Consumer
Reports

Leveraging Less Discriminatory Alternative (LDA) Models to Mitigate
Algorithmic Discrimination in the Financial Services Sector’
August 2024

1. Introduction

Financial institutions have long been at the forefront of leveraging technology for core business
operations, and artificial intelligence (Al) is no different. For example, algorithms have been used for
decades in underwriting and trading. However, recent advances in Al, particularly in machine learning
(ML), represent game-changing advancements.

The ability of these new models to learn and adjust on their own, combined with the availability of
enhanced computing powers, has opened the door to advanced analytics leveraging alternative and
unstructured data. Al/ML provides the ability to analyze and automate with greater sophistication and
efficiency and is increasingly employed by financial institutions for both back-end and front-end
operations. There are a wide array of Al use cases in finance, ranging from powering digital chatbots and
virtual assistants, to augmenting or even automating credit and insurance underwriting, to digital
marketing and fraud monitoring.

Al/ML can have many potential benefits for financial consumers, including increasing access to credit for
traditionally underserved consumers with limited credit histories, expanding the availability of new and
innovative products potentially at lower cost, and providing faster customer service.

But in nearly all these instances, Al/ML is a double-edged sword. The same Al use cases that can benefit
consumers also pose new and enhanced risks depending on how Al/ML is deployed. Al/ML models that
can increase access to finance can also perpetuate and exacerbate bias against certain segments of the
population. Digital targeted marketing can be used for aggressive marketing of predatory products to
vulnerable consumers that exploits behavioral biases. GenAl may allow for quicker responses to
customer service queries, but may also result in inaccurate responses or prevent consumers from
reaching live agents to resolve urgent matters.

It is therefore critical to have clear and robust safeguards in place to mitigate risks to consumers so that
Al/ML is deployed safely and responsibly, ensuring that consumers can reap the benefits rather than
face the harms that Al/ML can cause. Consumer Reports (CR)? is working to support responsible
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innovation in Al that can expand access to financial services and improve consumer outcomes,
particularly for marginalized communities, while simultaneously identifying and promoting safeguards
and requirements needed to mitigate new and enhanced risks from Al/ML. Earlier this year, we
published a general set of our Al policy recommendations.?

For any framework to effectively safeguard consumers from the risks that arise from Al/ML, multiple
dimensions must be covered. Strong risk management frameworks and governance systems are key
components, as are internal and external audits and impact assessments. However, these are only one
dimension of the puzzle. Consumers must be afforded individual rights, including the right to know
when Al is used to make a consequential decision, the right to know the key factors that resulted in an
adverse decision, and the right to contest Al-driven decisions. In addition, affirmative obligations must
be placed on developers and deployers to take proactive measures throughout the Al/ML model
development pipeline to mitigate potential risks, including the risk of algorithmic discrimination.

This paper focuses primarily on the significant potential that robust searches for less discriminatory
alternative (LDA) models poses to help mitigate the risk of algorithmic discrimination in the financial
services sector.

2. Algorithmic discrimination can arise across the customer lifecycle

In recent years, financial institutions' adoption of algorithmic decision-making tools has surged,
particularly use of more complex ML models. While these advancements have the potential to enhance
efficiency and advance financial inclusion, there is growing evidence that they can also perpetuate and
exacerbate existing and historical biases, leading to discriminatory outcomes that adversely affect
marginalized and underserved communities.

The risk of algorithmic systems resulting in biased outcomes that perpetuate and even exacerbate
existing societal biases has been well-established in a wide range of research across multiple sectors.*
Algorithmic discrimination occurs when an algorithmic decision-making system repeatedly creates unfair
or inaccurate outcomes for a protected class. These biases in Al/ML models have been shown to result
in incorrect, inaccurate, or biased decisions for certain groups.

