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Abstract
The now well-known impossibility results of algorithmic fairness demonstrate that 
an error-prone predictive model cannot simultaneously satisfy two plausible condi-
tions for group fairness apart from exceptional circumstances where groups exhibit 
equal base rates. The results sparked, and continue to shape, lively debates sur-
rounding algorithmic fairness conditions and the very possibility of building fair 
predictive models. This article, first, highlights three underlying points of disagree-
ment in these debates, which have led to diverging assessments of the feasibility of 
fairness in prediction-based decision-making. Second, the article explores whether 
and in what sense fairness as defined by the conjunction of the implicated fairness 
conditions is (un)attainable. Drawing on philosophical literature on the concept of 
feasibility and the role of feasibility in normative theory, I outline a cautiously opti-
mistic argument for the diachronic feasibility of fairness. In line with recent works 
on the topic, I argue that fairness can be made possible through collective efforts to 
eliminate inequalities that feed into local decision-making procedures.

Keywords  Algorithmic fairness · Impossibility results · Impossibility · Feasibility · 
Political philosophy · Equality

1  Introduction

The impossibility results of algorithmic fairness (henceforth ‘impossibility results’) 
show that a fallible predictive model cannot simultaneously satisfy two popular 
notions of fairness, Sufficiency and Separation, expect in exceptional circumstances, 
where the comparison classes exhibit equal base rates (Kleinberg et al., 2017; Choul-
dechova, 2017; see also Barocas et  al., 2023, Ch. 3). The impossibility results have 
shaped ongoing discussion on the proper conditions for fairness in prediction-based 
decision-making (e.g., Holm, 2023a; Hellman, 2020; Hedden, 2021; Long, 2021; 
Loi et al., 2023; Grant, 2023; Beigang, 2023; see also Holm, 2023b). They have also 
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sparked considerable debate about the very possibility of training predictive models (or 
algorithms) that would not unfairly discriminate against individuals based on protected 
attributes (e.g., “race” or gender) (e.g., Fazelpour & Lipton, 2020; Green, 2022; Wong, 
2020). This article (i) clarifies some obfuscated aspects of the latter debate by discuss-
ing three points of disagreement therein, (ii) explores the feasibility of jointly satisfying 
Sufficiency and Separation and (iii) outlines a cautiously optimistic argument for the 
diachronic feasibility of fairness via equalizing base rates.

The article is structured as follows. Section 2 begins by briefly discussing algo-
rithmic fairness, the impossibility results, and surrounding debates. I highlight a lack 
of consensus on three emerging questions and suggest that disagreement on those 
questions has likely contributed to variance in appraisals concerning the feasibility 
of building fair predictive models. Preceded by a philosophical discussion on the 
concept of feasibility in Sect. 3, the remainder of the article explores the prospect of 
satisfying the two fairness notions simultaneously. In Sect. 4, I consider whether the 
simultaneous satisfaction of the notions is impossible. I argue that it is not: Separa-
tion and Sufficiency can be jointly satisfied in the absence of base rate disparities, 
and there are no plausible “hard constraints” that render base rate equality impossi-
ble. In Sect. 5, I consider the view that Separation and Sufficiency cannot be jointly 
satisfied even in nearby possible worlds understood as plausible actual or counter-
factual futures. I explore four factors which might explain pessimistic appraisals in 
this regard and argue that those appraisals are typically premised on unreasonably 
narrow conceptions of feasibility. I offer alternative perspectives to feasibility which 
support cautious optimism about the diachronic feasibility of the joint satisfaction of 
the two fairness notions.

The proposed account, outlined in Sect.  6, states that joint satisfaction can be 
made feasible given (i) coordinated collective action consisting of (ii) technological 
and non-technological interventions that seek to eliminate relevant base rate inequal-
ities (iii) gradually through time (iv) in a particular restricted, local decision-making 
setting (v) as informed by intersectional and sociotechnical analyses of those inter-
ventions’ impact. This account is consistent with views proposed in recent studies 
on the topic (e.g., Fazelpour & Lipton, 2020; Green, 2022) but emphasizes the pos-
sibility that the conjunction of Sufficiency and Separation can specify a long-term 
normative target that can be gradually approximated through time. I connect this 
idea to the general framework of transitional justice in political philosophy, which 
starts from real-life injustices and feasibility constraints and theorizes morally per-
missible and effective ways to enhance justice relative to a political ideal (see Rawls, 
1971; Simmons, 2010; Gilabert, 2012). I then briefly discuss instrumental and inde-
pendent moral reasons for equalizing certain base rates, after which I summarize the 
article’s contributions in Sect. 7.

2 � The (Contested) Impossibility of Fairness

The impossibility results were published amidst heated debates over a recidivism 
risk assessment model called COMPAS that is used to assess defendants’ likelihood 
of reoffending if released on parole. The journalistic organization ProPublica argued 
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that COMPAS is biased because its error rates were less favorable for black defend-
ants in comparison to white defendants (Angwin et al., 2016). This statement was 
soon contested by studies that claimed COMPAS was fair by virtue of producing 
calibrated predictions of recidivism regardless of defendants’ ‘race’ (Dieterich et al., 
2016). The impossibility results shook the research community by showing that the 
fairness notions employed on each side respectively cannot be satisfied simultane-
ously by a realistic predictive model (Chouldechova, 2017; Kleinberg et al., 2017). 
The implicated fairness notions can be defined in terms of relations that should 
obtain between protected attributes (A), predictions (Ŷ  ), and the target attribute (Y) 
(Barocas et  al., 2023, Ch. 3). The first fairness notion, Sufficiency, states that the 
actual outcome should be independent of the protected attribute conditional on the 
predicted outcome. Formally, this can be defined as the following condition: Y ⊥ A 
| Ŷ  . In terms of the predictive model’s performance, this means that the predicted 
probability of the relevant outcome (e.g., being classified as ‘high-risk’) should be 
the same as the actual probability of that outcome (e.g., recidivating) regardless of 
protected group-membership (e.g., the defendant’s ‘race’) (Chouldechova, 2017). In 
contrast, the second notion, Separation, states that the predicted outcome should be 
independent of the protected attribute conditional on the actual outcome. This can 
be defined formally as the following condition: Ŷ  ⊥ A | Y. In terms of model perfor-
mance, this means that the likelihood of receiving a false positive prediction (e.g., 
‘high-risk’ for actual non-recidivists) and the likelihood of receiving a false negative 
prediction (e.g., ‘low-risk’ for actual recidivists), respectively, should be the same 
regardless of protected group-membership (Hardt et al., 2016).

