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Abstract

Explainable Al (XAI) methods can support the identifica-
tion of biases in automated decision-making (ADM) sys-
tems. However, existing research does not sufficiently ad-
dress whether these biases originate from the ADM system
or mirror underlying societal inequalities. This distinction is
important because it has major implications for how to act
upon an explanation: while the societal bias produced by the
ADM system can be algorithmically fixed, societal inequali-
ties demand societal actions. To address this gap, we propose
the RR-XAl-framework (recognition-redistribution through
XAI) that builds on a distinction between socio-technical and
societal bias and Nancy Fraser’s justice theory of recognition
and redistribution. In our framework, explanations can play
two distinct roles: as a socio-technical diagnosis when they
reveal biases produced by the ADM system itself, or as a so-
cietal diagnosis when they expose biases that reflect broader
societal inequalities. We then outline the operationalization
of the framework and discuss its applicability for cases in al-
gorithmic hiring and credit scoring. Based on our findings,
we argue that the diagnostic functions of XAl are contingent
on the provision of such explanations, the resources of the
audiences, as well as the current limits of XAl techniques.

Introduction

Explanations from the field of explainable artificial intel-
ligence (XAI) have become an important tool for iden-
tifying biases in automated decision-making (ADM) sys-
tems. ADM systems, often based on opaque or complex
machine learning (ML) models, make predictions that can
have far-reaching implications for individuals, especially
when deployed in high-stakes contexts such as credit scoring
(Florez-Lopez 2010; Bono, Croxson, and Giles 2021; Onay
and Oztiirk 2018) or hiring (Yarger, Cobb Payton, and Neu-
pane 2019; Raghavan et al. 2020).

Importantly, predictive ADM systems rely on past data
that could reflect structural inequalities, encoding patterns
of historic discrimination that can be reproduced or ampli-
fied in algorithmic outputs (Ntoutsi et al. 2020; Barocas and
Selbst 2016; Barocas, Hardt, and Narayanan 2023; Alkhatib
and Bernstein 2019; Fabris et al. 2022; Kasirzadeh 2022).
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For individuals subject to these decisions, explanations are
thus not merely a matter of transparency of an ADM sys-
tem but also of justice (Amoore 2020; Kasirzadeh and Klein
2021; Keyes and Creel 2022).

While a growing body of literature in computer science
explores how explanations can support algorithmic fairness
through the detection of biases (Ramachandranpillai, Baeza-
Yates, and Heintz 2023; Zhou, Chen, and Holzinger 2020),
we identify two shortcomings in XAI research: First, many
XAl/fairness works define fairness through formal metrics,
detaching it from legal and societal contexts. Second, the
mere focus on the ADM system as the locus of analysis over-
looks biases rooted outside of the model and mirrored within
it — the so-called societal biases.

Responding to these shortcomings, we turn to an underex-
plored feminist theory of social justice, particularly Nancy
Fraser’s influential account of justice, comprising two di-
mensions: recognition and redistribution (Fraser 1997, 2000,
1995). While recognition refers to the dimension of justice
that addresses the acknowledgment of diverse identities, re-
distribution refers to the distribution of material resources.
Drawing on these two principles, we foreground two diag-
nostic functions of XAl and propose the RR-XAI-framework
(recognition and redistribution through XAI):

* XAl as socio-technical diagnosis: explanations can func-
tion as a socio-technical diagnosis when detecting forms
of biases in the ADM system arising from structural in-
equalities (e.g., as defined by anti-discrimination law).
Explanations provide an entry point for legal claims-
making, institutional contestation, and technical redress.
Socio-technical bias can be “fixed” within the ADM sys-
tem.

* XAI as societal diagnosis: as a societal diagnostic, ex-
planations make visible that automated decisions accu-
rately mirror an unjust ‘reality’. Here, explanations ex-
pose forms of biases that lie outside the ADM system
and cannot be “fixed” within it. Instead, this diagnosis
demands broader redistributive or political responses.

"Fraser labels recognition as the ’cultural dimension’ of jus-
tice to combat cultural domination, nonrecognition, and disre-
spect and redistribution as the ’economic dimension’ of justice
through remedying economic exploitation and deprivation (Cesario
Alvim Gomes 2018).



With the RR-XAI framework, we invite practitioners, au-
ditors and data subjects to view explanations not only as a
technical tool but also as an entry lens for understanding
whether justice requires fixing an ADM system, the context
within which it functions, or the world that shapes it.

Contribution Bridging perspectives from feminist justice
theory, science and technology studies (STS) and XAl/fair-
ness research, we make the following contributions:

1. We introduce the RR-XAI-framework as a justice-
oriented conceptualization of XAl for bias detection. It
is based on the following two conceptual contributions:

(a) An understanding of bias that distinguishes be-
tween socio-technical and societal bias following STS
scholar Lopez (2021) to acknowledge the different ori-
gins of bias.

(b) An application of feminist justice theory following
philosopher Fraser (1997, 2000, 1995) to theoretically
ground the two justice-oriented, diagnostic functions
of XAl that explanation receivers can act upon.

2. We exemplify the applicability of the framework for
cases in algorithmic hiring and credit scoring.

3. We discuss the implementation and obstacles of the pro-
posed framework.

Scope This paper focuses on the explanations used in so-
cially consequential decision-making contexts, where ADM
systems have the potential to significantly exacerbate ex-
isting societal inequalities (Benjamin 2019; Noble 2018;
Scheuerman, Pape, and Hanna 2021). To illustrate these
examples, this work draws on the EU legal context. As
a conceptual contribution, our work has implications for
a diverse range of scholars, practitioners, and the XAl/-
fairness community, as we adopt a social justice-oriented
lens and present our RR-XAI framework as a tool for di-
agnosing socio-technical and societal biases. We also be-
lieve our framework holds practical relevance: it demon-
strates how explanations can prompt actions like refining
ADM systems, supporting legal claims, and driving societal
change. These actions have wide-ranging implications, af-
fecting not only those directly impacted by ADM systems
but also civil society more broadly. Our research is the result
of an interdisciplinary collaboration drawing on our research
and experiences as scholars in the field of XAl/fairness,
computer and social science, and our shared grounding in
feminist scholarship.

