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Abstract

As algorithms increasingly take on critical roles in high-
stakes areas such as credit scoring, housing, and employment,
civil enforcement actions have emerged as a powerful tool
for countering potential discrimination. These legal actions
increasingly draw on algorithmic fairness research to inform
questions such as how to define and detect algorithmic dis-
crimination. However, current algorithmic fairness research,
while theoretically rigorous, often fails to address the prac-
tical needs of legal investigations. We identify and analyze
15 civil enforcement actions in the United States including
regulatory enforcement, class action litigation, and individ-
ual lawsuits to identify practical challenges in algorithmic
discrimination cases that machine learning research can help
address. Our analysis reveals five key research gaps within
existing algorithmic bias research, presenting practical op-
portunities for more aligned research: 1) finding an equally
accurate and less discriminatory algorithm, 2) cascading al-
gorithmic bias, 3) quantifying disparate impact, 4) navigat-
ing information barriers, and 5) handling missing protected
group information. We provide specific recommendations for
developing tools and methodologies that can strengthen legal
action against unfair algorithms.

Introduction

In June 2022, the US Department of Justice announced a set-
tlement agreement with Meta regarding allegedly discrimi-
natory housing advertisement algorithms on Facebook (DOJ
2024). The settlement required Meta to stop using protected
characteristics such as race and gender in their ad targeting
systems. It mandated the development of non-discriminatory
alternatives, and imposed a $115,054 civil penalty, the max-
imum allowed under the Fair Housing Act. This case rep-
resents a broader trend over the last decade of enforcement
agencies and private plaintiffs turning to regulatory action
and litigation to address algorithmic discrimination. As al-
gorithmic decision-making systems increasingly shape crit-
ical outcomes from housing to healthcare, legal protections
represents one of the most important bulwarks against algo-
rithmic harm—but only to the extent they are enforceable.
The legal framework for addressing algorithmic discrimi-
nation in the US is built upon the 5th and 14th Amendments
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to the U.S. Constitution, which guarantee fundamental rights
related to due process and equal protection under the law to
all persons, and the numerous civil rights laws that reinforce
and extend these protections, including the Civil Rights Act
of 1964 and Fair Housing Act of 1968, which create av-
enues for state and private action. Although the use of ar-
tificial intelligence (AI) technology is relatively new, courts
and regulators have applied existing authorities to emerg-
ing algorithmic systems and resulting court decisions such
as (Mobley 2024). States and localities have also started to
enact new laws to regulate Al, such as the Colorado Artifi-
cial Intelligence Act of 2024, which creates a duty of reason-
able care to guard against known or reasonably foreseeable
risks of algorithmic discrimination (Co. General Assembly
2024). lllinois’ HB3773 protects employees from Al-related
discrimination in employment contexts (Ill. General Assem-
bly 2023), following on city-level efforts such as New York
City’s Local Law 144 (Wright et al. 2024). Such laws have
been motivated in part by reports across multiple sectors
demonstrating how automated decision-making can perpet-
uate discrimination through, e.g., hiring algorithms that sys-
tematically downgrade qualified female candidates (Dastin
2018), tenant screening systems that disproportionately re-
ject minority applicants (Roth 2024), and healthcare allo-
cation algorithms that provide lower levels of rehabilitation
care to elderly patients (Ross and Herman 2023). Automated
decision-making can perpetuate or amplify historical pat-
terns of discrimination, even without explicit intent.

Concerns about algorithmic discrimination have moti-
vated the machine learning (ML) and related communities
to focus their efforts on three main goals: the formaliza-
tion of fairness metrics (Barocas, Hardt, and Narayanan
2023; Chouldechova 2017; Heidari et al. 2018; Corbett-
Davies et al. 2023), the development of fairness-aware
ML (Dwork et al. 2012; Hardt, Price, and Srebro 2016; Kus-
ner et al. 2017; Friedler, Scheidegger, and Venkatasubrama-
nian 2021), and the creation of algorithmic auditing frame-
works (Chen, Johansson, and Sontag 2018; Buolamwini and
Gebru 2018; Raji et al. 2020). However, there remains a
large gap between the academic literature on algorithmic
fairness and the practical tools needed by regulators and
plaintiffs to evaluate algorithms for potentially actionable
discrimination. Critics note that fairness metrics often fail
to align with legal standards (Xiang 2020; Ho and Xiang



2020; Wachter, Mittelstadt, and Russell 2020; Watkins and
Chen 2024), highlighting the need for the ML community
to align its research agendas to better serve interdisciplinary
stakeholders (Henderson et al. 2024).

This work analyzes the disconnect between existing re-
search and legal enforcement through the lens of existing
legal actions targeting algorithmic discrimination. As shown
in Figure 1, legal actions to regulate algorithms can take sev-
eral forms, including individual lawsuits filed on behalf of
named plaintiffs, class action lawsuits, and enforcement ac-
tions taken by or urged of regulators such as state attorney
generals or federal enforcers. Our analysis demonstrates the
need for greater alignment between academic research and
legal efforts to strengthen enforcement and promote ethical
algorithmic development.

Our contribution is two-fold. First, we identify and ana-
lyze 15 civil enforcement actions targeting algorithmic dis-
crimination across sectors including insurance, employment,
and housing. We surface critical patterns in algorithmic bias
investigations by drawing on the legal arguments and allega-
tions contained in complaints, the legal standards for demon-
strating actionable algorithmic discrimination, and various
remediation approaches mandated by settlements. Second,
we synthesize our findings into five concrete research direc-
tions to bridge the gap between academic work and legal
practice: (1) finding an equally accurate and less discrimina-
tory algorithm, (2) cascading algorithmic bias, (3) quantify-
ing disparate impact, (4) information barriers in algorithmic
investigations, and (5) missing protected group information.

