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Abstract

How has digitization affected how firms hire? We argue that the mass availability of
information on workers has led to increased investments in firm-driven search for talent
(or ‘outbound recruiting’). We investigate this question using two data sets, one new.
First, we conduct a nationally representative survey of over 13,000 American workers.
We find that nearly 18 percent of all employed workers in the US were hired into their
present company by the outbound recruiting effort their employer, either directly or
through labor market intermediaries such as a headhunter. The share of hiring driven
by firm-driven search is greatest among higher-income workers, at 20.3 percent, and
those with STEM and business degrees, at 20 percent. Moreover, considerable regional
variation exists. For example, over a quarter of Silicon Valley workers are hired in this
manner, whereas only 14.5% of those in Rochester are. Second, we complement our
worker-level results by analyzing a large sample of job postings in the US economy over
the past decade. We find that firms, especially those relying on high-skilled labor, are
increasingly developing capabilities to better hunt for talent—hiring more recruiters
with skill in online search. Given the growth of this practice, we discuss implications
for research on firm strategy and and labor markets.

* Author names are in alphabetical order. The authors thanks Duke University’s Fuqua School of Business,
Harvard Business School and the Kauffman Foundation for their generous financial support for this project.



Introduction

A firm’s performance relies on finding, hiring, and retaining talented workers (Coff
and Kryscynski, 2011). However, much of the existing research on the human capital
strategy implicitly assumes firms rely on the search behavior of workers to find talent,
abstracting from other modes of search. The idea that workers drive search is embedded
in theoretical models of job search behavior (e.g., Mortensen and Vishwanath, 1994;
Jovanovic, 1979) as well as in expansive empirical work on firms’ hiring decisions (e.g.,
Fernandez and Sosa, 2005; Bertrand and Mullainathan, 2004) and human resource
capabilities (e.g., Coff and Kryscynski, 2011; Barney, 1991). In most theories, firms
‘search’ for workers in so far as they post job openings, choose among applicants,
and sometimes rely on existing employees’ referrals (Fernandez, Castilla and Moore,
2000; Petersen, Saporta and Seidel, 2000). Increasingly, however, digitization and the
internet have enabled firms to take a more active role in finding talent—via access to
vast databases of updated worker profiles (Autor, 2001; Elfenbein and Sterling, 2018).
Such data has the potential to reduce the costs of finding workers, especially those
not actively searching. Yet, there remains a considerable gap in our understanding
of how widespread firm-driven labor market search is, and which workers and firms
participate.

In recent years, the growth of firm-driven search or “outbound” recruiting has been
highlighted by many in industry and academia. A Federal Reserve report, for exam-
ple, indicated that nearly 1 in 3 workers who switched employers were not actively
searching—a finding they assume implied high rates of outbound recruiting by firms
(Carrillo-Tudela et al., 2015). Researchers have also highlighted this trend. (Cap-
pelli, 2019) argues that firms increasingly prefer to hire “passive candidates” and scour

online databases (e.g., LinkedIn) for people to poach. Despite an emerging constella-



tion of suggestive patterns and anecdotes, there remains no systematic study of this
phenomenon.

In this article, we address this crucial gap in the literature. We analyze two new
sources of data that provide insight into the prevalence and impact of outbound re-
cruiting in the American labor market. To better understand the effects on workers, we
conduct a nationally representative survey of working Americans to assess the preva-
lence of different modes —e.g., inbound, outbound, referrals— of finding a job. Next,
we complement our survey by analyzing a large sample of job postings during the pe-
riod between 2012 and 2018 to understand temporal and firm-level heterogeneity in
investments in worker search.

Our analyses provide several new facts about the prevalence of this practice and
firms’ increasing investment in it. First, we show that over 18 percent of all employed
workers in the US in January 2020 were hired into their present company by the out-
bound recruiting effort of their employer, either directly or through a headhunter.!
Moreover, hiring through outbound recruiting is greatest among higher-income work-
ers, at 23 percent, and those with STEM and business degrees, at 22.5 percent. Ad-
ditionally, there is considerable regional variation. Over 25 percent of Silicon Valley
workers are hired in this manner, but only 15 percent in Sacramento are.

In our analysis of a large sample of job-postings among approximately 160,000 US
firms, we find that firms are developing capabilities to better hunt for talent. They
are increasingly hiring recruiters with considerable skill in searching databases such as
LinkedIn—mnearly tripling the rate at which they employ this type of worker relative
to other workers, even general HR staff. Finally, we see that the greatest demand for

recruiting talent is among firms that rely on high-skilled, cognitively demanding, labor.

"While we do not have a comparable historical reference point for this figure our data does suggest a
decline in the use of formal applications as compared known figures from past research.