Structure We start by discussing the varieties of bias in
ADM systems and by presenting Lopez’s taxonomy as a
useful tool for distinguishing between three forms of bias
(Section: Discrimination and Biases in ADM Systems). We
then review current approaches in algorithmic fairness and
XAlI, with a focus on how XAI is utilized for bias detec-
tion. We also briefly explore related work that approaches
XAI from justice-oriented and feminist perspectives (Sec-
tion: Related Work: XAI for fairness). Building on calls
for justice-oriented XAI, we draw on underexplored femi-
nist and social theories of justice to propose the RR-XAI-
framework (Section: The RR-XAI-Framework). We demon-
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strate its applicability by two illustrative cases in hiring and
credit scoring (Section: Examples). We conclude with a dis-
cussion of conceptual considerations and four key condi-
tions for an operationalization and implementation of the
framework (Section: Discussion), discuss limitations and di-
rections for future work (Section: Limitations and Future
‘Work) and close with an outlook (Section: Conclusion).

Discrimination and Biases in ADM Systems

ADM systems have a significant impact on various aspects
of our lives. In the past, such systems have been used to pre-
dict chances on the job market (Allhutter et al. 2020), so-
cial welfare allocation (Freeman, Shah, and Vaish 2020; van
Bekkum and Borgesius 2021), or a criminal’s recidivism for
legal proceedings (Angwin et al. 2018; Corbett-Davies et al.
2017). Given the high-stakes context of such automated de-
cisions, there is growing public and scholarly concern over
the social consequences of opaque algorithmic predictions
and the harm they may cause to data subjects and society at
large (Narayanan and Kapoor 2024; Noble 2018; Eubanks
2017; Chun 2021; Benjamin 2019).

As a consequence of this controversy, a new field
grounded in computer science has emerged to develop meth-
ods and metrics to detect and quantify algorithmic discrimi-
nation. This field is referred to as algorithmic fairness (Baro-
cas, Hardt, and Narayanan 2023; Mitchell et al. 2021; Weerts
et al. 2024) (or sometimes, as fair-Al (Ruggieri et al. 2024)).
In algorithmic fairness, discrimination is typically framed
as harmful bias, further conceptualized through a pipeline
model of Al development, which breaks ADM systems
down into three stages — data, model, and output — each
seen as a potential site where biases can arise and be mit-
igated (Ntoutsi et al. 2020). Along these three stages, vari-
ous subcategories of bias have been identified. For example,
Mehrabi et al. (2021) proposes a taxonomy of 23 distinct
types of data biases, ranging from measurement and sam-
pling bias to aggregation and representation bias.

Alongside these approaches to detect and mitigate bias
in ADM systems, several critical scholars have empha-
sized that such fechnically-oriented taxonomies risk over-
looking deeper structural and historical injustices (Miceli,
Posada, and Yang 2022; Hildebrandt 2019; Friedman and
Nissenbaum 1996; Reyero Lobo et al. 2024).

In light of these concerns, we draw on the bias taxon-
omy proposed by STS scholar and mathematician Paola
Lopez (2021). Lopez distinguishes between technical, socio-
technical, and societal bias to enable a clear conceptual sep-
aration between technical and societal sources of bias and
appropriate forms of intervention. In this contribution, we
adopt this taxonomy precisely because it offers a pragmatic
and justice-sensitive foundation for understanding these dif-
ferent sources of biases in ADM systems and aligning them
with structural inequalities. We value her framework not
only for its alignment with critical perspectives on bias, but
also for its accessibility and its potential to operationalize
such perspectives in practice.

In detail, Lopez three-fold taxonomy of bias is structured
as follows:
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Figure 1: Bias scheme as described in (Lopez 2021). (*) Reality is a highly contested term (Bowker and Star 2000; Jacobs and
Wallach 2021). (**) Structural inequalities are defined based on protected features as stated in anti-discrimination law. Figure

re-created by the authors.

1. Technical bias refers to mismatches between what is in-
tended to be measured and what is actually measured,
due to technical or conceptual shortcomings. This type
of bias is not rooted in structural inequality. This is also
the reason why technical bias is not part of our justice-
oriented RR-XAI framework.

2. Socio-technical bias arises when structural inequalities,
as defined by existing legal frameworks, affect the data
such that it no longer represents the phenomenon in-
tended to be measured (‘reality’). Socio-technical bias
are an entry point for legal intervention against the Al
provider based on existing anti-discrimination law.

3. Societal bias occurs when data accurately mirrors a
(structurally unjust) ‘reality’. The data depicts correctly
that society structurally discriminates against certain so-
cial groups or marginalized communities.

To exemplify the difference between these biases, Lopez
introduces the case of the Austrian public employment ser-
vice (short: AMS) that designed an algorithm to predict
job seekers’ likelihood of integrating into the labor mar-
ket. Based on this predicted likelihood, job seekers were
assigned one out of three possible classes, depending on
whether they had high (at least 66%), medium (between
25% and 66%) or low chances (less than 25%) to return
to the job market. Only those with medium chances re-
ceived AMS support, as high-chance individuals were ex-
pected to find jobs independently, and low-chance individu-
als were considered unlikely to succeed. The model explic-
itly weighted factors like female gender, care responsibili-
ties, and non-European citizenship negatively.

1. Technical bias is the distortion that occurs when a model
relies on pre-COVID labor market data to predict post-
COVID employment chances, creating a mismatch be-
tween outdated patterns and a structurally changed labor
market.

2. Socio-technical bias is the continued use of a binary gen-
der classification despite the legal recognition of non-
binary gender identities in Austria, reflecting how struc-
tural gender inequalities shape the AMS data and lead to
the exclusion of non-binary identities.
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3. Societal bias is the reflection of structural inequalities
within a system, such as the statistically lower labor mar-
ket chances of women, older people, or non-EU citizens.
While this kind of bias can reinforce inequalities when
used to allocate fewer resources to disadvantaged groups
(as it was the case), Lopez argues that it can also be em-
ployed as an “emancipatory tool of diagnosis” to make
these societal inequalities visible and politically action-
able.

