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Abstract

Network hiring—i.e., the preference for hiring workers who are referred by
existing employees or have shared affiliations with them—is a prevalent prac-
tice across many industries. Considerable research shows that hiring within
a firm’s network provides soft information about potential hires and informal
mechanisms of control once they join a company. While research shows that in-
network hires perform better, little is known about the firm-level performance
implications and the associated trade-offs of this practice. In this article, we
study the impact of network hiring by using data on the universe of firms in
Portugal between 1994 to 2017. We find that network hiring appears to increase
firm performance but at the expense of growth. Furthermore, network hiring
seems to provide firms with information on intrinsic motivation traits of the
candidates rather than information on skills. We conclude with a discussion on
how this practice should affect firm strategy, particularly young ones’.

∗Authorship in alphabetical order. Both authors contributed equally to the manuscript.
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1 Introduction

Finding and retaining talent is one of the most critical challenges for organiza-

tions. A large body of research shows that talent matters for firm performance

(e.g., Coff, 1997; Koch and McGrath, 1996) and informational asymmetries in

the hiring process make it hard to uncover (e.g., Castilla, 2005; Pallais and

Sands, 2016). To address this challenge, firms often leverage the networks of

their existing employees to find new ones (Granovetter, 1973). Indeed, referral

and network-based hiring make up a significant share of how firms hire work-

ers. In the United States, recent figures suggest that firms hire over 30% of

all workers through referrals (Black, Hasan and Koning, 2020), and this share

appears to be equally significant in other developed economies (Hoffman, 2017).

Indeed, considerable empirical research using detailed case studies of firms’ hir-

ing practices suggests that firms prefer in-network candidates and that these

individuals perform better once hired (Hoffman, 2017; Castilla, 2005; Fernandez

and Sosa, 2005; Petersen, Saporta and Seidel, 2000).

However, a parallel literature suggests that network-based hiring may lead

to narrower and often biased search by firms (Fernandez-Mateo and Fernan-

dez, 2016; Rubineau and Fernandez, 2013; Fernandez and Sosa, 2005; Petersen,

Saporta and Seidel, 2000). By considering only candidates with whom they

have a network “connection,” a firm may constrain its talent pool size, which is

likely to compound over time. By gaining information on the intensive margin—

e.g., about the quality of workers in the pool—they may lose information on

the extensive margin—e.g., about workers with whom they do not have some

link. These competing mechanisms suggest that firms may differ in how much

they benefit from using networks to hire; however, evidence is limited.
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This article takes a firm-side approach and asks what and how firms benefit

from network hiring. We argue that the benefits of network hiring depend on

whether the balance of a network’s value lies in providing firms with information

about the intensive or extensive margin during the hiring process. On the one

hand, like much other work, we posit that firms that use networks to hire can

choose better quality workers among those in their pool. On the other hand,

we argue that firms may limit their growth by relying on network hiring—

because they rely disproportionately on employee networks to find workers.

Moreover, young and entrepreneurial firms may be most susceptible to this

trade-off because they depend on founders or early employees to find and vet

new employees. Finally, we expect the impact of network hiring to be most

crucial in hiring workers who do creative knowledge-intensive tasks. In such

tasks, worker ability is harder to measure a priori.

To test our arguments, we use matched employer-employee data from Portu-

gal between 1994 and 2017. We use data on 941,403 firms and close to 6,329,089

workers to examine the impact of network hiring on firm performance. Since

network hiring is hard to observe, we develop a method to identify firms that en-

gage in network hiring using workplace affiliation networks. We consider a firm

to participate in network hiring when a recruit comes from a firm from which

the firm has already hired existing employees in recent years. This method is

replicable in other employer-employee data sets and can be used to infer the

lower-bound of network hiring practices of firms.

We take advantage of the panel structure of our data set to implement a rich

fixed-effects approach. Specifically, we estimate panel regressions of network

hiring on firm outcomes —sales, firm growth, and employee retention— with

firm and year fixed effects. This approach allows us to compare the impact
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of network hiring on our outcomes of interest within firms, which cleans our

estimates of possible between-firm variation in network hiring adoption.

Our findings suggest a positive and statistically significant improvement

in firm performance when they engage in network hiring. The magnitude of

this effect appears to be about 21 percent, but with meaningful heterogeneity

depending on the firm’s age. We find that young firms appear to benefit less

from network hiring than large firms. This difference, we posit, is likely a

consequence of younger firms exploring less due to relying on the smaller set

of networks of their founders and early employees. Thus, they are limited

in their ability to hire high-quality but more socially distant workers. Our

results also point to our predicted trade-off between performance and growth.

Firms that engage in network hiring see a 120% lower growth rate, and this

effect is particularly stark for younger firms. Lastly, we find evidence that the

actual value of network hiring for firms lies in its acquisition of information on

non-cognitive traits (e.g., Deming, 2017; Farkas, 2003) rather than candidates’

specialized skills (Ferguson and Hasan, 2013).

Our results contribute to four streams of literature on human capital and

firm performance. First, most of the research on referrals has focused on single

firms and the returns to network hiring for individual employees (Fernandez

and Weinberg, 1997; Hoffman, Kahn and Li, 2018; Pallais and Sands, 2016).

Based on economy-wide data, our results provide evidence that this practice is

prevalent and impacts the performance of a wide range of firms. Second, our

results speak to recent theoretical work suggesting that networks may increase

and decrease information, which may have consequences for individual and or-

ganizational outcomes (Chandrasekhar, Morten and Peter, 2020). Third, our

results indicate that young entrepreneurial firms may face the most significant
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trade-offs from network hiring. This finding contributes to the growing liter-

ature on the human capital strategy of new ventures (Chatterji et al., 2019;

Marx and Timmermans, 2017; Baron, Hannan and Burton, 2001). Finally, our

work speaks to the growing literature on the changing nature of skills in the

labor market and suggests that hiring practices may improve the ability of firms

to acquire information about some skills rather than others. In particular, we

find that the benefits of network hiring accrue primarily to firms that rely on

creative and knowledge-based workers.

2 Theoretical framework

Firms need high-quality employees to be successful. However, finding, hiring,

and then retaining high quality-workers is difficult. This challenge is partic-

ularly significant for young firms that do not have established processes for

recruiting. Thus, their performance may be considerably affected because they

cannot find suitable workers. To address this perennial challenge, firms often

rely on the networks of their employees in the hiring process. Not surprisingly, a

large body of research shows that network-driven hiring makes up a significant

portion of how firms recruit workers (Bewley and Bewley, 1999; Henly, 2000;

Marsden and Gorman, 2001) and how workers search for jobs (Franzen and

Hangartner, 2006; Fernandez and Weinberg, 1997; Granovetter, 1995). Indeed,

recent estimates suggest that even in the age of digitally-enabled labor mar-

kets, network or referral-based hiring continues to make up at least one-third

of hiring across the economy (Black, Hasan and Koning, 2020).
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2.1 Network hiring and firm outcomes

The benefits of network hiring to firms come from two primary informational

mechanisms, operating at both the intensive and extensive margins of the hir-

ing process. First, network ties provide firms access to information about

worker quality on the intensive margin. Referees allow firms to gather more

and difficult-to-observe details on each candidate. Second, network ties addi-

tionally provide information on the extensive margin of the labor market by

making firms aware of new potential candidates. Collectively, existing employ-

ees have many connections to acquaintances, friends, and family (e.g., Lin,

1999; Granovetter, 1973) that they can use to source talent for the firm.1 Both

mechanisms increase the likelihood that the firm can find high-quality workers

and include them in their hiring pool.

