabling regulators to “critically
process the information provided to them and push back against it” (P6) and affected persons to “understand the
situation and to file complaints” (P6). We define two key distinctions in how contestation is realized: The first
distinction is between collective action and individual action. While individual contestation allows decision subjects
to challenge AI decisions that affect them, collective contestation means joining with other stakeholders to
mount a more general and broader contestation effort, i.e.,“translating personal issues into general matters and
public fights” (P12). The second distinction is between judicial channels and non-judicial channels of contestation.
Judicial channels use formal means provided by the judicial system to contest decisions in court, colloquially
described as “lawyering up” (P9), while non-judicial channels support issue resolution through design solutions
or direct human intervention, such as mediation systems or ombudspersons. Differentiating both the the type
of contestation action and the channels used is essential to pinpoint the meaning of contestability: “For legal
scholars, [...] there is this idea of centering judicial proceedings and centering the courts, even though most of what
we could call the ‘life of the law’ is not usually in the courts” (P9).
6“Justification” has different meanings across disciplines. In XAI, it refers to descriptive rationales for model predictions, while in legal
scholarship it concerns demonstrating decisions’ lawfulness against norms. We distinguish explanations as descriptive accounts from
justifications as normative ones grounded in external standards [49, 63].
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4.2 Explainability and contestability follow the same goals but use different mechanisms
4.2.1 Goals. Participants repeatedly stated that explainability and contestability work towards the same goals
and purposes. These goals can be summarized as supporting the rule of law and empowering citizens by alleviating
opacity and information asymmetry: “We cannot contest [if] we don’t know what is used, to what purpose, and
how it works” (P3). Explanations provide descriptive and normative information that support assessing both
the acceptability of individual decisions and the justifiability of a system’s deployment. This dual assessment
guides contestation at individual or collective levels. Acceptability is crucial when subjects face unfavorable
outcomes and must decide whether to contest; as P9 noted, it helps ensure citizens use contestation channels
“not just to throw a cog in the wheel and delay procedures that you know that are going to be inconvenient to you, but
are otherwise acceptable” (P9). When individual contestation is not possible, explanations can prompt collective
contestation – e.g., when underlying policy is unfair or dysfunctional. Explanations thus help stakeholders gauge
their stance toward an AI system locally and globally and select appropriate contestation channels, determining
whether contestation is between a decision subject and an officer or between a collective and the institution.

Fig. 3. Card sort explainability clusters. Six different card sorts that all contain cards that participants related to
transparency or explainability. Often, participants created exactly one cluster with a similar name to those shown. Cards
that can be found in multiple of the six clusters are colored petrol, cards that are only in one cluster are colored yellow.

4.2.2 Mechanisms. Realizing the principles of explainability and contestability in actual application contexts
requires processes or techniques that implement them. We describe these processes and techniques asmechanisms.

In the interviews, participants sorted cards listing explainability and contestability mechanisms into clusters.
For explainability, clusters were titled ‘transparency’, ‘understanding the system’, ‘explanations’, or ‘foundations
of what you’re dealing with’ (Figure 3). In contrast, contestability appeared less uniform, yielding clusters
such as ‘control’, ‘appeals procedure’, ‘rectification’, ‘judicial remedies’, and ‘auditing.’ This variety indicates
differing understandings across actors, subjects, goals, channels, and implementation modes (Figure 4). Building
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on Section 4.1, we map explainability and contestability mechanisms along three axes: whether they provide
descriptive or normative information, whether they support individual or collective contestation, and whether
they use judicial or non-judicial channels (see Figure 5).

Contextualizing Communication of decisions Organizational responsesInception

A

B

C

D

Employee or civil servant 

using the AI to make decisions

Appeals procedure

Control of AI and its outputs

Victim of the AI or

decision subject

Understanding 

the system

Contesting the 
system’s outcome

ways to understand, 
conditions to contest

Developer of the AI

Data protection authority

Decision subject

User

Employer

Developer / provider Design and development Deployment User reactions Systemic measures

Fig. 4. Card sort structures. Participants chose different criteria and dimensions to sort the cards into clusters, including
spheres of responsibility (A), responsibility over time and per role (B), ways in which mechanisms connect both to under-
standing and contesting (C), and an allocation to the implementation process over time (D).

