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Abstract
Real-world applications of machine learning (ML) predictive
algorithms often propagate negative stereotypes and social bi-
ases against marginalized groups. In response, the field of fair
machine learning has proposed technical solutions for various
settings that aim to correct the biases in algorithmic predic-
tions. These solutions remove the dependence of the final pre-
diction on the protected attributes (like gender or race) and/or
ensure that prediction performance is similar across demo-
graphic groups. Yet, recent studies assessing the impact of
these solutions in practice demonstrate their ineffectiveness
in tackling real-world inequalities. Given this lack of real-
world success, it is essential to take a step back and question
the design motivations of algorithmic fairness interventions.
We use popular legal anti-discriminatory principles, specifi-
cally anti-classification and anti-subordination principles, to
study the motivations of fairness interventions and their ap-
plications. The anti-classification principle suggests address-
ing discrimination by ensuring that decision processes and
outcomes are independent of the protected attributes of indi-
viduals. The anti-subordination principle, on the other hand,
argues that decision-making policies can provide equal pro-
tection to all only by actively tackling societal hierarchies that
enable structural discrimination, even if that requires using
protected attributes to address historical inequalities. Through
a survey of the fairness mechanisms and applications, we as-
sess different components of fair ML approaches from the
perspective of these principles. We argue that the observed
shortcomings of fair ML algorithms are similar to the fail-
ures of anti-classification policies and constitute violations of
the anti-subordination principle. Correspondingly, we pro-
pose guidelines for algorithmic fairness interventions to ad-
here to the anti-subordination principle. In doing so, we hope
to bridge critical concepts between legal frameworks for non-
discrimination and fairness in machine learning.

1 Introduction
Anti-subordination and anti-classification are legal princi-
ples that form the basis of the current US anti-discrimination
laws and most of the academic literature around it (Balkin
and Siegel 2003). These principles are fundamental to the
development of decision-making policies that counter indi-
vidual and institutional discrimination. Institutional discrim-
ination, in particular, in areas like employment (Brief et al.
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2000; Schilt 2011), education (Barber et al. 2020), health-
care (Chen, Szolovits, and Ghassemi 2019), has led to con-
tinued disenfranchisement of marginalized groups and a de-
nial of equal citizenship. Alarmingly, years of such discrimi-
nation in various societal institutions, on the grounds of race,
gender, sexual orientation, religious identity, or age, have
influenced and corrupted public data sources with implicit
and explicit biases (Jo and Gebru 2020). Decision-making
frameworks that continue to use data sources affected by
such systemic biases propagate the disenfranchisement of
minority groups. To address these biases, anti-classification
argues for the creation of decision-making policies that do
not take protected attributes of individuals (like race or gen-
der) into account. When simply ensuring equal treatment
is insufficient in addressing the impact of institutionalized
discrimination, the anti-subordination principle suggests de-
signing decision-making policies that actively address sys-
temic biases, e.g., through affirmative action policies.

Fair machine learning focuses on similar ideas of de-
signing algorithmic methods to learn automated models that
are “unbiased” with respect to the protected attributes of
individuals. In the context of data on humans, classifica-
tion involves implementing an automated policy that can
assign individuals to class labels for a specific task using
their task-relevant and demographic attributes; e.g., predict-
ing students’ exam scores using their past performances or
predicting whether a loan applicant would default if given
the loan using the applicant’s credit history. This policy is
technically inferred using a labeled training dataset that con-
tains several pairs of individual attributes and their true class
labels. By determining relevant patterns from the training
dataset, learning algorithms construct classifiers that imitate
the relationship between attributes and class labels in the
dataset. If this dataset is sufficiently robust, the constructed
classifier can “predict” the class labels for future individu-
als. However, a large amount of literature has pointed out
social biases and negative stereotypes in training datasets
(Mehrabi et al. 2021). The classifiers trained using these
datasets simulate an inaccurate relationship between in-
dividuals’ attributes and class labels resulting in reduced
performance for the groups that the dataset misrepresents.
Even beyond training datasets, model misspecifications neg-
atively affect the performance of classifiers for disadvan-
taged groups (Mehrabi et al. 2021). Hence, it is often nec-
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essary to design interventions to ensure that the trained clas-
sification models do not propagate social biases. One pop-
ular algorithmic way this is currently achieved is by con-
structing classifiers which have similar performance across
all groups and which satisfy certain statistical group fair-
ness properties. Popular examples of desired fairness prop-
erties include statistical parity (equal selection rate across all
relevant groups), equalized odds (all relevant groups should
have equal group-specific false positive and true positive
rates), and so on (Narayanan 2018; Verma and Rubin 2018).
In this regard, one of the goals of the field of fair machine
learning is to propose frameworks to construct fair classi-
fiers that satisfy (one or more) fairness properties (Barocas,
Hardt, and Narayanan 2023).

While fair machine learning algorithms aim to address
discrimination in automated decision-making pipelines, re-
cent research has shown that applications of trained fair clas-
sifiers may not satisfy the desired goal of ensuring that au-
tomated decisions are non-discriminatory. As we discuss in
the following sections, either due to an inappropriate choice
of fairness measure or an improper selection of parameters
in the optimization program, fair classifiers can still have
the effect of subordinating marginalized groups. Further-
more, in many high-stakes applications like predictive polic-
ing or risk assessment, the use of fairness constraints can
have the effect of legitimizing unaddressed systemic issues
associated with the use of predictive tools by not actively ad-
dressing the structural biases that enable subordination. To
understand the reasons for these failures of fair classifiers,
we study the design of these systems from the perspective
of anti-classification and anti-subordination. We forward the
proposition that current popular methods to achieve algorith-
mic fairness essentially aim to follow the anti-classification
principle. Correspondingly, we highlight that the failures
of fair classification in practice mirror the failures of anti-
classification that have been extensively documented and
studied in legal and sociological scholarship. In effect, these
failures also constitute a violation of the anti-subordination
principle and we emphasize the importance of satisfying this
principle to construct effective fair classifiers.

The outline for the rest of the paper is the following.
We start with an introduction to anti-subordination and anti-
classification principles, discussing their advantages and dis-
advantages (Section 2). Then, we briefly summarize differ-
ent modules of fair classifiers and discuss why popular fair
classification approaches follow the anti-classification prin-
ciple (Section 3.1). Next, we categorize various failures of
fair classification in practice and relate them to the failures of
decision-making policies that follow the anti-classification
principle (Section 3.2). The specific failure categories we
highlight are (a) focus on technical or superficial neutral-
ity, (b) limited focus on the dynamic impact of fairness
constraints, and (c) legitimization of problematic applica-
tions. Finally, we explore the role of the anti-subordination
principle in algorithmic fairness and how the above failures
constitute a violation of this principle (Section 3.3). While
anti-subordination helps uncover the shortcomings of cur-
rent fairness interventions, we argue that it can also be used
to characterize the design principles for interventions that

are relatively more effective in addressing algorithmic dis-
crimination. We correspondingly discuss these advantages
of satisfying the anti-subordination principle and address the
question of whether this principle can ever be satisfied algo-
rithmically within computational frameworks.