Both notions of so-called group fairness echo the same general idea: informa-
tion regarding the decision-subject’s membership in a protected group should not 
unfairly influence their outcome. However, the fairness notions prescribe different 
kinds of independence relations.1 Alas, the impossibility results demonstrate that 
these two fairness notions stand in conflict. For the purpose of providing an acces-
sible primer, I will tone down the technical details of the impossibility results. Read-
ers interested in the technical details are referred to the original articles by Kleinberg 
et al. (2017) and Chouldechova (2017) and the illuminating presentation by Barocas 
et al., (2023, Ch. 3). In particular, the impossibility results show that Sufficiency and 
Separation cannot be simultaneously satisfied whenever two so-called background 
conditions obtain:

Imperfect Prediction:The predictive model has a non-zero error rate which means 
that, for some prediction or classification ŷ i, it holds that ŷ i ≠ yi.
Base Rate Inequality:The compared groups exhibit unequal base rates, which 
means that the target attribute Y occurs at different rates in groups A.

1  Fairness notions can be expressed in the language of counterfactuals, causal pathways, or statistics 
(Mitchell et al., 2021). The literature has explored the moral justification of different fairness conditions 
(see Hellman, 2020, Hedden, 2021, Long, 2021, Loi et al., 2023, Grant, 2023, Beigang, 2023). Here, I 
focus primarily on question of whether they can actually be satisfied in practice and leave aside the sub-
stantive moral question of whether they should be satisfied.
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Imperfect Prediction obtains when the model produces incorrect predictions (e.g., 
an actual reoffender is classified as low-risk). Base Rate Inequality obtains when the 
prevalence of the target attribute correlates with the protected attribute (e.g., there 
is small or large disparity in the prevalence of recidivism between racial groups). If 
the two background conditions obtain, a predictive model cannot satisfy Sufficiency 
and Separation fully and simultaneously. It may satisfy one or the other or, alter-
natively, approximate both of them to an imperfect degree. Let us call the stronger 
notion, where the model exhibits zero disparity according to both fairness notions, 
joint satisfaction.

2.1 � Three Points of Disagreement

Few would deny the significance of the impossibility results, but academic discus-
sion exhibits surprisingly little consensus on three matters discussed presently. The 
first point of disagreement concerns the substantive interpretation of the results 
themselves. A prevalent view is that these mathematical results show the prospect 
of joint satisfaction to be grim: “total fairness cannot be achieved except in highly 
artificial simulations” (Berk et  al., 2021, 17). For example, after the discovery of 
the results, ProPublica published a news article with the headline: “Bias in Criminal 
Risk Scores Is Mathematically Inevitable, Researchers Say” (ProPublica, 2016). The 
results seem particularly “discouraging if one hoped for a universal notion of fair-
ness” (Friedler et al., 2016, 14). This is because they concern all predictive instru-
ments – not only models for recidivism risk assessment, but also for recruitment, 
medical diagnostics, college admissions, and the like. Note here that this common 
view assumes that  joint satisfaction is required for fairness understood as a lack of 
unfair discrimination. However, many theorists have rejected the idea that fairness 
requires the simultaneous satisfaction of Sufficiency and Separation (see Hellman, 
2020; Hedden, 2021; Long, 2021; Loi et  al., 2023; Grant, 2023; Beigang, 2023) 
or the satisfaction of either of them (see Fleisher, 2021). If any of these compet-
ing accounts is true, building fair qua non-discriminatory models might not be a 
pipe dream. Still, the impossibility results remain discouraging just in case there are 
other moral reasons to satisfy both Sufficiency and Separation.

A related point of disagreement concerns what explains the conflict between the 
two fairness notions. In the literature, it has been suggested that available fairness 
notions represent competing understandings of fairness (Jacobs & Wallach, 2021), 
embody “different and irreconcilable moral assumptions” (Heidari et al., 2019, 188), 
or encompass incompatible views about what grounds claims to the good that is 
distributed (Holm, 2023a). A prevalent idea therefore seems to be that the conflict 
stems from the incompatibility of fairness notions. Meanwhile, some contend that it 
is the background conditions that give rise to the conflict. The problem is not neces-
sarily that the different notions of fairness are fundamentally in conflict; rather, their 
simultaneous satisfaction is not possible in real-life circumstances due to practical 
constraints (see e.g. Green, 2020; Green, 2022, Fazelpour & Lipton, 2020). The con-
flict is explained by reference to the states-of-affairs in which the fairness notions 
are implemented, not the “content” of the notions themselves.
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A final point of contention concerns the proper response to the tradeoff. Suppos-
ing that joint satisfaction is required for fairness, one option is to bite the bullet: fair 
models cannot be built, only more or less (un)fair ones. If fairness does not require 
joint satisfaction, however, we have to instead identify the right fairness criterion to 
enforce in the particular case (e.g., Loi et al., 2023). A further view is that we should 
adjust or reinterpret the fairness notions to reconcile them (Beigang, 2023). Still oth-
ers argue that the dilemma should be framed “first and foremost as a political ques-
tion and be resolved politically” (Wong, 2020, 225). In a somewhat similar fashion, 
further theorists have argued that “[t]he proper response to the impossibility of fair-
ness is not to tinker within the contours of this intractable dilemma but to reform the 
relational and structural harms that produce the dilemma” (Green, 2022, 16).

2.2 � Motivating the Inquiry

The previously discussed disagreements might explain the variety in the terms that 
one encounters in the literature – (im)possibility, (in)compatibility, (in)feasibility, 
and inherent tradeoff being the usual suspects. In this article, I call terms such as 
(im)possibility and (in)feasibility attainability concepts because such terms are typi-
cally used to describe the prospect of bringing about some state-of-affairs and/or to 
represent the viability of different courses of action. The different attainability con-
cepts that have been used to describe the prospect of joint satisfaction notably hint 
towards different reasons to deem that prospect (un)attainable. Indeed, joint satisfac-
tion has been taken to be impossible due to the alleged incompatibility of the fair-
ness notions but also unattainable due to mismatch between the fairness notions and 
their real-life circumstances of enforcement (e.g., base rate disparity). The purpose 
of this article is to examine which attainability concepts we should use to character-
ize the prospect of joint satisfaction.

The present inquiry is motivated, first, by the fact that attainability concepts 
are frequently used to exercise political power in public discourse (e.g., to justify 
courses of action, to depict some options as more or less viable than others). In 
this light, a lack of consensus on the attainability of joint satisfaction may not only 
obfuscate debates surrounding fairness in prediction; it may also have broader con-
sequences in terms of contributing to misguided policy-recommendations. Indeed, 
some theorists who reject the impossibility of joint satisfaction argue that the 
“impossibility results inadvertently provided a justification for companies, govern-
ments, and other organizations to use predictive models which violate one of the 
fairness criteria” (Beigang, 2023, 166).

