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Abstract  
While much has been written about what democratized AI 
should look like, there has been surprisingly little attention 
for the normative grounds of AI democratization. Existing 
calls for AI democratization that do make explicit arguments 
broadly fall into two categories: outcome-based and legiti-
macy-based, corresponding to outcome-based and process-
based views of procedural justice respectively. This paper ar-
gues that we should favor relational justifications of AI de-
mocratization to outcome-based ones, because the former ad-
ditionally provide outcome-independent reasons for AI de-
mocratization. Moreover, existing legitimacy-based argu-
ments often leave the why of AI democratization implicit and 
instead focus on the how. We present two relational argu-
ments for AI democratization: one based on empirical find-
ings regarding the perceived importance of relational features 
of decision-making procedures, and one based on Iris Marion 
Young’s conception of justice, according to which the main 
forms of injustice are domination and oppression. We show 
how these arguments lead to requirements for procedural fair-
ness and thus also offer guidance on the how of AI democra-
tization. Finally, we consider several objections to AI democ-
ratization, including worries concerning epistemic exploita-
tion. 

Introduction    
With the increasing impact of AI systems such as Large 
Language Models, social media and gig-economy algo-
rithms, and algorithmic decision-making systems such as 
government fraud detection systems have had in recent 
years, it is no surprise that calls have been made to democ-
ratize AI (e.g. Wong 2020; Holm 2023). Democratizing AI 
can refer to a range of phenomena such as widening its use, 
sharing its profits, and crowdsourcing its design (Seger et al. 
2023). We will be concerned primarily with the democratiz-
ing of AI governance, design and implementation. Democ-
ratizing AI governance means that “a wider community of 
stakeholders and impacted populations” (Seger et al. 2023) 
should have influence in decisions about “balancing AI-re-
lated risks and benefits to determine if, how, and by whom 
AI should be used, developed and shared” (Seger et al. 
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2023). Following Himmelreich (2023), we will take it that 
calling for AI democratization means that “AI should be 
subject to novel or different forms of democratic govern-
ance” beyond existing democratic state infrastructures, or 
common practices of companies developing AI. Through-
out, we use the term AI in a broad sense, encompassing both 
complex LLM’s and simple rule-based systems. We con-
ceive of these systems, moreover, as parts of larger socio-
technical systems, such as executive agencies, social media 
networks, etc. 

Much existing literature on AI democratization has fo-
cused on what democratized AI should look like, rather than 
on why we should be democratizing it in the first place. For 
example, Sætra, Borgehund and Coeckelbergh (2022) and 
Seger et al. (2023) urge careful consideration of what we 
mean by democracy. Wong (2020) and Buhman and Fie-
seler (2023) propose deliberative democracy-inspired ap-
proaches to democratizing AI, and Noorman and Swierstra 
(2023) propose Warren’s (2017) problem based approach as 
a framework for how to democratize AI in particular con-
texts. While we do not mean to criticize such approaches to 
AI democratization, we do think that this emphasis on how 
to democratize AI has meant a lack of emphasis on why AI 
should be democratized. Arguments in favor are typically 
brief, and fall into two categories. 

First, there are calls which focus on the benefits that AI 
democratization might bring: using the input of affected per-
sons to improve AI systems might result in AI that is more 
effective at meeting the needs of users and in the reduction 
of associated risks and harms (see, e.g. Murphy and Taylor 
2023; Rahwan 2018). We argue in section 1 that such calls 
rely on outcome-based views of procedural justice and as 
such miss important reasons to consider AI democratization. 
Specifically, they miss principled reasons to listen to those 
whose lives will be affected by AI systems, because it is the 
only way for AI developers to relate to them as equals, and 
to avoid domination and oppression.  

Second, other calls have given more principled reasons to 
consider AI democratization (e.g. Wong 2020; Zimmerman; 
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Rosa and Kim 2020), but, as mentioned, these calls have ra-
ther focused their attention on how to democratize AI, and 
lack detailed theoretical accounts of why AI should be de-
mocratized. This is unfortunate because close attention to 
why we should democratize AI is important. Not only do 
some argue against democratizing AI, and is it thus im-
portant to provide detailed argument, it can also help us 
ground the discussion on how to democratize AI, as we will 
show. 

In this paper, we will argue that calls for AI democratiza-
tion should be based primarily on relational considerations. 
We will make two such relational arguments by drawing on 
the work of Meyerson and Mackenzie (2018) and Young 
(1990). Section 1 argues that existing scholarship calling for 
AI democratization tends to rely on either outcome-based or 
legitimacy-based considerations. Section 2 contrasts these 
kinds of justifications with relational ones, and makes a re-
lational argument in favor of AI democratization, based on 
empirical evidence. Section 3 details a second relational ar-
gument for AI democratization based on Young’s Justice 
and the Politics of Difference. Section 4 discusses the impli-
cations of this account for what democratization should look 
like in practice. Finally, section 5 discusses additional ob-
jections and puzzles. 

Section 1: Outcome and Legitimacy-Based 
Justifications of AI Democratization 

Outcome-based justifications of procedural justice asses a 
procedure by considering how effectively the procedure 
achieves its intended purpose.1 In the case of a trial, for ex-
ample, an outcome-based account would suggest that proce-
dural justice is necessary insofar as it helps reach an accurate 
and fair decision: the guilty and only the guilty are con-
victed, and allotted a proportionate punishment (Meyerson 
and Mackenzie 2018). In this case there is a fairly clear 
standard for what criteria the outcome of a trial should meet, 
but no fool-proof way to reach such outcomes (Rawls 1999). 
In turn, procedures are justified by showing that they man-
age to reach the correct outcomes often enough. Thus, out-
come-based justifications of AI democratization have to as-
sume some set of goals for the governance and development 
of AI systems. Such goals might include, for example, AI 
systems that improve lives, do not discriminate, are widely 
used, maximally profitable and have minimal environmental 
impact. We should then democratize AI, on an outcome-
based account, insofar as democratization promotes the in-
tended outcome of the process of AI governance. This 
leaves democratization up for debate, insofar as some other 
model of governance better realizes these goals. 