Our primary contribution is the use of the conceptual le-
gal frameworks of anti-subordination and anti-classification
to analyze the motivations of current fair classification al-
gorithms. We extend the recent line of work that evalu-
ates the role of technology in reinforcing existing oppres-
sive power dynamics. Eubanks (2018) discusses how so-
cial and economic inequalities can be entrenched by biased
technologies utilized in government-assisted social services.
Mohamed, Png, and Isaac (2020) study the advances and bi-
ases in AI from the perspective of the decolonial theory to
develop guidelines that can help AI practitioners responsibly
deploy their tools. Like our paper, Green (2019) questions
the utility of incremental approaches to address automated
biases and calls for a rigorous study of the relationship be-
tween fairness interventions and their social impact. We re-
view the various modules that compose this relationship
from an anti-subordination perspective. Mayson (2018) sim-
ilarly contends that redressing racial disparity in risk assess-
ment requires foundational changes to the criminal justice
system, and cannot be achieved solely through algorithmic
changes. Other scholars have also called for a broader analy-
sis of fairness definitions and interventions (Corbett-Davies
and Goel 2018; Barocas, Hardt, and Narayanan 2023; Eden-
berg and Wood 2023). Fazelpour and Lipton (2020) argue
for the need to account for the underlying mechanisms that
cause discrimination. Alikhademi et al. (2021) and Ragha-
van et al. (2020) discuss whether fairness interventions can
legitimize the problems related to the use of automation in
areas like policing and recruitment. Our work explores these
issues with applications of fairness interventions using anti-
discriminatory principles. It is also important to note that we
use legal principles to investigate fair ML designs, and do
not confront the question of the legality of fairness interven-
tions, a topic where these principles also feature prominently
(Bent 2019; Bornstein 2018).

2 Anti-discriminatory Legal Principles
Legal recourse to address discrimination has been a key part
of the civil rights movement in the US. Active legal and po-
litical support to address historical prejudices has led to sev-
eral anti-discriminatory laws and policies. At the same time,
legal scholarship on this topic has forwarded certain anti-
discriminatory principles to codify the methodology for de-
veloping anti-discriminatory policies in different parts of so-
ciety. The anti-classification and anti-subordination princi-
ples are two examples and present popular but distinct paths
toward developing anti-discriminatory policies.

2.1 Anti-classification Principle
One of the ways to construct non-discriminatory policies
is to ensure that the decision-making policies do not take
the protected attributes of the individuals into account when
making decisions (Balkin and Siegel 2003). This approach
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captures the anti-classification principle; enforcement of
this principle prohibits the use of protected attributes in
the decision-making process and/or disparity in outcomes
across groups when group membership is considered nor-
matively immaterial to the task in question. In other words,
the anti-classification principle aims to abolish discrimina-
tion individuals face due to illegitimate disparities in treat-
ment or outcome based on their protected attributes.

The (implicit and explicit) use of the anti-classification
principle led to the legal elimination of several discrim-
inatory practices. By arguing for equal treatment, anti-
classification has been hugely successful in mitigating dis-
crimination in education (Brown v. Board of Ed. 1954),
employment (Unlawful employment practices 1964), hous-
ing (The Fair Housing Act 1968), and lending applica-
tions (ECOA 1974). In settings where minority groups
have historically been denied equal access, guaranteeing
that decision-makers do not discriminate using protected at-
tributes is a major step toward equitable treatment.

The main advantage of the anti-classification principle is
that it is theoretically straightforward to understand and im-
plement.1 If individuals are unfairly denied access to a par-
ticular service due to their race or gender (or their prox-
ies), then an obvious step to address this discrimination is
to prohibit the use of group membership when making these
decisions. Anti-classification principle has also traditionally
been considered more political palatable. Policies that claim
to not differentiate based on any protected attribute and
make decisions regarding individuals based on their “merit”
do enjoy wide support in many countries.2

Despite the advantages of simplicity and political palata-
bility, interventions based on the anti-classification princi-
ple suffer from many critical shortcomings. We discuss these
shortcomings below and highlight their impact on address-
ing discrimination in practice.

(1) Facial neutrality. As mentioned above, policies based
on anti-classification are palatable partly due to the simplis-
tic nature of the proposed intervention - “don’t see color” af-
ter all makes for a catchy slogan against race discrimination.
However, these policies risk ignoring the privilege that has
been afforded to the advantaged groups across generations.
Correspondingly, they often fail to address the structural
disparities in socioeconomic attributes across groups that
have been created due to discrimination in various decision-
making settings across generations.

The push for neutrality of the anti-classification kind has
been a major feature of the affirmative action debate in

1We say theoretically because, operationally, the implementa-
tion of the anti-classification principle can take many forms, some
of which are relatively harder to implement than others. For ex-
ample, simply making race unavailable to the decision-maker can
be sufficient to achieve anti-classification in some cases (i.e., “col-
orblind” policies (Siegel 2010)). However, if other race proxies
are available, decisions can still cause disparate outcomes if they
“learn” the protected attributes using the proxy variables (Kilber-
tus et al. 2017). Addressing these proxies requires additional effort.

2Often making the problematic assumption that metrics defin-
ing “meritocracy” are unaffected by the social dynamics associated
with protected attributes (Holmes 2007).

the US.3 With quotas considered unconstitutional in the US
(Knowlton 1978), policymakers have had to use a variety of
“indirect” affirmative action methods to achieve the goal of
improving minority representation. For example, university
administrations in Texas and California (where using race
in the selection process is prohibited) base their affirmative
action policies on guaranteeing appropriate representations
from all different regions of the states (Joshi 2019). Even
though these policies aim to improve the racial diversity of
incoming university classes, the overall selection process is
expected to be racially neutral - exhibiting a strange form of
facial neutrality to race while implicitly hoping to address
the issue of lack of racial minority representation (Kennedy
2015). Perhaps, at least partially due to this conflict in the
internal goal of improving diversity and the explicit focus
on neutrality, indirect affirmative policies can be ineffective
in practice (Joshi 2019; Bleemer 2023).4

Indirect policies follow the “colorblind” definition of anti-
classification (Nurse 2014), providing an easily advertisable
solution to the vastly complex problem of discrimination, at
the cost of limited effectiveness in addressing the underlying
structural issues.

