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Abstract. Every AI system that makes decisions about people has 
stakeholders who are affected by its outcomes. These stakeholders, whom 
we call decision subjects, have a right to understand how their out-
come was produced and to challenge it. Explanations should support 
this process by making the algorithmic system transparent and creating 
an understanding of its inner workings. However, we argue that while 
current explanation approaches focus on descriptive explanations, deci-
sion subjects also require normative explanations or justifications. In  
this position paper, we advocate for justifications as a key component in 
explanation approaches for decision subjects and make three claims to 
this end, namely that justifications i) fulfill decision subjects’ informa-
tion needs, ii) shape their intent to accept or contest decisions, and iii) 
encourage accountability considerations throughout the system’s lifecy-
cle. We propose four guiding principles for the design of justifications, 
provide two design examples, and close with directions for future work. 
With this paper, we aim to provoke thoughts on the role, value, and 
design of normative information in explainable AI for decision subjects. 

Keywords: explainability · contestability · regulation · policy · AI · 
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1 Introduction 

Explainability is seen as a cornerstone of trustworthy AI because it allows stake-
holders to understand and assess algorithmic decisions. But some actions, like 
contestation [ 1], require more than transparency of the system; they require 
transparency of rationale [ 15]. Every algorithmic decision-making (ADM) sys-
tem that is used to decide about humans has stakeholders who are affected by 
these outcomes – decision subjects. Their right to understand and contest deci-
sions is granted by legal texts governing the development and use of AI systems 
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in the EU [ 33], including the AI Act, GDPR, and DSA 1. Although the realiza-
tion of these rights is dependent on the concrete application domain, assessed 
risk, and operational context [ 6], the principles of explainability and contesta-
bility are embedded in the normative frameworks underlying these regulations 
and constitute a central step on the path towards trustworthy AI systems [ 43]. 

However, designing for these rights raises challenges: Deciding whether and 
how to contest requires an understanding of the system that made the deci-
sion [ 1]. But to understand, decision subjects require not only “mechanistic” infor-
mation, such as how the model processes inputs and how features are weighed, 
but also “intentional” information, such as which purpose the system serves and 
how it is used. Humans interpret algorithmic systems as intentional agents, which 
creates an information need for normative reasoning [ 14, 49]. Yet while informa-
tion about intention and rationale is equally important in explaining algorithmic 
decisions to decision subjects [ 20], explainable AI (XAI) has so far mostly focused 
on providing the first, mechanistic type. The second type of information can be 
conveyed through justifications, which we define as describing the norms and 
values that guide a system’s deployment [ 7, 20], and in distinction to generated 
justifications that merely rationalize discrete model decisions [ 9]. 

In this position paper, we argue that explainable AI should incorporate jus-
tifications as a key informational component, especially when explaining algo-
rithmic decisions to persons affected by them. We make three claims to this end: 
First, justifications address the epistemic needs of decision subjects by explaining 
a system’s rationale, a key aspect for judging a system’s legitimacy, that is not 
usually covered by XAI approaches. Second, justifications help decision subjects 
to assess the acceptability of their individual outcome and of the system as a 
whole, which supports the choice of adequate contestation channels. Third, jus-
tifications incentivize stakeholders throughout the system’s lifecycle to consider 
social and legal accountability for their decisions, producing a more trustworthy 
system in the process. 

In Sects. 2, 3 and 4, we elaborate on each claim and refer to current literature 
to support them. In Sect. 5, we propose four guiding design principles stating that 
justifications should be normative, argumentative, challengeable, and  relational 
and provide two examples of such designs. With this paper, we aim to provoke 
scholars and designers of explainable AI to consider the importance of normative 
information for decision subjects. We argue that explainable AI should not only 
answer the question “What does the system do?” but also “Why is the system 
justified in doing this?” 