These findings hold several important implications for how future research on firm
human capital strategy and labor markets should evolve (Barney, 1991; Coff, 1997). If
we take the firm’s perspective, research must better understand the capabilities that
lead some firms to more successfully find, vet, and retain talent (Coff and Kryscynski,
2011). Such capabilities are especially important in an environment where competitors
are actively recruiting a firm’s workers. These capabilities may be especially crucial for
small or new firms with little visibility in the labor market (Cardon and Stevens, 2004).
Second, our findings also highlight the importance of recruiters as essential intermedi-
aries between firms and workers (e.g., Fernandez-Mateo and Fernandez, 2016; Finlay
and Coverdill, 2007). While a voluminous literature exists about the behavior of em-
ployee referrers on individual hiring decisions, recruiters both in-house and outsourced
are critical for understanding how firm-driven search operates (e.g., Fernandez-Mateo
and Fernandez, 2016). A growing literature on the labor market frictions introduced
by recruiters is emerging. Our findings provide novel and crucial macro-level empirical
evidence of their growing importance.

Furthermore, since nearly 18 percent of Americans are hired through the outbound
recruiting efforts of firms, we must understand the factors that lead individuals to be
more effective passive candidates (Cappelli, 2019). That is, what leads workers to be
easily discovered, understood, and recruited? Those impacted by this shift appear to be
workers in remunerative occupations requiring STEM and management skills (Deming
and Kahn, 2018). Owing to this shift, researchers must also understand the biases
and frictions that hunting for passive candidates introduces, especially the effects on
workforce composition and wages. Finally, there is a possibility that this change will
lead to more inequality and segregation, namely across occupations (e.g., Rubineau and
Fernandez, 2013; Barbulescu and Bidwell, 2013). In particular, we may see a growing

gap between those who are hunted by firms and those who search on their own.



The labor market strategy of firms

Management scholars have developed a rich literature on strategic human capital (e.g.,
Coff, 1997; Lee and Miller, 1999; Williams, Chen and Agarwal, 2017; Belenzon and
Schankerman, 2015). This literature has primarily focused on identifying conditions
under which human capital can be a source of sustained competitive advantage for
firms (Barney, 1991; Coff, 1997; Felin, Zenger and Tomsik, 2009). Many scholars
have progressively unpacked the individual, firm, and industry-level mechanisms that
allow organizations to both create and capture value from their employees. Existing
studies have focused on a range of levers that firms have at their disposal to get
workers to perform better—e.g., incentives (Bandiera, Barankay and Rasul, 2007),
organizational structure (Puranam, 2018), and managerial practices (Chatterji et al.,
2019). An important stream of this research focuses on the strategic implications of
hiring practices, including who to hire as well as an emerging literature on how to hire

(Fernandez, Castilla and Moore, 2000; Burks et al., 2015; Pallais and Sands, 2016).

Why do firms invest in outbound search for labor?

How does a firm’s human capital become a source of sustained competitive advantage?
The literature has traditionally argued that two primary factors determine whether a
firm gains advantage from its people (Coff and Kryscynski, 2011; Bidwell, 2011). First,
companies that rely on firm-specific human capital, consisting of skills and knowledge
more useful to them than their competitors, will fare better. The latter is because
workers with a higher proportion of firm-specific capital are not as valuable to other
companies, and are less likely to be poached (Jovanovic, 1979). A second means through
which firms derive competitive advantage from human capital is if their cost of getting

talent is lower than their competitors (Bidwell, 2011).



In recent years, scholars have observed that firms may be less reliant on firm-specific
human capital, and increasingly demand workers with transferable skill and knowledge
(Cappelli, 2012). Research suggests that one mechanism that is driving this change
is firms’ decreasing investments in on-the-job training (Cappelli, 2015). This shift has
several consequences for human capital strategy. First, firms may substitute lower-
skilled candidates whom they train internally for higher-skilled external ones. Second,
given the rising expectations for skills among new hires, firms may seek candidates
from narrower pools of workers who already do similar jobs at competitor firms. The
later should lead firms to prefer employed, and therefore passive, candidates who may
not be actively searching for jobs. Finally, if the skill requirements of firms are indeed
general, then we should see increased competition among firms for the same pool of
workers.

Another major transformation in the labor market has been its mass digitization.
While online job-boards have been around for several decades, in recent years, many
more people have gotten access to the Internet and created online profiles that showcase
their skills and experience (Autor, 2001). Nowadays, over 163 million Americans use
LinkedIn, a major online career platform that allows workers to post profiles and apply
for jobs. A necessary consequence of the mass digitization of the labor market is
a reduced cost of finding workers, especially those that are not actively looking for
a job. However, much like any other type of technological change, firms who have
complementary capabilities in place will benefit most from this information.

These two factors—the increasing demand for transferable and high-level skill, and
the mass availability of information on workers—we hypothesize will lead to more
outbound recruiting by firms. Specifically, we should see firms increasingly invest in
outbound recruiting capabilities. That is, they will hire more recruiters with skills that

allow them to scour vast online databases. Moreover, we should especially see higher



levels of outbound recruiting among highly skilled workers in managerial and technical
occupations. Lastly, because of digitization, we should anticipate the most substantial
proportion of workers affected by outbound recruiting to be ones on career platforms

such as LinkedIn.

Which firms invest in outbound recruiting?