(2) Limited focus on dynamic impact of anti-
discriminatory policies. In settings where discrimination
is isolated to individual-level decisions (i.e., where certain
problematic decision-makers discriminate against minority
groups), anti-classification can serve as a useful tool to
ensure equal outcomes. In reality, cases of discrimination
are rarely this simple; they do not happen in isolation (e.g.,
through laws that implicitly reinforce the subordination
of minority groups) and acts of discrimination reinforce
disparities across time and context (Gaskin, Headen Jr,
and White-Means 2004). Anti-classification, however, has
a narrow focus on addressing discrimination within the
policies used by individual decision-makers and this narrow
focus has been an issue in various applications.

Historically, we see this point feature in the debate around
the impact of Brown v. Board of Ed. ruling. The elimination
of racial segregation in public schools aimed to to spur sys-
temic changes in other fields (Glickstein 1980). However,
the ruling and the following policy changes did not com-
pletely address racial disparities in other educational sectors.
For instance, desegregation in public schools led to the es-
tablishment of private schools in the US South, the student
demographics of which were predominantly white (Clotfel-

3This is especially true with SFFA v. Harvard case, where the
plaintiffs claimed that the ruling was “the beginning of the restora-
tion of the colorblind legal covenant that binds together our multi-
racial, multi-ethnic nation” (Sloan 2023).

4Bleemer (2023) studies the impact of California’s Prop 209
policy, which ended race-based affirmative action for UC schools
and replaced it with region-based affirmative action (i.e., the top
four percent of students in each district of California are guaran-
teed spots in state schools). Their analysis suggests that this move
led to a decrease in degree attainment and post-graduation wages
of under-represented minority groups. Similarly, simulations of so-
cioeconomic status-based affirmative action demonstrate that they
do not improve minority representation as much as direct race-
based affirmative action policies (Reardon et al. 2017).
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ter 2004). Desegregation in public schools was also ren-
dered less effective due to continued discriminatory hous-
ing practices (Henderson and Browne 2004). Another after-
math of the ruling was that several qualified Black teach-
ers and school administrators, some of whom had also by
then established schools for Black children, were dismissed
once the schools were integrated (Fultz 2004; Will 2019).
These examples point to the necessity of analysis of the
scope of anti-discriminatory policies. Anti-classification ad-
dresses discrimination narrowly by disregarding protected
attributes from decision-making; these policies may ignore
or exacerbate inequalities that are entrenched in our societal
structures due to historical discrimination.

(3) Legitimization of problematic applications. Anti-
classification promotes practices that make decision-making
frameworks appear neutral with minimal intervention; this
superficially-neutral approach, however, can have the harm-
ful impact of legitimizing practices that maintain structural
inequalities. Bonilla-Silva (2006) argues how “colorblind”
approaches maintain racial inequalities in policing and var-
ious other societal domains, while other scholars similarly
contend that this ideology is simply a modern form of racism
that allows the conservation of racial status quo (Neville
et al. 2013). By promoting neutrality as the solution to dis-
crimination, anti-classification can serve as a tool to legit-
imize systemic inequalities and can create hurdles on the
path to broader interventions.

2.2 Anti-subordination Principle
The ideal goal of non-discriminatory policies and legisla-
tion is to dismantle the societal hierarchies that enable and
propagate social inequalities. To achieve this goal, policies
that encourage preferential coverage/selection of individu-
als from disadvantaged groups have often been proposed to
combat social biases that would have otherwise limited op-
portunities afforded to these groups.

The anti-subordination principle promotes these policies
and suggests ways of employing them in a manner that
actively tackles systemic inequalities. Anti-subordination
scholars, in the context of the civil rights movement in the
US, “contend that guarantees of equal citizenship cannot be
realized under conditions of pervasive social stratification
and argue that law should reform institutions and practices
that enforce the secondary social status of historically op-
pressed groups” (Balkin and Siegel 2003). A selection pol-
icy satisfies the anti-subordination principle if it does not
have the effect of subordinating any group and does not
propagate or enable any existing form of subordination that
exists in its environment. Anti-subordination can be realized
in many ways; it can be achieved using affirmative action
or “positive discrimination” policies that provide explicit
opportunities and guaranteed representation for historically
marginalized groups (Hasnas 2002), or it can be used to ar-
gue against the use of tools that can exacerbate discrimi-
nation against minority groups (Colker 1987). Importantly,
the anti-subordination perspective treats discrimination as a
problem that goes beyond the biases of the decision-maker.
It examines the broader systemic abuses of power that have

led to the subordination of large portions of our popula-
tion and requires us to consider the viewpoint of individu-
als from marginalized groups when constructing our non-
discriminatory frameworks (Colker 1987)

In the previous section, we discussed certain shortcom-
ings of an anti-classification approach; using the same ex-
amples as before, we next analyze them from an anti-
subordination lens. Indirect affirmative action policies (like
region- or socioeconomic status-based affirmative action) do
not satisfy the anti-subordination principle when they don’t
actively work towards overcoming the structural inequali-
ties faced by minority group individuals (Colker 1986). Ad-
ditionally, these policies violate anti-subordination by also
creating roadblocks for more direct policies to address dis-
crimination (Joshi 2019). An anti-subordination approach
would reject such policies in favor of those that encour-
age the use of race, gender, and other protected attributes
to address the lack of representation or disparity in deci-
sion outcomes. In the case of Brown v. Board of Educa-
tion, legal scholars have noted that the ruling had both anti-
classification and anti-subordination arguments (Balkin and
Siegel 2003). As mentioned earlier, the anti-classification
principle is satisfied here since the ruling banned the use
of race to determine admittance to public schools. Never-
theless, the basis of the ruling was also to condemn policies
that continue subordination along racial lines and, as argued
by Balkin and Siegel (2003), these anti-subordination val-
ues continue to feature and motivate legal rulings against
discriminatory practices. However, an explicit adherence to
anti-subordination could have provided a foundation to ad-
dress superficially race-neutral practices that still existed af-
ter the ruling and that continued to create educational dispar-
ities along racial lines (see Strauss (1989); Balkin and Siegel
(2003) for further discussion on this point).