The present inquiry also touches upon longstanding debates on the role of feasi-
bility considerations in normative theorizing. To illustrate, suppose the well-known 
Kantian maxim ‘ought implies can’ is true and that the joint satisfaction of Suffi-
ciency and Separation is impossible to achieve. If so, then joint satisfaction cannot 
be morally required: it is a “hopelessly aspirational” goal that we know will never 
actually be met (see Estlund, 2014). This line of reasoning suggests that we should 
revise (e.g., “relax”) or reinterpret the notions of fairness. Indeed, the view that 
normative standards should be calibrated for achievability in real-life settings has 
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been discussed in debates surrounding “realistic” or “fact-sensitive” normative the-
ory (Farrelly, 2007; see also Fazelpour & Lipton, 2020). Of course, some hold that 
hopeless aspirations are tolerable in the domain of moral theory (e.g., Cohen, 2003, 
Cohen, 2008; see also Estlund, 2014) while others maintain that normative theories 
should be at least “realistically utopian” in the sense that their proposed normative 
standards could be satisfied in the long run, even if doing so is currently infeasi-
ble (e.g., Rawls, 1971; Simmons, 2010). Proponents of these views might thus hold, 
respectively, that we should accept that unfairness according to the two conditions is 
unavoidable, or that our conditions for algorithmic fairness should be at least achiev-
able in the long-term.

This article aligns with the last position described above, providing some rea-
sons to believe that joint satisfaction may yet prove a “realistically utopian” ideal 
of algorithmic fairness (that is, if it is an ideal at all). However, two disclaimers are 
due here. First, I remain strictly speaking agnostic about whether the satisfaction of 
Sufficiency and/or Separation is required for fairness or other moral reasons.2 I focus 
primarily on the attainability of joint satisfaction. Second, the proposed account is 
compatible with the notion that we may ultimately have competing moral reasons to 
merely jointly approximate Sufficiency and Separation (if at all). I now proceed to 
outline the conceptual framework of the present inquiry by discussing the concept of 
feasibility in political theory.

3 � The Concept of Feasibility

The feasibility of policies and reforms (e.g., tax schemes, environmental regula-
tions) is a commonplace topic of political debate. This article approaches the pros-
pect of building a predictive model which satisfies both Sufficiency and Separation 
as a matter to be similarly assessed in terms of its feasibility. But when is something 
feasible? Broadly speaking, “some state of affairs is feasible if there is a way we 
can bring it about” (Gilabert & Lawford-Smith, 2012, 809). A number of factors 
will affect whether and to what extent following a course of action is possible, par-
ticularly as a means to achieve the desired effect(s). The distinction between hard 
and soft constraints is often invoked to demarcate between two types of factors: “[a] 
hard constraint is one that cannot be breached and is always and everywhere rel-
evant, while a soft constraint is one that may apply to some degree and may vary 
from circumstance to circumstance” (Hamlin, 2017, 210). I will next discuss hard 
and soft feasibility constraints in more detail, after which I outline the conceptual 
framework of the present inquiry.

2  I lean towards the view that the joint satisfaction of Sufficiency and Separation in prediction-based 
decision-making is desirable even if it might not be required purely for fairness-related reasons. Alas, I 
do not have space to present a detailed argument in favor of this position in this article.
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3.1 � Hard and Soft Feasibility Constraints

In the field of computer science, hard constraints are commonly defined as rules or 
conditions which must be followed upon computing a solution to the defined prob-
lem. This notion bears a family-resemblance to similar concepts that occur other 
fields, including political theory and philosophy. The notion of a hard constraint, 
as it is used in this article, can be illustrated by using the terminology of possible 
worlds characteristic to literature on metaphysical modalities (e.g., Menzel, 2013): a 
state-of-affairs S is impossible if there are no possible worlds where S obtains, i.e., 
the propositions characterizing S cannot be true simultaneously. Paradigmatic exam-
ples of hard constraints as things that circumscribe possibility are logical and nomo-
logical constraints. On the one hand, round squares are logically impossible because 
a thing that is both round and a square does not exist in any possible world. The con-
junction of propositions ‘X is round’ and ‘X is a square’ is necessarily false given 
standard definitions of ‘roundness’ and ‘squareness’. On the other hand, nomologi-
cal impossibility is a weaker notion commonly used to describe things that contra-
vene relatively strict regularities and patterns that characterize our universe (e.g., 
relatively hard facts of physics, human nature, and the like). That is, a thing is nomo-
logically impossible if the propositions characterizing it are not simultaneously true 
in any possible world governed by what are colloquially called “laws” of nature.

Policies or actions are impossible in the previous senses when their (successful) 
implementation requires agents to do something that is inherently self-contradictory 
or unimaginable given the relatively stable parameters provided by our shared world. 
In this sense, hard constraints simply rule out options from rational consideration 
(e.g., the idea of travelling through time to prevent the climate crisis is simply not 
an option for reasonable policymakers). However, soft constraints have no similar 
power. They encompass numerous factors that can decrease the likelihood of imple-
menting a policy as a means to achieve a desired outcome (see Hamlin, 2017; Gila-
bert & Lawford-Smith, 2012). These include, for example, constraints concerning 
resources (e.g., restricted finances, limited technology), human agents (e.g., biologi-
cal and psychological dispositions), institutions (e.g., coordination problems, inef-
fective modification of behavior), and epistemic access (e.g., uncertainty about out-
comes, imperfect knowledge). Sure enough, some might also include values (e.g., 
moral duties and obligations) to this list. However, I assume that values are distinct 
from matters of (empirical) feasibility and instead bear on the overall expected nor-
mative value of actions and policies (for discussion, see Gilabert & Lawford-Smith, 
2012; Hamlin, 2017).

Soft constraints form a continuum from almost-but-not-fully-rigid to highly 
flexible, even inconsequential, obstacles. The flexibility of a given soft constraint 
depends on a number of things surveyed presently. To illustrate, consider approaches 
to preventing the spread of a novel contagious disease. Here, agents’ lack of knowl-
edge about the disease (epistemic constraint) and the human body’s lack of immu-
nity against it (biological constraint) can constitute inflexible constraints on the 
scope of feasible measures to prevent further contagion. Still, it might be legally 
and politically feasible for decision-makers to introduce social distancing measures, 
for instance. In addition, it might be economically feasible to provide free masks to 
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minimize contagion. The flexibility of soft constraints also depends on agents’ effort 
– namely, the degree to which individual and collective agents exert themselves to 
remove or further soften feasibility constraints (Gilabert, 2017). Scientific break-
throughs (e.g., medical discoveries) and technological innovations (e.g., cheaper 
methods for manufacturing and distributing masks) can soften previously rigid con-
straints on contagion prevention. They may even remove certain constraints entirely 
by improving our knowledge of the problem or by presenting effective means to 
address it (e.g., vaccines). Such feats may require considerable resources, time, and 
coordinated collective efforts from professional communities, institutions, and the 
like. However, assessments of the feasibility of tackling soft constraints is to be con-
ditioned on the expectation that agents exert themselves.