descriptive normative

Explaining individual outcomes

Describing feature importance

Providing counterfactuals

Benchmarking

System disclosure

Auditing programs

Stakeholder deliberations

Opposition campaigns

Class action lawsuits

Explaining feature selection

Providing redress options

Justifying individual outcomes
individual 

collective 

Fig. 5. Mapping mechanisms of explainability and contestability. Three dimensions of explainability and contestability:
descriptive versus normative approaches (x-axis), individual versus collective action (y-axis), and judicial (highlighted in
yellow) versus non-judicial channels. Each quadrant contains examples of mechanisms corresponding to the dimensions. To
illustrate, we describe two mechanisms: ‘Explaining individual outcomes’ means providing decision subjects (individual) with
a description of the algorithmic output leading to their decision (descriptive). ‘Stakeholder deliberations’ can be used to align
the values of an AI system with those of the citizens (normative), thus providing a form of democratic control (collective).
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4.2.3 Challenges. Explainability and contestability have their limits in alleviating opacity and information
asymmetry. Participants articulated three circumstances in which explanation and contestation mechanisms
would be ineffective:
i) the system’s purpose is to enforce sanctions on decision subjects (i.e., the system is “badly designed on purpose”
(P4)), ii) the sampling strategy targets vulnerable populations disproportionally, and iii) non-judicial channels of
contestation are obscured or not available, i.e.,“you cannot even exercise [the right to contestation] properly without
assistance” (P9). In consequence, individual explanation and contestation action cannot empower citizens if the
policy embedded in an AI system follows values that do not adhere to those of trustworthy AI.
Participants further problematized that individual contestation primarily serves individual interests and has

less potential to effect change on a systemic level. Decision subjects “want to fight for their privacy and their
freedom. It’s very different from fighting for privacy with a big P” (P12). Collective contestation was posited as a
more effective alternative for “contesting decision patterns [...] through things like class actions” (P9), but enacting
this form of contestation was perceived to be insufficiently explored within the current EU jurisdiction.
Contestability and normative explanations were further perceived as means to create political debate on a

collective level. Descriptive explanation do not justify that “the decision is correct, accurate, and legit” (P11) and
thus lack the normative foundation that is essential for contestability. Participants emphasized the need for
justifications, i.e., normative accounts of a system’s legitimacy and value alignment (cf. Section 4.1), as a means
of providing information that can effectively support contestation.
Lastly, preventing a surge of contestation requests and the gaming of decision processes were perceived as

challenges when implementing explanation and contestation measures: “If [the institutions] do it properly, they
will be submerged by requests and contestation” (P12). Both excessive contestation and gaming attempts may stem
from citizens’ intention to take control over the decision process to achieve favorable results, especially if they
feel that their values are not adequately represented. Participants stressed that when confronted with a badly
justified algorithmic decision, citizens “adapt their behavior to their [antagonistic] interpretation of the algorithm”
(P5). As a remedy, decision subjects could be included in the design process of public AI systems to incorporate
their perspectives, improve transparency in rationale, increase acceptance of unfavorable decisions, and fulfill
administrative requirements “to consult the population in terms of impact and gather public feedback” (P9).

4.3 Gaps between disciplines impede mapping the intersection of explainability and contestability
While the “right to explanation” [21, 103, 110] and judicial ways of contestation, such as appeals and redress,
were well known to the interviewed experts, the term “contestability” and the corresponding body of work in
design and HCI research were new to some. Participants commented on this, stating “I’m thinking in which world
I was living [...], I didn’t notice that [contestability] was so well-developed” (P3) and “I’m not familiar with the
concept of contestability as such, [...] I rather use ‘redress’, for example” (P10). While this points to differences in
vocabulary, it also indicates a more conceptual lack of connection between fields. Participants confirmed this
gap when exploring the citation graph and stated that the lack of connection between research fields aligned
with their experience: “My experience is, in fact, that the different disciplines are not talking to each other.” (P8)
and “You have some [communities] that are closer, like [...] legal people sometimes go to the technical part, [...] but
some others are not really talking” (P9). An absence of connection to the legal literature was especially noticed in
relation to design, sociotechnical, and ethics literature. Thus, this definitional and conceptual separation between
the disciplines, as well as the conceptualization of the relationship between design and regulation, are main
challenges in mapping the intersection between explainability and contestability.
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5 Explainability and contestability in practice: regulatory, institutional, and technical points of
friction

This section is guided by RQ2 and examines points of friction in the implementation of explainability and
contestability. We use evidence from the interviews to show that their implementations need to cohere to the spirit
of the initial concepts (Section 5.1), that their translation from theory to practice is a shared responsibility among
different “regulators” (Section 5.2), and that implementations profit from collaborations between communities
(Section 5.3).