Discriminatory results can arise from multiple sources. Discrimination can arise from incorrect,
incomplete, or unrepresentative training data, as well as from biased data collection and processing
methods. For example, a 2021 study from Stanford University and the University of Chicago found that
one of the underlying reasons for differences in mortgage approval rates between minority and majority
groups was the limited credit history data on mortgages for minorities and low-income groups, leading
to less precise predictions for such groups.®
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Data may also reflect historical biases, particularly the types of data sources used for underwriting,
which are tainted by past discriminatory practices. Due to past policies that institutionalized systemic
racism, studies have found that Black and Latinx Americans are more likely to have damaged credit or
lower credit scores compared to their white counterparts® and are more likely to be sold high-cost,
unmanageable loans.” Al/ML credit underwriting models that rely on this historical data can perpetuate
these disparities.

Biases can also be embedded into models through the design process, such as via use of proxies for
protected characteristics. Complex ML models utilizing hundreds or thousands of input features may
inadvertently use proxies for race, ethnicity, or other protected characteristics, leading to discriminatory
outcomes even without direct use of protected class data. For example, a 2022 NYU study found that
popular mortgage pricing ML algorithms consider factors that correlate with race, such as nearby college
education levels, leading to inflated interest rates for minorities.?

Al/ML tools are being utilized for multiple purposes in retail banking, raising the risk of algorithmic
discrimination across the customer lifecycle. The application that has received the most attention to
date is credit underwriting and pricing. Financial institutions, particularly fintech lenders, are
increasingly leveraging Al/ML to augment or even replace traditional underwriting with automated
methods that often rely on alternative data.

But Al/ML tools are also being increasingly utilized for other stages of the customer lifecycle as well,
including for targeted marketing, fraud monitoring, and automated valuation models for mortgages.
Instances of harm to consumers arising from algorithmic discrimination have already been identified
from these applications. For example, biased algorithms used for targeted advertising of financial
products can result in certain groups being unfairly excluded from better products and services (“digital
redlining”), or conversely being targeted for offers for inferior products (“steering”).® With respect to
fraud monitoring, there is an ongoing lawsuit against State Farm claiming that its fraud detection
software has a disparate impact on Black customers, requiring additional documentation and delaying
claims processing for Black customers compared to White customers.X There have also been increasing
reports of consumers who have been locked out of their bank accounts due to false positives in fraud
monitoring and faced substantial difficulties regaining access to their accounts.

6 "past Imperfect: How Credit Scores and Other Analytics 'Bake In' and Perpetuate Past Discrimination." National
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9 See “Is Your Marketing Biased? Financial Regulators Are About To Start Checking.” Forbes, 2022.
https://www.forbes.com/sites/kareemsaleh/2022/12/07/is-your-marketing-biased-financial-regulators-are-about-
to-start-checking/. See also Lambrecht, A. and Tucker, C. (2019). "Algorithmic Bias? An Empirical Study into
Apparent Gender-Based Discrimination in the Display of STEM Career Ads." Management Science, 65(7), 2976-
2991. This study investigates how advertising algorithms can result in gender discrimination.
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2852260

10 hitps://www.nytimes.com/2022/12/14/business/state-farm-racial-bias-lawsuit.html



https://doi.org/10.1111/jofi.13090
https://www.forbes.com/sites/kareemsaleh/2022/12/07/is-your-marketing-biased-financial-regulators-are-about-to-start-checking/?sh=2d3a5576b972
https://www.forbes.com/sites/kareemsaleh/2022/12/07/is-your-marketing-biased-financial-regulators-are-about-to-start-checking/?sh=2d3a5576b972
https://www.nytimes.com/2022/12/14/business/state-farm-racial-bias-lawsuit.html

It is worth noting that traditional systems (algorithmic or not) can and do lead to discriminatory results
as well. Al/ML models do not necessarily cause more or less discrimination than traditional models.
However, they are not as objective and impartial as they may appear to be, given that these systems are
designed by humans and heavily impacted by the data and processes used to train them. And unlike
traditional algorithmic systems, Al/ML models can be deployed at scale more cost-effectively,
potentially impacting more consumers. They can be used for automated decisions, resulting in
discriminatory results going unchecked. And lastly, they lack transparency due to the “black box” nature
of advanced models, making it harder to identify and correct the sources of discrimination.