Central to the debate between the two principles is the
question of what should be the focus and the effect of
the anti-discriminatory intervention? The anti-classification
principle argues for a narrow approach, whereby we elim-
inate protected attributes from having any impact on our
decision-making process or outcomes – the focus is on mak-
ing sure that the decision-maker does not discriminate based
on the protected attributes; the effect is to guarantee equal-
ity in treatment and/or outcomes of the decisions indepen-
dent of the group membership. The anti-subordination prin-
ciple suggests taking a more comprehensive approach by ac-
tively using protected attributes to create reparative mecha-
nisms through which we can address systemic discrimina-
tion – the focus is on assessing the broader impact of the
current decisions in reinforcing structural inequalities and,
if possible, getting the decision-maker to boost the oppor-
tunities available to marginalized group individuals; the ef-
fect is to both improve their outcomes and actively counter
structural inequalities. It should be clear that the scope of the
anti-subordination principle is wider than that of the anti-
classification principle, which makes it harder to implement
in practice. Considering that we cannot always comprehen-
sively predict the future impact of any policy on the under-
lying population, it can even be impossible to completely

727



achieve anti-subordination. Nevertheless, even as an idealis-
tic goal, the pursuit of anti-subordination can help develop
policies that are more effective in tackling discrimination
compared to anti-classification (Colker 1986).

Our brief summary of these two principles (that have
been more extensively discussed in decades of legal scholar-
ship (Fiss 1976; Balkin and Siegel 2003; Nurse 2014; Joshi
2019)) aims to emphasize that the anti-subordination princi-
ple can be more effective and extensive in tackling group-
based discrimination than the anti-classification principle.
We next show that the lessons learned from legal discussions
on these principles are relevant to the field of fair machine
learning and fair classification as well.

3 Anti-discriminatory Principles in Fair ML
As mentioned earlier, ML algorithms that replace or assist
human decision-making in various societal domains often
propagate existing social biases in these domains. Algorith-
mic fairness methods aim to address these biases compu-
tationally (Barocas, Hardt, and Narayanan 2023). The no-
tions of fairness or justice employed by algorithmic fairness
interventions are also primarily derived from legal scholar-
ship and legislation on anti-discrimination (Ajunwa et al.
2016; Binns, Adams-Prassl, and Kelly-Lyth 2023). How-
ever, the descriptive foundations of the anti-discriminatory
legal rulings or legislative policies (i.e., reasons for using
them and if they were effective in practice) are relatively
under-discussed in the fairness literature. Without this dis-
cussion, assessing the potential impact of algorithmic fair-
ness interventions can be difficult. Our work aims to fill this
gap by canvassing the principles that underpin various fair-
ness mechanisms.

3.1 Fair ML and the Focus on Anti-classification
For a given classification task, the approach to constructing
an automated classifier is to search for a policy, amongst a
large set of possible policies (we will call this the set of fea-
sible classifiers), that is expected to have the least error in
predicting the class labels for current and future samples.
To ensure that the classifier’s predictive performance is sim-
ilar across all groups and/or independent of the protected
attributes, one can constrain the set of feasible classifiers to
only those that satisfy certain statistical group-fairness prop-
erties, e.g. statistical parity (Zafar et al. 2017), equality of
opportunity (Hardt, Price, and Srebro 2016), or causal inde-
pendence (Kusner et al. 2017) These properties are defined
using “fairness metrics” that quantify the disparity of the
classifier performance/treatment across groups.5 Fair classi-
fication algorithms then aim to efficiently find the classifier
that minimizes the prediction error while satisfying the fair-

5See Barocas, Hardt, and Narayanan (2023) for a survey of sta-
tistical group fairness properties. We primarily discuss group or
sub-group fairness in this paper, since they are grounded in le-
gal ideas of addressing group-specific discrimination. Individual
fairness, on the other hand, demands that “similar” individuals be
treated similarly (Fleisher 2021). However, individual fairness no-
tions do not always address the group-specific biases discussed in
this paper.

ness constraints (i.e., constraints on the amount of bias cap-
tured by fairness metrics) (Kamishima et al. 2012; Dwork
et al. 2012; Kusner et al. 2017; Celis et al. 2019; Zhang,
Lemoine, and Mitchell 2018; Agarwal et al. 2018). 6

This removal of classifiers that are deemed “statistically
unfair” is an application of the anti-classification principle,
since it amounts to removing policies that either use pro-
tected attributes for disparate treatment or cause disparate
performance across protected attribute values. Note that our
characterization of anti-classification in fair ML is slightly
different from other papers that make use of this princi-
ple. Certain works consider anti-classification to be satis-
fied if protected attributes (and their proxies) are not used
to make decisions (Corbett-Davies and Goel 2018; Davis,
Williams, and Yang 2021). Corbett-Davies and Goel (2018)
go on to define performance parity as a different goal than
anti-classification, since ensuring performance parity often
requires different treatment for different groups. However, in
this paper, we use anti-classification as an umbrella term to
refer to all of the above properties; i.e., not explicitly/implic-
itly using the protected attribute and/or ensuring similar per-
formance for all groups both fall under the anti-classification
principle. This is because underlying all these methods is an
individualistic idea of “equality” that argues that decision
processes/outcomes should be independent of protected at-
tributes and should only be based on an individual’s “merits”
that are relevant to the given setting.78

3.2 Shortcomings of Fair Classification
The anti-classification approach to algorithmic fairness is
currently the popular approach to address algorithmic bi-
ases in real-world settings (Mahoney, Varshney, and Hind
2020). We next highlight various issues associated with this
approach and discuss how algorithmic fairness methods suf-
fer from shortcomings that are similar to those of anti-
classification presented in Section 2.1.

Technical Neutrality

Choice of fairness metric. Fairness metrics play an impor-
tant role in constructing fair classifiers - they provide a statis-

6This approach summarizes the in-processing framework to
construct fair classifiers. In contrast, pre-processing approaches de-
bias the training dataset so that the classifier trained using the de-
biased dataset is non-discriminatory (Kamiran and Calders 2012;
Celis, Keswani, and Vishnoi 2020). Post-processing approaches
modify a trained classifier to address the biases in the classifier out-
comes (Hardt, Price, and Srebro 2016; Pleiss et al. 2017). All three
approaches have their own domains of applicability, however, the
underlying goal is the same – to address the treatment/performance
disparity of classifiers across protected attributes.

7This interpretation is consistent with the legal literature on
anti-classification as well as recent legal rulings in the US around
equal protection (Eidelson 2019).