There can also be sudden decreases and increases in the availability of medi-
cal resources, as witnessed throughout the COVID-19 pandemic. This highlights 
another important point: soft constraints are generally subject to dynamic varia-
tion, meaning their flexibility or occurrence can change through time. Changes in 
the flexibility of soft constraints may result from agents’ effort to intervene on those 
constraints, but they may also occur independently in some cases. The implica-
tion here is that “feasibility sets for political action are open to temporal variation” 
and “what is not feasible now may become feasible in the future if we take steps to 
expand our […] capabilities” (Gilabert & Lawford-Smith, 2012, 47). This also high-
lights the need to distinguish between synchronic and diachronic perspectives to (in)
feasibility which concern the feasibility of actions or outcomes in the present and in 
the future, respectively. If providing masks to all persons who need them is infea-
sible right here and now due to presently obtaining soft constraints (e.g., financial 
constraints), for instance, we can say that it is synchronically infeasible. If distribut-
ing masks to those in need can be done at some future time (e.g., provided that we 
cut production costs or acquire additional funding), we can say that it is diachroni-
cally feasible. Note that an action or outcome can be synchronically infeasible while 
diachronically feasible, and vice versa.

3.2 � Feasibility Assessment

The previous, admittedly brief detour into attainability concepts provides us with a 
rough conceptual framework to work with. In this article, I will use the term impos-
sibility to describe policies that violate hard constraints, including (i) logically or 
conceptually impossible policies are inherently self-contradictory and cannot be 
implemented in any conceivable possible world, and (ii) nomologically impossible 
policies which suffer the same fate because they violate relatively hard and stable 
facts (or “laws”) of nature. I call two or more policies theoretically incompatible 
when (a) the conjunction of those policies violates hard constraints or (b) their suc-
cessful and joint implementation requires the presence of background states-of-
affairs that do so. In turn, I take the weaker concept of (in)feasibility to denote a 
continuum of attainability where a given possible policy is more or less likely (to 
succeed) given different kinds of soft constraints. I use the term strict infeasibil-
ity to denote the set of (possible) policies that are judged “all-things-considered” 
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infeasible (even if possible). In other words, I view strict (in)feasibility as a range 
property that assumes some threshold based on which policies are included into or 
excluded from an agent’s meaningful catalogue of options. Lastly, I understand two 
or more policies to be practically incompatible when their (successful) joint imple-
mentation requires synchronically infeasible background conditions to obtain. Note 
that two policies can be simultaneously theoretically compatible (because there are 
possible worlds where they can be jointly implemented) and practically incompat-
ible (because their joint implementation is not feasible in the relevant world given its 
current soft constraints).

Gilabert and Lawford-Smith (2012) have proposed a two-tiered feasibility test 
which is compatible with the outlined conceptual framework, and which can provide 
some guidance for our present inquiry. The first test consists in a largely concep-
tual and theoretical examination of the feasibility of a particular policy. Here, one 
examines whether there are hard constraints that preclude the (successful) imple-
mentation of the policy. Impossible policies (i–ii) and theoretically incompatible 
policies (a–b) qua sets of policies fail this test. To establish whether joint satisfac-
tion is impossible we must examine whether there are hard constraints that make it 
so. Given the prevalent vocabulary used in discussions surrounding the impossibil-
ity results, one might expect that there are. If the prospect passes this test, however, 
we may proceed to consider what kinds of soft constraints might render it strictly 
infeasible. This is the second test: a comparative assessment wherein possible poli-
cies are ranked based on their likelihoods of success given a set of applicable soft 
constraints. This ranking exercise is notably of an empirical nature and factors in the 
temporal flexibility of the relevant soft constraints conditioned on agents’ effort to 
actually bring about the desired states-of-affairs.

4 � Is Joint Satisfaction Impossible?

Does the prospect of joint satisfaction pass the first feasibility test? On one account, 
the answer is negative because joint satisfaction is logically impossible: Sufficiency 
and Separation are mathematically incompatible. This account might seem initially 
credible given that terms such as ‘mathematical impossibility’ and ‘mathematical 
incompatibility’ occur quite frequently in the literature. For instance, Wong states 
that research has supposedly shown it to be “mathematically impossible for an algo-
rithm to simultaneously satisfy different popular fairness measures”, taking this to 
mean that the measures cannot “coherently capture different concerns about fairness 
at the same time” (Wong, 2020, p. 229). The term ‘mathematical incompatibility’ 
also occurs in other studies, including ones which explicitly resist the conclusion 
that fairness itself would be impossible as a result of the tradeoff (Green, 2022). 
However, it is crucial to note that the impossibility results only reveal joint satisfac-
tion to be impossible given that the two background conditions (Imperfect Predic-
tion and Base Rate Inequality) obtain simultaneously. They do not show that the 
formal properties expressed by Sufficiency and Separation are necessarily incompat-
ible, in other words, nor do they provide reason to believe that one or both of the 
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background conditions inevitably obtain. This is a simple and fairly obvious reason 
to reject the idea that the fairness notions are mathematically incompatible overall.

On a second account, the joint satisfaction of Sufficiency and Separation is 
impossible because the fairness notions are bound to conflict in all nomologically 
possible worlds. Having established that joint satisfaction is theoretically possi-
ble whenever even one of the background conditions does not obtain, this account 
can be rephrased as follows: there is no nomologically possible world where either 
Imperfect Prediction or Base Rate Inequality is false. Note that, if one of the back-
ground conditions is not a nomological hard constraint, this second account is also 
false. To establish that we have reason to reject this account as well, it is reasonable 
to focus on the background condition that is most likely to qualify as a soft con-
straint. I will next discuss Base Rate Inequality as a feasibility constraint on joint 
satisfaction since I believe it is the more plausible candidate here.

4.1 � The Possibility of Base Rate Equality

Group-level differences are common with respect to many target attributes that 
decision-makers are in the business of predicting and forecasting (e.g., recidivism, 
academic performance, disease). In marginal cases, differences in the distribution 
of those attributes may perhaps be inevitable due to the inescapable diversity of  
human populations. Still, in many relevant cases, there is no principled basis to think 
actual or counterfactual states-of-affairs without base rate disparities in target attrib-
utes are inconceivable. Recall here that we are presently dealing with very strict 
notions of (im)possibility. To claim that local communities or even entire societies 
where members of racialized groups recidivate at equal rates, or where measures of 
academic performance would be identically distributed in different socio-economic 
strata, are impossible is to stretch the concept beyond recognition. Sure, inequality 
may be an unfortunate, common characteristic of our nonideal world. In practice, we 
might also be pragmatic and aim merely for roughly equal base rates insofar as this 
allows for closer-though-not-perfect approximation of the relevant fairness notions 
as opposed to their full satisfaction (see Sect. 2). But from a conceptual perspective, 
the point remains: there is nothing inconceivable about the idea of some relevant 
base rate distribution of some target attribute being equal between some relevant 
groups in some restricted population. This imagined world can be a corner of society 
of a narrowly egalitarian semblance, where the compared groups are equal at least 
in one specific respect – they need not be equal overall according to the preferred 
distributive or relational metric. However, I doubt that replacing ‘some’ with ‘many’ 
in the previous assertion will make a big enough difference to accept that joint satis-
faction would be logically or nomologically impossible.

