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Abstract

We provide a matching model where identical workers are embedded in ex-ante identical social
networks. Job arrival rate is endogeneous and wages are bargained. We study the evolution
of networks with time and characterize the equilibrium distribution of unemployment rates
across networks. We emphasize that wage dispersion arises endogenously as the consequence
of the dynamics of networks, firms’ strategies and wage bargaining. Contrary to a generally
accepted idea, social networks do not necessary induce stickiness in unemployment dynamics.
Our endogenous matching technology shows that the effects of networks on the dynamics mostly
hinge on search externalities and not on the correlation between statuses. Our endogenous
framework allow us to quantify these effects.
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1 Introduction

Observable worker characteristics account for only one third of the variation in compensation
across workers (Katz and Autor, 1999, Mortensen, 2003). In a recent paper, Postel-Vinay
and Robin (2003) have shown that the previously unexplained variance could be decomposed
between unobserved workers’ productive heterogeneity, firms’ heterogeneity and the effects of
search frictions. While in their model and estimations all workers having the same employment
status face the same job arrival rate, Bowlus (1997) has demonstrated that wage differential
could be due to differences in labor market search behavior patterns, i.e. differences in the job
arrival rates. Eventually, she estimates that this heterogeneity accounts for a large part of wage
differential (between 20 and 30%). In our paper, we aim at providing a theoretical counterpart
of wage dispersion that comes from search frictions and inequalities in arrival rate of job offers
due to social networks.

The role of social networks has been recognized for a long time by sociologists' and it is
now well known that a large proportion of people (between one third and two third) hear
about or obtain jobs through friends and relatives (e.g. Rees, 1966, Granovetter, 1995, Holzer,
1988, Montgomery, 1991, Topa, 2000, for the U.S., Addison and Portugal, 2001, for Portugal).
However, the empirical link between social networks and wage dispersion is ambiguous. For
instance, Holzer (1987), Simon and Warner (1992) and Petersen et al. (2000) find that employees
who get their job through social networks have higher earnings , while Hurbelt and Mardsen
(1988), find little impact of job finding method on wages. Kugler (2003), using the NLSY, shows
that the wage premia for referred workers becomes insignificant once sector of employment is
controlled for. Eventually, Bentolila et al. (2003) provide empirical evidences that networks
generate mismatch between workers and vacancies, leading to a negative relationship between
the use of social networks and wages.

In this paper, we consider an homogeneous labor force in order to study the within group wage

variance that only comes from the fact that social networks entail heterogeneity in job arrival

!See Granovetter (1995) and the reference therein.



rates. The lower the number of unemployed workers in a network, the higher the probability
for the remaining unemployed to receive an offer through the network. Indeed, the number of
employees defines the number of potential sources of information about job offers. Consequently,
if the unemployment rates differ across networks, job seekers face different job arrival rate,
depending on the state of their network.

In economics, some contributions have already underscored the role of the social networks in
the information structure of job findings. Boorman (1975) was the first to provide a formal model
where individuals can get job offers through friends and relatives. More recently Montgomery
(1991), Calvo-Armengol and Zenou (2002), Bentolila et al. (2003), Cahuc and Fontaine (2003),
and Fontaine (2004) analyze the effects of social contacts on the efficiency of labor market.
Nevertheless, few papers try to link wage dispersion with networks. To our knowledge Mortensen
and Vishwanath (1994) were the first to study it, but in a context where wage dispersion is
assumed ex-ante, the arrival rate of the job offers is exogenous and where the use of friends and
relatives is represented by the fact that at a given rate unemployed receive wage offers drawn
from the distribution of wages earned by employed workers. We aim at providing a more general
framework where the only source of wage dispersion is the social networks. Moreover, we also
want to be able to study and quantify their effects on the unemployment persistence or the
spatial inequalities. Calvo-Armengol and Jackson (2004a) have developed a model where the
structure of the networks is explicitly modeled and studied the effect of the networks dynamics on
unemployment dynamics and wages. However, like Mortensen and Vishwanath, wage dispersion
exists ex-ante and job offer arrival rate is exogenous.

Our main contributions are the followings. First, we provide a matching model where wage
dispersion arises endogenously as the consequence of the joined dynamics of networks, firms’
strategies and wage bargaining. Ex-ante identical networks evolve with time and we derive the
equilibrium distribution of unemployment rates. Our model emphasize that the inequality of
the unemployment rate produces heterogeneity in the job arrival rates. Indeed, the probabilitty
to get an offer hinges on the number of employees. In an endogenous wage setting framework,

a higher job arrival rate strengthens the outside opportunities of workers and thus affects his



wage. Hence, the distribution of employment across networks induces wage dispersion. Then,
we compute the stationary aggregate distribution of networks and wages for two countries, the
United States and France, in order to check in what extent our model generate wage dispersion.

Interestingly two predictions of our model are in sharp contrast with the standard matching
theory (Pissarides, 2000). First we show that wage is not always a monotonic function of the job
arrival rate (and thus the number of employees). Indeed, in the low employment rate networks
(i.e. low arrival rate networks), workers take into account that, by accepting a low paid offer, they
are able to help their friends and relatives to find a job. In this case, they allow their networks
to increase their number of employees. and to converge faster towards high employment states
where they can negociate high wages. Hence, wages decrease with the job arrival rate until some
treshold where we get the usual increasing function. Second, we show that wage can be higher
than the productivity. A worker can beneficiate, in the short run, of a high bargaining power if
his network’s employment rate is especially high. The existence of search costs implies that an
employer can prefer to keep an overpaid worker if he knows that it is only temporary. The real
wage will decrease in the future as the network go back to the average rate ot the economy.