Not all firms will likely engage in outbound recruiting at similar levels. Theoretically,
the firms that have the greatest incentive to use this practice are ones that are unlikely
to have thick pipelines—either from formal job postings or through informal referrals,
and those that rely on high-skilled labor. As a consequence, we should expect both
firm size as well as the human capital needs of firms to impact their use of outbound
recruiting.

Regarding firm size, research suggests that large high-status firms have an advan-
tage in the labor market. For example, Bidwell et al. (2015) find that, in the early
stages of workers’ careers, high-status firms can attract higher-quality employees with-
out changing wages. Thus, status can be regarded as an advantage in acquiring tal-
ent from more traditional hiring pipelines (Rider and Tan, 2014). On the other hand,
smaller or less established firms may need outbound recruiting to increase brand aware-
ness with candidates that would otherwise not be in their normal applicant pool—a
pool drawn from job postings or referrals (Rubineau and Fernandez, 2013; Fernandez
and Sosa, 2005). As a consequence, we predict that smaller firms are more likely to

recruit via outbound searches.

Outbound recruiting and worker characteristics

A large stream of literature on labor markets and careers shows that there is bias in

how firms hire. In sizeable empirical literature, using audit studies of the worker-driven



application process demonstrates that firms discriminate against workers based on a
variety of characteristics. Researchers find discrimination based on race (Bertrand and
Mullainathan, 2004; Pager, Bonikowski and Western, 2009), gender (Booth and Leigh,
2010), sexual orientation (Tilesik, 2011), and social status (Rivera and Tilcsik, 2016).
These factors make an organization’s employees much less diverse than their applicant
pool. Another stream of work related to the application process of workers suggests
that candidates from minority or disadvantaged backgrounds may also self-select out of
the applicant pool, also leading to biased hiring (Pager and Pedulla, 2015). A second
literature, on referral hiring, also shows that bias exists when firms use networks to
hire (Rubineau and Fernandez, 2013). Fernandez and Sosa (2005), for instance, show
that using employee referrals may lead to gendered jobs and racial segregation in the
workplace (Fernandez and Fernandez-Mateo, 2006).

How might outbound recruiting affect bias and segregation in the labor market?
On the one hand, firms may use outbound recruiting as an opportunity to remedy
the issues that arise from unbalanced applicant pools and bounded search—whether
caused by the self-selection of applicants into the labor pool (Pager and Pedulla, 2015)
or homogeneous employees referring friends (Fernandez and Weinberg, 1997). On the
other hand, if firms rely on crude signals of skill (e.g., already working at a peer
company in a similar job), we may see a reinforcement a bias due to drawing from
an already biased pool (e.g., Ferguson and Hasan, 2013). As we theorized earlier, the
firms that are most likely to use this mode of hiring are those that rely on high-skilled
technical and managerial talent. Considerable research suggests that this pool is much
more likely to be male, white, or Asian, as well as geographically concentrated in
certain high-growth economic regions such as Silicon Valley (Moretti, 2012). If firms
do indeed search narrowly and rely on experience in similar firms and similar jobs, then

we should see a variety of biases in the aggregate statistics—including gender, racial,



and geographic.

Method

Our approach in this article is descriptive and consists of analyzing two primary data
sets, one of which is collected by us. First, we conducted a nationally representative
survey of American workers to understand the prevalence of outbound recruiting by
firms in the US labor market. These data allow us to provide national-level facts about
the prevalence of this practice and insights into how it varies by the characteristics of
workers and their workplaces. Second, we analyze a large sample of American firms and
their job postings over the past decade. We focus on understanding the characteristics
of firms that best predict the degree to which they invest in capabilities that enable
firm-driven labor market search—mnamely, recruiters who find, vet, and hire passive

candidates. We describe these data below.

Survey of American Workers

To conduct our survey of American workers, we contracted with CivicScience, a major
polling company based in the United States. CivicScience has an on-demand sample
of over 85 million Americans over 18 years old. After specifying a sample size that
would provide us a margin of error of +1% Survey responses from sub-samples are
then re-weighted to reflect the population figures in the Current Population Survey
(CPS) conducted by the US Census Bureau.?

For our study, we surveyed a nationally representative sample of 18 to 65-year-old
men and women, broadly representing the working-age population of the United States.

Our total sample consists of 13,680 responses to a question aimed at understanding

2A a complete description of the firm’s methodology can be found here:



how an employed American was initially hired into their present company. Specifically,
we asked: ‘Which of the following options best describes how you first got hired by
your present employer?’ Employed respondents had five options from which they could
choose the one that best represented their situation.

e [ found a job posting and applied for the role

e [ was referred to this employer by an existing employee

A recruiter from this employer reached out to me and invited me to apply

A headhunting firm reached out to me and invited me to apply

I reached out to a headhunting firm

In addition to responses to our question of interest, the CivicScience platform pro-
vided us with the ability to cross-tabulate our question’s results with other questions
asked of the sample. For the purposes of our study, these additional questions broadly
fall into six categories: (1) education, occupation and income; (2) workers’ technology
use; (3) firm size; (4) geography; (5) demographic characteristics. For our analysis,
we create one dependent variable—the proportion of respondents who state that the
best description of how they were hired into their present firm was (a)‘A recruiter from
this employer reached out to me and invited me to apply’ or (b)‘A headhunting firm
reached out to me and invited me to apply.” We call this variable Outbound recruiting.
The cross-tabulations are re-weighted using CPS weights to match the observable de-
mographics of our sample to that of the American population (e.g., Deville, Sdrndal
and Sautory, 1993; Kolenikov, 2014). For regional estimates, estimates are re-weighted
to reflect MSA-specific weights. Such reweighting techniques are commonly used in the
strategy literature by scholars conducting sample surveys (e.g., Bennett and Chatterji,