2.1.1 Intensive margin: choosing between workers

One benefit of network hiring is that it allows firms to acquire difficult-to-

observe information about workers. Consider the information a firm can learn

from a resume or a job application. A resume or an online profile (e.g., LinkedIn

or Indeed) can provide information about education or skills and can serve as

an initial filter in the hiring process. However, this type of information is lim-

ited in meaningful ways. A resume rarely reveals information about whether an

individual is hard-working, trustworthy, careful, creative, or has a good person-

ality. Using referrals can help decrease the cost of acquiring this non-cognitive

information by providing a screening mechanism that reduces the information

asymmetry that is inherent to the hiring process (Beaman and Magruder, 2012;
1For a recent review of the literature on networks and careers, see Hasan (2019).
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Marmaros and Sacerdote, 2002; Montgomery, 1991; Simon and Warner, 1992).

As a result, by using referrals, firms can acquire valuable but challenging-to-

learn information that is predictive of a worker’s future productivity (Pallais

and Sands, 2016).

Complementing the information that network hiring provides are several

social mechanisms that operate before and after a firm makes a hire. First,

research suggests that high ability workers are more likely to make referrals

(Burks et al., 2015). This is because career concerns provide employees with in-

herent incentives to refer contacts with high ability (Ekinci, 2016), augmenting

the value of network-acquired information. Moreover, a connection to someone

at the firm may increase the non-pecuniary benefits of working there (Gale-

nianos, 2018; Brown, Setren and Topa, 2016; Burks et al., 2015; Dustmann

et al., 2016). These factors also contribute to network hires exhibiting higher

performance and lower turnover (Pallais and Sands, 2016; Burks et al., 2015).

Finally, having social connections at work may also serve as a form of social

control that can lead to higher performance through informal influence and

monitoring.

Thus, we should expect that firms that rely on network hiring should have

higher performance and that their ability to retain workers should also be

higher.

2.1.2 Extensive margin: searching for workers

Although there are many benefits to network recruiting, recent research also

suggests that relying on employees to find new workers may limit a firm’s

ability to search broadly. In recent theoretical work, Chandrasekhar, Morten

and Peter (2020) suggests this may happen because part of the inputs of a
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formal, application-driven hiring process is to provide the firm with two pieces

of information. The first is a consideration set of potential candidates previously

unknown to the firm. The second is the expected quality of an average candidate

in this set. When firms rely on referrals, their pool of potential hires is drawn

from the networks of their existing employees. Using networks limits the size

of the consideration set and its composition and, thus, quality. If a firm relies

heavily on in-network recruiting, this will lead to an increasing overlap between

the networks of existing employees and future employees. As a result, the

total size of the referral pool a firm can potentially target will increase at a

decreasing rate over time. Furthermore, because of homophily in the formation

of social ties, relying on network hiring should lead to a less diverse—in terms

of demographics, skill, as well as quality—consideration set (Rubineau and

Fernandez, 2013; Fernandez and Sosa, 2005).

One key consequence of this narrowed pool is a reduction in the firm’s

ability to grow. As workers refer the best among their contacts to the firm,

the remaining pool of workers may be limited both in terms of quantity and

quality. As a result, firms that rely on network recruiting, which achieving

higher performance and better retention, should also grow more slowly as the

reliance on the employees’ networks limits their access to a broader pool of

high-quality workers unknown by their present organization.

2.2 Network hiring and entrepreneurial firms

While these mechanisms should impact a broad range of firms that rely on

network hiring to recruit workers, they are most likely to be consequential

for younger, more entrepreneurial firms. Young firms depend heavily on the
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networks of their founders and early employees to acquire essential resources—

especially talent and human resources (e.g., Leung et al., 2006; Hansen, 1995).

Founders, for instance, often rely on their networks of connections from prior

companies they have worked for to hire new employees (Rider, 2012). Rely-

ing on their networks allows new ventures to find workers that they can both

trust to have essential cognitive and non-cognitive skills, but also with whom

they have prior experience working together (Marx and Timmermans, 2017).

Moreover, in a younger company where formal roles and processes are not yet

in place, a selection process based on referrals should also increase the amount

of social control and intrinsic motivation of the worker pool. Consequently, the

value of network hiring for firm performance should be higher for younger firms

than more mature ones.

On the other hand, the reliance on network hiring will likely have a more

significant impact on the growth of young firms. Whereas older firms are more

likely to have formal mechanisms to hire as they deplete their ability to recruit

workers purely through networks, young firms may not. As a consequence,

young firms that rely on networks to hire should grow more slowly than those

that do not (e.g., Chandrasekhar, Morten and Peter, 2020).

2.3 Network hiring and information asymmetries

Network hiring helps firms acquire hard to observe information about potential

hires. For what types of skills does network hiring help the most? Research

highlights that several characteristics of workers are difficult to observe. Work

on specialization, for example, highlights that a critical challenge for employers

is determining whether a worker has the relevant skills to perform a task (Fer-
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guson and Hasan, 2013). To the extent that a worker’s observable experience

is a weak signal of this information, referrals may provide greater nuance as

to whether a potential hire has the knowledge or skill to perform a specialized

task. If firms are using referral hiring to learn about workers’ specialized skills,

then we should expect that the impact of network hiring should be larger for

firms that rely on high-skilled labor.

On the other hand, the performance of workers depends on more than just

their skill and knowledge. Work suggests that traits that drive intrinsic mo-

tivation, such as commitment, effort, social skill, as well as perseverance, all

predict performance independently of a worker’s skill in a specific task (Deming,

2017; Cobb-Clark and Tan, 2011; Farkas, 2003). Research suggests that social

networks are a crucial source of this type of information and that information

on intrinsic motivation may be difficult to acquire from other sources. Suppose

firms are using referral hiring to learn about intrinsic motivation. In that case,

we should expect the benefits of network hiring to vary little based on the skill

requirements but vary based on the level of intrinsic motivation required or

expected of the worker’s occupation.

For what types of work is intrinsic motivation most important? Research

shows that performance in creative occupations, such as computer program-

ming, advertising, research, and science, is less susceptible to high-powered in-

centives because intrinsic motivation proportionally more drivers workers (Erat

and Gneezy, 2016). Similarly, Cohen, Sauermann and Stephan (2018) and

Sauermann and Cohen (2010) suggest that innovative output varies consider-

ably according to the inventor’s intrinsic motivation. Therefore, if firms use

referrals to gather difficult-to-observe information on intrinsic motivation, we

should expect that the effects of network hiring on firm outcomes are greater
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for firms with more creative and knowledge-intensive employees.

3 Data & Setting

This paper analyzes the relationship between network hiring and firm per-

formance using economy-wide data from Portugal. Portugal is a small open

economy with a set of labor market and market economy characteristics that

may be generalized to other European Union or OECD economies. Alongside

labor market features, Portuguese economic activity is similar to other small

EU countries. Portugal has been part of the European Common Market and

Schengen Agreement since 1986, allowing free movement of goods, services, and

people. It has also belonged to the Monetary Union (euro) since its inception

in 1999. Small and medium-sized firms represent close to 99% (95% OECD

average) of the total number of firms in Portugal. They have accounted for be-

tween one-half and two-thirds of its total value creation over the past decade2.

Most (68.2%) of these firms’ employment is dedicated to services, comparable

to a 72% in the EU3).

