
Auditing the Audits: Lessons for Algorithmic Accountability from
Local Law 144’s Bias Audits

Marissa Kumar Gerchick
American Civil Liberties Union

New York, NY, USA
mgerchick@aclu.org

Ro Encarnación
University of Pennsylvania

Philadelphia, PA, USA
rone@seas.upenn.edu

Cole Tanigawa-Lau
Stanford University
Political Science
Stanford, CA, USA
coletl@stanford.edu

Lena Armstrong
Harvard University
Cambridge, MA, USA

larmstrong@g.harvard.edu

Ana Gutiérrez
American Civil Liberties Union

San Francisco, CA, USA
agutierrez@aclu.org

Danaé Metaxa
University of Pennsylvania

Philadelphia, PA, USA
metaxa@seas.upenn.edu

Abstract
In this work, we “audit the audits,” analyzing the documents pro-
duced pursuant to one of the United States’ first enacted laws regu-
lating the use of artificial intelligence in employment: New York
City’s Local Law 144. This law requires employers and employment
agencies using certain types of automated tools to publish “bias
audits” with statistics about how different sex and racial groups
fare in the hiring process when the tools are used. We collect and
conduct a comprehensive analysis of all Local Law 144 bias audits
(N=116) made publicly available to our knowledge from the law
taking effect in July 2023 until early November 2024, and describe
the extensive challenges we faced in identifying, archiving, extract-
ing information from, and ultimately analyzing these bias audits.
We identify several ways that bias audits produced in accordance
with Local Law 144 are incomplete evaluations of algorithmic bias,
despite news coverage and characterizations by employers and ven-
dors suggesting otherwise. We show that Local Law 144 bias audits
are significantly hampered by several issues, including missing de-
mographic data, opaque data aggregation, problematic uses of “test
data,” and reliance on metrics that do not represent how automated
hiring tools are used in practice. We analyze the reported results
in Local Law 144 bias audits alongside the four-fifths rule often
used as a measure for assessing adverse impact in employment
contexts. Most audits do not report results that would not suggest
violations of the four-fifths rule. Crucially, however, we show that
these tools could often be in violation of the four-fifths rule when
considering potential impacts of missing demographic data. We
offer ten practical recommendations to strengthen future legislative
efforts that mandate algorithm auditing in hiring and other areas,
and contribute an open dataset and codebase for extracting and
combining bias audit results to support future auditing efforts.
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1 Introduction
Regulators around the world have recently started proposing, ad-
vancing, and enacting myriad policies focused on automated sys-
tems that use artificial intelligence (AI) andmachine learning (ML) [75,
98]. One such effort is New York City’s Local Law 144 (LL144),
which took effect in July 2023 and focuses on the use of automated
tools in employers’ hiring and promotion processes [92]. Employ-
ers today rely on various kinds of automated systems [16, 25, 103],
and prior work has shown that these tools can enable or exacer-
bate discrimination based on race [43, 78, 115], disability [27, 115],
sex [36, 65, 113], and other characteristics, as well as their inter-
sections. LL144 was motivated by the use of such tools, and in the
words of the enforcing agency, the NYC Department of Consumer
and Worker Protection (DCWP), “prohibits employers and employ-
ment agencies from using an automated employment decision tool
[(AEDT)] unless the tool has been subject to a bias audit within
one year of the use of the tool, information about the bias audit
is publicly available, and certain notices have been provided to
employees or job candidates” [92].

Shortly after LL144 took effect in the summer of 2023, news out-
lets optimistically characterized the new law as requiring that com-
panies prove that their AI hiring software “isn’t sexist or racist” [33]
and “is free from racial and gender bias” [86]. More recent coverage,
however, paints a less rosy picture, arguing that Local Law 144
has “largely failed” [112] and that “everyone ignores” the law [99].
In light of these shifting characterizations, interrogating the bias
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audits produced pursuant to Local Law 144 is necessary for under-
standing the law’s implications, especially given that advocates,
journalists, researchers, and even auditors who have conducted
LL144 audits themselves have argued these audits are not holistic
evaluations of automated hiring tools [42, 59, 87, 123].

In this work, we audit the audits, contributing a novel mixed-
methods study of all bias audits made publicly available (to our
knowledge) as of early November 2024, collecting and analyzing 44
bias audit reports covering 116 bias audits of automated tools (see
Table 1 for more detail). We found audits for approximately 2% of
the Fortune 500 companies, despite an industry report finding more
than 98% of Fortune 500 companies use applicant tracking software,
which often leverages automated systems or artificial intelligence
to process candidate materials [100]. We use quantitative and qual-
itative methods to critically analyze these public documents for
their strengths and weaknesses. We identify areas for improvement
in each stage of the auditing and reporting process and offer recom-
mendations for strengthening the structure, robustness, usability,
and accessibility of legislatively mandated algorithm audits and
the policies mandating them (summarized in Figure 1). We also
contribute a dataset that includes the results of all the bias audits in
our sample, with accompanying code and documentation, available
at https://github.com/aclu-national/auditing-the-audits-facct-2025.
We ultimately argue that these bias audits produced from Local
Law 144 are inadequate as evaluations of potential bias and sum-
marize the lessons they provide about the potential and pitfalls of
audit-mandating legislation.

2 Background and Related Work
We first situate our analysis within related literature on auditing
algorithmic tools used in hiring, providing context for the key
requirements of LL144’s bias audits and evaluations to date of the
law’s impacts.

2.1 Auditing for Bias in Algorithmic Hiring
With the widespread use of automated systems in hiring—including
systems leveraging AI—a body of evidence has emerged about the
potential for these algorithms to enable or exacerbate discrimina-
tion [14, 19, 43, 80, 107, 108, 115]. There is also a long history of
discrimination in hiring offline, [15, 23, 25, 35] and systemic discrim-
ination in hiring persists to this day [76, 77]. Proposals to address
algorithmic discrimination in hiring today often leverage estab-
lished guidelines related to the use of hiring tools [37, 38, 64]. One
such guideline used in the U.S. by the Equal Employment Opportu-
nity Commission (EEOC), the federal agency tasked with enforcing
many workplace civil rights laws, is known as the four-fifths rule.
It states that “a selection rate for any race, sex, or ethnic group
which is less than four-fifths of the rate for the group with the
highest rate will generally be regarded by the Federal enforcement
agencies as evidence of adverse impact” [96]. The four-fifths rule
has widely shaped algorithm auditing standards in hiring, even
though the rule is not the legal standard for discrimination (as the
EEOC has stated, the rule is “merely a rule of thumb” [37]) and the
shortcomings of the heuristic and its application have also been
debated [61, 91, 101, 120]. New standards have also been proposed

to address algorithmic bias in hiring [40], including algorithm au-
dits and impact assessments [13, 17, 89, 104, 122], drawing on the
growing body of work focused on algorithm auditing more gener-
ally [117]. Several legislative proposals, including LL144, mandate
that automated systems used in hiring be regularly assessed for
disparate impacts [31, 105, 127].

