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Executive Summary
The hiring process is a critical gateway to economic opportunity, determining who can access
consistent work to support themselves and their families. Employers have long used digital
technology to manage their hiring decisions, and now many are turning to new predictive hiring
tools to inform each step of their hiring process.
This report explores how predictive tools affect equity throughout the entire hiring process. We
explore popular tools that many employers currently use, and offer recommendations for further
scrutiny and reflection. We conclude that without active measures to mitigate them, bias will
arise in predictive hiring tools by default.
Key Reflections:
•

Hiring is rarely a single decision point, but rather a cumulative series of small decisions.
Predictive technologies can play very different roles throughout the hiring funnel, from
determining who sees job advertisements, to estimating an applicant's performance, to
forecasting a candidate's salary requirements.

•

While new hiring tools rarely make affirmative hiring decisions, they often automate
rejections. Much of this activity happens early in the hiring process, when job
opportunities are automatically surfaced to some people and withheld from others, or
when candidates are deemed by a predictive system not to meet the minimum or desired
qualifications needed to move further in the application process.

•

Predictive hiring tools can reflect institutional and systemic biases, and removing
sensitive characteristics is not a solution. Predictions based on past hiring decisions and
evaluations can both reveal and reproduce patterns of inequity at all stages of the hiring
process, even when tools explicitly ignore race, gender, age, and other protected
attributes.

•

Nevertheless, vendors' claim that technology can reduce interpersonal bias should not
be ignored. Bias against people of color, women, and other underrepresented groups has
long plagued hiring, but with more deliberation, transparency, and oversight, some new
hiring technologies might be poised to help improve on this poor baseline.

•

Even before people apply for jobs, predictive technology plays a powerful role in
determining who learns of open positions. Employers and vendors are using sourcing
tools, like digital advertising and personalized job boards, to proactively shape their
applicant pools. These technologies are outpacing regulatory guidance, and are
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exceedingly difficult to study from the outside.
•

Hiring tools that assess, score, and rank jobseekers can overstate marginal or
unimportant distinctions between similarly qualified candidates. In particular, rankordered lists and numerical scores may influence recruiters more than we realize, and not
enough is known about how human recruiters act on predictive tools' guidance.

Recommendations:
•

Vendors and employers must be dramatically more transparent about the predictive
tools they build and use, and must allow independent auditing of those tools. Employers
should disclose information about the vendors and predictive features that play a role in
their hiring processes. Vendors should take active steps to detect and remove bias in
their tools. They should also provide detailed explanations about these steps, and allow
for independent evaluation.

•

The EEOC should begin to consider new regulations that interpret Title VII in light of
predictive hiring tools. At a bare minimum, the agency should issue a report that further
explores these issues, including a candid reflection on the capacity of current regulatory
guidance to account for modern hiring technologies.

•

Regulators, researchers, and industrial-organizational psychologists should revisit the
meaning of “validation” in light of predictive hiring tools. In particular, the value of
correlation as a signal of “validity” for antidiscrimination purposes should be vigorously
debated.

•

Digital sourcing platforms must recognize their growing influence on the hiring process
and actively seek to mitigate bias. Ad platforms and job boards that rely on dynamic,
automated systems should be further scrutinized—both by the companies themselves,
and by outside stakeholders.
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Introduction
The hiring process is a critical gateway to economic opportunity, determining who can access
consistent work to support themselves and their families. Employers have long used digital
technology to manage their hiring decisions, and now many are turning to new predictive hiring
tools to inform each step of their hiring process.1
Today, employers like Target, Hilton, Cisco, PepsiCo, Amazon, and Ikea, along with major staffing
agencies, are testing and adopting data-driven, predictive tools.2 With increasing public attention
on "artificial intelligence" and emerging popularity of the technology in the employment context,
these tools are simultaneously touted for their potential to reduce bias in hiring3 and vigorously
derided for their capacity to exacerbate it.4 As predictive technologies continue to proliferate
throughout the hiring process—for both low-wage, low-skilled jobs and higher wage, white collar
positions—it is critical to understand what types of tools are currently being used and how they
work, as well as how they may advance or reduce equity.

Hiring is rarely a
single decision—it
is a series of
smaller,
sequential
decisions.

Hiring is rarely a single decision, but rather a series of smaller,
sequential decisions that culminate in a job offer—or a rejection.
Hiring technologies can play very different roles throughout this
process. For example, in the early stages of recruiting, automated
predictions can steer job advertisements and personalized job
recommendations to jobseekers from particular demographic
groups. Once candidates have applied, algorithms help recruiters
assess and quickly disqualify candidates, or prioritize them for
further review. Some tools engage candidates with chatbots and virtual interviews, and others
use game-based assessments to reduce reliance on traditional (and often structurally biased)
factors like university attendance, GPA, and test scores. At each stage, predictive technologies
can have a powerful effect on who ultimately succeeds in the hiring process.
__

"In the case of systems meant to automate candidate search and hiring, we
need to ask ourselves: What assumptions about worth, ability and potential
do these systems reflect and reproduce? Who was at the table when these
assumptions were encoded?"
Meredith Whittaker, Executive Director, AI Now Institute

__
This report explores how predictive tools are integrated throughout the hiring process. These
tools are commonly referred to as "hiring algorithms," or "artificial intelligence," but we have
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chosen to use the frame of “prediction” to remove needless complexity and mystique. Simply
put, predictive tools aim to forecast outcomes and behavior by analyzing existing data.
In preparing this report, we attended industry conferences to learn how hiring professionals
understand their own work, and how talent acquisition technology vendors frame their offerings.
We reviewed technical and interdisciplinary research to situate modern hiring tools within the
evolving landscape of both the hiring industry and artificial intelligence technologies. We studied
the features, technical specifics, and interfaces of key predictive hiring products. Finally, we
closely analyzed vendors’ marketing and research materials, public statements and presentations,
and product documentation.
In the first part of this report, we summarize some important background and key concepts: the
history of hiring technologies since the 1990s, incentives driving employers to adopt hiring
technologies, a conceptual framework for assessing equity (especially those beyond
interpersonal biases), and basic U.S. legal and regulatory context. Next, we outline the four
stages of the classic hiring process: sourcing, screening, interviewing, and selection. We explore
popular predictive technologies used at each stage, analyzing their promises and pitfalls. In
closing, we offer reflections and recommendations.
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Key Concepts
This section offers background and concepts needed to fully engage with the remainder of this
report. First, we outline the evolution of hiring technologies since the advent of the internet,
describe how the machine learning techniques used by many of today’s predictive tools work,
and identify the primary reasons employers adopt new technologies. Next, we articulate several
different kinds of social bias, and explain common ways that predictive tools can absorb and
compound them. Finally, we briefly summarize relevant U.S. law and policy, highlighting areas of
ambiguity.

Technology: From Monster.com to Machine Learning
A History of Hiring Technology
Hiring technology has evolved rapidly alongside the internet.5 As early as the 1990s, online job
boards like Monster.com capitalized on the new medium by offering employers digital job listings
at rates well below those of newspaper classified ads.6 Search engines for these online job
postings emerged soon after,7 and pay-per-click advertising helped recruiters compete for
attention in a newly crowded online market.8
Next came new ways to apply for jobs over the internet, triggering a jump in the volume of
applications for open positions as it became easier to apply for multiple jobs.9 The resulting
deluge of applicants—many of whom lacked employers’ desired qualifications10—prompted
employers to adopt applicant tracking systems to help both organize and evaluate rapidly
growing pools of candidates.11
Meanwhile, recruiters began using digital technology to proactively seek out desirable applicants.
By scouring new, public sources of information (like professional profiles and work samples on
emerging platforms like LinkedIn),12 recruiters were able to broaden their focus from “active”
candidates—those proactively exploring or applying to open roles—to “passive” ones, who had
desirable qualifications but no apparent intention to switch jobs.13
As the quantity of potential job candidates ballooned further to include both higher volumes of
active applicants as well as millions of passive ones,14 some employers began turning to new
screening tools to keep up. While employers had long relied on tests and assessments to screen
jobseekers,15 the development of new techniques to collect and analyze data prompted the
introduction of more advanced assessments.
In response to the growing push for diversity and inclusion (D&I) in the workplace,16 some
technology vendors have more recently introduced tools to facilitate diversity recruiting and
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reduce various biases endemic to the hiring process. Some vendors offer entire products geared
primarily or exclusively for diversity recruiting, while others incorporate features catering to
those goals.17
Today, hiring technology vendors increasingly build predictive features into tools that are used
throughout the hiring process.18 They rely on machine learning techniques, where computers
detect patterns in existing data (called training data) to build models that forecast future
outcomes in the form of different kinds of scores and rankings.19 This new wave of hiring
technology resembles popular consumer services like Google’s search engine, Netflix’s
personalized movie recommendations, and Amazon’s Alexa assistant, as well as advanced
marketing and sales tools like Salesforce.20