Fig. 1 illustrates how different types of bias can be iden-
tified using a diagnostic scheme based on a guiding ques-
tionnaire. The first question is: “Does the data/datafication
deviate systematically from the phenomenon in reality?” If
the answer is “No”, and the data accurately reflects exist-
ing structural inequalities — such as the lower employment
chances of women, older people, or non-EU citizens — this
constitutes a societal bias. If the answer is “Yes”, a follow-
up question is: “Is this deviation a direct result of a structural
inequality in society?” If the answer is “No”, as in the case
of using outdated pre-COVID data, this indicates a technical
bias. If “Yes”, the deviation stems from embedded structural
inequalities — such as the binary coding of gender in sys-
tems despite legal recognition of non-binary identities — this
is classified as a socio-technical bias.

This leaves the question of what exactly constitutes a phe-
nomenon that can be measured — or, more fundamentally,
what ’reality’ is. As we critically acknowledge, reality is
highly contested, since measurements are always only prox-
ies for “unobservable theoretical constructs” (Jacobs and
Wallach 2021). Following Lopez’ understanding, we use the
term ‘reality’ deliberately to highlight that datafication can
systematically diverge from the phenomena it seeks to repre-
sent — a divergence that is not accidental but often patterned
in structural inequalities that shape how certain phenomena
are understood and acted upon.

As we will further discuss in the Section “Discussion”, the
distinction between socio-technical and societal bias is also
not always clear-cut. However, drawing on this distinction
remains analytically and practically valuable for identifying
the different sources of bias and linking them to the corre-
sponding justice-oriented action.



Related Work: XAI for Fairness

Explainable artificial intelligence (XAI) is a research field
focused on the development of algorithmic explanations
for Al (Gunning et al. 2019; Guidotti et al. 2018; Molnar
2019).2 Different scholars in the field of XAI propose and
use different definitions of what an explanation is (Mittel-
stadt, Russell, and Wachter 2019; Lipton 2018; Rohlfing
et al. 2020). In our contribution, we build on the following
understanding: “Given an audience, an XAl is one that pro-
duces details or reasons to make its functioning clear or easy
to understand” (Barredo Arrieta et al. 2020).%> Explanations
are necessary not only for opaque ML models but also for in-
terpretable ones; since some interpretable models — such as
deep decision trees — can be quite complex (Molnar 2019).

XAI methods are usually divided into two categories, de-
pending on their functionality: model-agnostic and model-
specific (Guidotti et al. 2018; Molnar 2019). Instances of
the first work on any, instances of the second only on partic-
ular models. The method SHAP (Lundberg and Lee 2017) —
the method that we build on in the Section “Examples” — is
model-agnostic. Additionally, an XAl explanation is distin-
guished by its validity: it is locally valid, i.e., for a specific
data instance, or globally, i.e., for the full model (Guidotti
et al. 2018; Molnar 2019). SHAP provides local and global
explanations, and we use the local version in our work.

Most XAl methods —also SHAP — produce a static output,
i.e., fixed information, with a few exceptions implement-
ing interactivity, e.g., (Sokol and Flach 2020b), allowing for
“what-if” questions by the user and interactions via voice
and text. Other work exists that critically engages with some
dimensions of explanations, e.g., the context of an explana-
tion (Sloane et al. 2023), their evaluation (Nauta et al. 2023)
and documentation (Sokol and Flach 2020a).

Extending (State 2021), an explanation can have different
purposes or functional goals which can be broadly summa-
rized as understanding, legal compliance, bias detection, and
algorithmic recourse. Central to our work is the purpose of
bias detection, which we outline in the next section.

>Two remarks: first, in this work, we focus on explanations for
Al and exclude transparent-by-design approaches, sometimes also
included under the umbrella of XAI. Second, we use the term Al,
even if most of the methods focus on an explanation of ML models,
a specific sub-field of Al, also called sub-symbolic. While in recent
years the focus has been on developing explanations for such mod-
els, the first instances of XAl date back several decades and address
so-called expert systems (Confalonieri et al. 2021). These systems
are instances of symbolic methods, a different branch of Al

3A social science perspective on XAI offers a different view-
point, where explanations can serve as a lens to infer the rela-
tions between humans and machines (Borch and Hee Min 2022),
or between explainers and the explainees (Rohlfing et al. 2020).
This perspective also sheds light on XAI explanations being
co-constructed and performative, including not only formalized
knowledge but also intuition and different forms of expertise (De-
Vito, Gergle, and Birnholtz 2017), and how we still rely on narra-
tives to make sense of automated actions (Andrejevic 2020). These
works are important to consider, but not central to our argument.
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Bias Detection through XAI

Utilizing XAl to detect bias is one of the motivating fac-
tors for researchers to design XAI methods (Pedreschi et al.
2019; Guidotti et al. 2018). Since the primary goal of an
explanation is to clarify how a decision was reached in an
ADM system, it should also provide information about the
features involved in the decision and their influence on the
result of the decision. Bias becomes visible (or is detected)
through an explanation when it shows that the ADM system
relies on an identity category (like gender or age)* or a proxy
for it. Bias is detected when the use of such categories or
proxies cannot be justified legally or ethically. By proxy, we
refer to a variable that correlates to an identity category, and
that therefore acts as a substitute for it. The notion of proxy
(and discrimination via a proxy) is an ongoing discussion,
see for example (Tschantz 2022).

Despite the huge potential in the synergy between the field
of algorithmic fairness and XAI, e.g. what we hence call
XAl/fairness, only few works at the intersection exist yet.
An early work that broadly discusses this synergy is Zhou,
Chen, and Holzinger (2020): the authors discuss existing re-
search under four different point of views: i) explanations
as a guarantee of model fairness; ii) the influence of expla-
nations on the perception of fairness; iii) the perception of
the fairness of features and its relation to XAI; as well as
iv) fairness and counterfactual explanations. Furthermore,
the authors do not define fairness in their work, rather, they
acknowledge that there are different ways to understand it.

A more extensive study is (Ramachandranpillai, Baeza-
Yates, and Heintz 2023). The authors survey 56 research
works in XAl/fairness and propose a taxonomy for their
classification. The majority of works are grouped under the
umbrella term XAl for bias mitigation: these are approaches
that can be used to analyze and improve the fairness (the
satisfaction of a fairness metric) of a given ML model. The
approaches are further classified by whether they quantify
bias in the result of the model (in the decision itself) or in
the procedure of reaching that decision. Based on the spe-
cific XAI method used in the approach, a more fine-grained
distinction can be made. The second umbrella term is XA/
for bias evaluation: here, the authors group approaches that
use XAI to analyze the fairness (here, the satisfaction of a
fairness metric) of either a specific ML model or of a sur-
rogate model. With a surrogate model, the authors refer to
explanation methods that explain an ML system by approxi-
mating it from outside and thereby build the surrogate. Such
amodel and the explanation of this model can also be quanti-
fied by its fairness. Further, they make a distinction between
whether the fairness relates to the output of the (ML or sur-
rogate) model, to how a user understands the fairness of this
model or whether it is a combination of the two.