However, concerns have emerged about the efficacy of algo-
rithm audits to combat hiring bias, including the standards of
LL144 [42, 87, 88]. These include the potential for “audit wash-
ing” [46], risks of corporate capture of auditors [34, 121, 124] and
the possibility of “discrimination-hacking”, akin to p-hacking in
statistical testing, where auditors specifically select data or models
that have more desirable metrics to present a misleading picture of
potential biases [24]. Several scholars have argued that focusing on
quantitative outcome metrics (like selection rates or compliance
with the four-fifths rule) or auditing particular automated hiring
tools in isolation can be misleading [18, 120]. The hiring process of-
ten involves interacting with human decision-makers and multiple
automated tools that are interconnected [110, 111]—not to mention
that some job seekers can circumvent automated hiring processes
through informal channels [22, 30]. As a result, audits of automated
tools in isolation are incomplete [25].

2.2 Local Law 144 Bias Audit Requirements
To contextualize our analysis, we provide an overview of the key re-
quirements of LL144 bias audits. LL144 bias audits are required to re-
port statistics about how applicants in different sex and race/ethnicity
groups fare in the hiring or promotion process [93, 94].1 The law
distinguishes tools used to advance applicants in a hiring or pro-
motion process (selection tools) from tools used to score candidates
(scoring tools). For selection tools, the audits must include the rate
at which individuals in a race and/or sex category are automatically
selected to move forward or assigned a classification by an AEDT.
For scoring tools, the audits must include the rate at which individu-
als in a race and/or sex category received a score above the sample’s
median score, when those applicants’ scores were assigned by an
AEDT. For both selection and scoring tools, the impact ratio must
also be reported in the audit, defined as the selection or scoring
rate for each race and/or sex category divided by the selection or
scoring rate of the most selected race and/or sex category [94].
As an illustrative example, if 100 male applicants and 100 female
applicants apply for a role where an AEDT is used for selection, and
50 male applicants and 40 female applicants advance, the selection
rate is 0.5 for male applicants and 0.4 for female applicants, and the
impact ratio is 0.5/0.5 = 1 for male applicants and 0.4/0.5 = 0.8 for
female applicants. The four-fifths rule, discussed in Section 2.1, can
be thought of as a heuristic applied to the impact ratio; if the impact
ratio is below 0.8, the four-fifths rule is violated. Importantly, LL144
requires that bias audits be conducted, but only requires that bias
audit summaries be published on employers’ websites, and LL144
does not require that selection/scoring rates or impact ratios adhere
to any particular threshold [94].

1LL144 requires that the relevant statistics be reported for “each race/ethnicity and sex
category that is required to be reported on to the U.S. Equal Employment Opportunity
Commission (“EEOC”) pursuant to the EEO Component 1 report” [94]. Federal courts
have recognized that sex discrimination includes discrimination based on sex-based
characteristics, including gender identity [114].
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Figure 1: A summary of problems we encountered in searching for, archiving, extracting information from, and analyzing
Local Law 144 bias audits (discussed in Sections 3 and 4 with associated recommendations in Section 5). We encountered issues
at each stage of the process, with many challenges compounding, contributing to shortcomings in the audits’ effectiveness.

2.3 Evaluations of Local Law 144
Several analyses of LL144 have been published to date, focusing on
issues with the law that emerged before, during, and after the law’s
passage. Before LL144 took effect, various researchers, civil rights
advocates, auditors, and industry actors weighed in on the draft
proposal, shaping its ultimate form. Groves et al. [59]’s qualitative
analysis of public comments on the rule-making process for LL144
revealed tensions between employers, independent auditors, civil
society groups, and New York City DCWP (the enforcing agency
for LL144) over defining the scope of the law and requirements for
independent auditing. For instance, they highlight how industry
lobbying shaped the law’s definition of AEDTs and its lack of focus
on protected characteristics (besides race and sex) where discrim-
ination in hiring and employment has long been a concern, such
as disability, pregnancy, and age. Filippi et al. [39] discuss the pro-
posed and final metrics required in bias audit reports, proposing
alternatives that, they argue, are more robust to variations in data
distributions and better account for thresholds or cutoff scores.

Since the law was enacted, researchers have highlighted chal-
lenges in interpreting and complying with the law. Proposals for
refining LL144’s auditing requirements have begun to emerge, in-
cluding from entities commonly commissioned to produce LL144
bias audits [81]. Groves et al. [59] also examined audit providers’
experiences with the law, who described challenges with accessing
data needed for audits and expressed concern that the law’s signifi-
cant room for interpretation may give bad actors an opportunity

to engage in cherry-picking or malicious compliance tactics. Re-
latedly, Cen and Alur [29] highlight how LL144 is emblematic of
broader challenges around data access and interpretation of algo-
rithm audit results. Wright et al. [123] report qualitative findings
on the experience of systematically searching for LL144 audit re-
ports and transparency notices; at the time of the study, the authors
had identified 13 unique audit reports and 13 transparency notices,
even though automated hiring technologies are widely used by
employers [103]. The authors note that, because employers have
so much latitude over deciding whether their automated hiring
tools are AEDTs under the law, the relative lack of audits that have
been publicly identified so far cannot itself be considered indicative
of non-compliance, a phenomenon they instead dub “null compli-
ance.” They also highlight that many employers placed these audits
and notices in different sections of their websites, making them
challenging for job seekers to locate. Across the 13 unique audit
reports Wright et al. [123] collected, there were 386 impact ratio
measurements; 96% of the impact ratios exceeded 0.8 (implying
consistency with the four-fifths rule the vast majority of the time),
and 20% of the impact ratios had missing information, primarily
for marginalized Indigenous groups.

To this landscape, we contribute a novel analysis of all 116 bias
audits published to our knowledge from July 2023 (when the law
was enacted) through November 2024. Our findings not only un-
derscore the themes of existing work on LL144—including that the
bias audits are inaccessible, uninterpretable, and characterized by
missingness—but also surface novel insights with practical value
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for future legislative efforts mandating algorithm auditing—for ex-
ample, highlighting how requirements for historical preservation,
central audit repositories, and standardized, accessible audit formats
can strengthen audit-mandating legislation. We also contribute a
dataset combining LL144 bias audit contents to date in a machine-
readable format, and a codebase for extracting and evaluating future
bias audit results.

