
The concept of social networks has taken a
central theoretical role in the current liter-

ature on race and labor markets. For Wilson
(1987, 1996), social isolation from the world of
work is a key structural feature that leads African
Americans and Latinos to underperform in the
labor market. While the concept of social iso-
lation has a number of facets (Fernandez and
Harris 1992), one central feature that has been
repeatedly investigated is the extent to which
minorities have been cut off from job-finding

networks (e.g., Braddock and McPartland 1987;
Johnson, Farrell, and Stoloff 2000; Royster
2003; Wilson 1996)

Previous studies, however, have produced
mixed results on whether social networks pro-
duce superior job rewards for minorities.
Although the original impulse might have been
to emphasize minorities’ disconnection from
the world of work, much work suggests the
opposite, that minorities are more likely to have
obtained their job through networks than non-
minorities (e.g., Elliott 1999, 2000; Green,
Tigges, and Browne 1995; Reingold 1999).
Moreover, these studies have also found that
jobs obtained through networks pay less than
jobs obtained by other means. A similar find-
ing that informal job networks are detrimental
for the earnings of Hispanics has appeared in
Falcon (1995), Green, Tigges, and Diaz (1999),
Korenman and Turner (1996), and Mier and
Giloth (1985; but see Elliott and Sims 2001).
Rather than exclusion from white networks
(e.g., Royster 2003), the emphasis in the liter-
ature has shifted to minorities’over-reliance on
ethnic networks. Thus, the imagery that emerges
from these studies is that minorities are stuck in
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the “wrong networks,” that is, those that lead to
low-wage jobs.

There is something slippery about the way
these network arguments are currently being
used, however. Because “wrong network” is
defined in terms of the eventual outcome (a
network is “good” if it leads to a good out-
come, otherwise, it is a “wrong network”), such
explanations run the danger of circular reason-
ing. To give network accounts of minority under-
performance analytical bite, we need to specify
the mechanisms by which minorities are
“excluded” from productive networks or “stuck”
in unproductive ethnic networks.

In this paper, we elaborate the various net-
work mechanisms by which minorities can be
isolated from good job opportunities. Using
unique data from one employer, we examine
multiple steps in the chain of network referral
processes originating from employees to the
applicants for entry-level jobs at this employ-
er. To avoid the circularity inherent in extant
“wrong network” accounts, we study access to
a set of desirable jobs that are within reach of
candidates with modest levels of education and
skills. Further, we form proper baselines of
comparison using data on both networked and
non-networked minorities and non-minorities at
each stage of the process. We identify numer-
ous points in the process where network factors
could lead minorities to have less access to
these desirable jobs than non-minorities.

RACE AAND NNETWORKS IIN TTHE LLABOR
MARKET

A significant strand of research on non-minor-
ity populations has argued that jobs found
through networks are more rewarding (pay bet-
ter, are of higher status) than jobs found through
formal channels (e.g., Lin, Ensel, and Vaughn
1981). Relying on this argument, some schol-
ars (e.g., Wilson 1987, 1996) have argued by
extension that minorities might suffer from
lower labor-market achievement because they
cannot avail themselves of the superior jobs
that are accessed through networks.

The evidence is mixed, however, on whether
networks produce superior jobs, even among
non-minorities (Mouw 2003). For example,
Bridges and Villemez (1986) find no such
advantages for network hires once other factors
have been controlled. Other studies specifical-

ly addressing the effects of minority/non-minor-
ity differences in networks have also produced
mixed results. Some studies argue that racial
homophily in job-finding networks results in
racial insularity, and thus contributes to the eco-
nomic marginalization of minorities (e.g.,
Braddock and McPartland 1987). Reingold
(1999) finds that the percentage of employed
friends is a critical factor in explaining differ-
ences in word-of-mouth job finding among sev-
eral minority groups. He suggests, however,
that “there seems to be an inverse relationship
between the socioeconomic status of personal
contacts and finding work through word-of-
mouth.”

In all this research, the question arises
whether ties to employed people provide access
to jobs, or is it that working people get to know
other employed people in the course of their
work? Studies comparing the networks of
employed and unemployed individuals will
always suffer from this causal ambiguity. While
this is a general problem in the area of net-
works (do ties to higher-status people cause
superior labor market outcomes, or is it that
people with superior labor market outcomes
gain access to high-status people?), much of
the research on race and networks suffers from
this ambiguity (e.g., Fernandez and Harris 1992;
Johnson, Bienenstock, and Farrell 1999;
Johnson et al. 2000; Lichter and Oliver 2000).

One way to avoid this causal ambiguity is to
begin with samples of job seekers or job chang-
ers—as opposed to job incumbents—and exam-
ine the chances of obtaining employment for
various search methods. For example, several
projects using data from the Multi-City Study
of Urban Inequality (MCSUI) compare the ways
in which people from different race groups
found their current jobs (e.g., Elliott 1999, 2000,
2001; Green et al. 1995; Green et al. 1999;
Johnson et al. 2000). Since the job-finding
methods reported by workers are temporally
prior to having obtained the job, the use of net-
works in these studies does not suffer from the
causal ambiguity noted above because the net-
works being reported were not obtained once the
person was on the job. This research, however,
has produced little evidence that social net-
works generate superior job rewards for minori-
ties. For example, Falcon (1995), Green et al.
(1999), Korenman and Turner (1996), and Mier
and Giloth (1985) find that informal job net-
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works are detrimental for the earnings of
Hispanics. According to these studies, it would
appear that, rather than simply being cut off
from job finding networks, minorities seem to
underutilize formal methods of job search,
which lead to better jobs.

Job-seeker studies have a number of weak-
nesses, however. First, because they contain
samples of people looking for a diverse array of
jobs at many different firms, they cannot uncov-
er the specific influence of social ties on the
organizational screening process. Depending
on the firm’s particular human resources prac-
tices, personal contacts can affect the hiring
process at a number of distinct points: the for-
mation of a pool of applicants, the manner in
which applicants learn about the screening
process, the extent of information about open-
ings, and so forth. Employers certainly vary in
the degree to which they rely on the use of per-
sonal contacts as a means of recruitment (e.g.,
Holzer 1996; Marsden 2001; Marsden and
Gorman 2001), and such heterogeneity in
employers’ behavior limits our ability to inter-
pret the results for these studies.

Second, studies of job changers tend to have
limited and possibly inappropriate controls for
worker characteristics. Because the use of social
ties for job search may be related to other vari-
ables that measure the overall appropriateness
of the job seeker for the job opening (e.g., edu-
cation, relevant work experience), the general-
ly sparse controls in these studies could result
in biased assessments of the role of social ties
in hiring.

Employer surveys (e.g., Holzer 1996; Moss
and Tilly 2001) constitute an alternative
approach for studying social networks and hir-
ing. These types of studies offer valuable
insights on typical hiring practices and provide
good information about the last person hired.
Compared to job-seeker studies, research using
this approach is less vulnerable to the causal
ambiguity noted above since it is designed to
report on the employer’s recruitment behavior.
Thus, studies in this tradition have been help-
ful in fleshing-out the employer side of the hir-
ing process.

Although these studies contribute pieces to
the puzzle, it is important to realize that none
of the research discussed thus far examines
actual hiring processes, in that they cannot
address how the firm selects employees from a

pool of candidates. Without baseline informa-
tion on the presence or absence of social ties for
the pool of competing applicants, among whom
some are hired and others are not, it is impos-
sible to isolate the effect of social contacts on
hiring per se. If large proportions of job seek-
ers use their friends and relatives as sources of
information during job searches, then, even if
hiring decisions were being made randomly, a
similarly large proportion of hires would report
having used personal networks. The literature on
networks and race has similarly suffered from
a paucity of data on actual hiring processes.

To address the ways in which race and net-
works interact in hiring, we need research that
taps screening dynamics at various phases of the
hiring process and measures the ways in which
social ties might affect outcomes at each stage.
Single-firm screening studies (e.g., Fernandez,
Castilla, and Moore 2000; Fernandez and
Weinberg 1997; Petersen, Saporta, and Seidel
2000, 2004) are better suited to this task. These
papers find that referral networks have an
important role in the hiring process. While these
studies overcome the general problems of job
incumbent, job seekers, or employer-side stud-
ies, with the exception of the Petersen et al.
(2000, 2004) and Kirnan, Farley, and Geisinger
(1989) papers, screening studies cannot address
the role of race in hiring since the authors could
not identify the race or ethnicity of applicants.

Some studies using an audit framework have
addressed race differences in employer screen-
ing (Bertrand and Mullainathan 2004; Cross et
al. 1990; Heckman 1998; Pager 2003; Turner,
Fix, and Struyk 1991). These studies are limit-
ed to assessing employer behavior when candi-
dates apply via impersonal means (typically,
responses to newspaper ads) because they use
resumes from f ictitious applicants.
Consequently, they cannot study network
recruitment practices, the key concern in this
paper. Nor can these studies address, as we do
here, subsequent steps in the hiring process.

Using obviously different methods, ethnog-
raphers have also weighed in on the question of
whether minorities are cut off from job-finding
networks. For example, Kasinitz and Rosenberg
(1996) argue that poor, black residents of the
Red Hook section of Brooklyn are cut off from
good jobs on the waterfront, even though these
jobs are spatially very close by. Since people
tend to be hired into these jobs only through con-
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nections to union members who already work
there, and since few African Americans are cur-
rently employed on the waterfront, they argue
that African Americans are “missing the con-
nection” to these jobs. Interestingly, other
employers in the neighborhood appear to rely on
networks for hiring Hispanics in Kasinitz and
Rosenberg’s account. In contrast, African
Americans are well represented in jobs in the
nonprofit organizations in the area, and net-
works processes tend to lead them to these posi-
tions. Similarly, Newman (1995, 1999) in her
studies of Harlem’s low-wage service workers
argues that black youth also rely on networks in
their job finding, but that these networks tend
to lead them to low-paying jobs.

“WRONG NETWORKS”

The imagery that emerges from these accounts
is not so much one of minorities being cut off
from employment opportunities—on the con-
trary, minorities appear disproportionately to
use networks to find jobs—but one where they
are embedded in the “wrong” network, that is,
they tend to overuse networks that lead to low-
wage jobs. Since, as we noted above, a “wrong
network” is defined in terms of the outcome,
such an argument runs the risk of circular rea-
soning.