Why Employers Adopt Predictive Tools
Employers turn to hiring technology to increase efficiency, and in hopes that they will find more
successful—and sometimes, more diverse—employees. For many employers, such tools are a
basic part of doing business in the digital age. Understanding employers' motivations to adopt
these tools is helpful to make sense of the context in which they are used.
Most employers want to reduce time to hire, the amount of time it takes to fill an open
position.21 It takes a typical U.S. employer six weeks to fill a role,22 and the longer it takes to find
a suitable candidate, the more time and resources are diverted from other priorities.23 A slow
hiring process might lead to a poor applicant experience and increase the likelihood that
candidates will drop out of the hiring process or share their bad experience with friends.
Employers also fear losing candidates to their competitors—a particularly acute concern in a tight
job market.24 Moreover, some companies have seasonal staffing needs that make it critical to
hire new employees within a particular time frame.25
Employers also want to reduce cost per hire, or the marginal cost of adding a new worker, which
is roughly $4,000 in the U.S.26 According to research from LinkedIn, 35 percent of companies
feel significantly constrained by limited recruitment budgets, and most don’t expect an
improvement in the coming year, even as many anticipate an increase in hiring volume.27
Employers also try to maximize quality of hire, which is judged based on metrics related to
performance evaluations, the quantity or quality of worker output, or whether the hire was
eventually promoted or disciplined.28 Inversely, employers might also aim to avoid hiring “toxic”
employees,29 to prevent theft,30 or even to forestall labor organizing activities.31 Many employers
also look to maximize the tenure of their workers, presuming that “successful” hires will stay
longer than less successful ones.32 Long tenure is seen as a simple, quantifiable signal of a highquality hire,33 while brief tenure can be interpreted as the sign of a “bad fit.” Turnover is costly,
requiring an employer to hire and train new workers.34
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Finally, some employers have goals for workplace diversity, based on gender, race, age, religion,
disability, or veteran or socioeconomic status.35 They may be drawn toward hiring tools that
purport to help avoid discriminating against applicants in protected categories, or that appear
poised to proactively diversify their workforce.36 Hiring vendors of all stripes claim they can help
employers achieve these goals.

Equity: Beyond Interpersonal Bias
Hiring tool vendors often tout technology's potential to remove bias from the hiring process.
They argue that by making hiring more consistent and efficient, recruiters will be empowered to
make fairer and more holistic hiring decisions,37 or
that their tools will naturally reduce bias by
obscuring applicants' sensitive characteristics. But,
Institutional, structural,
as we explain below, vendors are usually referring
and other forms of bias
to interpersonal human prejudice, which is only one
are critical aspects of any
source of bias. Institutional, structural, and other
equity analysis, especially
forms of bias are just as important, if not more
when it comes to
important, aspects of any equity analysis when it
employment.
comes to employment.

Different Dimensions of Bias
In common parlance, the term "bias" is often used to refer to interpersonal bias—prejudices held
by individual people, whether implicitly or explicitly.38 Interpersonal bias against people of color,
women, and other marginalized groups has long plagued the hiring process.39 To this day, many
hiring managers evaluate candidates in ways that contribute to disparate hiring outcomes,
leading to underrepresentation and pay disparities in roles across industries.40 But other, more
structural kinds of bias also act as barriers to opportunity for jobseekers, especially when
predictive tools are involved.41
Bias arises at the institutional level when policies and workplace cultures serve to benefit certain
workers and disadvantage others.42 For example, a business that rewards men for acting
ambitiously but punishes women for the same behavior will lead to situations where men are
seen as more successful employees.43 Likewise, a company that tends to hire from a privileged
and homogeneous community and then uses “culture fit” as a factor in hiring decisions could end
up methodically rejecting otherwise qualified candidates who come from more diverse
backgrounds.
Hiring practices can also perpetuate systemic (or "structural") biases: patterns of disadvantage
stemming from contemporary and historical legacies such as racism, unequal economic
opportunity, and segregation.44 For example, many white collar employers place a high value on
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elite university attendance, but despite changing admissions policies, such a credential is still
disproportionately attained by privileged individuals, and often out of reach for those who lack
access to quality primary and secondary education.45 Without proactive steps to account for
these realities, even seemingly objective hiring criteria like one’s alma mater or test performance
can end up reflecting systemic biases.46
Biases can also be internalized by jobseekers themselves, influencing their own behaviors, such
as whether or not to apply for a given job.47 Moreover, within and across all of these categories,
the intersection of multiple identities can compound disadvantage in ways that are often
overlooked.48 For instance, a black woman jobseeker may be judged more harshly than other
women because of her race, while at the same time find it harder to access opportunities than
black men because of gender-based discrimination. The treatment of intersectionality in
employment law is far from settled,49 and their manifestation in the digital realm is only
beginning to be studied.50

How Predictive Tools Can Perpetuate Biases
The types of bias described above can exist and emerge in predictive hiring tools in several
distinct ways.51
First, when the training data for a model is itself inaccurate, unrepresentative, or otherwise
biased, the resulting model and the predictions it makes could reflect these flaws in a way that
drives inequitable outcomes. For example, an employer, with the help of a third-party vendor,
might select a group of employees who meet some definition of success—for instance, those
who “outperformed” their peers on the job. If the employer's performance evaluations were
themselves biased, favoring men, then the resulting model might predict that men are more likely
to be high performers than women, or make more errors when evaluating women. This is not
theoretical: One resume screening company found that its model had identified having the name
“Jared” and playing high school lacrosse as strong signals of success, even though those features
clearly had no causal link to job performance.52
Predictive models can reflect biases in other subtle and powerful ways, which can be difficult to
detect and correct.53 For example, in one well-known case, an employer who wanted to
maximize worker tenure found that distance from work was the single most important variable
that determined how long workers stayed with the employer—but it was also a factor that
strongly correlated with race.54 Since many social
patterns related to education and work reflect troubled
Removing or obscuring
legacies of racism, sexism, and other forms of
sensitive factors like
socioeconomic disadvantage, blindly replicating those
gender and race will
patterns via software will only perpetuate and
not prevent predictive
exacerbate historical disparities.55 These patterns can
models from reflecting
also emerge as tools are used, particularly when models
patterns of bias.
are built to learn and adapt to the preferences of its
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users over time. Importantly, removing or obscuring sensitive factors like gender and race will
not prevent predictive models from reflecting patterns of bias.
Second, people can be unduly influenced by computerized recommendations. Separate from the
mechanics of prediction itself, predictive hiring tools can create new opportunities for cognitive
bias as they display information to human recruiters. A phenomenon known as automation bias
occurs when people "give undue weight to the information coming through their monitors.”56
When predictions, numerical scores, or rankings are presented as precise and objective,
recruiters may give them more weight than they truly warrant, or more deference than a vendor
intended.57 Moreover, when tools reveal job candidates’ pictures or other demographic features,
these interfaces could also subconsciously affect recruiters’ decisions.
A variety of other equity concerns can also be implicated by the technical design and interface of
hiring software. For one, candidates with limited internet access or skills, or those with
disabilities, may face distinct challenges using online job platforms, which can in turn influence a
system’s judgement of their suitability and lead to further exclusion.58 Additionally, the
collection, structure, and labeling of underlying data can impose rigid or exclusionary definitions
of identity. For instance, tools that classify applicants into “male” and “female” categories—even
for the affirmative purpose of monitoring for gender equality—could end up marginalizing queer,
transgender, and non-binary people, while tools that classify people by race reify political
categories that “by their very nature mark a status inequality.”59
Without active measures to mitigate them, biases will arise
Without active
in predictive hiring tools by default. But predictive tools
measures to mitigate
could also be turned in the other direction, offering
them, biases will arise
employers the opportunity to look inward and adjust their
in predictive hiring
own past behavior and assumptions. This insight could also
tools by default.
help inform data and design choices for digital hiring tools
that ensure they promote diversity and equity goals, rather
than detract from them.60 Armed with a deeper
understanding of the forces that may have shaped prior hiring decisions, new technologies,
coupled with affirmative techniques to break entrenched patterns, could make employers more
effective allies in promoting equity at scale.

Law and Policy: Antidiscrimination and Ambiguities
This section offers a brief overview of key U.S. laws and regulations related to discrimination in
hiring. The most pertinent law, Title VII of the Civil Rights Act of 1964, broadly prohibits hiring
discrimination by employers and employment agencies on the basis of certain protected
characteristics. But there are ambiguities about how this law applies to predictive hiring
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technology. A range of other state and federal laws and rules are also relevant to assessing and
overseeing predictive hiring tools.