Besides closely representing a small open economy, the Portuguese labor

market presents features that we believe make it a particularly suitable setting

to study questions related to network hiring. First, the relatively inflexible labor

laws in place in most EU countries and Portugal— means decisions connected

to how to hire talent are also more consequential. Second, informal network

hiring is quite prevalent in the labor market, giving us a large sample to study.
2Source: PORDATA (2018) Empresas, Pequenas e Médias Empresas.
3OECD (2015), Employment in the services sector.

11



3.1 Data sources

Our data set links two sources: a matched employer-employee data set and

a firm-level data set with information from balance sheets and profit and loss

statements. Pairing the two sources yields a longitudinal data set at the worker-

firm-year level, covering all sectors —except public service— of the Portuguese

economy from 1994 to 2018.

Employer-employee data are sourced through Quadros de Pessoal (hence-

forth, QP), a proprietary data set administered and collected by the Portuguese

Ministry of Labor Solidarity and Social Security4. This data set draws on an

annual compulsory employment census of the universe of firms that have at

least one employee on payroll during the survey reference week5. Thus far, the

survey has compiled information on approximately 3 million firms and 13 mil-

lion employees; in 2018 alone, the survey collected responses from 1.2 million

firms. Our final sample contains 941,403 firms across all years and 6,329,089

workers6, and we detail out sample selection criteria in Appendix 1. Reported

data cover each firm (location, sector, total employment, sales, and legal form)

and each of its workers (gender, age, education, skill, occupation, tenure, hours

worked, overtime, and wages). Firms and workers entering the database are

assigned a unique, time-invariant, and anonymized identifier that allows us to

track firms and workers over time.

More detailed firm-level data are obtained from two additional surveys, the

Inquérito Anual às Empresas (henceforth, IEH), from which we gather data
4Ministério do Trabalho, Solidariedade e Segurança Social.
5Typically, the last week of October of each year.
6Note that each regression described in the below is bound by the amount of data available for

each firm and each variable used in the specifications. Namely, we do not have information for each
variable used in Equations (3) through (8), for each firm. More detailed information is presented in
Appendix 1.
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for the 1996-2004 period. This survey was discontinued and replaced by the

Sistema de Contas Integradas das Empresas (henceforth, SCIE), from which we

gather information for the 2005-2017 period. Both surveys are administered and

collected by the Portuguese National Statistics Institute7. The surveys report

data on the balance sheet and profit and loss statements. The latter includes

data on date of incorporation, capital, raw materials, and other consumables,

services used in production, employment, added value, gross revenues, profit,

or loss. These data sources are then merged with the QP data set using a

common anonymized firm identifier. Table 1 shows the descriptive statistics of

the main variables we use.

[Table 1 about here.]

3.2 Network hiring

Our primary independent variable of interest is whether —and the extent to

which— a firm engages in network hiring. While our administrative data set

does not allow us to observe each workers’ network directly, the panel structure

of our data will enable us to identify ties between workers and firms through

shared workplaces. Therefore, we consider a shared workplace between two

workers as a network link. We build two measures of network hiring: one at

the firm level, which we describe here, and another at the individual level,

which we explore in Appendix A2 as a further robustness check on our results.

These two measures yield comparable results in terms of the magnitude and

direction of estimates.
7Instituto Nacional de Estatística, Departamento de Estatísticas Económicas, Serviço de Estatís-

ticas das Empresas.
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Our first measure draws on the fact that the majority of the firm’s new

hires have, at some point, worked for other firms in the past. We consider a

firm to be engaging in network hiring if it repeatedly hires over time from the

same source firms. Specifically, for each new hire by firm j in year t, we start

by identifying the new hire’s origin firm j′. If firm j hired from j′ in the five

years before hiring worker i, we consider this to be an in-network hire. If firm

j presents one or more in-network hires at time t, our binary Network Hiring

variable takes value one; and zero otherwise. We use a continuous version of

the network hiring variable, which corresponds to the share of hires obtained

in-network by firm j at year t-in our robustness checks.

[Figure 1 about here.]

Figure 1 displays an illustration of a network of firms and workers. In this

example, the two firms j and j′ only appear in our data set for three periods:

{t − 2, t − 1, t}. Since j’s first new hire in the data set is worker i = 5 in year

t−1, we consider this worker as coming from outside of the network. In year t,

firm j hires worker i = 6 from a repeated origin firm, j′. Therefore, we consider

i = 6 as firm j’s in-network hire.

3.3 Variable construction

3.3.1 Dependent variables

Gross Revenues

We use both the QP and IEH/SCIE data sets as sources of gross revenue in-

formation. Both databases record gross revenues from product and/or service

sales; however, one complements the other as some years show missing infor-

mation in both panels. Using both sources guarantees maximum coverage. To
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avoid outliers, we windsorize the data at the 5% and 95% level. Table 1 shows

the descriptive statistics of gross revenues.

Growth

The QP matched employer-employee data set lists all workers employed at firm

j during year t. This enables us to obtain the total number of workers employed

at each firm-year pair. We measure firm growth as the net job creation from

t− 1 to t, where net job creation is the result of new hires and employee exits.

We use the following formula to construct firm growth:

FirmGrowthj,t = Empj,t − Empj,t−1
Empj,t−1

(1)

where Empj,t is total employment at firm j in year t and FirmGrowthj,t is the

rate of employment growth in firm j, from t− 1 to t.

Retention

We compute the average retention rate for each firm j from each year t− 1 to

t. Consider a firm j which employs nj workers, i ∈ {1, ..., nj}. If worker i is

employed at firm j at year t − 1, we consider retention to be equal to one if i

still works at j at t, and zero otherwise. The retention dependent variable is

then an average across all workers at the firm-year level:

Pr[Retention]j,t = 1
nj

nj∑
i=1

1{i ∈ (j, t− 1)} (2)

3.3.2 Independent variables

Firm age

The data sets IEH and SCIE described in this Section provide each firm’s date

of incorporation. The panel structure of the data thus allows us to compute firm
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age at each year t. Following the hypotheses exposed in the previous section,

we use the calculated firm age to separate firms into two types: the first, we

call “young" firms, with less than five years of operation; and the second, we

call “mature" firms, with five or more years.

Workers’ skill levels

As explained in Section 2, network hiring should affect firms differently de-

pending on the skill composition of their workforce. We measure workers’ skills

using the QP data set, which records broad occupation classes, including high-

skill workers. For each firm, j and year t, we compute the share of high-skilled

workers. For robustness, we add a specification with a measure of skill-based

on educational attainment. Specifically, we take the percentage of college grad-

uates at each firm j and year t.

Workers’ occupations

It is possible that hiring through networks provides firms with information

not (just) on workers’ qualifications or skills, but also on their non-cognitive

attributes. Specifically, we hypothesize in Section 2 that firms rely on in-

network hiring may do so to gather information on intrinsic motivation, such as

commitment, effort, social skill, or perseverance, which are harder to observe

in the limited information provided by resumes or cover letters. We test the

hypothesis of firms gathering information on workers’ intrinsic motivation by

focusing on two types of occupations for which research shows this type of

motivation matters most: creative and knowledge-intensive.

We take the definition of creative occupations from Bakhshi, Freeman and

Higgs (2013) and Florida (2002). A creative occupation is one for which pro-
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cesses are not strictly defined, and the output is novel8. We use established

classification of creative occupation for SOC9. For knowledge-intensive occupa-

tions, we use the definition of the Bureau of Labor Statistics.