In light of the research showing that there
does not appear to be a deficit in minorities’abil-
ity to form job-finding networks per se, a key
component of the “wrong network” puzzle
comes down to understanding why minorities
are underrepresented in networks that lead to
good jobs. Addressing this issue is crucial if the
idea of “wrong network” is to be rendered fal-
sifiable. To attribute logically the exclusion of
minorities to the absence of network ties to
good opportunities, we would need to feel con-
fident that these minorities might plausibly have
been hired except for the lack of the contact (for
a discussion of causal structure of network the-
ories, see Mouw 2003). For example, when
considering modestly educated people (e.g.,
high school graduates), it would not make sense
to attribute their underrepresentation among
medical doctors to the lack of networks that
lead to the job as a proximate factor. Indeed,
what gives Kasinitz and Rosenberg’s (1996)
account of network exclusion its power is the
fact that African Americans in Red Hook could

plausibly have worked the waterfront jobs with
their existing skills.

From this perspective, it is critical to define
the various processes whereby network factors
could limit minorities’ access to desirable jobs.
In the conceptualization we advance here, the
“wrong network” account is consistent with
underrepresentation of minorities in any of a
number of stages in the recruitment and hiring
process. While past research on race and net-
works has studied various portions of the
process, it has been poorly equipped to distin-
guish among these various stages. In addition,
since policies target discrete steps in the process
(e.g., training policies are meant to affect the
formation of the applicant pool, some forms of
affirmative action are meant to affect the screen-
ing stage; see Reskin 1998), understanding each
stage is crucial for crafting effective policy
interventions.

Figure 1 presents a conceptual map of the
ways in which networks might affect the vari-
ous stages of the recruitment and hiring process.
We analytically separate the chain of network
processes into two phases: the referring process
and the screening process. We start by adopting
the perspective of the employees that might
originate network connections to desirable jobs,
and analyze minority versus non-minority rep-
resentation in this pool of workers (step 1a in
Figure 1). By doing so, we probe the theoreti-
cal argument that there might not be enough
minority workers in good jobs who can serve as
originators of word-of-mouth networks, as is the
case in Kasinitz and Rosenberg’s (1996) story
of Red Hook. Even if minorities are in a posi-
tion to originate job networks, it could be that
minorities are reluctant to pass on information
about job openings to good jobs. We flag this
issue as step 1b in Figure 1. Wilson (1987), for
example, suggests this might be a possibility in
his discussion of the exodus of the middle class
from poor areas. More recently, Smith (2005)
has found strong evidence of such reluctance to
pass on information about job openings in her
sample of low-income African Americans (see
also Newman 2005).

Even if employed minorities originate refer-
rals to desirable jobs at comparable rates to
non-minorities, the question of the race of the
target of those efforts remains (Figure 1, step
1c). As emphasized by Elliot (1999, 2000,
2001), job referral networks tend to be
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homophilous with respect to race. Waldinger
and Lichter (2003), Menjivar (2000), and
Sanders, Nee, and Sernau (2002) suggest that
such homophily is produced by chain migration
processes. Lee (1998, 2001) makes a similar
observation for African Americans. To the extent
that these networks are less than perfectly
homophilous, they will fail to reproduce the
racial composition of the referring population
(Rubineau and Fernandez 2005). Thus, while
minorities may be well-represented at earlier
phases of the referring process (i.e., steps 1a and
1b), a lack of racial insularity in the target of
referring could also serve to undermine access
to desirable jobs in step 1c.

If successful, the result of steps 1a through
1c is to deliver a set of networked minority can-
didates into the applicant pool for desirable
jobs. There is also, however, the question of the
role of networks on the demand side of the hir-
ing interface (step 2). Much research has argued
that employers prefer to hire employee referrals
(see Fernandez et al. 2000), and numerous stud-

ies (e.g., Aponte 1996; Bailey and Waldinger
1991; Jenkins 1986; Kasinitz and Rosenberg
1996; Miller and Rosenbaum 1997; Neckerman
and Kirschenman 1991; Waldinger 1996, 1999)
claim that minorities lack the necessary social
connections that employers look for in hiring.
As a consequence of this disconnection, minori-
ties are alleged to suffer at the hiring interface.
This was the pattern in Petersen et al.’s (2000)
study in which recruitment source explains the
company’s apparent avoidance of African
Americans. In this important study, African
Americans were less likely to be hired than
whites, but “once referral method is taken into
account, all race effects disappear.”

In this scenario, if minorities were well rep-
resented in the pool of networked applicants,
then employers’ preference for referrals would
act to hire minority applicants in proportion to
their representation in the networked pool of
applicants that are delivered by steps 1a to 1c.
If, however, minorities are underrepresented in
the steps that occur prior to the screening step
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Figure 1. Steps in Network Processes that Connect Candidates to Jobs
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2, then the preference for referrals would work
to transmit minority underrepresentation of the
networked pool of applicants to the pool of peo-
ple who have been hired.

Other research has found, however, that while
many employers hire through contacts generat-
ed from their existing employees, some employ-
ers avoid hiring through networks (Fernandez
et al. 2000:1296–98). For example, Ullman
(1966) reports that many employers prefer to
hire through employee referrals, but that
employers who do not like their current work
force or are having “problems with cliques”
avoid referrals. In this case, the final screening
stage of the process (step 2) would serve as a dis-
tinct point of disconnection from desirable jobs.
For an employer who is avoiding referrals, being
well represented in the pool of referred appli-
cants is bad news for minorities. On the other
hand, if the employer is neutral toward hiring
referrals, access to desirable jobs for minorities
will be provided at the last step of the process
(step 2) in proportion to the overall applicant
pool, as opposed to the networked applicant
pool. In this latter case, the employer’s screen-
ing actions at step 2 would not reinforce minori-
ties’ referral networking activities (steps 1a–1c),
but neither would the employer actions serve to
cut off minorities from desirable jobs.

STUDY DDESIGN

We address these issues using unique data on
employees working at one company site, and
trace their networks of job contacts to applicants
for entry-level jobs at an employer offering
desirable jobs that are within reach of candidates
with modest levels of education and skills.
Moreover, the population of employees work-
ing at this site is racially diverse, with minori-
ties accounting for over 50 percent of the work
force employed at this site (see Table 2). We are
limited by the data that the company collects,
but from examining the names and the locations
of schools attended we estimate that about 40
percent of the Asians working at the company
are Filipino, with the remainder spread fairly
evenly across South Asians, Koreans,
Vietnamese, and Chinese. While the company
verifies that all workers are legally eligible to
work in the United States, they do not keep
records on immigration status. Although we
cannot be sure, we suspect that substantial per-

centages of these employees are immigrants (to
be discussed later).

The data that we have collected at this site are
extremely sensitive, and issues of confidential-
ity are very salient in this case. Consequently,
we need to be spare in our description of the
company. The company we are studying is a pri-
vate, medium-sized (approximately 1,200-per-
son) firm located in the western United States.
While the company employs people at numer-
ous locations, we focus here on its headquarters
and main production facility. The entry-level
jobs that are the main focus of this study are fac-
tory-production occupations that fall into the
broad category of “Other Production
Occupations” (Bureau of Labor Statistics SOC
code 51-9000), a code that covers a range of
machine operators and tenders (see
www.bls.gov/soc/home.htm).

As a case study, we make no claims with
respect to the representativeness of the plant
under study. The in-depth information we have
available here makes this an ideal setting, how-
ever, for dissecting a number of the network
mechanisms by which minorities might be dis-
advantaged. Although some links in the chain
have been studied in a piecemeal fashion, a
number of these processes have never before
been addressed. Thus, the theoretical signifi-
cance of this case is that it provides a window
through which one can view the operations of
a set of processes that are normally hidden from
view.

Working through the firm’s human resources
department, we assembled data on the pool of
applicants, interviewees, job offers, and hires.
We collected the paper application materials
(i.e., the standardized application form and,
occasionally, resumes) for all 2,605 applica-
tions to the plant’s entry-level production jobs
over the 39-month period of the study, from
September 1, 1997 to November 30, 2000. The
number of hires over this period is 192. Over
three-quarters (77 percent) of the applications
were from people who applied only once, and
23 percent of the applications were from peo-
ple who applied multiple times during the peri-
od of the study. These repeat applicants allow
us the opportunity to examine the reliability of
the racial classif ication we use here (see
Appendix). The number of repeat applications
varied from two to six. Most of the repeat appli-
cations (72.2 percent) were second applications,
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and account for an additional 16.6 percent of the
application pool. An additional 4.0 percent of
the applicant pool was made up of applications
from people who had applied three times; only
2.3 percent of the applications were from peo-
ple who had applied four or more times.

From these paper files, we coded data on
applicants’ education, work history, and other
human capital characteristics. We also geocod-
ed candidates to the addresses they listed on the
application form. We successfully geocoded
99.8 percent of the applicants. We use the
geocoded data to calculate measures of com-
muting distance to the plant. To our knowledge,
this is the first time such spatial data has ever
been used in the analysis of an applicant pool.

The most important feature of this study site,
however, is that the plant is unusual in that it
keeps information on the racial and gender com-
position of the applicant pool. This feature of the
data allows us rare insight into the ways in
which race and networks interact in the hiring
process. In order to be hired, all applicants to the
plant must come into the receptionist’s area to
turn in a completed and signed application form.
After accepting the application form, the recep-
tionist logs the receipt of the application and
records the applicant’s apparent race and gen-
der. Therefore, race of applicant is not, as in
many surveys, self-identified, but it is based
on the receptionist’s perception. While such a
definition is well suited to our purposes of
understanding the role of race in the hiring
process, the specific procedures used by the
company to collect these data do introduce
methodological complications (see Appendix).
Because we had access to the names and sig-
natures on the application forms, we did not
need to rely solely on the logs to identify gen-
der. We were successful in coding gender for
97.2 percent of the applications.

The applicant pool for the entry-level jobs at
this company is quite diverse along racial lines.
As we discuss later, Asian Americans are clear-
ly overrepresented among employees and in the
application pool for this company. Although
the employer does not directly ask whether the
candidate is an immigrant, there is some infor-
mation on the application form (e.g., address of
previous employers, address of schools attend-
ed) that gives us some indication about the
immigrant composition of the applicant pool.
Using these criteria, 11 percent of white, 1 per-

cent of black, 17 percent of Hispanic, and 55
percent of Asian applicants are immigrants.
Immigrants from the Philippines and Mexico
account for 47 and 9 percent of the immigrant
population respectively.