3 Methods
We identified, extracted information from, and analyzed dozens
of bias audit reports published by employers, tool vendors, and
auditors in connection with LL144. This included both quantitative
and qualitative data extraction done by a team of six researchers
who collectively spent hundreds of hours locating and wrangling
these bias audits due to the myriad challenges we encountered in
finding, processing, and analyzing them. The outputs of our work
include a dataset that combines, using a common data schema, the
results of all LL144 bias audits published to our knowledge from
July 2023 through November 2024.2 Our synthesis and standardiza-
tion of LL144 bias audits enabled analyses not previously possible,
including analyses of bias audits across tools, auditors, data types,
and years. With this paper, we also share our codebase and doc-
umentation describing our data collection and cleaning choices,
which can be used by other researchers to both replicate our analy-
sis and extract information from future LL144 bias audits. Below,
we outline our process of searching for, archiving, and extracting
data from the bias audits, as summarized in Figure 1.

3.1 Searching for Bias Audits
The first challenge we encountered was locating the bias audits.
LL144 requires that employers make their bias audit summaries and
other information “publicly available on the employment section of
their website in a clear and conspicuous manner” [94]. In the audits
we reviewed, employers interpreted this requirement in varying
ways, and at times disregarded it. To our knowledge as of the time of
writing, NYCDCWP does not maintain a public-facing repository of
LL144 bias audits, so locating bias audits was very time-consuming
and challenging. We conducted a thorough search process totaling
hundreds of hours over more than a year; we began searching for
bias audits as soon as the law took effect in July 2023 and continued
to search periodically over the course of the next 18 months. In
late 2023, a subset of our team created a public-facing tracker of
all bias audits we had encountered, updating it as we learned of
other audits [116]. We identified audits through a variety of means,
including: through searches of employers’ websites (especially their
“Careers” pages and individual job descriptions, privacy policies,
and other areas focused on regulations and compliance), searches
of auditors’ websites, cross-referencing our list of audits with those
of other researchers, and periodic searches with specific keywords
using popular search engines. We refined these keywords over
time as we saw patterns emerging in audit formats. Identifying one
audit on an auditors’ website sometimes enabled us to find several
others produced by the same auditor, a search process we dubbed
2We were unable to verify data for one audit report we collected during this time
period—between our extraction and validation processes, it was removed from the
website where it had been posted, and we had not properly preserved it, so we removed
this audit report from our dataset.

“snowball searching,” akin to snowball sampling in survey research
or snowball searching in literature reviews [32, 47].

3.2 Archiving Bias Audits
Throughout the process, we encountered issues preserving audits
to retain copies for future analysis. As our data collection stretched
into 2024—and recognizing that LL144 prohibits the use or contin-
ued use of an AEDT if “more than one year has passed since the
most recent bias audit” [94]—we noticed a trend of employers or
auditors posting an updated audit at the exact same URL as they
had previously posted the initial bias audit, overwriting the initial
audit. To preserve the audits we found over time, we created per-
manent links using Perma.cc [125] and included the links in our
public-facing tracker. LL144 also does not specify what filetype or
format audits should take; the bias audits we located took a variety
of formats, including report-style PDFs (e.g., [70]), presentation-
style PDFs (e.g., [83]), and webpages with results embedded in the
HTML or included in HTML tables (e.g., [8, 63]).

3.3 Extracting Data from Bias Audits
Alongside developing a data extraction and data validation pipeline,
we defined a common data schema to store audit results in a uni-
fied format as tabular data for consistent comparison and analysis.
We created columns in our data schema for different types of in-
formation required to be reported in bias audit summaries under
LL144 and added other columns based on patterns we noticed as
we reviewed the audits. As we developed the schema, we resolved
disagreements and modifications through consensus among the
research team. Under our data schema, each row represents a result
reported in a LL144 bias audit for a particular group or intersection
of groups, and also includes columns noting the deploying entity,
auditor, year, and other metadata. Some of the information included
in our schema—such as the race, sex, or intersectional group for
each result, as well as the number of applications, number of appli-
cants selected or above the median score, selection rate, and impact
ratio for that group—were often reported in tables in the underlying
bias audits. Other information, such as the type of data used for
the audit or the time frame in which the audit’s data was collected,
was usually noted in audits’ text, footnotes, or missing altogether.
As a result, our data extraction required automatic tabular data
extraction and manual data entry based on reading each audit.

3.3.1 Data Extraction. For the extraction of tables, which were
generally not in a machine-readable format, we implemented cus-
tomized functions using the tabulapdf and tabulizer R libraries
to handle formatting nuances such as multi-line headers, multi-line
cells, tables stretching across multiple pages, and other audit re-
port inconsistencies. In some instances when automated extraction
proved cumbersome or ineffective, we extracted data by copying
and pasting tables or manually entering the relevant information
into .csv or .txt files. For all audits, we manually added informa-
tion such as the deploying entity (i.e., the hiring company or ven-
dor), position (e.g., software engineer), tool vendor (e.g., HireVue),
and other details. We also kept track of how many job applications
employers reported as missing demographic data, and when it was
unclear whether or how much missing data there was in a given
audit. Further detail on our data schema is available in our codebase
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documentation. Our qualitative data extraction included a “bias au-
dit reading group,” where members of the research team each read
a subset of the audits and collectively discussed emerging themes
between them, which informed our data extraction process and
analysis. The author team also noted examples of parts of audits
that made broad claims about bias, contained inconsistencies, and
were particularly poorly done (informally dubbed our “auditing hall
of shame”) and recorded other challenges we encountered. LL144
applies to both hiring and promotion, and we designed our data
schema accordingly. We did not find any audits focused only on
tools used for promotion, so we focus our analyses here on hiring.

3.3.2 Data Cleaning and Validation. After extraction, we imple-
mented processes for data cleaning and standardization, including
for recording missing data, standardizing demographic data using
the categories outlined in LL144 [94], and conducting data quality
checks. For data validation, we manually reviewed all entries in our
final dataset, cross-referencing them with the underlying audits to
check the accuracy of our extraction. Throughout the extraction
and validation process, we noticed what we believed to be various
typos or errors by auditors (as well as other inconsistencies and
ambiguities) in the bias audits we reviewed. In some instances, we
felt these inconsistencies were not substantive, and adopted data
entry norms that corrected these to prevent information loss. For
instance, in cases where an audit report listed the month and year
but not the day of the audit’s data collection start date, we chose to
record the day as the first of the month, noting this in our code and
documentation. In other instances, the issues were more substan-
tial, such as cases when the selection rate reported for a particular
group was not equal to the number of individuals selected divided
by the number of individuals who had applied, as reported in that
same table. We decided to record this data as it was reported, noting
these issues. We felt that trying to correct the errors or interpret
the ambiguities would be out of scope for our work analyzing the
audits as published, and in many instances might generate more
questions than answers.