Key U.S. Statutes and Regulations
Title VII of the Civil Rights Act of 1964 forbids employers from discriminating on the basis of
race, color, religion, sex, and national origin.61 The law seeks to "achieve equality of employment
opportunities and remove barriers that have operated in the past to favor ... white employees
over other employees."62 Its provisions extend broadly to advertising, hiring, compensation,
terms, conditions, and privileges of employment.63 Other federal legislation has extended similar
protections to older people and people with disabilities.64
More specifically, Title VII makes it unlawful for employers and employment agencies65 to "limit,
segregate, or classify ... employees or applicants for employment in any way which would deprive
or tend to deprive any individual of employment opportunities or otherwise adversely affect
[them]" because of their protected class status.66 Title VII is conventionally understood to
prohibit two kinds of discrimination: disparate treatment and disparate impact. Disparate
treatment cases involve overt discrimination, whereas disparate impact covers employment
practices that are facially neutral but have a discriminatory effect.67
Because disparate impact is often the theory invoked to address harms brought about by
predictive tools, the mechanics of a disparate impact case deserve further explanation. To prevail
in a disparate impact case, a complainant must first make some showing that an employment
practice has a disparate impact on the basis of a protected characteristic. Next, an employer can
counter by showing a valid "business necessity"—for example, some amount of evidence that the
practice was “job-related,” or that it accurately measured an applicant's ability to perform on the
job. If the employer is successful in making its case, the complainant then must show the
existence of a "less discriminatory alternative," such as another kind of test or procedure that
would serve the employer's legitimate interest while having less of a harmful effect on protected
groups.
The Equal Employment Opportunity Commission (EEOC) is the federal agency charged with
enforcing federal laws related to employment discrimination.68 In practice, the EEOC does not
typically investigate discrimination except when an individual makes a specific complaint.69 After
such a complaint has been filed, the EEOC can open an investigation, and has a broad right to
access relevant evidence.70 The EEOC also periodically issues guidance and regulations,
incorporating input from public meetings, discussion, and comments.71
Additional legal and regulatory requirements apply to federal contractors, companies and
organizations that provide services or products to a government agency, including healthcare
providers, universities, technology companies, hotels, and airlines. Such contractors employ a
significant portion of the U.S. workforce. These requirements are overseen by the Office of
Federal Contract Compliance Programs (OFCCP).72 For example, Executive Order 11246
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requires that most government contractors take "affirmative action" to ensure that equal
opportunity is provided in all aspects of their employment, including recruiting—a requirement
that goes beyond the basic requirements of Title VII.73 Contractors are also required to solicit the
race, gender, and ethnicity of job applicants, including "internet applicants," to enable regulatory
research and enforcement.74
Finally, a range of other federal, state and local laws are relevant to predictive hiring tools. Laws
like the Genetic Information Nondiscrimination Act of 2008 anticipated the risk of employers
turning to newly available—and highly sensitive—sources of data to inform hiring decisions. Some
cities and states have expanded protections to characteristics not explicitly covered by Title VII,
like gender identity, sexual orientation, citizenship status, and political affiliation.75 Equal pay and
salary history laws promote equitable compensation.76 In other countries, particularly in Europe,
data protection laws like the General Data Protection Regulation (GDPR) play a significant role in
determining what information and data processing techniques employers can use during the
course of their recruitment activities.77

Gaps and Ambiguities
The laws and regulations described above may not always apply to predictive technologies. First,
it is not obvious that hiring technology vendors are themselves covered by Title VII.78 The
statute does cover employment agencies—entities that "procure employees for an employer"—
but many vendors would argue they merely provide products and services to employers and
ought not be liable for employers’ ultimate use.79 Second, while Title VII covers employment
advertising and applicant sourcing, the EEOC has offered "only minimal guidance in this area,"
and only a handful of legal cases have considered these statutory provisions.80 However, courts
have found that advertising campaigns can trigger disparate impact liability, and have been
willing to analyze the broader context of an employer’s recruitment ad campaign, not just an ad's
content.81
Importantly, current interpretations of the disparate
Current interpretations of
impact doctrine are ill-suited to address bias that
the disparate impact
arises in machine learning models. For example, the
doctrine are ill-suited to
EEOC's Uniform Guidelines on Employee Selection
address bias that arises in
Procedures, which have not been updated since
machine learning models.
their enactment in 1978, interpret Title VII to
provide a "framework for determining the proper
use of tests and other selection procedures."82 The framework relies heavily on the notion of
"validity studies" to demonstrate that a procedure is sufficiently related to or "significantly
correlated with important elements of job performance."83 Unfortunately, showing correlation
does little to help assess whether a machine learning model is surfacing biases or not. Critics
have called this kind of validity analysis "largely ill equipped" and "simply irrelevant" to assessing
discrimination in the modern world of data mining.84
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Finally, investigation and enforcement under existing
legal frameworks require complainants and regulators to
be able to notice and bring about claims of machineenabled discrimination, and to have the resources and
ability to investigate and contest them.85 At present,
many jobseekers may not realize they have been judged
by a predictive technology, and even if they do, may not
have sufficient access to the tool to describe its impact
(or the resources to retain expert witnesses to do so), let alone propose a less discriminatory
alternative. The EEOC is under-resourced, yet saddled with a long backlog of complaints, and so
has little capacity to take on more complex investigations.86 For discrimination claims that do end
up in court, technology vendors may succeed in shielding themselves from close scrutiny
through trade secrecy and intermediary immunity claims, which have so far proven difficult to
pierce even in cases where key rights and due process appear to have been undermined.87

For those discrimination
claims that do end up in
court, technology
vendors may succeed in
shielding themselves
from close scrutiny.
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Predictive Tools Across the Hiring Funnel
Hiring is rarely a single decision, but rather a funnel: a series of decisions that culminate in a job
offer or a rejection.88 The hiring process starts well before anyone submits an actual job
application, and jobseekers can be disadvantaged or rejected at any stage. Importantly, while
new hiring tools rarely make affirmative hiring decisions,
While predictive
they often automate rejections.

hiring tools rarely
make affirmative
hiring decisions, they
often automate
rejections.

Employers start by sourcing candidates, attracting potential
candidates to apply for open positions through
advertisements, job postings, and individual outreach. Next,
during the screening stage, employers assess candidates—
both before and after those candidates apply—by analyzing
their experience, skills, and characteristics. Through interviewing applicants, employers continue
their assessment in a more direct, individualized fashion. During the selection step, employers
make final hiring and compensation determinations.89

THE HIRING FUNNEL
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Below, we explore how new predictive hiring tools are being used in each stage, describing and
analyzing illustrative products on the market today. Not all products fit cleanly within one stage—
some perform multiple roles behind a single interface, or blur the lines between previously
distinct stages. After each description, we offer a brief equity analysis.
We do not attempt to map which employers are using which products.90 This is because
employers can use multiple recruitment tools, often from third party vendors,91 to manage their
hiring activities.92 Many of these tools can integrate with each other, making it easy for
employers to mix and match products behind the scenes. In practice, while it is often obvious
what primary applicant tracking system an employer uses (because it is usually visible when
exploring a company’s job application portal), it can be nearly impossible to tell from the outside
what additional tools—or customizations of those tools—an employer may be using to manage
and assess applicants.93 Employers can even use different tools to assess applicants for different
positions within the same firm, which would not be obvious unless someone applied to a variety
of roles.
For these reasons, we can’t definitively say which tools are more commonly used to recruit for
low-income jobs or service sector jobs, as compared to white collar positions. However,
generally speaking, employers' technology choices seem influenced at least as much by an
employer’s size as by differences in job function or industry.
It is important to also note that the marketplace for hiring tools is extremely dynamic. Startups
and emerging companies frequently launch new products, acquire one another, or are subsumed
into enterprise human resource software companies.94 As a result, details about particular tools
can quickly become outdated.
Recognizing this, we encourage the reader to treat the examples below as archetypes to help
inform future investigation and analysis. These products were selected primarily for their
capacity to exemplify notable and relevant features.

A Landscape of Predictive Hiring Tools
Sourcing
In the sourcing stage, employers seek out candidates to apply for their job opportunities.95
Predictive technologies help place and optimize job advertisements, notify jobseekers about
potentially appealing positions, and identify candidates who may be poachable from a competitor
or who may be enticed to rejoin the job market.96 Sourcing technologies can shape a candidate
pool—for better or for worse—before applications ever change hands.
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Job Descriptions
Almost every job opening starts with a job description—the title, framing, requirements, and
specific wording used to describe a job opportunity. Job descriptions can powerfully influence
who chooses to apply for a position. For example, research has found that job descriptions that
rely on stereotypically male words tend to result in fewer female applicants.97
One vendor called Textio offers tools to help
employers adjust the text of their job descriptions to
attract more applicants,98 and to promote more
diverse applicant pools, particularly along gender
lines.99
Textio works by comparing linguistic patterns in the
text of a job posting with historical applicant
behavior and hiring outcomes, in order to predict
the approximate size and demographics of the
expected candidate pool.100 The tool assigns each
job posting an overall score between 0 and 100,
reflecting a prediction of how quickly a listing will fill
compared to jobs in the same industry and
location.101
A separate “gender tone meter” claims to measure
the extent to which language in the job description
risks alienating applicants of either gender.102 This
measure predicts the gender balance of applicants,
given the proposed text.103
Textio’s overall assessment

Textio’s gender tone meter

Textio also assesses specific strengths and weaknesses of the job description (like length,
complexity, and word choice) and suggests wording changes that would raise its score or
improve its gender tone. As employers follow Textio’s suggestions, they can see how those
changes could influence both the overall and gender tone scores in real time.
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Textio’s real-time recommendations

Textio creates models that take into account the industry and location of the job, as well as in
some cases, models that are unique to particular employers who use the service.104
…
Because job descriptions are usually a candidate's first substantive touchpoint with a potential
job opportunity, tools like Textio appear poised to help ameliorate gender biases within job
descriptions.105 Textio is somewhat distinct among hiring technologies we observed, because it
attempts to promote equity without making judgements about specific people. Even if the
predictions they offer are imperfect, such tools still prompt employers to spend time trying to
make their descriptions more inclusive.
Moreover, since a number of other predictive hiring products—from job ads to screening tools—
rely on the words and phrases from job descriptions to inform their predictions about candidates’
suitability, more inclusive language in job postings can influence everything from who ends up
seeing job ads to who is invited to interview.
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Advertising
Many employers use paid digital advertising to put job opportunities in front a greater number of
potential applicants.106 Today, employers have access to the same microtargeting, behavioral
targeting, and performance-driven advertising tools as the broader e-commerce sector. How and
where employers choose to use these tools plays an
important role in determining the overall demographics
How and where
of who learns about job postings and who ultimately
employers choose to
applies.
advertise their jobs

plays an important role
in determining the
overall demographics of
an applicant pool.