2017; Starr, Prescott and Bishara, 2019) .
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Hiring by US-based firms

To shed further insight into the firm-level investments in outbound recruiting, we com-
plement our worker survey with data covering the near universe of online job postings
from Burning Glass Technologies (BGT). Our data include 19,165,211 U.S. job postings
from 2012 through 2018 and are described in more detail by Deming and Kahn (2018).
The raw job descriptions are cleaned and structured by BGT. The data provider as-
signs each job a SOC title; with these, we identify all postings that are classified as
“Human Resources” roles. For the firm-level analysis, we aggregate this data in to
firm-year observations, with 160,716 total firms in our sample.

Our analysis asks three broad questions of these data: (1) how has the demand for
recruiters changed over time; (2) what types of skills do firms want in recruiters; and
(3) what is the relationship between the types of skills firms require and level of their
demand for recruiters? For the latter, we estimate firm-year regressions estimating
the probability that a firm posts a recruiter job, as a function of the share of non-
recruiting postings that require different types of skills, including cognitive, social,
character, managerial, as well as technical. In these models we include a variety of
controls including controls for total number of non-HR postings as well as fixed-effects

for year, industry, MSA, and firm.

Results

Survey of American Workers

We begin our analysis by estimating the overall prevalence of outbound recruiting in
the American labor market. We present these results in Table 1. This table provides

insight into how widespread this practice is relative to mechanisms through which firms
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find and recruit workers.? Overall, we find that 17.8% of workers are hired through
a firm-driven search process—i.e., a recruiter at the employer (12.5%) or contracted
headhunter (5.3%) reached out to them and asking them to apply. Our survey also
provides insight into the prevalence of other modes of hiring as well. Nearly 43.9% of
workers in the full US sample found and applied for the role themselves, and existing

employees referred another 34.6% of workers.
[Table 1 about here.]

While these broad statistics suggest that firm-driven search is indeed quite preva-
lent in America, these baseline statistics mask significant heterogeneity. Results vary

considerably depending on firm and worker characteristics as well as geographic region.

Education, occupation and income

Research shows that educational attainment and labor market outcomes are positively
related—educated and higher-skilled workers are in higher demand. As a result, we
should expect a link between attainment and how workers are hired, i.e., through
inbound or outbound channels, especially if there is intense competition between firms
for certain types of high-skilled, knowledge-intensive talent. As competition for such
labor increases, firms should invest more in finding capable workers and be more likely
to recruit them directly.

Table 2 provides a cross-tabulation of educational attainment and the hiring mode.
We see that the prevalence of outbound recruiting increases with education level. The
largest difference is between those without college degrees (16.0%) and those with
graduate or professional degrees (20.8%), a statistically significant difference of 4.8%

(z = 3.17 and p < .01). However, a meaningful and statistically significant difference

3The margin of error for these estimates is +1%.
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also exits between those with some college, or an associate’s or a bachelor’s degree, and
those with graduate degrees with both differences being significant at p < .01. These
results suggest that highly educated workers, i.e., those with graduate and professional
degrees, are more likely to be hired through firm-driven recruitment processes at a
considerably higher rate.

What is interesting to note here is also how outbound recruiting trades-off with
the two other significant modes of hiring across education levels. As the education
level increases, the rate outbound recruiting increases, but the rate of referrals also
decrease—from 42.64% for those with high school degrees or less to 30.08% for those
with graduate or professional degrees. A complementary change can also be seen in

the increase in outbound recruiting as education levels increase.

[Table 2 about here.]

Corroborating this evidence, in Table 3, we find evidence that the higher end of the
income distribution in the labor market (with greater demand for skill and experience)
is where outbound recruiting is concentrated. We see that the probability of this
practice for those earning less than $50,000 is 14.6%. In contrast, the proportion is
considerably higher for those making over a hundred thousand dollars at 20.3%—a
difference of 5.7%. This difference is statistically significant at conventional levels (z

= 5.54, p < .01).

[Table 3 about here.]

It is possible that some of the variation observed is driven by occupation-level
heterogeneity. While our data do not have a specific measure of a surveyed person’s
occupation, for college-educated workers, we know the broad specialization for their

undergraduate major. Table 4 suggests that there may be considerable differences in
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the prevalence of this practice based on whether individuals have specialized in STEM
(20.8%), Health & Medicine (19.4%), and business (20.1%) versus the social science
(16.4%) or education (15.2%). Comparing the first three categories (20.27%) to the
latter two (16.30%) we find a statistically significant difference of 3.9% (z = 3.515, p

< .01).