4 Findings and Discussion
Using the dataset we extracted from the bias audits—key details of
which are summarized in Table 1—we conducted a mixed methods
analysis of the 116 audits in our dataset. We present our results in
two steps: first, we outline takeaways from each of our analyses of
the bias audit results as they are reported. We analyze the type of
data used, the impact ratios reported, auditors’ and vendors’ charac-
terizations of audits findings, and we conduct comparisons of 2023
and 2024 bias audits of the same tool deployed by the same entity.
Then, for each analysis, we highlight how further inspection of the
bias audits reveals additional shortcomings, sometimes drastically
altering the interpretation of bias audit findings. We demonstrate
that many audits may under-report disparities in decision-making
due to missing demographic data, rely on opaque data aggregation
and problematic uses of “test data,” and use metrics that do not faith-
fully represent how automated hiring tools are deployed. While a
small subset of the issues we identified appear to stem from non-
compliance with the rules of LL144, we identified myriad ways in
which bias audits done in adherence with the law are nevertheless
incomplete and potentially even inaccurate.

4.1 Data Used for Bias Audits
4.1.1 Historical Data, Test Data and Data Pooling. Under LL144,
audits can use “historical data” or “test data,” where “historical data”
is defined as “data collected during an employer or employment
agency’s use of an AEDT to assess candidates for employment or
employees for promotion” and “test data” is defined as “data used
to conduct a bias audit that is not historical data.” An auditor can
use historical data pooled together from multiple employers’ uses
of the same AEDT (including data from different jobs or types of
positions), and they can use test data “if insufficient historical data
is available to conduct a statistically significant bias audit” [94].
The use of test data was relatively rare in our sample; 75% of audit
reports in our sample used historical data, 16% used test data, and
for 9% we were not able to identify the type of data used. However,
we found serious limitations with both the use of test data and
historical data. Practices related to test data seemed to vary widely,
ranging from audits that generated fake applicant AEDT scores
using python’s random.uniform function (e.g., [82]) to test data
that produced equal selection rates for every group in the audit
(e.g., [72]). Such cases raise serious concerns about whether the
bias audit results have any relationship whatsoever to the audited
tool’s impacts in practice. For audits that used historical data, the
potential for data pooling (and the lack of transparency around it)
made it extremely difficult to ascertain the impacts of particular
AEDTs or employers’ practices. Wide variation in how employers
use automated hiring tools is common, including employers setting
different thresholds that determine whether a candidate’s AEDT
score is high enough to advance in the hiring process [25]. In theory,
under LL144, a given employer could rely on a bias audit of an AEDT
they use, even though the bias audit may include very little—or no—
data produced from the employer’s use of the AEDT. As a reader of
a bias audit posted by a given employer, it was often impossible to
tell how much of that specific employer’s actual data was used for
the bias audit. In effect, bias audits that adhere to LL144 often fail
to provide meaningful information about whether an employer’s
use of a given AEDT may be discriminatory.

4.2 Results Reported in Bias Audits
Next, we analyze the selection rates, impact ratios, and other details
from 2023 and 2024 bias audits, highlighting how “silent duplicates”
and missing data add even more challenges to attempts to identify
discrimination using LL144 audits.

4.2.1 Silent Duplicates. We identified several instances where it
appeared that results from the same underlying analyses (e.g., calcu-
lations of scoring or selection rates and impact ratios for a particular
tool and demographic category) were reported multiple times, a
phenomenon we dubbed silent duplicates (our definition of silent
duplicates is described in more detail in Appendix A.1). We iden-
tified two types of silent duplicates—sometimes, silent duplicates
appeared across different audit reports, when different employers
posted audits that seemed to describe the same tools and had many
identical quantitative results; we call these inter-audit silent dupli-
cates. (e.g., [48] and [52]). In other instances (e.g., [49]), a given
audit report included results for the same AEDT and dataset using
multiple selection thresholds. Sometimes these different thresholds
produced differences in selection rates for the same groups, and
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Term Our Definition Unique Num.
in our Data

Deploying entities Organizations posting bias audits on their websites. 31
Tool vendors Organizations selling or licensing automated tools being audited. Some

vendors post audits directly, so some tool vendors are also deploying
entities in our dataset.

22

Auditors Organizations conducting bias audits of automated tools (independent
from the deployer/vendor of the tool under audit).

11

Audit reports Document(s) posted on an employer’s, employment agency’s, or ven-
dor’s website and characterized as a bias audit with a reference to
LL144. Each audit report may contain multiple audits and is a unique
combination of deploying entity, tool vendor, year, and auditor.

44

Audits Bias audit results for a particular tool and position. More formally,
each audit is a unique combination of deploying entity, vendor, year,
auditor, tool ID, and employment position.

116

Multi-year audit reports Audit reports for which results were available for both 2023 and 2024. 13

Table 1: Key details for our dataset, including definitions of terms we use throughout our analysis and the number of unique
entries per term. We recorded the tool vendor or auditor as “unknown” when we could not identify this information. The most
common auditors were Holistic AI (20% of audit reports), DCI Consulting Group (20%), and BABL AI (16%).

other times, they did not (we refer to these instances of identical
results within the same audit as intra-audit silent duplicates). While
we were not able to identify the cause of all the silent duplicates we
observed (e.g., data pooling, shared underlying audits, coincidence),
all of them appeared in audits conducted by DCI Consulting Group,
and all but one described HireVue tools.

Based on our analysis, it seemed likely that bias audit reports of
HireVue tools posted by JetBlue (e.g., [48]), Citizens (e.g., [52, 53]),
Pfizer ( [55]) and Burlington (e.g., [49, 51]) include results from the
same underlying analyses. Given the data pooling allowed under
LL144, it is plausible that different employers’ audits of the same
tools produced by the same auditor may include some identical
results. But the lack of clarity on when and why silent duplicates
occur further underscores how challenging it is to identify potential
discrimination using these audits. While we are not aware of exam-
ples of silent duplicates beyond LL144 bias audits, we believe this
issue is relevant more generally for algorithm audits in contexts
where the same automated tools may be used by different entities.

4.2.2 Impact Ratio Analysis. As described in Section 2, the key
statistics required for each race and/or sex group in LL144 bias
audits are the selection rate or scoring rate (for selection and scoring
tools, respectively) and the impact ratio. Analyzing the impact ratios
reported, we found that 53% of audits include at least one impact
ratio below 0.8 (the rate corresponding to the four-fifths rule we
discussed in Section 2). When analyzing impact ratios at the group
level (e.g., considering impact ratios for applicants broken down by
sex and broken down by race for the same tool as separate sets of
results), 23% of results across all audits included at least one impact
ratio below 0.8. All of these impact ratios below 0.8 resulted from
analyses broken down by race or intersectional categories (none
were from analyses broken down solely by sex). Of group-level
results with impact ratios below 0.8, 41% were instances where

a selection or scoring rate for a group of non-White applicants
that was less than four-fifths that of a group of White applicants.
In the other 59% of cases, there were fewer clear trends; both the
comparator group and group with a selection or scoring rate less
than 0.8 varied.