Related Work
Definitions of Algorithmic Discrimination

Algorithmic Fairness In machine learning communities,
discrimination has often been formalized as “algorithmic
fairness” (Barocas, Hardt, and Narayanan 2023), generally
referring to a difference between pre-specified sensitive at-
tributes for a computable metric of interest. Examples of
these metrics include accuracy, calibration, or false posi-
tive rates (Chouldechova 2017; Chen, Szolovits, and Ghas-
semi 2019; Kleinberg, Mullainathan, and Raghavan 2016;
Seyyed-Kalantari et al. 2021). A large branch of research
has focused on learning “fairness-aware” algorithms by op-
timally adjusting a learned prediction model to remove dis-
crimination, mathematically formalized through a predeter-
mined and computable metric. Several methods have fo-
cused on adjusting the algorithm itself (Hardt, Price, and
Srebro 2016; Kamishima, Akaho, and Sakuma 2011; Kami-
ran, Calders, and Pechenizkiy 2010; Zafar et al. 2017; Zemel
et al. 2013) while others have focused on the underlying
data (Hajian and Domingo-Ferrer 2013; Feldman et al. 2015;
Calmon et al. 2017; Chen et al. 2020; Shen, Raji, and
Chen 2024). Through these efforts, the notion of a fairness-
accuracy tradeoff has emerged, with post hoc correction
methods available to navigate the balance (Woodworth et al.
2017; Hardt, Price, and Srebro 2016). The community ap-
pears to have coalesced on several commonly-accepted al-
gorithmic fairness metrics and mitigation methods, lead-
ing researchers to implement these calculations in publicly-
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available software packages (Arya et al. 2021; Saleiro et al.
2018; Pfohl et al. 2024).

Disparate Treatment and Disparate Impact In contrast
with the emphasis of machine learning research on model
performance metrics and outcome metrics, legal compliance
across domains requires specific contextual evaluation. (Ja-
cobs and Sparrow 2000). Algorithmic discrimination doc-
trine centers on two theories: disparate treatment and dis-
parate impact. Disparate treatment involves intentional dis-
crimination on the basis of protected characteristics, for ex-
ample, algorithms that explicitly include the attributes or
their proxies and differ in their treatment of groups of in-
dividuals on the basis of these attributes or proxies (Baro-
cas, Hardt, and Narayanan 2023). Disparate impact theories
implicate practices that disproportionately harm protected
groups without requiring proof of discriminatory intent. The
algorithmic fairness literature often simplifies these con-
cepts, equating disparate treatment with the use of protected
variables (Xiang and Raji 2019; Dwork et al. 2012; Lip-
ton, McAuley, and Chouldechova 2018) and disparate im-
pact with disproportionate outcomes (Xiang and Raji 2019;
Corbett-Davies et al. 2023; Feldman et al. 2015). However,
scholars have noted fundamental tensions between technical
fairness metrics and legal discrimination frameworks (Xiang
2020; Xiang and Raji 2019; Wachter, Mittelstadt, and Rus-
sell 2020).

Other Legal Definitions Although disparate treatment
and disparate impact provide the main legal frameworks for
analyzing algorithmic discrimination, other relevant legal
concepts are worth noting. One example is the four-fifths
rule (also known as the 4/5 rule or 80% rule). This general
rule of thumb, as promulgated by the Guidelines of the US
Equal Employment Opportunity Commission (EEOC), is a
method for determining whether the selection rate for one
group is “substantially” different than the selection rate of
another group, potentially evincing disparate impact-based
discrimination (EEOC 2023). The rule states that one rate is
substantially different than another if their ratio is less than
four-fifths (or 80%) and has been endorsed by the Supreme
Court in Duke v. Griggs Power Co. (Griggs 1971). Despite
being one component of a broader legal framework, and de-
spite the EEOC itself indicating that the four-fifths rule is
“merely a rule of thumb” that may be “inappropriate under
certain circumstances,” the four-fifths rule has been dispro-
portionately emphasized in ML literature, often misrepre-
senting actual disparate impact doctrine (Watkins and Chen
2024).

The legal discourse around algorithmic discrimination
is further shaped by two fundamental principles: anti-
classification and anti-subordination (Balkin and Siegel
2003). Anti-classification holds that any differential treat-
ment based on protected attributes is discriminatory, of-
ten interpreted as prohibiting protected class-conscious
decision-making. In contrast, anti-subordination argues that
law should actively work to dismantle group-based hierar-
chies, even if this requires explicit consideration of pro-
tected class status. As a field, ML has focused primarily on
anti-classification while neglecting anti-subordination (Xi-
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Figure 1: Flowchart of different types of civil enforcement actions.

ang and Raji 2019; Xiang 2020).