Sure enough, we may have independent reasons to believe that Base Rate Ine-
quality will obtain in most current and foreseeable decision-making settings (“realis-
tic cases”). But the two fairness notions will in those cases conflict because they are 
practically incompatible in the actual setting where the decision-maker would wish 
to produce fair predictions (see also Green, 2020, Green, 2022, Fazelpour & Lipton, 
2020, cf. Binns, 2020). There is little reason to believe that Base Rate Inequality 
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obtains in all logically or nomologically possible worlds, and we therefore we ought 
to reject the view that Base Rate Inequality constitutes a hard constraint on joint 
satisfaction. (In)feasibility is a more suitable attainability concept to describe the 
prospect of achieving base rate equality and, by extension, joint satisfaction. Still, 
even if Base Rate Inequality is a soft constraint, it is admittedly a highly inflexible 
one for reasons discussed below. This inflexibility might lead many to doubt the pos-
sibility of joint satisfaction. Perhaps the idea of strict infeasibility is what many the-
orists actually have in mind when they talk about the ‘impossibility’ of algorithmic 
fairness? They might in fact be interested in the possibility of joint satisfaction in 
so-called nearby possible worlds understood as plausible actual or counterfactual 
futures (cf. Gilabert & Lawford-Smith, 2012, 810). Next, I argue that even weaker 
statements according to which joint satisfaction is strictly infeasible are commonly 
premised on certain contestable (and often implicit) assumptions.

5 � Is Joint Satisfaction Strictly Infeasible?

The third view, according to which joint satisfaction is strictly infeasible, can be 
phrased by using the same strategy that was applied above: Joint satisfaction is 
strictly infeasible because bringing about states-of-affairs where either Imperfect 
Prediction or Base Rate Inequality is false is strictly infeasible. Note that this is an 
empirical and practical claim as opposed to a conceptual one: given the relevant 
constraints and conditioned on agents’ effort, joint satisfaction is radically unlikely 
to the point of being impossible in the qualified sense of being strictly infeasible. If 
so, the joint satisfaction of Sufficiency and Separation specifies a normative target 
which we cannot realistically hope to achieve (a “hopeless aspiration”). This view 
seems plausible given that predictive models are generally considered to remain 
fallible to some degree. Furthermore, we can also typically expect to find group-
level disparities (smaller or larger) in the prevalence of the target attribute qua the 
assumed proxy for needs, health, wealth, skills, merits, etc. Indeed, studies on the 
topic frequently characterize scenarios where one of these background assumptions 
does not hold true as “trivial” or “artificial” (e.g., Berk et al., 2021, 14).

If this third view is false, however, it follows that joint satisfaction is not strictly 
infeasible, at least for reasons discussed in this article. I emphasize here that the strict 
(in)feasibility of joint satisfaction is an empirical matter that needs to be assessed 
on a case-by-case basis. It depends crucially on whether it is feasible for agents to 
“reduce the upstream social disparities that feed into decision-making processes” 
(Green, 2022, 90). Since a comprehensive empirical assessment is not possible here, 
I can only provide some general reasons in favor of the view that joint satisfaction 
is strictly diachronically feasible. To make the case for this view, I will critically 
examine four factors which, I think, figure either explicitly or implicitly into existing 
pessimistic assessments of the feasibility of joint satisfaction. Some of them have 
been critically examined in existing literature (e.g. Fazelpour & Lipton, 2020; Fazel-
pour et al., 2022; Davis et al., 2021). Here, I situate them more closely into the con-
text of joint satisfaction. There may be other factors that speak in favor pessimistic 
estimates, of course, but I will restrict the discussion to the four factors. Sticking 
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with the example of recidivism rates, I outline a cautiously optimistic account of 
the feasibility of joint satisfaction. This account employs broader sociotechnical and 
political perspectives on feasibility and is consistent with lessons learned from phil-
osophical literature on so-called transitional justice (see Sect. 6 below).

5.1 � On Whose Effort are we Conditioning?

Claims about the impossibility or strict infeasibility of joint satisfaction (or fairness 
in general) are often advanced from the perspective of an individual decision-maker 
(Fazelpour & Lipton, 2020). This is understandable: for an individual decision-
maker, the tradeoff seems an insurmountable obstacle to building a fair model since 
they “cannot through their actions alone bring about the immediate end to all dispar-
ity, even as viewed locally through the variables that their simple decision concerns” 
(Ibid., 62). However, we would be remiss to neglect that most social and political 
problems are of a similar nature. Addressing challenges in contemporary socie-
ties (e.g., declining birth rates) and global crises (e.g., climate change, pandemics) 
requires that individual and collective agents (e.g., citizens, public officials, states, 
NGO’s) work in coordination towards a common aim. In evaluating feasible solu-
tions to such challenges, we are right to condition on the expectation that multiple 
(even if not all) agents exert themselves and that some division of labor towards the 
shared goal takes place.

Likewise, a comprehensive assessment of the feasibility of joint satisfaction 
should not be conditioned on the effort of an isolated, individual decision-maker. 
While decision-makers bear the ultimate responsibility for the nature and impact 
of their prediction models, the fairness of decision procedures is also a matter of 
public concern, making obstacles to joint satisfaction issues that require coordinated 
collective action and an appropriate division of labor between agents (e.g., citizens, 
companies, governments, NGO’s). Dismantling these obstacles (including but not 
limited to base rate inequalities) will demand diverse interventions enacted by many 
agents, both individual and collective. This raises difficult questions about the obli-
gations that specific agents have in mitigating social inequalities (see also Hedden, 
2021, Section V; Fazelpour & Lipton, 2020). To illustrate, consider racial disparities 
in recidivism. Addressing such disparities may require micro-level interventions tar-
geting citizens and public officials (e.g., improving offender rehabilitation, auditing 
police officers) but also macro-level interventions which transform existing institu-
tions and norms (e.g., policing and incarceration reforms) and redistribute societal 
resources (e.g., financial support for community-based crime reduction initiatives). 
Such reforms might need to be implemented incrementally. Still, provided coordi-
nated collective action and sufficient effort, base rate equality presents itself as an 
increasingly more viable goal in the future.