 
1 Following Rawls (1999) we can additionally distinguishes between 

three kinds of procedural justice: perfect, imperfect and pure. Imperfect 
procedural justice is what is at stake here, as AI systems do not guarantee 
correct/just outcomes (as would be the case in perfect procedural justice, 

This mode of reasoning is found throughout current AI 
ethics literature, both in and outside of the AI democratiza-
tion debate. The idea that seems to be implicit here is that 
what ultimately matters for the (democratic) legitimacy of 
an AI system is how often it leads to the right outcomes. 
Democratization is then instrumental to ensuring that deci-
sion-making procedures more often yield those right out-
comes.  

Outside the democratization debate, Holm (2023) is a 
good example of this approach, as he argues that “in the con-
text of referral decisions the legitimacy of an algorithmic 
decision procedure can be fully accounted for in terms of the 
instrumental values of accuracy and fairness” (Holm 2023, 
p.1). Indeed, he defends a view called Procedural Instru-
mentalism on which only instrumental properties, with ac-
curacy being the most important, matter for legitimacy. Cor-
bett-Davies et al. (2023) likewise argue that maximizing the 
utility/accuracy of an algorithm is, ultimately, what matters. 
They introduce a consequentialist framework for designing 
equitable algorithms. On their view, disparities between 
groups are acceptable as long as the consequences of the de-
cision-making procedure are maximally beneficial to soci-
ety.  

Within the AI democratization debate, similar ideas can 
be found in Murphy and Taylor (2023) paper (p.1), which 
“highlight[s] the importance of participation in AI develop-
ment to ensure its legitimacy, considering the capacity of 
this technology to shape reality” and gives a number of ex-
amples of how democratic participation can improve out-
comes, such as in the case of worker participation. “The gen-
eral result of this involvement is that work conditions are 
more commodious, production improves, and employees 
have better attitudes toward their jobs” (Murphy and Taylor 
2023, p.4). Here, it is the outcome of the participation that 
ultimately grounds the call for democratization. 

Similarly, Rahwan (2018) argues for a society in the loop 
approach to AI development, which “is about embedding 
the values of society, as a whole, in the algorithmic govern-
ance of societal outcomes” (Rahwan 2018, p.7). The justifi-
cation for this democratization is that it will lead to an “ag-
gregation of societal preferences and fair allocation of re-
sources […] that rational actors would be willing to vote 
for” (Rahwan 2018, p.11). While this is not a purely out-
come-based justification, Rahwan sees both algorithmic ag-
gregation of societal preferences, and decision-making sys-
tems programmed to act as though behind a veil of igno-
rance, as possible ways to implement this preference aggre-
gation. Such a procedure would at least fall short on a rela-
tional account of AI democratization, since it lacks consid-
eration for the procedural value of participation and relation-
ality.  

where cutting a cake and giving the last piece to the person cutting it is the 
typical example) nor do AI systems lack a standard of correct outcomes (as 
would be the case for pure procedural justice, for which betting procedures 
are the typical example). 
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Attention to why AI should be democratized also matters 
for a second group of authors in the literature. These often 
get closer to a relational or at least process-based justifica-
tion of AI democratization, but generally focus on the how-
question rather than the why-question of AI democratiza-
tion. Noorman and Swierstra (2023) for example stress that 
AI is part of political systems and that we therefore need to 
consider how democratic theory interacts with AI. This 
leads to a discussion on “how political practices can be im-
proved to strengthen empowered inclusion, collective will 
formation, and collective decision capacity” (Noorman and 
Swierstra 2023, p.577) with AI. These considerations are 
not just about the AI outcomes, but rather focus on how best 
to realize a democratic system with the advent of AI. Erman 
and Furendal (2022) similarly proceed from democratic the-
ory in their argument that AI governance needs democratic 
(normative) legitimacy. On their view, legitimacy requires a 
minimum of democracy, and they then proceed to fill how 
this democratic governance should be shaped. As little fur-
ther detail is offered on the substantive theory of legitimacy 
(other than compatibility with a range of such theories) there 
is again a focus on how to democratize rather than why.  

This focus on how is also present in other contributions. 
Buhman and Fieseler (2023) discuss deliberative govern-
ance of AI, motivated by a view on which developers have 
responsibilities for governance that enables systems to both 
do no harm and to do good. They then argue that distributed 
deliberation is a promising way to meet this responsibility. 
Zimmerman, Rosa and Kim (2020) likewise argue that to fix 
AI we should turn to (technologically facilitated) collective 
deliberation. In these works, as in e.g. Wong’s (2020) call 
for democratization of algorithmic fairness, there is typi-
cally a reliance on the political nature of AI.  

We agree with this point, yet also think that more substan-
tial arguments for why AI should be democratized are avail-
able and helpful. Most importantly, such an insight into the 
reasons for democratization can help evaluate the different 
proposed remedies. Deliberation, for example, comes in 
many forms from technologically mediated mass delibera-
tion to McQuillan’s (2018) call for people’s AI councils. 
However, such appeals to legitimacy and political nature are 
not sufficiently unpacked to make out exactly what kind of 
justification the authors have in mind. 

Of course, there are nuances between the different ac-
counts discussed here and it is important to realize that even 
many discussions focused on outcomes the aim is not per se 
to improve the accuracy of a given AI system, but rather to 
improve societal outcomes as we develop and use AI. We 
hope to show with this brief overview of the current debate 
that outcome-based thinking both in and outside justifica-
tions of AI democratization is common, and that more ex-
plicit attention for how we justify AI democratization is 
needed, because, as we discuss below, it ultimately deter-
mines how we evaluate whether measures such as stake-
holder participation are successful. 

