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Abstract

Sourcing algorithms are technologies used in online platforms to identify, screen, and
inform potential applicants about job openings. The popularity of such technologies is
rapidly increasing due to their pervasiveness in online advertising and beliefs that
sourcing algorithms can decrease time to hire while improving the quality of new hires.
What is little known, however, are their potential risks: sourcing algorithms could
(intentionally or unintentionally) encode or exacerbate occupational demographic
disparities, thereby hindering organizational diversity and/or decreasing the effec-
tiveness of online hiring practices. Because sourcing algorithms identify and screen
potential job applicants before they are made aware of employment opportunities,
methods for evaluating discrimination in hiring which focus solely on job applicants
(e.g., adverse impact ratio), may fail to detect the effects of discriminatory sourcing
algorithms. Thus, we propose an expanded model of the employee hiring process to
take into account the role of sourcing algorithms. Based on empirical approximations,
we conducted a Monte Carlo simulation study to examine the magnitude and nature
of sourcing algorithms' influence on hiring outcomes. Our findings suggest that
sourcing algorithms could hinder the diversity of new hires while misleadingly
suggesting positive diversity outcomes in personnel selection. We provide practical
guidance for the use of sourcing algorithms and call for a systematic re-examination of
how to evaluate selection system fairness in the era of algorithmic recruitment.
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Practitioner points

e Sourcing algorithms are used by employers to automatically identify a targeted
group of applicants who possess certain characteristics (e.g., education, skills)
relevant to workplace outcomes (e.g., expected job performance).

e Recent research has raised concerns that poorly designed sourcing algorithms
have the potential to create systematic group differences in the access to job

opportunities, leading to discriminatory hiring outcomes.
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selection.

1 | INTRODUCTION

Recent years have witnessed a rapid growth and enthusiasm in
using algorithms to source potential applicants (e.g., Bogen &
Rieke, 2018; Society for Human Resource Management, 2017;
Song et al., 2020; Stephan et al., 2017). These sourcing algorithms
automatically identify a targeted group of applicants who possess
characteristics (e.g., education, skills) relevant to workplace out-
comes (e.g., likelihood of hire, expected job performance). Sour-
cing algorithms come in many forms, from those which use digital
footprints to decide who receives online job advertisements, to
those which crawl professional online profiles and job boards to
generate lists of potential applicants with relevant knowledge,
skills, abilities, and other characteristics (KSAOs). Overall, sour-
cing algorithms identify and screen potential applicants and take
steps to recruit them for the job. They are growing in popularity
due to beliefs that they could decrease time to hire, increase the
quality of new hires, and attract a diverse group of applicants (Ali
et al., 2019; Jeffery, 2017). Due to algorithms' pervasiveness in
online advertising, many organizations may even be unknowingly
using sourcing algorithms in their own employee recruitment
process (Feffer, 2016).

However, concerns have been raised that sourcing algorithms
pose risks for fairness in recruitment and selection: poorly designed
sourcing algorithms have the potential to create systematic group
differences in the access to job opportunities, leading to discrimina-
tory hiring outcomes (Bogen, 2019; Pearce, 2020). Research has
suggested many possible reasons for the persistence of algorithmic
bias in applicant sourcing (see Ali et al., 2019; American Civil Liberties
Union, 2019a; Imana et al., 2021; Speicher et al., 2018). Concerningly,
sourcing algorithms may play a largely invisible role on hiring out-
comes by deciding who learns of job openings, creating demographic
disparities prior to application (Bogen & Rieke, 2018).

Despite these potential risks, the effects of sourcing algorithms
on applicant pools and hiring outcomes have rarely been examined
systematically by researchers, practitioners, or legislators. Most
research on biased sourcing algorithms has narrowly focused on
specific jobs, platforms, subgroups, and algorithms (and only up to the
point of ad delivery). This narrow focus neglects how sourcing
algorithm bias may affect later stages of the hiring process.
Therefore, there is a critical need to systematically re-examine how
we evaluate the fairness of applicant sourcing in the era of algo-

rithmic recruitment.

e The current Monte Carlo simulation study examined the potential magnitude and
nature of sourcing algorithms' influence on hiring outcomes.
e Our findings suggest that biased sourcing algorithms could hinder the diversity of

new hires while misleadingly suggesting positive diversity outcomes in personnel

2 | CURRENT STUDY

The aim of the current study is to examine the potential effects of
sourcing algorithms on the hiring process. We accomplish this goal in
three steps. First, we propose an expanded model for studying
applicant sourcing in general and sourcing algorithms in particular. In
contrast to the traditional hiring process, the expanded model
incorporates sourcing algorithms as the first hurdle, or prescreen, in a
multiple-hurdle selection system. Contextualizing sourcing algorithms
as prescreens and treating them with the same level of scrutiny as
other selection procedures facilitates a systematic examination of
such tools. Second, this study is one of the first attempts to sys-
tematically evaluate the influence of biased sourcing algorithms on
hiring. We conducted Monte Carlo simulations to study how biased
sourcing algorithms affect the later stages of the hiring process.
Specifically, we examine how sourcing algorithms with varying levels
of bias and criterion-related validity (for predicting future job per-
formance) affect selection system performance as well as the fairness
of hiring outcomes. Third, based on the results of the simulations, we
identify future directions in research, practice, and legislation to
improve sourcing algorithms. We begin by describing traditional hir-

ing processes before introducing our expanded model.

3 | HIRING PROCESSES IN THE ERA OF
NONALGORITHMIC AND ALGORITHMIC
RECRUITMENT

As illustrated in Figure 1, the hiring process includes three primary
stages: (a) the application stage, where potential applicants apply to a
job; (b) the selection stage, where applicants are screened using
various selection methods (e.g., ability tests, interviews); and (c) the
offer stage, where the organization extends job offers to a subset of
applicants. The sourcing and recruitment of applicants occurs in the
application stage—the results of which determine the applicant pool
(Ployhart et al., 2017). The quality of the applicant pool sets an upper
limit on the validity of the hiring process (Barber, 1998), and the
diversity of the applicant pool influences organizational diversity
(Newman & Lyon, 2009). Thus, applicant sourcing and recruitment
are crucial for the validity and diversity of selection systems.

The traditional (nonalgorithmic) hiring process is illustrated in
Figure 1, top panel, where organizations use mass advertising, targeted

recruitment, or both to source and recruit applicants. During mass
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FIGURE 1 Traditional and expanded models of the hiring process: incorporating sourcing algorithms.

advertising, the organization widely distributes job openings to attract
potential applicants, and the applicant pool composition mainly relies on
the applicant's self-selection; in this process, the organization's influence
is limited (Chapman et al., 2005). Targeted recruitment involves organi-
zations actively searching for, and contacting, individuals with relevant
qualifications, allowing the organization to actively shape the applicant
pool (Dineen & Soltis, 2011). Traditionally, targeted recruitment was
carried out by humans (as opposed to algorithms), and thus organizations
often could only afford targeted recruitment for a limited number of
positions (Black & van Esch, 2020).