2 Justifications Are Required to Meet Decision Subjects’ 
Epistemic Needs 

Humans Interpret Algorithmic Systems as Intentional Agents. People 
do not encounter automated decision-making systems (ADM) as disinterested 
calculators. Rather, they tend to interpret these systems as intentional agents –
1 General Data Protection Regulation and Digital Services Act, respectively. 
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entities that act with goals and purposes. This is a deeply rooted cognitive incli-
nation, called the “intentional stance” [ 14]. Classic psychological experiments 
have shown that humans readily attribute agency and intent even to simple geo-
metric shapes, if they move in ways that appear purposeful [ 19]. This interpretive 
bias extends to modern technologies: people interact with robots, conversational 
agents, and other intelligent-seeming systems as if they were social beings. While 
they do not assign them sentience per se, people perceive these systems as “hand 
puppets”–projections of the social agents in the background [ 11]. In consequence, 
even less human-like decision-making systems are perceived as embodying the 
intentions, beliefs, and values of the deploying institutions [ 10]. This changes 
by which standards its decisions are evaluated. Decision subjects ask not only 
how a certain outcome was produced – which we call descriptive explanations – 
but also why this outcome is “right” [ 41] – which we call  normative explanations 
or justifications. A main point of this paper is that descriptive explanations do 
not directly speak to questions of legitimacy or value alignment [ 9]. These ques-
tions require justifications that link the system’s behavior to overarching goals, 
principles, or purposes, i.e., its rationale [ 15]. This is reflected in the concept 
of “goal-driven XAI,” where agents are explained not just through statistical 
methods, but through frameworks that reconstruct their beliefs, desires, and 
intentions [ 41]. Such approaches recognize that when a system appears to act 
for a reason, it will be interpreted and assessed in normative terms. 

Current XAI Tools Are Limited and Not Designed for Normativ-
ity. While explainability methods have gained significant traction in recent 
years, most remain focused on creating mechanistic transparency. These “data-
driven” [ 41] XAI approaches aim to reconstruct how a system reached its output 
through techniques such as feature importance or saliency mapping [ 39]. While 
useful in many contexts, this paradigm comes with several limitations. First, the 
explanations produced are inherently selective, often highlighting only part of 
the model’s internal logic, which opens the door to skewed portrayals or cherry-
picked narratives [ 46]. Second, in complex models, their verification against the 
actual decision process is impossible due to the very opacity that creates the 
need for XAI in the first place [ 39]. The traditional descriptive methods may be 
well suited to domains in which rules are based on objective “ground truths” (like 
medical imaging systems) and aggregated statistical evaluations of performance 
will indeed be central to justified deployment. But they fall short when applied 
to systems that affect individual rights, opportunities, or access to public goods 
based on human-defined and disputable values. 

Affected Persons Require Justifications. In cases where events or actions 
affect a person’s life, mechanistic and statistical causality chains are typically of 
secondary interest [ 35]. Instead, Langer et al. 2020 [ 25] identify fairness, informed 
consent, and, crucially, morality and ethics as key epistemic desiderata of per-
sons affected by automated decisions. These cannot be satisfied through techni-
cal explanation alone, because evaluative questions (What makes this decision a
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good one? Who does it benefit? Do I agree with it?...) require normative infor-
mation, not just computational insight [ 18]. In fact, justification may be more 
important to decision subjects than explanation. Vredenburgh 2024 [ 48] points  
out that even in purely human-driven decision-making, people rarely care about 
the exact cognitive process behind a choice. Instead, they want to know whether 
it can be defended in terms of norms, values, and legitimate goals. Since these 
normative judgments create epistemic desiderata not satisfiable by descriptive 
explanations alone, we argue that providing information to support such judg-
ments is a key role of human-centered explainable AI, as is the development of 
design approaches to deliver this information. 

3 Justifications Shape Decision Subjects’ Intent 
to Accept or Contest Decisions 

Transparency in Rationale Discourages Algocratic Shortcuts Through 
ADM Systems. Public institutions, by definition and by design, have power 
over the individual as they enforce state rules and sanctions [ 38]. Delegation of 
power is a common practice in modern representative democracies. Yet rather 
than blind compliance, deference should be “informed” by being the result of 
scrutiny, deliberation, and reflection [ 24]. In ADM systems, informed deference 
is often bypassed by “algocratic shortcuts” [ 4], i.e., delegating decision-making to 
supposedly neutral or objective [ 30] algorithms instead of incorporating citizen 
deliberation. This is analogous to deference to experts (“epistocratic shortcuts”). 
To discourage such shortcuts, ADM systems should instead be framed from the 
view of digital civics, i.e., as technology that uses collaborative and relational 
approaches [ 12]. Justifications can support these approaches by creating trans-
parency in rationale [ 15], which can raise the perceived legitimacy of an ADM 
system while also avoiding complete deference to them. 