5.1 Implementations of explainability and contestability should keep in mind the spirit of the law
Participants identified a key concern of implementing regulatory provisions in the question of whether these
implementations would capture the regulation’s intent, i.e., the spirit of the law. Participants who were mem-
bers of the HLEG described that the group asserted in unison the importance of explainability in the AI Act:
“lawyers agreed in there, and human rights experts agreed in there, practitioners, [...] there was no doubt that this
is a fundamental requirement” (P8). Explainability was then integrated into the principles and the seven key
requirements even though its prospective implementation was already registered as an issue: “[W]e put as
principle something that wasn’t really possible 100%. But we felt that it was important to have this because it also
reflects on [...] contestability” (P10). As such, requirements such as those stated in the AI Act are subject to several
transformations before being realized in practical applications: they are formalized in legal texts and technical
standards, integrated into national jurisdiction, and only then implemented in public institutions. In the course
of this process, preserving the spirit of the law is not a given, especially as agreed-upon evaluation metrics for
both principles are yet to be developed [44, 80].
In alignment with previous analysis of XAI and law [44], participants feared that downstream applications

would not keep the intended safeguards intact due to diverging interpretations. P8 described their experience
when meeting lawyers who were “discussing whether a software application could be a high-risk application. [...] I
thought, no, this was not the intention, [it was] to safeguard certain principles” (P8). Another participant stated
that “it’s not just about complying to the letter of the EU AI Act but also the spirit, the spirit of the act is to empower
affected individuals to safeguard their rights” (P11). When understanding design as a vehicle of regulation, then
embedding the legislation’s intention and corresponding values into design is crucial, rather than designing for
compliance “to the letter.” We propose one method of value alignment in Section 6.1.

5.2 Implementing explainability and contestability clarifies how responsibility moves between
regulators

In the interviews, participants repeatedly considered which actors would be responsible for implementing expla-
nation and contestation mechanisms (these considerations are visually depicted in Figure 4 A and B). Participants
considered ‘regulators’ [90], including policymakers, standardization bodies, data protection authorities, and
developers, to be the main actors that shared the “responsibility to ensure user representation in the development
and the use of the AI” (P5). Technical standards were perceived to be one of the main components to clarify
the allocation of responsibility, but their enforcement raised questions. Due to the conceptual polysemy with
which legal texts treat both design principles, fulfilling their respective responsibility means that regulators are
forced to interpret the provisions, potentially resulting in conflicting points of view between the ‘executive’ and
‘organizational’ levels.

Importantly, participants also stated that the regulation of AI systems has not yet actually taken place, as
“nobody has implemented the EU AI Act yet [...]. There’s no national law to set down sanctions” (P6). This has two
implications: While first, the task of interpreting the regulatory provisions is not clearly assigned between EU
jurisdiction, national authorities, and public institutions, second, the process of assigning responsibility for this
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interpretation can still be shaped, leaving room to delineate “how to handle conflicts” (P6) and “how we are going
to adapt our legal system” (P1). We outline ways to create a composite form of responsibility through indirect and
direct control mechanisms in Section 6.2.

5.3 Collaboration between communities aids the implementation of explainability and contestability
Participants who had come into contact with both legal and design research on AI regulation regularly highlighted
the potential (and current shortcomings) of interdisciplinary collaboration. Participants criticized that technical
explanations of AI behavior often were not available “only because at the beginning of the process, they haven’t
thought about that” (P1). In consequence, and because “explainable AI does not fit into the justification of legal
decisions” (P2), policy-makers were considered to have an incomplete picture of technology. Explainability was
described to facilitate communication between disciplines, since “as soon as we start to explain what we are doing,
[...] everyone else, also from different disciplines, can understand” (P8). In turn, participants proposed that legal
studies could improve the normative force of design research by giving it “a bit more punch” (P9):

[O]ne thing that legal studies can help is to say: ‘No, you have to care about this not just because we are
a bunch of hippies trying to save the world, but also because if you don’t, you’re going to have lots of
problem with the law [...] or even have your system not being commercialized in a particular jurisdiction.
(P9)

While the benefits of interdisciplinary collaboration are evident, following through was described as “painful”
(P8). For those removed from AI’s technical side, “even explaining the concept of explainability sometimes can be
challenging because they have to understand that AI is a black box” (P14). Similar comments concerned non-judicial
contestation, which is not well known in legal disciplines (see Section 6.2). Participants with both technical and
legal experience found it “very challenging” to “find a right level of abstraction where we don’t get too bogged
down on the details [...] versus where we don’t generalize too much” (P9). Our findings are in line with prior
legal and conceptual analyses advocating interdisciplinary collaboration to develop shared understandings of
explainability [44] and contestability [80]. Future work should unify these approaches and develop methods that
foster shared conceptual understanding and vocabulary to inform policy and implementation.

6 Perspectives for AI policy
Drawing from the insights generated in the interviews, we suggest recommendations towards the implementation
of explainability and contestability through the lens of Regulation by Design [89] (Section 2.3). To this end, we
organize our recommendations in two main groups: (1) those in which design practice contributes to regulation
and (2) those in which internal governance systems are used as mechanisms that steer practices in public
institutions.
The recommendations are motivated by the public AI system discussed in this study but are not limited to it.