A key component of our argument is that, in
dissecting the network processes as a proxi-
mate cause of success in the labor market, it is
important to consider settings where it is plau-
sible that minorities might be hired, except for
the network processes. This is crucial for ensur-
ing that we are not misattributing the effect of
networks to the effects of human capital factors.
The entry-level production jobs that we study
here are within reach for people with modest
education and labor force experience: the medi-
an years of education and labor force experience
for the people hired into these jobs over the
course of the study are 12 and 7.9 respectively.
There is also plenty of reason to think that these
jobs are desirable for modestly educated work-
ers within the context of the local labor market.
Although the nation as a whole was experienc-
ing an economic boom over most of the period
of the study, the local labor market was plagued
by high rates of unemployment ranging between
6.7 and 14.1 percent.1 In this macro-environ-
ment, full-time jobs with good medical and
pension benefits are likely to be especially
attractive. This is confirmed by the applicants’
behavior in this setting: 95.5 percent of the job
offers made were accepted.

Moreover, the wages that the firm offered
were also attractive, particularly for females
and minorities. Similar to the f irm in the
Fernandez et al. (2000) study, the company had
a policy of offering everyone the same starting
wages. For the first eight months of the study
(9/97–4/98), starting wages were $7.75 per hour;
the starting wages were then raised to $8.05
for the rest of the study. We used data from the
5 percent Public Use Micro Sample of the 2000
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Census to calculate baseline wage rates for var-
ious race and gender groups in the local area.
Following Holzer (1996), we limit the data here
to the non-college population (i.e., years of edu-
cation less than 16). Table 1 shows that the
company’s starting wages of $7.75 and $8.05 fell
in the 25th and 27th percentiles of the overall
wage distribution for males in the area. These
wages were even more attractive to females,
however: for them, $7.75 and $8.05 fell in the
35th and 36th percentiles of the overall female
wage distribution.

There was also considerable racial variation
in the levels of attractiveness of these wages.
Considering whites alone, these starting wages
fell in the 18th and 19th percentiles of the male
wage distribution, and in the 30th and 31st per-
centiles of the female distribution. These wages
placed considerably higher in the wage distri-
bution for minorities, especially minority

females. The company’s wages fell in the 27th
and 28th percentiles of the wage distribution for
male African Americans and in the 37th and
38th percentiles for African American females.
For both genders, these wages were even more
attractive to Hispanics, for whom the company’s
starting wages fell in the 35th and 36th per-
centiles of their male distribution, and in the
43rd and 44th percentiles of the wage distribu-
tion for Hispanic females. Asians, too, showed
a similar pattern. For Asian males, the compa-
ny’s offered wages fell in the 32nd and 35th
percentiles, a difference of 14 and 16 points
compared to white males. For Asian females, the
difference was nine and 10 points compared to
the wage percentiles of white females, that is,
the 39th and 41st percentiles.

Starting wages do not tell the whole story,
however. This firm shares various elements of
a classic internal labor market (Doeringer and
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Table 1. Percentile Ranks of Company Offered Wages in Wage Distribution of all Non-College Population in
Local Metro Area By Racial Group

All Racial Groups Non-Hispanic White African American

Male Female Male Female Male Female

Starting Wages (N = 192)
—Hired 9/97–4/98
——8.3% ($7.75) 25 35 18 30 27 37
—Hired 5/98–11/00
——91.7% ($8.05) 27 36 19 31 28 38

Wages after 90 Day Probation (N = 109)
——15.6% ($8.05) 27 36 19 31 28 38
——62.4% ($8.50) 29 40 21 34 32 41
——21.1% ($10.05) 37 51 27 45 40 48
——0.1% ($10.35) 38 52 28 46 41 48

Hispanic Asian American All Minorities

Male Female Male Female Male Female

Starting Wages (N = 192)
—Hired 9/97–4/98
——8.3% ($7.75) 35 43 32 39 33 41
—Hired 5/98–11/00
——91.7% ($8.05) 36 44 35 41 35 42

Wages after 90 Day Probation (N = 109)
——15.6% ($8.05) 36 44 35 41 35 42
——62.4% ($8.50) 39 49 37 45 37 46
——21.1% ($10.05) 49 61 43 55 46 58
——0.1% ($10.35) 50 62 45 57 48 59

Source: Persons in the U.S. Census Bureau’s 5 percent 2000 Public Use Micro Sample for the local metro area
who are at least 15 years of age and have fewer than 16 years of education with positive wage and salary income
in 1999. Data are weighted to reflect the population.



Piore 1971), with most hiring occurring at the
entry-level “ports of entry,” and with internal
promotion ladders. New hires go through a 90-
day probation period, after which pay raises are
commonly granted. Of the 192 hires, 56 people
(29.2 percent) turned over prior to the end of the
90-day probation. An additional 16 people were
re-hires, and had already passed the probation
period at the time of the second hire. We did not
observe the end of the probation period for 11
people, who were censored because we fin-
ished the study prior to the end of their 90-day
probation. Looking at the raises for the remain-
ing 109 new hires, 68 people (62.4 percent)
received pay increases to $8.50. Seventeen peo-
ple (15.6 percent) did not receive a raise, but 23
people (21.1 percent) had their hourly wage
increased to $10.05 per hour, and one person
received a pay increase to $10.35. Data under
the second heading in Table 1 shows that these
increases place the company’s wages in, respec-
tively, the 29th, 37th, and 38th percentiles of the
local wage distribution for males. Here, too,
these wages were more attractive for females
than for males by 11 to 14 points; that is, these
wages fell at the 40th, 51st, and 52nd percentiles
for females.

Similar to the pattern in the top section of
Table 1, the post-probation wages are consid-
erably more attractive to minorities than to non-
minorities of both sexes. Whereas these wages
cut at the 21st, 27th, and 28th percentiles for
white males, they fell at the 32nd, 40th, and
41st percentiles for African American males, the
37th, 43rd, and 45th percentiles for Asian males,
and the 39th, 49th, and 50th percentiles for
Hispanic males. Similarly stark race contrasts
appear for females (c.f. columns for whites and
each minority group). Indeed, the top wage of
$10.35 approaches the median of the wage dis-
tribution for white and African American
women in the area (46th and 48th percentiles),
while the $10.35 figure well exceeds the medi-
an for Hispanic and Asian females (62nd and
57th percentiles).

Although the underrepresentation of minori-
ties in job-referral networks is often cited as an
element of network accounts of race and pover-
ty, there is a paucity of information on the role
of networks and race in the hiring process per
se (for a thorough review, see Petersen et al.
2000). In these data, we distinguish networked
candidates using data collected from the origi-

nal application forms submitted for entry-level
jobs at the plant. The application form has an
item that explicitly asks about recruitment
source: “How did you find out about the job?”
and lists several boxes to check. One of the
boxes is “Current [NAME OF COMPANY]
employee,” and includes space for the name of
the referrer. Because we can identify the recruit-
ment source at application, and follow candi-
dates through pre-hire screening, we can address
demand-side arguments about the employers’
favoring referrals in the screening process.
Employee referrals made up 30.2 percent of
the applications for which we could identify
recruitment source (773 of the 2,556; the recruit-
ment source was left blank for 49 of the 2,605
applications), and non-referrals made up 70.3
percent. Among these non-referrals, however,
there were 164 applications that did not contain
a check in the box indicating that an employee
had referred them, but they did list a word-of-
mouth source: 146 of these applications simply
listed “friend,” and another 18 applications list-
ed a name. A search of the company records
showed that none of these 18 individuals was
ever employed at the company. We will distin-
guish these as “non-employee referrals” in our
analyses.

Whereas most past research has collected
data on the characteristics of the job contact
once people have been hired (e.g., Corcoran,
Datcher, and Duncan 1980), we have been able
to link referrers with their referrals for a large
percentage of candidates at the application
phase. Of the applications indicating that the
applicant was referred by employees of the
company, 83.7 percent (647 of 773) supplied the
name of the referrer, and 126 declined to give
the name of the referrer (122 applicants left the
space on the application form blank, and four
others filled in “friend”). In contrast to the set-
tings of some past research (e.g., Fernandez et
al. 2000; Fernandez and Weinberg 1997), this
company does not pay employees for their refer-
rals. Thus, workers do not have any financial
incentive to ensure that applicants will fill in
their name as referrers on the application form
(see Neckerman and Fernandez 2003;
Fernandez and Castilla 2001 for analyses of
referring incentives). This is likely to account for
the relative laxity that these applicants show in
providing the name of their referrer.
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From company data sources, we located
employment records for 95.9 percent (602) of
the 628 referrers who were named on the appli-
cation form. The missing 26 applications list-
ed only a first name on the application form;
since many of these names were common, we
could not generate unique matches for them
from the employee database. By tracing back
their names in the company’s employee data-
base, we were able to match 216 referrers to
these 602 referrals. The number of referrals
produced per referrer varied between one and
20.2 Of these 216 referrers, 39.3 percent pro-
duced only one referral applicant, and 26.4 per-
cent originated two referral applications.

For studying who among company employ-
ees produces referrals, we built a dataset gleaned
from the company’s personnel records. We iden-
tified 557 workers who were employed at the
focal plant at any point over the 39-month peri-
od of the study, and thus, were at risk of origi-
nating referrals to the site of the study. We coded
worker’s self-identified race and gender as it was
provided to the company for purposes of com-
plying with Equal Employment Opportunity
policies. As we noted earlier, minorities con-
stituted over 50 percent of the work force
employed at this site. This feature is crucial for
addressing the question of whether minority
workers are less likely than other workers to
originate networks. This is in contrast to Kasinitz
and Rosenberg’s (1996) case where there were
no minorities at all employed in desirable water-
front jobs. There, the network disconnection
occurs at the very origin of the referral net-
works, since there were no minorities to activate
referral processes. The situation in the setting
of our article is clearly not as stark. An impor-
tant advantage of the current study, however, is
that we are able to examine multiple points
beyond origination where minorities’ network
exclusion could occur in this setting. We com-
bined the employee race data with the recep-
tionist’s information on the race of the applicant
to explore the role of racial and ethnic homophi-
ly (i.e., the tendency of people to refer people

of the same race) in job contact networks. Lastly,
we were successful in geocoding the addresses
of 98.4 percent (548 of 557) of the workers
employed at the focal plant during the period of
the study. These geocoded data are important for
comparing the race distribution of company
employees with the race composition of the
area in which the plant is located.

ANALYSES

ARE MINORITY EMPLOYEES AVAILABLE TO

REFER?

The first way that “wrong network” processes
could manifest themselves in this context is by
the absence of minorities and poor workers
among the originators of job contact networks
(see step 1a in Figure 1). We begin by studying
the race and gender distribution of the potential
originators of job contact networks, that is, the
group of employees at the company who might
serve as network conduits to the firm.