[Table 4 about here.]

Use of LinkedIn

One of the most significant enabling factors for firms aiming to search for passive
candidates is the growth of online networks and job search platforms. Perhaps the
most significant of these has been LinkedIn, where individuals can create online career
profiles and share information about their education, experience, skill, and build a
database of the connections to other workers. In Table 5 we see that LinkedIn users
are significantly more likely to have been actively recruited by a firm (21.1%) versus
non-users (15.5%), a difference of 5.6% that is statistically significant (z = 3.88, p <
.01). What modes is this shift to outbound recruiting substituting for? The largest
difference in behavior appears in the use of direct applications to jobs with users at

40.15% and non-Users at 44.01% (z = 2.06, p < .05).

[Table 5 about here.]

This finding, though descriptive, supports our paper’s central premise that technol-
ogy has enabled firms to engage in active search for passive candidates. Together, our
results suggest that not only has technology-enabled this type of firm behavior, but it
has impacted workers differently. Specifically, high-skilled workers in high-income jobs

are more likely to experience firms reaching out to them with opportunities.
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Firm characteristics

Our worker-level survey allows us to gain considerable insight into who the likely targets
of firm-driven search are. However, a perhaps equally important question is: which
firms are most likely to leverage this hiring mechanism. In Table 6, we see workers
hired through outbound recruiting are more likely to work in small, rather than large
firms. Table 6 shows that workers in small firms (with fewer than 100 employees) have a
22.1% likelihood of being recruited through this method versus 14.4% for those in large
firms (more than 5000+ employees), this difference of 7.6% is statistically significant
(#=3.01, p < .01).

[Table 6 about here.]

While not statistically different, small and medium-sized firms also appear to rely
more heavily on recruiting workers through referrals than large firms with referral
percentages at 39.79% and 39.13% versus 35.81%.

The increased use of outbound recruiting by small firms suggests a possible strategy

to find and compete for high-quality workers in tight labor markets.

Demographic characteristics

Next, we examine whether the prevalence of outbound recruiting varies based on the
demographic characteristics of workers, namely their age, race or ethnicity, gender, and
geographic location. In Table 7, we find no difference between different age cohorts and
the extent to which they are hired in this way. The rate of firm-driven search appears
comparable across age cohorts. Though the percentage difference between 18-24 years
old and 25-29, as well as 35-44 years, is most substantial, these differences are not

statistically significant (p > .1).
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However, there appears to be a correlation between age and referral hiring. The
rate of referrals for 18-24 years old is 30.96% whereas the rate is 37.3% for aged between
55-64, a difference of 6.44% (z = 2.968, p < .01). Several mechanisms, both supply
and demand-driven, could lead to this outcome. On the worker side, individuals’
professional networks may grow as they gain experience, and thus, these networks may
be more consequential for hiring as workers age. From the demand side, workers with
experience may have to use networks to communicate their more complex skills to

employers. These factors may lead older workers to use network hiring more.

[Table 7 about here.]

There is a large body of research examining the role of gender in the labor market.
Much of this research finds that women are disadvantaged in job search and career
outcomes as well. Our findings on gender, presented in Table 8, finds evidence of a
gender difference of 2.9% in the likelihood of firm-driven search—women at 16.0% and
men at 18.9% (z = 4.35, p < .01). What is also notable is that women are less likely
to be referred than men, 32.55% versus 35.98%, a difference that is also significant (z
= 4.11, p < .01). This pattern suggests that women are significantly more likely to
rely on applying to jobs as compared to men. The need to rely on this formal channel
may have a profound effect on the ability to find work in certain types of firms or be

hired into certain jobs that may be more remunerative.

[Table 8 about here.]

Finally, research also suggests differences across racial and ethnic groups in labor
market outcomes. Namely, research has suggested the minority applicants— primar-
ily Hispanic and African American—are disadvantaged in the labor market. Table

9 presents our results, examining the relationship between race/ethnicity and hiring
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mechanism. While Hispanic and Latino workers have a slightly lower likelihood of
being recruited through outbound recruiting relative to Whites (16.6% vs. 17.2%) this
difference is not statistically significant. However, we find some evidence that African
American applicants are more likely to be recruited in this manner (19.6%), though
this difference is only significant at the p < .1 level. Although we cannot say for sure,
this higher rate for African Americans may be due to firms using a proactive approach
to recruit a more diverse workforce.

We also find some evidence of an increased likelihood of outbound recruiting for
Asian workers (19.6%), but again this difference is suggestive, though not statistically
significant. Given our data, we are unable to determine whether there are considerable
racial differences in this mechanism. One possibility is that firms use this mode to
compensate for biases in other sources of recruiting.

However, what is interesting in these findings is that African Americans have con-
siderably lower rates of referrals than Whites and Hispanic workers (30.57% vs. 35.68%
and 35.96%). These differences are statistically significant at p < .01 and p < .01, re-
spectively. These statistics correspond to prior work that suggests a lower likely of

references among African American workers (e.g., Smith, 2005).