We argue that relational theory can help answer the why-
question of AI democratization. This highlights also that 
empowered inclusion itself matters, and not just the out-
comes that may (or may not) be improved through demo-
cratic deliberation. We therefore work out the case for a 
more relational perspective on AI democratization in the rest 
of the paper, starting with Meyerson and Mackenzie (2018) 
and moving on to Young (1990).  

Section 2: Relational Theory and Empirical 
Studies on Legitimacy 

Relational theory is a group of normative theories that center 
the relationships, interconnectedness and interdependence 
between people when thinking about ethics and political 
philosophy (Birhane 2021). They emphasize that humans do 
not live, form identities and senses of self-worth in isolation 
from each other, but rather that we are born into and shaped 
by various relationships that we have to others. Usually, the 
premise of relational theories is that relations among hu-
mans should be characterized by certain features such equal 
standing or moral worth, and certain attitudes such as care. 
Additionally, “relational theory draws specific attention to 
the moral significance of social oppression, marginalisation, 
and inequalities of social power and standing, and their ef-
fects on individuals' self‐identities, autonomy, and sense of 
self‐respect” (Meyerson and Mackenzie 2018). Examples of 
relational theories are relational egalitarianism and care eth-
ics. 

In relational accounts of procedural justice the standard 
by which to evaluate both procedures and outcomes is found 
in some conception of appropriate ways to relate. Such rela-
tional accounts are process-based (Meyerson and Macken-
zie 2018) in that the procedure matters independently from 
the outcome: if the right outcome was arrived at through co-
ercion, say, then this would violate any plausible conception 
of good relationships. On the other hand, a fair procedure 
alone does not guarantee relational procedural justice, since 
the outcome should also be in accord with some plausible 
conception of good ways of relating. Thus relational ac-
counts of procedural justice take into account both the pro-
cedures themselves, and their outcomes. 

Meyerson and Mackenzie (2018) argue that in the legal 
setting (i.e. a court case), relational factors are important in 
determining whether a procedure is perceived as just. They 
consider factors such as how respectfully people are spoken 
to, whether they are listened to and whether they feel like 
judges care about them. These factors are important, they 
argue, “because satisfactory interpersonal treatment by 
group authorities symbolically communicates the infor-
mation that we possess value or status in the eyes of our 
community, which in turn supports a sense of self‐respect or 
self‐worth” (Meyerson and Mackenzie 2018). This means 
that when a judge treats you as someone worthy of respect, 
you are more likely to think of yourself as worthy of respect, 
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and when authorities do not seem to care about your opinion 
about how you are treated, this undercuts your self-respect. 
Hence it is not only important that one’s procedural rights 
are respected, but also that this happens in such a way that 
this respect is also communicated to the affected person.  

Meyerson, Mackenzie and MacDermott (2021) support 
the importance of relational considerations with a range of 
empirical studies going back to the work of Thibaut and 
Walker (1975). These studies indeed highlight that people 
are more satisfied with outcomes they receive when a pro-
cess is perceived as fair, regardless of whether the outcome 
is favorable to them. It is how they were treated and thus 
what the procedure looks like, that helps determine people’s 
perception of the legitimacy of the procedure. In particular, 
these empirical studies have found that people care about 
what is called “voice”: the opportunity to be heard during 
the procedure or after outcomes have been finalized (Burke 
and Leben 2007; Folger 1977; Lind, Kanfer and Earley 
1990) as well as “benevolence”, i.e. the willingness of deci-
sion makers to consider one’s needs and the clear commu-
nication of this willingness (Tyler and Blader 2003; Lind 
and Tyler 1988).  

These general findings have been studied more specifi-
cally in the context of algorithms by Lee et al. (2019), who 
investigated people’s perception of an algorithm based on 
different kinds of information and control over the decision 
making. ‘Standards clarity’, where the basic functioning of 
the algorithm (rules-based in this particular study) was ex-
plained to participants, failed to improve their perception of 
the fairness of the algorithm. “Many understood how the al-
gorithm worked and how fairness in division was operation-
alized based on this step-by-step description, and they later 
used the knowledge to interpret the input and output matrix 
table. At the same time, participants told us that the stand-
ards clarity alone did not make them trust the algorithm or 
see the results as being automatically fair” (Lee et al. 2019, 
p.13). Outcome control, where participants got to experi-
ment with changing outcomes, were able to discuss alterna-
tives with the rest of the group and possibly deviate from the 
algorithm’s recommendation, did significantly improve 
people’s perceptions of fairness even though 80% of the 
groups made no changes to the allocation of goods. The in-
terpretation here is that precisely aspects such as voice (be-
ing able to discuss) and benevolence (seeing that there were 
no better allocations available) contributed to this improve-
ment. However, one may also interpret it as showing that 
participants realized that the outcomes were optimal and le-
gitimizing the procedure on that basis.  

In another empirical study regarding the legitimacy of al-
gorithms, Martin and Waldman (2022) found that when ar-
bitrary or morally problematic grounds are behind an algo-
rithmic decision, it is not viewed as legitimate regardless of 
whether the outcome is positive or negative. If the reasons 
for the decision were deemed in order, then algorithms lead-
ing to positive outcomes were judged as more legitimate 

than those leading to negative outcomes (decisions that neg-
atively affected the subject or that they disagreed with). 
Now, this study focused only on single outcomes of the pro-
cedure, and thus it cannot rule out that we actually only care 
about the reasons behind a decision because the wrong rea-
sons would lead to more incorrect decisions overall. Thus 
the study is not wholly incompatible with outcome-based 
justifications of procedural justice. 

These empirical findings, in and outside the AI context, 
create a plausible basis for thinking that relational aspects of 
procedures do in fact matter for their fairness. Thus, we 
should incorporate them into the justification for AI democ-
ratization. A first relational argument for AI democratiza-
tion can then start from this point: we have (empirical and 
philosophical) reasons to consider certain relational aspects 
important for the legitimacy of decision-making procedures 
that include AI. Based on the work of Meyerson Mackenzie 
and MacDermott (2021) we highlight here the importance 
of voice and benevolence as relational aspects that need to 
be incorporated in the development and implementation of 
AI for these procedures to be just.  