The first two columns of Table 2 show the
race distribution by gender for all plant employ-
ees who could have produced referral applica-
tions to the company over the period of the
study for employees at the focal plant. For both
males and females, over half the workers
employed at this company are minorities. The
next two columns show the race distribution
for male and female entry-level employees who
might be especially likely to refer people to the
entry-level jobs at this company. For both gen-
ders, the percentage of minorities increases,
and the percentage of whites decreases com-
pared to the full population of employees at the
plant. Among minorities, relatively large per-
centages of Asian Americans and Hispanics,
but more modest percentages of African
Americans, are represented in entry-level jobs
and in the company overall.

We also examined the pattern of gender rep-
resentation at the company. Women make up
63.2 percent of the work force at the plant and
69.4 percent of the incumbents of entry-level
jobs. This pattern of female overrepresentation
occurs irrespective of race. The only exception
to this is the African Americans, for whom the
gender distribution is much more evenly divid-
ed: 47.8 percent of blacks in the company over-
all are female, and 56.3 percent of blacks in
entry-level jobs are women.
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recruitment efforts in these data. We use the phrase
“produce referrals” because we observe only those
recruitment attempts where the referral actually ends
up applying to the company.



It is well known, however, that race is uneven-
ly distributed across space within labor markets
(Fernandez and Su 2004). We gain further
insight by comparing these race and gender dis-
tributions of workers with the composition of
persons employed in the local area. For this
task, we use data from the 5 percent sample of
the 2000 Public Use Micro Sample (PUMS)
for the local metro area, which contains approx-
imately 1 million residents. As with the analy-
ses presented in Table 1, we adjust the data to
focus on the non-college labor force.3

Against this spatially defined external base-
line, white workers of both genders are under-
represented in the factory under study. The
percentages of African Americans employed at
the factory are quite similar, however, to their
respective proportions in the metro area.
Hispanic males are underrepresented in entry-
level jobs (28.6 vs. 35.3 percent) and the com-
pany overall (24.9 vs. 35.3 percent). The most
noteworthy pattern, however, is the extremely
large overrepresentation of Asians. For both
male and females, and whether the comparison

is to all employees or only to entry-level employ-
ees, the Asian percentage of the company’s work
force is much higher than that of the local labor
catchment area as measured by the PUMS.
Asians make up only 6.5 and 6.1 percent of
employed females and males in the metropoli-
tan labor market, but account for nearly a quar-
ter of females (23.3 percent) and over a quarter
of males (26.8 percent) employed at the com-
pany. The Asian overrepresentation is even larg-
er when considering the entry-level employees,
especially for males (c.f. 35.7 vs. 6.1 percent).

In sum, the analyses of step 1a of the process
show that relatively large percentages of Asian
Americans and Hispanics, but small percentages
of African Americans, are available to refer oth-
ers in this setting. At least with respect to
Hispanics and Asians, substantial numbers of
minorities are available to serve as potential
originators of job networks that lead to this
company. While African Americans are in short
supply in this setting, this shortage appears to
be attributable to their relative scarcity in the
employed work force in the metro area in which
the firm is located.

DO MINORITY EMPLOYEES REFER?

We now address the next step in the “wrong net-
work” story, that is, whether minorities in fact
originate job networks that lead to the factory
jobs at this site (step 1b in Figure 1). We were
able to match referrer information to the appli-
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Table 2. Racial and Gender Distributions of Workers Employed During Hiring Window (September, 1997–
November, 2000), and Persons Employed in Metropolitan Area

All Plant Entry Level
Employeesa Employees Only 2000 PUMSb

Female Male Female Male Female Male

Non-Hispanic White 44.0 41.5 38.5 28.6 54.3 50.4
African American 3.1 5.9 3.1 5.6 5.0 4.0
Hispanic 28.7 24.9 30.1 28.6 29.8 35.3
Asian American 23.3 26.8 27.6 35.7 6.5 6.1
Native American 0.9 1.0 0.7 1.6 0.9 0.7
Other, Multirace — — — — — —
Total 100.0 100.0 100.0 100.0 100.0 100.0

Total N 352 205 286 126 174838 208174

a Each person is counted equally if they were employed at any time during hiring window (September 1, 1997–
November 30, 2000).
b Persons in the 5 percent 2000 PUMS who are at least 15 years of age and less than 16 years of education with
positive wage and salary income in 1999. Data are weighted to reflect the population.

3 In analyses not reported here, we used data from
the 2000 census to calculate the race distribution of
the general population for catchment areas of 25
km., 50 km., and 100 km. Those results are virtual-
ly the same as those we report here for the PUMS.
Thus, our findings are robust to varying the size of
the labor catchment area.



cations for 200 referrers. Of the 557 employees
working at the focal plant, these 200 employees
(35.9 percent) originated a total of 580 appli-
cations over the 39-month period of the study.

The first column of Table 3 shows race dif-
ferences in the percentage of employees origi-
nating at least one referral applicant. Over half
(50.9 percent) of Asian American male employ-
ees and 45.1 percent of Asian females originated
at least one referral applicant. Within gender,
Hispanics produced the next highest percentage
of referral applicants (females: 44.6 percent,
males: 41.2 percent). About a third of African
Americans of both genders (33.3 and 36.4 per-
cent) originated at least one referral to the plant.
Interestingly, whites show the lowest rates of
producing referrals: 27.7 percent for females
and 18.8 percent for males. The next two
columns of Table 3 show the average number of
referrals produced by employees of each race
group. Here, too, Asians are the most active
networkers (producing an average of 2.27 refer-
rals for males and 1.58 for females), and whites
are the least active in originating referrals (0.47
for males, and 0.51 for females).

One limitation of the analysis presented in
Table 3 is that it does not control for any back-
ground factors. To determine whether back-
ground factors might account for the observed
race differences in referral behavior, we devel-
oped a set of predictive models (i.e., negative
binomial regressions) of referring, including a
number of background variables among the
regressors. One potentially important variable
is the amount of time that individuals are
employed during the hiring window and are

therefore available to produce referral appli-
cants. Such heterogeneity can have important
effects on estimates of the rate of referring. To
see this, consider two individuals, both of whom
originate the same number of referrals. If one
person has been employed only for a short
amount of time, and a second person has been
employed for a much longer span of time, then
the probability of referring within a given time
unit is greater for the former than the latter
individual. We use the number of days employed
during the period of the study as a measure of
exposure to the risk of referring in the models.
In the STATA software implementation that we
used to estimate the model, exposure is entered
directly into the log-link function of the model,
and thus does not appear as a regressor in Table
5.

We also include in the model demographic
background factors of gender and age. Also,
since job networks often involve kin (see, e.g.,
Grieco 1987; Waldinger and Lichter 2003), we
include measures of marital status (1 = married)
and family size among the regressors. The lat-
ter measure is coded from company records on
the number of dependents that workers claim for
medical benefits. Similar to Fernandez and
Castilla (2001), we control for hourly wages
since low-wage workers might be better posi-
tioned than high-wage workers to know about
openings for these entry-level jobs. Wages might
also measure structural accessibility to appro-
priate candidates, since high-wage workers are
probably less likely to know people who would
be interested in applying for these relatively
low-wage entry-level jobs. We also control for
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Table 3. Referring Behavior by Race/Ethnicity and Gender

% Employees Producing Referrals Average Number of Referrals Produced

Referrer’s Race Female Male Total Female Male Total

Non-Hispanic White 27.7 18.8 24.6 .510 .471 .496
(155) (85) (240) (155) (85) (240)

African American 36.4 33.3 34.8 1.000 1.667 1.348
(11) (12) (23) (11) (12) (23)

Hispanic 44.6 41.2 43.4 1.267 .882 1.138
(101) (51) (152) (101) (51) (152)

Asian American 45.1 50.9 47.4 1.585 2.273 1.861
(82) (55) (137) (82) (55) (137)

Total 36.6 34.6 35.9 .989 1.132 1.041
(352) (205) (557) (352) (205) (557)

Note: Number of cases in parentheses.



years of organizational tenure, since longer-
term employees are likely to be far removed
from these entry-level positions, and thus are
less likely to originate referrals to these jobs.
Lastly, we include in the model controls for dis-
tance measured in airline kilometers between the
home address of the referrer and the address of
the plant. To the extent that referrers are tied to
people who live near them, we would expect the
relative attractiveness of the job to referred peo-
ple to fall off the greater the commuting distance
to the plant. This, in turn, is likely to affect the
rates at which the targets of referral attempts
respond to overtures being made by referrers and
actually apply to the company. Since there is
some distance beyond which it makes little
sense to commute for a low-wage job, we expect
the effect of distance on referring to decay at
high distances. We explore this pattern by
including both linear and squared measures of
distance.4

Table 4 presents descriptive statistics for these
background factors. Noteworthy in Table 4 is
that the “days of exposure” variable shows wide
variation across individuals in the number of
days that people were employed during the win-
dow of study (minimum = 9, maximum =
1,248). Table 5 reports the result of negative
binomial count models of the number of refer-
rals produced by employees, adjusting for the
time that each individual is employed at the
company during the hiring window (see
Cameron and Trivedi 1998:3). Model 1 exam-
ines race and gender differences in producing
referrals controlling only for length of time
exposed to the risk of referring. To facilitate the
comparison between Models 1 and 2, we have
dropped from the analysis 10 cases that are
missing on the background factors used in
Model 2. (Adding the 10 cases for estimation
of Model 1 does not change the substantive
results). Model 1 shows that there are no sig-
nificant gender differences in the counts of
referrals originated by employees at the com-
pany. There are race differences, however. The
counts of referrals produced by members of all
three major minority groups are greater than
those produced by whites. As was the pattern in
Table 3, Asian Americans originated the most
referrals. African Americans, too, produced
more referral applicants than did whites. The
black-white difference in originating referrals is
so pronounced that, despite their modest num-
bers in the plant, the contrast between African
Americans and whites is statistically reliable.
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Table 4. Descriptive Statistics of Variables Used in Predictive Models of Referring

Mean Std. Dev. Minimum Maximum

African American .042 .201 0 1
Hispanic .274 .446 0 1
Asian American .245 .430 0 1
Native American .009 .095 0 1
Gender (Male = 1) .367 .482 0 1
Age (in years) 34.186 10.075 18.218 61.128
Marital Status (1 = Married) .558 .497 0 1
Number of Dependents 1.731 1.573 0 7
Hourly Wage (in $s) 12.699 5.036 6.000 49.520
Tenure (in years) 2.790 4.539 0 31.641
Air Distance to Plant, km (e–1) 2.059 2.213 .020 17.131
Air Distance squared (e–2) 9.126 26.129 .000 293.461
Days of Exposure (e–2) 9.393 4.119 9 1248
Number of Referrals Produced 1.047 2.263 0 20

Note: N = 547.