Algorithms for sourcing applicants represent a form of targeted

Iu

recruitment that uses computer algorithms to “crawl!” online profiles
or resume banks more quickly and more affordably than traditional
recruiting. These algorithms may generate a list of individuals who
meet the requirements for the role (e.g., Necula & Strimbei, 2019) or
directly deliver job ads to them. For instance, many advertising
platforms (e.g., Facebook, Google Jobs, LinkedIn) provide sourcing
algorithms that allow employers to target potential applicants based
on location, behaviors, or interests, as well as their similarity to other
groups (e.g., lookalike audiences; Facebook, n.d.). As shown in
Figure 1, bottom panel, when sourcing algorithms are used to pre-
screen the population of potential applicants, the hiring process dif-
fers from the traditional hiring process by including an additional
screening hurdle early in the application stage. Because sourcing al-
gorithms selectively distribute job opening information, they increase
the employer's (and platform's) control.> By imposing the employer's
selection criteria in the application stage, sourcing algorithms turn the
entire employee recruitment process into a series of prescreens that
could influence hiring outcomes.

Sourcing algorithms combine the strengths of targeted recruit-
ment and mass advertising (Black & van Esch, 2020) by actively
searching for and screening potential applicants affordably and at
scale. To the extent sourcing algorithms widely distribute job opening
information in a diverse population of potential applicants, and do so
fairly, they hold potential to improve diversity in hiring. However, by
acting as a prescreen, sourcing algorithms also have the potential to
adversely affect the distribution of job information, thus restricting

the applicant pool and resulting in unfair hiring outcomes.

4 | POTENTIAL RISKS OF SOURCING
ALGORITHMS AND LEGAL ISSUES

4.1 | Sourcing algorithms may target job irrelevant
and legally protected group characteristics

First, sourcing algorithms could result in disparate treatment if a
protected group status (e.g., sex, race, age) is included in the job ad
delivery rules. For example, until recently in the US, Facebook
allowed employment advertisers to target ad deliveries based on age,
race, and gender (Angwin & Parris, 2016; Angwin et al., 2017; Tobin
& Merrill, 2018). Such practices were only terminated after the Equal
Employment Opportunity Commission (EEOC) reached a nearly
$5 million settlement with Facebook and 10 employers for gendered
ad targeting (American Civil Liberties Union, 2019b), which prompted
Facebook to remove such targeting options (Sandberg, 2019).
Second, even without explicit disparate treatment, recruitment

discrimination may still occur. Traditionally, organizations posted job
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ads to some physical and/or digital locations, and the only restriction
to access was whether a potential applicant visited that location. Yet
when job ads are delivered via sourcing algorithms, two individuals
who visit the same digital location may not necessarily be shown the
same job ad. This can be problematic when the algorithmic ad
delivery rules are highly correlated with protected class membership.
For example, delivering job ads based on ZIP codes—which can serve
as a proxy for race in cities with high levels of housing segregation—
can racially segregate the delivery of job ads (Barocas & Selbst, 2016;
O'Neil, 2016). Although Facebook (and many other job ad platforms)
have removed the option to target certain legally protected user
demographics, researchers have shown that Facebook's revised ad
system still discriminates (Ali et al., 2019; Kayser-Bril, 2020;
Lambrecht & Tucker, 2019; Sapiezynski et al., 2019) “beyond what
can be legally justified by possible differences in qualifications”
(Imana et al., 2021, p. 3777).

Further, sourcing algorithms are not fully under the employer's
control, and advertising platforms' efforts to optimize financial gains
may skew ad delivery in unintended ways. For example, in addition to
the employer's specified delivery rules, Facebook's platform uses at
least two other types of algorithms to deliver ads: one for optimizing
click-through rates (the percentage of individuals who click on the
advertisement) and one for managing advertiser bids to optimize the
platform's profits (Ali et al., 2019). The interplay of multiple algo-
rithms and rules is complex and difficult to predict, and thus the
whole ad delivery process is often opaque both to the advertiser and
the platform itself. Depending on the information platforms make
available to their advertisers, it might be particularly difficult for
employers to monitor ad delivery and detect potential discrimination.
Importantly, it may be virtually impossible for potential applicants to
do so, suggesting that sourcing algorithms may introduce recruitment
discrimination relatively invisibly.

Therefore, although the use of sourcing algorithms in hiring can
potentially increase the proportion of qualified applicants for a
position, they may also lead to discrimination. Sourcing algorithms
must be examined both for their potential benefits and unintended
negative consequences (Society for Industrial and Organizational
Psychology, 2018) because they may improve, as well as hinder,

hiring outcomes.

4.2 | Legal issues related to sourcing algorithms

It is important to note that laws concerning discrimination in
recruitment can and do vary by country (see Myors et al., 2008), and
may also vary within each nation (e.g., by state, city). Many countries
have established laws prohibiting race and gender discrimination in
employment,? yet none of them address the issue of sourcing algo-
rithms specifically. The European Commission proposed the first
regulatory framework for artificial intelligence in 2021 and passed it
in 2024 (i.e., The EU Artificial Intelligence Act). As all nations struggle
with the task of applying and updating antidiscrimination law in the
face of technological advancements such as the use of artificial

intelligence in recruitment, it is particularly important to understand
how sourcing algorithms influence recruitment and selection
processes, and how current regulatory practices apply (or do not
apply) to sourcing algorithms.

The current legal practices in the United States offer an excellent
example. Although intentional discrimination (disparate treatment) in
sourcing is clearly illegal (Title VII, Civil Rights Act of 1964, 1964),
what is less clear is whether unintentional discrimination in sourcing is
also considered under the US legal context. Adverse impact is a legal
concept concerning hiring practices that cause disproportionate
hiring of a protected group, regardless of intent (Equal Employment
Opportunity Commission, 1978; Title VII, Civil Rights Act of
1964, 1964). It is commonly evaluated using the adverse impact ratio
(Al ratio), which is the ratio of the selection ratios for two demo-
graphic subgroups.® Because the Al ratio focuses on the number of
applicants and hires, it only considers those who applied for the job
and does not consider the influence of sourcing and recruitment on
the formation of the applicant pool (i.e., potential applicants who did
not apply to the job). Indeed, some scholars have argued that,
according to the Uniform Guidelines, “adverse impact claims cannot
originate from differences in recruiting” (Newman & Lyon, 2009,
p. 299), while others have recognized that “adverse impact investi-
gations are not limited to selection rate tests” (Kuang &
Ramos, 2016).

A lack of legislation and legal precedent for regulating algorithmic
applicant sourcing leaves potential for discrimination caused by
factors such as biased sourcing practices and unequal distribution of
job opening information (Kim & Scott, 2019). Prior court cases have
found that traditional (i.e., nonalgorithmic) job advertising practices
that prevent members of legally protected subgroups from learning
about job openings are illegal, particularly when they result in a
workforce that is demographically homogeneous compared to
the surrounding areas (Thomas v. Washington County School
Board, 1990; United States v. City of Warren, 1991). Sourcing
algorithms can target candidates at a much larger scale than these
nonalgorithmic recruitment methods, and thus have the potential to
cause even larger disparities (e.g., the ACLU charges against

Facebook, American Civil Liberties Union, 2019a).

5 | THE POTENTIAL INFLUENCE OF
SOURCING ALGORITHMS ON HIRING

In the current study, we are interested in how sourcing algorithms

influence two crucial outcomes—diversity and job performance.