In this work, we will utilize the local version of the ex-
planation method SHAP (Lundberg and Lee 2017), a well-
known and frequently used XAI method. According to the
taxonomy of Ramachandranpillai, Baeza-Yates, and Heintz

“Note, these categories used in computer science are often sim-
plified representations of more complex social identities (Keyes,
Hitzig, and Blell 2021).



(2023), this approach classifies as XAl for bias mitigation /
result-oriented / post-hoc / feature-specific.’ The choice of
an XAI method, however, is not fixed when applying our
framework: we will discuss different choices and implica-
tions for the framework in the Section “Discussion”.

Both surveyed papers define fairness as formalized equal-
ity goals (metrics) as put forward by the algorithmic fairness
literature (Verma and Rubin 2018; Ntoutsi et al. 2020). As
a result, they focus on the “abstraction of fairness” (Selbst
et al. 2019) without interrogating how fairness relates to
broader legal or societal structures.

Building on existing work connecting algorithmic fairness
with legal frameworks (Weerts et al. 2023; Wachter, Mittel-
stadt, and Russell 2021; Berk et al. 2021), our study extends
this perspective to the XAl/fairness literature in computer
science that we surveyed. With its predominant focus on the
data-model—output pipeline, existing work in XAl/fairness
has so far engaged less with forms of bias that manifest out-
side the ADM system itself — such as societal bias, as intro-
duced by (Lopez 2021).

In our work, we address this by adopting an understand-
ing of bias that integrates both socio-technical and societal
bias as put forward by (Lopez 2021); and by mobilizing jus-
tice theory to assess whether XAl can have diagnostic func-
tions that can positively contribute to contest, challenge and
change diverse sources of bias. Originating from these re-
search gaps, we now outline the related work at the intersec-
tion of feminist justice theory and XAI.

Critical Feminist Scholarship on XAI

Recent scholarship across critical algorithm studies, femi-
nist theory, STS, and computer science has called for justice-
oriented approaches to XAI (Rohlfing et al. 2020; Borch and
Hee Min 2022; Klumbyte, Piehl, and Draude 2023b; Keyes
and Creel 2022; Amoore 2020; State and Fahimi 2023).
These approaches question the dominant framing of XAI
as making internal system mechanisms more accessible and
more transparent. As scholars have shown, transparency is
a contested and situated ideal (Burrell 2016; Ananny and
Crawford 2018; Fahimi and Kinder-Kurlanda 2025), that
also often fails to produce actionable or contextually mean-
ingful explanations for those affected by algorithmic sys-
tems (Miller 2019).

In that regard, Felzmann et al. (2019) and Rohlfing
et al. (2020) argue that explanations must be evaluated
based on whom they serve and whether they enable action.
This reframing of XAI underscores power asymmetries: Al
providers define what is explainable and how, while data
subjects are often left without the means to question or chal-
lenge decisions that affect them (Browne 2023; Kasirzadeh
2022; Wellner and Rothman 2020).

To address this, scholars argue for redistributing epistemic
authority and designing explanations that support critical en-

SLocal SHAP is an explanation method that explains the rea-
sons behind a single decision (taxonomy XA/ for bias mitigation /
results-oriented). It relies on a post-hoc approach (taxonomy post-
hoc). The explanation surfaces the most relevant features used by
an ADM system (taxonomy feature-specific).
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gagement, contestation, and participation (Klumbyte, Piehl,
and Draude 2023a,b). Huang et al. (2022) propose a fem-
inist and integral XAI (IXAI) approach to incorporate di-
verse forms of knowledge, thereby strengthening objectivity
and accountability. Their framework encourages practition-
ers to practice humility and openness, marginalized groups
to cultivate self-trust and advocacy, and Al providers to pro-
mote epistemic democracy. Similarly, Hancox-Li and Ku-
mar (2021) critique dominant XAI methods for reinforcing
Eurocentric and patriarchal assumptions, such as universal-
ism and modularity, while neglecting critical epistemic val-
ues like context sensitivity and feature interdependence.

Our framework builds on and complements these efforts
by explicitly linking bias detection to justice-oriented ac-
tion. By applying our framework to SHAP (though other
techniques are equally possible), we show that explanations
can reveal more than internal mechanics. This framing po-
sitions explainability not just as a technical goal, but as a
means for justice, particularly when explanations are used
to challenge power imbalances between Al providers and
those subjected to their systems. In cases of socio-technical
bias, for example, an explanation can support legal claims-
making and strengthen the position of data subjects towards
Al providers. Importantly, by grounding our framework in
Fraser’s theory of justice, as proposed in the following sec-
tion, we also offer a robust theoretical foundation that adapts
well to the algorithmic context. Fraser’s distinction between
recognition and redistribution enables us to conceptualize
and operationalize the broader claim of “justice”. However,
for XAl to function as a diagnostic for injustice — whether
socio-technical or societal — explanation recipients must
have the necessary resources and contextual knowledge to
interpret and act upon what is revealed. We return to this
challenge in detail in the discussion section.

The RR-XAI-Framework

To conceptually ground our endeavor of justice-oriented di-
agnostic functions of XAI, we now turn to the work of
Nancy Fraser (Fraser 1997, 1995, 2000). Her theory of
social justice offers a powerful lens for understanding the
implications of different types of bias, particularly when it
comes to deciding what kinds of diagnostic functions and
interventions are appropriate, and for whom.