4 A number of these factors are potentially time
varying. Unfortunately we do not have information
on when these variables changed during the study. For
the 61.8 percent of the cases that had been hired
prior to the start of the study, we observe age, mari-
tal status, dependents, distance, wages, and tenure at
the start of the study. For the 38.2 percent of cases
that were hired after the study began, we observe these
variables at hire. For these, we coded tenure as zero
since tenure is equivalent to the length of exposure
to the risk of referring.



Hispanics were also the source of more refer-
rals than were whites.

We next examined whether these race dif-
ferences in referral behavior could be explained
by the other background factors (Model 2).
Considering the effects of the controls, older
workers were significantly less likely to produce
referrals than were younger workers. Although
marital status did not significantly predict orig-
inating referrals, the number of dependents that
workers listed with the company is positively
associated with producing referral applications.

In contrast, the effect of organizational tenure
on producing referrals is negative and statisti-
cally significant. The count of referral applica-
tions produced falls with workers’distance from
the plant. Although it is only significant at the
0.10 level, the squared term for distance shows
that, as predicted, the relationship between dis-
tance and number of referrals produced flat-
tens out for workers located farther away from
the plant.

Turning to the main variables of interest, we
find that the race and gender differences are
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Table 5. Negative Binomial Regression Models Predicting the Count of Referrals Produced

Model 1 Model 2

Marginal Marginal
Coefficient Effect Coefficient Effect

African American 1.425 *** 1.213 1.435 *** 1.285
(3.51) (3.21)

Hispanic .869 *** .532 .859 *** .546
(4.20) (4.03)

Asian American 1.469 *** 1.286 1.511 *** 1.418
(7.06) (6.88)

Native American .538 .274 .818 .508
(0.51) (0.82)

Gender (Male = 1) –0.013 –.005 –.047 –.018
(–0.07) (–0.26)

Age (in years) –.026 ** –.010
(–2.98)

Marital Status (1 = Married) –.333 –.159
(–1.54)

Number of Dependents .250 *** .100
(3.67)

Hourly Wage (in $s) .013 .005
(0.48)

Tenure (in years) –.074 * –.030
(–2.46)

Air Distance from Plant (km) –.023 * –.009
(–2.28)

Air Distance squared .00017 .00007
(1.80)

Constant –7.597 *** –6.741 ***
(–49.46) (–14.22)

LR �2 51.62 with 5 d.f. 86.88 with 12 d.f.
p < .00001 .00001

Number of cases 547 547

Note: Z-values are in parentheses. Exposure is set to the length of time employed during the hiring window.
a Change in the conditional mean of the dependent variable associated with a unit change in the independent
variable, evaluated at the means of days of exposure, tenure, age, number of dependents, distance, distance
squared, and for the modal categories of the other independent variables (i.e., females, married, not black, not
Hispanic, not Asian, and not Native American).
* p < .05; ** p < .01; *** p < .001.



robust to the addition of these control variables.
Gender continues to be an insignificant pre-
dictor of referring, but African Americans, Asian
Americans, and Hispanics are all significantly
more likely to produce referral applications
than are whites. Native Americans, however,
are not significantly different from whites in
their ability to produce referrals. Adding gen-
der by race interactions does not improve the fit
of the model (p < .196; LR �2 = 4.69 with 3
d.f.). Thus, at step 1b in Figure 1, we have no
evidence that minorities are less likely than
whites to produce referral applicants, even after
controlling for several background factors.

DO MINORITY EMPLOYEES REFER MINORITY

APPLICANTS?

We next examine step 1c in Figure 1, the race
of the referred applicants that have been pro-
duced by this process. We use several baselines
of comparison in assessing whether step 1c of
the process is a point of disconnection in the
chain of network contacts leading to these jobs.
The first and simplest criterion of disconnection
is whether there are any minorities at all pro-
duced by the referral process, irrespective of the
race of the referrer. This was clearly not the
case in Kasinitz and Rosenberg’s (1996) study:
not only were minorities absent and thus could
not originate referrals (step 1a), none of the
non-minorities employed in the waterfront jobs
referred minorities.

Table 6 shows the race and ethnic distribution
of applicants produced by referrers of different
racial and ethnic backgrounds. Along the rows
is the self-identified race or ethnic group of the
referrer as it was provided to the company when

the worker was hired. Listed along the columns
is the race or ethnicity of the 306 referral appli-
cants who applied during the period and whom
we could match to the receptionist’s coding of
the applicant’s race based on their appearance
(see Appendix). There is a strong overall rela-
tionship between the race of the referrer and the
race of the referral applicant in Table 6 (p <
.0001; log-likelihood �2 = 151.829, with 9 d.f.).
The results are very similar when the analyses
are divided by gender (males: p < .0001; log-
likelihood �2 = 64.999, with 9 d.f.; females: p
< .0001; log-likelihood �2 = 97.657, with 9
d.f.). Indeed, all the results regarding race
homophily are very similar across gender. Most
important for our purposes, over half of the
referred applicants of either gender are minori-
ties (males: 61.8 percent; females: 57.2 per-
cent). Clearly, by this first criterion, minorities
are not absolutely cut off at step 1c.

A more stringent criterion, however, would be
to assess whether the referral process is repro-
ducing the racial distribution of the referring
population. The baseline here is the race distri-
bution of referrers surviving prior steps in the
process, that is, the race distribution of referrers
at step 1b. Of the 200 employees producing
referrals during the study window, 29.5 percent
were white, 4.0 percent were African American,
33.0 percent were Hispanic, 32.5 percent were
Asian American, and 1.0 percent were Native
American. As we noted earlier, there were
marked race differences in the extent to which
these employees produced at least one referral,
and in the number of referrals per referrer (Table
3). Looking at the race distribution of the refer-
rals produced by these referrers (row 5, Table 6),
we find that whites account for a higher per-
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Table 6. Racial Distribution of Employee Referral Applicants By Race of the Referrer, Compared With Race
Distribution Of Non-Network Applicants (Row Percentages)

Applicant’s Race (Identified by Receptionist)

Non-Hispanic African Asian Number of
Referrer’s Race (Self-Identified) White American Hispanic American Cases

Non-Hispanic White Referrer 76.9 a 1.5 15.4 6.2 65
African American Referrer 35.3 41.2 5.9 17.6 17
Hispanic Referrer 39.3 6.7 41.6 12.4 89
Asian American Referrer 25.2 2.2 7.4 65.2 135

Total Referred Applicants 40.8 5.6 19.0 34.6 306
Non-Network Applicants 48.9 5.5 23.5 21.4 887

a Same-race (diagonal) cells.



centage of the referral pool than of the origi-
nating population of referrals (40.8 vs. 29.5
percent). The diagonal element for whites shows
that they are the most racially insular of the
groups in referring: 76.9 percent of the referrals
produced by white employees are white. This is
consistent with network accounts that empha-
size racially insular job-contact networks as a
means of advantaging whites (e.g., Royster
2003). In contrast, the percentage of blacks in
the referral pool is quite similar to that of the
referrers (5.6 vs. 4.0 percent), and the percent-
age of Asians in the referral pool also matches
the percentage of the referring population quite
closely (34.6 vs. 32.5).

The lone exception to this pattern is the
Hispanics: they constitute nearly a third of refer-
rers, but only 19 percent of referrals. Some part
of this result could be due to measurement error
introduced by the receptionist’s relatively high
inconsistency in classifying Hispanics. Analyses
of the racial classification of repeat applicants
(see Appendix) show that the receptionist would
sometimes switch the racial classifications of
whites and Hispanics. If the first application
from a person was coded as Hispanic, the sec-
ond application from the same person was coded
as white 13.5 percent of the time. The confusion
appears in the other direction as well: for first-
time applications who were coded as white, the
second application from the same person was
switched to Hispanic 10.7 percent of the time.
In contrast, the large off-diagonal percentages
for African Americans and Asian Americans
are not likely to be due to the receptionist’s
inconsistency in coding race. For these groups,
the receptionist was very consistent across mul-
tiple applications from the same person, with
inconsistency rates of only 2.0 percent for Asian
Americans and 0.0 percent for the small num-
ber of African Americans (see Table A1). As an
upper-bound estimate of the effect of the mis-
classification, we reclassified all the referrals
from Hispanics that were listed as white by the
receptionist as Hispanic referrals, and all the
Hispanic referrals produced by white referrers
as white. This raises the marginal percentage of
Hispanic referrals from 19 percent to 23.9 per-
cent, a number that is still considerably less
than the 33 percent of the referring population
that is Hispanic. Although the extent of dis-
connection is not absolute, by failing to replen-
ish the supply of referral applicants in proportion

to their representation among referrers,
Hispanics are being cut off, in relative terms,
from the networks leading to these jobs.

While the reclassification exercise still leaves
a large unexplained gap for Hispanics, it is
worth noting the impact of the reclassification
on inferences about the extent of connection
for whites. The net impact of the reclassifica-
tion exercise is to lower the estimated percent-
age of whites among referrals to 29.4 percent,
a figure virtually identical to the 29.5 percent-
age of whites among referrers. Therefore, using
the race distribution of the referring popula-
tion as a baseline, the measurement error intro-
duced by the receptionist’s misclassification
could account for the disproportionate access
whites appear to be granted at step 1c.

A f inal criterion for assessing whether
minorities suffer disadvantages at step 1c
depends on whether minority employees refer
minority applicants less than they refer white
applicants. Network accounts of racial factors
in the labor market emphasize the importance
of racial insularity of job contact networks in
channeling people of distinct races to different
jobs (Elliott 1999, 2001; Royster 2003;
Waldinger and Lichter 2003; Wilson 1996).
Given that minorities are well represented in
steps 1a and 1b, a lack of racial homophily in
the target of referring could weaken minori-
ties’ links to the jobs at this company.