The CAF algorithm [95] shares properties with many public-sector AI systems in welfare states [59] that are aimed
at efficiency increase through automation, in that it: uses models trained on historical client data [102]; is intended
for human review but overlooks pitfalls such as automation bias [45] and algorithmic imprints [34]; and was
developed with limited involvement of affected stakeholders and provides few features to enable understanding or
contestation [68]. Consequently, the recommendations apply to public AI systems that (i) are used on the public
and should thus be publicly deliberated or mandated; (ii) can severely affect individuals and therefore require
direct and indirect control mechanisms; and (iii) are tied to administrative procedures that should provide judicial
and non-judicial contestation pathways. More generally, we expect them to apply to high-risk AI systems [36]
serving the public interest [118].
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6.1 Explainability and contestability in regulation by design and by law
We established in Section 2.3 that Regulation by Design views regulation as a rule-making activity performed
through social practices like design. As design can simply disable non-compliance, it is a powerful form of
regulation. We therefore advocate for assigning greater accountability for design practices that might bypass
democratic processes.

6.1.1 Recommendation 1: Making design decisions open to public deliberation. The design of public AI systems
involves encoding legislation into software [117]. Design choices on inputs and human–AI interaction become
de facto policy that is not publicly deliberated but delegated to third-party developers [82]. To reintroduce
deliberation, participants called for stakeholder “early-stage deliberations” [60]. Embedding contestability as a
co-designed technical feature, rather than a compliance standard, could align the system values with those of
citizens. This may raise decision acceptability while avoiding excessive contestation in operation. We highlight
two aspects of participation: i) the participation’s level of abstraction, where prior work suggests participatory
approaches to focus on values and policies embedded in code, not low-level technical design choices [2, 12];
and ii) the participation mechanisms, where citizen assemblies or advocacy groups can represent those unable
to participate (e.g., children) to substitute for direct participation [12]. Yet risks such as gaming and regulatory
capture make participation delicate, which we identify as a design–policy tension for future work.

6.2 Strengthening the intersection of explainability and contestability through internal AI
governance

Internal governance systems coordinate social action through formal and informal mechanisms. Governance
acts as a meta-regulative activity steering how other practices, like design, regulate. We suggest that inter-
nal AI governance systems strengthens the implementation of explainability and (non-judicial) contestability
mechanisms.

6.2.1 Recommendation 2: Combining indirect and direct control mechanisms. In the interviews, a consensus
emerged that contestability lets individuals exercise control over public-sector AI, based on explainability.
Individual action was seen as suitable for assessing specific decisions’ acceptability; collective action to judging a
system’s overall legitimacy. Legal research favors combining indirect control (a regulator) with direct oversight by
decision subjects who can appeal and obtain redress (“democratic control” [12]) [47, 105, 108]. Using contestability
to give subjects direct oversight was viewed positively by AI regulation experts but they were unfamiliar with
concrete implementations. The balance between indirect and direct control should be revisited, e.g., strengthening
direct control via non-judicial contestation. This is aided by explanations that disclose a system’s purpose
(normative) rather than merely its workings (descriptive) [12]. Institutions should consider what forms of
contestation explanations enable [103] and ensure they are relevant and intelligible [24, 85]. They can also
engage regulators (e.g., AI Office) and standardizers for support in identifying direct and indirect mechanisms
when implementing explainability and contestability, and aligning with regulatory intent [90]. Tools such as the
Contestability Assessment Score [80] can help operationalize dimensions discussed here (e.g., audits, access to
contestation). However, integrating our mapping of mechanisms to individual vs. collective and descriptive vs.
normative dimensions into such operationalizations remains future work.

6.2.2 Recommendation 3: Ensuring the availability of non-judicial contestation channels. The majority of the
interviewees were familiar with judicial means of contestation and unfamiliar with non-judicial ones, which
might explain why this aspect of contestability remained overlooked in regulatory initiatives until now [57]. We
argue that public institutions should adopt a more holistic approach to contestability that goes beyond “complying
to the letter” to improve trust and acceptability. To this end, non-judicial means to implement contestability could
be better leveraged in legal instruments guiding the implementation of AI regulations, especially as standards
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are developing into means of judicial control [46, 99]. While policy needs to decide what can be contested, who
can contest, who is accountable, and which types of review should be put in place [71], internal AI governance
systems should ensure ways for non-judicial contestation. These include tools for scrutiny, annual assessments,
or differential treatment (i.e., room to negotiate decisions between decision subjects and operators) [5]. Such
mechanisms should ensure that decision subjects are given an opportunity to understand their situation [73] and
can articulate their voice in the process [116]. To design and implement these mechanisms alongside AI systems,
public institutions can benefit from engaging with design and HCI researchers. This form of “system-people-policy
interaction” [113] presents a difficult but fruitful avenue for future work on explainability and contestability in
the intersection between research and policy.