Fraser has proposed two pathways to achieving social jus-
tice: recognition and redistribution. On the one hand, the call
for recognition seeks to acknowledge and appreciate differ-
ences related to identity categories (such as gender, race, or
age). Consider the scenario of experiencing mansplaining at
work, where you feel patronized (Turesky and Warner 2020;
Stone 2022). To tackle this as an injustice and recognize it
as sexist behavior, you must first understand the concept of
gender, then identify your own gender identity, and finally
acknowledge that gender can influence others’ behavior to-
wards you. For instance, recognizing that ‘as a woman, this
behavior is sexist against me’ helps in addressing the issue.
Thus, as an affected individual who speaks up against a sex-
ist colleague, knowing about and using an identity category
becomes necessary to point out the experienced injustice.
This act of recognition is not only personal; it belongs to
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Figure 2: Adaptation of bias scheme by (Lopez 2021) for the RR-XAI-framework. (*) Reality is a highly contested term. (**)
Structural inequalities are defined based on protected features as stated in anti-discrimination law.

what Fraser terms symbolic or cultural justice, which entails
challenging dominant value patterns and making discrimi-
nation based on identities visible and actionable. Crucially,
such recognition can also enable legal claims-making by an-
choring lived experiences of injustice in institutional cate-
gories protected under anti-discrimination law.

On the other hand, redistribution aims to reshape systemic
conditions (Fraser 1995).° Consider now, that you want to
address the gender pay gap in your workplace (Abdel-Raouf
and Buhler 2020; Staff 2018; Acred 2016). First, you need
to know the wages of all employees. As this information is
not publicly provided, you ask the CEO for transparent in-
formation to initiate an open discussion based on the exact
numbers. Let’s assume that an insightful CEO agrees, and
you can now begin to talk about wages among your col-
leagues. However, changing the gender pay gap in the com-
pany cannot be easily achieved. Such a change is contingent
on a transformation of gendered and capitalist class relations
that assign (different) wages to men and women in the first
place. In an ideal world, this would first involve recognizing
the existence of the gender pay gap, followed by the redistri-
bution of economic resources. Over time, this process would
lead to the gender pay gap and the overall effects of gender
becoming less important for the redistribution of wages. In
the long run, redistributive justice aims towards a complete
detachment from gender (and class) to bring about a sys-
temic transformation in societal conditions.

In the following, we present our framework, grounded
in this two-fold conceptualization of justice, to re-purpose
XALI as diagnostic tool. We associate the detection of socio-
technical bias with Fraser’s concept of recognition, and the
detection of societal bias with redistribution, with the aim of
prompting action on these biases.

SNote that Fraser’s definitions of categories are closely inter-
twined with the difference between recognition and redistribution.
Here, the term identity category (Hegelian terminology) relates to
a societal construct that shapes individual (or collective) identities,
such as gender, race or age. Opposed, “social category” (Weberian
terminology) and “economic category” (Marxian terminology) re-
late to systemic conditions and class relations (Fraser 2000).
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Towards Recognition: XAI as Socio-technical
Diagnosis

When the decision of an ADM system substantially relies
on the use of an identity category in a way that misrep-
resents reality (socio-technical bias), the issue at stake is
one of recognition. This constitutes a form of symbolic or
cultural injustice: the ADM system reproduces patterns of
stereotyping based on identity. For justice to be achieved,
both the data subject and the Al provider must engage in a
process of recognition — acknowledging that the ADM sys-
tem has illegitimately used an identity category, leading to
discriminatory outcomes. XAl techniques can support this
process by making the influence of variables transparent,
thus enabling critical reflection on how identity categories
are used. Critically, recognition can also serve as a basis for
legal claims. When XAI uncovers that the use of identity
categories violate anti-discrimination laws, it can support
claims towards institutional accountability through existing
legal frameworks.

Towards Redistribution: XAI as Societal Diagnosis

When the decision of an ADM system accurately reflects
reality, but that reality is itself unjust (societal bias), XAl
should function as a form of societal diagnosis. In such
cases, the diagnostic function aligns with Fraser’s prin-
ciple of redistribution by drawing attention to the socio-
economic structures that shape and normalize inequality in
reality. This includes how identity categories such as gender,
race, or class are inscribed into data through structural pat-
terns of access, exposure, and exclusion in reality. Justice-
oriented action, in this context, does not primarily refer to
changes within the ADM system, but rather to broader so-
cietal transformation. Here, structural change at the politi-
cal level would be needed to ensure that ADM systems no
longer reproduce societal biases. Current XAl techniques
can help by making the influence of input variables visible.
However, linking these variables to broader structural injus-
tices requires interpretive work and domain-specific knowl-
edge, contingent on the audiences of an explanation.



The RR-XAI framework integrates two key concepts:
recognition, which involves explanations that uncover and
address socio-technical bias and empower individuals with
the information necessary to hold Al providers accountable,
and redistribution, which focuses on detecting and alter-
ing societal bias. Together, these elements transform expla-
nations into tools that drive improvements in algorithmic
decision-making and promote social justice.

Fig. 2 displays the RR-XAI framework, and builds on
Lopez’s typology of bias as depicted in Fig. 1, by propos-
ing two additional diagnostic steps:

1. Does the explanation reveal that the ADM system bases
its decision on an identity category (or a proxy)? This
assesses whether the system encodes, relies on, or in-
fers identity-based information (e.g., gender, race, age)
as part of its decision-making.

2. If yes, does the use of the identity category (or a proxy)
deviate from reality? This step investigates whether the
encoded identity misrepresents, essentializes, or sim-
plifies identity categories. A deviation signals socio-
technical bias, if based on structural inequalities; align-
ment with potentially unjust ‘realities’ may indicate
societal bias.

Examples: Hiring and Credit Scoring

In this section, we apply the RR-XAI framework to two
illustrative cases: first, we demonstrate the use of XAl as
a potential socio-technical diagnosis in the context of al-
gorithmic hiring; second, we explore its use as a societal
diagnosis in credit scoring. While the presented cases are
fictional, they are grounded in real-world cases of high-
stakes algorithmic decision-making: For example, our algo-
rithmic hiring example draws from the well-known Amazon
case (Dastin 2018) and builds upon existing research initia-
tives focused on explanations for hiring algorithms (Beretta
et al. 2024).7 In the case of credit scoring, our example is
inspired by the “Credit Score Calculator”, an explanatory
tool to understand credit scoring that has recently been pro-
vided by a leading German credit agency.® While such ex-
planations are not yet standard practice, we expect their de-
velopment and deployment to accelerate significantly. With
the adoption of the EU AI Act in spring 2024, providers
of high-risk Al systems are legally required to offer mean-
ingful explanations.” Both examples discussed fall in the
high-risk category. Furthermore, the importance of expla-
nations in credit scoring is reinforced by the European
Court of Justice, which ruled in 2025 that fully automated
credit assessments fall under Article 22 of the GDPR and
must be accompanied by meaningful information about the
logic involved.!?