If left unchecked, algorithmic discrimination in finance has the potential to lead to negative long-term
societal impacts. As illustrated in the above examples, biased results from the use of Al/ML models have
already led to concrete real-world harms to consumers, including instances of financial exclusion and
unfair pricing. Being saddled with more expensive and potentially inferior financial products can in turn
increase the debt loads and further harm the financial well-being of certain groups, while exclusion from
appropriate credit products impairs economic and social mobility for historically marginalized
communities and, in the case of mortgages, the opportunity for long-term wealth building. These
negative impacts will only further exacerbate existing wealth gaps and systemic inequality, while also
eroding trust in the financial sector which is already lower among marginalized communities.

The potential for automated systems to produce biased outcomes and “automate discrimination” was
recognized by the CFPB and other civil rights agencies in an April 2023 joint statement, which also
highlighted a commitment to enforce respective laws and regulations to address these risks.?
Importantly, there is the potential for Al/ML models to actually be less discriminatory than current
approaches, but only if clear and robust standards are established to ensure the deployment of less
discriminatory Al/ML models.

3. Mitigating algorithmic discrimination, including via LDA models

There are a range of approaches that financial institutions can and should employ throughout the model
development pipeline (as opposed to after the fact or only during the modeling stage) to directly
address these sources of algorithmic discrimination and effectively mitigate the risk of algorithmic
discrimination.

To begin with, financial institutions should take active measures during the data collection stage to avoid
employing biased data collection methods that can lead to biased datasets and ensure that training data
is representative and complete for different demographic groups. Financial institutions should also be
cognizant of the choices they make during data pre-processing, as emerging research has shown that
choices made regarding data imputation strategies and data encoding can lead to more or less bias in
resulting Al/ML models.'? Financial institutions should test for close proxies for protected characteristics

1 Joint Statement on Enforcement Efforts Against Discrimination and Bias in Automated Systems. CFPB,
Department of Justice, Equal Employment Opportunity Commission, and Federal Trade Commission, April 2023.
https://files.consumerfinance.gov/f/documents/cfpb_joint-statement-enforcement-against-discrimination-bias-
automated-systems_2023-04.pdf

12 Eor further discussion on these issues, see Black, Emily, Rakshit Naidu, Rayid Ghani, Kit T. Rodolfa, Daniel E. Ho,
and Hoda Heidari. Toward Operationalizing Pipeline-aware ML Fairness: A Research Agenda for Developing
Practical Guidelines and Tools. Sept 2023. https://arxiv.org/pdf/2309.17337



and exclude such variables. Post-deployment, financial institutions should actively monitor model
performance to identify and address emerging issues of discrimination.

During the modeling and training stage, a particularly powerful solution to address algorithmic
discrimination would be ensuring that financial institutions conduct a robust search for and implement
LDA models.

Disparate impact involves facially neutral policies that have a disproportionately adverse effect on a
protected class, regardless of intent. Disparate impact doctrine has already been clearly established in
case law, regulatory guidance, and enforcement actions. Disparate impact doctrine typically involves a
three-step test: (1) a plaintiff must establish a prima facie case showing that a policy or practice has a
disparate impact on a disadvantaged group; (2) the defendant then has the burden of demonstrating a
legitimate business justification for the practice; and (3) even where defendants provide a business
justification, they can still face liability if there is an alternative approach that serves the same business
needs with less disparate impact.

Multiple regulators have affirmed the obligation to search for LDAs as a core element of disparate
impact doctrine. For example, the U.S. Department of Housing and Urban Development (HUD)'s
discriminatory effects rule codified long-standing case law on discriminatory effects doctrine under the
Fair Housing Act (FHA), including noting that plaintiffs can still prevail in cases where defendants
demonstrate a legitimate purpose for a challenged practice if they can show that this purpose “could be
served by another practice that has a less discriminatory effect.”*2 Similarly, the CFPB’s official
interpretation of Regulation B, the implementing regulation for the Equal Credit Opportunity Act
(ECOA), incorporates the concept of LDAs, stating that a creditor’s practice may be prohibited if it is
“discriminatory in effect because it has a disproportionately negative impact on a prohibited basis, even
though the creditor has no intent to discriminate and the practice appears neutral on its face unless the
creditor practice meets a legitimate business need that cannot reasonably be achieved as well by means
that are less disparate in their impact.”*