7 Limitations
Like any research, this study had limitations. First, the single 30-minute card sort may have limited exploration and
classification depth, and the citation graph may have overwhelmed participants unfamiliar with such representa-
tions. However, because the analysis focused on participants’ interdisciplinary experiences and perceptions rather
than detailed graph analysis, design and interaction effects should be minimal. Second, the study focused on the
CAF algorithm and logistic regression due to their widespread public-sector use. Future research could examine
how the linkage between explainability and contestability aligns or differs in other application contexts and
compare this to the empirical insights here. Third, we reached data saturation (no new codes) after interviewing
14 participants from European universities and public institutions. Saturation dynamics might have differed
with experts beyond Europe. Fourth, the open-ended task enabled contextual exploration and adaptation to
participants’ expertise. A more structured approach linking the two principles (e.g., predefined relationships)
could identify specific properties but might limit the broader meanings central to our findings. While our format
suited a cross-domain sample, a more structured design may better support analysis within a clearly defined ADM
context. Fifth, our query erroneously excluded “right to explanation”; nonetheless, relevant papers likely use
alternative terms included in our query (e.g., “artificial intelligence,” “right to,” “explain*”), so relevant literature
should still be captured. As our findings draw on participants’ perceptions and reflect general trends rather than
exhaustive coverage, conclusions about citation dynamics and interpretive patterns remain valid. Finally, the
analysis excluded jurisdiction comparisons, a fruitful direction for future research.

8 Conclusion
In this work, we conceptualized explainability and contestability and their implementation by interviewing 14
interdisciplinary experts on AI regulation.We provided distinctions to facilitate implementation of these principles,
including between normative and descriptive explanations, individual and collective contestation action, and
judicial and non-judicial contestation channels. Key challenges include the preservation of the regulation’s spirit,
the responsibility for interpreting regulatory provisions, and the collaboration between disciplines. Based on
these findings, we recommend i) strengthening the intersection between both principles in policy and governance,
ii) considering non-judicial channels of contestation to improve trust, and iii) employing early-stage deliberations
in the development of public AI systems to improve acceptability and avoid excessive contestation. With these
insights, we aim to inform research and policy efforts that leverage explainability and contestability in the
development of trustworthy public AI systems.
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9 Endmatter

9.1 Generative AI Disclosure Statement
During the preparation of this manuscript, we utilized the following AI-assisted tool to assist with formatting,
grammar, and fluency of writing: ChatGPT (version GPT-5, released by OpenAI in 2025), Claude (version Opus
4.5 released by Anthropic in 2025), Writefull, and Grammarly. These tools were used solely to improve clarity
and readability without altering the paper’s intellectual content, methodology, or findings.

10 Use and attribution of icons
The icons "post-it", "choice", "decision-making", "direction", "cursor" used in Figure 2 are provided by Freepik, the
icon "knowledge graph" used in the same figure is provided by Grafixpoint through Flaticon.com. The icons used
in Figure 5 are provided by Eucalyp through Flaticon.com.
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Appendix

A Screening criteria of participants
All study participants were screened for a range of criteria, which included:

• Field of education and highest diploma (free text)
• Current occupation (free text)
• Experience in current field of work (Less than 2 years, between 2 and 5 years, between 6 and 10 years, more
than 10 years)

• Self-rated knowledge of technical aspects of AI systems, such as machine learning algorithms and data
processing (4+1-point scale: not knowledgeable, slightly knowledgeable, somewhat knowledgeable, very
knowledgeable; not sure)

• Self-rated knowledge of current regulations and policies regarding use and deployment of AI systems (4+1-
point scale: not knowledgeable, slightly knowledgeable, somewhat knowledgeable, very knowledgeable;
not sure)

Table 1 lists participants’ responses with respect to their experience in the field of work and their knowledge
regarding technical and regulatory aspects. The occupation was omitted to retain anonymity of participants.