 From that follows a call for a type of democratization: if 
affected parties are to have an opportunity to be heard during 
the procedure or after outcomes have been finalized then we 
need a systematic way for them to be included in the devel-
opment and implementation of AI systems. Moreover, this 
inclusion of affected parties’ voice cannot be one where they 
are merely given a say without being taken seriously. The 
need for benevolence in the procedure means that there has 
to be willingness of decision-makers to consider one’s 
needs, as well as clear communication of this willingness, 
reflected in the way in which affected parties’ perspectives 
are heard and included. While this may affect outcomes for 
the better (and, as noted, this would be important from a re-
lational perspective), it additionally matters from the rela-
tional perspective whether people are listened to and feel 
heard independently of whether outcomes are improved. 
While there will be a trade-off to be made in certain circum-
stances, on a relational account procedural justice can some-
times trump an optimal outcome.  

To get a better grasp on how the inclusion of perspectives 
should happen concretely we find it helpful to expand the 
scope of the relational argument somewhat first. The next 
section will therefore look at Young’s conception of justice 
and the requirement that relationships are characterized by 
non-domination. From that requirement of non-domination 
follows a similar need that AI systems’ development and 
implementation is governed democratically by a group of 
people, insofar as that system shapes the actions of that 
group.  
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Section 3: AI Democratization and the Poli-
tics of Difference 

Social justice for Young concerns “the degree to which a 
society contains and supports the institutional conditions 
necessary for the realization” of two values, which, she 
claims, comprise the good life: “(1) developing and exercis-
ing one’s capacities and expressing one’s experience […] 
and (2) participating in determining one’s action and the 
conditions of one’s action” (Young 1990, p.37). Thus, a so-
ciety is just to the degree that its laws, institutions and other 
relevant conditions are such that they allow and realize self-
expression and self-determination for all. Justice for Young 
is not limited to distributive justice, because it concerns 
many things that are not in a straightforward sense distrib-
utable goods. Rather, it consists of institutional conditions 
(i.e. conditions that are non-incidental, spread out over time 
and regard the structure of society as opposed to singular 
events) that foster a certain kind of positive freedom, and 
relationships among people that are free of dominating 
power. 

The two values comprising the good life correspond to the 
two main kinds of injustice that occur when those values are 
not realized: Domination, “the institutional constraint on 
self-determination” (Young 1990, p.37) and oppression, 
“the institutional constraint on self-development” (Young 
1990, p.37).  

Domination consists in institutional conditions which 
inhibit or prevent some people from determining their 
actions or the conditions of their actions. Persons live 
within structures of domination if other persons or 
groups can determine without reciprocation the condi-
tions of their action, either directly or by virtue of the 
structural consequences of their actions. Thorough so-
cial and political democracy is the opposite of domina-
tion (Young 1990, p.38). 
 
Thus, domination occurs when people in a society cannot 

determine for themselves what they will do or under what 
conditions they will do it. This occurs not only when an au-
tocratic government, say, determines what job every person 
should have, without the person’s opinion making a differ-
ence, but also in more subtle ways, for instance in the bu-
reaucratization of everyday life. “Formalizing collective ac-
tion through explicitly articulated rules and procedures […] 
separates it from normative inquiry and commitment. Deci-
sions and actions will be evaluated less according to whether 
they are right or just than according to their legal validity” 
(Young 1990, p.77). The dominated “experience themselves 
as subject to the unreciprocated authority of others” (Young 
1990, p.78). 

It's a somewhat open question how severe the degree of 
influence over people’s action has to be in order to instanti-
ate Young’s definition of oppression. However, if we as-
sume that less than total control suffices, there is good rea-
son to think that some currently existing AI systems fit the 

first part of the definition, regarding the partial determina-
tion of courses of action. If so, then we should ensure 
through democratic control that we do not end up with dom-
ination of affected persons by guaranteeing that there is re-
ciprocation of control over the developer or deployer’s ac-
tions.  

The first part of this argument then goes as follows: there 
are many examples of AI systems shaping people’s actions 
or the conditions of their actions in significant ways. One 
potent example is found in the algorithms that govern social 
media feeds and that power online search engines. Use of 
such systems is for many people almost inevitable because 
of how ingrained they are in everyday life, and the lives of 
millions of people are shaped by them, for example through 
the information that such algorithms present and do not pre-
sent (which, Noble’s 2018 book argues, can shape stereo-
types), by how addictive the systems are designed to be, and 
by the way they shape social relationships. As a result, these 
systems not only shape people’s actions and the conditions 
of their actions, but the fact that such conditions apply also 
inhibits people in determining their actions. Thus, in the ab-
sence of democratic governance, they dominate.  

Moreover, such systems meet at least the second of three 
conditions suggested by Himmelreich (2023), each of which 
implies that they are in need of democratic legitimation: they 
have pervasive impacts on people’s lives. Himmelreich ar-
gues that AI never has pervasive impact by itself, because it 
is always part of some institution which already has the rel-
evant powers and impact. However, social media networks 
and search engines are only possible and can only be so per-
vasively impactful because of their algorithms. Hence, it 
seems fair to say that they should be democratized. 

One can also think of various algorithms employed by 
government agencies, for example to check the compliance 
of citizens with social security rules, or to do predictive po-
licing. There are many examples of such systems, from 
Northpointe’s reoffending risk assessment tool (Angwin et 
al. 2023), various “fraud-detecting” systems used by the 
Dutch government (Klaasen en van Dijk 2023; Volkskrant 
2021; Rengers et al. 2023), or Austria’s profiling system for 
job-seekers (Allhutter et al. 2020). Such systems have enor-
mous impacts on the lives and actions of citizens, but they 
are often not developed because of policy choices that gov-
ernments make, but, as illustrated in the case of Dutch mu-
nicipalities by Choi, van Eck and Hukshorn (2021), within 
the prerogative of civil servants. Insofar as such systems are 
developed within the prerogative of civil servants, citizens 
do not participate in determining how those systems will 
shape their actions, and thus those systems enact domination 
on them. Since these systems are not only impactful, but also 
coercive, they also need to be democratized according to 
Himmelreich’s (2023) criteria. 