Algorithmic Discrimination Oversight

Algorithmic discrimination oversight in the US operates
through multiple legal channels as shown in Figure 1. While
shown separately, in practice, these pathways may intersect,
for example, with the evaluation of a private right of ac-
tion or class action becoming the basis for an agency en-
forcement action. Federal agencies like the Federal Trade
Commission (FTC), EEOC, and Consumer Financial Pro-
tection Bureau (CFPB) have historically taken a leading role
in enforcing anti-discrimination protections. In recent years,
the FTC has taken action against Rite Aid’s facial recog-
nition safeguards (Federal Trade Commission 2023), and
been urged to initiate action against HireVue’s Al assess-
ment tools (Electronic Privacy Information Center 2019),
and Aon’s employment screening technology (American
Civil Liberties Union Foundation 2024) while the EEOC has
provided guidance on Al hiring tools and investigated au-
tomated discrimination (EEOC 2023). Beyond agency en-
forcement, private litigation through class action suits and
individual claims (Figure 1) establish precedents for ap-
plying discrimination frameworks to algorithms, exempli-
fied by Mobley v. Facebook and Mobley v. Worday (Mob-
ley 2016, 2024). Civil society organizations drive change
through strategic litigation, as seen in the settlement between
National Fair Housing Alliance (NFHA) and Facebook (Na-
tional Fair Housing Alliance 2018) and the American Civil
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Liberties Union’s credit scoring algorithm challenges (Sand-
vig 2016). Several of these actions are described in Table 1
and were analyzed as part of this project.

While federal and private actors shape enforcement, state
and local governments have enacted their own algorith-
mic accountability legislation. New York City’s Local Law
144 requires employment decision tool audits (Groves et al.
2024), Illinois mandates Al interview disclosures (Ill. Gen-
eral Assembly 2020), and, starting in 2026, Colorado will
require developers and deployers of certain Al systems
to use “reasonable care” to protect consumers from the
risks of algorithmic discrimination (Co. General Assem-
bly 2024). However, similar efforts have faced resistance
in other states (Bedayn 2024), and by the Trump White
House (White House 2025). Regulatory approaches, includ-
ing agency rulemaking like the CFPB’s automated credit
guidance (CFPB 2023), industry self-regulation, academic
partnerships, and international laws such as the Al Act of the
European Union (EU 2024) complement domestic law mak-
ing and enforcement activities. Comprehensive surveys of
regulatory measures emphasize the evolving nature of U.S.
legal practices in addressing different types of algorithmic
discrimination (Wang, Chen, and Liu 2024).

Academic-Legal Fairness Gaps

Scholars have identified a fundamental disconnect between
academic algorithmic fairness research and legal discrimina-
tion investigations in how they define and measure bias. Cur-



rent algorithmic fairness definitions often fail to capture the
contextual and historical dimensions central to civil rights
law (Green 2022; Watkins and Chen 2024). Researchers
have identified five key pitfalls in technical approaches, in-
cluding the “framing trap” of failing to model the entire
system, the “portability trap” of failing to understand the
risks of repurposing algorithm for a different context, and
the “formalism trap” of reducing discrimination to purely
mathematical terms (Selbst et al. 2019). The academic fo-
cus on individual fairness metrics further conflicts with civil
rights law’s emphasis on group-based disparate impact anal-
ysis (Mulligan et al. 2019). Recent work has called for re-
thinking ML benchmarks to better align with professional
codes of conduct and legal standards (Henderson et al.
2024).

These theoretical challenges manifest in practical imple-
mentation barriers. Enforcement agencies struggle to apply
academic fairness tools in real investigations, facing obsta-
cles in data access, computational resources, and developing
legally defensible methodologies (Raji et al. 2020; Metcalf
et al. 2021). This implementation gap has sparked debate
about race-aware systems, with some arguing they consti-
tute impermissible disparate treatment (Bent 2019; Barocas
and Selbst 2016; Kroll et al. 2017), while others upholding
them as acceptable with proper safeguards (Kim 2022; Hell-
man 2020).

A fundamental limitation underlies both theoretical and
practical challenges: current fairness metrics inadequately
address causality, particularly in court-mandated algorith-
mic remediation (Xiang 2020; Xiang and Raji 2019; Hell-
man 2020). This gap in understanding how different inter-
ventions affect disparate impact significantly hampers ef-
forts to address algorithmic discrimination effectively.

Methods

To carry out the analysis reported in this article, we first
searched for civil enforcement actions involving well-pled
claims of discrimination, locating 15 actions. We then pro-
ceeded to analyze these actions for gaps that could poten-
tially be addressed by the research community.

Identifying Civil Actions

We identified civil enforcement actions, including civil law-
suits, settlements, complaints filed with regulators, and reg-
ulatory actions alleging algorithmic discrimination using a
set of both targeted and broad searches.

To locate existing cases, we entered into the West-
law/Lexis advanced search engines—which cover all
published appellate court opinions, some trial level
and administrative actions, and some federal and state
actions—the following search string as well as a variant
that include the names of the agencies: "CFPB" or
"FTC" or "DOJ" or "attorney general"
or "HUD" or "FHA" or "EEOC" or "SEC"):
ATLEAST3 ("algorithm!") /s ("discrimin!"
or "bias") and ("enforcement actions"
or "settlement" or "litigation").
search was current as of May 16, 2025.

This
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This search yielded an initial result of 88 non-unique re-
sults across the two platforms, each of which was reviewed
for relevance. This led to the exclusion of cases in which
keyword mentions were incidental (such as the use of the
term “discriminate” to mean to discern), the algorithm was
tangential to the discrimination claim, or a claim of discrim-
ination against a protected class was not present. However,
we left in actions based not only on traditional discrimina-
tion law (e.g. asserted a violation of equal protection) but
also on theories of unfair competition or consumer protec-
tion that included allegations of discriminatory harm.

Because legal search engines routinely miss unpublished,
trial, or lower court case proceedings, particularly at the
state level, as well as records of agency proceedings, in
addition to this “targeted” search of court proceedings, we
also looked for relevant actions using a broad list of terms
(see Table 3 in the appendix) using various search engines,
including HeinOnline, Google and Google domain search
(site: .gov), some of which were time bound, for exam-
ple, involving a deep search of actions of the Federal Trade
Commission that took place from 2015 to 2025 involving al-
legations related to algorithmic discrimination, algorithmic
bias, algorithmic fairness, or deceptive practices.