4 Empirical strategy

Though research shows that network hiring provides benefits to some firms

that choose to engage in it (Pallais and Sands, 2016; Burks et al., 2015), these

benefits may not necessarily accrue to the whole economy. Given the labor

market spillovers of engaging in network hiring, compounded effects of this

practice on firm-level outcomes such as gross revenue performance, growth,

and employee retention are still unknown. Moreover, in Section 2, we identify a

trade-off faced by firms that engage in network hiring between performance and

growth. However, to our knowledge, there have been no systematic empirical

accounts of this trade-off, which we now provide.

The matched employer-employee panel data set described in the previous

section provides a good testing ground for the effects of network hiring on firm

outcomes at the economy-wide level. Our 23-year long panel of all private sector

firms presents enough variation to identify the broader role of network hiring

and the trade-offs firms may face when hiring through networks.

There are two main challenges in assessing the effects of network hiring

in firm performance outcomes: selection bias and simultaneity bias. First,

firms that engage in network hiring may differ from those that do not, both
8“A role within the creative process that brings cognitive skills to bear to bring about differentiation

to yield either novel or significantly enhanced products whose final form is not fully specified in
advance." (Bakhshi, Freeman and Higgs, 2013)

9Occupation crosswalks are detailed in Appendix 1.
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on observables— e.g., different firm size or maturity—and unobservables, and

therefore pursue different market strategies. If this is the case, directly compar-

ing firms that engage in network hiring may bias the results. Second, within

firms that hire through networks, the timing of their hiring decisions is not

random: there is potential simultaneity bias between input (hiring) and output

(sales) determination.

To address these challenges, we use a fixed-effects approach. We run panel

regressions with both firm and year fixed effects, which allows us to compare

the role of network hiring on our outcomes of interest within the same firm

and significantly reduce the potential for selection bias. Moreover, year fixed

effects help us control economic fluctuations that influence a firm’s overall hiring

decisions. Our main specification is:

Yjst = β0+β1NHjst+β2Empjst+β3NHjstEmpjst+X ′
jstβk+γj+γs, t+εjst (3)

where Yjst is the firm-level outcome —logarithm of gross revenues (sales), the

logarithm of employment growth, and average employee retention— for a firm j,

in industry s at year t. NHjst is our binary network hiring variable as described

in the previous section, which takes value one if firm j engages in network

hiring at year t. Empjst is the total number of employees at a firm j, year t

and NHjstEmpjst is the interaction between the network hiring variable and

total employment. Xjst is a vector of additional controls such as NewHiresjst,

the total number of hires by firm j in year t, and AvgWagej,t−1, the average

wage at firm j and year t − 1. Lastly, γj and γs, t are firm and industry-year

fixed effects, respectively. The error term is εjst, which includes idiosyncratic
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variation in firm-level outcomes that are not captured by time trends.

The coefficients of interest in Equation (3) are β̂1 and β̂3, which tell us the

impact of network hiring on firm outcomes, allowing for heterogeneous effect

throughout the firm size distribution.

4.1 Entrepreneurial firms

The previous specification analyzes the effects of network hiring on the whole

population of firms. While the use of firm fixed effects provides a control

for unobservable heterogeneity, and thus mitigate selection bias, there may be

other observable or time-varying characteristics of the firm that moderate the

impact of network hiring. In particular, we are interested in the effects of

network hiring for entrepreneurial firms in their first five years of operation.

In Section 2, we argue that, because a heavy reliance on referral hiring marks

the initial stages of a firm, the effect of this practice on entrepreneurial firms’

outcomes should be more economically significant. In line with our theoretical

predictions, we test the interaction effect of firm age with network hiring:

Yjst = β0 + β1NHjst + β2Y oungjst + β3NHjstY oungjst +X ′
jstβk + γj + γs, t+ εjst

(4)

where Yjst is the firm-level outcome —logarithm of gross revenues (sales), the

logarithm of employment growth, and average employee retention— for a firm

j, in industry s at year t. NHjst is our binary network hiring variable as

described in the previous section, which takes value one if firm j engages in

network hiring at year t. Y oungjst is a binary variable that takes value one if
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the firm is in its first five years of operation and zero otherwise. This variable

is meant to capture the first years of an entrepreneurial firm. NHjstY oungjst

is the interaction term between network hiring and firm age. This interaction

variable takes value one if firm j in industry s engages in network hiring in

year t and is in its first five years of operation, and zero otherwise.Xjst is a

vector of additional controls such as NewHiresjst, the total number of hires

by firm j in year t, Empjst is the total number of employees at firm j, year t,

and AvgWagejst, the average wage at firm j and year t. Lastly, γj and γs, t

are firm and indsutry-year fixed effects, respectively. The error term is εjst.

The coefficients of interest in Equation (4) are β̂1 and β̂3, which together

report the impact of network hiring on firm outcomes in young versus mature

firms.

4.2 Workers’ skills

The practice of hiring through referrals can provide firms with a way to mitigate

information asymmetries inherent to the hiring process. Though prior research

has identified several types of information gathered through referrals, we have

little empirical evidence about which of those play a role in firm outcomes. If

firms use referrals to gather information on worker’s skills, we should observe

that firms that rely on a larger share of high-skilled work should see benefit

more from this practice. In line with our theoretical predictions in Section 2,

we use the following specifications:

Yjst = β0 + β1NHjst + β2HSjst + β3NHjstHSjst +X ′
jstβk + γj + γs, t+ εjst

(5)
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where, as before, NHjst is a binary network hiring variable. HSjst is the share

of employees classified as high-skill working at firm j in industry s and year

t, and NHjstHSjst is the interaction term between network hiring and share

of high-skill workers at firm j, year t. The vector of controls X ′
jstβk includes,

as before, Empjst, NewHiresjst, and AvgWagejst. γj and γs, t are firm and

industry-year fixed effects, and εjst is the error term.

The coefficient of interest in Equation (5) is β̂3, which displays the differ-

ential impact of network hiring for firms along the distribution of the share of

high-skill workers.

4.2.1 Entrepreneurial firms

We further analyze the firm’s skill and composition according to firm age. We

use the following specification:

Yjst =β0 + β1NHjts + β2Y oungjst + β3NHjstY oungjst + β4NHjstHSjst

+β4NHjstY oungjtHSjst +X ′
jstβk + γj + γs, t+ εjst

(6)

where, as before, NHjst is a binary network hiring variable. HSjst is the share

of employees classified as high-skill working at firm j in industry s and year

t, and Y oungjst is an indicator variable that takes value one when firm j has

been operating for less then five years by time t. The vector of controls X ′
jtβk

includes, as before, Empjst, NewHiresjst, and Wagejst. γj and γs, t are firm

and industry-year fixed effects, and εjst is the error term.

The coefficient of interest in Equation (6) is β̂4, which displays the differen-
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tial impact of network hiring for firms within their first five years of operation,

along the distribution of the share of high-skill workers.

4.3 Creative Occupations

Instead, firms may engage in network hiring because it provides them with

difficult-to-observe information on candidates’ intrinsic motivation. Research

shows that creative occupations require a high level of intrinsic motivation. To

assess this hypothesis, we analyze firm outcomes as a result of network hiring

for firms employing workers on creative occupations:

Yjst = β0 + β1NHjst + β2Creativejst + β3NHjstCreativejst +X ′
jstβk + γj + γs, t+ εjst

(7)

where, as before, NHjst is a binary network hiring variable. Creativejst is the

share of employees holding creative occupations at firm j in indsutry s and

year t, and NHjstCreativejst is the interaction term between network hiring

and share of creative occupation workers at firm j, year t. The vector of controls

X ′
jstβk includes, as before, Empjst, NewHiresjst, and AvgWagejst. γj and

γs, t are firm and year fixed effects, and εjst is the error term.