Table 6 shows considerable evidence of the
cross-race referring of whites by minorities:
percentages of white referrals originated by
Hispanic, African American, and Asian
American referrers are respectively, 39.3, 35.3,
and 25.2 percent. As discussed above, the large
percentage for Hispanics is likely an overesti-
mate due to measurement error introduced by
the receptionist’s inconsistency in classifying
Hispanic referrals. Irrespective of which minor-
ity group one considers, however, the percent-
age referring whites is lower than the percentage
referring minorities. While there is considerable
variation across rows, for each row the largest
percentage appears in the same-race (diagonal)
cell. Over three-quarters (76.9 percent) of refer-
rals produced by whites are white, according to
the company’s receptionist. The next largest
percentage on the diagonal is for Asian
American referrers: 65.2 percent of the referral
applications produced by Asians are coded as
Asian by the receptionist. Although relatively
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low percentages appear on the diagonal for
Hispanic and African American referrers (41.6
and 41.2 percent respectively), in both cases
these numbers exceed the percentage of whites
being referred. By this final criterion, we find
no evidence that a lack of racial homophily in
minorities’ referring patterns is weakening
minorities’ access to this company. This con-
clusion is robust to the inclusion of a number
of control variables in multivariate analyses.5

In sum, we have found little evidence that
minorities in this setting are cut off from the job
networks that lead to employment at this com-
pany due to the behavior of the originators of
referral networks. We have shown that minori-
ties (i.e., African Americans, Hispanics, and
Asian Americans) are well represented among
the employees of this firm, and thus are avail-
able to serve as originators of referral networks
to the company (step 1a). Although only a small
number of African Americans are employed at
the company, at least some part of their short
supply is likely to be attributable to the relative
scarcity of African Americans in the area in
which the firm is located. Moreover, in the data
presented in Tables 3 and 5, whites show the
lowest level of participation in networking activ-
ities among the racial and ethnic groups of
employees. We found no evidence that minori-
ties are absent from job networks that lead to
employment at this company due to minority
employees’ relative ineffectiveness compared
with whites in recruiting employee referrals
(step 1b). Indeed, these findings are consistent
with other research (e.g., Elliott 1999, 2001;
Reingold 1999) suggesting that minorities use
networks more often than whites in job search-
es. Although the firm employs a highly female
work force, we found no evidence of gender
affecting racial patterns in the propensity to
participate in networking.

At the last stage of the referring process (step
1c), we find that minority referrals are well rep-
resented in the pool of referral applicants and

thus are not absolutely cut off from access to the
jobs at this firm. Considering more relative cri-
teria for assessing whether minorities are dis-
connected, we f ind that—except for
Hispanics—the net result of the referring
process is for minorities to reproduce the stock
of referred applicants in proportion to their rep-
resentation among referrers. Finally, all minor-
ity groups in this setting display sufficient racial
homophily in their referring patterns that their
representation at earlier phases (steps 1a and 1b)
is not eroded: minorities’ referrals of their own
groups match or exceed their referrals of whites.
Thus, irrespective of the baselines of compari-
son, at step 1c we find little evidence of dis-
connection from the job opportunities at this
firm.

HIRING INTERFACE

The net result of the network referral process-
es emanating from the company employees is
to produce a pool of applications that is racial-
ly diverse. As the last row of Table 6 shows, non-
network applicants to this company are also
racially diverse. The analyses thus far have yet
to address the screening process, however (step
2 in Figure 1). Even if minorities are well rep-
resented in the application pool, this does not
necessarily mean that they will be similarly rep-
resented at subsequent stages of the screening
process, such as interview, job offer, or hire.

As we discussed earlier, the role of referral
networks depends on the employer’s attitude
toward referrals. If the employer prefers refer-
rals—perhaps by giving them the benefit of the
doubt (see Fernandez and Sosa, forthcoming)—
then having minorities well represented in the
pool of referrals will serve to strengthen their
representation at later stages of the screening
process. If the employer is avoiding hiring refer-
rals, however, then minorities’ representation
in the referral pool will work against them.
While employers pay employees for referrals in
many settings (e.g., Fernandez et al. 2000), that
is not the case in this company. As pointed out
by an anonymous reviewer, this is prima facie
evidence that the employer does not prefer refer-
rals. We interviewed the entire four-person staff
of the factory’s human resources department
concerning the company’s recruitment prac-
tices. Interviews totaled approximately three
hours with the head of the human resources
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5 In separate analyses, we estimated negative bino-
mial regression models predicting the count of white
referrals including the regressors shown in Table 5 as
controls. While there are clear patterns of same-race
effects in predicting the count of black, Hispanic, and
Asian referrals, we found no evidence of race dif-
ferences in the count of white referrals.



department, and one hour each with the other
three HR personnel. In addition, we spent a
total of eight days in the HR offices working
with these people to obtain copies of the appli-
cation and employee records that we coded for
this study. None of these people responded affir-
matively when asked directly whether they
showed any preference for referrals as a matter
of policy. The most common phrasing of these
responses was that “referrals are treated like
everyone else.” Consequently, we do not expect
the screening and hiring process to strengthen
minority representation among the pool of hires
via a preference for referrals (step 2, right-hand
arrow in Figure 1). On the other hand, we have
no evidence that this employer is avoiding refer-
rals (step 2, left-hand arrow leading to “Wrong
Network” in Figure 1).

To check whether screeners play this role at
step 2, we assembled data on all applicants for
entry-level jobs at the company over the peri-
od of the study and tracked their progress
through the hiring pipeline. We coded whether
initial applicants were granted at least one inter-
view by company personnel and whether they
were offered a job. At least one in-person inter-
view was conducted by the human resources
department; the standard operating procedure is
for the human resources department then to
send successful interviewees on for a subse-
quent interview with the hiring manager who
requested the position be filled. The decision to
make a job offer is then made by the hiring
manager.

Figure 2a shows the race and network com-
position of female candidates as they move
from application, to interview, to offer, and
finally to the hiring stages of the screening
process. Overall, there is little evidence of a
preference for networked candidates among
females: networked candidates were 33.9 per-
cent of female applicants, and 35.3 percent of
female hires. Although the number of networked
black females became nil, the race distribution
did not otherwise change very much across the
stages.

Turning to males (Figure 2b), several pat-
terns are noteworthy. First, for each race group,
the non-networked share of the population of
applicants is greater than the proportion of net-
worked applicants. For whites, the networked vs.
non-networked percentage nearly doubles (30.1
vs. 15.3 percent), and nearly triples for

Hispanics (14.6 vs. 4.5 percent). Looking across
the stages for non-network candidates (i.e., top
of Figure 2b), we find that the share of Asians
grows substantially from 16.8 percent of appli-
cants to 28.6 percent of hires. The share of non-
networked Hispanics and blacks also increases
across stages, albeit less dramatically. This
growth among the non-networked minorities is
balanced by a large decline across the stages in
the number of non-networked white males, from
30.1 percent of the initial applicant pool to 17.1
percent of hires.

The most important pattern for our purpos-
es is revealed in the bottom portion of Figure 2b,
however. The percentage of networked appli-
cants does not increase across the various stages
of the screening process. If anything, the gen-
eral pattern is one where networked candidates
decline relative to non-networked candidates
across the stages: networked candidates con-
stitute 35.3 percent of the overall male applicant
pool, and 28.6 percent of the overall set of hires.
For whites, the decline is substantial, from 15.3
of applicants to 5.7 percent of hires. Thus, nei-
ther Figure 2a nor Figure 2b show evidence
that this employer prefers candidates who were
referred to the company; if anything, the gen-
eral pattern among males is one where net-
worked candidates decline relative to
non-networked candidates across the stages.

The analyses presented thus far do not con-
trol for other variables that might influence
screeners’ choices, however. As a way of intro-
ducing controls into the analysis, we developed
predictive models of who survives the screen-
ing process and is hired vs. who is not hired.
This analysis compresses the three stages of
the screening process: interview, offer, and offer
acceptance (hire). In preliminary analyses, we
examined the predictors of who gets interviews
and who gets job offers conditional on being
interviewed. The findings of these more detailed
analyses are consistent with the results pre-
sented here. We coded a number of human cap-
ital factors from information provided by
applicants on the application form. We measured
the number of years of education, years of labor
force experience, and labor force experience
squared (to capture the decay in the importance
of experience; see Mincer 1974). In addition, we
coded a dummy variable for whether the appli-
cant had work experience in the firm’s specif-
ic industry. As a measure of the applicant’s labor
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market value, we also coded the applicant’s
hourly wage on his or her last job. We also
geocoded applicants to their addresses, and
measured the road distance to the factory in
kilometers. In preliminary analyses, we found
the distance effects to be nonlinear and best

reflected by adding a squared term to the spec-
ification. Finally, we have included two variables
that measure candidates’ application behavior.
To capture the state of the application pool
when the person applies to the company, we
have added a variable measuring the number of
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Figure 2. Race and Network Composition of (A) Female Candidates and (B) Male Candidates by Stage
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applications in excess of the number of job
openings on the day the person applies (for a
similar strategy, see Fernandez and Weinberg
1997). We have also controlled for the number
of times that the person applied.

Our main variables of interest, however, are
those distinguishing among application sources.
To evaluate the extent to which this employer
shows a preference for networked candidates,
we have coded a dummy variable distinguish-
ing whether applicants have been referred by
either an employee or by a non-employee. As
with the descriptive analyses presented earlier,
the substantive results do not change if we focus
only on employee referrals.