Our search was not limited to any particular industry, and
generated actions involving algorithms from multiple do-
mains such as housing, employment, and criminal risk as-
sessment, in both public and private sectors. We narrowed
our focus to investigations of real-world algorithms rather
than guidance statements from regulatory bodies, federal or
state legislature, or academic proposals for algorithmic au-
diting frameworks and included complaints filed with reg-
ulators by third parties alleging harm given that such com-
plaints require the regulator to take further action.

We chose cases that explicitly addressed discrimination
against a protected class and left out actions where alle-
gations of discrimination were merely asserted. This pro-
cess resulted in a list of 15 civil enforcement actions across
federal and state authorities, a subset of which are shown
in Table 1. Additional columns such as details about the
type of action, the venue, the year, and the algorithmic anti-
discrimination authority relied upon are provided in Table 3
in the appendix.

Data Analysis

We analyzed the collected civil enforcement actions and sur-
faced within them consistent themes, patterns, and connec-
tions to algorithmic bias research. Rather than cataloging all
possibilities, we focused our efforts on uncovering the most
salient ways in which ML research could better address the
practical challenges of algorithmic bias investigations.

Each enforcement action centers on allegations of algo-
rithmic discrimination. These cases broadly fall into two
categories: (1) actions involving algorithms alleged to ex-
plicitly use protected characteristics such as Apple Card’s
screening algorithm’s alleged gender discrimination (app
2021a) or (2) cases in which algorithms demonstrated per-
formance issues or inadequate safeguards, e.g., Rite Aid’s
facial recognition system (FTC 2024).



Complainant(s) Respondent(s)  Algorithm and Harm Alleged Status as of
May 2025
Louis and other rental applicants in  SafeRent Solu-  Algorithmic tenant screening program alleged to  Settlement
Massachusetts tions LLC have disparate impact on low-income Black and reached
Hispanic housing voucher recipients and housing
applicants
US Federal Trade Commission Rite Aid Corp.  Facial recognition technology alleged to erro- Settlement
neously identify shoplifters, with high false-positive ~ reached
matches especially likely among Black, Latino,
Asian, and female consumers
US Equal Employment Opportunity iTutor Automated system in recruiting software alleged to ~ Settlement
Commission reject female applicants over 55 years old and male  reached
applicants over 60 years old
US Department of Justice Meta Ad-delivery system for housing advertisements al-  Settlement
leged to discriminatorily target groups based on reached
race, ethnicity, and sex
DeHoyos and other housing applicants  Allstate Automated credit scoring algorithms alleged to  Settlement
in Texas and Florida have an adverse disparate impact on minority in- reached
surance applicants by charging them unfairly high
premiums
Flores and other inmates in New York Stanford and Predictive risk assessment tool (COMPAS) alleged  Settlement
other members to calculate recidivism scores without factoring in  reached
of New York an inmate’s demonstrated maturity and rehabilita-

State Board of
Parole

tion, thus minimizing younger inmates’ chances of
release

Huskey and other homeowners in the  State Farm Homeowner insurance claims-processing algo- Case is pending
Midwest rithms alleged to predict higher levels of fraud from

Black policyholders and thus subjected them to

greater scrutiny
Mobley and other job applicants Workday Job application automated screening tool alleged to  Case is pending

discriminate against job applicants on the basis of
race, age, and/or disability

Oliver and other mortgage applicants Navy Federal Mortgage lending algorithm decisions alleged to  Settlement
Credit Union discriminate based on race by denying plaintiffs a  reached
loan or offering ones on less favorable terms
Real Women in Trucking Meta Ad-delivery algorithm alleged to target job appli- Complaint
cants based on gender and age pending
Connecticut Fair Housing Center and  CoreLogic Tenant screening algorithmic tool (CrimSAFE) al- ~ Appeal pending
Carmen Arroyo Rental Property  leged to discriminate against persons with a crim-  before the 2nd
Solution inal record, disproportionately adversely impacting ~ Circuit
Black and Latino applicants
Liapes Facebook Online advertising algorithm alleged to discrimi- Case closed
nate against women in the showing of life insurance
ads
New York State Dept of Financial Ser-  Apple Credit-decision and credit-limit algorithms alleged No evidence of

vices

to discriminate against women

deliberate dis-
crimination

Table 1: Subset of identified algorithmic discrimination investigations. See Table 2 in appendix for full set of 15 investigations
and additional columns, including a) Type of Action, Venue, and Year Action Initiated, and b) Algorithmic Anti-Discrimination
Regulation/Authority.
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The cases have varied outcomes: several have reached set-
tlements (Roth 2024; Milstein 2024; FTC 2024; DOJ 2024,
DeHoyos 2007), some found no wrongdoing (app 2021b),
and ongoing cases continue to shape evolving standards for
algorithmic auditing and compliance (Huskey 2022; Estate
of Gene B. Lokken et al. 2024; Mobley 2024).