5.1 | The influence of sourcing algorithms on
diversity-related outcomes

For diversity-related outcomes, we focused on (a) the demographic
composition of new hires and (b) Al ratio of the final selection
decisions—the former illustrates the diversity of the new hires,
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whereas the latter reflects the key legal index of adverse impact in
the US. In addition, we also examined (c) the mean subgroup differ-
ence in selection system scores among applicants, a metric commonly
used to evaluate selection tests, which is closely related to selection
system diversity outcomes. We asked the following research
questions:

Research Question 1a: How much does the use of sourcing al-
gorithms affect the diversity of new hires?

Research Question 1b: Can the effect of sourcing algorithms on
the diversity of new hires be detected using Al ratio?

Research Question 1c: How does the use of sourcing algorithms
affect the subgroup difference of the selection system scores?

If a sourcing algorithm is used to distribute job ads and the
algorithm does not exhibit demographic bias in a given popula-
tion, we assume that the job ads will be distributed to qualified
members of each subgroup proportionally to their representation
in the population in which the ad is distributed. Additionally, the
number of applicants from each group should be approximately
the same as when no sourcing algorithm was used, assuming
there are no subgroup differences in application behaviors.
However, if the sourcing algorithm is biased against members of a
subgroup, then members of that subgroup with equivalent
qualifications are less likely to be informed of the job opening
than members of another subgroup, eventually leading to less

diversity among the new hires.

5.2 | The influence of sourcing algorithms on
outcomes related to job performance

In addition to improving organizational diversity, another goal of
sourcing is to attract high performers. Thus, we examined the influ-
ence of sourcing algorithms on selection system criterion-related
validity, a metric commonly used to evaluate selection tests, which is
closely related to job performance outcomes. We asked the following
research question.

Research Question 2: How does the use of sourcing algorithms
affect the criterion-related validity of selection system scores?

To the extent that sourcing algorithms demonstrate criterion-
related validity evidence, they may improve the average job
performance of new hires above and beyond the effects of tra-
ditional selection systems. However, to the extent these criterion
relations impose indirect range restriction on selection system
scores and job performance, they may attenuate the validity of
selection procedures among applicants (Mendoza et al., 2004;
Roth et al., 2002). Importantly, employers are unlikely to be able
to audit sourcing algorithm ad delivery or access the information
about sourcing algorithm scores necessary to make the appro-
priate range restriction corrections (see Li, 2015; Schmidt
et al., 2006). We expect that using a valid sourcing algorithm will
improve the job performance of new hires, but we do not know
how biased sourcing algorithms will affect the criterion-related

validity of the subsequent selection system.

I~Wl LEYy—L o'

SELECTION AND ASSESSMENT
6 | METHOD

We used Monte Carlo simulations to investigate the effects of
sourcing algorithms. A simulation study is necessary to answer our
research questions as the alternative, an empirical study, is limited by
only providing the job performance information for hired employees
but not the population nor the unhired applicants—an issue known as
the selective labels problem (Kleinberg et al., 2018). In addition,
empirical studies are limited to examining one or a few algorithms
and online recruitment platforms at a time, whereas simulations en-
able examining the influence of sourcing algorithms on hiring out-
comes in general.

As shown in Figure 2, we simulated a multiple-hurdle hiring
process with three main hurdles: (1) a sourcing algorithm (2) a
selection system, and (3) offer acceptance.* Table 1 shows the key
parameters we modeled in the simulation. To answer our research
questions (RQs), we conducted a set of 96 core simulations that
incorporated all possible combinations of the simulation parameters
presented in the “Simulation Value” column of Table 1. Additionally,
sensitivity analyses were conducted in which the core set of simu-
lations was repeated for each of the additional simulation parameters
we varied. These parameters are presented in the “Sensitivity Anal-
ysis Values” column of Table 1. In the first hurdle of the simulation
(the “Application Stage”), the sourcing algorithm assessed and
assigned scores (a) to the population of potential applicants (N) and
delivered job ads to the n; highest scoring individuals (i.e., the
advertising targets). Then, of those who received a job ad, a subset of
n, individuals applied for the job, forming the applicant pool. In
the second hurdle of the simulation (the “Selection Stage”), a subset
of n3 applicants who scored highest on the selection system score (x)
received job offers (i.e., through top-down selection).® In the third
hurdle of the simulation (the “Offer Stage”), a subset of n4 applicants
who received offers accepted their offer and were hired. We mea-
sured key hiring outcomes (demographic composition and Al ratio) in
the resulting sample of n4 hires. The core simulation was set up
assuming that the self-selection in the application stage took place
randomly; however, in one of the sensitivity analyses, we also ex-
amined subgroup differences in application behavior. Additionally,
the core simulation was set up such that no applicants voluntarily
withdrew their applications from consideration at any stage of the
hiring process, and all applicants who received a job offer accepted it;
however, we also modeled subgroup differences in offer acceptance
in one of the sensitivity analyses.

We used R version 4.3.1 (R Core Team, 2023) to conduct the Monte
Carlo simulation. All simulation code is available at: https://github.com/

la3-gh/sourcing-algorithm-simulations/blob/main/sa_sim
6.1 | Simulation inputs: Empirical approximations
The simulation inputs are described in Table 1. Acknowledging the

great variety in the size and nature of online recruiting advertisement

campaigns, we started with a core set of parameters and then
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FIGURE 2 Simulation design for examining the effects of sourcing algorithms on hiring. Note that the simulation design models a multiple-
hurdle hiring process. Demographic composition was calculated as the percentage of minority applicants among the hires. Adverse impact ratio
was calculated by dividing the selection ratio for minority applicants by the selection ratio for majority applicants. The selection ratio was
obtained by dividing the number of hires from a subgroup by the number of applicants from that group. Selection system criterion-related
validity was calculated as the correlation between selection system scores (xnires) and job performance (yhires)-

TABLE 1 Simulation input parameters based on empirical approximations.

Simulation Simulation Sensitivity
parameter Parameter definition value analysis values
N Number of potential applicants 2,000,000 500,000, 100,000
ny Number of advertisement targets 60,000 10,000
ny Number of job applicants 2000
ns Number of people offered a job 300
Paccept Proportion of applicants that choose to accept the offer 1.00 1/3
ny Number of hires 300
I'ay.population Correlation between sourcing algorithm scores and job performance ratings 0.10, 0.20
(sourcing algorithm criterion-related validity) in the population
Iy remulEtiten Correlation between selection system scores and job performance rating 0.30, 0.50, 0.70

(composite score criterion-related validity) in the population

I'ax.population Correlation between sourcing algorithm scores and selection test scores inthe  0.10

population
ChymermlEties Subgroup difference in the sourcing algorithms 0,0.2,05, 1.0
dy population Subgroup difference in selection test scores 0,0.1,0.3,0.5
@y perpulEiien Subgroup difference in job performance in the population 0 0.25
apply Subgroup difference in application behavior 0 0.20

Note: As simulation input parameters, all correlations and mean subgroup differences in the table describe population-level relationships.

conducted sensitivity analyses by varying some of the simulation
parameters. To attain a starting point for our simulations, we used
empirical approximations of the input parameters, which we detail

below.