The coefficient of interest in Equation (7) is β̂3, which displays the differ-

ential impact of network hiring for firms along the distribution of the share of

creative occupation workers.
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4.3.1 Entrepreneurial firms

We further analyze the firm’s share of creative occupations according to firm

age. We use the following specification:

Yjst =β0 + β1NHjst + β2Y oungjst + β3NHjstY oungjst + β4NHjtCreativejt

+β4NHjstY oungjstCreativejst +X ′
jstβk + γj + γs, t+ εjst

(8)

where, as before, NHjst is a binary network hiring variable. Creativejst is the

share of employees classified as high-skill working at firm j in industry s year

t, and Y oungjst is an indicator variable that takes value one when firm j has

been operating for less then five years by time t. The vector of controls X ′
jstβk

includes, as before, Empjst, NewHiresjst, and AvgWagejst. γj and γt are firm

and indsutry-year fixed effects, and εjt is the error term.

The coefficient of interest in Equation (8) is β̂4, which displays the differen-

tial impact of network hiring for firms within their first five years of operation,

across the distribution of the share of creative occupations.

5 Results

5.1 Main results

We start by analyzing the relationship between network hiring and firm per-

formance outcomes in the universe of firms, corresponding to the estimation of

Equation (3). Table 2 shows the results of this estimation. The table displays
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results for two firm-level outcomes: gross revenues or sales and firm employment

growth.

[Table 2 about here.]

We begin with our results on sales, column (1) present findings from the panel

of Equation (3) with the logarithm of gross revenues from sales as a dependent

variable. Results show a positive and significant relationship (42.19%) between

network hiring and sales performance. Larger firms show a positive correlation

between sales performance and network hiring, with network hiring firms adding

an average of 3.57% on sales for each added employee.

We turn to the results examining the role of network hiring on firm growth

in the number of employees. Column (3) shows the results on a specification

using firm and industry-year fixed effects. There is a negative and significant

relationship between network hiring and employment growth from t − 1 to t,

with firms that engage in network hiring, showing 51.89% lower average growth

rates. This negative relationship is starker for larger firms, as these show an

average of 1.185% lower growth rates when network hiring.

Finally, we also present results on the firm’s average retention rate. In

column (5) we show that the effect of network hiring is positive and significant,

increasing firms’ average worker retention by 17.58%. Moreover, the larger the

firm, the higher the effect of network hiring on the firm’s retention rate, by

about 1.04% for every added employee.

5.1.1 Entrepreneurial firms

We report results on gross revenue performance, employment growth, and em-

ployee retention in entrepreneurial firms in columns (2), (4) and (6) of Table
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2. Column (2) presents results for Equation (4) with the logarithm of gross

revenues from sales as a dependent variable. The negative coefficient on the

interaction term, β̂3, shows that entrepreneurial firms —firms in their first five

years of operation— are not beneficially affected by network hiring when com-

pared to their mature firm counterparts. On the other hand, column (4) shows

that entrepreneurial firms’ employment growth is more negatively affected when

engaging in network hiring —by about 21.89%— than mature firms. Results

seem to indicate that the trade-off between the intensive and extensive margin

value of referrals, mentioned in Section 2, is starker for entrepreneurial firms as

expected. Lastly, columns (6) of Table 2 reports results of Equation (4) with

average retention rate at the firm as a dependent variable. The coefficient of

interest is β̂3 on the interaction term between network hiring and the indica-

tor variable for whether the firm is in its first five years of operation. As we

predicted in Section 2, we find that average worker retention is more positively

affected by network hiring at entrepreneurial firms, by about 9.06%.

5.2 Workers’ skills and Occupation

To probe into the mechanisms through which network hiring affects firm out-

comes, we analyze what type of information asymmetries network hiring helps

firms mitigate. Following our prediction in Section 2, we test whether firms use

network hiring primarily to gather information on workers’ skills. To implement

this test, we analyze whether firms that rely on a larger share of high-skill work-

ers respond differently to network hiring. We estimate Equations (5) and (6).

Table 3 presents results for the three firm outcome variables: gross revenue

from sales, employment growth, and average worker retention.
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[Table 3 about here.]

Results show that firms with a larger share of high-skill workers perform better,

on average, both in sales and worker retention rates. However, firms that engage

in network hiring do not see their outcomes of sales, growth and retention

differentially affected according to their skill composition.

These results suggest that firms are not using network hiring as a means to

gather information on worker skills to improve performance, growth, or reten-

tion. We turn to look at our other hypothesis: that firms regard referrals as

a vehicle to obtain information on the intrinsic motivation of potential candi-

dates.

[Table 4 about here.]

Results show that firms that have a higher share of creative occupations ex-

hibit better performance on average. Those that engage in network hiring, in

particular, show significantly larger firm gross revenues by about 15.26%. En-

trepreneurial firms with a larger share of creative occupations, in particular,

show improved sales performance by approximately 22%.

Together, the results on skill composition and creative occupations suggest

that it is more likely that firms use referrals to gather information on the intrin-

sic motivation of potential workers. Evidence suggests a positive relationship

between network hiring and performance or growth in companies with a larger

share of creative occupations.
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6 Discussion and conclusion

Network hiring—i.e., the preference for hiring those with social or professional

connections to existing employees—is a prevalent practice across many indus-

tries (Fernandez and Castilla, 2017; Burks et al., 2015; Hoffman, 2017). Re-

cruitment using networks provides firms with otherwise difficult-to-observe in-

formation about potential hires as well as informal mechanisms of control once

they join the firm (Castilla, 2005; Fernandez, Castilla and Moore, 2000). Al-

though a considerable body of research shows that in-network hires perform

better, there is a shortage of evidence about the firm-level performance impli-

cations of this practice over time and its limits. This article uses data on the

universe of firms in Portugal between 1994 and 2017 to examine the trade-offs

that firms make between performance and growth when using network-based

hiring.

Our results show that network hiring is associated with an increase in finan-

cial performance. We find that firms that use the practice perform 21% better

in terms of gross revenues from sales. Firms that hire in-network are better

able to retain employees, with a seven percentage point improvement in overall

employee retention. These findings are in line with prior work that has shown

the individual-level performance benefits of network hiring. However, as we

predict, firms that use this practice appear to face a trade-off between perfor-

mance and growth. Relying on networks seems at once to improve performance

but decrease growth. Network-based hiring reduces firm growth by 120%, and

this decline is larger for young firms whose primary mechanism of recruiting

are the networks of their founders and employees. Finally, our results suggest

that firms are not necessarily learning about workers’ skills, but perhaps other
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characteristics labeled as intrinsic motivation, such as effort provision, commit-

ment, or reliability, that are valuable regardless of the skill level required for a

job.

