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Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment
Match value heterogeneity
Nash bargaining
The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment
Match value heterogeneity
Nash bargaining
The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment

Match value heterogeneity
Nash bargaining
The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment
Match value heterogeneity

Nash bargaining
The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment
Match value heterogeneity
Nash bargaining

The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment
Match value heterogeneity
Nash bargaining
The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment
Match value heterogeneity
Nash bargaining
The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction

Flinn (2006) analyzes the impact of minimum wages on labor market
outcomes in a model without OTJ search

As is the case here, the framework is:

Search in a stationary environment
Match value heterogeneity
Nash bargaining
The minimum wage acts as a side constraint on the NB problem

Using CPS data, Flinn (2006) estimated primitive parameters of
partial and general equilibrium versions of the model.

He found that �optimal�minimum wage was $8.50 in 1996 (partial
equilibrium) or $3.35 (general equilibrium).

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 2 / 38



Introduction (2)

Importance of OTJ search?

Over one-half of job spells end with new job and no intervening
unemployment
Job-to-job transitions are an important component of wage growth,
empirically and theoretically
This is particularly true for younger workers, who are disproportionately
impacted by the minimum wage
Minimum wages can have complex and diverse e¤ects on labor market
outcomes, depending on the bargaining environment, with OTJ search
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Previous Analyses

Leighton and Mincer (1981) and Acemoglu and Pischke (2002)
examine impact of minimum wages on lifetime earnings paths.

In case of general human capital investment, a minimum wage can
restrict the amount of human capital investment �purchased�by the
employee.
This can result in a slower rate of human capital acquisition, and
potential changes in the total amount accumulated.
We will have a similar type of e¤ect, though coming through a di¤erent
mechanism, under one of our bargaining speci�cations.
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Previous Analyses (2)

In terms of minimum wages and OTJ search, some equilibrium
models can be used to look at the welfare e¤ects of a minimum wage.

Burdett and Mortensen (1998) is built on assumptions of ex ante
homogeneity on both sides of the market, wage-posting, and o¤- and
on-the-job search.
In this case, a minimum wage just restricts the lower support of the
equilibrium wage o¤er distribution, with no impact on unemployment
rates, etc.
Unlike our model, no mass point at the minimum wage
In other equilibrium models, (e.g., Albrecht and Axell, 1984), a
minimum wage can improve the labor market equilibrium by selecting
out low quality employers.
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The Model

Parameters are:

λj , j = e, n : rate of arrivals of o¤ers in state j
η : exogenous dismissal rate
b : utility �ow in the unemployment state
ρ : instantaneous discount rate
G : multinomial distribution of match (productivity values),
0 < θ1 < ... < θL, L > 1, with probabilities pj = p(θj )
α : Nash bargaining power parameter
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The Model - with renegotiation and no m

Agents - �rms and searchers/workers - are expected wealth
maximizers.

Whenever a searcher encounters a potential employer, an i.i.d. draw
is taken from the distribution G .

When λe > 0, a currently employed individual at a match
characterized by θ has a positive probability of encountering another
potential employer in any �nite time period.

An individual has at most 2 potential matches at any instant in time.
A currently employed or unemployed individual who contacts a new
�rm must reject one o¤er immediately.

The environment characterized by e¢ cient mobility decisions -

If an individual has two potential employers at an instant in time, with
match values θ0 and θ, she will accept the job at which she is most
productive.
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The Model - no m (2)

Nash bargaining problem:

S(θ0,w 0, θ) = fVe (θ0,w 0, θ)�Q(θ)gα � fVf (θ0,w 0, θ)� 0g1�α

The outside option for the searcher/worker is

Q(θ) =
�

Vn if individual is unemployed
Ve (θ, θ, θ) if agent currently employed

The outside option for the �rm is 0. This is motivated by an appeal to
a free entry condition that results in the expected value of vacancies
being competed down to 0.
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The Model - no m (3)

Two �rms bidding for the services of an agent engage in Bertrand
competition. The losing �rm bids away all of its surplus in the end,
thus o¤ering a w = θ.

If the individual were to accept this (dominated) o¤er, the value of
employment would be Ve (θ,w = θ, θ).

The wage o¤er made to the individual is

w �(θ0, θ) = argmax
w
S(θ0,w , θ).
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The Model - no m (4)

Value of �rm

Vf (θ
0,w 0, θ) = (1+ ρε)�1f(θ0 � w 0)ε+ (ηε� 0)

+

0@λe ε ∑
θ̃2B (θ,θ0)

Vf (θ
0,w(θ0,eθ), θ̃)p(eθ)

1A
+
�
λe εP(θ̃ � θ)� Vf (θ0,w 0, θ)

�
+ (λe εP(θ̃ � θ0)� 0)

+
�
(1� λe ε� ηε)� Vf (θ0,w 0, θ)

�
+ o(ε)g,

Vf (θ
0,w(θ0, θ̃), θ̃) represents the equilibrium value to a �rm of the

productive match θ when the worker�s next best option has a match eθ
θj 2 B(θ0, θ) if and only if θj � θ0 and θj > θ.
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The Model - no m (5)

Collecting terms and taking the limit as ε ! 0

Vf (θ
0,w 0, θ) =

�
ρ+ η + λeP(θ̃ > θ)

��1
�fθ � w + λe ∑

θ̃2B (θ,θ0)
Vf (θ

0,w(θ0,eθ), θ̃)p(eθ)g.
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The Model - no m (6)

The worker�s value of being employed is de�ned similarly. For the
employee, the value of employment at a current match value θ and
wage w is given by