6.1.1 | Potential applicants (N)

To approximate the size of the population of potential job applicants
(i.e., employment-aged, active job ad platform users to whom a

sourcing algorithm can deliver a job ad), we referenced the number of
daily active users on the Facebook platform. In the United States and
Canada, Facebook has around 202 million daily active users
(Facebook, 2023). Job advertisements are typically targeted to rele-
vant geographical areas (e.g., same state or province) and towards
employment-aged individuals. Thus, 2 million was selected as an
estimate of the average number of potential applicants for a given job
opening for the core simulations. The number of people from the
majority group and the minority group were set to be equal in
the population of potential applicants, and the population-level
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mean subgroup difference in job performance was set to zero
(dy.population = 0). Additionally, in the sensitivity analyses, we con-
ducted sets of simulations with smaller populations (N = 500,000 and
100,000) as well as a mean subgroup difference in job performance
(dy population = 0.25) in the population.

6.1.2 | Advertisement targets (n4), job applicants
(n,), offers (n3), and hires (n.,)

To approximate the number of advertisement targets (n,), we esti-
mated the average number of job ads distributed on major job
advertisement platforms (e.g., LinkedIn). Based on industry bench-
marks of recruitment advertising budgets and cost per click (CPC),®
we estimated the number of advertisement targets (n,) = 60,000 in
the core simulations. To approximate the number of job applicants
(n2), we referenced industry benchmarks of cost per action (CPA) and
cost per lead (CPL) on several online platforms and set the number of
job applicants (n,) = 2000 in the core simulations.” Thus, assuming a
selection ratio of 0.15, the number of offers (n3) = 2000 x 15% = 300.
As the core simulation assumed offer acceptance rate (paccept) = 1, the
number of hires (ns) = 300. Additionally, in the sensitivity analyses,
we conducted sets of simulations with a smaller number of adver-
tisement targets (n, = 10,000) as well as a smaller offer acceptance

rate (Paccept = 0.33).

6.1.3 | Sourcing algorithm scores (a)

The simulation assigned each potential applicant a sourcing algorithm
score® that represents an estimate of the applicant's suitability for the
job. We systematically varied sourcing algorithm bias by examining
different levels of sourcing algorithm subgroup differences (d,) and
sourcing algorithm criterion-related validities (r,,) in the population.
We simulated four levels of d,: O (no bias), 0.2 (small bias in favor of
the majority group), 0.5 (medium bias in favor of the majority group),
and 1.0 (large bias in favor of the majority group); and two levels of
ray: 0.10 and 0.20. These low levels of validities were selected
because information from social media (e.g., Facebook) has been
found to not be a valid predictor of job performance (Cubrich
et al., 2021; Zhang et al., 2020), and sourcing algorithms often target
basic qualifications (e.g., relevant college degree) and thus may be
contaminated by job-irrelevant variance (e.g., through optimizing

click-through rates).

6.14 | Selection system scores (x)

The simulation assigned each potential applicant in the population a
(hypothetical) selection system score (x). Because sourcing algorithms
often target basic qualifications, we assumed low correlations

between selection system scores and sourcing algorithm scores
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(Fax.population), and thus set rax popuiation =0.10 in all simulations. In
contrast, we assumed that the selection system was developed to
predict job performance and had been validated for the specific job.
Meta-analytic criterion-related validities of common selection meth-
ods (e.g., personality tests, cognitive tests, structured interviews)
range from 0.05 to 0.42, with the most valid selection procedures
having validities around 0.30 to 0.40 (e.g., Sackett et al., 2022).
It is likely that most selection systems comprise more than one of
these common selection methods (e.g., structured interview and
biodata); therefore, in our simulations, we varied the true selection
system criterion-related validity from a moderate to a high
value  (ruy population = 0.30, 0.50, 0.70). Previous meta-analyses
(e.g, Hyde, 2005) also suggested that most group differences in
common, noncognitive psychological tests are small to nonexistent
(0=d=<0.35). Thus, in our simulation, we varied the subgroup difference

of selection system scores to be dy popuiation =0, 0.1, 0.3, and 0.5.

6.2 | Sensitivity analyses

To explore the aforementioned variety in online recruitment adver-
tisement campaigns, we conducted additional sets of simulations,
modifying one simulation parameter at a time. The values of these
additional simulation parameters are presented in the “Sensitivity
Analysis Values” column of Table 1. As mentioned above, the addi-
tional parameters that we investigated include: smaller numbers of
potential applicants (N = 500,000 and 100,000), a smaller number of
advertisement targets (n,=10,000), a smaller offer acceptance
rate (Paccept =0.33), a subgroup difference in job performance
(dy population = 0.25), and a subgroup difference in application rates in

the population (dappry = 0.20).

6.3 | Simulation outcomes

The outcomes of interest in the current study included the demo-
graphic composition of the hires [RQ1a], the Al ratio [RQ1b], the
mean group difference in selection system scores in the applicant
pool [RQilc], and the selection system scores' criterion-related
validity [RQ2].

6.3.1 | Demographic composition

Demographic composition of the hires is operationalized as the
percentage of members of the minority group in the hires. As the
population of potential applicants in our study consists of equal
numbers of similarly qualified members of the majority group and the
minority group and self-selection was modeled as random, any dif-
ference in the number of members from the majority group and the
minority group in the new hires suggests that the hiring process was

biased against the subgroup with fewer hires.
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6.3.2 | Adverse impact ratio

Al ratio was calculated using the following formula:

Al ratio = 75Rmin°rm/

SRmajority

where SRninority and SRmajority are the minority and majority selection
ratios, respectively. Selection ratio is the ratio of the number of hires
(Nhires) to number of applicants (Nappiicants): An Al ratio close to 1
indicates parity in the selection ratios of the minority and majority
groups. An Al ratio much less than 1 represents evidence of adverse
impact against the minority group; and an Al ratio much greater than
1 represents evidence of adverse impact against the majority group.
According to the Equal Employment Opportunity Commission (1978),
an Al ratio smaller than 0.80 is considered one of the prima facie

evidence of adverse impact (i.e., the 4/5ths rule).

6.3.3 | Subgroup difference in selection system
scores

We calculated the mean subgroup difference in selection system
scores among the applicants (dy appiicants)- As no such group differ-
ences were modeled in the population of potential applicants, a mean
subgroup difference much greater than O will suggest that the
sourcing algorithm resulted in a set of the minority group applicants
with a higher average selection system score than applicants from the

majority group.

6.3.4 | Criterion-related validity of the selection
system

The criterion-related validity of selection system scores (ryy nires) Was
operationalized as the correlation between selection system scores
and job performance among the new hires.