In light of the findings in Figures 2a and 2b,
which show that the results for race differ by
gender, we present the models separately for

males and females. Table 7 presents descriptive
statistics for the variables used in the predictive
models by gender. To provide a consistent set of
cases across the various analyses, we have delet-
ed cases that are missing across any of the vari-
ables used in the final models (i.e., Model 3 on
Tables 8 and 9). Here, too, the substantive con-
clusions do not change if we use the non-miss-
ing cases in the other models. The key
background variables we examine are race—as
coded by the receptionist—and network vs.
non-network recruitment source. Table 8 reports
the results of probit regression models of who
gets hired among females. Model 1 includes
only network vs. non-network recruitment
source, and dummy variables for race.
Controlling for race, the relationship between
network recruitment source and getting hired is
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Table 7. Means and Standard Deviations for Variables Used to Predict Hire

Females Males

Independent Variables Mean SD Mean SD

Recruitment Source
—Network .342 .475 .344 .475
—Non-network .658 .475 .656 .475
Demographic Background
—Whites .495 .500 .452 .498
—African American .057 .232 .054 .226
—Hispanic .232 .422 .204 .404
—Asian .216 .412 .281 .450
Interactions
—White networked .153 .360 .142 .349
—White non-networked .342 .475 .310 .463
—African American networked .018 .132 .020 .141
—African American non-networked .039 .194 .034 .181
—Hispanic networked .078 .268 .049 .217
—Hispanic non-networked .154 .361 .155 .362
—Asian American networked .094 .292 .130 .337
—Asian American non-networked .122 .327 .151 .358
Controls
—Years of schooling 12.307 1.809 12.328 1.791
—Years of experience 7.164 6.714 6.314 6.290
—Years of experience squared 96.323 178.740 79.342 151.075
—Experience in industry (1 = Yes) .122 .327 .097 .296
—Wage on last job 7.840 2.603 8.340 3.151
—Road distance to plant, km (e–1) 1.937 1.421 1.956 1.672
—Road distance squared (e–2) 5.770 12.927 6.617 17.128
—N of applications – N of openings 3.664 17.289 2.762 14.869
—N of times applied 1.380 .777 1.315 .674
Dependent Variable
—Hired .089 .285 .070 .255

Number of cases 616 445

Note: SD = standard deviation; N = number.
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small (marginal effect = .01) and statistically
insignificant. This is also true when race is not
controlled: in analyses not presented here, the
zero-order marginal effect of network recruit-
ment source is .008, with a Z-value of .34.
Model 1 also shows that the race contrasts are
small and statistically insignificant. The same
is true when recruitment source is not con-
trolled: none of the race contrasts are significant,
and they are virtually identical to those pre-
sented in Model 1 (i.e., –.006, –.001, and –.009
for blacks, Hispanics, and Asian Americans).

Model 2 introduces human capital and other
controls to the predictive model. The results
show that the firm’s screeners are more likely
to hire applicants with more years of work expe-
rience, although consistent with human capital
predictions, this effect is curvilinear. Controlling
for the other factors, candidates with industry-
specific experience are 14.2 percent more like-
ly to be hired. In our discussions with the
company personnel, they said that they do not
consider years of education to be a particular-
ly important factor for these jobs. Consistent
with this, the marginal effect of years of edu-
cation is small and insignificant. None of the
effects of the other control variables is statisti-
cally reliable. Most important for our purpos-
es, there are no effects of the network vs.
non-network recruitment source or of race on
the chances of getting hired after controlling for
human capital and other factors. These results
do not change when recruitment source is inter-
acted with race (Model 3): none of the race by
network interaction contrasts (compared to the
excluded category of non-networked whites) is
significantly related to getting hired. Taken as
a whole, the results in Table 8 are consistent with
the findings presented in Figure 2a. Even after
adding controls to the analysis, there is no evi-
dence of a preference for networked candidates
among females, and the race distribution of
hires is not different from the distribution of
applicants.

Table 9 presents the same analyses for males.
Similar to the results for females, networked
applicants are not more likely to be hired than
non-networked applicants. The negative sign
on the coefficient shows that, if anything, the
opposite is true: non-networked applicants are
more likely to be hired than networked candi-
dates. Turning to the race effects, while none of
the race contrasts was signif icant among

females, the pattern is different for males. For
males, all three minority racial groups—blacks,
Hispanics, and Asians—are more likely to be
hired than whites. The strongest effect is for
black males, who are 15.1 percent more likely
to be hired than white males (i.e., the excluded
category), although the small number of cases
involved makes this effect statistically margin-
al (p < .10, Z-value of 1.64). The contrasts of
Hispanic and Asian males, however, are also
substantial, showing that they are respectively
5.8 and 7.7 percent more likely to be hired than
white males. Here, too, these results are not
affected by whether the person applied via a net-
worked or non-networked recruitment source.
In preliminary analyses examining the zero-
order effect of race (i.e., without controlling
for recruitment source), the marginal effects
for race are respectively 13.2, 5.4, and 6.2 for
blacks, Hispanics and Asians and achieve sim-
ilar levels of statistical reliability (Z-values of
1.72, 1.67, and 2.12).

Model 2 introduces the controls for individ-
ual background factors that the firm’s human
resources screeners said they look for. Similar
to the finding for females, the marginal effect
of years of education is small and statistically
insignificant for males. Although the effect is
not as strong for males as it is for females, can-
didates with more years of work experience are
more likely to survive the screening process
and be hired (c.f. marginal effects .006 for males
vs. .011 for females). Consistent with human
capital predictions, the squared term for males
shows that this effect is curvilinear. None of the
other control variables were significantly relat-
ed to hiring. Considering the race differences in
Model 2, the race differences are somewhat
attenuated compared to Model 1, and the sig-
nificance levels of the effects bounce around
(i.e., the effect for African Americans falls below
the .10 level of significance [p-value of .107],
and the effect for Hispanics climbs over the 10
percent level [p-value of .098]). Neither the
control variables nor the race dummies change
the conclusion, however, with respect to the
role of network recruitment source: candidates
applying via networks are not more likely to be
hired than non-networked candidates. Indeed,
although it is not significant, the sign of the mar-
ginal effect is negative, indicating that non-net-
worked candidates are more likely to be hired
than networked candidates.
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Model 2 does not allow for any interactions
in the way that network recruitment might affect
hiring. Figure 2b, however, showed a marked
increase in the proportion of non-networked
Asian males compared with very little increase
among networked Asian males. Model 3 exam-
ines this pattern by interacting recruitment
source with race, dividing the effect of recruit-

ment source among the four race categories.
The excluded category is the largest of the
groups considered, that is, non-networked
whites. While none of the other race by network
interactions is statistically different from non-
networked whites, the results show that the
growth in Asian male representation in Figure
2b is statistically reliable. The estimated mar-
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Table 9. Coefficients of Probit Regression Models Predicting Hire for Males with Selected Independent
Variables

Model 1 Model 2 Model 3

Independent Variables Marginal Effecta Z-value Marginal Effecta Z-value Marginal Effecta Z-value 

Recruitment Source:
—Network –.018 –1.35 –.010 –1.35
Demographic Background:
—African American .151* 1.76 .120 1.61
—Hispanic .058 1.64 .045* 1.65
—Asian American .077** 2.15 .072** 2.15
Interactions:
—White 
——Networked –.012 –.90
—African American 
——Non-networked .137 1.47
——Networked .040 0.53
—Hispanic 
——Non-networked .033 1.23
——Networked .049 0.92
—Asian 
——Non-networked .085** 2.10
—Networked .021 0.76
Controls:
—Years of schooling –.002 –.64 –.0002 –.66
—Years of experience .006** 1.98 .006* 1.81
—Years of experience 
——squared

–.0002* –1.72 –.0002 –1.61

—Experience in industry 
——(1 = Yes)

.080 1.59 .082 1.57

—Hourly wage on last job .002 1.22 .002 1.32
—Road distance to plant 
——(kms.)

–.0006 –.87 –.0007 –1.04

—Road dist. to plant squared .00001 0.09 .00001 0.17
—Num of apps—
——Num openings

.00001 0.03 .00002 0.09

—Number of times applied –.015 –1.58 –.016 –1.59

LR �2 (df) 10.82** 34.19*** 35.42***
(4) (13) (16)

Note: N = 445.
a Change in conditional probability of being interviewed associated with a unit change in independent variable,
evaluated at means of schooling years, experience, experience squared, wage on last job, road distance to plant,
road distance squared, number of applications in excess of number of job openings, number of times applied, and
for modal categories of the categorical independent variables (i.e., whites, white non-networked, and without
industry experience).
* p < .10; ** p < .05; *** p < .01 (two-tailed test).



ginal effect shows that Asian non-networked
males are 8.5 percent more prevalent among
hires than among applicants, even after the
introduction of control variables in Model 3.

In separate analyses, we explored whether
characteristics of the referrer are associated
with getting hired. We found some evidence
that referrals from high-wage employees are
more likely to be hired when referrer’s wage
(measured in dollars) is added to Model 3 in
Tables 8 and 9, but only when the data for males
and females are pooled (marginal effect .005,
with a Z-value of 2.02). The results are also
statistically unreliable when the “race x net-
work interaction” terms (as in Model 3) are
added to the model in analyses pooling both
genders. We examined whether this referrer’s
wage effect reflects deference that the human
resources department shows to highly paid
supervisors who have the authority to make
final hiring decisions. Although intriguing, this
question stretches the limits of our data. We
cannot separate the effects of referrer’s wage and
referrer’s supervisory status in these data: the
correlation between supervisory status and wage
is .665, and neither variable is significant when
both are added to Model 3. Nor is the referrer
supervisor effect significant when added to
Model 3 alone (Z-value of 1.34). To the extent
that screeners are showing a preference for
referrals from some subset of referrers, this evi-
dence can be described only as weak at best.

In sum, the regression analyses of step 2
show little evidence of whites—either male or
female—being preferred to minorities in screen-
ing. Indeed, the pattern is the opposite for males.
Even after controlling for the factors that the
human resources screeners say that they look
for, the marginal effects show that minority
males are being hired at higher rates than white
males. Most important from the perspective of
our goal of parsing out the steps at work in gen-
erating “wrong network” processes, there is
also little evidence of an employer’s preference
either for, or against, candidates who were
referred to the company at the hiring interface.
The one exception to this observation is the
case of Asian American males, where non-net-
worked candidates are more likely to be hired
compared with networked applicants. We can
only speculate whether this reflects a conscious
effort to limit the number of Asians. It is clear
that Asians—especially males—are overrepre-

sented in the applicant pool to this company rel-
ative to the population of the local labor mar-
ket (see Table 2). Asian males are also the most
active networkers employed at the company
(Tables 3 and 5), and they are quite successful
in producing Asian referral applicants (see 4th
column of Table 6). While the hiring agents at
this company never articulated such a policy of
limiting networked Asians, their behavior on
the ground appears to produce this result
nonetheless. Our findings indicate that the hir-
ing interface is a point of disconnection for
Asian males (i.e., the arrow labeled ‘–’ in step
2 of Figure 1), but that this employer is other-
wise neutral with respect to networked candi-
dates (i.e., the arrow labeled ‘0’ in step 2 of
Figure 1).

SUMMARY AAND CCONCLUSION

In this paper, we have sought to specify what it
means to say that minorities are cut off from job
networks using unique primary data on the hir-
ing process for entry-level jobs collected at a
factory. In this respect, this paper has made a
number of important theoretical contributions
to the study of racial inequality and networks.
First, this paper has made important strides for-
ward in specifying the mechanisms (Reskin
2003) operating in network accounts of racial
inequality in the labor market. Extant “wrong
network” accounts of minority underachieve-
ment run the danger of circular reasoning
because “wrong network” is defined in terms of
the eventual outcome. We argue that much more
analytical precision is needed to specify what it
means to be “stuck” in the “wrong network.”
The complicated and multi-step nature of the
job-finding process has thwarted past attempts
to identify and distinguish among the various
steps of network processes at work in the labor
market. The research in this area has also been
hampered by the lack of appropriate compari-
son data for demonstrating the various ways
that minorities can be isolated from good job
opportunities.