The legal justifications and remediation approaches in
these cases highlight critical areas where ML research can
better support enforcement. Cases frequently rely on anti-
discrimination frameworks like the Fair Housing Act and
Equal Credit Opportunity Act (ECOA) to establish protected
characteristics and determine permissible algorithmic inputs
(DOJ 2024; DeHoyos et al. 2007; Milstein 2024). However,
enforcers face several challenges when attempting to quan-
tify discrimination: while some cases successfully demon-
strated disparate impact through statistical evidence (De-
Hoyos 2007), others struggled with protected group imputa-
tion and data access barriers (Ross and Herman 2023; DOJ
2024). The remediation approaches ordered through settle-
ments reveal the practical need for research on algorithm
modification techniques that maintain accuracy while reduc-
ing bias. This is particularly evident in cases where com-
panies were required to redesign their algorithms (Milstein
2024), highlighting the gap between theoretical fairness im-
provements and deployable solutions. Financial penalties
and technology bans, while effective enforcement tools, un-
derscore the necessity of scrupulous algorithmic investiga-
tions (DOJ 2024; Milstein 2024; FTC 2024). These enforce-
ment patterns inform our identified research opportunities,
particularly around developing standardized disparate im-
pact measurements and techniques for finding equally ac-
curate, less discriminatory alternatives.

Limitations of Study

The 15 actions that are the subject of this study do not rep-
resent the exhaustive universe of algorithmic-bias enforce-
ment activity. A comprehensive review remains unfeasible
due to the fragmented nature of U.S. enforcement and lit-
igation systems, which extend beyond any single research
platform or public docket. For example, federal and state
agency records systems are non-unified and often siloed,
with each agency using its own tracking system and stan-
dards for what to make public. Similarly, state filings and
dockets oftentimes don’t make it into digital repositories.
Because search syntax, coverage, and metadata standards
differ across courts, agencies, and time periods, no real-
istic combination of keyword, agency-name, and domain
searches can surface every investigation or lawsuit.

Identified Research Gaps

Our investigation into the civil enforcement actions re-
lated to algorithmic discrimination revealed several gaps
in methodology and tools needed to identify, measure, and
evaluate algorithmic discrimination.
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Finding an Equally Accurate and Less
Discriminatory Algorithm

Under US civil rights law, defendants in discrimination
cases can justify practices with disparate impact if they
demonstrate “business necessity.” However, this defense
fails if plaintiffs can show the existence of less discrimi-
natory alternatives that achieve similar business objectives.
This concept has direct relevance to algorithmic discrimina-
tion cases. In 2022, a class action lawsuit of homeowners
alleged that State Farm’s homeowner insurance claims pro-
cessing algorithms subjected Black policyholders to greater
scrutiny. The complaint specifically questioned, “Whether
substantially equally or more valid alternative means of
claim processing are available that would eliminate or re-
duce the discriminatory impact [of State Farm’s claims pro-
cessing policy]” (Huskey 2022). As of writing, the investi-
gation remains ongoing as the plaintiffs have demonstrated a
probable likelihood that their allegations have merit (United
States District Court 2023). In 2007, a similar case emerged
when plaintiffs sued Allstate for allegedly charging racially
discriminatory insurance premiums. While denying these
claims, Allstate agreed to implement a new pricing al-
gorithm as part of the settlement (DeHoyos et al. 2007).
Though the settlement documents do not describe the devel-
opment of this alternative algorithm, it seems reasonable to
assume that it was designed to balance non-discrimination
with business performance requirements. Legal scholars
have established that defendants have an affirmative duty
to search for less discriminatory alternatives in many con-
texts (Black et al. 2024), and recent work has begun opera-
tionalizing this search in fair lending contexts (Gillis, Meur-
sault, and Ustun 2024).

This legal framework creates a critical technical chal-
lenge: identifying algorithms that maintain accuracy while
reducing discriminatory impact. From a ML perspective,
this relates to the “Rashomon effect”. Named after the 1950
Japanese film about multiple narratives of the same event,
the Rashomon effect describes the existence of multiple
models with nearly equivalent accuracy but different inter-
nal structures (Breiman 2001; Fisher, Rudin, and Dominici
2019). Recent academic work has demonstrated the preva-
lence of this effect, showing that maximally accurate mod-
els can produce varying degrees of demographic dispari-
ties (Rodolfa et al. 2020). This empirical evidence, com-
bined with theoretical foundations, strongly suggests that
less discriminatory alternatives could exist without sacrific-
ing performance.

However, a critical research gap severely hampers al-
gorithmic discrimination investigations: we lack efficient
methods to systematically explore and identify these equally
accurate but less biased alternatives. This limitation has pro-
found implications for civil rights litigation, where demon-
strating the existence of less discriminatory alternatives is
often legally required under disparate impact doctrine. Cur-
rent approaches fall short in two ways: by either compro-
mising the accuracy by training single “fair” models using
constrained optimization (Zafar et al. 2017), or they rely
on computationally intensive searches through model spaces
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without guarantees of finding optimal trade-offs between ac-
curacy and fairness metrics (Kleinberg, Mullainathan, and
Raghavan 2016). The challenge is further exacerbated by
theoretical impossibility results, which show that differ-
ent fairness metrics often cannot be simultaneously satis-
fied (Chouldechova 2017). This challenge is compounded
by the need to consider algorithmic discrimination across
different input types and accountability frameworks (Bartlett
et al. 2021).

The field needs research advances in three key areas to
address these challenges. First, researchers should develop
efficient search algorithms that can identify equally accu-
rate but less discriminatory models within the Rashomon
set, potentially drawing on techniques from multi-objective
optimization and robust ML. Second, we need theoretical
frameworks that can characterize the trade-off space be-
tween accuracy and various fairness metrics for different
model classes, helping practitioners understand when less
discriminatory alternatives are likely to exist. Finally, the
field requires practical methodologies for comparing algo-
rithmic alternatives that account for both immediate perfor-
mance metrics and long-term societal impacts. These ad-
vances would directly support civil rights litigation by pro-
viding concrete tools for identifying and evaluating less dis-
criminatory alternatives that maintain business performance.