Then we study networks’ dynamics and how social networks can induce unemployment per-
sistence. In comparison with Calvo-Armengol et Jackson (2004a), our endogenous model sheds
some new lights on this issue. Networks induce correlation between agents’ statuses but this
correlation does not necessary induce stickiness in the employment dynamics. We show that
the effect of networks on unemployment persistence mostly hinges on search externalities. On
the one hand, the individuals benefit from the search intensity of employees in their network.
On the other hand, the fact that employees also search for a job (for their unemployed friend)
entails an increase in congestions on the labor market. For a given network, the overall effect
depends on the number of employees. For the most disadvantaged networks, we show that social
networks induce that the time needed by a subpopulation to reach the average unemployment
rate is twice larger in comparision with an economy where there is only the formal method of
search.

Eventually, we point out to the ability of our model to offer a new explanation for the positive



correlation between wage, age and experience. The young workers begin generally with social
networks ineffective in job finding. With time, the number of employees increases and thus
their job arrival rate rises. Hence, except sometimes in the first periods, wage raises with the
experience on the labor market.

The model, the equilibrium distribution of networks and wages are presented in section 2.
Section 3 is devoted to a quantitative evaluation of wage variance induces by networks while

section 4 studies their effect on unemployment dynamics and wage profile.

2 Heterogenous social networks

The framework

The basic environment borrows from Pissarides (2000) matching model of the labor market.
An endogenous number of competitive firms produce a numeraire output, using labor as sole
input. There is a large labor force which size is denoted by N. We assume that all workers have
the same productivity y and that an employee faces an exogenous destruction rate q. Moreover,
an unemployed benefits from an income flow z. Time is continuous, individuals are infinitely
lived, risk neutral and discount the future at rate r > 0.

Hiring a worker and searching for a job are costly activities. Vacant jobs and unemployed
workers are brought together in pairs through an imperfect matching process. We assume that
the unemployed workers and the employees search for a job. However, the employees are looking
for a job for their unemployed friends and not for themselves. If an employee receives a job offer,
he forwards it towards its unemployed friends. We consider an economy where each individual
belongs to a network of friends and relatives and we assume that individuals are embedded
in complete networks of size £. A complete network is a network where all agents are linked
together. Thus, each individual belongs to a network of £ members including himself.

Let us denote by s, (respectively s.) the intensity of search of the unemployed workers

(respectively of the employees). Accordingly, job offers meet job seekers at a rate

M(Nusy, + N(1 —u)se, V) (1)



with V' the number of vacant jobs (v the vacancy rate v = V/N) and u the unemployment rate.
Let us note that, in our model, the matching rate is not the rate at which a job offer is received
by an unemployed, but the rate at which a job offer reaches the labor market. Especially, an
offer can be received by an employee with no unemployed in its social network. In this case, we
assume that the offer is lost. As usual, the matching function is assumed concave, increasing in
both its arguments . Let us remark, that the matching rate increases with u if (s, — s¢) > 0,
that is if the search intensity of unemployed is higher than the intensity of search of employees
looking for a job for their unemployed friends.

It is worth noting that our matching function could be based on an urn-ball process where
each vacancy is a ball that is send into urns representing the workers (the unemployed workers
and the employees). If an offer is received by an employee, he forwards it toward an unemployed

friend.

Example 1 Consider a matching function M = a.(Nus, + N(1 — u)s.)*(N.v)? in the case
where a = B =1 and s, = 1. Normalize the size of the population by 1, N = 1. One gets that
the matching rate amounts to va [u + (1 —w)sc|. In this example, the firms send their ball at a
rate a. Consequently, va is the rate at which an offer reaches the labor market. With probability
u the offer is received by an unemployed worker and the vacancy is immediately filled. With
a probability (1 — wu) the offer reaches an employee. In this case se can be interpreted as the
probability that this employee accepts to make an effort and forwards immediately the offer. In

this case, se is an index of the degree of cooperation between the individuals.

Example 2 (Cahuc and Fontaine (2003)) It is possible to give an alternative interpretation
to the se parameter. Consider the same matching function with o = 8 = 1 and a labor force
of size N. With probability u the offer is received by an unemployed worker. Assume that the
social networks link every worker with £ —1 other workers and that each individual is re-matched
at random with £ links after every job arrival. As any indiwvidual of any network is employed
with probability (1 — w), the probability that all the ¢ — 1 links of any employee are employed

amounts to (1 — u)t. In the case where an offer is received by an employee who has not any



unemployed friend, it is lost. Accordingly, the probability that a job offer sent at random in the
N wurns reaches an unemployed worker is u+ (1 —u)s., with s. the probability that the employee
has at least one unemployed friend in his network: s, = 1 — (1 —u)*"1. Eventually, the matching

rate amounts to Va [1 — (1 —u)*] .

In this paper, we decide to consider a more general framework and not base directly our
matching function on an urn ball process. The interpretation of s. as a search intensity (the
efforts made by the employees to find a job for their unemployed friends) is more general and
can include implicitly the previous reasonings.

In our model, both search intensities are assumed exogenous. The reason why the employees
help their unemployed acquaintances is a very interesting point, but beyond the scope of this
paper. A self-interested agent can forward an offer if he expects that the helped individual
will help him in the future or if he expects that this could improve his social position. If the
expected payoff of cooperation is related to future job search (for example in case of a job loss),
it can also be related to something outside the labor market. For example, it could be affected
by social conventions, social group’s traditions or social prestige. Here, we assume implicitly
that the level of cooperation between the employees and the unemployed workers (represented
by the search intensity of the employees s.) is a social norm from which the individuals cannot
deviate?.