We suggest that when properly specified, the
“wrong network” idea is a black box with many
moving parts inside. Moreover, “wrong net-
work” stories are consistent with minority
underrepresentation in any of a number of dis-
crete steps in the recruitment and hiring process-
es. In this paper, we have been able to specify
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much more precisely than has hitherto been the
case the mechanisms underlying network
accounts of race in the labor market. We have
defined proper baselines of comparison, and
empirically examined the various stages of the
recruitment process. While past research has
addressed the racial implications of various
parts of the referring process (e.g., Kasinitz and
Rosenberg 1996 for step 1a; Smith 2005 for
step 1b) and the screening mechanism (e.g.,
Petersen et al. 2000 for step 2), this study is the
first to analyze comprehensively both process-
es.

We found that network factors operate at sev-
eral stages of the recruitment process, but we
only found scant evidence that these network
factors serve to cut off minorities from employ-
ment at this company. We began by examining
the minority vs. non-minority representation in
the pool of people who could potentially orig-
inate word-of-mouth networks to this employ-
er (step 1a in Figure 1). We found relatively
large percentages of Asian Americans and
Hispanics, but small percentages of African
Americans, available to refer others in this set-
ting. African Americans were in short supply in
this setting, but the shortage appears to reflect
their relative scarcity in the metro area work
force.

We next analyzed the extent to which minor-
ity workers actually produce minority candi-
dates for hire at the plant via referral networks
(step 1b in Figure 1). In contrast with the expec-
tations of certain theories, which suggest that
minorities might be reluctant to engage in net-
working activities, we found that African
Americans, Asians, and Hispanics are signifi-
cantly more likely to produce referral applica-
tions than are whites. We also examined whether
job referrals from minority employees serve as
a conduit to the firm by checking the data for
evidence of racial and gender homophily in
employee referrals, and by comparing the racial
background of the originator and the target of
referring (step 1c). Notwithstanding the limi-
tations of the procedures by which race was
measured in the applicant pool (see Appendix),
we found a strong overall relationship between
the race and gender of the referrer and the race
and gender of the referral applicant. Irrespective
of the baseline of comparison, we found little
evidence of minorities’disconnection from jobs
at this firm at step 1c.

We then studied the company’s hiring process
by examining candidates’ chances of proceed-
ing through the screening process from appli-
cation to interview to job offer. In contrast to
some other hiring studies (e.g., Petersen et al.
2000), we did not find that the racial distribu-
tion of candidates is skewed against minorities
over subsequent steps of the hiring process.
Gender and race interact in a complex manner,
and we found that minorities (especially males)
appear to be preferred over whites. We could
find only weak evidence, however, that the com-
pany’s screeners prefer networked candidates,
irrespective of race or gender of the applicant.

It is important to point out that this paper has
significant implications for policy. Since poli-
cies are often designed to target distinct steps
in the recruitment process (National Research
Council 2004), understanding each of these
steps is crucial for crafting effective policy
interventions. Affirmative action, for example,
is focused on affecting the behavior of labor
market screeners (Reskin 1998). Assessing
whether there is discrimination in screening is
very difficult using only data on the people
who were hired, without observing the people
who are turned away and not hired during
screening (National Research Council 2004).
Similarly, assessing the extent to which affir-
mative action policies change the behavior of
screeners will be very difficult without data on
both hires and non-hires. Other policy pre-
scriptions have urged companies to open up
their recruitment practices by broad advertising
and use of formal job posting systems that for-
malize their recruitment processes, on the the-
ory that informal, referral-based recruitment is
inherently exclusionary (LoPresto 1986). The
results presented here, however, suggest that
this heuristic is too simple. Relying on referrals
as a recruitment strategy can help reproduce
the distribution of the referring population
(Rubineau and Fernandez 2005). In a setting like
the one studied here, where the current work
force is racially diverse, a recruitment strategy
involving employee referral processes can help
to perpetuate the existing racial diversity of the
company.

In conclusion, although we found clear evi-
dence of network processes at work at several
of the various stages of the recruitment process
we examined, we are hard pressed to describe
these results as supporting the view that network
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factors serve to cut off minorities from employ-
ment at this company. Although the “wrong
network” account does not fit the facts in this
setting, this is not to say that in another, less
diverse setting, where referrals might be pre-
ferred by screeners, the empirical results would
not be markedly different.

While we can make no claims of empirical
generalizability on the basis of the results from
this setting, nevertheless, this study has impor-
tant methodological implications. While the cir-
cumstances might be special, the value of this
study is apparent in the light it sheds on mech-
anisms that are normally hidden from view. We
suggest that the fine-grained processes that we
have uncovered here need to be addressed to ren-
der the “wrong network” hypothesis testable in
other settings. Given the interdependencies laid
out in Figure 1, racial and network differences
in the upstream, early stages of the referring
process (steps 1a–1c) will potentially bias the
pool from which employers will select candi-
dates (step 2). Moreover, in light of the mech-
anisms we have examined here, it is important
to realize that the race and network effects that
are often reported in analyses of highly aggre-
gated survey data (e.g., those based on the
Multi-City Study of Urban Inequality), are like-
ly conflating the effects of the multiple mech-
anisms that we have delineated. At best, results
based on such highly aggregated data will reflect
the net result across the various stages of the
process in different organizational settings.
Distinguishing among these steps should be a
high priority for future research. The insights
gleaned from this case study should serve as an
important guide for designing broader-gauge
research that might parse out more precisely
the mechanisms alleged to be at work at the
intersection of networks and race in the labor
market.
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APPENDIX

MEASUREMENT OF RACE OF APPLICANTS

The company has taken precautions to organ-
ize their hiring process in a lawful way, not
allowing factors of race and gender to affect the
hiring process directly. Specifically, they have
kept the information on race and gender on sep-
arate logs that are filed separately by clerical
staff that are not part of the human resource
screening process. Note that the company staff
has never combined the application information
and the data on race and gender.

Although it is extremely rare to have data on
race at the time of application, the particular way
in which the company collected these data com-
plicates the measurement of race. First, the pro-
cedures used to record the flow of applicants
changed over the course of the study. During the
first 10 months of the study, the receptionist
checked off the apparent race and gender of
each applicant, but did not record the name of
the applicant in the log. Therefore, we cannot
identify the race of the job seeker for applica-
tions that arrived during that 10-month period.
For months 11 to 39, however, the receptionist
recorded the name of each individual applicant
in the log. For those applying during this peri-
od, we can match the race of the applicant (as
it was perceived by the receptionist) to the other
application material.

Second, although the same receptionist was
employed throughout the 39-month period of the
study, the issue of the reliability of this per-
son’s racial judgments remains to be addressed.
We analyzed the consistency of the reception-
ist’s racial identifications using data gleaned
from repeat applications from the same person.
Over the 29 months of the study for which we
can match racial identifications to individual
applications, 119 people applied multiple times,
producing a total of 265 applications with infor-
mation on race. Most (97) of these people
applied twice, 18 three times, and 4 applied 4
or more times. Arranging the applications in the
time order in which they applied, we constructed
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146 time-adjacent comparisons of the race clas-
sification for the same person across these 265
applications. Table A1 shows the pattern of race
classification for pairings of multiple applica-
tions for the same person. For people who
applied twice, the race assigned the first time
that the person applied is listed along the rows,
and the columns show the racial classification
for the second application made by the same
person. For those who applied three or more
times, the race of the first application (listed
along the rows) is then compared with the race
of the second application (listed along the
columns). Then, to reflect the time sequence of
these judgments, the race of the second appli-
cation is compared against the race of the third
application for the same person. This process is
repeated until all pairings are exhausted, yield-
ing a total of 146 such time-adjacent paired
judgments for the same applicant.

Table A1 shows that the overall level of agree-
ment across judgments is very high: 89 per-
cent of people in Table 1 fall on the diagonal.
Only 16 people were treated inconsistently by
the receptionist, and 15 of these had applied
twice, and one had applied three times. All the
other instances of multiple applications (from
three to six applications) showed absolute agree-
ment with respect to race. Looking at the dif-
ferent races, the level of consistency was very
high for the small number of African Americans
(100.0 percent of the four cases were classi-

fied consistently) and Asian Americans (98.0
percent). The rate of agreement was somewhat
lower for non-Hispanic whites (85.7 percent)
and Hispanics (81.1 percent). The ambiguity
with respect to Hispanic vs. white origin appears
in both directions: six non-Hispanic whites were
subsequently coded as Hispanic; five Hispanics
are later classified as non-Hispanic white. This
latter result is consistent with the results of
recent research on racial classification (Harris
2002).

We were able to compare the receptionist’s
racial classification to the applicants’ self-iden-
tified race for some cases. Some applications
were from people who were either subsequent-
ly hired or had worked at the company in the
past, and thus had provided the company a self-
identified race for equal employment opportu-
nity (EEO) reasons. There were 123 applications
from 110 people for whom we could match the
self-identified racial classification with the
receptionist’s classification. Here, too, the great-
est inconsistency resulted from coding
Hispanics. Of the 40 applicants that self-iden-
tified as Hispanics, the receptionist coded 23
(57.5 percent) as Hispanic. Asians, too, were
often misclassified: only 27 of 46 (58.7 percent)
of the self-identified Asians were classified as
Asian by the receptionist. This is in contrast to
virtually total agreement with respect to whites
(29 of 30, or 96.8 percent) and blacks (7 of 7,
or 100 percent).
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Table A1.—Receptionist’s Rates of Consistent Racial Classification Across Multiple Applications

Subsequent Application

Non-Hispanic African Hispanic Asian
Prior Application White American Hispanic American Total

Non-Hispanic
White Row % 85.7 .— 10.7 3.6 100.0

N (48) .— (6) (2) (56)
African American Row % .— 100.0 .— .— 100.0

N .— (4) .— .— (4)
Hispanic Row % 13.5 2.7 81.1 2.7 100.0

N (5) (1) (30) (1) (37)
Asian American Row % .— .— 2.0 98.0 100.0

N .— .— (1) (48) (49)
Total Row % 36.3 3.4 25.3 34.9 100.0

N (53) (5) (37) (51) (146)
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