Understanding the Objectives of an ADM System Can Improve 
Acceptance of Unfavorable Decisions. Institutions necessarily need to make 
decisions that are unfavorable to some. Providing justifications of these decisions 
can help make even tough decisions easier to accept, if the person agrees with the 
ultimate values and objectives of the deploying institution [ 4]. Further, including 
the point of view of the deploying institution makes it possible to re-assess the 
justifiability of the system as a whole. This dual assessment points towards a dis-
tinction between local and global justifications analogous to the distinction made 
for explanation approaches [ 33]. While local justifications can help people judge 
the acceptability of their individual decisions, global justifications in combina-
tion with explanations can improve credibility and create a sense of reassurance 
despite an unfavorable outcome [ 27]. This way of rendering decisions understand-
able not only in a rational but also in an intentional sense might improve the 
feeling of relatedness [ 40] and the perception of procedural justice, which are 
essential to model the relation between state and individual [ 4].
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Justifications Enable Contestation. Transparency in rationale enables con-
testability both before (ex-ante) and after (ex-post) decisions. As part of the pre-
emptive measures that are favored by current AI policy to minimize the potential 
harms of high-risk ADM systems [ 37], justifications can be used to consult exter-
nal stakeholders and the public to scrutinize the legal and ethical norms that 
drive subsequent ADM system development [ 20]. As part of ex-post measures 
that address and remedy realized harms [ 37], justifications can help decision sub-
jects to decide on adequate contestation channels, e.g., whether to use judicial 
or non-judicial means to challenge decisions [ 43]. Both legal and design research 
state that understanding is a precondition for contestation, and see explainabil-
ity and contestability as tightly linked [ 1, 33]. For example, explanations should 
help users to “understand the relevant capacities and limitations” of high-risk 
AI systems (AI Act), the “precise purposes” of automated decisions in content 
moderation (DSA), and the “logic involved” in data processing and subsequent 
profiling (GDPR) to enable contestation and create empowerment [ 33]. But to 
fulfill its supporting role for contestation, explainability also needs to convey the 
intentions and goals of the deploying institution. As we established above, this 
information is not only descriptive but also normative, and can only be provided 
in the form of justifications. We thus see justifications as a key aspect of the 
broader principle of contestability-by-design [ 1] and as a building block for the 
design of contestation mechanisms. 

4 Justifications Encourage Considering Social and Legal 
Accountability Throughout the System’s Lifecycle 

Disclosing Goals and Values Is Required to Establish Accountabil-
ity. Accountability is seen as a core principle of trustworthy ADM systems 
and is closely tied to notions of fairness, auditability, and the minimizing of 
negative impact [ 21]. But assigning and assessing social and legal accountability 
requires more than merely providing insight into a model’s internal mechanics, as 
“accountability requires justification and justification requires explanation. The 
form of each should determine the form of the others” [ 17]. Further, normative 
aspects, in particular the choice to employ a machine-learning-based decision 
tool, as well as the criteria it evaluates, are fully explainable and have significant 
implications on the final design, which constitutes a good reason to subject them 
to scrutiny [ 45]. This intuition is captured in the two-part framework for explana-
tions, namely: a good explanation provides (1) (normative) information required 
to describe the decision in terms of its goals and intentions and (2) (descriptive) 
information treated as part of the record for backing up the adherence to this 
norm [ 45]. If the deploying institution fails to deliver records that align with 
their norms, they can be held responsible, thus establishing accountability. 