Demonstrating the existence of an LDA was traditionally quite challenging for plaintiffs in practice and is
even more difficult in the context of complex, proprietary “black box” ML models. However, the advent
of ML techniques fundamentally changes the framing of this inquiry. Model multiplicity refers to a
phenomenon identified in recent computer science and statistics research that shows that there are
multiple possible models (with different designs and different predictions) that are equally effective at a
given task. Essentially, this means that there are often numerous variations of a model that can have
similar performance levels in terms of accuracy, but with different properties that results in differing
levels of fairness in predictions. This phenomenon opens up a significant opportunity to achieve the
third step of the disparate impact test in nearly all cases. “As a result, when an algorithmic system
displays a disparate impact, model multiplicity suggests that other models exist that perform equally
well but have less discriminatory effects. In other words, in almost all cases, a less discriminatory
algorithm exists.”>

13 See 24 Code of Federal Regulations § 100.500 Discriminatory effect prohibited.

14 See Comment for 1002.6 - Rules Concerning Evaluation of Applications in Supplement | to Part 1002 - Official
Interpretations. CFPB. https://www.consumerfinance.gov/rules-policy/regulations/1002/interp-6/

15 Black, Emily, John Logan Koepke, Pauline T. Kim, Solon Barocas, and Mingwei Hsu. “Less Discriminatory
Algorithms (October 2, 2023).” Georgetown Law Journal, Vol. 113, No. 1, 2024, Washington University in St. Louis
Legal Studies Research Paper Forthcoming. https://ssrn.com/abstract=4590481



As a result, particularly in the context of ML models, it is no longer a question of whether or not an LDA
that meets legitimate business needs can be found — this threshold question has already been answered
in the affirmative. Model multiplicity implies that there no longer needs to be a significant tradeoff
between performance and fairness, but rather that both objectives can be achieved if the intent is there
during throughout model development. For example, the Equal Employment Opportunity Commission
(EEOC) has noted that “one advantage of algorithmic decision-making tools is that the process of
developing the tool may itself produce a variety of comparably effective alternative algorithms. Failure
to adopt a less discriminatory alternative that was considered during the development process may give
rise to liability.”*® Instead, the key question now turns to how financial institutions should go about
finding and implementing LDAs.

Requiring companies to proactively mitigate disparate impact by searching for and implementing LDAs is
a natural and logical evolution of existing disparate impact doctrine and has significant potential to
achieve anti-discriminatory policy objectives more effectively. Particularly when it comes to ML models,
the development process already involves weighing a series of choices and making continual
refinements to optimize the performance of the resulting model, selected from a universe of potential
models. Incorporating disparate impact as an additional lens to apply could be easily integrated into the
typical model development process, leading to the selection of a model that will advance legitimate
business interests but with less disparate impact.

Conducting a robust search for LDA models can be a powerful approach to address disparate impact that
is actually more effective than current approaches and can directly address discrimination on an ex-
ante basis before consumers are negatively impacted. Due to the unique capacity of ML models to
improve through rapid iteration, it is now much less burdensome or time-intensive to search for and
implement LDAs. Advanced tools and techniques are emerging that enable fine-tuning and debiasing
Al/ML models during the development stage to mitigate disparities. Techniques such as adversarial
debiasing, joint optimization,'” and optimized searches for different combinations of variables now
enable developers to explore a wide range of alternative models more rapidly and efficiently than was
previously feasible. It is common sense and fitting that more sophisticated tools such as Al/ML models
should call for more sophisticated techniques to address disparate impact. It is now possible to identify
alternative models that maintain similar performance levels with baseline models while minimizing
disparity, a win/win for both financial institutions and consumers, and this opportunity should be fully
seized.