Different kinds of online ad platforms let employers
target potential applicants in very different ways. Job
board platforms offer employers the ability to promote
their job postings to particular types of jobseekers.107
General purpose search engines allow employers to place
their ads next to search queries, targeting users based on their search terms and geographic
locations, among other factors.108 Social media sites allow employers to show ads that blend in
with other social content, targeting based on a wide array of personal characteristics, including
demographic data and inferred interests.109 And millions of individual websites and mobile apps
let employers place ads alongside other web content, and can be targeted to users who share
common features or interests using a wide range of data sources. This “display” ad space is
available to employers en masse through centralized ad networks.110
Many ad networks use data that is both provided by users and inferred from their online activity.
The data is used to automatically generate groups of users with certain shared attributes that
recruiters can then use to target (or exclude people from seeing) ads.111 In selecting targeting
options, employers define which users are eligible—though not guaranteed—to see a given job
opportunity.

LinkedIn’s ad targeting options
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Some platforms also offer employers the ability to target specific people, like people who
previously visited an employer’s career website, or who began but did not complete an
application.112

Facebook Custom Audience targeting options

And many platforms, including Facebook, Google, and LinkedIn, offer advertisers the ability to
serve ads to users who are predicted to be similar to those the employer initially wanted to
reach.113
Beyond advertisers’ own targeting choices, ad platforms themselves play a significant role in
determining who within a target audience will actually see each ad. While employers may set
initial targeting parameters, it is typically the case that advertising space is limited, and not
everyone who is eligible to see an advertisement will ultimately have it presented to them.114
Platforms like Facebook and Google decide which ads are ultimately shown to whom, not only
based on advertisers’ willingness to pay, but on the platforms’ own prediction of how likely a
user is to engage with the ad (e.g., clicking on it) or to take another desired action (e.g., applying
to the employer’s job on the company's career website).115
…
As legal scholar Pauline Kim has argued, “not informing people of a job opportunity is a highly
effective barrier” to applying for that position. 116 How employers advertise can sharply limit, or
greatly expand, the types of people who even learn a job opportunity exists. The targeting and
delivery techniques described above are powerful, commonplace tools of the recruitment trade.
However, we worry that employers, ad platforms, and regulators do not yet fully appreciate their
impact.

Upturn | Help Wanted: An Examination of Hiring Algorithms, Equity, and Bias

18

In particular, sourcing platforms that deliver ads based on optimizations derived from user
behavior, such as the number of clicks or job applications, risk directing ads and notices away
from demographics that are historically less likely to take those actions. This could narrow the
universe of underrepresented groups who are even presented with opportunities.
The complexity and opacity of digital advertising
The complexity and opacity
tools make it difficult, if not impossible, for
of digital advertising tools
aggrieved jobseekers to spot discriminatory
make it difficult—if not
patterns of advertising in the first place. 117 Even if
impossible—for aggrieved
they could, it is not always clear who can or
jobseekers to spot
should bear legal responsibility for advertising
discriminatory patterns of
practices with discriminatory effect. 118 In the
advertising in the first place.
offline world, advertisers have been held liable for
unintentional advertising practices that “serve to
freeze the effects of past discrimination.”119 However, it is unclear whether advertisers would be
aware of these effects, or whether ad platforms themselves can or will be held liable for various
discriminatory advertising practices. 120 This is a fast-evolving area ripe for both empirical
research and legal interpretation.
Digital advertising can also play a clear role in promoting equity. For example, federal contractors,
who are obligated to “take affirmative action to ensure equal employment opportunity,”121 and
other employers committed to diversity and inclusion, may want to proactively target
underrepresented groups for their job ads and may legitimately need access to seemingly
sensitive targeting categories or predictive targeting tools.122 Even so, U.S. legal guidelines about
acceptable job advertising practices have yet to be updated to account for evolving digital
tools.123

Matching
Matching is the process of comparing job opportunities with prospective applicants, typically
culminating in a ranked list of recommendations. For instance, jobseekers might see personalized
job recommendations, while recruiters might receive a ranked list of potential candidates.
Matching tools promise to connect the right applicants with the right job, but by the same token,
they can silently hide certain opportunities from some candidates and suppress others from
being seen by recruiters. Personalized job boards and other predictive matching technologies are
popular among both employers and jobseekers, in some cases supplanting employment and
staffing agencies.
ZipRecruiter is one prominent matching product.124 It is essentially an online job board with a
range of personalized features for both employers and jobseekers. ZipRecruiter is a
quintessential example of a recommender system, a tool that, like Netflix and Amazon, predicts
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user preferences in order to rank and filter information—in this case, jobs and job candidates.125
Such systems commonly rely on two methods to shape their personalized recommendations:
content-based filtering and collaborative filtering. Content-based filtering examines what users
seem interested in, based on clicks and other actions, and then shows them similar things.
Collaborative filtering, meanwhile, aims to predict what someone is interested in by looking at
what people like her appear to be interested in.126

ZipRecruiter’s applicant rating interface

For example, on ZipRecruiter, employers can opt to give incoming applicants a “thumbs up.” As
ZipRecruiter collects these positive signals, it uses a machine learning algorithm to identify other
jobseekers in its system with similar characteristics to those who have already been given a
"thumbs up"—who have not yet applied for that role—and automatically prompts them to apply.
The details of the matching process make up ZipRecruiter’s special sauce, which considers not
only basic demographic and skills information from resumes and other information added by
jobseekers, but also insights gleaned from their behavior on the website.
For example, if two jobseekers have applied to many of the same jobs, that will strengthen
ZipRecruiter’s assessment of their similarity. When one of them applies for a new job, and that
employer gives that applicant a “thumbs up,” the other is more likely to be nudged to apply for
that same job. If the second jobseeker does apply, that person’s application is marked for the
employer with a “great match” badge, essentially reinforcing the employer’s initial screening
decisions.
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ZipRecruiter’s “Great Match” badges

According to the platform, its matching algorithm dramatically increases the fraction of
preferable candidates in an applicant pool—at least in the eyes of a hiring manager. ZipRecruiter
claims that without its algorithm, one in six applicants tends to get a thumbs up from an
employer. But when its algorithm nudges “similar” candidates toward certain jobs, that rate
increases to one in three applicants. 127 One likely reason is that, as ZipRecruiter surfaces a job
posting to jobseekers who are more likely to garner a thumbs up, it correspondingly suppresses
the posting from others it deems less compatible.
ZipRecruiter uses similar algorithmic methods to filter jobs it displays to jobseekers, elevating
certain openings based on their previous applications and other on-site activity and demoting
others.
…
Job matching platforms like ZipRecruiter, and recommender systems more generally, present
unique equity challenges. For one, tools that rely on attenuated proxies for “relevance” and
“interest" could end up replicating the very cognitive biases they claim to remove. Content-based
filtering can reinforce users’ own priors and cognitive
Tools that rely on
biases. For example, if a woman with several years of
attenuated proxies for
experience tends to click on lower-level jobs because she
“relevance” and
doubts she is qualified for more senior positions, over
time she may be shown fewer higher paying jobs than she
“interest" could end up
would otherwise be qualified for. 128 Collaborative
replicating the very
filtering, on the other hand, risks stereotyping users
cognitive biases they
because of the actions of others like them. For example,
claim to remove.
even if a woman frequently clicks on management
positions herself, the system might learn that other, similar women tend to click on more junior
positions, and might show her fewer management jobs than a similarly situated man—not due to
her own preference, but because of the behavior of people the system deems to resemble her.
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129

Technical researchers are still trying to conceive of the right ways to benchmark and measure
these systems, even outside of the hiring context. 130
These effects can arise even when a recommender system does not explicitly consider protected
characteristics, like race or sex. 131 For example, when Netflix users noticed they were being
shown content that appeared to be personalized by race, it was not because Netflix was
collecting or explicitly inferring users’ race, but merely predicting users’ preferences using those
users’ own behavior, and the behavior of others who appeared to have similar preferences.132
The same phenomenon can occur with hiring recommender systems, albeit less visibly.
Job matching platforms like ZipRecruiter and LinkedIn might fall between the cracks of existing
legal protections. Here again, the role of technological platforms is ambiguous. On one hand, job
postings on these platforms are clearly “notices or advertisements” under Title VII. However,
platforms currently enjoy significant immunity from the conduct of other entities, such as
employers, so it is not clear what legal obligations apply. The ACLU and others have argued that
platforms can themselves be employment agencies and ought to be liable as such,133 but
platforms contest this characterization.134 It is not even clear whether or when jobseekers using
these tools would count as “applicants” under federal recordkeeping requirements, which were
designed to help regulators monitor for disparate impact, even though some matching tools are
making meaningful assessments about jobseekers’ qualifications before they explicitly apply for a
particular role.135