[Table 9 about here.]

Geography

Finally, to examine whether the use of this practice varies by geographic region, we over-
sampled workers five US MSAs (Rochester, Denver, Sacramento, Portland, and Miami).
These regions were selected randomly. We over-sampled three major technology hubs
in the United States (San Jose, San Francisco, and New York City). We present these

results in table 10. As can be seen in the table, there are differences in outbound
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recruiting by region. Perhaps the greatest outlier is San Jose, California, the home
Silicon Valley, with the highest concentration of technology workers and firms in the
world. In San Jose, 25.4% of workers are hired through outbound recruiting. In
contrast, only 14.5% of workers in Rochester are. Comparing these two extremes
represents a difference of 10.9% which is statistically different (z = 3.7, p < .01).
Additional analysis suggests that this may be more due to the composition of the

workforce, rather than rates of unemployment.
[Table 10 about here.|

What is also notable about the pattern of results in Table 10 is the overall stability
of referrals, at approximately 33 to 34%, with little variability across regions. On the
other hand, it appears that firm-driven search substitutes for worker-driven search. As
the percentage of firm-driven search increases, we see a corresponding and significant
decrease in individuals responding that they ‘found a job posting and applied for the
role. For instance, this percentage is 46.5 in Rochester, but 37.4% in San Jose. Both

MSAs, however, have a comparable level of referrals at 34.5% and 33.2%, respectively.

Hiring by US-Based Firms

We now turn to our analysis of firm-level investment in outbound recruiting using
data on job postings from Burning Glass Technologies (BGT). The different modes
of recruitment, inbound versus outbound, require different capabilities from firms. If
more workers are actively searched for by firms today than in the past, we anticipate
three trends in this data: (1) there will be an increasing demand for recruiters, (2) skill
requirements will be increasingly digital, and (3) firms that depend on high-skilled

workers will hire more of these recruiters.
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Increasing demand for recruiters

To answer the first question, we analyze the BGT data on monthly job postings between
2012 and 2018 in the United States, focusing on the relative importance of recruiting
skills and jobs relative to the HR category as a whole. Within these HR Postings,
we search the job title for the word “recruiter” and tag these positions as recruiting
roles. Figure 1 shows the percentage of job postings by month that are classified as
HR roles (top) and that are recruiting roles (bottom). We scale the points by the
number of job postings in the month. For general HR jobs, we see little in the way
of an upward or downward trend with roughly 1 in 100 postings overall being for HR
professionals. For recruiting roles, however, we see a steady upward trend from roughly
0.2% to 0.5%. There appears to be an increasing demand for recruiters corresponding

to our expectations.4

[Figure 1 about here.]

In figure 2, we adjust our graphs to account for changes in the composition of
data providers and firms that make up the BGT data. We plot the percentage of
recruiting jobs relative to the number of HR jobs to account for data heterogeneity
across years as per prior literature (e.g., Deming and Kahn, 2018). As in Figure 1, we
again see a steady upward climb. For example, in 2012, roughly 15% of HR postings
were recruiting roles. By 2018 this share was closer to 35%. Consistent with our survey
results, it appears U.S. firms are increasingly relying on recruiters to proactively find

talent.

4That said, Figure 1 also shows big jumps in the data series around 2017, with the percentage of both
HR and recruiting jobs dropping and then bouncing back. This “jitter” is most likely an artifact of the data
collection process. BGT’s underlying data sources vary over time and when certain providers come onto
the BGT platform, or leave, there can be jumps in the relative composition of postings. Prior work has
addressed this issue by looking at trends within a job category since shifts in the composition of which HR

jobs are less likely to occur than shifts int the relative percentage of HR versus engineering roles.
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[Figure 2 about here.]

Recruiter skills

We examine whether this shift is due to a mere change in job titles or an actual change
in the skills required by firms in the recruiting role. If differences were to come from
job titles, this pattern could be indicative of a broader trend of changing composition
of labor demand. To explore this possibility, we use data from BGT on each job’s listed
skill requirements. BGT tags each job description with a vector of skills listed on the
resume, and produces structured skill requirements for a given job posting, ranging
from “Python” to “Negotiations.” The top left panel in Figure 3 plots the percentage
of HR jobs that list “recruiting” as a skill.> Again, we see an upward trend from 25%
to nearly 45 %. These changes suggest an increase in the demand for specific-skills

related to the recruiting function, rather than general HR skill.
[Figure 3 about here.]

To further understand the shift towards recruiting, the remaining three panels in
Figure 3 show the percentage of HR jobs that require social media skills (“SOCIAL ME-
DIA”, “LINKEDIN”, “FACEBOOK?”, or “GITHUB”), knowledge of applicant tracking
systems (“TALEO”, “BRASSRING”, “ICIMS”, “JOBVITE”, or “ATS”), and onboard-
ing (“ONBOARDING”). We find strong upwards trends for all three. Firms increas-
ingly show a preference for hiring recruiters who can spot talent using social media,
who can log those workers into applicant tracking systems, and then onboard those
hires into the company. These findings complements the evidence we present in the

previous section, painting a consistent picture of rising firm-driven search.