7 | RESULTS
7.1 | Diversity outcomes

Research Question 1a concerns the sourcing algorithm's effect on
the demographic composition of the new hires. Figure 3 shows the
distributions of the number of minority group hires at each level of
the sourcing algorithm subgroup differences modeled in the sim-
ulations (d, population =0, 0.2, 0.5, 1.0). Overall, as the sourcing
algorithm bias increased in favor of the majority group, the number
of hires from the minority group decreased. When the sourcing
algorithm was unbiased (d, population = 0), an average of 124 mino-
rities were hired (out of 300 total hires). As the sourcing algorithm
became more biased, with the subgroup difference increasing from
da population = 0.2 to 0.5 to 1.0, the average number of minorities
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FIGURE 3 Number of minority applicants hired by population
mean subgroup difference in sourcing algorithm scores (Number of
Potential Applicants = 2,000,000). Note that number of minority
group hires = the number of minority applicants hired out of 300 total
hires in each simulation. The boxplots show the first quartile, median
(solid line), mean (dashed line), and third quartile numbers of minority
applicants hired for each level of subgroup difference in sourcing
algorithm scores (d, population) Modeled in the simulations. Whiskers
show the minimum and maximum numbers of minority applicants
hired for each value of d, population Modeled in the 96 core simulations.

hired decreased to 94, 56, and 15, respectively. As expected, these
results suggest that biased sourcing algorithms (d, > 0) caused less
diversity (i.e., a lower proportion of minority group members)
among the new hires.

Research Question 1b examines whether Al ratio, an index for
assessing employment discrimination, could detect the effect of
sourcing algorithms on the diversity of hiring outcomes. Figure 4
shows the distributions of Al ratios at each level of sourcing algorithm
subgroup differences (dapopuiation =0, 0.2, 0.5, 1.0) modeled in the
simulations. According to Figure 4, the average Al ratios were very
similar across different levels of sourcing algorithm subgroup differ-
ences (mean Al ratio=0.74-0.76); and the range of Al ratios
increased as the sourcing algorithm subgroup difference increased.
This suggests that there was no relationship between sourcing
algorithm bias and the Al ratio, despite the fact that fewer minority
group members were hired as algorithm bias increased (as described
above). In other words, Al ratio did not reliably detect the detrimental
effect of sourcing algorithms on the diversity of hiring outcomes.
Importantly, the use of biased sourcing algorithms favoring
the majority group (d, > 0) tended to increase the range of Al ratios
in both directions. Further examination of the results suggested
that this was likely because the use of biased sourcing algorithms
resulted in a smaller number of minorities being hired (e.g., when
da population = 1.0, only 6-24 minority applicants were hired; see
Figure 3), and changing just a few selection decisions could cause
drastic changes in the observed Al ratio. As a result, some of these
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FIGURE 4 Adverse impact ratio by population mean subgroup
difference in sourcing algorithm scores (Population = 2,000,000).
Note that the adverse impact ratio = the adverse impact ratio for each
simulation, calculated by dividing the selection ratio for minority
applicants by the selection ratio for majority applicants. Selection
ratios were calculated by dividing the number of hires by the number
of applicants for each group. The boxplots show the first quartile,
median (solid line), mean (dashed line), and third quartile adverse
impact ratios for each mean subgroup difference in sourcing
algorithm scores (d, population) Modeled in the simulations. Whiskers
show the minimum and maximum adverse impact ratios for each
value of d, popuiation Modeled in the 96 core simulations.

Al ratios misleadingly showed that the hiring outcomes favored the
minority group, even when fewer minorities were hired.

Research Question 1c examined the subgroup differences of the
selection system scores among the applicants (dy applicants)- Figure 5
shows that, as sourcing algorithm bias increased in favor of the
majority group (da population =0, 0.2, 0.5, 1.0), the mean selection
system subgroup difference among the applicants did not con-
sistently change (dx applicants = 0.23, 0.21, 0.20, 0.22, respectively); and
similar to the Al ratio, the range of selection system group differences
among the applicants increased as the subgroup difference in algo-

rithm scores increased.

7.2 | Job performance outcomes

Research Question 2 examined whether sourcing algorithms affect
the observed criterion-related validity of the selection systems
(among new hires; ryy hires). Across different levels of sourcing
algorithm subgroup differences modeled in the simulations
(dapopulation =0, 0.2, 0.5, 1.0), the mean and range of the selection
system criterion-related validity remained consistent (ryy nires = 0.26,
range: 0.13-0.40). This suggests that sourcing algorithms (with
criterion-related validity ray popuiation < 0.20) had no effect on the
observed selection system criterion-related validity.
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FIGURE 5 Applicant mean subgroup difference in selection
system scores by population mean subgroup difference in sourcing
algorithm scores. Note that the boxplots show the first quartile,
median (solid line), mean (dashed line), and third quartile subgroup
differences in selection system scores among applicants (dy appiicants)
for each mean subgroup difference in sourcing algorithm scores

(da population) modeled in the 96 simulations. Whiskers show the
minimum and maximum dy appiicants for each value of d, popuiation
modeled in the 96 core simulations. Positive values represent mean
subgroup differences in favor of the majority group and negative
values represent mean subgroup differences in favor of the minority
group.

To test whether these findings were influenced by the overall
selection ratio, we conducted supplemental simulations where we
varied the overall selection ratio (see Appendix A; c.f., Morris &
Lobsenz, 2000). As noted earlier, the selection ratio was 0.15 in the
core simulations, and in the supplemental simulations, the selection
ratio was varied among 0.0375, 0.075, 0.30, and 0.60. The supple-
mentary analyses showed that small selection ratios further increased
the estimated effects of biased and valid sourcing algorithms (i.e., the
Al ratio and the average job performance in the new hires), but
generally did not affect the proportion of minorities or the mean
subgroup difference in selection system scores. Thus, our findings
were consistent across multiple selection ratios.

The detailed results of all 96 core simulations are presented in
Supporting Information S1: Table S1.

7.3 | Sensitivity analyses

Results of the sensitivity analyses are shown in Appendix B. Overall,
after varying the number of potential applicants (N), the number
of advertisement targets (ny), offer acceptance rate (Paccept),
mean subgroup difference in job performance in the population
(dy population), and mean subgroup difference in application behavior
(dappiy), the results of the sensitivity analyses remained consistent
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with the core simulations. Specifically, as the sourcing algorithm bias
increased in favor of the majority group, the number of hires from the
minority group decreased. Also, the average Al ratios remained very
similar across different levels of sourcing algorithm subgroup differ-
ences; and the range of Al ratios increased as the sourcing algorithm
subgroup difference increased. And lastly, the mean and range of the
selection system criterion-related validity remained consistent across

different levels of sourcing algorithm subgroup difference.

8 | DISCUSSION

In this study, we conducted Monte Carlo simulations to investigate
the effects of sourcing algorithms on hiring outcomes. The study
revealed a concerning finding—sourcing algorithms could influence
hiring outcomes. Sourcing algorithms could alter the diversity of new
hires and lead to misleading Al ratios and subgroup differences on
selection system scores. When the sourcing algorithm is biased
against members of a group, it may unfairly disadvantage them by not
delivering job opening information to them, resulting in fewer
members of that group being hired. However, these detrimental ef-
fects may go undetected if the hiring process is evaluated using Al
ratios; and under some conditions, even when the use of a sourcing
algorithm hindered diversity among new hires, the Al ratio could still
misleadingly suggest that hiring outcomes favored the disadvantaged
group. Without taking into account the entire hiring process (as in our
proposed expanded model; see Figure 1, bottom), evaluations of
selection systems that focus on the applicant pool and not the
population of potential applicants fail to effectively evaluate the
fairness of sourcing algorithms, and thus could potentially hinder

fairness and diversity in hiring.