Headhunting
Headhunting is the practice of proactively reaching out to specific, qualified candidates. It is
especially common when employers require specialized experience or are recruiting in
competitive environments, often for higher-skill positions.136 Here, employers typically seek out
“passive” candidates—that is, jobseekers who are either not aware of a particular job opening, or
those who aren’t actively looking to leave their existing job or rejoin the workforce.
Entelo, a popular tool among Silicon Valley and technology sector employers, searches dozens of
sources like LinkedIn, resume databases, and public social media and work portfolio profiles to
surface potential candidates who may be receptive to individual outreach. In addition to visually
displaying information about prospects’ skills and work history,137 Entelo makes several
predictions about each potential candidate.
First, Entelo predicts whether someone is likely to move jobs,138 using data like whether she has
recently updated her skills on LinkedIn, aggregate data about career trajectories in her field (for
instance, how long employees tend to stay at the company where she currently works139), and
her current employer’s “health” (e.g., recent layoffs, mergers, and stock fluctuations).
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Entelo flags certain people as being “More Likely to Move”

Entelo also scores candidates on “company fit,” a measure based on whether a candidate has
worked in companies of a similar size or industry as the recruiter’s company, and whether others
have defected from the candidate’s current employer to the company interested in recruiting
her.140
Notably, Entelo uses data analysis and prediction as a means to actively further employers’
diversity goals in several ways. First, the company predicts whether someone is a “diversity”
candidate—for instance, a person of color, woman, or veteran—based on candidates’ public
affiliations with sororities, clubs, historically Black colleges, or special interest honor societies.141
Employers actively looking to recruit diverse candidates can use these predicted labels to search
for them within Entelo’s database of passive candidates.142 And importantly, employers cannot
use those categories to exclude candidates from a search. Employers can also opt to use
“Unbiased Sourcing Mode,” which obscures personal, sensitive, and protected characteristics
from the interface as they review candidates.143
Recognizing that women and minority candidates may not use the same language or list the
same skills on their resumes and online profiles as other candidates, Entelo offers a feature called
“peer-based skills” that uses machine learning to compare profiles and predict skills a candidate is
likely to have but may not have explicitly listed.144 Finally, Entelo offers employers reports that
provide basic race and gender breakdowns for the candidates whom that employer has searched
for and engaged on the platform.145
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Entelo’s diverse candidate search function

LinkedIn also offers employers headhunting tools that rely on predictive indicators.146 Once
recruiters select filters for candidates who have specific skills, LinkedIn returns a list of candidate
profiles ranked by their “likelihood of being hired”—a measure the platform calculates using
signals like whether a user is open to moving jobs,147 whether she follows the employer’s
LinkedIn profile, and whether she is likely to respond to a message from a recruiter. The ranking
also takes into account whether the candidate is from a region, industry, or company that the
recruiter tends to prefer.148
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LinkedIn search results, sorted by “relevance”

Recently, LinkedIn updated its recruiter tools to balance the gender distribution in candidate
search results, rather than sorting candidates purely by “relevance.”149 With this update, if the
pool of potential candidates who fit given search parameters reflects a certain proportion of
women, the platform will re-rank candidates so that every page of search results reflects that
proportion. The company also plans to offer employers reports that track the gender breakdown
of their candidates across several stages of the recruitment process, as well as comparisons to
the gender makeup of peer companies.150
…
Headhunting tools present some of the same fundamental concerns as matching tools. Rather
than predicting more direct signals of "job success," they often end up predicting recruiter or
jobseeker actions, which can amplify biased social behaviors. This can happen especially quickly
when predictive models are updated dynamically, as in recommender systems. For example, if an
employer tends to click on the profiles of male software engineers, not only might she be shown
more male software engineers, but other recruiters seeking candidates for similar roles may also
see more male software engineers.
Moreover, male software engineers may start seeing these web developer jobs at a greater rate
than women, whose profiles are not being clicked on at the same rate. Without intervention,
these effects could be amplified over time, since people can only act on profiles and jobs that
they are shown. These tools don’t completely block recruiters from seeing certain types of
candidates, or certain types of candidates from seeing certain jobs. But the cumulative effect of
being buried several pages deep in search results could have similar effects.
There are also familiar legal ambiguities. Regulators lack clear guidelines to assess disparate
impact.151 Nor is it clear whether the candidates considered by these tools are "applicants" for
recordkeeping and assessment purposes.
Headhunting tools appear prone to explicitly prioritize measures of “company fit” or “likelihood
of being hired” at that company. To some extent, these measures resemble analog assessments
of “culture fit,” which might disadvantage applicants who have not had the opportunity to work
in similar companies, despite their abilities.
There are some encouraging new practices in this class of technology. Entelo’s diversity-aware
reporting tool could help employers identify their recruiting activities that may be biased against
women and candidates of color. LinkedIn’s gender-aware candidate search results feature is
another step in the right direction.152 Vendors should carefully consider expanding such an
approach beyond gender, to ensure that other kinds of underrepresented candidates are
surfaced more proportionally to the makeup of the underlying candidate pool. In addition,
Entelo’s “peer-based skills” feature, which augments the skills on a candidate’s profile, claims to
lift up qualified female candidates. In theory, such a function could do so, but the company’s
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public statements about the feature are not detailed enough for us to confidently say that the
tool works as described.

Screening
In the screening stage, employers formally begin reviewing applications, rejecting unqualified or
relatively weak applicants and prioritizing the remainder for closer consideration.153 Here,
predictive technologies assess, score, and rank applicants according to their qualifications, soft
skills, and other capabilities to help hiring managers decide who should move on to the next
stage. These tools help employers quickly whittle down their applicant pool so they can spend
more time considering the applicants deemed to be strongest. A substantial number of job
applicants are automatically or summarily rejected during this stage.
Qualifications
Many employers will consider applicants' existing qualifications, such as prior experience in a
given role, certifications, or proficiency with particular software systems. In some contexts—like
retail and service sectors—nearly all minimally qualified candidates may be offered employment.
For lower-volume recruitment, meeting hard qualification requirements is a prerequisite for more
in-depth consideration.
Many simple applicant tracking systems offer features to screen out applicants who don’t appear
to have the minimum requirements or skills, based on lists of predefined questions or keywords,
often called “knockout questions.”154 However, more advanced tools, such as interactive online
tests or software tools that automatically analyze written answers, aim to improve the traditional
screening process using more sophisticated analysis.155
One example is Mya, a chatbot that allows employers to engage with jobseekers in an interactive
manner. Chatbots like Mya are gaining popularity as tools to automate the screening process,
particularly for employers trying to fill high-volume, high-turnover jobs.156 Like traditional job
application software, Mya asks jobseekers basic screening questions.157 The tool does not appear
to make nuanced predictions about candidates, but rather interprets written answers to
predefined questions and responds in a conversational manner.
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Mya can begin interacting with
jobseekers before they submit formal
applications, answering initial
questions by chat, text message, and
email. The bot extracts key details
from text-based conversations using
natural language processing (NLP),158
and then uses basic decision trees to
determine the appropriate response
and action.
When Mya determines that candidates
meet an employer’s predefined
requirements, it automatically passes
them directly to the next stage of the
process or puts them in touch with a
human recruiter. If the bot detects
candidates that are a “poor-fit,” it can
The Mya chatbot can pre-screen candidates
be configured to preemptively discourage
them from applying for a job, “reject[ing] candidates gently, suggesting other job openings they
may be qualified for and/or inviting them to register in the talent pool.”159
Other screening tools help recruiters look beyond keywords and pre-set questions, such as
reviewing applicants’ resumes automatically using machine learning techniques.160
One such tool, Ideal, predicts how closely an applicant’s resume matches the employer’s
minimum and preferred qualifications.161 Ideal extracts and interprets the text of an applicant’s
resume and, based on that employer’s past screening and hiring decisions, assigns the applicant a
letter grade, from A to D.162
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Ideal’s dashboard displays letter grades and other predicted details

Ideal allows hiring managers to give feedback to its screening algorithm, by indicating whether
they “agree” or “don’t agree” with the assessment of a particular applicant.
…
Tools like Mya and Ideal offer employers ways to more efficiently screen large applicant pools
with relatively standardized procedures. In theory, such processes could benefit qualified
candidates who might have been accidentally ignored or screened out by strict knockout
questions, or due to resource limitations or interpersonal biases. Unsurprisingly, both companies
highlight the fact that their software does not explicitly consider factors like race, gender, or
socioeconomic status.
When screening systems aim to replicate an employer’s prior hiring decisions, as Ideal does, the
resulting model will likely reflect prior interpersonal, institutional, and systemic social biases.163
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Although it might seem natural for screening tools to
consider previous hiring decisions, those decisions
often reflect the very patterns many employers are
actively trying to change through diversity and
inclusion initiatives. Workplace performance data,
while itself at risk of reflecting similar biases, may at
least surface nontraditional signals of likely success an
employer has not previously considered.

When screening systems
aim to replicate an
employer’s prior hiring
decisions, the resulting
model will very likely
reflect prior
interpersonal,
institutional, and
systemic biases.