Cascading Algorithmic Bias

Legal investigations of algorithmic discrimination are com-
plicated by the interconnected nature of modern scoring sys-
tems. When regulators or plaintiffs identify bias in an algo-
rithm, they must trace discriminatory effects through multi-
ple systems that may amplify the original disparity. This cre-
ates significant evidentiary challenges, as investigators must
demonstrate not only the existence of bias in individual al-
gorithms but also how these biases compound through au-
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tomated decision chains. These complex chains, where out-
puts from one system become inputs to others can result in
“cascading algorithmic bias” as discrimination in one score
percolates through downstream systems. For instance, as il-
lustrated in Figure 2, a credit score influenced by historical
factors such as redlining might be used in automated hir-
ing, insurance pricing, and housing algorithms, further mul-
tiplying the original discriminatory effects (Nelson 2010).
Credit scores represent a well-documented example of cas-
cading bias due to historical discrimination. Similarly, crim-
inal background information is also used in a wide variety
of contexts to screen individuals out of opportunities in non-
criminal justice realms (Chien 2020).

Cascading algorithmic bias is prominent in several of the
cases we examined. For example, in a class action lawsuit
filed by Massachusetts rental applicants against SafeRent
LLC, plaintiffs alleged that the algorithmic tenant screening
program disproportionately harmed housing voucher recipi-
ents. A key argument criticized the use of credit risk scores
in SafeRent’s resident screening risk score due to the his-
torical context of credit scores: “Black, Hispanic, and low-
income applicants and voucher holders are more likely to
have poor credit histories, which means they are dispropor-
tionately likely to have lower credit scores” (Milstein 2024).
Notably, the complaint’s argument did not rest solely on the
use of credit scores, but instead alleged that individuals with
federal and state housing voucher programs were improp-
erly evaluated by the tenant screening algorithm, given that a
housing voucher uniquely guarantees the housing provider’s
receipt of monthly rent. The case was settled in 2024 with
a $2.28 million settlement and an agreement to modify the
tenant screening algorithms, particularly regarding individ-
uals with a publicly funded federal or state housing voucher
in connection with the rental application.

While credit scores have been established as a known



source of cascading bias, companies are increasingly sell-
ing proprietary scoring systems to other businesses that may
perpetuate or amplify discrimination in novel ways. These
custom algorithms often lack transparency and validation.
For example, in an ongoing investigation against Workday —
a platform used by over 10,000 businesses to manage job ap-
plications — plaintiffs claim that its algorithm disproportion-
ately disqualifies job applicants on the bases of age, race,
and disabilities (Mobley 2024). Finally, devastating effects
of algorithmic errors emerged in a case brought against Rite
Aid and its use of facial recognition technology for surveil-
lance purposes. Rite Aid identified “persons of interest” into
a database using low-resolution images and the technology
would create an alert when a match was found. The technol-
ogy has a high false positive rate especially among Black,
Latino, Asian, and female consumers: “/DJuring a five-day
period, Rite Aid’s facial recognition technology generated
over 900 match alerts for a single [enrolled image of person
of interest]” (FTC 2023). The FTC filed a complaint and
a stipulated order that proposed comprehensive safeguards,
including banning Rite Aid from using facial recognition Al
for five years (FTC 2024).

Academic research has long known about the societal im-
pact of biased scores, such as the use of credit scores for
hiring and insurance (O’Neil 2017). Research to date has
focused on methods to fix the biased score. For example,
if credit scores are known to be biased against Black appli-
cants, various methods exist to address this, such as decou-
pled classifiers (Dwork et al. 2018) or representation learn-
ing (Zemel et al. 2013). Other work has already studied how
interventions to combat algorithmic bias can have cascading
effects (Ghai, Mishra, and Mueller 2022). However, there is
an urgent need to study the statistical consequences of the in-
tegration of biased scores and whether known biases can be
ameliorated. In its current state, the lack of research frame-
works and measurement techniques for these cascading ef-
fects leaves enforcement agencies ill-equipped to investigate
such compounded discrimination, even as the practice be-
comes increasingly common in commercial applications.

To address cascading algorithmic bias, ML researchers
should focus on three critical areas: (1) developing for-
mal frameworks to model and quantify how discrimination
compounds across sequential algorithmic systems, account-
ing for both direct effects and indirect interactions through
proxy variables; (2) creating practical tools that can trace
the propagation of bias through complex scoring networks
while maintaining computational feasibility for real-world
applications; and (3) designing intervention techniques that
can detect and mitigate discriminatory effects at both indi-
vidual decision points and across entire chains of algorith-
mic systems. These advances would enable regulators and
investigators to better understand, document, and address
compounded discrimination in increasingly interconnected
automated decision systems.

Quantifying Disparate Impact

To demonstrate disparate impact, investigators must provide
statistical evidence showing that a practice disproportion-
ately affects protected groups. Courts typically rely on two
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key metrics: the four-fifths rule (as discussed in Section )
and statistical significance tests showing that disparities are
unlikely to occur by chance. This evidence often combines
direct outcome comparisons (e.g., loan approval rates by
race) with regression analyses that control for legitimate
business factors. For algorithmic systems, plaintiffs employ
additional methods, including audit studies that compare
outcomes across identical profiles varying only protected
characteristics, analysis of proxy variables that may corre-
late with protected status, and evaluation of model perfor-
mance across demographic subgroups. Courts generally re-
quire both statistical significance (e.g., 95% confidence in-
tervals) and practical significance, along with evidence that
observed disparities are causally linked to the challenged
practice rather than external factors. This can be a challeng-
ing requirement to meet in settings with complex algorith-
mic systems.