More examples of algorithms which prevent people from 
determining their actions are readily available, such as the 
use of AI in recruitment, law enforcement, border control 
and credit scoring. As such, they meet the first part of 
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Young’s definition in how they relate to decision subjects. 
Of course, such systems would not be dominating insofar as 
a democratically elected government ordered their imple-
mentation. In that case, at least some groups of affected cit-
izens would indirectly have been involved in determining 
how the new AI system would shape their actions, and so it 
would not dominate them. However, such a system could 
still be oppressive towards those same groups, for instance 
if it reinforces harmful stereotypes through discriminatory 
policing. Furthermore, it would also still be oppressive to-
wards those affected groups of citizens whose perspectives 
were not heard and given due weight in the decision-making 
process leading to the implementation of the system. In 
terms from the empirical literature discussed by Meyerson 
and Mackenzie (2018): such systems could still be oppres-
sive insofar as the processes implementing them did not give 
voice to all affected parties, or was not equally benevolent. 
Thus the mere presence of democratic governance need not 
be enough to ensure procedural justice. 

In short, since AI systems frequently are part of institu-
tional conditions that constrain actions, we need to ensure 
that there is reciprocity of authority and control, and thus a 
democratization of the governance of AI. Another important 
question is how exactly AI should be democratized. Here 
Young’s view on oppression is a good starting point: 

Oppression consists in systemic institutional condi-
tions which prevent some people from learning and us-
ing satisfying and expansive skills in socially recog-
nized settings, or institutionalized social processes 
which inhibit people’s ability to play and communicate 
with others or to express their feelings and perspective 
on social life in contexts where others can listen 
(Young 1990, p.38). 
 
Oppression thus occurs when people in a society are not 

able to develop and express themselves, for example be-
cause some people or groups are not allowed to work or go 
to school. Oppression is not only something that can occur 
when a tyrant exercises illegitimate power, but also “the vast 
and deep injustices some groups suffer as a consequence of 
often unconscious assumptions and reactions of well-mean-
ing people in ordinary interactions, media and cultural ste-
reotypes, and structural features of bureaucratic hierarchies 
and market mechanisms” (Young 1990, p.184). Domination 
and oppression overlap partially, but at least not insofar as 
the development of skills and the expression of opinions is 
compatible with a lack of self-determination.  

Young (1990) identifies five faces or aspects of oppres-
sion, each of which, she argues, is a sufficient condition to 
speak of oppression: exploitation, marginalization, power-
lessness, cultural imperialism, and violence. We will discuss 
three of these faces of oppression, as they pertain directly to 
the question of what AI democratization should look like. 

The first face of oppression is exploitation. “[T]he injus-
tice of exploitation,” writes Young, “consists in social pro-
cesses that bring about a transfer of energies from one group 

to another to produce unequal distributions, and in the way 
in which social institutions enable a few to accumulate while 
they constrain many more” (Young 1990, p.53). The typical 
example of exploitation is how, according to Marx, workers 
are exploited by capitalists because in their interaction 
wealth is systematically generated through the labor of the 
workers to the benefit of their employers in the form of 
profit. Young’s formulation is more abstract, so as to also 
capture processes where money is not or not directly in-
volved, such as the exploitation of women in traditional 
families, where they expend their energy towards household 
work which is not rewarded with respect, but which frees 
men to pursue work that is better rewarded and acknowl-
edged.  

This more abstract concept of exploitation additionally 
can be used to conceptualize epistemic exploitation, which 
occurs when the (epistemic) energies of one group are used 
to systematically and unreciprocally (epistemically) benefit 
another group. An example of epistemic exploitation dis-
cussed by Cooper (2021), is a situation where Black univer-
sity staff are structurally expected to do more work to help 
universities understand better how to handle diversity is-
sues, while this benefits the university and not them. This 
concept is useful for the design of a participatory democratic 
process because, as we will see, such processes risk being 
epistemically exploitative. 

For the purpose of democratizing AI, the most important 
face of oppression in powerlessness. Of the faces of oppres-
sion, it comes most close to being the same as domination, 
and can be seen as a condition applying to those in liberal 
societies, who face the most severe domination: 

[D]omination in modern society is enacted through the 
widely dispersed powers of many agents mediating the 
decisions of others. To that extent many people have 
some power in relation others, even though they lack 
the power to decide policies or results. The powerless 
are those who lack authority or power even in this me-
diated sense, those over whom power is exercised with-
out their exercising it (Young 1990, p.56). 
 
Young sees powerlessness as a kind of class division, “a 

position in the division of labor and the concomitant social 
position that allows persons little opportunity to develop and 
exercise skills” (Young 1990, p.56). Powerlessness is not 
quite the same as domination, since it is a total lack of 
power, whereas many who are dominated still have some 
power over yet other people themselves: “All who do not 
participate in deciding the rules and choosing the authorities 
that order their actions and the conditions of their actions 
experience domination. This includes all who are powerless. 
Many who experience domination nevertheless exercise 
considerable initiative, authority, and creativity in their 
work, and this is what distinguishes them from those subject 
to the oppression of powerlessness” (Young 1990, pp.219-
220). 
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The final face of oppression, cultural imperialism, hap-
pens when the culture of some social groups is dominant in 
a society, and determines the kinds culturally informed per-
ceptions and associations all groups in that society have. 
Young writes that “[t]o experience cultural imperialism is to 
experience how the dominant meanings of a society render 
the particular perspective of one’s own group invisible at the 
same time as they stereotype one’s group and mark it out as 
the Other” (Young 1990, p.59). The perspectives and mean-
ings of the oppressed group are supplanted in a sense by 
those of the dominant group, and seemingly neutral cultural 
expression tend to assume the perspective of the dominant 
group, whereas if oppressed groups are represented, this is 
either from the perspective of the dominant group, as a ste-
reotype, or it is perceived as very different, standing out 
from the seemingly neutral norm. This is what Young calls 
“the universalisation of a dominant group’s experience and 
culture, and its establishment as the norm” (Young 1990, 
p.59).  