In much of the labor market models which take into account the existence of the social
networks, it is usual to assume implicitly that the individuals are re-matched at random with £
links just after every job arrival (Boorman, 1975, Calvo-Armengol and Zenou, 2002, Cahuc and
Fontaine, 2003). On the contrary, we assume here that the individuals always keep the same
acquaintances. However, the status of these acquaintances on the labor market evolves with
time and there is a distribution of unemployment rates across networks. This feature is more

realistic than the previous assumptions even if it is only a limit case since we do not take into

2For example, the cooperation could be sustained by the following strategy: if an employee deviates and refuses
to make an effort to find a job for his unemployed friend, the other members of its social network exclude him
from the network. Consequently, this employee, if his job is destroyed, will find a job only if he receives an offer
directly.



account the problem of networks formation. However, remark that, in real life, the possibilities
for the individuals to choose his acquaintances are only limited since the social contacts relevant
for the job search are the output of a process where the level of education, the gender and the
social origins play a large role.

We denote by n the number of employees in a given network. Every network can be in £+ 1
different states, namely, n € {0,1,2,...,¢}. In our framework, the evolution of a network is a
continuous-time Markov chain with states {0,1,2, ..., ¢} for which transitions from state n may
go only to either state n — 1 (if an employee of the network looses his job) or state n + 1 (if an
unemployed find a job). The probability that this chain will be in state n at time ¢ converges
to a limiting value, denoted by m(n) which is independent of the initial state. We denote by II

the stationary distribution.
The distribution of the networks

By assumption, the employees transmit informations about job offers. According to our

matching function, the probability to find a job per efficiency unit of search reads

M (usy, + (1 —u)se,v)

A =
(u,0) USy + (1 — u)se

When an employee finds an offer, he forwards this offer toward one of his unemployed friend. If
there is more than one unemployed worker in the network, they all get the same probability to
obtain the job offer. Hence, an unemployed worker belonging to a network with n employees,

meets a vacant job at a rate R(n,u,v) for n € {0,...,¢ — 1}:

R(n,u,v) = A(u, v) <su + s$> (2)

This individual arrival rate is an increasing convex function in the number of employees. Indeed,
an higher number of employees induce an higher search in the network and a lower number of
workers looking for a job.

A network can be in ¢+1 different states. We denote by X the matrix describing the transition
between the states. The (i, 7) element of the matrix is the probability that a network goes from

state i to state j within an infinitesimal period of time: x(i,j) = P(n(t + dt) = j|n(t) = )



when dt goes to zero. Accordingly, z(i,i — 1) = qidt, z(i,i + 1) = R(i,u,v)(¢ — i)dt and

x(i,1) =1 — qidt — R(i,u,v)(¢ —i)dt. A stationary distribution satisfies
n'x =1r

with IT = {7 (0),...,7(¢ + 1)} the vector of probabilities to be in state ¢ at the steady state. The
flow equilibrium conditions of our Markov chain between each state of the system reads:
m(0)R(0, u,v)l = qm(1)
qin(i) + (i) R(i,u,v)( —i) = qli + D)w(i + 1)+ ({ —i+ 1)mw(i — 1)R(i — 1, u,v) (3)
gxlxnl)=nm(l—-1)R({—1,u,v)
Solving the system in term of 7(0) and using the fact that ) 7(n) =1, one gets:
H (£—=1)R(i,u,v)
q(i+1)
m(n) = (4)
1+ZJ 1H!E 1) R(i,u,v

q(i+1)

In the next sections, without loss of generality, we consider the case where s,, = 1 and s, < s,.

Accordingly, (2), the individual arrival rate of the job offers, reads, for n € {0,...,¢ — 1}:

R(n,u,v) =
=) o)

Eventually, remark that, according to the flow equations (3) and with 7(n) defined by (4),

the unemployment rate at the steady state reads:

T
L

U= . / (1) (6)

N
Il
o

3Offers can reach an employee that belongs to a network without unemployed worker. In this case, we assume
that the offer is lost. This is due to our hypothesis that every employee has the same search intensity s.. The
reason could be that the search for a job is a long-term activity and that it is difficult for an individual to change
its search intensity at each period. Even if there is not any unemployed worker in the network, an employee could
take into account that the state of the network evolves with time and that one of his friend could loose his job in
the future.



Ezxpected utilities, profits and wages

We consider an economy at the steady state. All firms are identical. Wages are bargained
by the firm and the worker after they meet and can be renegotiated each period at no cost. The
individual arrival rate of a job offer, in a given network, hinges on the number of employees in
the network, n. Consequently, this number defines the outside opportunities of the workers and
wages depend on n. When a firm contacts an unemployed worker who belongs to a network
with n employees, it hires this worker. Consequently, the network switches from state n to state
n + 1. Let us denote by U(n) the value function of an unemployed worker in a network where
there are n employees and E(n + 1) the value function of an employee in a network of n + 1
employees. Let us remark that the individuals only differ as regards the number of employees
in their network. U(n) satisfies for n € {0,..,£ —1}:

f + R(O,Ou,v) (E(1)=U(0))+ (£ —1)R(0,u,v) (U(1) — U(0))

orn =

rU(n) = z+4+ R(n,u,v) (E(n+1)—U(n))+ € —n—1)R(n,u,v) (U(n+1) — U(n)) (7
+qgn (U(n—1)—=U(n)) forne{l,.,0—2}

z+ Rl —1,u,v) (BE(l)—U{l—-1))4+q(l—-1) (Ul —-2)-U(t—-1))

forn=0-1

Consider an unemployed worker in a network with n employees. At a rate R(n,u,v) he finds a
job and becomes employee. Moreover, the network switches from state n to state n+ 1. Besides,
with a probability ({—n—1)R(n,u,v), one of his unemployed worker gets a job and, next period,
the network will be in state n+ 1 while the worker we consider remains unemployed. Eventually,
if an employee is fired, an event that occurs at a rate gn, the network switches from state n to

state n — 1. In the same way, the value function of an employee E(n + 1) satisfies