Our research contributes to at least three streams of research in manage-

ment and strategy. First, our findings provide rare economy-wide evidence of

the implications of network hiring for firms. This work extends the consider-

able literature that shows the benefits to individual worker performance due

to network hiring (Fernandez and Weinberg, 1997; Rubineau and Fernandez,

2013; Burks et al., 2015; Pallais and Sands, 2016). Moreover, we provide a repli-

cable method to infer network hiring practices using administrative employer-

employee data sets. Second, because we can observe variation across firms in

this practice, we can better understand its impact at both the intensive —depth

of information on a potential candidate— and extensive margins —breadth of

the consideration set of candidates— of the hiring process, firms that use net-

work hiring, while performing better, appear to grow more slowly. This effect

seems most pronounced for young firms that rely heavily on networks to hire.

This trade-off appears to be one faced by young firms in many of their early

decisions (Belenzon, Chatterji and Daley, 2019). Given this trade-off, firms

must invest in complementary capabilities that can offset the negative effect on

growth. Indeed, the fact that network-based hiring limits growth for firms old

and young may explain why many firms are investing in outbound recruiting

(Black, Hasan and Koning, 2020; Cappelli, 2019). Finally, our results speak to

the growing literature on the human capital strategy of firms (Chadwick and

Dabu, 2009; Hatch and Dyer, 2004; Rosenkopf and Almeida, 2003; Koch and

McGrath, 1996), and especially entrepreneurial firms (Chatterji et al., 2019;

Leung et al., 2006; Hansen, 1995). Our findings suggest that the trade-offs are
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especially salient for young firms who need both growth and performance.

Although we can provide large-scale empirical evidence of the benefits and

costs of network hiring, our research is not without limitations. Perhaps the

most significant limitation of our work is the observational nature of our data

and thus our inability to make strong causal claims. We alleviate some of these

concerns using various fixed-effects specifications, including those with firm

fixed-effects and those with year and non-parametric industry-year trends that

account for time-varying heterogeneity experienced across industries. A second

limitation of our study is the difficulty in identifying the exact information

that firms learn through network ties. While we provide suggestive evidence

that firms use network hiring to elicit information on traits related to intrinsic

motivation, more research is needed to assert this evidence further.

We see many possibilities for future research. Our research has focused

primarily on the impact of network hiring on young versus old firms and for

high vs. lower-skilled work. However, there is likely significant heterogeneity

in which firms are most likely to benefit from this practice. Future work should

explore the complementary practices within firms that make this practice more

effective. Moreover, there is scope for further research on the relationship be-

tween modes of hiring and labor market match quality.
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Figure 1: Network Hiring Example

Notes: Figure 1 displays an illustration of a network of firms and workers. We consider the hiring of worker i = 5
by firm j as a hire from a new origin firm j′, and thus not a network hire. However, worker i = 6 is a network hire
because j′ is a repeated origin firm for focal firm j at time t.

34



Ta
bl

e
1:

D
es

cr
ip

tiv
e

St
at

ist
ic

s.

19
95

20
06

20
18

N
M
ea
n

p5
0

SD
N

M
ea
n

p5
0

SD
N

M
ea
n

p5
0

SD
F

ir
m

s
Sa

le
s
(
M
.)

11
4,
33
2

0.
91
9

0.
19
2

4.
22
7

21
3,
88
7

0.
95
8

0.
18
9

4.
61
5

21
1,
09
5

1.
08
3

0.
20
1

5.
16
1

Fi
rm

Si
ze

18
3,
39
8

12
.0
7

4.
00

10
1.
41

33
5,
66
8

9.
16

3.
00

78
.8
2

28
7,
16
8

10
.3
5

3.
00

11
0.
00

N
et
w
or
k
H
iri
ng

(%
)

-
-

-
-

32
3,
21
2

0.
62
6

0.
00

7.
88
5

27
6,
84
3

0.
95
3

0.
00

9.
71
5

Yo
un

g
(%

)
18
3,
39
8

18
.9
0

0.
00

39
.1
5

33
6,
35
6

11
.1
4

0.
00

31
.4
7

28
7,
16
8

43
.7
7

0.
00

49
.6
1

N
ew

H
ire

s
18
3,
39
8

3.
69

1.
00

38
.9
5

33
6,
35
6

2.
02

0.
00

30
.4
8

28
7,
16
8

2.
30

0.
00

36
.5
7

W
or

ke
rs

R
et
en
tio

n
(%

)
18
3,
39
8

67
.8
5

80
.0
0

36
.5
4

33
6,
35
6

76
.1
7

10
0.
00

35
.4
0

28
7,
16
8

88
.9
0

10
0.
00

21
.8
1

Te
nu

re
at

fir
m

(Y
ea
rs
)

18
3,
39
8

3.
15

2.
75

1.
95

33
6,
35
6

4.
39

3.
60

3.
22

28
7,
16
8

8.
29

7.
17

5.
19

W
ag
e
(/
ho

ur
)

16
8,
56
2

2.
40

1.
94

2.
55

29
9,
67
4

4.
06

3.
27

3.
49

26
0,
26
6

5.
29

4.
33

5.
23

Sc
ho

ol
in
g
(Y

ea
rs
)

18
3,
39
8

7.
10

6.
00

3.
10

33
5,
66
8

7.
67

7.
33

2.
70

26
8,
69
2

8.
36

8.
43

2.
57

B
A
/M

A
(%

)
18
3,
39
8

13
.6
8

0.
00

24
.3
2

33
5,
66
8

15
.6
2

0.
00

27
.8
1

28
7,
16
8

2.
84

0.
00

16
.6
0

35



Ta
bl

e
2:

G
ro

ss
R

ev
en

ue
s,

Fi
rm

G
ro

w
th

,a
nd

R
et

en
tio

n.
R

eg
re

ss
io

n
R

es
ul

ts
.

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

Sa
le
s

Sa
le
s

Fi
rm

G
ro
w
th

Fi
rm

G
ro
w
th

R
et
en
tio

n
R
et
en
tio

n
N
et
w
or
k
H
iri
ng

0.
35
2∗

∗∗
0.
51
4∗

∗∗
-0
.4
18

∗∗
∗

-0
.8
90

∗∗
∗

0.
16
2∗

∗∗
0.
21
7∗

∗∗

(0
.0
36
3)

(0
.0
14
7)

(0
.1
09
)

(0
.0
32
7)

(0
.0
12
8)

(0
.0
04
10
)

Lo
g(
Fi
rm

Si
ze
)

0.
70
7∗

∗∗
0.
69
9∗

∗∗
-0
.3
94

∗∗
∗

-0
.3
61

∗∗
∗

-0
.0
87
3∗

∗∗
-0
.0
90
9∗

∗∗

(0
.0
02
21
)

(0
.0
02
20
)

(0
.0
08
64
)

(0
.0
08
89
)

(0
.0
00
60
9)

(0
.0
00
61
4)

N
H
×
Lo

g(
FS

)
0.
03
51

∗∗
∗

-0
.1
12

∗∗
∗

0.
01
03

∗∗

(0
.0
10
1)

(0
.0
30
8)

(0
.0
03
72
)

Yo
un

g
-0
.1
45

∗∗
∗

0.
24
3∗

∗∗
-0
.0
64
3∗

∗∗

(0
.0
01
52
)

(0
.0
03
98
)

(0
.0
00
49
1)

N
H
×
Yo

un
g

-0
.1
86

∗∗
∗

0.
19
8∗

∗∗
-0
.0
86
7∗

∗∗

(0
.0
22
4)

(0
.0
55
8)

(0
.0
06
53
)

N
ew

H
ire

s
-0
.0
00
35
3∗

∗∗
-0
.0
00
33
2∗

∗∗
0.
00
24
3∗

∗∗
0.
00
23
4∗

∗∗
-0
.0
00
32
2∗

∗∗
-0
.0
00
31
9∗

∗∗

(0
.0
00
08
74
)

(0
.0
00
08
51
)

(0
.0
00
58
0)

(0
.0
00
56
3)

(0
.0
00
05
72

)
(0
.0
00
05
65
)

Av
g.