There were multiple complicating factors in our impact ratio
analysis that highlighted important nuances of LL144. The law per-
mits bias audits to exclude impact ratios for groups representing
less than 2% of the data being used for the bias audit [94], which
frequently resulted in impact ratios not being reported for appli-
cants who were classified as “Native Hawaiian or Other Pacific
Islander” or “American Indian or Alaska Native.” LL144 also defines
the impact ratio as comparing a given group’s selection or scoring
rate against the selection or scoring rate of the highest scoring or
most selected group, a standard which, if followed, would mean
that impact ratios should only take on values in [0, 1]. However,
we found that 54% of audits had at least one impact ratio above one,
meaning that the group with the highest selection or scoring rate
was not the comparator group in these calculations. There were
various reasons why some audits had impact ratios above 1, gener-
ally resulting from differing interpretations of which groups should
be included when determining the “comparator group.” These in-
stances, as well as others described in Appendix A.2, highlight how
a standard that may appear to be relatively straight-forward or well-
specified, such as the definition of the impact ratio, can actually
be quite nuanced, complicating both interpretation and analysis of
audit results. However, as we discuss in Section 4.2.4, a much more
pervasive issue—missing applicant demographic data—adds even
more complexity to interpreting the bias audit results.

4.2.3 Comparing Audits from 2023 to 2024. For 13 of the 25 audit
reports we identified for 2023, we were also able to identify 2024
companions (listed in Appendix A.3), suggesting mixed adherence
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with the yearly auditing requirement. We conducted an initial com-
parative analysis of these audits, finding that almost all the 2024
audit reports used the same auditor and data type—historical or test
data—as their 2023 predecessors, but that audit reports from 2024
widely varied in their data selection approaches compared to 2023.
For instance, some audit reports (e.g., [69, 73]) appeared to use data
from the same time period as the previous audit, while others used
more recent data (e.g., [67, 71]) sometimes along with older data
(e.g., [7, 11]). Our analysis was limited given available data; more
expansive temporal analysis will be important to understanding the
impacts of the law as additional LL144 bias audits are published.

4.2.4 The Impact of Missing Data. A dominant theme of our data
collection and analysis was missingness—including missing infor-
mation that is required to be reported under LL144, missing de-
mographic data on large swaths of applicants, and even missing
basic details about auditors or tool vendors. For example, though
LL144 requires disclosure of the date of first use of an AEDT [94],
we could not identify the date of first use in 86% of the audits we
analyzed. Though they are not explicitly required to be reported
under LL144, we also struggled to identify the job roles or posi-
tions for which the AEDT was used (this was the case for 62% of
audits), and at times, the name of the auditor (for 3.4% of audits).
This missingness made it challenging to analyze individual audit
reports and also complicated our comparative analysis for 2023
and 2024 audit reports. For instance, without a version number or
other information identifying whether a given tool had substan-
tially changed between 2023 and 2024 audits, it was difficult to tell
how changes in the selection rates and impact ratios across years
should be interpreted, complicating comparisons over time.

Missing demographic data also complicated all of our analyses
of bias audit results. LL144 requires bias audits to list the number of
individuals who are not included in the required selection/scoring
rate and impact ratio calculations because their demographic in-
formation (e.g., race and/or sex) was unknown [94]. In general,
missingness was the norm—83% of audits in the sample reported
that their audits were missing race and/or sex information for some
applicants evaluated by the AEDT, and several bias audits reported
missing demographic data for far more applicants than the number
of applicants with available information.

To demonstrate the impact of missing demographic data, we
calculated bounds on the impact ratios reported in bias audits when
information about the number of applicants missing demographic
information was available. Let 𝑥 be the number of applicants miss-
ing demographic information for demographic category 𝐴 (e.g.,
race/ethnicity, sex, or intersectional) in an audit. For each group
𝑎 ∈ 𝐴, we assume that the number of applicants missing demo-
graphic information could all belong to group 𝑎, and calculate the
highest and lowest possible selection rates and impact ratios for
that group, holding all else equal (e.g., assuming the selection rates
for other groups are the same). Let 𝑎𝑎𝑝𝑝 and 𝑎𝑠𝑒𝑙 be the number
of applicants with known demographic information from group 𝑎
who applied to and were selected by the AEDT respectively; then
the bounds of the selection rate for group 𝑎 (𝑆𝑅𝑎) are thus given by
Equation 1:

𝑎𝑠𝑒𝑙

𝑎𝑎𝑝𝑝 + 𝑥
≤ 𝑆𝑅𝑎 ≤ 𝑎𝑠𝑒𝑙 + 𝑥

𝑎𝑎𝑝𝑝 + 𝑥
(1)

We compute demonstrative impact ratio bounds by dividing the
upper and lower selection rate bounds for group 𝑎 by the selection
rate of the most selected group in category 𝐴. We plot bounds for
impact ratios in Figure 3 (and provide an explanation of how they
can be interpreted in Figure 2), demonstrating that, while most au-
dits that disclose the number of applications missing demographic
information generally report impact ratios above 0.8, the impact
ratios could often be below 0.8 depending on the distribution of the
missing demographic data (the percentage of impact ratios with
possible lower bounds below 0.8 is 70%). Because there were often
very few or no applicants labeled “Native Hawaiian or Other Pacific
Islander” or “American Indian or Alaska Native”, the existence of
even a small amount of missing data means that the impact ratios
for these groups could take on any value in practice.

The bounds in Figures 2 and 3 are meant to be demonstrative,
but we recognize that the assumption that all missing data comes
from one group is unlikely to hold in practice. We explored various
alternatives, including assuming that the distribution of missing
data is the same as the demographic distribution of applicants with
known demographics, under which the percentage of impact ratios
with lower bounds below 0.8 falls to 28%. After exploring these
options, we chose the approach depicted in Figures 2 and 3, in
part because each option indicated that impact ratios may vary
significantly from the reported values, depending on the missing
demographic data. We provide more detail in Appendix A.4.

4.3 Interpreting Bias Audits
4.3.1 Bias audit characterization. In several instances, we noticed
auditors, tool vendors, and employers making claims—sometimes
very broad ones—about their bias audit results, even though these
audits suffered from the myriad issues we identified in our analysis.
For instance, one bias audit that relied purely on test data included
a dashboard that used a green/yellow/red coloring system to char-
acterize audit results, and all results for the automated tool being
audited were green (corresponding to “clear”) [12]. Another vendor
wrote that their bias audit had “ensur[ed] that our candidate screen-
ing features are not influenced by any biases” [60], but the public
facing version of this bias audit did not (to our knowledge) report
the number of applicants in each group or whether any candidates
evaluated by the tool were missing demographic data, and thus not
included in the audit calculations. One auditor included determina-
tions of whether a tool “passed” various audit standards—including
in audits that were missing demographic data for the vast majority
of applicants evaluated by the tool being audited [66, 70]. We did
not identify any instances of a published audit done by this auditor
that was characterized as having “failed” in any respect. As our
analysis has highlighted, there are many ways these bias audits can
miss signs of bias, so sweeping conclusions of any nature about
these bias audits can be misleading.