;0(1) + (é — DR(1,u,v)(E(2) - E(1)) +q(U(0) - E(1))

or n =

wn+1)+(—n—-1)R(n +1,u,v)(E(n+2) E(n+1)) (8)
+qn(E(n) — E(n+1))+q(U(n) — E(n+1)) forne{l,. l—2}
;0(5)+q€(£ 1(E(n) — E(n+1)) +q(U(n) — E(n + 1))

orn=4{—-1

rE(n+1) =

An employee in a network with n + 1 employees (including himself) is paid w(n + 1). His job
is destroyed at a rate ¢ per unit of time but we also have to take into account that one of his

friend can also become unemployed. In both case, the network switches from state n+1 to state



n. Moreover, an unemployed worker of his network can find a job. Accordingly, the network
switches from state n +1ton+2 at arate ({ —n—1) X R(n+ 1, u,v).
We denote by J(n+1) (n € {0,..,£—1}) the value of a filled position for a firm with a worker

in social network with n + 1 employees (including himself). Replication of previous reasonings

implies
? —w(0) + (£ = )R(1,u,v)(J(2) = J(1)) + q(V — J(1))
orn=~0
) y—wn+1)+({l—n—-1)R(n+1,u,v)(J(n+2)—J(n+1))
rI D) =9 I n) — St 1) 4 a(V — T4 1) forne{l,..0—2 O

y—w(l) +q(l —1)(J(l—1) = J(0)) +q(V—J(0))
forn=¢-1

\

Consider an employee in a network with n 4+ 1 employees. A job is destroyed at a rate g. Thus
at a rate gn one of his employed friend looses his job and the network goes from state n + 1 to
state n. On the contrary, with a probability (¢ —n — 1)R(n + 1,u,v) an unemployed worker of
the network finds a job and the network goes from state n + 1 to state n + 2.

Now, consider a job offer. If the offer is received by a network where everybody has a job,
we assume that it is lost. The probability for an offer to reach a type-n network amounts to the
share of the type-n networks search intensity in the total amount of search effort. Thus, this

probability, denoted by k(n,u,v), reads:

K(n,u,v) = (nse+(0—n)) X m(n,u,0) X ——— ! —
~— ~—— > i olise + (£ —i))m(i,u,v)
Search intensity of Share of
networks with type n
nemployees network

and V A, the value of a vacant job satisfies:

~
[airy

M(u+ (1 —u)se,v)

rVA=—h+

(J(i+1) = VA) x #(i,u,0) (10)

s
Il
<)

with h the vacancy cost and M (u + (1 — u)se, v) /v the contact rate between the job offer and
the labor market. Let us remark that we take into account the expected profit that, if the offer
reaches a network where there is no unemployed, the vacancy remains unfilled.

The decentralized equilibrium

10



It is assumed that all profit opportunities from a new job are exploited. Accordingly, jobs
are created until the expected value of vacancies goes to zero (V = 0). Accordingly, using (9)

and (10) one gets the following condition for the decentralized equilibrium:

{—1

hv = Z J(n+1) x k(n,u,v) (11)
n=0

Mu+ (1 —u)Se,v)

Wages are subject to bargaining between the firm and the worker and are renegotiated each
period. We assume that the surplus of each match is shared according to the Nash solution to
the bargaining problem. We denote by 5 € [0, 1] the share that accrues to workers. Assume that
a firm and a worker who belongs to a network with n other employees bargain over the wage,

the Nash solution reads, for n € {0,...,¢ — 1}:
(1=-0)(EMm+1)-Un)=pJ(n+1) (12)

Remark that (12) defines ¢ equations. Besides equations (7), (8) and (9) represent a system of
3 X £ nonlinear recurrence equations that cannot be solved analytically for U(n), F(n + 1) and
J(n+1).

Accordingly, the decentralized equilibrium is a vector {u,v,w(1),...,w(¢),U(0),..., Ul —
1),EQ1),...,E),J(1),....,J(€)} of 4 x £ + 2 unknowns that have to satisfy a system of 4 x ¢ + 2

equations:

( (11) - free entry condition

6) - unemployment rate definition

2) for n € {0, ..., — 1} - wage bargaining

) for n € {0, ...,¢ — 1} - unemployed value functions
) for n € {0, ..., £ — 1}- employees value functions

)

(
(
(
(
(
(9) for n € {0,...,£ — 1} - value of a filled job

1
7
8
9
3 Do the social networks matter?

How does the existence of social networks affects the wage distribution? What is the quantitative
impact of networks on unemployment persistence and employment histories? Some studies
have proposed economic policies designed to take into account the existence of social networks
(see for example Cahuc and Fontaine (2003), Calvo-Armengol and Jackson (2004), Fontaine

(2003)). However, the empirical effects of social networks on unemployment persistence and
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wage distribution are not clear. On the one hand, the use of social networks increases the job
arrival rate of individuals. On the other hand, networks could induce misallocation of workers
accross occupations.

In this paper, we aim at providing an evaluation of networks’ effects on the within group
wage dispersion and unemployment dynamics. Especially, we want to show that networks can
induce wage dispersion even if workers, jobs and networks are identical. For that reason, we
only consider the effects that comes from differential in the arrival rate of jobs offers and not
the possible productivity biases in networks composition (e.g. Montgommery, 1991, Bentolila et
al., 2003) or the fact that networks could be a screening device for recruiters (Fernandez et al.,
2000). In this section, we calibrate the stationary aggregate distribution of networks and wages
for two economies, the United States and France. We show that social networks may generate

a significant wage variance and that wages can be greater than the productivity.
Calibration

We take the period to be one day. Indeed, we have previously assumed that more than
one event can not occur during the same period. Such an assumption, implicit in most of the
matching models (see Mortensen and Pissarides, 1999), is important here. Indeed, we have to
compute the transition of networks embedding a lot of workers (see (3)). Thus, we have to
consider during our simulations a sufficiently small period of time in order to guarantee that,
for a reasonable network size, the probability that a network goes from state ¢ to state j stands
between 0 and 1.