All Types of ADM Systems Embed Human Decision-Making and 
Rationale that Should Be Open to Validation. Algorithmic decision-
making systems exist in a grey space between data-driven models and goal-
directed agents [ 41]. Though their interactional autonomy is limited, they are
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not mere smart calculators. They are deployed to advance human-defined objec-
tives and inherit intentionality from their designers and deployers. Barocas et al. 
2023 [ 5] define three categories of automated decision-making that implement 
human intentions: The first kind automates pre-existing decision-making rules 
and is thus a mere computational expression of these rules (such as software to 
determine welfare eligibility). The second kind learns to predict decisions based 
on data from past decisions and thus incorporates human-defined rules that were 
applied in the past (such as automated grading systems). The third kind derives 
decision-making rules from the data based on the definition of a target or goal 
to be optimized (such as predictive policing), which again was chosen through 
human intent. Therefore, all ADM systems implement value and policy choices 
made by humans and, in order to create accountability, should open these choices 
to validation and audit [ 53]. 

Justifications for Decision-Subjects Must Work Alongside Struc-
tural Accountability Mechanisms. While enabling contestation and agency 
through transparency is important, the responsibility for evaluating whether 
automated decisions are legitimate or correct should lie with governing institu-
tions, not the governed individuals. Institutional safeguards against errors, bias, 
or illegitimate objectives are crucial, as individual contestations alone cannot 
resolve systemic issues [ 23]. Moreover, as exemplified by the GDPR cookie con-
sent mechanism, placing responsibility on end-users (affected persons) without 
simple agency mechanisms can lead to disengagement and the waiver of one’s 
rights. Explanations provided to decision subjects should therefore be designed 
as tools for individual oversight, enabling them to assess whether a system’s 
outcome aligns with the institution’s normative claims in light of their personal 
context. If it does not, decision subjects must be provided with simple, low-
barrier channels to contest the outcome. For instance, if an organisation claims 
to use a race-neutral algorithm, but the decision appears racially biased, deci-
sion subjects should be able to trigger a review. In this model, explanations 
and justifications act as interfaces for critical discourse with the authority [ 20] 
and, when embedded within frameworks for systemic accountability and institu-
tional guarantees of legal and ethical standards, explanations and justifications 
together enable informed deference [ 4]. 

5 Crafting Justifications 

We established why justifications should be seen as a key component of explain-
able AI for decision subjects. In this Section, we propose guiding principles for 
the design of such justifications. With these principles, we aim to contribute a 
conceptual foundation that can be used to fit traditional explanation approaches 
to the rights and epistemic needs of decision subjects. The principles aim to intro-
duce normative information (explaining goals, values, and intentions) to comple-
ment the mechanistic information (explaining features, outputs, and functions)
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in established explanation approaches. Namely, we propose that justifications in 
XAI should be: 

– normative – describing the underlying norms, values, and intentions that 
guide an ADM system’s actions as opposed to its mechanistic features, a 
value judgment rather than a technical assessment [ 26]; 

– argumentative – incorporating multiple points of view that could be advo-
cated for by the involved stakeholders, supporting deliberation more than 
application, a forum rather than a manual [ 47]; 

– challengeable – presenting information in a way that invites reflection and 
opposition, justifying the reasoning behind a particular case, a debate rather 
than a factual authority [ 32]; 

– and relational – adapting to the relation between the sending and the receiv-
ing stakeholder [ 17], just as explanations are adapted to the knowledge and 
role of their audience. 

The concrete design of justifications is context-dependent, as are most expla-
nation approaches [ 16]. Designs can take the form of lists of pro and contra 
arguments, flowcharts of actor involvement in algorithmic decisions, or elabora-
tion on the design choices that determined training data and model of a system. 

To illustrate, we provide two examples for the design and content of justifi-
cations in Fig. 1. These justifications are based on information about an ADM 
system that was planned to be used in the Austrian employment agency “AMS” 
to rate the employability of jobseekers. The system’s deployment was stopped in 
2020 by Austrian Court of Administration, but comparable systems were actu-
ally implemented and are still in use in other European countries [ 44]. The jus-
tifications shown incorporate information from literature that documented the 
system’s development and planned deployment [ 3, 30], and follows a question-
driven approach [ 29] to address two information needs of potential decision sub-
jects [ 42]: Can misclassifications harm people who are targeted by this system? 
and Which ethical principles guided the system’s development? The first question 
is addressed through an argumentative approach, presenting both information 
for and against the claim. The second question is addressed through a list of prin-
ciples as given by the deploying institution [ 22]. The latter justification could be 
complemented by another sheet describing whether these principles are met in 
the actual deployment. 