5 Ten Recommendations for Future Legislation
Requiring Algorithm Audits

Our analysis revealed a need for greater accessibility, transparency,
and rigor in algorithm auditing than mandated by LL144. The short-
comings we found speak to problems in nearly every stage of the
audit and reporting process, and as of the time of writing, we are
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Figure 2: Impact ratios (dots) with uncertainty bounds (vertical lines) for the Native Hawaiian or Other Pacific Islander group,
with annotations and examples from [70] explaining how to interpret the plot. The horizontal red line marks the four-fifths
rule commonly used in disparate impact evaluations. Results for additional groups are included in Figure 3.
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unaware of any enforcement actions taken by the NYC DCWP
related to LL144. We propose ten recommendations, summarized in
Figure 1, to strengthen future legislation that mandates algorithm
auditing in hiring (though many apply beyond hiring as well) and
the ensuing audits.

5.1 Recommendations Stemming from Our
Search, Archival, and Extraction Processes

5.1.1 Audit Search: Central Repository of Audits and Standard URL
Format. The irregular reporting and structure of LL144 bias audits
made it laborious to find less than two years’ worth of audits. To en-
sure the accessibility of audit data, audit-mandating laws should re-
quire employers to submit audits to the relevant enforcement body,
and this agency should maintain a webpage where all audits are
publicly accessible, providing a central location for audit data and,
in effect, preventing employers from silently changing audit results.
Employers should also be required to post audits in a standardized,
easily accessible location on their websites, for instance, using a
standard URL, e.g.: [employer].com/[law_name]/audit/[year].

5.1.2 Audit Archiving: Requirements for Historical Preservation. Em-
ployers should be required to keep previous audits available and not
overwrite them with new versions. Each new audit should be sub-
mitted to the relevant enforcement agency and posted at a new URL
(e.g., using the standard URL format outlined above), preserving a
continuous and accessible historical record of audit data.

5.1.3 Audit Extraction: Standardized Audit Format. Audits should
be posted in machine-readable formats to improve the efficiency
of data extraction and should align with accessibility standards
(e.g., the Web Content Accessibility Guidelines [119] or similar
standards) to ensure they are accessible, including for users of
assistive technologies. The audits should include an identifier for
the AEDT with a version number, the date of the tool’s first use, and
the time frame during which data used for the audit was collected
or created, recorded in a structured format. For LL144 bias audits
we analyzed, this information was often embedded in the text of
audits or missing altogether.

5.2 Recommendations Based on Audit Analysis
5.2.1 Assessing bias for broader set of protected groups. Nearly ev-
ery audit we reviewed published the selection rates and/or impact
ratios for strictly the set of protected categories required by LL144.
Legislation requiring algorithm audits should require auditors to
assess the risk of potential bias against a broader set of groups
and intersectional categories, recognizing that discrimination in
hiring has long been a concern for characteristics beyond race and
sex, such as disability, pregnancy, and age, among others. Legisla-
tors could look to protected categories outlined under existing civil
rights laws to craft these standards; while many anti-discrimination
laws do not provide explicit intersectional protections, there have
been some recent court rulings and newer laws with explicitly
intersectional protections (e.g., [74]). The relevant enforcement
agency should establish, and auditors should use, carefully devel-
oped, standardized demographic categories and definitions to make
results more comparable over time and across tools. While LL144
requires the use of the race and ethnicity categories defined by the

Equal Employment Opportunity Commission’s EEO Component 1
report [94], we observed variation in adherence to or interpretation
of this requirement.

5.2.2 Greater auditor access. A fundamental limitation for algo-
rithm audits is restricted access to the system they are evaluating
for bias [109]. The audits we reviewed did not typically report their
level of access, and LL144 does not specify an access requirement.
However, as Groves et al. [59]’s interviews with LL144 auditors
demonstrate, auditors often faced serious challenges accessing data
they felt was needed for audits. In algorithm auditing more gener-
ally, while auditors are sometimes granted only black-box access
to a system (i.e., they can only see system inputs and outputs),
greater access to the underlying system can allow for more holistic
auditing than black-box access alone, including by allowing audi-
tors to inspect the system’s architecture or test separate parts of
the algorithm. Researchers have outlined many alternative access
schemes [29]; for instance, future auditing laws could require what
Casper et al. [28] call de facto white-box access, where deploying
entities can grant auditors access through an off-site API that allows
auditors to run arbitrary tests of the system without seeing pro-
prietary model weights and parameters. Future legislative efforts
mandating algorithm auditing should contemplate adopting more
expansive access schemes where feasible.

5.2.3 Expanded analysis of missing demographic data. As Bogen
et al. [26] wrote, “organizations cannot address demographic dis-
parities that they cannot see.” When demographic information
is missing for large swaths of the applicant pool subjected to an
AEDT’s use—as our analysis in Section 4.2.4 revealed is often the
case for LL144 bias audits—it is difficult to interpret the results. As
such, missing data are a major obstacle that auditors must discuss.
In addition to reporting summary statistics about applicants’ miss-
ing demographic data (as required currently under LL144), audits
should calculate selection or scoring rates, impact ratios, and other
quantitative bias metrics among the applicants who did not dis-
close their demographic information (not currently required under
LL144). Audits should calculate uncertainty bounds for the metrics
they report that take into account missing data, as we did in Sec-
tion 4.2.4. Auditors may be able to use the bias metrics for applicants
with unknown demographics to tighten uncertainty bounds.

5.2.4 Transparency around data aggregation and using more rep-
resentative bias metrics. As specified by LL144, auditors evaluated
selection rates for selection tools and scoring rates for scoring tools,
defining scoring rates as the proportion of a group scoring above
the sample median. But this choice of the sample median is unre-
alistic; in practice, employers set and use different thresholds to
determine whether an applicant moves forward in their process. As
we highlight in Section 4.1.1, the data aggregation allowed under
LL144 makes it challenging to assess whether an employer’s AEDT
may be discriminatory, in part because the aggregation ignores
this threshold-setting. Researchers have highlighted the impor-
tance of evaluating automated systems using metrics that represent
how thresholds are used in practice [79]. Auditors should include
additional metrics that measure disparities at all points in the distri-
bution of applicant scores, carefully designed to faithfully represent
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how AEDTs are actually used. Auditors should be required to pro-
vide detailed explanations about how data used for an audit was
collected from deploying entities and aggregated or filtered for anal-
ysis (which could also help address confusion introduced by silent
duplicates), and the legislation mandating the audits should provide
clear guidance to ensure the data used is robust and representative.
For instance, auditors could be required to include datasheets [41]
or model cards [90] about audit data and employer-set thresholds.