Assume an homogenous matching function of degree one M(.)/N = A X (us, + (1 —
u)se)®v ™, with A an efficiency parameter. The productivity of a new job is normalized at
unity and, as it is usually done in the matching literature, we consider that the elasticity para-

meter o and the bargaining power of the employees amounts to .5%.

We first base our calibration on the US monthly flows reported in Wasmer and Garibaldi

1Usually « is set to satisfy the Hosios condition for social efficiency (see Petrongolo and Pissarides, 2001). In
our model the elasticity of the matching function as regards unemployment amounts to a(1 — s.). However, we
do not have estimations of this kind of matching function. Consequently, we prefer to take the usual value for
this parameter.

12



(2003). These flows are computed using the CPS data for the 15-64 population between February
1994 and November 2000. We use these monthly statistics to compute a daily destruction rate.
For example, the probability for a worker to lose his job during a month is 1.55% in the United

States. If the probability of job destruction is exponentially distributed, ¢ is such as

1—e P30 —=155%

Probability
that the event
occurs during

a month

In the same way, we calibrate the daily interest rate r using information on the monthly interest

rate ((1+ rmomh)l/?’o

= 1+ rdey, with 7ponn = .5%). We set the daily search cost of firm
to represent 30% of the productivity of an employee during the same period of time to be
consistent with survey results reported by Hamermesh (1993). The value of leisure amounts to
.15. Eventually the efficiency parameter A is calibrated to reproduce an unemployment rate of
4.5%, the average unemployment rate in the US during the second half of the nineties.

The social networks are summarized by two parameters s, and £. Empirical evidences show
that between one third and two thirds of the unemployed find their jobs through networks (e.g.
Montgommery, 1991, and the survey of Granovetter, 1995). We calibrate the search intensity
of the employees s, in order that one half of the jobs are found through networks. As regards
the number of links, some empirical studies are devoted to the evaluation of the number of
acquaintances that a typical person possesses (Bernard et al., 1989). However, it is difficult
to know what is the relevant definition of an acquaintance when one studies the labor market.
Indeed, the relevant links are not only the most strongest one (for example our close friends) but
also the weakest one (Granovetter, 1995) which are more diversified. Besides, the method used
in these studies has revealed deep problems. First, when these studies are based on a survey, it
is obvious that people are quite poor at estimating their number of friends and that the number

reported by the individual is highly sensitive to the definition they have of a ”meaningful”

contact. Besides, when we use more indirect estimation method, we face the same problem, that

13



is the definition of the relevant relationships®. In the Appendix, we look at the effect of changes
in . In this section, we assume that the number of individuals £ in each network amounts to
40.. Indeed, we only try to provide a value which is realistic and limit the size of networks for

computational reasons. Our calibration is reported in Table 1.

Parameters vy h 2z s, 0 a«a / r q
Values 1 3 15 1 5 5 40 .00016 .0005
Tab. 1 - Calibration for the US economy

Do the effects of the social networks hinge on the level of the unemployment in the economy?
It is possible that, in a low unemployment rate economy, social networks do not play a large
role since all networks are in a good state. In an economy where the unemployment rate is
higher, an unemployed belonging to an efficient network with a large number of employees
has a comparative advantage. Such a mechanism could induce a positive correlation between
the level of unemployment rate and wage dispersion. To test this assertion, we also make our
simulation with a set of parameters representing the french economy during the nineties. The
{y, h, su, 3,¢,r} parameters do not change. The value of leisure is set to .4. Interpreted as
unemployment benefit, this gives a replacement ratio consistent with the french ratio (about
50%). Cahuc et al. (2003) have estimated on french data that the yearly destruction rate ranges
between .03 and .1. In our simulation, the destruction rate ¢ is assumed to be 0.002 to match the
typical value of .07 in yearly rate. Eventually, we choose A to reproduce the average empirical
unemployment rate of 10%. This parameter has to capture the institutional differences between

the two countries.

Parameters y h 2z s, B8 «a ¢ r q
Values 1 3 4 1 5 .5 40 .00016 .0002
Tab. 2 - Calibration for the french economy

The distribution of wages

Factors like sex, education and experience account for only one third of overall wage disper-

sion (Katz and Autor, 1999, Mortensen, 2003) and numerous papers have tried to explain the

See D.J. Watts (1999) for an useful survey of the existing litterature.

14



residual wage dispersion. Bowlus (1997) has already provided a model together with an econo-
metric estimation where the wage differential is due to differences in labor market search behavior
patterns. These differences are represented in her model by different arrival rates. Eventually,
she estimates that this heterogeneity induces a large wage differential. In our model, we pro-
pose a micro-foundation for arrival rate differential between ex ante identical individuals based
on the inequality of the unemployment rate between networks. We thus provide a theoretical
counterpart of the well-documented within group empirical wage dispersion (Katz and Autor,
1999).

In our framework, if s, = 0 we get the standard matching model. In this case, all individuals
are paid at the same wage rate, whatever the unemployment rate in their network. All individu-
als are identical as regards productivity. Hence, the existence of a wage distribution only hinges
on the fact that two networks can be in different states inducing differences in job arrival rates.
It is worth noting that ex ante all networks are identical. Nevertheless, the random matching
process implies that the networks have different histories on the labor market. The state of a
network at a given period is the result of its history and this state induces a particular job offer

arrival rate R(n,u,v) for the workers in the network (Figure 1).
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Figure 1 : The probability for an unemployed to get an offer R(n,u,v), as a function of the

number of employees in his network.