Cultural imperialism is relevant for our discussion, as its 
presence in the wider culture within which a participatory 
democratic process takes place may distort that process in 
favor of privileged groups and against oppressed groups. 
Hence, Young argues, in societies “where social group dif-
ference exists and some groups are privileged while others 
are oppressed, social justice requires explicitly acknowledg-
ing and attending to those group differences in order to un-
dermine oppression” (Young 1990, p.3). Democratic pro-
cesses that wish to truly include the voices of underprivi-
leged social groups should make arrangements for their sys-
tematic representation (Young 1990, p.184). By explicitly 
representing, for example, racial and ethnic minority groups 
in decision-making procedures, we can strive to counter-act 
mechanisms of cultural imperialism that might otherwise si-
lence their voices.  

Taking these different elements together, Young’s ac-
count of justice has at least two implications about what the 
AI democratization demanded by the above argument 
should look like: it should be representative of the affected 
by the systems, especially those groups suffering any form 
of oppression. Here, the five faces of oppression serve as a 
good criterion of what social groups especially need to be 
represented in the procedures, as these are the groups who 
would otherwise lack reciprocal power over the decision-
making procedures around impactful AI systems. Secondly, 
if democratization is to act as a remedy to domination, it 
should involve empowerment, in the sense that representa-
tion should be effective. In other words, the voice and per-
spective of those affected groups have to be given due 
weight in the decision-making process and be considered on 
their merits. Interestingly, these are very much the same 
conclusions that we saw from the relational account of Mey-
erson, Mackenzie and MacDermott (2021), derived partly 
from empirical studies on people’s perceptions of legiti-
macy. The requirement of representation mirrors that of giv-

ing people a voice, whereas the effectiveness of that repre-
sentation mirrors the need for benevolence, where people’s 
values and needs are taken seriously by decision-makers. 
We thus have two different approaches, one more empirical 
and one more purely normative, converging on the same 
precepts for AI governance. We need to give people a voice 
in the development and implementation of AI systems, and 
this voice must be taken seriously.  

Importantly, this can diverge from the outcome-based jus-
tifications of AI democratization discussed in section 1. 
Giving people a voice and taking it seriously is something 
that we can expect to improve outcomes, but even if out-
comes aren’t improved it is still important to listen to af-
fected parties. It is not the effect they have on the outcome 
that matters, on our view, but their actual inclusion. Further-
more, improved outcomes can also be obtained in ways that 
are still exploitative and thus oppressive, as we discuss in 
the next section. It is therefore important to look just as 
much at how we can understand the requirement for democ-
ratization more fully, in a way that offers people a voice and 
treats them benevolently without leading to domination and 
oppression. 

Section 4: Shaping Effective Representation 
for AI Governance 

This section will some consider some criteria that AI democ-
ratization should meet if it is to be implemented justly. The 
section starts by discussing some general points, before 
treating in detail Pohlhaus’ (2020) worries regarding perni-
cious inclusions in epistemic systems as requirements for 
just AI democratization.  

If we need further representation of affected parties in the 
development and implementation of AI, then a crucial ques-
tion is how exactly affected groups should be represented in 
decision making processes. There is no one agreed upon 
conception of political representation (Dovi 2018), and rep-
resentation can take many different shapes. Hanna Pitkin 
(1967) has distinguished various different criteria by which 
we could judge representatives: e.g. should we ask whether 
representatives are accepted as representatives by their con-
stituents, whether they resemble the represented, or whether 
they realize their interests (Dovi 2018; Pitkin 1967).  

Each of these considerations seems to be important from 
a relational perspective, but different ways of organizing a 
participatory process may promote these different concerns 
to different degrees. Representatives could be chosen, for 
example, through elections or lotteries, or on a volunteer ba-
sis, and this has an effect on how well they represent. Rep-
resentatives chosen through election might count on more 
acceptance by the represented for example, but may not ac-
tually resemble their constituents as much as representatives 
chosen through lottery. We do not offer any way to navigate 
this dilemma, but do mention these puzzles here, because 
they will have to be faced when any kind of democratization, 
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of AI or otherwise, is implemented. Hence, we do not see 
representation as a problem for AI democratization specifi-
cally, but as a problem for any kind of non-direct system of 
governance.  

Still, we can make some more headway in the character-
istics of this representation by considering some objections 
to Young’s proposal for democratic pluralism: Oppression, 
as mentioned, includes epistemic exploitation and from this 
we can get further requirements on how representation 
should be shaped. In this we follow Pohlhaus (2020), who 
has argued that inclusion of agents who are “epistemically 
marginalized on account of relationships of domination and 
oppression” in epistemic systems risks inflicting further ep-
istemic injustice by exploiting those agents (Pohlhaus 2020, 
p.1). 

This can happen in several ways. First, epistemic systems 
may “coercively direct the epistemic agency of marginal-
ized knowers, in ways that asymmetrically serve the epis-
temic interests of dominantly situated knowers” (Pohlhaus 
2020). Thus, by being included in an epistemic system (say, 
a committee assessing how, and, ideally, whether, a partic-
ular generative AI system ought to be implemented), those 
knowers may end up serving their own interests, as repre-
sentatives of those affected by the AI system, much less than 
they do the owners of the AI system, whose generative AI 
tool can now be implemented more smoothly and profitably. 

Second, “semi-inclusions” may occur, situations where a 
knower is included “in the norms of judgement that govern 
testimonial exchange”, but only to the degree that they can 
then be excluded according to that system’s own norms, for 
example of what counts as a trustworthy or competent 
knower. 