In 2021, the New York State Department of Financial Ser-
vices (NYDFS) investigated Apple based on consumer com-
plaints about the Apple Card and the potential for algorith-
mic discrimination. After a lengthy investigation, the report
found no evidence of unlawful discrimination against ap-
plicants under fair lending law. Part of the investigation fo-
cused on individuals who sent discrimination complaints to
the NYDFS: “In each instance, the Bank was able to iden-
tify the factors that led to the credit decisions, such as credit
score, indebtedness, income, credit utilization, missed pay-
ments, and other credit history elements” (app 2021b). Us-
ing regression analysis, investigators were able to determine
that the Apple Card lending policy—and the underlying sta-
tistical model—would not produce disparate impacts (app
2021b).

While regression analysis proved sufficient for evaluat-
ing the Apple Card’s relatively straightforward lending de-
cisions, more sophisticated approaches are often needed for
complex algorithmic systems. As an example, in 2022, the
Department of Justice alleged that Meta’s housing ad deliv-
ery algorithms used characteristics protected under the Fair
Housing Act. The algorithmic complexity of ad targeting
required a more advanced settlement approach than tradi-
tional disparate impact remedies. As a result, the settlement
agreement describes, “Meta will develop a system to reduce
variances in Ad Impressions between Eligible Audiences and
Actual Audiences, which the United States alleges are intro-
duced by Meta’s ad delivery system, for sex and estimated
race/ethnicity” (DOJ 2024). This “variance reduction sys-
tem” seeks to address demographic skew in ad delivery—a
novel technical approach necessitated by the limitations of
traditional impact analysis.

Our analysis suggests several critical areas for future re-
search in quantifying algorithmic disparate impact. As al-
gorithmic systems become more complex, they require so-
phisticated measurement approaches that can: (1) isolate in-
teraction effects between protected attributes and other vari-
ables, (2) track temporal drift in model behavior and fairness
metrics, and (3) model complex downstream economic con-
sequences. Machine learning concepts such as distribution
shift, causal inference, and feature attribution are crucial for
these research questions. However, more work is needed to



develop practical solutions. For example, in lending discrim-
ination, impact quantification must account for both imme-
diate effects of loan denials and long-term consequences for
wealth accumulation and inter-generational mobility. Meth-
ods from econometrics and causal inference may help ad-
dress this change. While prior works advocate for causal
frameworks in measuring disparate impact (Xiang and Raji
2019; Xiang 2020), the field lacks validated methodologies
and case studies demonstrating how to compute these mea-
sures in ways that both withstand legal scrutiny and support
specific damage calculations. The few examples that do exist
rely on quasi-experimental methods that are often infeasible
to implement with the available data (Arnold, Dobbie, and
Hull 2021). Recent work has highlighted that regulatory ap-
proaches must consider threshold variations across different
populations (Meursault et al. 2025) and has begun develop-
ing frameworks for explainable fairness in regulatory audit-
ing contexts (O’Neil, Lehr, and Vaithianathan 2024). This
methodological gap significantly hampers enforcement ac-
tions seeking concrete remedies for affected populations.

Information Barriers in Algorithm Investigations

Civil enforcement agencies often work with incomplete and
potentially obscured information about deployed systems
when investigating algorithmic discrimination. While en-
forcement agencies can compel data disclosure through ad-
ministrative subpoenas, civil investigative demands, or dis-
covery requests in litigation, companies often provide in-
complete or inconsistent information due to poor documen-
tation or strategic withholding. Sometimes, even the exis-
tence of algorithmic decision-making is undisclosed from
affected individuals. This information asymmetry creates a
formidable barrier to investigation: individuals cannot chal-
lenge discriminatory practices they do not know exist.

Other sectors demonstrate how data transparency require-
ments can enable effective algorithmic investigations. The
Home Mortgage Disclosure Act (HMDA) mandates mort-
gage lenders to report their data, which proved crucial in
an ongoing class action lawsuit against Navy Federal Credit
Union. When mortgage applicants filed a 2023 class ac-
tion alleging systematic racial discrimination in the credit
union’s underwriting policies, they cited evidence from
earlier National Credit Union Administration (NUCA) re-
search: “In November 2022, the [NUCA ] published research
using publicly-available 2020 and 2021 HMDA data to as-
sess racial and ethnic disparities in mortgage lending by
credit unions” (Oliver 2024). This illustrates how legal re-
quirements for data sharing can facilitate the investigation of
algorithmic discrimination.

Information barriers create unique technical challenges
distinct from academic fairness research settings, where cur-
rent fairness metrics and auditing approaches typically as-
sume access to complete training data. These methods may
prove insufficient in adversarial conditions. For a simpli-
fied example, Figure 3 demonstrates how the findings of an
algorithmic investigation may change depending on which
cohorts of training and outcome data are available. To ad-
dress the challenge of information barriers, investigators
must develop robust methods to: (1) reconstruct historical
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model versions from code fragments and deployment logs,
(2) infer training data distributions from partial samples, and
(3) validate findings using only available system inputs and
outputs. The field lacks systematic methodologies for con-
ducting rigorous bias investigations under information con-
straints, and this gap significantly impacts enforcement ef-
fectiveness. Research on adversarial algorithmic bias audit-
ing could help determine the minimal set of records and in-
formation needed for an algorithmic audit.