Let us remark that we do not aim at reproducing the shape of the empirical wage distribu-

tion. We try to investigate to what extent the network informational effect could induce wage
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dispersion and shape the distribution without any other source of heterogeneity. We first display
the networks’ distributions for 40 > n > 20% and the relation between wages and the number of
employees (Figure 2). Remember that the mean of employees distribution is (1 —u) (u = .045
for the US, .1 for France). Workers are concentrated at the right of the distributions and the
probability that a randomly chosen network has an employment rate less that 50% is close to
Zero.

An interpretation of our results is that social networks induce a spatial dispersion of the
employment rates, even if workers are identical. This point has already been pointed out in an

empirical work by Topa (2000). We provide a theoretical counterpart to this statement.

Probality m(n)

Wage w(n)
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‘---&--France—o—us‘ ‘---«--France —e—US

Figure 2: Networks Distribution and Wage Function

The social networks have different histories on the labor market and consequently differ in
their states (number of employees) at a given period of time. This induces heterogeneity since
the individual arrival rate is related to the number of contacts that are able to forward an offer
(Figure 1). With a Nash bargaining rule, a higher probability to get a job induces a priori a
higher wage by increasing outside opportunities. If two individuals belong to different networks,
they probably do not face the same probability to get a job. Since the wage depends on the
individual arrival rate of job offers, they are not paid the same wage. This simple mechanism
produces wage dispersion that does not come from productive heterogeneity.

It is worth noting that, while workers’ value functions always increase with the number of

SFor n < 20, m(n) is positive but close to zero. For readability, the graph is restricted to 40 > n > 20.
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employees n, the wages can decrease with n for networks which suffer from a low employment
rate. Indeed, on the one hand, the arrival rate increase with n. This strengthens the bargaining
power of the workers. Nevertheless, a worker embedded in a network with few employees can
accept low wages since he takes into account that by becoming employee he allows his network
to leave the worst states of the distribution more easely. If his network succeeds in increasing its
employment rate, this worker will be paid more in the long run. This mechanism increases the
threath point of the employer and explains why for low n, wages could decrease slightly with

the number of employees. The wage distributions are displayed in Figure 3.
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Figure 3 : Wage Densities

The mean of the distribution is 0.95 for the US, .91 for France. The standard deviations,
respectively .087 for the US and .058 for France, represent .9.2% and 6.4% of the mean wages.
The dispersion induced by social networks is thus significant considering that the only source of
heterogeneity comes from differences in the job arrival rate.

Let us remark that the wage profile is almost flat until the number of employees goes beyond
the average one (see Figure 2). This is mostly due to the fact that the probability to get an
offer is convez in the number of employees (see Figure 1). Consequently, it is mostly the workers
embedded in networks with the highest employment rates who benefit from social links. The
highest wage is 19% higher than the mean wage for France, 16% for the US.

Eventually, let us remark that, in our model, the wage can be greater than the productivity

of an employee’. Indeed, even if this implies a negative instantaneous profit, the firm expect

"In this simulation, the highest wage is the only wage to be greater that y. Nevertheless, for other parameters
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that the status of her employee change with time. Consider an employee who belongs to a
network where all workers have a job. At a rate ¢(¢ — 1) one of his acquaintance will be fired.
In this case, his wage moves from w(f) to w(¢ — 1) and the value of the job for the firm becomes

J(¢—1). J({) satisfies (using (9)):
(r+q)J(0) =y —w(l) +q(t = 1)(J(L = 1) = J(0)) (13)

If wl) > w(l — 1) one can have J({ — 1) — J(¢) > 0 and consequently J(¢) > 0 even if
w(f) > y. The wage bargaining can induce a wage higher than the productivity of labor if the
firm expect that it is only temporary. Indeed, the existence of frictions on the labor market
implies that searching for an applicant is a costly process. The firm can not fired an employee
and instantaneously finds a worker for the vacant position. Consequently it can prefer to keep
the worker knowing that the real wage will decrease in the future.

Labor market theories often consider that search frictions entail wages to be lower than
workers’ productivity. More generally, they predict a negative effect of the degree of frictions
on wages. Our model is in sharp contrast with the standard predictions. Van den Berg and van
Vuuren (2001) have recently shown that they are not systematically supported by the empirical
evidences. Interestingly, our model shows that search friction can also induce real wages to be
temporary higher than the productivity. Besides, wages can decrease with the job arrival rate
which an index of search frictions. Our model offers a dynamic framework for the job arrival
rate, even in a steady state economy, and sheds new light on the link between search frictions

and wages.

4 Networks’ dynamics, unemployment persistence and the wage-

age profile

The lower the number of employees, the lower the probability to find a job. Calvo-Armengol

and Jackson (2004a,b) have claimes that this simple mechanism, based on correlation between

values, it is possible to have several wages greater than y or, on the contrary, none.
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statuses, could induce unemployment persistence and explain the observed spatial correlation of
unemployment rate (for example Topa, 2000). First, we study how our endogenous framework
sheds some new lights on this issue. Besides, the correlation between statuses could create a

new link between the age of a worker, the state of his network and wages.
Do networks really induce unemployment persistence?

Since the probability for an unemployed worker to get a job hinges on the number of em-
ployees in his network, the status of linked agents is correlated. An unemployed worker i is more
likely to get a job if his friend j is employed. This state dependance could induce unemployment
persistence. The higher the unemployment rate in a network, the lower the probability that
this rate increases in the next period. Calvo-Armengol and Jackson (2004a) have already shown
that networks could induce stickiness in the dynamics of employment. However they consider a
job finding process where the arrival rate of informations about vacancies is completely exoge-
nous. Especially, they do not consider that networks modify the matching technology. In an
endogenous framework, networks could increase the agregate matching rate and thus accelerate
the convergence towards the average rate of networks initially with a low employment rate.