ID Experience Technical AI Knowledge Regulation Knowledge
1 More than 10 years Very knowledgeable Very knowledgeable
2 More than 10 years Somewhat knowledgeable Very knowledgeable
3 More than 10 years Slightly knowledgeable Very knowledgeable
4 Between 6 and 10 years Somewhat knowledgeable Very knowledgeable
5 More than 10 years Somewhat knowledgeable Very knowledgeable
6 Between 2 and 5 years Somewhat knowledgeable Very knowledgeable
7 More than 10 years Very knowledgeable Somewhat knowledgeable
8 More than 10 years Somewhat knowledgeable Very knowledgeable
9 Between 6 and 10 years Somewhat knowledgeable Very knowledgeable
10 More than 10 years Very knowledgeable Very knowledgeable
11 Between 2 and 5 years Very knowledgeable Very knowledgeable
12 More than 10 years Somewhat knowledgeable Somewhat knowledgeable
13 Between 2 and 5 years Somewhat knowledgeable Slightly knowledgeable
14 Less than 1 year Very knowledgeable Somewhat knowledgeable
Table 1. Participant experience and self-assessed knowledge of AI technology and regulations.

B Interview guide
The following describes the study procedure, elements, and questions that guided the semi-structured interviews
with participants.

(1) Give consent form and questionnaire
(2) Introduction to study

a. The study is about the relation of explainability and contestability, how one supports the other, and your
theoretical and practical experience in dealing with these topics.

b. The process is composed of three parts: card sort, use case discussion, and citation graph exploration.
c. To start, could you please briefly describe your work and role in your institution? Can you tell us about

the types of projects or tasks you typically work on in your role?
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d. Could you briefly walk us through what you think about when you think about an explainable process?
And a contestable one?

(3) Card sort: List of explanation and contestation mechanisms
a. Prompt: Please sort the cards into groups that make sense to you and think aloud.
b. You can make yourself familiar with all cards before beginning the sort.
c. If something is missing, you can add new cards.
d. At the end, each group is named and shortly discussed.
e. Feel free to ask questions!
f. (After sorting) How is each cluster called? Why are these cards in there?
g. For unobservable/subjective categories: How can you tell? What does this mean?

(4) Use case discussion: Social security risk scoring algorithm
a. What are your first thoughts about this case? Does it sound familiar?
b. Taking this example, how would you advise Juliette to obtain information about the decision-making

process? And to take action to contest future decisions?
c. If you could now add other mechanisms for explanation and contestation that would be better suited to

this case, which would they be?
d. The agency asks for your advice on implementing new explanation and contestation mechanisms. How

would you advise them to proceed?
e. Are there any mechanisms or procedural steps of explainability and contestability that are not required

by law in such a case, but which should be required?
(5) Graph discussion: Citation and semantic graph.

a. What are your first thoughts when looking at this graph?
b. Where would you situate your own work in this graph?
c. Do the connections between clusters correspond to your experience, or not?
d. How are explainability and contestability connected here from your perspective?
e. Is a connection missing that should be there? Why?
f. How would you label these clusters? Would you label them differently?
g. If someone had all resources and means, which kind of research should they conduct to give more insight

on the topics discussed, explainability and contestability?
(6) Closing

a. Do you have any more thoughts or comments?
b. Does anyone come to mind whom you could recommend as an interviewee?

C Card sort material
During the study, participants were presented with a card sort task to elicit their mental models of explanation
and contestaitn mechanisms and concepts. Figure 6 depicts all cards used in this task.
The cards were compiled from literature on explainability and contestability and included elements that

previous work identified as a relevant concept or mechanism. The resulting list of elements was thematically
analyzed to identify common elements, cleaned of duplicates, and formatted to fit the concept cards. The set
was then tested in two pilot studies to clear up formulation issues and unclarities. The content of the cards was
intended to be grounded in current research while allowing for a flexible interpretation by participants. Table 2
lists the literature sources and lists of mechanisms and concepts that were used to create the cards.

3100



FAccT ’26, June 25–28, 2026, Montreal, QC, Canada Schmude et al.

Adjusting
algorithm

inputs
1

‘w

Influencing
decision-
making
process

11

Conducting
participatory
policy-making

21

Understanding
the  algorithm

31

Controlling
individual
outcomes

2

Requesting
interventions

12

Providing
justifications
for decisions

22

Making new
decisions

using another
algorithm

32

Providing tools
for public
scrutiny

3

Maintaining
audit logs o f
algorithmic
processes

13

Applying

treatment based
on personal

circumstances
23

Notifying
about ways to
initiate reviews

33

‘—

Enabling two-way
communication

between user and
provider

4

Facilitating
expression

of user voice
14

'

Making
decisions

without using
algorithms

24

’

Ensuring
transparency
i n  adminis-

tration
34

Disclosing
weaknesses

and limitations
of algorithm

5

Implementing
third-party

auditing
programs

15

Developing
participatory

systems
25

Adapting
behaviour to
the algorithm

35

Controlling Modifying or
algorithmic appealing

performance decisions
6 7

— —-

Requesting
new Ensuring user

. . representationdeCISIons 1-,
1 6

—'  v

Explaining how Building.. . compassron untodECISlons are algorithmic
made decisions
25 27