5.2 � Global versus Local Feasibility

Pessimistic appraisals of the prospect of joint satisfaction are typically premised 
on the view that predictive models should be highly scalable and applicable across 
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similar decision-making contexts, perhaps even universally. This design philosophy 
is prevalent in machine learning research, including algorithmic fairness. Critical 
studies highlight how these fields prioritize the development of generalizable statis-
tical models and portable technological solutions (Selbst et al., 2019), embodying 
“an orientation of universalism” according to which “models can be applied to all 
situations and problems” (Green & Viljoen, 2020, 23). In contrast, emerging pro-
posals suggest designing and evaluating predictive instruments from more contex-
tualized perspectives and local justice viewpoints (see, e.g., Green & Viljoen, 2020; 
Sambasivan et al., 2021; see also Boyd & Crawford, 2012). These approaches omit 
universalist aspirations and focus instead on grounding design in an empirically 
informed understanding of local decision-making contexts, affected populations, 
and the specific causal pathways that give rise to the outcomes of interest within 
those settings (see also Fazelpour & Lipton, 2020). Rather than gathering large data-
sets on broad populations (e.g., recidivism in the entire U.S.), they emphasize ‘deep’ 
and well-contextualized data on smaller populations (e.g., Broward County) and the 
decision-making processes impacted by the technology.

If we assume predictive models must generalize to large populations and be uni-
versally applicable, Base Rate Inequality appears quite naturally as a rather insur-
mountable obstacle to joint satisfaction. However, if we tone down universalist 
ambitions and approach the problem locally, within a restricted population and deci-
sion-making setting, we can reassess the flexibility of this feasibility constraint. That 
is, deprioritizing generalizability and portability as desiderata for predictive models 
allow us to recalibrate our assessment of the feasibility of joint satisfaction. To illus-
trate this point, consider the Broward County dataset – a dataset central to discus-
sions surrounding COMPAS – which shows that black defendants are rearrested at 
a rate of 51% as compared to 39% for white defendants, roughly in line with the 
national average of the U.S. (Dressel & Farid, 2018, 1). It is quite clear that elim-
inating the 12 percentage point disparity in recidivism within the more restricted 
population of Broward County is comparatively more feasible than eliminating it 
nationwide. This highlights that feasibility considerations are generally sensitive to 
the “scope” of actual and counterfactual futures under assessment.3

5.3 � Synchronic versus Diachronic Feasibility

The design of predictive models and fairness-enhancing interventions  is often 
approached from a static, short-term perspective which also prioritizes technologi-
cal fixes. Here, the decision-maker’s feasible set of models is circumscribed with 

3  The localized approach also involves its own challenges, including different kinds of feasibility con-
straints and moral questions. For example, it can be challenging to collect sufficient amounts of high-
quality “deep data” on a restricted population. Localized data collection and modeling does not ensure, 
moreover, that predictive models designed for different decision-making contexts are consistent, compa-
rable, or even commensurate with one another. This means that a recidivism risk assessment instrument 
developed for the Broward County context might look considerably different from one developed for the 
New York context. Nonetheless, the general point remains that eliminating base rate disparities is at least 
comparatively more feasible at the level of smaller versus larger populations and scales.
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reference to the applied computational methods and “whatever snapshot of histori-
cal data constitutes the available dataset” (Fazelpour et al., 2022, 49). Similarly, the 
feasible set of interventions to address bias is commonly restricted to technical, one-
shot ‘debiasing’ interventions which aim to align model predictions with the desired 
distributive pattern (see Mehrabi et  al., 2021), sometimes leading to undesirable 
long-term effects (see Fazelpour & Lipton, 2020; Liu et al., 2018). Many apprais-
als of the impossibility of joint satisfaction are likely premised on similarly static, 
myopic and technological perspectives to feasibility. If the available data reflects 
base rate disparities, the idea goes, some fairness criterion must surely give. This 
restricted perspective is problematic for many reasons. First, it may lead decision-
makers to overlook predictive models and fairness-enhancing interventions that are 
diachronically feasible even if currently unattainable. Second, by centering on avail-
able technological fixes, it also leaves potential social and political interventions out 
of sight (Green & Viljoen, 2020). Third, the information immediately accessible to 
decision-makers can be misleading, incomplete, and/or inaccurate. Real-life datasets 
on recidivism, for instance, include redundancies, mistakes, and human biases that 
skew available information of “actual” recidivism rates (see Green, 2020). Similar 
issues are found across criminal justice data pipelines in the U.S., where data is fre-
quently “derived from or influenced by corrupt, biased, and unlawful practices” and 
even “intentionally manipulated or […] distorted by individual and societal biases” 
(Richardson et al., 2019, 18). These issues complicate the assessment of available 
models and fairness-enhancing interventions, potentially leading to misinformed or 
misguided choices between available courses of action.

Feasibility assessments should account for the dynamic nature of feasibility con-
straints and agents’ capacity to influence future sets of feasible actions – both with 
and without technology. A dynamic and diachronic perspective to feasibility can 
avoid the problems described previously. For one, it recognizes agents’ ability to 
affect current epistemic constraints: “our knowledge of the relevant social systems 
could be improved (by well-designed interventions) in ways that could lead to fairer 
judgments at future times” (Fazelpour et  al., 2022, 55). If available policing and 
arresting data is incomplete and rife with errors and biases, for example, cleaning 
up the data pipeline to improve decision-makers’ knowledge of the prevalence and 
causes of crime within different subgroups is a clear step forward4. But this perspec-
tive also calls agents to consider diverse sets of interventions (including predictive 
models and debiasing interventions, but also social and political interventions) that 
could be enacted sequentially. Indeed, Fazelpour et al. (2022) suggest that predic-
tive models can be viewed as parts of intervention trajectories: A model represents 
one possible intervention that can be implemented at a given time to bring about a 
desired outcome, or to make that outcome more achievable; it can be subjected re-
evaluation and adjusted once we learn more about the affected social system or as 

4  This would notably have further desirable effects since policing and crime data also figure into deci-
sions about “prosecution, pretrial services, adjudication, sentencing, and corrections, as well as non-
criminal justice related political decisions, such as community investment and development” (Richardson 
et al., 2019, 48).
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the system changes over time (Fazelpour et  al., 2022, 54). Essentially, this means 
that the project of algorithmic fairness is recast as a dynamic and sequential policy 
selection task (see also Liu et al., 2018, D’Amour et al., 2020) where available mod-
els and fairness-enhancing interventions are also assessed against other interven-
tions (e.g., social and political mechanisms) that could enact desirable change in the 
social system.

5.4 � Complexity and Intersectionality

Final points relate to intersectionality and complex interlockings between protected 
attributes, predictors, and target attributes. It is worth noting that decision-makers do 
not (or at least should not) assess how model performance is affected by information 
concerning a single protected attribute (e.g., ‘race’) but rather a number of protected 
attributes (e.g., gender, age, disability, etc.). The multiplicity of relevant comparison 
classes, I think, represents a factor that has (rightly) moderated estimates regard-
ing the attainability of joint satisfaction. For example, a study on recidivism risk 
assessment noted that “the most challenging problem in practice for criminal justice 
risk assessments is that different base rates are endemic across protected group cat-
egories” (Berk et al., 2021, 34). Furthermore, most target attributes in prediction-
based decision-making contexts are not free-floating, isolated variables. For exam-
ple, behaviors like recidivism are in many ways influenced (or mediated) by factors 
such as socio-economic status, education, employment, and the neighborhood which 
released offenders inhabit (e.g., Lockwood et al., 2015). Recidivism also correlates 
with other protected attributes such as age, ethnicity, and sex (e.g., Piquero et al., 
2015).