5Specifically, we classify any of BGT’s skills that have the phrases "RECRUITING", '"RECRUITMENT",
"CANDIDATE SOURCING', or "TALENT" as recruiting skills.
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Employee skills and the demand for recruiters

Which firms are increasing their demand for recruiters? To answer this question,
we aggregate our BGT data into firm-year observations. In each year, we create an
indicator for whether a firm posted an opening for a recruiter. For all non-recruiting
postings during the year, we calculate the firm’s skill mix. We build on Deming and
Kahn (2018) and create an index for each type of skill in a firms’ postings. For example,
if a firm posts ten engineering jobs, five of which require the skill “Python” and five that
do not, we say the firm has a “software” skill score of 50%. Using this classification,
we run panel regressions where the dependent variable is a binary indicator of whether
the firm posts a recruiter opening, and the independent variables compose its skill
mix. Since our data spans thousands of firms and multiple years, we can include firm
and year fixed effects to account for time-invariant firm heterogeneity and time-varying
macro-trends.

Table 11 displays the estimates from our regressions. Model 1 only includes year
fixed effects and controls for the number of postings by the firm each year. These
controls allow us to interpret the coefficients in Table 11 as the effect of skill mix
for firms holding their level of labor demand constant. We also cluster our standard
errors at the MSA level, yet nearly all coefficients remain statistically significant at
conventional levels, given our large N. Therefore, we focus on our interpretation on
the magnitude of our coefficient estimates. The skills that correlate most with a firm
posting a recruiter job include jobs that require software skills (0.054), followed by
cognitive (0.024) and social skills (0.024), as well as computer skills (0.021) and people
management skills (0.022).

In contrast, the coefficients for skills such as character, writing, customer service,

and financial ability are smaller and, in some cases, negative. These coefficients can
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be interpreted in the following way: the estimate implies that a firm that looks only
for software engineers during the year, versus a firm that is looking for non-software
talent, will demand a recruiter 5.4 percentage points more often. On average, 4.6% of
firms demand a recruiter during any given year. Requiring software talent more than
doubles a firm’s chance of hiring a recruiter. These results goes in line with our survey
findings, and together seem to suggest that high-skilled occupations are more likely to
be subject to outbound recruitment practices.

Model 2 adds in industry fixed effects using three-digit NAICS codes, and Model
3 further adds MSA fixed effects. The effect size remains mostly unchanged, though
accounting for MSA fixed effects does shrink the software coefficient to 0.04. That
said, it does not appear that this difference in recruiting intensity is explained by
simple industry differences or differences in the conditions of the local labor market.
Finally, Model 4 includes firm-level fixed effects to account for time-invariant observed
and unobserved firm differences. The association between skill and hiring for outbound
recruiting holds.

Overall, our findings suggest that there has been an increase in demand for re-
cruiting work, that this work increasingly involves online tools like social media and
applicant tracking systems, and that the firms driving this increase are those hunting

high-skilled talent.

[Table 11 about here.]

Discussion and Conclusion

What impact has the digitization of the labor market had on the firm-driven search for

talent? Recent work has highlighted the growing role of large platforms that now shape
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the hiring strategies of firms (Elfenbein and Sterling, 2018). We theorize that the digi-
tization of the labor market, combined with a preference for hiring high-skilled workers
versus training them in-house (Cappelli, 2012), has increased outbound recruiting by
firms. Using two novel data sources, a nationally representative survey of over 13,000
American workers, and a large sample of over 80% job postings in the American econ-
omy, we provide new facts on the prevalence of this practice, which firms are more
likely to engage in it, and which occupations and demographics are more likely to be
its target.

We find that nearly 18 percent of all employed workers in the US were hired into
their present company by the outbound recruiting effort of their employer, either di-
rectly or through labor market intermediaries such as a headhunter. The share of hiring
driven by outbound recruiting is greatest among higher-income workers, at 20.3%, and
those with STEM and business degrees, at 20%. Moreover, there is considerable re-
gional variation. Over a quarter of Silicon Valley workers are hired in this manner,
whereas only 14.5% of those in Rochester are. Moreover, this channel appears primar-
ily to substitute for worker-driven search (i.e., individuals applying to jobs without any
contact with the firm). Referral hiring, for the most part, appears, on the whole, to
be quite stable as a mechanism through which firms hire—at approximately 33-34 per-
cent, which is consistent with prior estimates from past decades (Granovetter, 1995).
Finally, we find evidence that workers at smaller firms are more likely to be recruited
by firm-driven search. This finding is consistent with the theory that smaller firms
must actively hunt for talent to compete for knowledge-workers.

We complement our worker-level survey results with an analysis of a large sample
of job postings in the US economy over the past decade. We find that firms, especially
those relying on high-skilled technical and managerial labor, are increasingly develop-

ing capabilities to better hunt for talent. These changes are reflected in three broad
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findings. First, we see an overall increase in firms hiring recruiters as a share of total
HR personnel. Second, we observe a growing demand for social media and digital skills
among recruiters. Finally, we see that this demand is concentrated in firms that require
high-skilled workers with both technical and social skills.