8The indeterminacy of the anti-classification principle has been
extensively discussed in legal literature, with the idea that the exact
interpretation of this principle depends on the legal context where
it’s applied (see (Balkin and Siegel 2003; Epstien 2017) for ad-
ditional discussion). By using it to define all policies that aim to
achieve independence from protected attributes, we partly side-step
this lack of clarity.
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tical mechanism for differentiating between fair and unfair
classifiers. Ensuring fairness or being unbiased with respect
to these metrics implies that the decision-maker treats all
groups similarly – indeed this form of “technical neutrality”
is an advertised feature of algorithmic fairness interventions
(Weerts et al. 2024). However, like anti-classification, this
kind of neutrality may not completely address algorithmic
discrimination in practice.

Liu et al. (2018) show that, despite the use of a classifi-
cation policy that is fair with respect to statistical rate (i.e.,
the policy is constrained to ensure equal selection rate for all
relevant groups), the disparity in the underlying distributions
of the majority and minority groups can remain unchanged.
They claim that “conventional wisdom suggests that fairness
criteria promote the long-term well-being of those groups
they aim to protect. ... [we] demonstrate that even in a one-
step feedback model, common fairness criteria in general
do not promote improvement over time” (Liu et al. 2018).
To understand their claim, consider the following example:
suppose a bank is assessing loan applications based on appli-
cants’ credit scores and aims to have an equal selection rate
for all racial groups. This equal selection rate policy, how-
ever, can end up accepting loan applications from minority
group individuals who are more likely to default, leading to
a decrease in the credit scores of these individuals and ei-
ther no change or an overall decrease in the average credit
scores of the group. In this case, the use of fair classifica-
tion would have no positive impact in addressing the credit
distributional disparities across racial groups (Munnell et al.
1996). In fact, the results of Liu et al. (2018) imply that,
in certain cases, an equal selection rate policy might exac-
erbate the credit distribution differences across groups by
being over-eager in assigning positive outcomes.

Similarly, in healthcare settings, McCradden et al. (2020)
and Pfohl, Foryciarz, and Shah (2021) show that outcome-
based fairness metrics (e.g., statistical rate or equalized
odds) can ignore the underlying population heterogeneity
and mask the health inequalities that lead to disparate treat-
ment. McCradden et al. (2020) state “solutions of algorith-
mic fairness ... show risks of relying too heavily on the so
called veneer of technical neutrality, which could exacer-
bate harms to vulnerable groups . . . algorithmic fairness
has not accounted for complex causal relationships between
biological, environmental, and social factors that give rise
to differences in medical conditions across protected iden-
tities”. In these cases, while the anti-classification princi-
ple is satisfied by ensuring performance parity across all
groups defined by the protected attribute, the core causal
structures enabling discrimination remain unaffected. Like
anti-classification, parity-based fairness metrics provide the
appearance of facial neutrality without significant long-term
benefits for marginalized groups.

Similar results demonstrating the importance of the
choice of fairness metrics have also been observed in set-
tings where feature distributions change due to individuals’
actions. Strategic classification models a number of real-
world scenarios where individuals react rationally to insti-
tutional classifiers (Hardt et al. 2016; Kleinberg and Ragha-
van 2020). For instance, loan applicants improve their like-

lihood of successful loan application by trying to increase
their credit score in different ways (e.g., opening new credit
lines), and mock test exams (for SAT, GRE, etc.) aim to sim-
ulate students’ performance on actual exams and explicitly
provide pointers for improvement. However, the impact of
classification in these settings can be discriminatory; indi-
viduals from marginalized groups often have to pay higher
costs to positively update their features than other groups
(Milli et al. 2019; Hu, Immorlica, and Vaughan 2019). While
algorithmic fairness interventions aim to address the above
lack of equal opportunity, it does not have that impact in
real-world settings. Estornell et al. (2023) observe that fair
classifiers statistically become less fair than unconstrained
classifiers when individuals can strategically update their
features (here fairness is again measured using a standard
metric, such as the difference between the selection rate
of minority and majority group). Hence, the application of
many common algorithmic debiasing techniques does not
completely address the negative impact of social biases,
even though they do satisfy the anti-classification principle.

Representation parameter selection and balance. The use
of fairness metrics in the search for fair classifiers also re-
quires defining the boundary between acceptable and unac-
ceptable amounts of bias, as quantified by the metrics them-
selves. An example of this boundary is the popular 80% or
four-fifths rule in employment settings; for example, in a re-
cruitment setting, if the selection rate of women is less than
four-fifths of the selection rate of men, then the hiring com-
pany should justify the “business necessity” for this disparity
(Biddle 2017; Rutherglen 1987). There has been significant
policy and legal debate around the choice of this boundary,
with questions about whether the number should reflect pop-
ulation demographics or whether it should address historical
entry barriers for minority groups (McKinley 2008; Bobko
and Roth 2004). The choice of such parameters in fair clas-
sifiers has featured similar discussions.

Continuing with the example of the statistical rate fairness
metric, defined as the difference between the selection rate
of the minority group vs. the selection rate of the majority
group. An equal selection rate for all groups suggests that
fairness can be realized by ensuring equal representation of
all groups amongst the selected individuals. However, while
this is a positive step towards addressing biases, assuming
that this policy provides equal opportunities to individuals
from all groups (and, hence, is fair) can be premature.

First of all, note that an equal group selection rate does
not imply that all groups have an equal voice among the se-
lected individuals; e.g. when there’s a large difference be-
tween the sizes of different groups in the underlying popu-
lation. Significant differences in group representation (inde-
pendent of the eligible population representation) can lead
to unstable power dynamics that favor the over-represented
groups or propagation of negative stereotypes against the
under-represented groups, often necessitating the need for
fixed quotas (Ruiz and Rubio-Marı́n 2008; Kay, Matuszek,
and Munson 2015; Noble 2018).

Secondly, when an equal selection rate for all groups does
lead to an equal (or almost equal) number of selected indi-
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viduals from different groups, it does not necessarily imply
that all groups are provided similar opportunities to succeed.
This point can again be demonstrated using strategic settings
introduced in the previous section. In these settings, individ-
uals can strategically manipulate their features, in response
to a classifier’s decision, to obtain better outcomes in the fu-
ture. Strategic manipulation requires paying a certain cost
that is reflective of the effort required to make the updates
and, in many settings, minority group individuals pay larger
manipulation costs than majority group individuals (Milli
et al. 2019; Hu, Immorlica, and Vaughan 2019). Keswani
and Celis (2023) evaluated fairness-constrained classifiers
in strategic settings. They observed that even fair classifiers
that use statistical parity constraints induce relatively larger
manipulation costs for minority group individuals. In other
words, despite having an equal selection rate for all groups,
minority group individuals are afforded relatively fewer op-
portunities (and pay higher costs) to exercise their recourse
options against institutional decisions, compared to major-
ity group individuals. Furthermore, by analyzing the rela-
tionship between cost functions and statistical parity met-
rics, they show that using modified fairness constraints –
requiring selecting minority group individuals at a higher
rate than majority group individuals– can lead to equaliza-
tion of manipulation costs across groups. That is, unequal
selection rates (favoring the minority group) can reduce the
disparity in the average recourse costs across groups.