8.1 | Explaining the effect of sourcing algorithms

The above findings can be explained by the fact that biased sourcing
algorithms differentially affect the average applicant qualifications. In
our simulations, increasingly biased sourcing algorithms resulted in (a)
fewer minority applicants and (b) increasingly higher selection system
scores and expected job performance for the hired minority appli-
cants. Further examination of the results suggested that this was
likely caused by differential indirect range restriction of selection
system scores due to screening on biased sourcing algorithm scores
(see Bobko et al., 2001). When the sourcing algorithm was more
biased (d. population = 1.0), the algorithm was much more selective in
delivering ads to the disadvantaged group, resulting in a smaller, yet
more qualified group of disadvantaged group applicants. Given this,
even if there was no subgroup difference in selection system scores
(dy population = 0), the highly-qualified group of minority applicants had
higher selection system scores than majority group applicants,
causing a selection system with no mean subgroup difference in the
population to appear to favor minority applicants (dx applicants = ~0.13).
However, when there was a large subgroup difference in selection

system scores (dx popuiation = 0.5), even the highly-qualified group of
minority applicants received lower mean selection system scores
than majority group applicants, causing a subgroup difference in
selection system scores favoring the majority group (dyappiicants =
0.64). In other words, biased sourcing algorithms disproportionately
screened for fewer, yet more qualified minority group applicants than
majority group applicants, effectively placing a “high bar” for mino-

rities to be informed about the job opening.

8.2 | Implications for legal practices
According to the current findings, the current interpretation of Title
VIl and the Uniform Guidelines—which takes little notice of the
influence of sourcing algorithms on both the outcome of hiring
practices and the evaluation of the selection methods—should be
updated: the Equal Employment Opportunities Commission (EEOC)
should begin considering new regulations that interpret Title VII
(Bogen & Rieke, 2018). The EEOC has recently released advice
concerning the assessment of adverse impact when using algorithms
and Al in employee selection (Equal Employment Opportunity
Commission, 2023). Similarly, SIOP released advice on the validation
and use of Al-based assessments (Society for Industrial and Organi-
zational Psychology, 2023). Although both documents are extremely
useful, they both focus on selection procedures as opposed to
applicant sourcing, and many questions about the use of algorithms in
recruitment and selection remain. The current study found that
adverse impact metrics, such as Al ratio, could misrepresent diversity
outcomes because they only compare the new hires to the applicant
pool. One exception is binomial statistical testing which determines if
discrimination is present by comparing the demographics of the
organization's workforce to the currently available labor market
(Hazelwood School District v. United States, 1977). However, bino-
mial statistical testing (sometimes referred to as “utilization analysis”)
is usually used only in the presence of other limitations in the data or
selection procedures (Kuang & Ramos, 2016). Yet, if sourcing algo-
rithms involve screening potential applicants based on prespecified
characteristics, we must rethink these assumptions and treat sourcing
algorithms as selection procedures and give them the same level of
scrutiny as other selection practices. Binomial statistical testing rep-
resents one possibility for addressing this blindspot, although we also
suggest that organizations should scrutinize each element of their
recruitment and selection process for bias and fairness concerns.
Therefore, in light of the new technologies (such as sourcing
algorithms) that have more potential to discriminate before the for-
mation of the applicant pool, courts should consider evaluating re-
cruiting practices with attention to the fairness and accessibility of
job opening information, as well as their existing focus on decisions
made in the selection and offer stages. Although this is not unheard
of in prior litigation, it is quite rare. Additionally, with the widespread
use of online data to assist recruitment, lawmakers should consider
privacy and data security in hiring practices (e.g., Bauer et al., 2020;

c.f., General Data Protection Regulation, The European Parliament
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and the Council of the European Union, 2016). We hope the current
study can highlight the possible risks associated with the use of
sourcing algorithms and help advance legal practices to improve the

fairness and validity of hiring.

8.3 | Recommendations for using sourcing
algorithms in practice

Based on the current findings, we provide several recommendations
to vendors developing sourcing algorithms. Vendors are responsible
for developing valid, unbiased sourcing algorithms and should audit
their algorithms. This includes evaluating the sourcing algorithms and
providing information such as (a) demographics of individuals being
selected by the algorithm, (b) subgroup differences of the algorithm,
and (c) the algorithm's criterion-related validity. It is important to note
that obtaining validities for sourcing algorithms may be very difficult
as sourcing algorithms and selection tests are often provided by
different vendors.

We also provide several recommendations to employers using
sourcing algorithms. First, employers should always ask for the above
information when considering vendors. That being said, as the
mechanism of sourcing algorithms is generally unknown to the em-
ployers (and many times, the platforms), evaluating the input or target
characteristics alone might not unveil the full influence of the
algorithms. Second, employers should place additional emphasis on
the evaluation of both sourcing and hiring outcomes. Third, em-
ployers should evaluate vendors for evidence in potential legal claims,
including the methods they are using to prevent subgroup bias as well
as for which demographic groups they have considered (e.g., gender,
race, intersectional identities). Importantly, sourcing algorithms
should not be used to exclude individuals from access to job ads
based on their group membership, and users should be cautious of
the potential for reverse discrimination.

Perhaps most importantly, before vendors or employers imple-
ment sourcing algorithms, we recommend conducting pilot studies to
thoroughly evaluate the fairness, validity, and practical utility of such
algorithms for a given job and context. It is also crucial to monitor the
performance of the sourcing algorithms and conduct periodic eva-
luations. To increase the credibility of this information, vendors and
employers may opt for independent third-party auditing (Landers &
Behrend, 2022). In general, if sourcing algorithms are assessing and
screening potential applicants, the requirements for sourcing algo-
rithms should be as strict as the requirements for selection methods.
Accordingly, best practices for evaluating selection methods would

then also apply to sourcing algorithms.
8.4 | Limitations and directions for future research
The current simulation study marks one of the first attempts to

systematically evaluate the influence of sourcing algorithms on
hiring. As an initial investigation, the simulation was limited in the
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conditions examined. Here, we list several potential areas for
further research.

First, in our survey of sourcing algorithms, we noticed that online
advertising platforms and sourcing algorithms come in many varieties.
While we conducted sensitivity analyses in an attempt to examine a
broad range of recruitment scenarios, our simulation does not
address differences among the platforms. Different platforms, for
instance, have distinct user bases: LinkedIn tends to have more
professional users than Facebook, and Facebook has an older audi-
ence than X/Twitter (Perrin & Anderson, 2019). Variations in the
customization of ad platforms could also make a difference: Google
Ads, for example, is used to host ads for a wide range of purposes
(e.g., products, services, employment), whereas platforms such as
ZipRecruiter specialize in employment ads. These platforms might
collect and utilize different user information (e.g., buying habits vs.
education). Importantly, employers recruiting internationally may
have to place job ads on multiple platforms that differ in these and
other ways. It is crucial for future studies to identify the key con-
ceptual differences and understand their effects on the validity and
fairness of hiring.

Lastly, and perhaps most importantly, despite their potential risk
toward diversity in hiring, sourcing algorithms also have the potential
to improve organizational diversity. To the extent sourcing algorithms
are valid and unbiased, they have the ability to reach and attract
individuals from a wide variety of backgrounds, thus increasing the
number of qualified potential applicants from diverse backgrounds.