While not using the same terms to describe them, previous work has employed 
justifiability as a relevant dimension in explanation approaches. Lee et al. 
2019 [ 27] co-designed an algorithmic food donation distribution system with 
stakeholders from a local community. In their design, affected stakeholders could 
choose which values to prioritize in the optimization (such as food access, income, 
and travel time). This direct participation in the design process increased peo-
ple’s acceptance even of decisions that favored another donation destination 
over their own, because it produced transparency in rationale and values. Since 
in resource distribution systems, the different values and priorities will be in ten-
sion and their priority subjective, extended designs have been proposed which 
allow decision subjects to contest the norms, reaching a system built on values
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Fig. 1. Two examples of justifications for decision subjects. The described system was 
intended to rate the employability of jobseekers to assist job counselors in the decision 
about adequate support measures [ 30]. For both examples, the leading questions can-
not be answered easily through factual or descriptive information, but instead require 
considerations of the norms, values, and viewpoints involved. In this sense, they do not 
aim to provide a factually correct answer, but reasoning grounds for deliberation [ 34] 
on decisions, including whether to contest a decision and whether to contact someone 
in a supervisory position, such as a human in the loop [ 13]. Both examples adhere to 
the four proposed principles for justification design, namely, they are normative (based 
on norms and values), argumentative (give multiple views), challengeable (do not claim 
informational authority), and relational (are addressed towards decision subjects). 

representing both the deployer and the affected stakeholders [ 20]. Further, Weitz 
et al. 2024 [ 50] conducted workshops with end-users from the public sector to 
identify their needs for XAI interfaces and found that social norms and cultural 
values were essential to assess whether an AI system aligned with their values. 

Notably, justifications, just as explanations, come with their own set of lim-
itations. Without the grounding evidence of explanations, justifications can be 
tuned to satisfy their reader without conveying truthful information about a sys-
tem, which might in reality be discriminatory. Further, reasoning approaches are 
prone to “confirmation bias”, as information confirming one’s views is easier to 
accept than those to the contrary [ 47]. Hence, both approaches are necessary and 
complementary. While explanations document the factual, justifications provide 
a sense of guiding intention and purpose. 

6 Future Work 

Future work can follow several avenues to examine the design and effect of jus-
tifications in explainable AI: First, qualitative analyses could identify the infor-
mation needs that decision subjects and other stakeholders have with respect 
to justifications specifically. Previous work established collections of information 
needs in the context of AI systems [ 28, 42], but did not focus on the distinc-
tion between descriptive and normative information and their respective value 
to different stakeholders. Second, studying the role and effect of justifications 
in the context of contestation is a promising avenue for both qualitative and
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quantitative research. While contestation has been the subject of some empir-
ical work [ 2, 31, 51], many open questions remain, such as which contestation 
options decision subjects prefer, which kind of information is most helpful to 
this end, and how contestation success can be measured. Third, while the design 
space for explanation has been explored in many studies [ 36], design for justifi-
cations – beyond those that justify individual algorithmic decisions with descrip-
tive information [ 8, 52] – is comparably unexplored. Finding ways to convey the 
challengeable norms and principles guiding an ADM system understandably and 
helpfully to decision subjects is thus another fruitful direction of future work. 

7 Conclusion 

In this paper, we argued that justifications should be a key component when 
explaining algorithmic decisions to decision subjects. We made three claims to 
this end: justifications fulfill key epistemic desiderata of decision subjects; jus-
tifications can shape decision subjects’ intent to accept or contest unfavorable 
decisions; and justifications encourage consideration of accountability along the 
whole lifecycle of ADM systems. We provide two examples of such justifications 
for the use case of an algorithmic decision-making system in the employment 
domain. To translate these claims into practical approaches, future work should 
conduct requirement analyses to study decision subjects’ information needs for 
justifications and develop designs that employ justifications in complement with 
explanations to be of value to decision subjects. 
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