A clear obligation to mitigate disparate impact and to search for and implement LDAs is in line with
broader emerging approaches towards rights-impacting Al. For example, a recent memo from the Office

16 “Select Issues: Assessing Adverse Impact in Software, Algorithms, and Artificial Intelligence Used in Employment

Selection Procedures Under Title VII of the Civil Rights Act of 1964.” EEOC, May 18, 2023.
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17 Adversarial debiasing involves using a second “adversary” model to predict protected class status based on a
primary model’s predictions, and to make changes to the primary model through an iterative process in order to
gradually minimize the adversary model’s ability to predict protected class characteristics, eventually resulting in a
primary model that is less correlated with protected characteristics. Joint optimization involves developing a model
that simultaneously optimizes two objectives, such as predictive accuracy and minimizing disparities. For further
details, see Explainability & Fairness in Machine Lending for Credit Underwriting: Policy Analysis. FinReglLab,
December 2023. https://finreglab.org/wp-content/uploads/2023/12/FinReglLab_2023-12-07_Research-
Report_Explainability-and-Fairness-in-Machine-Learning-for-Credit-Undewriting_Policy-Analysis.pdf



of Management and Budget (OMB) on the governance of agency use of Al states that agencies must
mitigate algorithmic discrimination when it is present before using Al, including mitigating disparities
that lead to or perpetuate harmful bias or decrease equity.'®

4. Policymakers should make clear that financial institutions have an obligation to conduct robust
searches for LDAs

Policymakers should take proactive steps to mainstream the LDA approach for high-risk Al/ML models,
which would represent a significant advancement in addressing algorithmic discrimination. CFPB staff
have made public statements indicating that financial institutions are expected to conduct searches for
LDAs as part of fair lending compliance under ECOA.* The CFPB’s most recent Fair Lending Report from
June 2024 further indicated that the CFPB is evaluating the use of Al/ML models in the course of its
supervisory activities, including evaluating whether institutions are searching for LDA, and has directed
certain institutions to develop a process to consider LDAs to ensure compliance with ECOA and
Regulation B.2° However, to date, the CFPB has not issued formal written guidance on this topic.

As a result, current practices within industry appear to be mixed. Among the groups using Al/ML
models, a select few may build accurate models and use effective methods to search for LDAs. But it is
likely that many institutions do not conduct robust searches for LDAs. Some may choose to believe in
“fairness through unawareness,” while others may test for LDAs but not in a sufficiently robust manner,
either intentionally or due to a lack of awareness regarding what are the best techniques to employ in
searching for LDAs, particularly given this is still a new and rapidly evolving area. As long as financial
institutions fail to implement effective testing for LDAs, their use of Al/ML will continue to pose serious
risks to consumers, while also creating an unlevel playing field among institutions.

The CFPB should clarify that lenders have an obligation to take steps to mitigate disparate impact,
including taking steps throughout the model development pipeline that may reduce disparate impact
and searching for and implementing LDAs during the modeling phase. The CFPB has already clearly
stated that lenders are accountable to follow all anti-discrimination laws and that there are no
exceptions when it comes to use of technology. The CFPB should provide regulatory clarity that the
practice of searching for and implementing LDAs is part of the compliance expectations with existing
ECOA and Regulation B, to supplement and reinforce its current supervisory and enforcement actions on
fair lending.

Companies should document their LDA search efforts, including via model cards that include
information on training data, performance metrics, fairness considerations, and mitigation strategies to
address disparate impact risks. This will enable better supervisory oversight and third-party audits to
help ensure compliance.

18 Memorandum on Advancing Governance, Innovation, and Risk Management for Agency Use of Artificial
Intelligence. OMB, March 28, 2024. https://www.whitehouse.gov/wp-content/uploads/2024/03/M-24-10-
Advancing-Governance-Innovation-and-Risk-Management-for-Agency-Use-of-Artificial-Intelligence.pdf

19 https://ncrc.org/cfpb-puts-lenders-fintechs-on-notice-their-models-must-search-for-less-discriminatory-
alternatives-or-face-fair-lending-non-compliance-risk/

20 Fair Lending Report of the Consumer Financial Protection Bureau. CFPB, June 2024.
https://files.consumerfinance.gov/f/documents/cfpb_fair-lending-report_fy-2023.pdf



Clear expectations from the CFPB can help to lead the financial markets in a new direction where taking
proactive steps to mitigate disparate impact and to search for and implement LDAs becomes the normal
course of business. Clear, explicit guidance from the CFPB will help to ensure consistent and robust
efforts are undertaken across the entire market, while also enabling the broader adoption of ML
technologies by institutions who may currently be hesitant to do so due to a lack of clarity regarding
compliance requirements.