. . Notifying about
Mon l t o  r i ng  milestones in
processes algorithmic

processes36 37

Evaluating
individual

results
8

Creating
feedback
channels

18
'7

Supporting
human

decisions with
algorithms

28

Conducting
annual

assessments
38

Ensu ring fair
hearings i f

decisions are
unfavorable

9

Disclosing
the algorith m

to experts
1 9

Redressing
information
asymmetries

29

Providing
APIs for
auditing

39

Highlighting
differences of

algorithmic and
human decisions

10

Requesting
decision

verification
20

’—

Providing
explanations
for individual

results
30

’

Communicating
the logic

involved in
algorithms

40

Fig. 6. Card sort material. The image depicts the full selection of 40 cards with explainability and contestability mechanisms.
Participants received these cards and were asked to sort them into self-defined categories. Numbers were assigned at random,
serving as IDs. New items could be added using the stack of empty cards.

Table 2. Concepts and mechanisms for explainability and contestability in AI systems across prior literature.

Source Concepts and mechanisms
Alfrink et al. [5] Annual assessments

Differential treatment
Explanations
Input data revisions
Interactive controls
Intervention requests
Monitoring
Participatory policy-making
Participatory system development
Pro-active notifications
Pro-social behaviour incentives
Tools for scrutiny

Citron and Pasquale
[23]

Audit trails of the correlations and inferences made by the algorithm

Disclosure of algorithm to neutral experts
Interactive controls for customers

Lee et al. [65] Allow end-users to control the input
Appeal or modify decision after it has been made
Communicate decision criteria
Communicate rules and methods of decision-making
Communicate values and concerns of decision members
Demonstrate difference between human and algorithmic decisions
Elect users to be spokespeople for other users

Continued on next page
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Source Concepts and mechanisms
Explain how the decision came to be
Let users control group outcome through discussion and alternatives
Let users control their individual outcome
Let users provide input and feedback
Show difficulties and limitations of ADM

Lyons et al. [72] Auditing program for third parties
Fair hearing if decision is adverse
Internal merits review, external merits review, judicial review
Limit contestation to people who are affected
Notify about ways to initiate a review
Statement of reasons containing evidence and reasons for decision

Lyons et al. [73] Provide voice to the user
Lyons et al. [70] Provide new contextual information

Request new decision
Request verification

Maxwell and Dumas
[77]

Communicate the logic involved

Control over algorithmic performance
Disclose weaknesses and use limitations
Empowerment of users
Enhance public administration transparency
Evaluation of individual results
Local explanations of individual decisions
Permit users to understand algorithmic decisions and adapt to them
Provide reasons underpinning algorithmic decisions
Redressing information asymmetries

Shen et al. [104] Everyday audits by users
Vaccaro et al. [107] Compassion in algorithmic decisions

Representation of user
Two-way communication between user and provider

Wachter et al. [110] Auditing APIs
Human assessment with algorithmic elements
Human makes decision without algorithmic help
Human monitors data and processing of algorithmic decision
Let users express their view
New decision is made by algorithm

Yurrita et al. [115] Let user influence decision outcome
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D Citation graph

Fig. 7. Overview of the citation graph. The image shows the citation graph used in the study to elicit participants’
reflections on the research landscape. The graph is the largest connected component of the co-reference graph related to
contestability and AI, and it also includes references on the ‘right to explanation.’ The detail shows a zoom on the “explainable
AI” cluster in the network.
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E Themes and codes from the inductive thematic analysis

Table 3. This code book contains codes and themes, descriptions, and code counts from the thematic analysis of the interviews.