W
ag
e (

t−
1)

0.
17
2∗

∗∗
0.
16
9∗

∗∗
0.
00
29
8

0.
00
90
5

-0
.0
04
39

∗∗
∗

-0
.0
05
52

∗∗
∗

(0
.0
02
24
)

(0
.0
02
23
)

(0
.0
06
55
)

(0
.0
06
52
)

(0
.0
00
69
2)

(0
.0
00
68
6)

C
on

st
an

t
11
.0
0∗

∗∗
11
.0
4∗

∗∗
-0
.4
26

∗∗
∗

-0
.5
55

∗∗
∗

1.
02
3∗

∗∗
1.
04
0∗

∗∗

(0
.0
05
10
)

(0
.0
05
10
)

(0
.0
19
5)

(0
.0
20
2)

(0
.0
01
29
)

(0
.0
01
29
)

O
bs
er
va
tio

ns
3,
06
3,
35
6

3,
06
3,
35
6

82
2,
77
7

82
2,
77
7

4,
07
9,
24
0

4,
07
9,
24
0

A
dj
us
te
d
R

2
0.
89
9

0.
90
0

0.
44
7

0.
45
1

0.
27
0

0.
27
6

N
um

be
r
of

fir
m
s

36
9,
80
9

36
9,
80
9

20
7,
23
0

20
7,
23
0

48
5,
10
5

48
5,
10
5

Fi
rm

FE
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
In
du

st
ry
*Y

ea
r
FE

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

St
an

da
rd

er
ro
rs

in
pa

re
nt
he
se
s

∗
p
<

0.
05

,∗
∗
p
<

0.
01
,∗

∗∗
p
<

0.
00

1

N
ot
es
:
Ta

bl
e
2
sh
ow

s
th
e
re
su
lts

fr
om

es
tim

at
in
g
Eq

ua
tio

n
(3
).

C
ol
um

ns
(1
)
an

d
(2
)
di
sp
la
y
re
su
lts

fo
r
gr
os
s
re
ve
nu

es
.
C
ol
um

ns
(3
)
an

d
(4
)
di
sp
la
y
re
su
lts

fo
r
fir
m

gr
ow

th
.
C
ol
um

ns
(5
)
an

d
(6
)
di
sp
la
y
re
su
lts

fo
r
av
er
ag
e
w
or
ke
r
re
te
nt
io
n.

St
an

da
rd

er
ro
rs

ar
e

cl
us
te
re
d
at

th
e
fir
m

le
ve
l.
O
ut
co
m
e
va
ria

bl
es

an
d
fir
m

siz
e
ar
e
lo
ga
rit

hm
iz
ed
.

36



Ta
bl

e
3:

Fi
rm

s’
sk

ill
co

m
po

sit
io

n
an

d
N

et
wo

rk
H

iri
ng

.
R

eg
re

ss
io

n
R

es
ul

ts
.

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

Sa
le
s

Sa
le
s

Fi
rm

G
ro
w
th

Fi
rm

G
ro
w
th

R
et
en
tio

n
R
et
en
tio

n
N
et
w
or
k
H
iri
ng

0.
46
9∗

∗∗
0.
50
1∗

∗∗
-0
.8
56

∗∗
∗

-0
.8
95

∗∗
∗

0.
19
8∗

∗∗
0.
21
8∗

∗∗

(0
.0
14
2)

(0
.0
15
5)

(0
.0
34
0)

(0
.0
36
9)

(0
.0
04
19
)

(0
.0
04
52
)

Lo
g(
Fi
rm

Si
ze
)

0.
70
8∗

∗∗
0.
69
9∗

∗∗
-0
.3
97

∗∗
∗

-0
.3
61

∗∗
∗

-0
.0
87
1∗

∗∗
-0
.0
90
9∗

∗∗

(0
.0
02
22
)

(0
.0
02
20
)

(0
.0
08
82
)

(0
.0
08
89
)

(0
.0
00
61
8)

(0
.0
00
61
4)

Yo
un

g
-0
.1
44

∗∗
∗

0.
23
9∗

∗∗
-0
.0
64
3∗

∗∗

(0
.0
01
56
)

(0
.0
04
13
)

(0
.0
00
51
2)

N
H
×
Yo

un
g

-0
.1
46

∗∗
∗

0.
18
5∗

∗
-0
.0
87
0∗

∗∗

(0
.0
23
2)

(0
.0
61
0)

(0
.0
07
07
)

Av
g.

H
ig
h
Sk

ill
0.
02
21

∗∗
∗

0.
02
73

∗∗
∗

-0
.0
01
43

-0
.0
18
8

0.
00
59
5∗

∗∗
0.
00
70
2∗

∗∗

(0
.0
04
13
)

(0
.0
04
22
)

(0
.0
10
9)

(0
.0
11
3)

(0
.0
01
19
)

(0
.0
01
20
)

H
Sk

ill
×
N
H

0.
00
71
3

0.
19
7∗

0.
14
8

0.
06
85

-0
.0
29
2

-0
.0
26
1

(0
.0
99
7)

(0
.1
00
)

(0
.1
84
)

(0
.2
04
)

(0
.0
23
7)

(0
.0
25
6)

Yo
un

g×
H
Sk

ill
-0
.0
26
9∗

∗
0.
07
49

∗∗
-0
.0
00
32
0

(0
.0
09
09
)

(0
.0
23
5)

(0
.0
02
96
)

Yo
un

g×
H
Sk

ill
×
N
H

-0
.6
30

∗∗
0.
17
1

0.
00
35
2

(0
.2
23
)

(0
.3
48
)

(0
.0
40
2)

N
ew

H
ire

s
-0
.0
00
33
4∗

∗∗
-0
.0
00
33
0∗

∗∗
0.
00
23
8∗

∗∗
0.
00
23
4∗

∗∗
-0
.0
00
31
9∗

∗∗
-0
.0
00
31
9∗

∗∗

(0
.0
00
08
70
)

(0
.0
00
08
50
)

(0
.0
00
57
2)

(0
.0
00
56
3)

(0
.0
00
05
68
)

(0
.0
00
05
65
)

Av
g.

W
ag
e (

t−
1)

0.
17
2∗

∗∗
0.
16
9∗

∗∗
0.
00
37
8

0.
00
90
4

-0
.0
04
49

∗∗
∗

-0
.0
05
60

∗∗
∗

(0
.0
02
24
)

(0
.0
02
23
)

(0
.0
06
57
)

(0
.0
06
52
)

(0
.0
00
69
3)

(0
.0
00
68
6)

C
on

st
an

t
11
.0
0∗

∗∗
11
.0
3∗

∗∗
-0
.4
19

∗∗
∗

-0
.5
54

∗∗
∗

1.
02
3∗

∗∗
1.
04
0∗

∗∗

(0
.0
05
11
)

(0
.0
05
10
)

(0
.0
19
8)

(0
.0
20
2)

(0
.0
01
29
)

(0
.0
01
29
)

O
bs
er
va
tio

ns
3,
06
3,
35
6

3,
06
3,
35
6

82
2,
77
7

82
2,
77
7

4,
07
9,
24
0

4,
07
9,
24
0

A
dj
us
te
d
R

2
0.
89
9

0.
90
0

0.
44
7

0.
45
1

0.
27
0

0.
27
6

N
um

be
r
of

fir
m
s

36
9,
80
9

36
9,
80
9

20
7,
23
0

20
7,
23
0

48
5,
10
5

48
5,
10
5

Fi
rm

FE
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
In
du

st
ry
*Y

ea
r
FE

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

St
an

da
rd

er
ro
rs

in
pa

re
nt
he
se
s

∗
p
<

0.
05
,∗

∗
p
<

0.
01

,∗
∗∗
p
<

0.
00

1

N
ot
es
:
Ta

bl
e
3
sh
ow

s
re
su
lts

fr
om

es
tim

at
in
g
Eq

ua
tio

ns
(5
)
an

d
(6
)
us
in
g
fir
m

an
d
ye
ar

fix
ed

eff
ec
ts

in
al
ls

pe
ci
fic
at
io
ns
.