At the same time, financial institutions can and should advance in developing and enhancing LDA
practices on their own, in anticipation of closer supervisory scrutiny but also to better achieve internal
objectives of fair and responsible use of Al. It would be beneficial for all for those at the forefront of
testing for LDAs to share lessons learned with the broader industry.

The obligation to take proactive steps to mitigate disparate impact and to conduct robust searches for
LDAs should also be made to consistently apply wherever Al/ML models are employed for high-risk,
consequential decisions that impact financial consumers, beyond just credit products. As noted
previously, Al/ML models are being utilized across the customer lifecycle as well as for a range of
different financial products and services, and the risks of consumer harm from algorithmic
discrimination arising during other stages of the customer lifecycle have received less attention to date
from industry or from policymakers. For example, the New York Department of Financial Services
(NYDFS) recently issued a circular on the use of Al in insurance which calls for insurance providers to
search for LDAs when disparate impact is identified in Al/ML models for underwriting and pricing.*
While ECOA is limited to credit, it may be feasible to leverage unfair, deceptive, and abusive acts and
practices (UDAAP) authority to address discrimination in other contexts, as discrimination by definition
logically fits under the definition of “unfair” acts.?

5. Practical guidance will be needed on how to conduct a robust LDA search

Regulatory clarity on the obligation to conduct a robust search for LDAs will need to be accompanied by
guidance, concrete examples, and best practices on how such a search should be conducted. Without
such guidance, there is the risk that some financial institutions may simply go through the motions of
conducting a search for LDAs, while others may struggle with determining how best to conduct a search.
To effectively operationalize the obligation to search for LDAs and compel lenders to take concrete
action, regulators and researchers should seek to provide examples of appropriate tools and techniques
for conducting robust LDA searches. While it may be too early for prescriptive standards given that this
is still a rapidly evolving area, concrete and practical guidance and examples from policymakers can help
to actively shape consensus regarding what are considered best practices. Guidance and examples
would be particularly helpful on the following topics:

® Appropriate debiasing techniques for developing LDAs;

® Appropriate frequency and depth of LDA searches;

e® Key considerations when determining the viability of an LDA; and

21 |nsurance Circular Letter No. 7 on Use of Artificial Intelligence Systems and External Consumer Data and
Information Sources in Insurance Underwriting and Pricing. NYDFS, July 2024. https://www.dfs.ny.gov/industry-
guidance/circular-letters/cl2024-07

22 For further details on the application of UDAAP authority to discrimination, see Hayes, Stephen and Kali
Schellenberg. Discrimination is “Unfair”: Interpreting UDA(AP) to Prohibit Discrimination. Student Borrower
Protection Center, April 2021. https://protectborrowers.org/wp-
content/uploads/2021/04/Discrimination_is_Unfair.pdf



® Appropriate metrics for measuring fairness in different contexts.
Appropriate techniques for developing LDAs

At the moment, there are varying views on what are considered best practices for developing LDAs.
While rudimentary techniques exist to modify models to mitigate disparate impact (such as “drop-one”
techniques),” a range of more advanced tools and techniques are emerging, including adversarial
debiasing techniques, joint optimization, and Bayesian methods that use automated processes to more
effectively search for modifications to reduce disparate impact.?* Additional techniques for mitigating
disparate impact may include reweighting input features and adjusting decision thresholds, testing
different combinations of features during feature selection, evaluating how different model types,
model training approaches, and loss functions affect disparate impact metrics, and hyperparameter
tuning.®

Further development and robust testing of techniques will be needed to identify the most efficient and
effective techniques that maximize reductions in disparate impact. For example, fewer techniques have
been identified to date on interventions during the early stages of model development that are more

likely to mitigate disparate impact. Companies should be expected to utilize emerging good practices in
terms of techniques for searching for LDAs, and regulators should take steps to elevate these practices.

Frequency and depth of LDA searches

Having model developers search for LDAs may be the most efficient means to address disparate impact,
but it is not sufficient to test a model only upon its introduction given the reality that models and the
outside world will be in constant change. Establishing basic expectations regarding when and how
frequently an LDA search should be undertaken will be necessary. For example, with respect to existing
models, companies could be expected to undertake a search for LDAs on a regular cadence as well as
when significant changes to models or the economy? have occurred. For new models being developed,
the search for LDAs should be integrated into the development process.