Missing Protected Group Information

Without accurate demographic information, investigators
may struggle to establish statistical evidence of discrimina-
tory patterns and face heightened burdens of proof in legal
proceedings. The lack of reliable race and ethnicity data par-
ticularly hampers class certification efforts, as courts require
clear methods for identifying affected individuals. As an ex-
treme case, certain sectors may forbid the consideration—
and therefore collection—of these groups, such as the Equal
Credit Reporting Act, which prohibits creditors from con-
sidering information about protected attributes in any aspect
of a credit transaction (CFPB 2011; reg 2021). This lack of
recorded information affected the Allstate 2007 settlement
regarding allegedly racially discriminatory insurance premi-
ums because “Allstate does not maintain information on the
race of its policyholders”, and therefore notice could not be
given to prospective class members (DeHoyos et al. 2007).

To address these data limitations, investigators have lever-
aged methods to inpute protected group status based on
available data, commonly using name and location informa-
tion. As one example, Bayesian Improved Surname Geocod-
ing (BISG) is a statistical method that uses census data, sur-
name, and geographic location data to probabilistically esti-
mate an individual’s race and ethnicity (Adjaye-Gbewonyo
et al. 2014). In the settlement agreement between the US and
Meta regarding housing algorithmic discrimination, BISG is
directly mentioned as a method to address missing protected
attribute data for auditing housing ad-targeting algorithms:
“For estimated race/ethnicity, measurements will be based
on information estimating race/ethnicity using a privacy-
enhanced version of [BISG].” (DOJ 2024). While methods
exist for demographic imputation, these introduce complex
statistical uncertainties that complicate enforcement actions.
Investigators face several technical challenges, including
propagating group imputation uncertainty through disparate
impact calculations and establishing confidence bounds on
fairness metrics under partial identification.

In many ways, the lack of protected group information
and the statistical methods to impute it are closely related
to research gaps previously discussed in this work. Simi-
lar to the cascading algorithmic bias of Section , investiga-
tors must grapple with how flawed data and algorithms may
magnify biases. In this case, however, auditors can choose
which methods to use for imputing group information—or
whether to use another method to determine disparate im-
pact altogether. Like the information barriers of Section , we
again have incomplete data that may stymie analysis. The
difference in the case of missing protected group informa-
tion is that discriminatory analysis rests on protected group



Using complete data, for a fixed score,
has a lower repayment likelihood compared to
Group 1, indicating a biased score

Information barriers
prevent access to
complete data

Using limited data, for a fixed score,
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Figure 3: Illustration of how information barriers can affect algorithmic investigations of discrimination. Information barriers
may include only being able to access data from certain years due to improper data retention protocols by the company under

investigation.

information, meaning investigators can ascertain immedi-
ately when the information is missing and address the data
gap directly. Due to the interconnected nature of the method-
ological components of algorithmic investigations, address-
ing any of these research gaps is likely to benefit other gaps
as well.

Recent work has begun addressing these challenges, such
as sensitivity analysis frameworks for methods like BISG,
which predict protected class from proxy variables like sur-
name and location using an auxiliary dataset, e.g., census
data (Kallus, Mao, and Zhou 2022). However, significant
gaps remain in handling heterogeneous data quality across
subgroups and accounting for spatial/temporal variation in
proxy accuracy. While some companies justify data gaps us-
ing “fairness through blindness” principles, this primarily
obscures discrimination by making violations harder to de-
tect and prove. This creates pressing needs for methodolo-
gies that can: (1) leverage multiple imperfect proxy sources
through ensemble methods, (2) provide formal guarantees
on bias detection power under specified missing data mech-
anisms, and (3) quantify minimum detectability thresholds
for different types of algorithmic discrimination given avail-
able data quality.

Discussion

This work analyzes civil enforcement actions against al-
gorithmic discrimination, surfacing five critical research
gaps: cascading bias, finding less discriminatory alterna-
tives, quantifying disparate impact, incomplete documenta-
tion, and protected group imputation. These gaps highlight
a disconnect between academic fairness research and en-
forcement needs, presenting concrete opportunities for de-
veloping tools to strengthen legal actions. Particularly urgent
are methods for reconstructing algorithmic behavior from
partial information, quantifying discrimination under uncer-
tainty, and efficiently exploring less biased alternatives.

Our analysis has many limitations. Our focus on civil
enforcement excludes legislative proposals and protections
that have not resulted in enforcement action, though this
scope maintains practical applicability. While we primarily
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considered claims involving private sector algorithms, gov-
ernment Al systems warrant similar scrutiny, as evidenced
by controversial facial recognition deployments in law en-
forcement (Engstrom et al. 2020; Clayton and Derico 2023).
Additionally, our reliance on public documents about confi-
dential investigations was, for the reasons described above,
necessarily not exhaustive and did not capture all enforce-
ment challenges.

Looking forward, the emergence of large language mod-
els and generative Al introduces new complexities for fair-
ness enforcement, from opaque training processes and dy-
namic outputs to challenges in defining and measuring bias
in generative systems (Pfohl et al. 2024; Gallegos et al.
2024). We advocate for deeper collaboration between ML
researchers and enforcement agencies through joint case
studies of algorithmic discrimination investigations. Such
partnerships could validate new fairness methodologies un-
der real-world constraints while equipping agencies with
technical capabilities to strengthen enforcement. As Al sys-
tems grow more sophisticated, bridging research and en-
forcement communities will become increasingly critical for
ensuring algorithmic fairness.
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