"See also https://findhr.eu/about-findhr/

8https://www.schufa.de/scorechecktools/scoresimulator/

“https://digital-strategy.ec.europa.eu/en/policies/regulatory-
framework-ai

"%https://safe-frankfurt.de/news-latest/safe- finance-
blog/details/explaining-credit-scores-the-european-court-of-
justice-rules-on-automated-credit-assessments.html

The two examples draw on SHAP (Lundberg and Lee
2017), a widely known and used explanation method.!! The
principal output is feature names, their relevance scores, and
associated decisions. Since SHAP is a post-hoc approach,
the providers of the ADM systems — a tech company and a
bank — can generate explanations once the model that is the
basis to the ADM system is trained. The input to SHAP is
the trained model and the data for which explanations are
required. The method is available as a Python package.
While the output of SHAP is by default displayed in plots,
it can be adjusted to what the providers deem most useful.
Here, we assume that they reformulate the output as natu-
ral text and reduce it to the three most important features.
These design choices are based on studies that emphasize
the importance of text over numbers and mathematical nota-
tion (Miller 2019; Mittelstadt, Russell, and Wachter 2019),
and additionally aim at minimizing cognitive load for users.

XALI as Socio-technical Diagnosis: Towards
Recognition

A tech company uses an ADM system when hiring new em-
ployees. The system assesses the résumés (CVs) of the ap-
plicants and ranks them based on their potential fit for the
open position. Applicants with a high ranking will be invited
to an interview. The company provides the following expla-
nation to an individual who was not invited to an interview:

We regret to inform you that your application was
not selected for an interview due to a low match be-
tween your CV and the requirements of the position.
The three most relevant pieces of information that in-
formed our decision (starting with the highest rele-
vance) are:

1. your experience in the tech sector is below three
years;

2. you went to an all-female college;

3. you do not have coding experience in JAVA.

The explanation reveals that one of the decisive factors of
the ADM system was the gender of the applicant, as coded
through using the proxy feature all-female college. In this
case, the proxy is easy to identify, as it can be directly in-
ferred from the feature’s value (“all-female college)” requir-
ing no external knowledge. Therefore, the explanation re-
vealed that a proxy of the identity category gender was used
by the ADM system (as related to RR-XAl-framework’s first
question “Does the explanation reveal that the ADM system
bases its decision on an identity category (or a proxy)?”).

The use of this proxy could be the result of an ADM sys-
tem trained on a dataset of CVs that reflects historical gender
imbalances in the tech labor market: because the dataset in-
cludes more CVs from male applicants, the system learns to
associate being male with being a better candidate for tech
roles. According to Lopez (2021), this constitutes a devia-
tion from a version of reality defined by anti-discrimination
law, which prohibits gender-based discrimination in em-
ployment (“Does the use of the identity category (or a proxy)

1216M downloads of the shap python package, retrieved on
2024-05-29 from https://www.pepy.tech/



deviate from reality?” in the framework). For example, in the
EU, the Recast Gender Equality Directive (Parliament and
the Council 2006) explicitly forbids discriminatory hiring
practices based on gender. The deviation lies in the fact that
the system reproduces historically rooted inequalities rather
than aligning with the normative and legal expectation that
gender should not influence employment opportunities. In
this sense, the system does not simply reflect reality but it
reinforces a biased version of it. Thus, following the RR-
XAl-framework further (“Is this deviation the direct result
of a structural inequality in society?”), a socio-technical bias
can be identified: the discriminatory output arises from the
interaction between unequal historical data and the biased
data representation, and a deviation from legal standards.

This bias can be “fixed”: one possible action to counteract
this socio-technical bias is to enhance the dataset that con-
tains the CVs such that it is balanced with respect to gender,
for example, by adding synthetic CVs. The ADM system
will learn not to make a distinction between men and women
when searching for their fit for the job. Knowing that there is
a socio-technical bias, the explanation forms also a basis to
legally challenge the ADM system: because it discriminates
data subjects based on their gender which is according to the
sectorial law in employment, not allowed. As we explain be-
low, the information provided by the explanation potentially
supports a claim of prima facie discrimination. Thus, this
explanation can serve as socio-technical diagnosis.

If the ADM system is already in deployment, it first has to
be withdrawn to “fix” it. This was the case for the Amazon
hiring algorithm, which is inspirational to our example. In
2018, Amazon introduced a new recruiting software for tech
jobs. However, shortly after the introduction, the ADM sys-
tem had to be withdrawn because it assigned negative ratings
to CVs of female applicants: the software penalized CVs that
contained words such as “women’s” or “women’s chess club
captain”. The reason for this was training data that contained
more CVs from men than from women (Dastin 2018).

XALI as Societal Diagnosis: Towards Redistribution

A bank deploys an ADM system to evaluate the creditwor-
thiness customers applying for a loan. This evaluation is
based on the prediction of a credit score. The outcome can
profoundly affect the customers’s financial opportunities: a
high score typically leads to loan approval, whereas a low
score results in rejection. The bank provides the following
explanation to an individual whose application was denied:

We are sorry to inform you that your credit score is
too low to approve your loan application. The three
Sactors that most influenced this decision (in order of
importance) are:

1. you opened your oldest checking account ten years
ago;

2. you own four credit cards;

3. you do not have a real estate loan.

The explanation reveals that the feature real estate loan
was one of the decisive factors for the denial of the loan.
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While this feature appears neutral at first glance, it can also
stand as a proxy for gender: historic, gender-based discrim-
ination has led to significant disparities in property owner-
ship between men and women (Chu, Hsu, and Wang 2023;
Goldsmith-Pinkham and Shue 2022). While the explanation
reveals that the feature real estate loan influenced the deci-
sion, it is only by incorporating external background knowl-
edge and thus by understanding that this feature serves as a
proxy for gender, that one can fully recognize the use of a
proxy for an identity category by the ADM system. Without
this crucial knowledge, the explanation alone does not trans-
parently disclose the influence of protected characteristics.
Thus, possessing such background knowledge is essential to
positively answer the RR-XAl-framework’s first question:
“Does the explanation reveal that the ADM system bases its
decision on an identity category (or a proxy)?”