In addition to considering the frequency of LDA searches, a more intensive and higher level of effort
could reasonably be expected in certain situations. In particular, where levels of disparate impact
remain high after re-testing, financial institutions should be expected to continue their LDA search.
Institutions using more sophisticated ML techniques to build a model should also be expected to utilize
more advanced techniques during the LDA search.

23 NAACP Legal Defense and Educational Fund, Student Borrower Protection Center, and Upstart Network. “Fair
Lending Monitorship of Upstart Network’s Lending Model.” Second Report of the Independent Monitor. Relman
Colfax PLLC, November 10, 2021.
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24 See Explainability & Fairness in Machine Lending for Credit Underwriting: Policy Analysis. FinReglLab, November
2023. https://finreglab.org/wp-content/uploads/2023/12/FinReglLab_2023-12-07_Research-Report_Explainability-
and-Fairness-in-Machine-Learning-for-Credit-Underwriting_Policy-Analysis.pdf

5 For further examples, see Black, Emily, John Logan Koepke, Pauline T. Kim, Solon Barocas, and Mingwei Hsu.
“Less Discriminatory Algorithms (October 2, 2023).” Georgetown Law Journal, Vol. 113, No. 1, 2024, Washington
University in St. Louis Legal Studies Research Paper Forthcoming. https://ssrn.com/abstract=4590481
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Key considerations when determining the viability of an LDA

Guidance will be needed on what financial institutions should consider when determining what is a
considered a viable LDA. In some cases, trade-offs may arise when fine-tuning models to mitigate
disparate impact. In existing disparate impact doctrine, approaches vary on this topic. Some courts have
stated that proposed alternatives must be “equally effective” or “equally valid” but not necessarily
identical in performance.

However, both the Equal Employment Opportunity Commission (EEOC)?” and the Federal Housing
Finance Authority (FHFA)® have either directly referenced or described in practice a less strict standard
of “comparably effective.” The Appendix to the Interagency Fair Lending Examination Procedures states
that “if an alternative that is approximately equally effective is available that would cause a less severe
adverse impact, the policy or criterion in question may constitute a violation.”?® “Comparably effective”
would arguably be a more appropriate and consistent standard to be utilized for fair lending purposes
and for other high-risk, consequential decisions, as it provides greater flexibility for situations where
models may perform slightly less well but may significantly reduce disparate effects.

In practice, expectations regarding an appropriate standard may need to be fleshed out over time and
will need to strike the right balance between fairness and any potential impacts on performance. While
it may be premature to establish an explicit standard at this time, policymakers should provide guidance
and examples on how financial institutions should approach this issue. For example, where model
developers have already identified a standard acceptable range of model performance, an LDA that fits
into this range should arguably be deemed viable and not be rejected as unsuitable. Another approach
that has been proposed is to consider LDAs viable if they fall within the likely performance range of the
baseline model (the “uncertainty interval”), as the performance metrics for all models inherently have a
degree of uncertainty.>°

Appropriate metrics for measuring fairness in different contexts
Taking steps to mitigate disparate impact and to search for and implement LDAs will require financial

institutions to determine how to measure disparate impact. A range of measures could potentially be
used to measure fairness. The choice of an appropriate fairness measure may differ across different

27 “Select Issues: Assessing Adverse Impact in Software, Algorithms, and Artificial Intelligence Used in Employment

Selection Procedures Under Title VII of the Civil Rights Act of 1964.” EEOC, May 18, 2023.
https://www.eeoc.gov/laws/guidance/select-issues-assessing-adverse-impact-software-algorithms-and-artificial
28 AB 2021-04 on Enterprise Fair Lending and Fair Housing Compliance. Federal Housing Finance Agency, Dec. 20,
2021. https://www.fhfa.gov/SupervisionRegulation/AdvisoryBulletins/AdvisoryBulletinDocuments/AB%202021-
04%20Enterprise%20Fair%20Lending%20and%20Fair%20Housing%20Compliance.pdf