Sourcing algorithms have a number of advantages that could
make them a viable technique to improve diversity in hiring. They
can, for example, reach broad audiences by quickly distributing job
ads at a large scale. Although traditional, in-person recruitment
methods are still necessary to reach potential applicants offline (and
avoid discrimination based on internet accessibility), sourcing algo-
rithms provide a powerful tool to reach and attract individuals from a
wide variety of backgrounds. For example, sourcing algorithms can
broaden the applicant pool by reaching applicants not actively
seeking jobs (Maertz & Campion, 2004).

Additionally, sourcing algorithms could potentially be used to
target desired characteristics in a fair and valid way. As observed in
the current study, the use of sourcing algorithms with large subgroup
d will hinder diversity outcomes, while the use of sourcing algorithms
with small criterion-related validity will lead to small gains in job
performance outcomes. Conversely, if we develop and implement
sourcing algorithms with high criterion-related validity and low sub-
group d (i.e., valid and fair sourcing algorithms), it could help improve
organizational diversity and job performance outcomes. Future
research should investigate the incremental validity of sourcing al-
gorithms on the job performance of new hires. Moreover, the simi-
larity of sourcing algorithms to selection methods means that many
diversity improvement approaches for selection methods might also
be used with sourcing algorithms. Future research might take inspi-
ration from these approaches, which include using predictors with
low subgroup differences (Bobko et al, 1999; Sackett &
Ellingson, 1997), criterion composites (Hattrup et al., 1997),
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oversampling (Zhang et al., 2023), and Pareto-optimization (Rupp
et al., 2020; Song et al., 2017). Further, machine learning efforts to
reduce algorithmic bias might also improve the fairness of sourcing
algorithms. Examples include de-biasing methods that aim to remove
a model's dependency on information relevant to group membership
(e.g., Bahng et al., 2020; Clark et al., 2019).

9 | CONCLUSION

The current study examined the effects of using sourcing algorithms
in hiring. Importantly, we demonstrated how sourcing algorithms are
prescreens that could alter an individual's access to job opportunities,
thus influencing hiring outcomes. Because the adverse effects of
biased sourcing algorithms occur before prospective applicants apply
for the job, there is a need to expand our conceptualization of fair-
ness in hiring. For researchers, the current study highlights the
pressing need to evaluate sourcing algorithms and their effects on
hiring. For legislators, the findings suggest a need to account for the
influence of novel recruitment tools and technologies on hiring out-
comes. Finally, it is the responsibility of vendors, organizations, and
practitioners to critically inspect new tools and technologies for hir-
ing to avoid perpetuating past inequalities (see Bapuiji et al., 2020).
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ENDNOTES

1 Of course, interested applicants may still learn about the job posting,
but sourcing algorithms hold the potential to influence the composition
of the applicant pool.

Such as the Civil Rights Act of 1964 in the US; Sex Discrimination Act
of 1975 and Equality Act of 2010 in the UK; Belgian Gender Act of
2007, French Labor Law L.122-45, French Penal Codes 225-1 and
225-2, Article 1 of Netherland's Constitution, and German General
Equal Treatment Act of 2006 in the EU; Employment Equity Act of
1998 in South Africa; and Sex Discrimination Act of 1984 and Equal
Opportunity for Women in the Workplace Act of 1999 in Australia.

N

w

Other statistics are also commonly used in adverse impact litigation,
which include the standard deviation test and Fisher's exact test (for
details, see Equal Employment Opportunity Commission, 1978;
Gastwirth, 2017; Morris, 2016; Oswald et al., 2016). Al ratio is gen-
erally considered as the initial evidence of adverse impact. The current
study focuses on Al ratio as an example. However, the issues raised in
the current study also apply to the majority of other adverse impact

statistics because they only address discrimination during the selection
process after the individuals have applied to the job.

IS

To reflect the sequential stages of the hiring process, we modeled our
simulation design after the designs of previous Monte Carlo studies
that evaluated multiple hurdle selection processes (e.g., Mendoza
et al., 2004; Sackett & Roth, 1996).

5}

In the core simulation, we fixed the selection ratio (i.e., nz/n,) at 0.15.
We also conducted a supplementary analysis to explore whether and
how the selection ratio alters the effects of sourcing algorithms on
hiring outcomes. See Appendix A.

¢ On average, mid-size companies (501-2500 and 2501-10,000 em-
ployees) spend between $67,000 and $252,000 per year on recruit-
ment advertising (Sylvia, 2023). Within this range, we chose a budget of
$100,000, and the average cost per click (CPC) of advertisements on
Facebook is $1.72 (Irvine, 2023), resulting in 58,140 advertisements
per year, which we rounded to (n4) = 60,000 in the core simulations.

~N

CPA: cost per action; CPL: cost per lead. They represent the total cost
of an action required by a platform user (e.g., form submission, signup,
registration). The CPA for employment and job training ads on Face-
book was $23.24, the CPL for ads on LinkedIn was $75, and the CPL
for career and employment ads on Google was $132.95 (Irvine, 2023;
Lusha, 2023; Marino, 2023). Dividing the $100,000 budget by these
CPA/CPLs vyielded 4303, 1333, and 752 actions/leads, respectively.
Thus, the estimate of n, for the three platforms averaged
(4303 + 1333 + 752) 3 =2133, which we rounded to (n,) = 2000.

©

Although many sourcing algorithms may simply classify individuals into
a binary class (i.e., receive or do not receive the ad), binary classifiers
can output the class probabilities (i.e., continuous values ranging from O
to 1) that lead to binary classifications. Hence, we focus on these
continuous class probabilities.
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APPENDIX A: SUPPLEMENTARY ANALYSIS: EFFECT
OF SELECTION RATIO ON THE STUDY FINDINGS
Previous research showed that the Al ratio is sensitive to small
selection ratios: compared to when the overall selection ratio is large,
when the selection ratio is small, the same absolute difference in
selection ratios between the minority and the majority group will
result in higher Al ratios (Morris & Lobsenz, 2000). For example,
suppose the absolute difference in the minority and majority selec-
tion ratios is 0.05. If the selection ratios are SRminority =0.05 and
SRajority = 0.10 (small selection ratios), then the Al ratio=0.05/

0.10 = 0.50; whereas if the selection ratios are SRminority =0.55 and

International Journal of _‘ﬂ
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SRmajority = 0.60 (large selection ratios), then the Al ratio=0.55/
0.60 =0.92. Therefore, when the selection ratios are small, a small
change in the number of minority hires/rejects will often heavily
influence the Al ratio, resulting in frequent and spurious violations of
the 4/5ths rule (i.e., Al ratio to be frequently smaller than 0.80; Roth
et al., 2006). To investigate how the effect of sourcing algorithms on
hiring outcomes is influenced by the size of selection ratios, we
conducted supplemental simulations where the overall selection
ratios were varied (selection ratio = 0.0375, 0.075, 0.15, 0.30, 0.60).