Equal selection rates would ensure a neutral selection pro-
cess and satisfy the anti-classification principle. Limitations
of the training dataset are addressed using this fairness pro-
cedure, but only to the extent that all groups are selected
at an equal level in the present and future. However, pref-
erential treatment for marginalized groups can sometimes
be necessary to provide overall improved opportunities to
these groups in domains historically marked by systemic
discrimination. Preferential treatment of this form, neverthe-
less, would violate the anti-classification principle.

Dynamic Impact of Fair Classifiers

Impact of fair classification on the broader environment.
A classification algorithm is often a part of a larger decision-
making context. In our discussion on Brown v. Board of
Ed. ruling, we saw that while desegregated public schools
provided equal access to educational resources for students
across racial groups, it still led to exacerbated bias against
Black teachers, which impacted the quality of education re-
ceived by Black students.

Fair classification algorithms can have a similar impact in
terms of exacerbating bias from different directions. In their
analysis of fair classification, Hu and Chen (2020) show
that “at current, making a system ‘more fair’ as defined by
popular metrics can harm the vulnerable social populations
that were ostensibly meant to be served by the imposition
of such constraints in the first place”. In particular, they ob-
serve that classifiers that ensure fairness using standard fair-
ness metrics (like statistical parity or equalized odds) do not
necessarily lead to improved social welfare of the protected
demographic groups (defined as the average quality of pre-
dictions each group receives from the classifier). The result

of Keswani and Celis (2023) regarding fairness in strategic
settings, discussed in the previous section, is another exam-
ple of this phenomenon where the use of fair classification
does not benefit individuals from marginalized groups. Dai,
Fazelpour, and Lipton (2021) analyze the setting where there
are multiple decision-makers and only a certain fraction of
them include fairness interventions in their decision-making
process; they observe that partial compliance may not lead
to fair outcomes for marginalized individuals in the affected
population. In all of these contexts, fairness interventions do
not have an anti-subordinating effect since they either do not
reduce welfare disparity when the broader context is taken
into account or when interventions are not judiciously im-
plemented and, as argued by Hoffmann (2019), “efforts to
isolate ‘bad data,’ ‘bad algorithms,’ or localized biases of
designers and engineers are limited in their ability to ad-
dress broad social and systemic problems.”

Fairness-accuracy tradeoffs. The choice of fairness toler-
ance parameter is also important when selecting the ideal
policy to implement. For instance, consider the goal of con-
structing a classifier that ensures statistical parity (equal se-
lection rates for all relevant groups). In applications, there
is often concern that these kinds of constraints can lead to
low test/future accuracy (Menon and Williamson 2018), es-
pecially when the classifier that achieves the highest accu-
racy does not satisfy the fairness constraint. Relaxing this
constraint then can lead to a larger set of feasible classi-
fiers and, hence, possibly classifiers that achieve acceptable
levels of accuracy while satisfying the relaxed fairness con-
straint (e.g., using the four-fifths rule suggested for recruit-
ment policies (Biddle 2017; Rutherglen 1987)). This con-
cept of fairness-accuracy tradeoff has been explored in many
papers that propose algorithms for fair classification.

However, the inherent framing of this tradeoff can be
problematic from an anti-discriminatory perspective. One
of the primary reasons for unfairness in classification pre-
dictions is the presence of a myriad of biases in the train-
ing datasets (van Miltenburg 2016; Weissman and Hasnain-
Wynia 2011; Chen, Johansson, and Sontag 2018; Obermeyer
et al. 2019). These datasets crucially misrepresent the un-
derlying feature distributions of the marginalized groups, as
well as, their probability of success for the classification task
in question. Correspondingly, a measurement of accuracy
using these biased features and their distributions should
also be expected to be biased against marginalized groups
as well. In the context of the fairness-accuracy tradeoff, if
a classifier that satisfies statistical parity has low accuracy
over simulated test partitions, that does not necessarily im-
ply that such a classifier has low true accuracy.

Satisfying statistical fairness properties allows algorithm
developers to claim that their algorithms are “unbiased”
when making their decisions. However, when implemented
or evaluated without regard to the broader decision context,
it is difficult to assess whether and how these fairness inter-
ventions improve the welfare of marginalized groups. Cru-
cially, the goal of achieving parity with respect to statistical
fairness metrics can hinder the search for broader reforms
to address discrimination, such as either additional changes
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to the optimization process or exploration of non-technical
avenues to address the biases.

Legitimization of Problematic Applications
The final shortcoming of anti-classification is that it legit-
imizes decision-making systems that ideally require a sys-
temic overhaul. Similar issues can arise due to the usage of
algorithmic fairness as well. Algorithmic fairness interven-
tions address the issues of just one component in a larger
discriminatory decision pipeline and, as argued by Kasy and
Abebe (2021), popular algorithmic fairness notions “ legit-
imize inequalities ... rather than questioning the status quo.”
Fairness interventions should not be employed to validate an
entire decision pipeline. In applications that either require
extensive exploration of alternative automated decision-aid
tools or discussion on whether automation can be employed
equitably at all; superficial algorithmic attempts in these
cases will not ensure anti-subordination. We discuss two rel-
evant examples below.

Predictive policing. The last few decades have seen a re-
newed surge of demands for police accountability (Walker
2006; Archbold 2022). These demands originate from the
frightful power imbalance between the law enforcement
agencies and the citizens they are meant to protect and of-
ten result in blatant abuse of resources and tools by law en-
forcement officials (Decker et al. 2019; Moore et al. 2018;
Chaney and Robertson 2013; Jon Swaine and Lartey 2015).
Automated prediction is another tool that can propagate and
exacerbate systemic biases against minority groups in law
enforcement (Selbst 2017). Predictive policing tools con-
sist of classification models that aim to predict future crim-
inal activity. However, considering that the datasets that are
used to train these models are often biased (Brantingham
2017), inaccurate (Akpinar, De-Arteaga, and Chouldechova
2021), or even incomplete (Klingele, Scott, and Dickey
2010; Siegel 2018), it is not surprising that the trained mod-
els inherit these flaws. This has led to ongoing criticisms
of these tools in practice and even calls for discontinuing
their use in many places (Heaven 2020). Additionally, it is
unlikely that incremental algorithmic fairness approaches to
“debias” predictive policing tools address the deep systemic
biases associated with their use. Nevertheless, fairness in-
terventions allow the developers of predictive policing tools
to advertise the tool’s “unbiased” nature, as in the case of
NYPD’s supposedly unbiased predictive policing tool, Patt-
ernizr (Griffard 2019).