2% Appendix to Interagency Fair Lending Examination Procedures. Federal Financial Institutions Examination
Council, August 2009. https://www.ffiec.gov/pdf/fairappx.pdf

30 This approach was utilized in the fair lending monitorship of Upstart Network’s lending model. See NAACP Legal
Defense and Educational Fund, Student Borrower Protection Center, and Upstart Network. “Fair Lending
Monitorship of Upstart Network’s Lending Model.” Third Report of the Independent Monitor. Relman Colfax PLLC,
September 16, 2022.
https://www.relmanlaw.com/media/news/1332_PUBLIC%20Upstart%20Monitorship%203rd%20Report%20FINAL.
pdf
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products and different consumer segments, for example, when dealing with subprime versus prime
products and customer segments.

In Griggs v. Duke Power Co., where the Supreme Court first articulated the theory of disparate impact, it
used an adverse impact ratio (AIR)3! to quantify the magnitude of the unfairness of Duke Power’s hiring
policies. Hiring is a binary decision, for which AIR is suitable. When the Court chose 80 percent as a
threshold for unfairness, it established a baseline for using statistical measures to show how policies
could be ‘fair in form, but discriminatory in operation.”*? In addition to AIR, other metrics can be used by
financial institutions to evaluate unfairness in situations that do not involve binary decisions, such as
with respect to pricing of loans. One approach is to compare the means of interest rates for loans
originated to protected versus non-protected class members.?3

The use of AIRs and comparison of means methods raises important methodological questions. These
guestions concern the size of a data set and its demographic makeup. For example, what is considered a
‘fair” AIR for a prime lender may differ greatly from that for a subprime lender. Because subprime
lenders are likely to approve borrowers across a greater credit band and differences in mean credit
scores exist between protected and non-protected class borrowers,3* subprime lenders using credit
scores for underwriting are likely to have higher (fairer) AIRs than prime lenders using similar inputs.

There are many ways to measure fairness. Policymakers should provide guidance and examples on
proper metrics and methodologies to measure fairness that capture emerging good practices and take
context into consideration to help clarify expectations regarding how financial institutions should
choose appropriate fairness metrics in different situations.

6. Conclusion

In conclusion, we call on the CFPB and other regulators to take concrete action to address algorithmic
discrimination in credit underwriting and pricing as well as in other contexts by clearly articulating the
expectation that financial institutions search for LDAs and providing clear guidance on what this search
entails and how it should be conducted. Proactively searching for and implementing LDAs is a natural
evolution of long-standing disparate impact doctrine, is particularly relevant in the ML context given
model multiplicity, and has significant potential to more effectively mitigate disparate impact and
address anti-discrimination policy objectives.

By and large, financial institutions are currently not conducting robust LDA searches, either due to a lack
of motivation or a lack of knowledge of appropriate tools and techniques. Regulatory clarity combined
with sharing and shaping emerging best practices on how to conduct robust LDA searches can help to
set a clear bar across the industry regarding fair and responsible practices. Regulatory clarity will also

31 An adverse impact ratio compares the outcomes experienced by a favored group with a non-favored “protected
class” group. For an AIR on loan approval: (protected class approvals / applications) / (non-protected approvals /
applications). For example, (3/6) / (5/6) = 60 percent.

32 Griggs v. Duke Power Co., 401 U.S. 424 (1971), No. 124 (U.S. Supreme Court March 8, 1971).

33 Zhang, David Hao, and Paul Willen. “Do Lenders Still Discriminate? A Robust Approach for Assessing Differences
in Menus.” Federal Reserve Bank of Boston Research Department Working Papers No. 20-19, 2020.
https://doi.org/10.29412/res.wp.2020.19

34 Martincheck, Kassandra, Alex Carther, and Breno Braga. “Credit Health during the COVID-19 Pandemic.” Urban
Institute, March 8, 2022. http://urbn.is/credit
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provide the needed comfort and certainty for more financial institutions to leverage complex ML
models, which can benefit financial inclusion.

While a broader range of actions will still be needed to fully address fair, responsible use of Al/ML in the

financial services sector, mainstreaming the LDA approach for high-risk Al/ML models could help to
significantly advance efforts to address algorithmic discrimination.
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