First, we aim at understanding to what extent the unemployed workers benefit from the
search effort of the employees, taken u and v as given. Indeed, the search effort of the employees
strengthens the congestion on the labor market. Formally, the probability to find a job A(u,v)
per efficiency unit of search is a decreasing function in s.. The derivative of the individual arrival

rate of a job as regards s., taken w as given, reads:

OR(n,u,v)  O\(u,v) n n
Ds. = s, 1+ seg — + T n)\(u, v) (14)
~— ~——
<0 >0

Remark that, for n = 0, a marginal increase in s, leads to a decrease in the job arrival rate. In
a network with a small number of employees the positive effect of the rise in s, is offset by the
decrease in A(u, v). On the contrary, in a network with a larger number of employees the agregate
congestion effect is counterbalanced by the higher search effort of the network’s employees.

Consequently, taken v and v as given, the exit rate from unemployment of the individuals in
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networks with high unemployment rates would be higher in an economy without networks. This
is not due directly to the correlation between statuses but to congestion externalities that the
framework of Calvo-Armengol and Jackson cannot capture.

Consider a subpopulation of workers with a high unemployment rate. If we compare an
economy with networks with an economy without, and if these two economies have the same
unemployment rate, do networks increase the time needed by this supopulation to converge
towards the agregate unemployment rate?

For that purpose, we simulate 1000 networks during 35 years (12775 periods). We assume
that our economy is at the steady state. All these networks begin with no employee and we
compute at each period the average unemployment rate in networks. We also simulate the
evolution of this rate for 1000 groups of 40 individuals in an economy without network but
with the same agregate unemployment rate and the same values on the structural parameters
{y,h, z,B,a,r,q}. These forty workers are also assumed to be unemployed in the first period.
Remember that, in this case, there is no correlation between agents’ statuses. In the same way,
the probability to get a job offer does not change over time and amounts to M (v, u)/u. The
results for the economy without networks is used as a benchmark to quantify the unemployment
persistence induce by networks, the average unemployment rate being given. The evolution of
the unemployment rates is displayed in Figure 4. We also provide the evolution of the ratio of
networks’ unemployment rate over the unemployment rate in the groups of 40 workers without

social links.
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Figure 4 : Dynamics of the unemployment rate in networks initially without employees and the
ratio of the unemployment rates. Unonet = Unemployment rate in an economy without networks.

Unet = unemployment rate in an economy with social links between workers.

Social networks induce unemployment persistence in the sense that the convergence of a
subpopulation toward the agregate unemployment rate is longer in an economy with networks
than in an economy where workers do not use their friends and relatives to get job offers. In
the US, convergence takes two and a half year with social networks, one and a half without. For
France, convergence takes about fourteen years in the first case, seven years in the latter. Hence,
convergence is about twice longer in a economy where workers are linked together, whatever the
agregate unemployment rate. Besides, during convergence, the unemployment rate in networks
can be twice higher than in an economy of “disconnected” workers. It is worth noting that it is
not due to differences in the vacancy rate. In our two economies, the vacancy rates are about

the same®. However, previous reasonnings have shown that networks induce congestion effects

8Fo example, for France, the vacancy rate in an economy with networks amounts to .1422, in an economy
without .1428.
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that are harmful for the unemployed in networks with few employees. We display in Figure 5,
the probability for an unemployed to get a job offer in an economy with social networks and in

an economy without.
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Figure 5: The exit rate from unemployment in an economy with networks and in an economy

without, for France and the US.

In an economy where individuals cannot use their acquaintances to get a job, the exit rate
from unemployment does not hinge on the number of employees in his neighborhood. On the
contrary, in an economy where workers use their contacts, an unemployed in a network with
high unemployment rate suffers from the congestion effect, while its network is ineffective in job
search In this case, the state dependance of the exit rates slows down the convergence of this
network toward the average unemployment rate. Nevertheless, let us remark that this is not
necessary the case for networks with a sufficiently high employment rate. Indeed, for the US,
the probability to get a job is higher with networks than in an economy without networks for
networks with at least 30 employees (that is for an unemployment rate below 25%). For these
networks, the existence of social networks accelerate the increase of the employment rate.

In comparison with the papers of Calvo-Armengol and Jackson (2004a,b), our model show
that an endogenous matching technology is needed to study the impact of social networks on the
labor market. The correlation between agents’ statuses does not necessary induce “stickiness” in
the employment dynamics. On the one hand, the individuals benefit from the search intensity of

employees in their network. On the other hand, the fact that employees also search for a job (for
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their unemployed friend) entails an increase in congestions on the market. For a given network,
the overall effect depends on the number of employees. For networks with a high unemployment
rate, networks slow down the improvement of the network’s state. For other networks with a
sufficiently low unemployment rate, networks accelerates this improvement.

Eventually, let us remark that the link between networks, the agregate unemployment rate
and the matching technology is important if one try to quantify their effects. Even in the
case where networks slow down the convergence, the quantitative impact can be quite small.
Especially, for the US (see Figure 4), the formal channel for the information about job offers
is sufficient to compensate the disadvantage of being embedded in an inefficient social network.
On the contrary, social networks seem to be an important channel for unemployment persistence

for a typical european continental economy.

The wage-age relation

Typical wage regression report positive coefficients on age and experience. Empirical evi-
dences point out that wages have an increasing but concave profile with the experience on the
labor market. Usual theoretical explanations are mainly based on lifetime accumulation of hu-
man capital or learning (for a recent survey see Neal and Rosen, 2000). However, there is no
clear evidence that the wage increase can be explained by an increasing productivity profile.
While Hellerstein et al. (1999) find on US data that the higher pay of older workers is explained
by higher marginal products, Crépon et al. (2002), using french employer-employee data, claim
that the age productivity profile is not sufficient to explain the wage profile.