Criminal risk recidivism. Another related example is the
use of automated classification in risk prediction. Recidi-
vism prediction instruments predict the likelihood that a
criminal defendant reoffends in the future. For example, the
COMPAS tool uses information about the criminal history
and demographic attributes of defendants to predict whether
they will re-offend within two years when released (Dressel
and Farid 2018). Beyond the data collection, fairness mea-
surement, and methodological issues with such a classifica-
tion system discussed in earlier sections, the features and
class label can also contain biases that make the use of au-
tomated prediction contentious. For instance, Reisig et al.

(2007) observe that racially discriminatory social structures
amplify the likelihood of recidivism amongst Black defen-
dants. Furthermore, the accuracy of COMPAS tools is simi-
lar to the accuracy of the aggregated decisions of individuals
with no criminal justice experience, bringing into doubt the
robustness of the features used for these tools (Dressel and
Farid 2018). Correspondingly, one question that has been
raised is whether algorithmically addressing biases is a fea-
sible approach for this application at all, as simply using au-
tomation can amplify biases present in the current frame-
work (Alikhademi et al. 2021).

3.3 Why is the Anti-subordination Principle
Important to Fair ML?

An anti-subordination approach situates the impact of a
decision-making policy in the broader environment within
which the policy is implemented. By taking into account the
context in which the proposed fair policies are employed,
an anti-subordination approach can motivate design choices
that ensure that policy outcomes actively tackle historical
and systemic biases. Taking an optimization viewpoint, it
expands the space of non-discriminatory solutions to be as
broad as possible (going beyond just technical solutions),
prioritizing the design motivation of a fair decision-making
policy to be the improvement of the overall welfare of
marginalized groups. From an anti-subordination perspec-
tive, fairness interventions can tackle the algorithmic biases
in question only by actively confronting the underlying dis-
parities that manifest in the form of biased classification out-
comes. In the previous section, we discussed various settings
where popular fair classification techniques have no/nega-
tive impact – these are indeed examples of violations of the
anti-subordination principle. However, many other works in
the field of fair ML do attempt to overcome these drawbacks
by developing interventions that work from the perspective
of the affected groups and take steps towards achieving anti-
subordination. We discuss these works below.

Assessing the dynamic impact of fair classifiers. One of
the main arguments against anti-classification-based fairness
mechanisms was that they fail to account for their broader
and future impact. Modeling the future impact of current de-
cisions is a monumental task and recent work has only been
able to construct such models in simplified scenarios. Nev-
ertheless, even simple models can provide valuable insight
into whether a fair classifier reduces or promotes inequal-
ity. For instance, Zhang, Khalili, and Liu (2020) use simple
feedback models to simulate individuals’ behaviors to clas-
sifiers with group-fairness constraints; their results empha-
size the need for synergy between statistical fairness metrics
and underlying population dynamics. Similarly, performa-
tive prediction algorithms aim to construct classifiers that
are stable and optimal with respect to the distributions that
the classifier predictions can induce (as a result of strategic
actions by relevant agents) (Perdomo et al. 2020; Miller, Per-
domo, and Zrnic 2021). The ideas explored in these papers
can advance anti-subordination principles of evaluating the
broader impact of current decisions and can provide a more
comprehensive way of choosing fairness metrics.
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In terms of additional algorithmic changes to achieve anti-
subordination, certain papers have proposed methods to ac-
count for the broader discriminatory context. Mullainathan
(2018) first model the underlying social process incorporat-
ing equity as part of the welfare function. They also show
that not using protected attributes can lead to reduced wel-
fare for all groups. Kallus and Zhou (2018) provide fairness
interventions that address the lack of robustness in training
data due to past biased selection policies. Zhang et al. (2020)
also show that fairness constraints can reduce feature dispar-
ities between the groups or exacerbate them depending on
the context in which the constraints are employed. They fur-
ther suggest interventions that can ensure that fairness con-
straints are primarily employed in a positive manner.

Potential for improved model design and parameter
selection. Our earlier discussion in Section 2.1 empha-
sizes the importance of normatively assessing parameter
choices to address representational biases. Achieving anti-
subordination via appropriate parameter choices does not
require significant changes to the optimization program,
rather it mainly requires adjustment to fairness tolerance pa-
rameters and the evaluation procedure used. Furthermore,
like our discussion on affirmative action, reasonable quo-
tas for under-represented groups can also advance anti-
subordination. Specifically in the case of media represen-
tation (e.g., Google Search results for various occupations
(Celis and Keswani 2020)), population demographics should
not limit the choice of representation parameters. Rather,
the over-representation of marginalized populations in these
data sources can help combat historical representational
biases that resulted from these media sources. An anti-
subordination perspective favors parameter choices that con-
sider the broader context within which classification is em-
ployed, although the exact choices may differ for different
applications. Importantly, we believe that algorithm design-
ers, with an anti-subordination perspective in mind, play a
crucial role in this discussion by assessing the feasibility of
different kinds of minority representation.

Similarly, for fairness-accuracy tradeoffs, to truly assess
whether a classifier satisfies certain fairness properties for
a specified tolerance parameter (and whether it has an anti-
subordinating effect or not), it is important to consider robust
methods to measure the actual performance of the classifier.
In this direction, multiple recent papers have made impor-
tant strides in pointing out problems with popular quantifi-
cation for fairness-accuracy tradeoffs and alternate methods
to evaluate such tradeoffs. Dutta et al. (2020) show that clas-
sifiers can exhibit different fairness-accuracy tradeoffs when
evaluated over the “ideal” underlying dataset from the pop-
ulation compared to over a biased dataset. Wick, Panda, and
Tristan (2019) similarly observe reduced friction between
common definitions of fairness and performance when the
impact of dataset biases is accounted for in the evaluation
process. Even in real-world implementations of fair ma-
chine learning algorithms, reducing outcomes disparities to
achieve equity of predictions has resulted in minimal accu-
racy loss in many applications (Rodolfa, Lamba, and Ghani
2021; Rodolfa et al. 2020).