In contrast to the previous case in hiring, the use of a
proxy for an identity category (real estate loan) does not de-
viate from ‘reality’ nor does it violate existing regulations.
The proxy is considered a legitimate indicator of financial
reliability and is also often used as a feature in credit scor-
ing:'2 owning property is closely tied to ownership relations
that historically and socially signify wealth and economic
stability. However, this reality is far from objective or fixed;
it is a construct shaped by historical and social conditions.

Therefore, the answer to the second question of the RR-
XAl-framework “Does the use of the identity category (or
a proxy) deviate from reality?” is “No”. Following the RR-
XAl-framework, a societal bias can be identified. The ex-
planation serves here as a societal diagnosis by accurately
mirroring structural injustices in society (unjust ‘reality’).
To address such a societal bias, broader societal changes are
necessary, as we will discuss in the following section.

Discussion

In this section, we discuss four key points: i) the diagnos-
tic functions of XAlI; ii) the resources necessary to effec-
tively utilize these diagnostic functions; iii) the distinction
between socio-technical and societal bias; iv) the possibili-
ties and limitations of current XAl techniques.

From Explaining to Diagnosing In the first example of
algorithmic hiring, we have shown that the XAl can serve
as a socio-technical diagnosis by revealing that the identity
category gender has been inappropriately encoded — through
a proxy feature that appears as a relevant factor in decision-
making. In this case, an explanation can enable affected data
subjects or advocacy groups to contest the automated deci-
sion within existing legal frameworks. For the EU context,
this would be the Recast Gender Equality Directive (Parlia-
ment and the Council 2006) that prohibits the use of gen-
der as a decisive factor in employment. The explanation can
support a formal complaint by documenting that otherwise
equally qualified female applicants were systematically dis-
advantaged by the ADM system. Drawing on Fraser’s con-
cept of recognition, this diagnosis made the misrepresenta-
tion based on a structural inequality as defined by the law

2Based on the “Credit Score Calculator” https://www.schufa.
de/scorechecktools/scoresimulator/



visible and opened a path towards institutional accountabil-
ity. The information provided by an explanation may be in-
formation to establish a prima facie discrimination claim: in
cases of algorithmic discrimination, the alleged party (the
provider) possesses more information. In such a context,
a data subject (or another civil society actor) could estab-
lish a legal claim via a “presumption of discrimination”. It
is then the task of the alleged defendant to prove that the
ADM aligns with anti-discrimination law (European Union
Agency for Fundamental Rights 2018).

In contrast, detecting the use of proxy variables for gen-
der in the credit scoring domain is less straightforward. First
of all, the explanations demonstrated that the variable “real
estate loan” was used by the ADM system. We showed that
this variable correlates with gender. This can lead to a (gen-
dered) feedback loop: those who already possess capital and
assets have easier access to credit, while those without such
resources face systemic barriers, reinforcing and perpetuat-
ing existing economic inequalities. However, the use of the
variable does not pose a violation of the law. Because the
same variable is also strongly correlated with financial relia-
bility, it is an accurate reflection of a reality that also encodes
social inequalities. Following the RR-XAI-framework, here,
the explanation can serve as a societal diagnosis. Thus, sub-
sequent actions needs to focus on redistribution to change
gendered ownership structures. From this perspective, XAI’s
diagnostic capacity can become a critical lens through which
the capitalist and gendered structures underpinning financial
decision-making are made visible.

While our RR-XAI-Framework offers a pathway from ex-
plaining to diagnosing and justice-oriented action, the ap-
plicability of the framework is contingent on the existence
of such explanations — something that is currently, unfortu-
nately, still far from guaranteed. Following a feminist tra-
dition of envisioning alternative futures, we argue that it
is nevertheless essential to think through how explanations
could contribute to justice, even if current Al practices do
not yet support this. Imagining such futures is not a naive
exercise, but also a political and epistemic intervention: it
allows us to identify the necessary conditions that must be
created to make these futures possible. In the following, we
further discuss some of these conditions.

Resources A second crucial condition is whether expla-
nation recipients are equipped with interpretive knowledge
and resources to respond to and act upon an explanation.
Following Fricker (2007), this also raises concerns of “epis-
temic injustice”: such knowledge is not available to all users
of XAI in the same way (Barredo Arrieta et al. 2020), and
people differ in their ability to make use of explanations
(Felzmann et al. 2019). In the case of algorithmic hiring, this
included knowledge about anti-discrimination law, while in
the case of credit scoring, a very specific kind of knowledge
was needed to identify that the possession of a real estate
loan could be a proxy for gender. Technically, logic reason-
ing can be used to account for such knowledge (Calegari,
Ciatto, and Omicini 2020; State 2021). However, there ex-
ist only few (yet increasing) number of methods that encode
background knowledge exists (Calegari, Ciatto, and Omicini
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2020; Beckh et al. 2021). This is, on the technical side, due
to the computational complexity of logic-based XAl meth-
ods that allow encoding knowledge. On the other hand, cau-
tion has to be taken when one wants to encode legal knowl-
edge. While a simple check of whether an explanation con-
tains the protected attributes is feasible, coding legal knowl-
edge always bears the danger of oversimplifying that legal
reasoning is a more dynamic process (Weerts et al. 2023).

What is more, financial and time resources for legal action
against socio-technical bias, as well as political and collec-
tive influence to counteract societal bias, are needed. Such
resources are not always available to a single data subject, or
—as in the case of collective influence — cannot be mobilized
by a single person. Therefore, we suggest that structured
pathways should be established and strengthened for data
subjects to share explanations with civil society organiza-
tions. Some non-profit organizations have already taken im-
portant steps in this direction by collecting individual cases
of algorithmic discrimination.'?