5.2.5 Auditor determination guidelines. The key takeaways of algo-
rithm audits should be legible to a variety of audiences, including
policymakers, job seekers, and the general public; one way to enable
this accessibility would be for auditors to include a determination
of an audit. These determinations should be governed by clear
guidelines that are published alongside the audits. This practice
could draw on norms in other contexts; for instance, Lam et al. [81]
highlight financial auditors’ requirement to reach a determination
for each audit. For LL144, as our analysis in Section 4.3.1 high-
lights, some auditors and vendors impose their own, potentially
misleading, conclusions in the absence of clear guidelines for how
qualitative and quantitative audit results should be converted to
final determinations.

5.3 Structural Recommendations to Improve
Audits

5.3.1 Transparency on the deploying entity’s governance and ac-
countability. Evaluating internal governance is a crucial part of
algorithm audits [81, 102]. At a minimum, published audit reports
should include a section discussing the deploying entity’s (and
where relevant, the tool vendor’s) governance and accountability
structure, outlining who reviewed the results of the bias audit, how
the deploying entity makes decisions relating to algorithmic bias—
including updates based on bias audit findings—and the names and
titles of the deploying entity’s relevant points of contact.

5.3.2 Actionable requirements and robust enforcement. At the time
of writing, we are unaware of any enforcement actions taken by
the NYC DCWP related to LL144. Employers may have little incen-
tive to conduct audits given this lack of enforcement (and because
employers have wide latitude to determine whether their tools are
subject to the law). Further, while NYC DCWP is charged with en-
forcing audit and reporting requirements, LL144 does not mandate
any particular action based on the results of a bias audit. Enforce-
ment of NYC anti-discrimination law falls to the city’s Commission
on Human Rights [97]. For auditing laws to be effective, the rele-
vant enforcing agency must monitor deploying entities’ compliance
with the law. For instance, they should provide clear penalty struc-
tures for missing audit reports and visibly enforce those policies.
Employers or other entities subject to the auditing law should be
required to register a compliant audit with the enforcing agency
prior to deploying a covered automated tool. Similar registries exist
in other contexts, such as the Federal Audit Clearinghouse [3] and
the federal AI use case inventory [95].

6 Limitations and Future Work
There are many ways to extend and strengthen this work moving
forward. Our analysis covered less than two years’ worth of bias

audits; future work should revisit the patterns we identified with a
larger sample of bias audits as they continue to be published, and
we include code and documentation with this publication to aid in
those efforts. In addition, due to the challenges we encountered in
identifying bias audits, there are likely published bias audits that we
did not find; we encourage other teams to help identify such cases
and update these analyses. We also find it important to note that
many of our recommendations would be challenging to implement,
in part because they may require consensus among policymakers
about open challenges in the field of algorithm auditing. But as
our analysis demonstrates, meaningfully assessing algorithmic bias
requires grappling with these challenges.

Finally, even if implemented fully, our recommendations are
likely insufficient to ensure algorithm audits are effective. As new
legislation is written, so too will new challenges emerge. While
out of the scope of this work, there are many other important con-
siderations for strengthening algorithm audits, such as ensuring
the definition of covered algorithms is appropriately expansive,
assessing bias based on proxies for protected characteristics, and
conducting audits that examine AEDTs as they are embedded in the
full hiring process—including examining interactions with other
AEDTs and human decision-makers—rather than examining spe-
cific algorithm-aided decision points in a silo. There are also impor-
tant considerations related to the broader audit ecosystem that are
out of scope of this work, including ensuring auditor independence
through licensing or accreditation systems, developing structures
to prevent deploying entities from “opinion shopping” among dif-
ferent auditors, auditing requirements that leverage counterfactual
offline and online auditing methods (e.g., [23, 44, 106, 118]) and
creating incentives for auditors to uncover and disclose bias issues
(e.g., through algorithmic bias bounties, akin to the idea of bug
bounties in computer security [45]).

7 Conclusion
In theory, algorithm audits that are designed to mitigate or pre-
vent algorithmic bias should not themselves need to be audited. But
in practice, we encountered a strong need for this accountability
practice while undertaking an extensive analysis of bias audits pro-
duced pursuant to one of the first enacted hiring-related algorithmic
decision-making laws in the country, New York City’s Local Law
144. We encountered numerous issues at each stage of our process
of searching for, archiving, extracting information from, and ana-
lyzing bias audits produced pursuant to Local Law 144, painting a
picture of these audits as incomplete, misleading, and potentially
even inaccurate. Our analysis demonstrated that these issues affect
the integrity, interpretability, and ultimate usefulness of these al-
gorithm audits, falling short of the legislation’s goals. In light of
our findings, we offer ten recommendations to strengthen future
auditing efforts of automated tools used in hiring and other areas,
and contemplate broader issues related to the auditing ecosystem
that should be further explored in future work. We hope that this
work will help strengthen future auditing legislation towards audits
that meaningfully prevent, identify and address algorithmic bias.
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A Appendix
A.1 Silent Duplicates Definitions and Examples
Here, we expand on the discussion of silent duplicates from Section
4.2.1. We refer to identical audit results that appear multiple times—
whether within the same audit or across different audits—as silent
duplicates. More specifically, we define silent duplicates as rows in
different audits where the tool ID, sex, race, number of applications,
and type of tool are all identical and non-missing/not NA, and at
least one of the following is true:

• The impact ratio, audit data start date, and audit data end
date are all identical and non-missing and not NA

• If the impact ratio is missing or NA, then the audit data start
and end dates are not missing or NA

• If the audit data start and end dates are missing or NA, then
the number of applications is not equal to zero

• If the number of applications is 0, then:
– Neither sex nor race are missing or unknown; AND
– The audit data start and end dates are not missing and not
NA (e.g., since there seem to be numerous cases where
there are 0 applications for particular groups, we don’t
consider these to be silent duplicates unless there is a
non-null match on the audit data start and end dates).

We also distinguish between inter-audit silent duplicates and
intra-audit silent duplicates, where:

• intra-audit silent duplicates are silent duplicates from the
same audit report (typically audits where HireVue tools were
used, and except for a difference in threshold definitions, the
results are exactly the same)

• inter-audit silent duplicates are silent duplicates from differ-
ent audit reports (e.g., audit reports that we believe include
at least some of the same results for the same tool(s) yet were
posted by different entities).

For instance, the results for the “Female Two or More Races”
group in the table titled “NYC Law Impact Ratios for the Combi-
nation of Gender and Race/Ethnicity” on page 4 of Burlington’s
2023 audit of HireVue tools used for allocation analyst roles [49]
are considered intra-audit silent duplicates under our definition, as
the results are the same across threshold groupings (e.g., “Tiers 1
and 2 vs. Tier 3” and “Tier 1 vs. Tiers 2 and 3”), a phenomenon
not observed for other groups in the same table. The results for
the “Top and Middle Tier vs. Bottom Tier” group in the table titled
“NYC Law Impact Ratios for Gender” on page 3 of Pfizer’s 2023 audit
of HireVue tools [55] and the results in the table titled “NYC Law
Impact Ratios for Gender” on page 3 of Burlington’s 2023 audit of
HireVue tools used for new college grad or intern roles [51] are
considered inter-audit silent duplicates. As we discuss in Section
4.2.1, all of the silent duplicates we identified appeared in audits
conducted by a single auditor—DCI Consulting Group—and all but
one described HireVue tools (there was one audit report with silent
duplicates published by Wells Fargo where we could not identify
the tool vendor [54].)