Moreover, although natural language processing
techniques have advanced in recent years,164
researchers have found that NLP systems trained on real-world data can quickly absorb society’s
racial and gender biases. One study found, for example, that NLP tools learned to associate
African-American names with negative sentiments, while female names were more likely to be
associated with domestic work than professional or technical occupations.165 Limitations in the
diversity of NLP training data mean they may perform poorly with candidates who have regional
or cultural dialects, or for whom English is a second language.166 Tools that rely on NLP could
therefore reflect “expected” linguistic patterns and, as such, could misunderstand, penalize, or
even unfairly screen out minority candidates.167 Some researchers are seeking to develop more
inclusive models, but such research is still in its infancy.168
Finally, while chatbots used in hiring today appear to be relatively simple—following a preapproved script—future hiring chatbots might be given more flexibility. If vendors begin to
experiment with chatbots that learn from social interactions with users, they will need to take
care that they don’t autonomously parrot user-generated misbehavior and prejudices.169

Assessments
Many employers, particularly larger employers, use pre-employment assessments to measure
aptitude, skills, and personality traits to differentiate potential top performers from other
applicants.170 Today’s assessment tools, which often build on these traditional tests, are
appealing for employers who want to spot the strongest candidates among a large pool of
qualified candidates.171
Predictive assessment tools are just emerging,172 but they are quickly gaining popularity. Some
vendors offer “off-the-shelf”173 assessments for a variety of job functions (like customer service,
sales, and project management) and competencies (like “problem solving” and “interpersonal
skills”).174 For example, job board website Indeed offers a library of such tests that employers can
include in their online job applications. Applicants take the tests during the online application
process, which Indeed automatically scores “with the help of machine learning.”175 These readymade assessments are intended to predict generic job performance and aren’t specific to a given
employer or applicant pool.
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Other vendors offer custom-built assessments for particular employers, and for specific roles.
These bespoke assessments use the employer's workforce and performance data to predict how
new applicants may compare to current “successful” employees.176
One vendor, Koru, offers an assessment tool that infers candidates’ personality traits to predict
future job performance. The tool poses questions to candidates through a self-assessment
survey, and based on their answers, scores candidates on personal attributes like “grit,” “rigor,”
and “teamwork,” as well as their predicted alignment with an employer’s desired traits.177

Koru’s self-assessment interface

To determine the desired trait profile for a specific employer, Koru has a group of existing
employees complete its assessment, collecting several hundred data points per employee.178 It
cross-references that information with the employer’s own performance indicators for those
employees (like employee reviews, promotions, or sales numbers) to identify the personality
traits that most differentiate a company’s high performers from its low performers.179 The result
is a “fingerprint” for a specific position—that is, the particular mix of personality traits that Koru
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finds to be most correlated with success on the job, against which future applicants are
evaluated.
For each new applicant, the employer receives an overall percentage “fit” score, as well as
individual scores for specific characteristics and priority skills.

Koru’s assessment results, including a “predictive fingerprint”
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Based on candidates’ predicted fit scores, Koru sorts them for review, and the employer can filter
the list of candidates by “low,” “medium,” and “high” fit, by specific strengths, and by standard
resume information like college, major, and prior work experience.

Like many other predictive hiring tools, Koru scores and ranks candidates

The company has mentioned on several occasions that their tests have been validated and
evaluated for adverse impact on women and minority candidates, but it does not disclose its
methods nor the results of its analysis.180
Like Koru, other vendors seek to assess candidates’ personality traits, but rather than asking
candidates to fill out a survey—which candidates could fill out inaccurately—they offer games
and interactive activities that purport to measure candidates’ behaviors more directly.181
Pymetrics is one prominent vendor that offers “neuroscience” web and mobile games182 to
measure cognitive, social, and emotional traits of candidates, such as processing speed, memory,
and perseverance.183 For instance, one of their games flashes red and green dots on the screen
and asks players to click when they see a red dot. The game appears to measure candidates’
reaction times, but in fact is used to assess candidates’ impulsivity, attention span, and ability to
learn from mistakes.184
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Pymetrics’ interactive games

Like Koru, Pymetrics builds custom predictive models for each employer and for specific
positions. Before doing so, the company starts by gathering data from tens of thousands of
people (not specific to the employer) in order to distill baseline “trait profiles” for different types
of game players. The employer then asks current employees to play many of Pymetrics’ stock
games. To build a predictive model, Pymetrics applies machine learning techniques to determine
which traits—as measured by its games—best differentiate the employer’s top performers from
its other employees. Of course, for this to work, the employer needs to tell Pymetrics who it
considers to be its top performers, based on whatever metrics the employer is already using to
assess its employees.185
When the Pymetrics model is ready, the employer asks each new job candidate to play the
games. Based on their game play, Pymetrics calculates a percentage score for each candidate,
indicating how well that candidate matches with the employer’s desired suite of traits for the job.
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Pymetrics’ assessment results

Candidates whose scores fail to meet the employer’s predefined threshold are automatically
rejected for the specific role. Interestingly, if the employer is hiring for multiple roles, Pymetrics
offers a “common application”-style service, redirecting candidates to other open roles with the
same employer, or elsewhere, for which their inferred traits appear to be a better match.186
Pymetrics is adamant that its assessments comply with U.S. legal requirements.187 The company
appears to be aware that how employers currently assess “top” performers is very likely to be
biased along gender and racial lines, and that such biases could easily be reflected in their
resulting models.188
Pymetrics does offer some public explanation regarding the steps it takes to “de-bias,” or
mitigate observed disparities in, its models. The company explains that they use statistical
techniques to remove obvious demographic biases when evaluating behavioral traits.189 It also
tests its models for differential impact along gender and racial lines.190 When statistical
disparities are detected, Pymetrics apparently further adjusts its models in an attempt to
compensate, though they do not describe the details of this stage of the process.191 In May
2018, Pymetrics publicly released the source code of an internal tool it developed to identify
biases in its own models.192 While this is a worthwhile step, it does not make the models that it
develops for employers available for external, independent auditing.193
…
Pre-employment tests have a deeply troubled history, and have long been decried as being
inherently discriminatory against both people of color194 and people with disabilities.195 The

Upturn | Help Wanted: An Examination of Hiring Algorithms, Equity, and Bias

34

newest assessment offerings raise similar questions and concerns about validation, structural
biases, and their influence on human decision-making.
Tools like Koru and Pymetrics exemplify some of the most fundamental concerns about
predictive technology used in hiring. The very act of differentiating high performers from low
performers often reflects subjective evaluations, which is a notorious source of discrimination.196
Models based on these practices can mirror undesirable social patterns.197 Even when these
tools accurately infer traits that current, successful employees share, they could easily turn away
equally talented candidates who don’t happen to share those characteristics. Inferred traits may
not actually have any causal relationship with performance, and at worst, could be entirely
circumstantial. Tools with “common application” features could rely on such traits to unfairly
redirect certain candidates to lower status jobs.
It is not clear that existing legal best practices apply to, or
provide an effective check on, these tools. The EEOC's
guidelines for "tests and other selection procedures" say that
these tests and procedures should be “validated”—that is,
shown to be sufficiently related to or predictive of job
performance.198 Perhaps because of this guidance, most
bespoke assessment tools we observed, including Koru and
Pymetrics, are not built to incorporate feedback in real time,
updating themselves as more candidates are considered and hired. Rather, the models appear to
be created more deliberately,199 with distinct models built for each position and each
employer.200 Moreover, because machine learning tools enable employers to correlate nearly any
test to some aspect of job performance, existing validation guidelines may be ill-equipped to
prevent discriminatory outcomes.201

It is not clear that
existing legal best
practices apply to, or
provide an effective
check on, predictive
assessment tools.

Validation notwithstanding, such tools (and most personality tests) are built on fundamental
psychological theories of human behavior that reflect particular historical and social patterns.
Applicants of different genders or from different cultural backgrounds could describe themselves
or act differently, for instance, even if they have similar competencies.202 Many psychology and
behavioral research studies have relied on college students as subjects, and researchers have
questioned whether those studies can truly be generalized to wider populations.203 New social
science research methods, like those that use online crowdsourcing techniques,204 allow
researchers to access a wider diversity of subjects, but such methods present their own unique
experimental validity and ethical challenges.205 Either way, such tests could penalize jobseekers
who don’t fit a traditional mold, especially those with disabilities.206
Also concerning is the fact that many assessment systems assign candidates specific, numerical
“fit” scores, and then rank and display candidates to recruiters according to those scores. This
can create the perception of substantial difference between candidates where there may be
little, if any. The problem is especially stark when (as is common) predictive models are based on
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employee performance data, which employers often admit, at least in casual settings, are of poor
quality. Even for candidates who pass an initial screening round, these numbers and rankings
create an illusion of statistical accuracy and specificity that could color how recruiters view
candidates during the remainder of the hiring process.
Finally, the information that’s displayed to employers by a tool’s user interface can have subtle
but powerful effects on hiring outcomes. For instance, recruiters will likely focus first on
candidates with the very highest scores.207 But if black and white candidates pass an assessment
at equivalent rates, and if black candidates on average tend to receive marginally lower passing
scores than white candidates, black candidates will likely fare worse over time. One vendor,
Applied, demonstrates a promising approach by randomizing the order in which candidate
materials are shown to human reviewers.208

Interviewing
In the interview stage, employers interact directly with individual applicants, and hiring decisions
often crystalize at this stage.209 Prominent tools at this stage claim to measure applicants'
performance in video interviews, by automatically analyzing verbal responses, tone, and even
facial expressions.210 Employers might use these tools to save interviewers time, relieve
scheduling burdens, and standardize what is often seen as an inescapably subjective part of the
hiring process.211
One prominent video interviewing company, HireVue, lets employers solicit recorded interview
answers from applicants,212 and then "grades" these responses against interview answers
provided by current, successful
employees.213 More specifically, HireVue's
tool parses videos using machine learning,
extracting signals like facial expression and
eye contact,214 vocal indications of
enthusiasm,215 word choice, word
complexity, topics discussed, and word
groupings. It uses these signals to create a
model that claims to capture relationships
between interview responses and
workplace performance, based on the
employer’s preexisting metrics. 216