Thirdly, inclusion in epistemic systems can be unjust, 
when, through previous exclusions, that system has epis-
temic gaps which only members of previously excluded 
groups can fill. Then it can occur that members of those 
groups are continually expected to help address those gaps. 
Pohlhaus likens expecting such help to expecting those who 
use wheelchairs to devote themselves to becoming archi-
tects so that they can make buildings more wheelchair-ac-
cessible. This is “an infringement on epistemic autonomy, 
[and] also can be deployed in ways that disregard the epis-
temic labor involved” (Pohlhaus 2020, p.11). This is akin to 
Himmelreich’s (2023) third objection to AI democratiza-
tion: it is resource intensive, whereas the most marginalized 
people in a society lack precisely those resources: “They 
lack the time, the money, the relevant social capital, or 
simply the freedom to associate and organize effec-
tively.[…] This taints the democratic process” (Himmel-
reich 2023, p.1340). 

Lastly, Pohlhaus discusses situations where “the recog-
nized systems available are inapt for attending to the expe-
rienced world one is expected to represent” (Pohlhaus 2020, 
p.12). These are situations where one is included in an epis-
temic system to provide some particular perspective, but the 

norms and customs of that system are not capable of recog-
nizing the experiences one is supposed to bring to light. 
Pohlhaus mentions as an example the case of microaggres-
sions discussed by Fatima (2017), in which, when people of 
color are asked to speak about microaggressions, they are 
then asked to justify for every single instance of a mi-
croaggression, that it was not a misunderstanding. This is 
nigh impossible to do, and so despite being included, and 
being able to give testimony, there is little point in doing so 
for the person in question, as the epistemic system in place 
is not capable of recognizing their experience. 

The difficulty for AI democratization is then to avoid 
these pitfalls. We think that this is feasible, but challenging. 
Participants can be taken seriously. Epistemic systems, 
though resilient, can be changed, and epistemic labor can be 
rewarded, and not be taken for granted. For example, in the 
case of executive agencies dealing with unemployment ben-
efits, there will be many affected persons who are unable to 
work, and so also to provide epistemic labor. In such cases, 
participatory representation will be of limited use, and alter-
native or supplementary ways will have to be found to rep-
resent the needs and interests of those affected persons. One 
way to ensure that epistemic labor is not taken for granted, 
is to financially compensate participants, which could also 
help to make participation accessible to a wider group of 
people. 

 If participants are taken seriously, then it is also less 
likely that participation in the democratic governance of AI 
will not serve the interests of affected groups, and if partic-
ipation is rewarded, then it will be no more exploitative than 
other kinds of paid labor. In the case of micro-aggressions, 
for example, actors in the epistemic system could work to 
learn more about micro-aggressions, so that they will not ap-
ply unrealistic evidential standards. If no effective participa-
tion is possible, then asking for participation is unfair, and 
so some alternative approach should be taken, to ensure that 
the needs and interests of affected groups are recognized, 
and in such a way that this does not come across to the af-
fected as an exclusion.  

Taken more broadly, decision-makers could, for example, 
do extra work themselves to increase their capacity for em-
pathy with various affected social groups. Getting ac-
quainted with these groups and their lived experience can be 
valuable for a better understanding of their needs and values, 
and perhaps through informal conversations it is possible to 
gauge their opinions regarding the (kind of) AI system in 
question. To the degree that it is possible to build empathy 
in this way, and to the degree that such representation can 
be effective, this could be a good way to democratize AI 
without requiring significant epistemic labor from op-
pressed groups. In practice, however, we think that ensuring 
(perceived) effectiveness in the sense defined above re-
quires some degree actual democratic participation, and that 
substitutes are (1) necessary when adequate rewards for ep-
istemic labor are not possible, and (2) desirable in combina-
tion with democratic participation. 
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Further ways to limit the risk of epistemic exploitation 
may be to focus AI democratization on the governance as-
pect, rather than the design aspect, as democratic AI govern-
ance is more a transfer of control to affected persons, 
whereas democratic AI design requires more epistemic la-
bor. Additionally, the labor involved in doing AI govern-
ance is more likely to be towards one’s own end and needs, 
rather than disproportionately to that of others. Thus, by fo-
cusing on democratic AI governance, and on democratic AI 
design only insofar as it facilitates democratic AI govern-
ance, the risk of epistemic exploitation can be reduced.  

With regard to Pohlhaus’ point concerning respect for au-
tonomy, the issue is complicated: on the one hand, partici-
patory democracy is a very direct way to enhance autonomy. 
On the other hand, Pohlhaus distinguishes two ways in 
which inclusion in an epistemic system can harm autonomy: 
Within the epistemic system, participants’ autonomy can be 
harmed because of that system’s entrenched structures, 
practices, norms, etc. Just participatory democracy would 
have to find ways to limit this, such as ensuring that the 
views expressed by participants are recorded, so that their 
effectiveness can be checked, and by giving participants ex-
plicit freedom to focus their attention on issues that matter 
to them.  

Outside of the epistemic system, the worry is that partici-
pation may not be entirely voluntary, because there is moral 
risk involved in not participating. E.g.: if I do not participate 
and lend my perspective, my perspective may not be ade-
quately considered, and the AI system may end up doing 
harm to others. Additionally, declining invitations from 
government institutions that decide over important aspects 
of your life, may not always be (or be perceived as) a free 
choice. This is a worry that can perhaps not be fully re-
moved, but it could be lessened by some of the measures 
discussed above, such as properly rewarding participatory 
epistemic labor and enhancing empathy between decision-
makers and affected parties. 

In the end, there will be cases where democratization of 
AI governance is the only way to meaningfully increase the 
autonomy of persons significantly affected by new AI sys-
tems, and recognition of their interests in the decision-mak-
ing procedure regarding the implementation of those sys-
tems is the only way to avoid unjust domination by those 
systems. Rather than abandon democratic AI governance 
because of the risk to the autonomy of participants, the kinds 
of scenarios described by Pohlhaus should be kept in mind, 
and avoided to the best degree possible, so that the auton-
omy of affected persons, including participants, can best be 
safeguarded. 