37



Ta
bl

e
4:

C
re

at
iv

e
O

cc
up

at
io

ns
an

d
N

et
wo

rk
H

iri
ng

.
R

eg
re

ss
io

n
R

es
ul

ts
.

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

Sa
le
s

Sa
le
s

Fi
rm

G
ro
w
th

Fi
rm

G
ro
w
th

R
et
en
tio

n
R
et
en
tio

n
N
et
w
or
k
H
iri
ng

0.
45
9∗

∗∗
0.
47
8∗

∗∗
-0
.8
80

∗∗
∗

-0
.8
95

∗∗
∗

0.
21
0∗

∗∗
0.
22
2∗

∗∗

(0
.0
16
1)

(0
.0
17
2)

(0
.0
40
9)

(0
.0
43
2)

(0
.0
04
82
)

(0
.0
05
14
)

Lo
g(
Fi
rm

Si
ze
)

0.
70
9∗

∗∗
0.
70
0∗

∗∗
-0
.3
86

∗∗
∗

-0
.3
49

∗∗
∗

-0
.0
87
7∗

∗∗
-0
.0
91
4∗

∗∗

(0
.0
02
32
)

(0
.0
02
30
)

(0
.0
08
92
)

(0
.0
08
99
)

(0
.0
00
66
1)

(0
.0
00
65
7)

Yo
un

g
-0
.1
47

∗∗
∗

0.
25
5∗

∗∗
-0
.0
70
4∗

∗∗

(0
.0
02
01
)

(0
.0
05
38
)

(0
.0
00
69
5)

Yo
un

g×
N
H

-0
.1
26

∗∗
∗

0.
11
5

-0
.0
72
3∗

∗∗

(0
.0
28
1)

(0
.0
73
7)

(0
.0
08
45
)

C
re
at
iv
e
O
cc
up

.
0.
02
92

∗∗
∗

0.
03
35

∗∗
∗

-0
.0
56
5∗

∗∗
-0
.0
66
5∗

∗∗
0.
02
83

∗∗
∗

0.
02
62

∗∗
∗

(0
.0
02
47
)

(0
.0
02
52
)

(0
.0
06
54
)

(0
.0
06
77
)

(0
.0
00
72
3)

(0
.0
00
72
4)

C
re
at
iv
e×

N
H

0.
03
05

0.
14
2∗

∗
0.
14
4

0.
02
41

-0
.0
57
3∗

∗∗
-0
.0
27
1

(0
.0
45
7)

(0
.0
53
2)

(0
.1
10
)

(0
.1
26
)

(0
.0
12
7)

(0
.0
14
2)

Yo
un

g×
C
re
at
iv
e

-0
.0
09
32

∗
-0
.0
24
8∗

0.
02
16

∗∗
∗

(0
.0
04
33
)

(0
.0
11
8)

(0
.0
01
45
)

Yo
un

g×
C
r×

N
H

-0
.1
26

∗∗
∗

0.
11
5

-0
.0
72
3∗

∗∗

(0
.0
28
1)

(0
.0
73
7)

(0
.0
08
45
)

N
ew

H
ire

s
-0
.0
00
32
0∗

∗∗
-0
.0
00
30
7∗

∗∗
0.
00
23
6∗

∗∗
0.
00
23
2∗

∗∗
-0
.0
00
33
9∗

∗∗
-0
.0
00
33
6∗

∗∗

(0
.0
00
08
81
)

(0
.0
00
08
47
)

(0
.0
00
56
6)

(0
.0
00
55
7)

(0
.0
00
06
12
)

(0
.0
00
06
06
)

Av
g.

W
ag
e (

t−
1)

0.
17
1∗

∗∗
0.
16
9∗

∗∗
0.
00
71
3

0.
01
25

-0
.0
05
70

∗∗
∗

-0
.0
06
77

∗∗
∗

(0
.0
02
32
)

(0
.0
02
30
)

(0
.0
06
71
)

(0
.0
06
67
)

(0
.0
00
72
6)

(0
.0
00
71
8)

C
on

st
an

t
11
.0
0∗

∗∗
11
.0
4∗

∗∗
-0
.4
46

∗∗
∗

-0
.5
81

∗∗
∗

1.
02
1∗

∗∗
1.
03
9∗

∗∗

(0
.0
05
47
)

(0
.0
05
46
)

(0
.0
20
3)

(0
.0
20
7)

(0
.0
01
40
)

(0
.0
01
39
)

O
bs
er
va
tio

ns
2,
85
4,
06
2

2,
85
4,
06
2

79
9,
74
3

79
9,
74
3

3,
76
3,
93
1

3,
76
3,
93
1

A
dj
us
te
d
R

2
0.
90
3

0.
90
4

0.
44
3

0.
44
8

0.
27
1

0.
27
6

N
um

be
r
of

fir
m
s

35
8,
13
7

35
8,
13
7

20
2,
01
0

20
2,
01
0

46
8,
27
6

46
8,
27
6

Fi
rm

FE
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
In
du

st
ry
*Y

ea
r
FE

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

St
an

da
rd

er
ro
rs

in
pa

re
nt
he
se
s

∗
p
<

0.
05

,∗
∗
p
<

0.
01
,∗

∗∗
p
<

0.
00

1

N
ot
es
:
Ta

bl
e
4
sh
ow

s
re
su
lts

fr
om

es
tim

at
in
g
Eq

ua
tio

ns
(7
)
an

d
(8
)
us
in
g
fir
m

an
d
in
du

st
ry
-y
ea
r
fix

ed
eff

ec
ts

in
al
ls

pe
ci
fic
at
io
ns
.

C
re
at
iv
e
oc
cu
pa

tio
ns

ar
e
co
de
d
ba

se
d
on

Fl
or
id
a
(2
00
2)
.
O
ut
co
m
es

of
sa
le
s
re
ve
nu

es
an

d
fir
m

gr
ow

th
ar
e
lo
ga
rit

hm
iz
ed
.

38


	Introduction
	Theoretical framework
	Network hiring and firm outcomes
	Intensive margin: choosing between workers
	Extensive margin: searching for workers

	Network hiring and entrepreneurial firms
	Network hiring and information asymmetries

	Data & Setting
	Data sources
	Network hiring
	Variable construction
	Dependent variables
	Independent variables


	Empirical strategy
	Entrepreneurial firms
	Workers' skills
	Entrepreneurial firms

	Creative Occupations
	Entrepreneurial firms


	Results
	Main results
	Entrepreneurial firms

	Workers' skills and Occupation

	Discussion and conclusion