Distinction between Socio-Technical and Societal Bias
Another key condition lies in the ability to differentiate
between societal and socio-technical bias. This distinction
might be difficult to sustain in practice, as also discussed in
the work of Lopez (2021). It stems from the fact that clas-
sifying a given bias as either socio-technical or societal is
not merely an empirical question, but reflects a commitment
to a particular version of ’reality’. Consider again the case
of the hiring algorithm trained on historical data in which
women were underrepresented. We have classified this as
a socio-technical bias, insofar as the training data failed to
adequately represent qualified female applicants. From this
perspective, we claimed that the data is distorted and could
be corrected through technical interventions such as rebal-
ancing. However, one could equally argue that this reflects a
societal bias: the model faithfully mirrors broader gendered
structures in the tech labor market, which very much shapes
access to employment and career trajectories today (Wajc-
man and Young 2023). At the end, when it comes to gender,
all actions are somehow constituted by it (Hu and Kohler-
Hausmann 2020). This has important implications for how
we can define the justice-oriented functions of XAI. While
we have associated socio-technical bias with recognition and
societal bias with redistribution, this is not a rigid nor ex-
clusive mapping: correcting a socio-technical bias can also
lead to questioning the undergirding, systemic conditions
that lead to a deviation in the data. For instance, the Amazon
hiring case was followed by a public controversy about sex-
ist big tech institutions.'* Likewise, detecting societal bias
can also demand action against the institution that deploy an
ADM system when it treats algorithmic outputs as neutral or
inherently authoritative. Such detection can and should also
create the possibility of deciding not to use the ADM system
at all.

3See:  https://algorithmwatch.org/en/press-release-reporting-
form-collect-cases/

'*See for instance in The Guardian: https://www.theguardian.
com/technology/2018/oct/11/tech-gender-problem-amazon-
facebook-bias-women



XAI Techniques We have already discussed that logic-
based approaches to XAI may offer the needed capability
to add knowledge into the explanation. Here, we would like
to discuss another consideration: different XAI methods sur-
face different information about the ADM. For example, the
SHAP method informs about the most relevant features but
not about their encoding in the ADM system. Therefore,
SHAP is suitable to indicate socio-technical bias based on
the use of a protected category of data but not based on the
encoding of a category. A suitable method to learn about
the encoding are counterfactual explanations (Wachter et al.
2017): such explanations display data instances similar to
the instance in focus (the data subject) but with a different
decision. These alternative instances can only change, based
on the options that the encoding provides. Thus, for exam-
ple, if gender is encoded as a binary variable, the alternative
data instances can only change along this binary axis, i.e.,
the alternative gender is male (if the original is female), or
female (if the original is male). This leads us to a follow-up
question: which explanation methods are best suited for the
RR-XAlI-framework, and (how) can a combination of expla-
nation methods substitute the need for interpretational work
and background knowledge? While addressing this question
goes beyond the scope of the present paper, it defines a clear
direction for future research: advancing XAI methods that
not only surface patterns of bias but also do so in ways that
are accessible and actionable for diverse audiences.

Last, algorithmic recourse is a field that is often men-
tioned when discussing actions following XAI explanations
(Sullivan and Kasirzadeh 2024). Algorithmic recourse cen-
ters on the provision of both an explanation and a recom-
mendation to the data subjects so that they can obtain a fa-
vorable decision (Karimi et al. 2020) and builds upon coun-
terfactual explanations (Kasirzadeh and Smart 2021). How-
ever, the focus is on providing the additional recommenda-
tion (the “actionable knowledge”) on how to reach the favor-
able decision.!> What connects our work with algorithmic
recourse is that it relies on explanations to induce actions.
However, algorithmic recourse relies on explanations to gen-
erate concrete recommendations (“how to act’) and that lead
to an action of the data subject to change its own conditions.
Trying to seek change through fostering individual knowl-
edge can, however, also fall into the trap of a (gendered) in-
dividualization of responsibilities (Powell et al. 2022; Rohlf-
ing et al. 2020).

Limitations and Future Work

This work faces some limitations and avenues for future
work. Frist, we acknowledge that we discussed our frame-
work for two illustrative and fictional cases that take into
account only a single dimension of discrimination (i.e. gen-
der). While this focus was due to demonstration purposes,
gender needs to be understood in intersection (Crenshaw

15 Approaches may also incorporate different constraints, con-
cerning the actionability (changes need to be possible, i.e., the birth
data cannot be altered) and the plausibility (the change must result
in a realistic data instance) on a proposed recommendation (Karimi
et al. 2020).
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2019), by integrating other axes of discrimination.

Second, we have not yet acknowledged the limitations
of explanations that build on “approximations” (e.g., sur-
rogates). A specific observation that different XAI expla-
nations can provide different values of faithfulness (“how
true an explanation is to the underlying algorithm”) for dif-
ferent groups (Balagopalan et al. 2022), introducing poten-
tially additional bias in the explanation. Explanations can
also be manipulated so that they appear fairer than they
should be (Aivodji et al. 2019). These limitations need to be
taken into account when providing explanations and evalu-
ating their diagnostic value. Sound technical knowledge of
the methods but also an honest communication of limitations
by developers is essential so expectations towards explana-
tions remain grounded (Sokol and Flach 2020a; Smart and
Kasirzadeh 2024).

Much more practical and situated research is necessary
to understand the extent to which justice-oriented XAl can
be effectively implemented in real-world settings, including
identifying obstacles and situations where it may not be ap-
plicable. To explore these aspects, empirical studies should
focus on examining how Al providers and diverse explana-
tion receivers could actually utilize the RR-XAl-framework.

We acknowledge that this work would benefit from deeper
integration of legal expertise to enhance the actionability of
the diagnostic functions of XAI methods. This includes not
only expertise in anti-discrimination law but also guidance
on how to compose explanations in compliance with EU
law (Bringas Colmenarejo, State, and Comandé 2025).

Conclusion

In this paper, we introduced the RR-XAI framework to dis-
entangle and operationalize two critical dimensions of bias
in algorithmic decision-making: socio-technical and soci-
etal bias. Building on Lopez’s conceptual distinction and
Fraser’s theory of justice, we demonstrated how XAI can
transcend its role as a transparency tool to become a pow-
erful diagnostic instrument for justice. By framing XAI
as both a socio-technical and societal diagnostic, we have
demonstrated that explanations could carry significant legal
and political weight. At the same time, we underscore the
limits of the diagnostic function of current XAl techniques,
and how justice-oriented action is contingent on the provi-
sion of explanations, resources and existing limits to expla-
nation techniques. Ultimately, we hope this contribution ad-
vances the development of justice-oriented XAl techniques
that are both technically robust and socially relevant.
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