Section 5: Discussion 
A question might be asked concerning the scope of these ar-
guments for AI democratization: when can we say that AI is 
(sufficiently) democratically governed, and when is it not? 

Looking at the European Union, for example, all of the af-
fected parties have the right to vote in a democratic country 
that then enacts legislation on AI, such as the AI Act. Echo-
ing Himmelreich’s (2023) redundancy objection to AI de-
mocratization, is such legislation enough to say that one can-
not, as an EU-citizen, be dominated by AI systems?  

We consider the answer to be no: laws such as the AI act 
are insufficient to ward off arbitrary meaningful interference 
in people’s daily lives, as any such law is likely to leave 
considerable space for choices that are significant for the 
lives of the people affected by AI systems, without offering 
appropriate reciprocal power. If a democratically legitimate 
law forbids or explicitly allows certain matters, then, at least 
in principle, no further democratization is necessary, but in-
sofar as no such law specifically allows something which 
has dominating influence over people’s, then further demo-
cratic decision-making is necessary. For example, if a law 
were made that allowed only generative AI systems to be 
built that include watermarks that make their productions 
recognizable, this would not mean that therefore it has been 
democratically decided that, say, translators can be fired and 
replaced by generative AI systems, so long as their outputs 
include watermarks. Thus, an AI act or similar legislation is 
not enough, because there is still potential for domination 
within the systems and design options of systems on which 
it is neutral. 

Furthermore, if the political process that produced the law 
in question did not sufficiently take into account the needs 
and interests of affected groups, then those groups can still 
be dominated by systems and design options that the law 
explicitly allows or forbids. In both these ways, AI democ-
ratization is not redundant as Himmelreich’s (2023) second 
objection to AI democratization has it, since there are limi-
tations to what laws cover, and how well they represent the 
needs and interests of all affected groups and persons. 

Finally, it might be argued, if the reason we should adopt 
relational rather than outcome-based considerations is that 
outcome-based considerations put democratization up for 
debate, aren’t relational justifications just as bad, since they 
also consider the outcomes of a procedure? While it is true 
that relational justifications take into account the outcomes 
of a procedure, their benefit compared to outcome-based 
views is that they additionally take into account relevant as-
pect of the procedure. Indeed, for procedures where there is 
enough at stake that democratic decision-making becomes 
necessary, it would be odd not to look at outcomes at all.  

Lastly, we disagree with Himmelreich’s (2023) argument 
that AI democratization is theoretically ill-founded. Him-
melreich argues that calls for AI democratization are moti-
vated by cases of algorithmic injustice, such as when AI 
leads to discriminatory hiring practices, or entrenches stere-
otypes. There is a mismatch here, Himmelreich argues, be-
cause democratization won’t necessarily solve those issues. 
This is false however, at least insofar as a democratic pro-
cess that is both representative and effective in the senses 
defined above, effectively representing oppressed groups, is 
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likely to contribute to solving such issues. This seems plau-
sible. On the other hand, Himmelreich’s objection is an out-
come-based consideration, and perhaps it is true that there 
are better ways to avoid these problems. More fundamen-
tally though, calls for democratizing AI should be based pri-
marily on considerations that also (relationally) regard the 
process, not just the outcome. 

This helps us, as mentioned in the beginning of the paper, 
to evaluate proposals on how to democratize AI. A good 
proposal to democratize AI should ensure effective repre-
sentation, that is, representation that gives affected parties a 
voice that is treated benevolently and in a way that prevents 
domination. Collective decision-making on its own is thus 
unlikely to be sufficient, especially if the decision-making 
happens through majority vote. Many of the issues around 
(epistemic) oppression and the need for benevolence to-
wards the voice of minorities are not resolved purely 
through majority voting. As such, the preference aggrega-
tion discussed by Rahwan (2018) has a risk of not listening 
sufficiently to the broad set of values of affected parties, at 
least in the examples given that focus on distributions of 
goods or outcomes and Rawlsian maximin solutions. There 
is a risk there that interests are taken into account, but by the 
majority group that decides which procedure is fair, as op-
posed to through giving people a voice in the procedure it-
self. Instead, attention to features such as empowered inclu-
sion, discussed by Noorman and Swierstra (2023), is 
needed. Empowered inclusion here does need to mean more 
than ensuring that people can benefit from or participate in 
AI-powered socio-technical systems. Empowered inclusion 
also has to refer to an empowerment of affected parties such 
that their values and interests are taken into account effec-
tively.  

We thus have a set of criteria on which to evaluate differ-
ent proposals for how to democratize AI. By paying atten-
tion to the underlying reason for this move, in our case com-
ing from relational theory, we not only get a more principled 
motivation for including affected parties but also much-
needed standards for that inclusion. This still leaves a lot of 
work to determine how we can in fact best organize effective 
representation. Both empirically and conceptually we have 
a way to go before that question can be answered. We be-
lieve, however, that the current arguments can help to steer 
those efforts. 

Conclusion 
Calls to democratize AI are widespread. However, they fre-
quently rely on either outcome-based justifications of de-
mocratization or only focus on how AI should be democra-
tized rather than why. We have argued that relational theory, 
based on both empirical and normative considerations, pro-
vides a good account of why AI democratization is im-
portant. Improved outcomes are a part of that, but do not 

give the entire story. Rather, in order to legitimize AI sys-
tems and prevent domination, effective representation is 
needed. Effective representation has to give voice to af-
fected parties and demonstrate benevolence towards their 
values. Moreover, we must do this in a way that avoids op-
pression, thus suggesting further criteria for how effective 
representation is to be shaped. As a result, getting a firmer 
grasp on the normative foundation of AI democratization 
also helps to evaluate different concrete proposals for how 
to make it happen. 
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