Equalizing the prevalence of a particular target attribute (e.g., recidivism) requires 
interventions that target multiple factors (e.g., education systems, neighborhood 
safety; racial bias in policing). Due to the complex relationships between these fac-
tors, those interventions will have various interacting effects (e.g., short-term, long-
term, direct, indirect) and their impact on individuals will vary depending on those 
individuals’ specific combinations of protected characteristics. This issue, widely 
discussed in feminist theory (see Crenshaw, 1991), has also been highlighted in stud-
ies on intersectional bias in predictive models (Buolamwini & Gebru, 2018; Kearns 
et al., 2018). These challenges further reveal the limits of prevalent approaches to 
assessing the feasibility of joint satisfaction. Though I cannot provide a fully fleshed 
out solution here, one way forward is to integrate intersectional and sociotechnical 
lenses to feasibility assessment. Here, protected categories are recognized as “mul-
tiple and interrelated, shaped by and filtered through, societal structures and institu-
tions”, but also technologies such as predictive instruments, which “concentrate and 
compound opportunities and constraints” for individuals and groups (Davis et  al., 
2021, 3). It becomes crucial here to identify how available interventions impact 
uniquely situated, local population strata, including how they might compound 
existing (dis)advantage, and how existing systems, norms, and structures interact in 
mediating the resulting impact. Though this is a daunting task, the take-away is not 
entirely pessimistic: by identifying and leveraging both intersectional dynamics of 
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(dis)advantage and complex causal dynamics of the affected sociotechnical system, 
decision-makers will also be better positioned to target interventions to improve 
equality on multiple intersecting, protected axes of identity.

6 � A Cautiously Optimistic Argument

I have enumerated factors which have likely contributed to pessimistic estimations 
of the feasibility of joint satisfaction. The discussion has not exhausted all possible 
factors, but I offered some preliminary reasons to move beyond pessimism and out-
lined alternative perspectives which may sow seeds of cautious optimism. Indeed, 
I suggested that the joint satisfaction of Separation and Sufficiency may be strictly 
feasible in a diachronic sense. Specifically, it can be made feasible given (i) coor-
dinated collective action consisting of (ii) piecemeal technological and non-tech-
nological interventions that mitigate undesirable base rate inequalities (iii) gradu-
ally through time (iv) in particular restricted, local decision-making settings (v) 
as informed by intersectional and sociotechnical analyses of those interventions’ 
impact. To be clear, I do not claim that joint satisfaction is synchronically feasible 
outside “highly artificial simulations” (Berk et al., 2021, 17). I am rather suggesting 
that it is diachronically feasible assuming collective effort is exerted to eliminate (or 
sufficiently mitigate) base rate inequalities.

The proposed account highlights the need to theorize how algorithmic fairness 
should be pursued in conditions where joint satisfaction is synchronically infeasible 
(e.g., due to base rate inequalities). Here, I suggest recasting this pursuit as part of 
a broader transitional project of social equality and justice. Specifically, I draw on 
the notion of transitional justice as a general framework for theorizing what justice 
demands in nonideal circumstances. It starts from the observation that current states-
of-affairs are in many ways unjust and theorizes morally permissible and effective 
ways of gradually improving those states-of-affairs relative to the best available con-
ception of an egalitarian society (e.g., Rawls, 1971; Simmons, 2010). But how does 
the joint satisfaction of Sufficiency and Separation figure into the framework of tran-
sitional justice? Briefly put, if algorithmic fairness qua joint satisfaction plays some 
role in the framework of an egalitarian society, it can constitute a stable long-term 
target for intervention trajectories (see Sect.  5.3).5 That is, the conjunction of the 
two fairness notions could specify an ideal standard with which prediction-based 
decision procedures should ultimately align, even if they currently cannot. Though 
this standard does not necessarily tell the decision-maker which fairness criterion 
to implement in a given case, it can indirectly guide their choices about how to 
improve the model through time in terms of its fairness (see also Sahlgren, 2024). 
Joint satisfaction would therefore perform a similar function to what many political 
philosophers ascribe to political ideals: namely, specify of a long-term target which 

5  Fazelpour and colleagues (2022) notably express their doubts about the idea that intervention trajec-
tories should be directed towards satisfying fairness conditions. However, many of their ideas are also 
applicable to approaches which conceptualize fairness conditions as long-term targets.
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we should seek to ultimately bring about through feasible, piecemeal reforms (e.g., 
Rawls, 1971; Simmons, 2010, see also Gilabert, 2012).

I reiterate here that I remain agnostic about whether the joint satisfaction of Suf-
ficiency and Separation is actually required to realize fairness (or other values). Still, 
if joint satisfaction is in fact a normatively desirable target that we should seek to 
attain, the proposed account suggests it can be a “realistically utopian” target as 
opposed to a “hopeless aspiration”. The factors discussed in Sect. 5 represent matters 
to be accounted for when theorizing morally permissible and effective interventions 
directed towards achieving that target. Different kinds of local equality-enhancing 
interventions are necessary, and they should involve coordination and an appropri-
ate division labor between agents. In addition, those interventions’ impact should 
be evaluated from sociotechnical and intersectional viewpoints. Furthermore, since 
decision-makers are typically unable to eliminate undesirable inequalities by them-
selves, the dynamic and diachronic perspective highlights the need to theorize so-
called dynamic duties of justice which are sensitive to changing social environments 
and feasibility constraints (see Gilabert, 2012). In the present context, dynamic 
duties would include ones that differently positioned agents (both individual and 
collective) have in regard to increasing substantive equality, also making joint satis-
faction achievable in the future. These viewpoints open up new avenues for research 
in the context of algorithmic fairness. Alas, there is no room to further develop these 
ideas here. Instead, I will devote the remainder of this article to discussing potential 
objections to the proposed account, highlighting potential limitations.

6.1 � Equal Base Rates: Feasibility and Desirability

One could object that the gradual elimination of unjust base rate disparities remains 
a hopeless aspiration because eliminating such disparities will (1) require too much 
effort from agents or (2) result in significant costs. Starting with the first objec-
tion, it is true that, in the end, “[c]onsiderations about what is more or less feasi-
ble must be balanced against considerations about what is more or less desirable in 
order to identify […] options that have maximal expected normative value” (Gila-
bert & Lawford-Smith, 2012, 818). There can be more feasible courses of action 
that should be pursued, and the proposed account is compatible with this notion. In 
regard to objection (2), I noted above that assessments of feasibility should not take 
as their input any moral considerations. This does not mean that the moral costs of 
interventions targeting base rate disparities should be neglected. Once all relevant 
matters are taken into consideration, we might judge it normatively better not to pur-
sue such courses of action. In some cases, it may be preferable to implement (more 
or less) unfair models or consider entirely different courses of action (see also Hed-
den, 2021, Section V).