Specifically, we conducted ten additional simulations. The first
set of five simulations (S1-S5) served as a baseline and modeled a
hiring scenario where no sourcing algorithms were used (i.e., the
applicant pool was selected randomly from the potential applicants).
The second set of five simulations (S6-510) modeled a hiring scenario
where a biased sourcing algorithm was used (d, popuiation = 1.0,
I'ay.population = 0.100). Within Simulations S1-S5 and S6-510, we var-
ied the overall selection ratio (by manipulating the number of hires
ng =75 through 1200): overall selection ratio =0.0375 (Simulations
S1 and S5), 0.075 (Simulations S2 and S6), 0.150 (Simulations S3 and
S7), 0.300 (Simulations S4 and S8), and 0.600 (Simulations S5
and S10).

The detailed results of the supplemental simulations are pre-
sented in Supporting Information S1: Table S2. Unsurprisingly, the
result showed that the demographic composition of the new hires
remained constant within both sets of simulations (i.e., without the
algorithm [Simulations S1-S5]: about 50% minority group members;
with the algorithm (Simulations S6-S10): about 8% minorities).
However, as the overall selection ratio decreased (Simulations S5
through S1 and S10 through Sé), the Al ratio increased. This trend is

illustrated in Figure Al: when a sourcing algorithm was used (dashed

1.25 - Q . — @ Biased Sourcing Algorithm
\ | ——No Sourcing Algorithm
1.20 1 e :
~ - |
[
1.15 1 NS
9 L Sa
© 1.10 1 | -
1 - e
< : T~ -0
1.05 4 :
.\l\é
100 1 1 —
|
0.95 —_— . . , . .
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FIGURE A1 Adverse impact ratio as a function of overall selection ratio. Note that Al ratio = adverse impact ratio (calculated by dividing the
selection ratio for the minority group by the selection ratio for the majority group). Selection ratios were calculated by dividing the number of
hires by the number of applicants for each group. Selection ratio = the selection ratio of all applicants (calculated by dividing the number of all
hires by the number of all applicants). Dashed red line indicates the selection ratio of the main simulations. In all simulations using sourcing
algorithms, the mean subgroup difference in sourcing algorithm scores (d, population) Was set to 1.0 and the criterion-related validity of algorithm
scores with regard to job performance (r.y popuiation) Was set to 0.100. The vertical axis starts at 0.95.
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FIGURE A2 Mean job performance as a
function of overall selection ratio. Note that job
performance = average job performance rating
of hires (y). Selection Ratio = the selection ratio
of all applicants (calculated by dividing the
number of all hires by the number of all
applicants). Dashed red line indicates the
selection ratio of the main simulations (i.e.,
Simulations 1 through 13 in Supporting
Information S1: Table S2). In all simulations
using sourcing algorithms, the mean subgroup
difference in sourcing algorithm scores

(da population) Was set to 1.0 and the criterion-
related validity of algorithm scores with regard
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Selection Ratio

green line), as the selection ratio decreased from 0.600 to 0.0375
(from right to left) the Al ratio increased from 1.08 to 1.33, as
compared to an increase from 1.00 to 1.02 if no algorithm was used
(solid blue line). Further, as the overall selection ratio decreased, the
average job performance of the hires (y) also increased. This trend is
shown in Figure A2: when a sourcing algorithm was used (dashed
green line), as the selection ratio decreased from 0.600 to 0.0375
(from right to left) the average job performance increased from 0.55
to 1.30, as compared to an increase from 0.32 to 1.09 if no algorithm
was used (solid blue line). In both Figures A1 and A2, the vertical
dashed red line indicates the original simulation's selection ratio.

In addition, as the overall selection ratio decreased, range
restriction increased, resulting in the criterion-related validity of the
selection system among the hires (ry, nires) to be attenuated (i.e.,
become small). Comparatively, the effect of sourcing algorithms
(Fay.population = 0.100) on the criterion-related validity was minimal.

First, when the selection ratio was very small (0.0375) and no

to job performance (ray population) Was set
to 0.100.

sourcing algorithm was used (Simulation S1), the ryy hires Was 0.201,
only 0.004 larger than when a sourcing algorithm was
used (Simulation Sé). Second, when selection ratio is constant and
the criterion-related validity of sourcing algorithms are small
(Fay.poputation < 0.200; as is the case for the current supplementary
analysis), sourcing algorithms had a negligible effect on criterion-
related validity of the selection systems (ryy. hires). Thus, the atten-
uation observed in the supplementary analysis is due primarily to
the change in selection ratio and less due to the use of a sourcing
algorithm.

In sum, the results of the supplementary analyses suggest that
small overall selection ratios would partially exacerbate the potential
problems with using biased sourcing algorithms. Small selection ratios
(misleadingly) increased the Al ratio (RQ1b), but generally did not
affect the proportion of minority hires (RQ1a). Small overall selection
ratios also largely attenuated the criterion-related validity of the

selection system scores (RQ2).
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APPENDIX B: RESULTS OF THE SENSITIVITY ANALYSES
Figures B1-B5
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FIGURE B1 (a) Number of minority group hires by magnitude of sourcing algorithm subgroup difference. (b) Adverse impact ratio by
magnitude of sourcing algorithm subgroup difference. (c) Selection test subgroup difference by magnitude of sourcing algorithm subgroup
difference. (B1a) Number of potential applicants (N) = 500,000. Note that compared to Figures 3-5, where the number of potential applicants
(N) = 2,000,000. The number of total hires is 300. (B1b) Number of potential applicants (N) = 100,000. Note that compared to Figures 3-5, where
the number of potential applicants (N) = 2,000,000. The number of total hires is 300.
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FIGURE B2 (a) Number of minority group hires by magnitude of sourcing algorithm subgroup difference. (b) Adverse impact ratio by
magnitude of sourcing algorithm subgroup difference. (c) Selection test subgroup difference by magnitude of sourcing algorithm subgroup
difference. Number of advertisement targets (n,) = 10,000. Note that compared to Figures 3-5, where the number of advertisement targets
(nq) = 60,000. The number of total hires is 50.
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FIGURE B3 (a) Number of minority group hires by magnitude of sourcing algorithm subgroup difference. (b) Adverse impact ratio by
magnitude of sourcing algorithm subgroup difference. (c) Selection test subgroup difference by magnitude of sourcing algorithm subgroup
difference. Proportion of applicants that choose to accept the offer (p,ccept) = 1/3. Note that compared to Figures 3-5, where the proportion of
applicants that choose to accept the offer (paccept) = 1.00 (i.e., everyone who received an offer accepted it). The number of total hires is 100.
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FIGURE B4 (a) Number of minority group hires by magnitude of sourcing algorithm subgroup difference. (b) Adverse impact ratio by
magnitude of sourcing algorithm subgroup difference. (c) Selection test subgroup difference by magnitude of sourcing algorithm subgroup
difference. Subgroup differences in job performance in the population (dy popuiation) = 0.25. Note that compared to Figures 3-5, where the mean
subgroup difference in job performance (dy population) = O (i.e., no subgroup differences in job performance). The number of total hires is 300.
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FIGURE B5 (a) Number of minority group hires by magnitude of sourcing algorithm subgroup difference. (b) Adverse impact ratio by
magnitude of sourcing algorithm subgroup difference. (c) Selection test subgroup difference by magnitude of sourcing algorithm subgroup
difference. Subgroup differences in application behavior (d,pp1,) = 0.20. Note that compared to Figures 3-5, where the subgroup differences in
applicant behavior (d,ppy) = O (i.e., no subgroup differences in application behavior). The number of total hires is 300.
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