A.2 Impact Ratio Analysis
A.2.1 Impact Ratios Above One. We expand on our discussion
in Section 4.2.2 of audits with impact ratios above one, meaning

that the group with the highest selection or scoring rate was not
the comparator group in these calculations. We found that 54% of
audits had at least one impact ratio above 1, and the majority of
the audits where we observed this norm were conducted by DCI
Consulting Group on HireVue tools deployed by either JetBlue [48],
Citizens [52], Pfizer [55], or Burlington [49]. In these audits, DCI
Consulting Group provides a description of the aggregation process
they used that sometimes led to the comparator group not being the
most selected group, producing impact ratios above one. The only
other audit where we observed impact ratios above one appeared to
define the comparator group as the group with the highest selection
rate among those that comprised more than 2% of the data set. As
a result, when a group comprising less than 2% of the data set had
a higher selection rate and the impact ratio was reported for that
group, the impact ratio was above one [126].

A.2.2 Other Complications in Impact Ratio Analysis. In Section
4.2.2, we outline some of the complicating factors in our impact
ratio analysis. Beyond those described in Section 4.2.2, we encoun-
tered complexities related to the interpretation of tool outcomes
for some audits. For example, there were two tools in our sample
(HackerRank’s plagiarism detection [69, 73] and image analysis
tools [68, 72], audited in both 2023 and 2024) for which selection
was not the preferred outcome, changing the interpretation of se-
lection rates and impact ratios, in contrast to the vast majority of
AEDTs for which we had bias audits in our sample. We excluded
these tools from our impact ratio analysis, but note for future work
the importance of carefully reading bias audits for this type of
critical directional interpretation issue.

A.3 Multi-Year Audit Reports
As discussed in Section 4.2.3, a full list of 2023 audit reports we
identified with 2024 companions is included in Table 2.

A.4 Impact Ratio Bounds
In our construction of impact ratio bounds in Section 4.2.4, we
assume that all missing demographic data comes from one group
and hold other selection rates equal when computing impact ratio
bounds. In our analysis process, we explored various assumptions,
including (1) assuming all demographic data comes from one group
(which we present results for in the main body of the paper); (2)
assuming that the demographic distribution of missing data is the
same as the demographic distribution of applications with known
demographics; and (3) different assumptions about what happens
to other groups’ selection rates when one group’s rate changes.
Given our goal was to create demonstrative bounds, as noted in
Section 4.2.4, wewent with the chosen approach because all assump-
tions produced similar qualitative findings indicating that impact
ratios may vary significantly from the reported values depending
on missing demographic data and because our chosen assumption
was the least opinionated or restrictive option we considered. To
try to evaluate the likelihood of different assumptions bearing out
in practice, we conducted a literature review on demographic data
collection in employment contexts and LL144 specifically, which
suggested that a more restrictive assumption—such as that the dis-
tribution of missing data models that of known data—was unlikely
to occur in practice [21, 26, 59]. We also felt our chosen method was
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Count 2023 Audit Report 2024 Companion Audit Report

1 ADP tools conducted by BLDS [1] ADP tools conducted by BLDS [2]
2 Bryq conducted by Holistic AI [6] Bryq conducted by Holistic AI [9]
3 Burlington’s use of HireVue tools conducted

by DCI Consulting Group (e.g., [51])
Burlington’s use of HireVue tools conducted
by DCI Consulting Group (e.g., [58])

4 Citizens’ use of HireVue Adaptability tool
conducted by DCI Consulting Group [50]

Citizens’ use of HireVue Adaptability tool
conducted by DCI Consulting Group [57]

5 Covey conducted by Conductor AI [4] Covey conducted by Idiro Analytics [20]
6 Eightfold’s Matching Model by BABL AI [66] Eightfold’s Matching Model by BABL AI [70]
7 HackerRank’s Plagiarism Detection System

and Image Analysis System conducted by
BABL AI [68, 69]

HackerRank’s Plagiarism Detection System
and Image Analysis System conducted by
BABL AI [72, 73]

8 HiredScore tool conducted by unknown au-
ditor [62]

HiredScore tool conducted by unknown au-
ditor [63]

9 JetBlue’s use of HireVue tools conducted by
DCI Consulting Group [48]

JetBlue’s use of HireVue tools conducted by
DCI Consulting Group [56]

10 Morgan Stanley’s use of Eightfold’s Matching
Model conducted by BLDS, LLC [84]

Morgan Stanley’s use of Eightfold’s Matching
Model conducted by BLDS, LLC [85]

11 RippleMatch’s FitScore Algorithm conducted
by BABL AI [67]

RippleMatch’s FitScore Algorithm conducted
by BABL AI [71]

12 Sheppard Mullin’s use of Suited Law Assess-
ment conducted by Holistic AI [5]

Sheppard Mullin’s use of Suited Law Assess-
ment conducted by Holistic AI [10]

13 Paradox’s tools conducted by Holistic AI [7] Paradox’s tools conducted by Holistic AI [11]

Table 2: Full list of 2023 audit reports we identified with 2024 companions.

the most intuitive to explain mathematically and visually (given
space constraints) than a more opinionated assumption (for in-
stance, assumption (2) mentioned above).

Below we provide full results for assumption (2), under which
the percentage of impact ratio bounds below 0.8 is 28%. In the
plot below, there are some instances where the computed impact
ratio bounds do not include the reported impact ratio. This result is
because, as noted in Section 3, there were audits where the selection
rate reported for a particular group was not equal to the number of
individuals selected divided by the number of individuals who had
applied, as reported in that same table. Though we also recomputed

impact ratios manually, we decided to use the reported impact
ratios in our analysis, because, as also noted in Section 3, we felt
that trying to correct the errors or interpret the ambiguities would
generate more questions than answers. For instance, in some cases
the discrepancies were plausibly due to a lack of precision provided
in the reported selection rates (selection rates were often rounded
to the hundredths place), but in other instances the reason for the
discrepancy was not clear. This finding also informed our decision
to present results from assumption (1) in the main body of the
paper, given the results from assumption (2) are quite complex to
interpret.
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Figure 4: Impact ratios by protected characteristic under the assumption that the distribution of demographics for applications
missing demographic data is the same as the demographic distribution of applications with known demographics. Dots
represent impact ratio results from a given audit for a particular group, and vertical lines are uncertainty bounds for the impact
ratios calculated from the missing demographic data. The horizontal red lines mark the four-fifths rule commonly used in
disparate impact evaluations.
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