Even with these qualifications in mind, I think we have reason to consider base rate 
equality – and, by extension, joint satisfaction – in many cases diachronically feasible. 
In particular, it is worth noting that the kinds of equality- and justice-enhancing inter-
ventions I have discussed occur frequently in local and global political agendas, even 
international declarations. It seems implausible that even seemingly radical criminal 
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justice or labor market reforms would be considered strictly infeasible in isolation (at 
least by their proponents) even if collective political aspirations always reveal hints 
of optimism and idealism. Of course, such reforms are commonly directed towards 
addressing the particular problems at hand (e.g., reducing crime, improving access to 
education, enhancing gender equality in the labor market) as opposed to realizing some 
abstract ideal of group fairness in prediction-based decisions. This is fine; they are good 
things to pursue for independent reasons. I have merely highlighted that enhancing, 
if not securing, the fairness of prediction-based decision procedures can be a further 
instrumental reason to pursue those reforms.

Furthermore, we can have independent egalitarian reasons to pursue base rate 
equality. Recall here that the target attribute under consideration can stand for a vari-
ety of properties, behaviors, or outcomes depending on the context. Our reasons to 
ensure that relevant groups exhibit equal base rates surely depend on what is the tar-
get attribute in question. Broadly speaking, distributive egalitarians will argue that 
base rates should be equalized just in case they suitably relate to a relevant ‘egali-
tarian currency’ – i.e., something the equal expectation or distribution of which is 
morally required to respect the moral equality of persons. Relational egalitarians, 
in turn, are interested in whether base rate (in)equality bears on individuals’ (or 
groups’) capacity to relate to each other as moral equals. The prescriptions derived 
from different theories may diverge or converge. Different moral frameworks may 
also give different weight to equality in relation to other values (e.g., utility) giv-
ing rise to further tradeoffs or priorities. Indeed, equalizing the distribution of some 
particular target attribute might incur certain costs that make it all-things-considered 
objectionable. In the case of harmful diseases, for instance, we might be wrong to 
“level down” (i.e., bring everyone down to a same undesirable level) by increasing 
the prevalence of disease in one group. Rather, we should seek to bring members of 
a disadvantaged group to the same desirable level of those in the advantaged group 
by decreasing prevalence in the disadvantaged group.

The causes of the observed base rate disparities can also bear moral weight. 
Consider disparities which have emerged as a result of individuals’ autonomous 
choices.6 Suppose, for example, that members of one group are on average more 
likely to willingly participate in economically risky behaviors when compared to 
members of another group. This might result in more missed loan payments for the 
former group, producing a group-level disparity in default rates. If so, the group-
level disparity could be considered justifiable (even if equality in default rates would 
be an otherwise desirable baseline). Consider then a contrasting case where a dis-
parity has been produced historically as a result of unjust policies and practices. The 
differences in racial groups’ recidivism rates in the COMPAS case provide a good 
example. As Green notes,  ‘the disparities in these population-level statistics are 
themselves the product of discrimination […] African Americans do not just “hap-
pen to have different distributions of scores”—blackness itself is criminalized […] 
and blacks have been subjected to myriad forms of oppression (including redlining 
and segregation […], the war on drugs […], and severe underfunding of schools 

6  I thank an anonymous reviewer for raising this point.
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[…]) that contribute to increasing crime’ (Green, 2020, 601; references omitted). In 
this case, it is plausible that historical injustice creates backward-looking duties to 
eliminate the resulting disparities (see also Davis et al., 2021). Overall, the idea that 
causes of inequality are often morally relevant underlines the importance of under-
standing the complex causes behind the many disparities we can observe in real-
life datasets. In the case of COMPAS, it also highlights how evidence of disparities 
between groups (whether “statistically accurate” or not) can itself become a tool of 
oppression.

7 � Concluding Remarks

This article has explored the feasibility of jointly satisfying two popular fairness notions 
for prediction-based decision-making, Sufficiency and Separation. I argued that the joint 
satisfaction of these notions is not impossible because there are no logical or nomological 
hard constraints that would prevent it. This means that, at least in terms of their internal 
structure, they can coherently capture mutually satisfiable conceptions of what fairness 
demands in “realistically utopian” conditions. In less-than-ideal conditions, however, the 
fairness notions often clash due to practical reasons – namely, base rate inequalities. I then 
proceeded to argue that, while joint satisfaction may be synchronically infeasible in most 
settings due to base rate inequality, it is diachronically feasible. Resolving the contingent 
conflict between the fairness notions will typically require nothing less than eliminating 
– or at least mitigating to some sufficient degree – intersecting, substantive inequalities 
between protected groups. This implies that fair predictions do not necessarily constitute 
a temporally (or normatively) prior means to enhance substantive equality in an unequal 
society, though in marginal cases this may be possible. Rather, fair prediction-based 
decision-making procedures might emerge as a happy possibility only after substantive 
equality has been achieved. This notion relates to the observation that formally equal 
procedures (e.g., “colorblind” risk assessments or facially neutral policies) are frequently 
insufficient for securing substantive equality in circumstances characterized by substan-
tive inequality (e.g., racial disparities in rearrest rates) (see e.g. Green, 2020; Green, 2022, 
Fazelpour & Lipton, 2020). The proposed account thus contrasts with claims according to 
which fairness notions are in inherent conflict (e.g., Wong, 2020) or that we must reinter-
pret fairness notions to reconcile them (e.g., Beigang, 2023), and aligns more closely with 
the idea that we must intervene on the (unjust or unequal) background conditions of their 
implementation (e.g., Green, 2022).

Building on the idea of diachronic feasibility, I suggested that algorithmic fairness 
should be theorized from a transitional justice viewpoint. This viewpoint acknowledges 
the absence of synchronically feasible, perfectly just courses of action and instead works 
within real-life feasibility constraints to gradually approximate ideals of justice and equal-
ity currently beyond reach (e.g., Rawls, 1971; Simmons, 2010; see also Gilabert, 2012). 
Specifically, I suggested that, if an ideal standard of algorithmic fairness as constituted by 
the joint satisfaction of Sufficiency and Separation plays some role in the framework of 
a just and equal society, the path towards it lies in mitigating base rate inequalities. The 
path towards ideals is complex and difficult to traverse. Traversing the path does not come 
without costs, moral and otherwise. The account outlined here emphasizes the need to 
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carefully consider which substantive inequalities should be mitigated on moral grounds 
to begin with, and what kinds of obligations different agents (e.g., citizens, governments, 
companies etc.) have in regard to mitigating them. Given that base rate equality can be 
instrumentally valuable by virtue of (partly) making fair predictions feasible, and often-
times independently desirable for egalitarian reasons, this path can nonetheless be one 
worth following.
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