Assessment of applications of fair classification. As dis-
cussed earlier in the context of predictive policing and risk
assessment, an anti-classification approach can potentially
legitimize applications that suffer from deeper systemic is-
sues. For these applications, an anti-subordination approach
to the use of automated prediction will take into consider-
ation the deeper problems associated with these fields and
correspondingly question and even discourage the use of au-
tomated prediction tools. The entrenched nature of racial
inequalities in domains like policing and criminal justice
has been emphasized by various civil rights and academic
groups, most of whom call for broader systemic changes
(Adler, Picard, and Flood 2019). It is unlikely that fairness
interventions (that mainly promote neutrality) will have any
effect in addressing the sources of these inequalities unless
other structural changes are pursued simultaneously.

Feasibility of anti-subordination principle for the de-
velopment of fair classifiers. In the sections above, we
use the distinction between anti-classification and anti-
subordination for investigative purposes. We highlight the
issues of anti-classification approaches for algorithmic fair-
ness and contend that current fair classification applications
suffer from similar issues. We use anti-subordination as an
idealized goal to aim for when designing fairness interven-
tions thinking about interventions to address discrimination,
but never truly discuss how to comprehensively satisfy this
principle. An obvious follow-up question is how can we
design interventions that comprehensively satisfy the anti-
subordination principle?

This question is difficult to answer, primarily because in-
troducing algorithmic interventions to update classification
algorithms in isolation may not address all the contextual
biases arising in algorithmic applications. For the examples
presented in Section 3.2, we noted that the choice of fair-
ness metrics or parameters determines the subordinating ef-
fect of fair classifiers. In many of these cases, with appro-
priate adjustments, one can actively work towards realiz-
ing anti-subordination by properly contextualizing the de-
sign and impact of the chosen metrics and parameters. How-
ever, the discussion in Section 3.2 also highlighted that the
impact of these fairness interventions depends on how they
are adopted and implemented in practice; fixing biases from
implementation issues is often beyond algorithmic changes.
Nevertheless, as noted in Section 3.3, the scope of fair clas-
sification in achieving anti-subordination is not completely
limited. In certain fairness domains, appropriate technical
and non-technical adjustments – e.g., extensive audits (to
assess the dynamic impact and relevant fairness-accuracy
tradeoffs of chosen interventions) and necessary model up-
dates (e.g., boosting minority representation via parameter
changes) – can ensure that the algorithm positively counters
past discrimination. However, for domains built upon years
of systemic discrimination, any fair classifier can serve as
a tool to entrench systemic biases, making it unlikely that
anti-subordination can be achieved computationally without
broader non-technical and structural changes.

Hence, the anti-subordination principle can motivate fair-
ness intervention designs and applications that ensure that
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the chosen interventions are effective in addressing individ-
ual and institutional discrimination – however, mechanisms
to achieve it comprehensively (via a potential combination
of technical and non-technical solutions) remains an open
problem. All the examples presented in this paper employ
automation in critical settings. Considering the possibility
of abuse in these settings, if anti-subordination is indeed the
goal, then a transparent data collection process is necessary,
and classifiers should be constructed only when the impar-
tiality of the application and the robustness of data/model, is
guaranteed. As noted by Virginia Eubanks, on biased algo-
rithms for social welfare, “if there is to be an alternative, we
must build it purposefully, brick by brick and byte by byte”
(Eubanks 2018).

4 Conclusion and Future Work
Using the lens of anti-subordination, we study the designs
and applications of fair classification algorithms and argue
that, despite algorithmic interventions, fair classifiers can
still have a subordinating effect. However, by analyzing the
gaps in fair classification tools, we do not aim to suggest
that the current research on this topic has not been useful.
Rather, our goal is to emphasize the presence of the broader
discriminatory environments within which these tools are
employed. With appropriate interventions, we can take steps
toward anti-subordination. Sections 3.3 highlighted research
that proposes broader evaluation methods for fairness inter-
ventions, improved design choices, and deeper investigation
on the role of debiasing technology in propagating discrimi-
nation. These papers show that ideas of anti-subordination
have been implicitly considered by the research commu-
nity. Our work emphasizes the importance of using anti-
subordination as the explicit goal of algorithmic fairness.

Beyond technical solutions, transparency and participa-
tion also help counter algorithmic discrimination. Docu-
mentation on technical aspects of ML tools can allow for
third-party audits and help build trust in these tools when
they are used in practice (Griffard 2019). Participation from
disadvantaged communities is similarly paramount in ad-
dressing automated biases. Discussions on algorithmic fair-
ness should not be limited to the parties with biased al-
gorithmic tools and the parties proposing fairness inter-
ventions. As pointed out by Colker (1987) in the case of
anti-discriminatory policies, and examined for algorithmic
fairness definitions (Saxena et al. 2019; Harrison et al.
2020), public participation (especially from historically-
subordinated groups) in framing and assessing fairness inter-
ventions can lead to inclusive frameworks to address struc-
tural discrimination.

Finally, other legal principles can also be used to moti-
vate fair ML methods. Bornstein (2018) forward the anti-
stereotyping principle, which requires that individuals not
be held to stereotypes associated with their groups. Siegel
(2010) aims to reconcile different non-discriminatory legal
policies using the anti-balkanization principle, which as-
sesses anti-discriminatory policies based on their threat to
social cohesion. Many legal scholars have similarly stud-
ied anti-discriminatory principles from a non-US perspec-
tive (Pager 2007; Weerts et al. 2023). Our use of anti-

classification and anti-subordination is one approach to
question the current motivations of fair ML; future research
should continue this examination along (and beyond) other
legal principles of anti-discrimination.

The arguments we make in this paper to point out the
shortcomings of anti-classification-based algorithmic fair-
ness interventions bear similarities with many different
works on structural inequalities in various societal domains.
Seminal works on the structures of racialized capitalism
(see Alcoff (2021)) and postcolonialism (Young 2016) all
highlight the role of oppressive power dynamics in contin-
uing to exploit social inequalities for economic gains. The
presence of these structures has also been noted in legal
domains, including recent work arguing their subordinating
impact on racial minorities (Brito et al. 2022). Similar liter-
ature on structural inequalities, from the fields of epistemol-
ogy, philosophy, and political sciences, are extremely im-
portant to the pursuit of algorithms that are free from social
biases and inequalities, especially considering the fact that
there’s already decades-long work in these fields demon-
strating the disadvantages of superficial approaches to fair-
ness (Carr 1997; Valli 1995). Yet, designs and applications
of fair ML often fail to heed the lessons from this wider lit-
erature. Using legal principles, our work attempts to connect
this literature to the currently popular computational fairness
notions and applications, and hopes to encourage the tech-
nical fair ML audience to employ the extensive scholarship
cultivated in other academic disciplines to assess the impact
and effectiveness of proposed algorithmic fairness interven-
tions.
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