HireVue’s description of the data included in its models

Upturn | Help Wanted: An Examination of Hiring Algorithms, Equity, and Bias

36

HireVue analyzes facial expressions, language patterns, and audio cues

As new candidates submit responses for an open role, HireVue uses these models to produce an
“insight score” of 0-100 for each candidate. Employers can choose to automatically pass highscoring candidates along for further review.217 Inversely, candidates who score below a certain
threshold can be automatically rejected.
HireVue says it tests the models it creates for certain kinds of bias. For example, HireVue claims
to test each model on different demographic subgroups in order to detect adverse impact on the
basis of gender, race, and age. If such bias within the model is detected, the company explains
that it identifies the specific factors in the model that contribute to those differences and
removes them before retraining, validating, and deploying the new model.218 Once an employer
begins accepting applications, the model is periodically checked for both accuracy and adverse
impact.219
…
There is significant public concern about video interviewing systems like HireVue, and for good
reasons. Speech recognition software can perform poorly, especially for people with regional and
nonnative accents.220 Facial analysis systems can struggle to read the faces of women with
darker skin.221 Both kinds of systems are likely to improve over time, as new and more inclusive
data sets become available.222
But the critiques go deeper than accuracy. Some skeptics question the legitimacy of using
physical features and facial expressions that have no credible, causal link with workplace success,
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to make or inform hiring decisions. Tests that have the effect of considering someone’s
immutable characteristics223—even if they do so in a facially legal way224—may violate
expectations of dignity and justice,225 and prevent candidates from making a good-faith effort to
demonstrate their suitability for a job.226 Moreover, some worry that interviewees might be
rewarded for irrelevant or unfair factors, like exaggerated facial expressions, and penalized for
visible disability or speech impediments.227
In response to these critiques, HireVue, like many other
Even if affirmative
vendors, points out that it does not make any decisions
selection decisions are
about whom to hire, but merely helps to inform human
made by humans,
recruiters.228 But even if affirmative selection decisions
automated rejections
are made by humans, automated rejections are still
are still concerning.
concerning. On the bright side, HireVue's software at
least appears to allow employers to hide its
automatically generated "insight score" from subsequent reviewers, potentially mitigating
overreliance on its measurements further along in the hiring process.229
While HireVue seems to take some steps to remove bias from the models it creates,230 the
company hasn't shared many details about how it does so. Absent further transparency,
advocates and regulators cannot fully assess the efficacy of their efforts.

What About De-Biasing?
In recent years, academic and industry researchers have been working to develop
techniques to "de-bias” predictive models. These techniques often involve testing for
disparate outcomes (using collected or inferred protected characteristics) and then
adjusting the model’s behavior accordingly.231
However, best practices have yet to crystallize.232 Many techniques maintain a
narrow focus on individual protected characteristics like gender or race, and rarely
address intersectional concerns, where multiple protected traits produce
compounding disparate effects.233 The issue itself is only starting to emerge as a
research focus in the computer science community.234
Some hiring technology vendors seem to have embraced de-biasing methods to
address racial and gender discrimination, which should be encouraged and
celebrated. However, there is still more work to do: We did not identify any vendor
that appeared to assess adverse impact based on other sensitive features, like
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religion, national origin, disability, or sexual orientation, which could just as easily
emerge when predictive tools are used.235
Bias testing in hiring tools today is almost always opaque to the public, performed
internally by companies, and lacking independent validation, making the results of
internal tests and vendor claims difficult to verify or challenge.236
In sum, the development and deployment of de-biasing techniques are promising and
will likely play an important role in the future of predictive hiring technology. But
there are limits: Some predictors of "success" may be so entwined with protected
attributes that de-biasing will be insufficient.237 In these cases, other kinds of equitypromoting interventions will be needed.

Selection
In the selection stage, employers make final hiring decisions, which might include background
checks and negotiation of offer terms. Here, hiring tools aim to predict whether candidates might
violate workplace policies, or to estimate what mix of salary and other benefits to offer.238
Employers who use these tools often seek to increase their "yield" of new hires from extended
offers, on terms favorable to the employer. For applicants, this is a critical moment of
negotiation.
Background Checks
Employers commonly run pre-employment background checks, most often to determine if an
applicant has a criminal history or if they are authorized to work. Automated background checks
have long concerned civil rights advocates, who highlight the fact these systems tend to have a
disproportionate negative impact on workers of color, immigrants, and women.239 Today, few
employers use predictive technology in a way that changes the nature of background checks—
but a few companies are trying to change that.
One background check vendor, Fama, offers employers a service to flag candidates at risk of
engaging in sexual harassment, workplace violence, and other “toxic behavior.”240 Fama says it
makes these assessments based on public online content, like social media posts, using
automated content analysis tools.241
Another vendor, Predictim, offers a similar background check service for potential childcare
providers.242 Until recently, Predictim used Facebook, Twitter, and other social media data, to
generate reports claiming to assess potential caregivers’ likelihood to engage in
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“bullying/harassment, disrespectfulness/bad attitude, explicit content, and drug abuse,”243 and
assigning applicants scores from 1 (low risk) to 5 (high risk) based on that assessment.244

A sample Predictim report

Following critical press coverage of the service, both Facebook and Twitter revoked the vendor’s
access to user posts, determining that the tool had violated the platforms’ policies.245 For
Facebook, the platform’s developer policy prohibits the use of Facebook data to inform
“eligibility decisions,” such as hiring decisions, while Twitter prohibits using its data for
“surveillance purposes,” including background checks.246 Predictim responded that it will
continue operating its service, but using other data sources like blog posts and Reddit.247
…
Social media background checks are fraught for several reasons. First, they presume that a
person's online behaviors, like some use of foul language, are relevant to their professional
activities.248 Second, such tools “have limited ability to parse the nuanced meaning of human
communication, or to detect the intent or motivation of the speaker.”249 Even the most advanced
technology companies struggle to define and automatically identify "toxic" content.250 Finally,
background checks could surface details about an applicant's race, sexual identity, disability,
pregnancy, or health status, which employers should not consider during the hiring process.
Social media background checks are constrained by a range of laws and corporate policies. In the
United States, the Fair Credit Reporting Act often applies, imposing accuracy requirements and
other consumer protections. State laws also govern background checks, with some states barring
employers from demanding access to applicants’ social media accounts.251 Social media
companies are also increasingly barring background check vendors from accessing their users'
data.252 For all the reasons above, we do not expect significant growth in this space.
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Offer
Employers make offers to applicants who make it through the hiring process, which typically
include details about salary, benefits, start date, and other details. Hiring tools at this stage often
help employers plan for onboarding activities and payroll changes. But a few of these tools are
also offering individualized predictions about what specific offer candidates are likely to accept.
For example, enterprise software company Oracle, through its omnibus Recruiting Cloud
product, provides employers with predictions about the likelihood a candidate will accept a job
offer, and what the employer can do to increase the candidate's chance of acceptance. The
employer can adjust salary, bonus, stock options, and other benefits to see in real time how the
prediction changes.253 The tool can update itself with employers’ data about the outcome of
previous offers and acceptances over time.

Oracle’s prediction of a candidate’s likelihood of accepting an offer
updates in real time as the employer adjusts offer parameters

…
We worry that tools like this might amplify pay gaps for women and workers of color. Human
resource data commonly include ample proxies for a worker's socioeconomic and racial status,254
which could be reflected in salary requirement predictions.255 In any case, offering employers
highly specific insight into a candidate’s salary
Offering employers highly requirements increases information asymmetry
specific insight into a
between employers and candidates at a critical
candidate’s salary
moment of negotiation.

requirements increases
information asymmetry
between employers and
candidates at a critical
moment of negotiation.

These tools might also undermine—or even conflict
with—laws that bar employers from considering
candidates' salary histories when making
compensation decisions. Such laws are being enacted
across the country precisely to address entrenched
pay disparities.256 But if employers can predict
someone’s past salary to a degree of relative accuracy, they no longer need to ask.
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On the brighter side, these same types of tools can provide employers with a chance to reflect
on their own pay practices. Enterprise human resource technology companies like ADP and
Workday, as well as several vendors that primarily focus on diversity and inclusion, now offer
features to assess pay gaps.257 However, it is unclear whether these analyses are available to
hiring managers at the time offers are made, or whether the tools simply offer aggregate, afterthe-fact analysis.258 Nevertheless, this type of reflective analysis presents a promising direction
for advanced technology used at this critical stage of hiring.