Themes: Codes Description Count
Contestability General references to contesting AI decisions and systems 200
Contestability: challenges Obstacles and barriers to effective contestation 20
Contestability: compassion The role of empathy and care in contestation processes 13
Contestability: contestation that is collective Collective or group-based forms of contestation 14
Contestability: contestation that is individualized Individual-level approaches to contestation 24
Contestability: definition Attempts to define contestability and its scope 12
Contestability: elements Core components or building blocks of contestation 32
Contestability: Goals of contestation Intended outcomes and aims of contestation 8
Contestability: Judicial vs non-judicial contestation Comparison of legal and other contestation mechanisms 2
Contestability: power dynamics How power relations shape contestation 12
Contestability: Problematic contestation Cases where contestation is counterproductive or harmful 7
Contestability: suggestions Proposed improvements or practices for contestation 32
Contestability: unclarities Ambiguities or unclear aspects of contestability 24
Explainability General references to making AI understandable 149
Explainability: acceptability How explanations influence acceptance of algorithmic decisions 9
Explainability: AI literacy The role of user education and literacy in understanding AI 15
Explainability: challenges Difficulties in creating useful, accurate explanations 19
Explainability: definition Attempts to define explainability and its scope 27
Explainability: elements Key features and components of explanations 39
Explainability: folk theory Informal mental models people use to interpret AI 2
Explainability: public AI narratives Broader societal stories and narratives about AI 7
Explainability: purposes The reasons explanations are provided (e.g., trust, accountability) 7
Explainability: suggestions Proposed methods and practices to improve explainability 24
Institutional implementation Organizational practices and structures for operationalizing AI governance 71
Institutional implementation: Institutional landscape Mapping institutions, roles, and authority lines 27
Institutional implementation: Internal governance Internal policies, oversight, and risk management 26
Institutional implementation: Ombudsman oversight External or independent complaint-handling and oversight 8
Institutional implementation: Specification Translating principles into technical and procedural specifications 2
Institutional implementation: Trade-offs Balancing competing values and constraints in institutions 8
Intersection Explainability - Contestability How explainability and contestability interact and reinforce each other 117
Intersection Explainability - Contestability: Connecting explainability and contestability Mechanisms linking explanations to meaningful contestation 33
Intersection Explainability - Contestability: Justification Using explanations to justify decisions in contestation contexts 12
Intersection Explainability - Contestability: Limits of explainability and contestability Boundaries and constraints of both practices 26
Intersection Explainability - Contestability: Making sense of explainability and contestability Integrative perspectives and sense-making across both concepts 46
Perspectives Between Fields Cross-disciplinary views and comparative insights 146
Perspectives Between Fields: Complexity How complexity differs across disciplines and impacts analysis 21
Perspectives Between Fields: Conceptual blending Integrating concepts from multiple fields 6
Perspectives Between Fields: Connecting fields Bridging disciplinary approaches and knowledge 43
Perspectives Between Fields: Decoupling Separating concepts or practices across fields 6
Perspectives Between Fields: Disparities between fields Differences in methods, goals, or assumptions 26
Perspectives Between Fields: Human judgment versus machine judgment Comparative evaluation of human and machine decision-making 9
Perspectives Between Fields: No use Claims that certain cross-field ideas are not useful 9
Perspectives Between Fields: Normative versus technical Tensions between value-driven and technical perspectives 10
Perspectives Between Fields: Polysemy Multiple meanings of key terms across fields 16
Regulation Legal frameworks, policies, and governance of AI systems 219
Regulation: challenges Practical and conceptual hurdles in regulation 26
Regulation: citizen’s rights Rights of individuals affected by AI (e.g., appeal, access) 15
Regulation: definition Attempts to define regulatory scope and terms 7
Regulation: elements Key components and instruments of AI regulation 24
Regulation: fairness Regulatory approaches to fairness and bias 19
Regulation: Flawed policy Critiques of misguided or poorly designed regulations 15
Regulation: Global politics International dynamics influencing AI regulation 2
Regulation: implementation How regulations are applied and enforced 57
Regulation: Judicial flexibility Flexibility and discretion within judicial processes 3
Regulation: Principle- vs. rule-based Comparing high-level principles to specific rules 3
Regulation: proportionality Balancing measures relative to risks and impacts 5
Regulation: purposes Goals and rationales for regulating AI 14
Regulation: Spirit of the Law Interpreting and applying underlying legal intent 7
Regulation: Standardization process Role of standards bodies and technical norms 3
Regulation: suggestions Proposed regulatory improvements and reforms 8
Regulation: Unclarities Ambiguities and uncertainties in regulatory text or practice 11
Stakeholder considerations Views, needs, and roles of affected stakeholders 141
Stakeholder considerations: Adapting to the algorithm How stakeholders adjust behavior to algorithmic systems 4
Stakeholder considerations: Citizens’ needs Public needs, preferences, and expectations 49
Stakeholder considerations: empower stakeholders Strategies to empower or give voice to stakeholders 4
Stakeholder considerations: human in the loop Roles and responsibilities of humans in decision chains 4
Stakeholder considerations: Overburdened Human in the Loop Risks of excessive workload or responsibility 7
Stakeholder considerations: Participation challenges Barriers to meaningful stakeholder participation 5
Stakeholder considerations: stakeholder needs Specific needs identified across stakeholder groups 4
Stakeholder considerations: Stakeholder responsibilities Duties and obligations across stakeholder roles 18
Stakeholder considerations: Stakeholder roles Typologies and functions of different stakeholders 37
Stakeholder considerations: Who is the user? Clarifying user definitions and primary beneficiaries 8
Technical implementation Practical technical methods, tooling, and deployment practices 24
Value sensitive design Designing with human values integrated throughout 11
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