Our article informs three research agendas at the intersection of strategy, human
capital, and digitization. First, research on the human capital strategy of firms has
focused on how firms can invest in complementary capabilities that turn their talent
into a competitive advantage (Coff, 1997; Coff and Kryscynski, 2011). Our findings
highlight that firms must also invest in capabilities that allow them to hunt for talent
and keep them from being hunted. While wages may be an useful lever in attracting
talent, non-pecuniary incentives may increasingly play an essential role in retaining
high-value workers who may be actively monitored and recruited by competitors.

Second, much of the literature the hiring interface focuses on firm decision-making
in the context of worker-driven search (e.g., Bertrand and Mullainathan, 2004; Pager,
Bonikowski and Western, 2009) and network recruiting (Fernandez, Castilla and Moore,
2000; Rubineau and Fernandez, 2013; Fernandez and Sosa, 2005). While these two
hiring mechanisms do indeed account for a large share of how firms hire, firm-driven
search and its growing prevalence among high-skilled workers suggests several questions
for both job seekers and firms. For job seekers, the job search may increasingly be less
about finding and applying for jobs, but being an effective passive candidate. This
change may require workers to develop find-able, signal-laden profiles that firms can
discover. For firms, a key challenge may be developing the capabilities to find hidden
gems, not on the radar of other companies. Furthermore, because the hiring interface
is critical for either exacerbating or mitigating discrimination, questions remain as to
how firm-driven search may affect gender, racial, or geographic discrimination.

Another contribution of our research is to the growing literature on the digitization
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of the economy and its impact on firm-behavior (e.g., Brynjolfsson and McElheran,
2016). This literature argues that firms are becoming increasingly data-driven, and
this is likely to affect how firms organize themselves to compete. We show evidence
consistent with this theory: the growing ubiquity of data about workers has forced
firms to invest in capabilities to exploit this information. In turn, this change in how
firms hire has reshaped the outcomes of workers.

While we can provide new facts about a growing, and likely impactful phenomenon,
our approach is not without limits. Our results derive from a survey and observational
data, which fundamentally limit our ability to make causal claims or concretely identify
mechanisms. However, our results paint a consistent story and provide new insights
both into the prevalence of different hiring mechanisms but also heterogeneity across
the economy. Nevertheless, we see our study as the first step towards further research
on what we identify as a growing and important phenomenon, with broad implications
for our understanding of labor market outcomes and human capital strategy.

Moving forward, the continued growth of platforms that give firms access to detailed
information about workers both outside and inside the organization will raise important
questions for scholars and practitioners. How should firms design capabilities that allow
them to find and assess worker capabilities (Barney, 1991)? How will this shift affect
the nature of existing labor market signals, such as firm status (Bidwell et al., 2015;
Rider and Tan, 2014), education (Spence, 1973), or experience (Ferguson and Hasan,
2013), and what impact will this have on the individual worker and the labor market
as a whole? Finally, how will the broadening reach of this phenomenon affect workers
beyond those in high-skilled occupations or economic hubs such as Silicon Valley or
New York as well as the global talent pool? Addressing these questions, among others,

will guide future research and practice.
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Figure 1: The top panel shows the percent of postings classified as HR jobs. The bottom
panel the percent of all postings that are for recruiting roles.
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Table 11: Firm-year regressions estimating the probability a firm posts a recruiter job. The
covariates measure the share of non-recruiting posts by the firm that require the listed skill.

Dependent Variable: Firm posts recruiter job?

(1) (2) (3) (4)
Cognitive 0.024 0.021 0.020 0.021
(0.001) (0.001) (0.001) (0.001)
Social 0.024 0.024 0.022 0.024
(0.002) (0.002) (0.002) (0.002)
Character -0.002 -0.001 -0.002 -0.001
(0.001) (0.001) (0.001) (0.001)
Writing -0.010 -0.010 -0.012 -0.010
(0.001) (0.001) (0.002) (0.001)
Customer Service 0.010 0.008 0.007 0.008
(0.001) (0.001) (0.001) (0.001)
Project Management 0.022 0.018 0.015 0.018
(0.002) (0.002) (0.002) (0.002)
People Management 0.014 0.017 0.016 0.017
(0.002) (0.002) (0.002) (0.002)
Financial -0.008 -0.007 -0.007 -0.007
(0.001) (0.001) (0.001) (0.001)
Computer 0.021 0.018 0.018 0.018
(0.003) (0.003) (0.003) (0.003)
Software 0.054 0.048 0.040 0.048
(0.007) (0.006) (0.005) (0.006)
Posting Count Control (Non-HR) Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Industry FEs No Yes Yes Yes
MSA FEs No No Yes Yes
Firm FEs No No No Yes
Observations 492,738 492,738 492,733 492,738
Number of Firms 160,716 160,716 160,715 160,716
R? 0.031 0.035 0.038 0.035

Firm-year observations. Standard errors are clustered at the firm and MSA level.
The coefficients of Character are not significant at the 0.05 level.
All the other coefficients are significant at the 0.001 level
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