Sociological studies (for a recent survey see Granovetter, 1995) demonstrate that social
networks of young workers are often ineffective as regards job search since they mostly linked
together young workers looking for a job. Consider in our model a social network of young
workers. At the beginning of their working life nobody has a job and the informal channel is
not effective to get job offers. With time, the number of employees increases and more offers
are transmitted through the network. In the same way, the network’s wages increase since the

individual arrival rate of job offers is higher. The outside options of employees, which represents
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the threaten point during wage bargaining, increases with the employment rate in the network.

In order to study the relation between experience, wage growth and social networks, we
simulate the trajectories of 1000 networks (40000 individuals) in a steady state economy by
assuming that initially there is only unemployed workers. We plot in Figure 6 the mean wage
against the experience of the workers on the labor market. Remark that we do not distinguish
between unemployment and employment in the experience. We define the experience has the

time spend as an active worker (looking for a job or being employee).
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Figure 6: Wage|Experience profile for France and the United States.

Interestingly, our model delivers for France an increasing average wage profile for an expe-
rience less than 14 years. Beyond this point, the profile is flat. Indeed, when a network begin
with few employees, there is a large probability that the number of employees, and thus the job
arrival rate, increases. After a given number of period, the employment rate of the network is
close to the average one and fluctuates around that point, inducing, on average, a flat profile.
For France, the wagel is almost always an increasing function of the job arrival rate (see Figure
2). The rise in R(n,u,v) induces mechanicallly a rise in wage. However, we have shown in
section 2 the wages can decrease with the job arrival rate in low employment networks. This is

especially relevant for the US. However, in this economy, the networks reach the average rate
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in only two and a half year. Consequently, the wage only decreases for an experience less than
one year. Then the wage is an increasing function of the experience until it reach the average
employment rate (in two and a half year).

Hellerstein et al. (1999) claim that, for the US, the productivity profile with age can explain
the increase of wages. Crépon et al. (2002) find the opposite results for France. The partial
disconnection of wages with productivity profile in France could be due the improvement of
workers’ networks with the experience on the labor market, this effect being too short to be

observed for the US.

5 Conclusion

This paper provides a simple way to study the effect of social networks on the within group wage
dispersion and unemployment persistence. In a framework where there is search frictions and
where job arrival rate is endogenous, we derive the equilibrium distribution of unemployment
rates across ex-ante identical networks. Since the probability to get a job offer increases with the
number of employees in the networks, the existence of social networks induces wage dispersion
when wages are the subject of bargaining. Our simulations show that networks induce significant
wages inequalities.

We also emphasize that the dynamics of the job arrival rates sheds new lights on the link
between search frictions and wages. Especially, since search is costly and the job arrival rate
changes over time, a wage can be, in the short run, higher than the productivity of the worker.
Besides, we show that the wage is not always a monotonic function of the degree of frictions.
These two predictions are in sharp contrast with the standard theories of job search but consis-
tent with empirical evidences.

Contrary to the claim of Calvo-Armengol and Jackson (2004a,b), social networks do not
necessary induce stickiness in unemployment dynamics. Our endogenous matching technology
shows that the effects of networks on the dynamics mostly hinge on search externalities and

not on the correlation between statuses. Networks can even accelerate the improvement of the
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unemployment rate of a subpopulation of workers. Our endogenous model allows us to quantify
this unemployment persistence’s channel. For the most disadvantaged networks, the convergence
toward the aggregate unemployment rate is twice longer in an economy with social networks.

Eventually, our model give an original explanation to the positive correlation between age,
experience and wages. Nevertheless, the new channel as a limited effect for economies with a
low unemployment rate.

One of the main limit of our model is that we do not endogenize the search intensity of
employees. An employee cooperates only if he knows that his relatives could be useful in the
future in case of job loss and if the decrease in utility if unemployed is large. Consequently, the
cooperation is no longer sustainable in social networks with low unemployment rate. Such a
mechanism could create social exclusion traps. Besides, economic institutions such as unemploy-
ment subsidies could threaten cooperation by decreasing the loss of agents when unemployed.

This issue in on our research agenda.
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Appendix

The effect of network’s size

In our model®, two parameters can potentially influence the effect of the social networks on the labor
market. First, the size £ of the networks. If it does not affect the matching function directly (see (1)),
it has an effect on the equilibrium unemployment rate (defined (6)). When an offer reaches the labor
market, it can be received by an employee with no unemployed friend. In this case the offer is lost. The
unemployment rate is decreasing with the network size (Figure 3) because the larger the networks, the
smaller the probability that an employee has no unemployed worker within his network. In the limit case
where ¢ = N, that is in the case where all individuals are linked together, 7(¢) = 0O since, as long as

u > 0, an employee knows always somebody looking for a job.
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Figure 5: The effect of the networks’ size (US economy).

9Let us remark that we go back to the model presented section 2 and drop the lifetime employment
assumption made in the analysis of the wage-age relation.
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From the point of view of the efficiency of the labor market, larger networks better the matching
technology. For the United States, the mean of the wage distribution goes from .90 to .95 when the
network’s size £ rises from 10 to 250. Indeed, since the unemployment rate decreases, the average
probability to find a job increases. However, for the chosen values on parameters, an increase in £ has
an ambiguous effect on wage dispersion. For the most disadvantaged networks, an rise in the number of
acquaintances can entail an increase in the number of unemployed who compete for the offers transmitted
by the employees. Indeed, taken u as given, R(n,u, v), the individual arrival rate of job offers, decreases
with network’s size. For a given network, this effect is counterbalanced only if the number of employees
increases sufficiently. Consequently, as £ goes up, the wage gap between networks in different state can
become wider. However, in the long run, larger networks limit the probability to be in networks with low
employment rate. In the limit case where there is a unique network (¢ = IN), all unemployed face the

same job arrival rate and there is no wage dispersion.
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