Performance Evaluation: Shaping Future Recruitment Decisions
After the hiring process, employers continuously evaluate the performance of their employees,
judging their productivity and quality of work to inform pay, promotion, and termination
decisions. The outcomes of these evaluations—even absent direct involvement by technology—
play a major role in shaping predictive models used to judge future job applicants. It's important
for employers to understand the inherent limitations of performance data before relying on them
to guide future hiring decisions.
Recruiters are understandably interested in using insights about successful employees to help
hire new ones. But according to McKinsey, only 14 percent of executives believe they can
actually identify high and low performers at their companies.259
Scholars of business operations point out that even seemingly robust performance data can be
deeply flawed.260 Performance reviews and ratings have been shown on multiple occasions to
reflect bias on the basis of race and gender,261 and promotion and pay practices suffer from the
same problem. Employers could also introduce new opportunities for interpersonal bias, if they
solicit feedback from customers about their interaction with employees.262 Even basic signals of
success, like tenure at a company, can reflect enduring effects of workplace discrimination,
including racial and gender-related discrimination and sexual harassment.263
Institutional practices can taint the performance and
Institutional practices can
promotion data that is commonly the wellspring for
taint the performance
predictive hiring tools. Take for example Google,
and promotion data that
which hires employees into a system of hierarchical
is commonly the
team and supervision structures (“ladders”) that
wellspring for predictive
determine promotion opportunities and
hiring tools.
compensation levels. Roles on technical ladders pay
higher salaries and are more prestigious internally
than roles on non-technical ladders.264 But lawsuits have alleged that, as recently as 2017, the
company systematically discriminated against women in salary and promotion decisions by
placing them on less prestigious ladders and lower salary bands than men with similar duties and
experience,265 while promoting women more slowly and at lower rates than their male peers.266
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Such practices are not unique to Google. When predictive tools are based on such flawed data, it
raises fundamental questions about their utility in the first place.
Some employers are attempting to improve the quality of their performance data by measuring
worker behavior and productivity more directly, but such techniques raise their own unique
concerns about worker surveillance, privacy, and other unevenly distributed harms.267
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Reflections and Recommendations
Guiding Questions
During the course of our research, a number of common questions emerged about the nature of
the predictive hiring tools we analyzed. We found ourselves needing to answer these questions
before we could even begin to think about the equity implications of a given tool.
What is the tool predicting, and about whom?
Hiring tools aim to predict very different things. For example, some tools try to predict an
applicant's likely performance in a given job, while others predict recruiters' preferences or an
internet user's likelihood of clicking on an ad. Different kinds of bias can emerge depending on
the specific predictive goal.
What data does the tool use to make predictions?
Hiring tools are only as good as the data they are built from. As described above, the nature and
quality of training data for predictive tools can vary, ranging from click patterns, to historical
application data, to past hiring decisions, to performance evaluations and productivity measures.
Each data source can present unique and challenging bias issues. The models built upon these
data are used to evaluate a range of inputs and can be applied to anything from resume text, to
game play, to facial expressions. Some of these inputs can violate social norms, reflect immutable
characteristics, or lack apparent causal relationship with job performance.
Does the tool’s behavior change dynamically in response to user interactions?
Some hiring are tools infrequently updated, while others are more dynamic, relying on real-time
feedback to update underlying models. This distinction matters because static tools can offer
more opportunity for reflection, auditing, and review before deployment. More dynamic tools,
such as those powering advertising and matching platforms, are more likely to absorb bias arising
through human behaviors and can be more difficult to study and monitor.
How does a tool communicate its predictions, and how are its users likely to understand them?
Predictive hiring tools can produce numerical scores, rank candidates, and display a range of
other results. Because hiring tools are typically billed as aids for human decisionmakers, it is
important to carefully consider how people—whether recruiters or applicants—might understand
and be influenced by these outputs.
What specific steps is a vendor taking to detect and address different kinds of bias in its tools?
Hiring technology vendors frequently claim that they audit and address bias within the tools they
create. But they seldom offer details or make available the results of independent evaluations, at
least publicly. Given the absence of formal best practices in this area, and the different kinds of
biases to be addressed, vendors should be expected to provide details about their procedures.
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What method is the vendor using to measure for “bias” and for what categories of people? How
does the vendor go about “removing” these effects? Is the vendor’s process transparent, public,
and externally audited?
Will this tool help an organization discover patterns of bias in its hiring practices?
Sometimes, predictive hiring tools can be used to help reveal and measure biases that exist within
an existing workforce or applicant flow, rather than imposing predictions on candidates.268
Employers should be encouraged to use analytical and predictive tools for reflection and analysis
before deploying, or at least alongside deployments of, tools used to facilitate the hiring process
itself, so that steps can be taken to address existing disparities.

Reflections
Too often, the precise role of predictive technologies in hiring is oversimplified by vendors and
popular commentators. Hiring technologies play dramatically different roles at different stages of
the hiring process, and present different kinds of risks and benefits. More specifically:
Hiring is rarely a single decision point, but rather a cumulative series of small decisions.
Predictive technologies can play very different roles throughout the hiring funnel, from
determining who sees job advertisements, to estimating an applicant's performance, to
forecasting a candidate's salary requirements. Understanding how these technologies work, and
their specific roles within the hiring process, is critical to addressing their potential impacts on
equity.
While new hiring tools rarely make affirmative hiring decisions, they often automate rejections.
Much of this activity happens early in the hiring process, when job opportunities are
automatically surfaced to some people and withheld from others, or when candidates are
deemed by a predictive system not to meet the minimum or desired qualifications needed to
move further in the application process.
Predictive hiring tools can reflect institutional and systemic biases, and removing sensitive
characteristics is not a solution. Predictions based on past hiring decisions and evaluations can
both reveal and reproduce patterns of inequity at all stages of the hiring process, even when
tools explicitly ignore race, gender, age, and other protected attributes.
Nevertheless, vendors' claim that technology can reduce interpersonal bias should not be
ignored. Bias against people of color, women, and other underrepresented groups has long
plagued hiring, but with sufficient deliberation, transparency, and oversight, some new hiring
technologies might be poised to help improve on this poor baseline.
Even before people apply for jobs, predictive technology plays a powerful role in determining
who learns of open positions. Employers and vendors are using sourcing tools, like digital
Upturn | Help Wanted: An Examination of Hiring Algorithms, Equity, and Bias

45

advertising and personalized job boards, to proactively shape their applicant pools. These
technologies are outpacing regulatory guidance, and are exceedingly difficult to study from the
outside.
Hiring tools that assess, score, and rank jobseekers can overstate marginal or unimportant
distinctions between similarly qualified candidates. In particular, rank-ordered lists and
numerical scores may influence recruiters more than we realize, and not enough is known about
how human recruiters act on predictive tools' guidance.

Recommendations
A lack of transparency and outdated legal and regulatory guidance have made effective
enforcement of antidiscrimination laws difficult in the age of predictive technology. At the same
time, the growing popularity and collateral risk of these technologies demands attention. We
offer the following preliminary recommendations:
Vendors and employers must be dramatically more transparent about the predictive tools they
build and use, and must allow independent auditing of those tools. Employers should disclose
information about the vendors and predictive features that play a role in their hiring processes.
Vendors should take active steps to detect and remove bias in their tools. They should also
provide detailed explanations about these steps, and allow for independent evaluation. Without
this level of transparency, regulators and other watchdogs have no practical way to protect
jobseekers or hold responsible parties accountable.
The EEOC should begin to consider new regulations that interpret Title VII in light of predictive
hiring tools. At bare minimum, the agency should issue a report that further explores these
issues, including a candid reflection on the capacity of the Uniform Guidelines to account for
modern hiring technology, and make recommendations for further action. (The Commission held
one public meeting on the subject in 2016, but there has been little public action since.)269
Regulators, researchers, and industrial-organizational psychologists should revisit the meaning
of “validation” in light of predictive hiring tools. In particular, the value of correlation as a signal
of "validity" for antidiscrimination purposes should be vigorously debated. These deliberations
could help inform future regulatory guidance and corporate best practices.
Digital sourcing platforms must recognize their growing influence on the hiring process and
actively seek to mitigate bias. Ad platforms and job boards that rely on dynamic, automated
systems should be further scrutinized—both by the companies themselves, and by outside
stakeholders. These systems tend to be more dynamic and complex than models used for
assessment, and lag behind in efforts to measure and address bias. This stage of the hiring
process is often overlooked and requires substantially more study and consideration.
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Conclusion
Legal scholars have aptly noted that “although algorithms offer the potential for avoiding or
minimizing bias, the real question is how the biases they may introduce compare with the human
biases they avoid.”270 Our research did not convince us that sufficient safeguards yet exist to
ensure this balance will tip in favor of equity.
Because of the inherent weaknesses in nearly all workforce data, predictive hiring tools are
prone to be biased by default. Legal and regulatory protections from technology-enabled
discriminatory recruitment practices remain largely untested, and in the worst case, they are
unsuited to contend with the sort of predictive tools described in this report. Stakeholders are
flying blind when it comes to assessing fairness and equity. Jobseekers have little visibility into
the tools that are being used to assess them. Employers can have little insight into how their
vendors’ proprietary tools actually work. Regulators lack the legal authority, resources, and
expertise needed to oversee the growing landscape of predictive hiring technologies. Moreover,
modern predictive tools do not fit neatly into established understandings of employment law
concepts.
But the picture is not entirely grim: Vendors have rolled out some promising features that reflect
at least some awareness of the deep and systemic inequalities that continue to distort hiring
dynamics. Measures like these could ultimately help pull hiring technologies in a more
constructive direction, but much more work is needed.
Vendors are rapidly releasing new features, retiring old ones, and addressing flaws. Our hope is
that by using detailed and specific examples to examine the equities and biases of predictive
hiring products, we have highlighted common issues that remain unaddressed and unresolved—
despite others’ calls for care and caution. We urge advocates, lawmakers, employers, and other
stakeholders to confront the emerging questions posed by predictive hiring technologies,
articulate principles for their responsible use, and take concrete steps to update regulatory
frameworks accordingly.
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