Ve (θ
0,w 0, θ) = (1+ ρε)�1fw ε+ ηεVn (m)

+λe ε[ ∑
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Ve (eθ,w(eθ, θ0), θ0)P(eθ)) + P(θ̃ � θ)� Ve (θ0,w 0, θ))]

+(1� λe ε� ηε)� Ve (θ0,w 0, θ) + o(ε)g

Ve (θ
0,w(θ0, θ), θ) is the equilibrium value of employment to a worker

with match value θ0 when his next best option has a match value of θ

C (θ0) is the set of all θj 2 Ωθ such that θj > θ0.
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The Model - no m (7)

After rearranging terms and taking limits, we have

Ve (θ
0,w 0, θ) =

�
ρ+ η + λeP(θ̃ > θ)

��1 � fw + ηVn (m) +

+λe [ ∑
θ̃2B (θ,θ0)

Ve (θ
0,w(θ0,eθ), θ̃)p(eθ) + ∑

θ̃2C (θ0)
Ve (eθ,w(eθ, θ0), θ0)P(eθ)]g.

Speci�cation of Q(θ)

Q(θ) =
�
ρ+ η + λeP(θ̃ > θ)

��1
�fθ + ηVn (m) + λe ∑

θ̃2C (θ)
Ve (eθ,w(eθ, θ), θ)P(eθ)]g.
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The Model - with m (8)

Model closed with the speci�cation of the value of unemployed search.

Vn (m) =
�

ρ+ λnP(θ̃ � θA(m)
��1

�fb+ λn ∑
θ̃2D (θA(m))

Ve (eθ,w(eθ, θ� (m)), θ�(m))P(eθ)g.

D(θA(m)) Set of acceptable matches out of unemployment state

Equilibrium wage function

w(θ0, θ) = arg max
w�m

S(θ0,w , θ).

For an unemployed agent

w(θ, θ� (m)) = arg max
w�m

Sn(θ,w , θ
� (m))
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Model Analysis

Solve for the value of search as follows:

Say that θA = θL
Then

Ṽe (θL, θL, θL) =
θL + ηṼn(θL)

ρ+ η
,

For an unemployed individual

Ṽe (θL,w ,U) =
w + λep(θL)Ṽe (θL, θL, θL) + ηṼn(θL)

ρ+ λep(θL) + η
,

while the value to the �rm is

Ṽf (θL,w ,U) =
θL � w

ρ+ λep(θL) + η
.
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Model Analysis (2)

The wage associated with this state is then given by

w̃(θL,U) = argmax
w
(Ṽe (θL,w ,U)� Ṽn(θL))α

�Ṽf (θL,w ,U)1�α.

Then the (new) implied value of unemployed search is given by

Ṽ 0n(θL) =
b+ λnp(θL)Ṽe (θL,w ,U)

ρ+ λnp(θL)
.

Iterate on Ṽn(θL) until convergence
Similar procedure for all candidate θA = θj , j = 1, ..., L� 1.
Then

θA = θj , V �n (θj ) = maxfV �n (θk )gLk=1.
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Ṽ 0n(θL) =
b+ λnp(θL)Ṽe (θL,w ,U)
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Equilibrium Wage Matrix

Dominant Value
Dominated Value j j1 … L−1 L

L L

L−1 L−1 wL,L−1

  

j1 j1 … wL−1,j1 wL,j1

j j wj1,j … wL−1,j wL,j

U wj,U wj1,U … wL−1,U wL,U

.



Some Examples:

General form of the wage function

α = .25, λn = .2, λe = .05, η = .01, ρ = .01, and b = �5. P = (.1
.2 .25 .2 .15 .1).

Same, but with λe = 0.

With binding minimum wage m = 1.5

With binding minimum wage m = 13
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Wage Matrix
m  0

Dominant  Value
Dominated  Value 5 8 11 14 17 20

20 20
17 17.00 17.35
14 14.00 13.84 14.19
11 11.00 10.27 10.11 10.46
8 8.00 6.70 5.96 5.80 6.15
5 5.00 3.32 2.02 1.80 1.12 1.47
U 4.78 3.10 1.79 1.06 0.90 1.25

.



Wage Matrix
c 0

Dominant  Value
Dominated  Value 5 8 11 14 17 20

U 7.60 8.35 9.10 9.85 10.60
.



Wage Matrix
m  1.5

Dominant  Value
Dominated  Value 5 8 11 14 17 20

20 20
17 17.00 17.35
14 14.00 13.84 14.19
11 11.00 10.27 10.11 10.46
8 8.00 6.70 5.96 5.80 6.15
5 5.00 3.40 2.10 1.50 1.50 1.55
U 4.82 3.32 2.02 1.50 1.50 1.50

.



Model with no renegotiation

Ve (θi ) =
w(θi ) + ηVn + λe ∑j>i pjVe (θj )

ρ+ η + λep+i
,

where p+i � ∑j>i pj

Wage function is

w(θi ) = argmax
w

�
w + ηVn + λe ∑j>i pjVe (θj )

ρ+ η + λep+i
� Vn

�α

�
�

θi � w
ρ+ η + λep+i

�1�α
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Model with no renegotiation (2)

Let θA = θi denote the minimal acceptable match values.

w(θi ) < w(θi+1) < ... < w(θL).

WIth minimum wage:

wi (m) = maxfm, αθi + (1� α)((ρ+ λep+i )Vn(m)

�λe ∑
j>i
pjVe (θj ;m))g
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Summary of model implications

Without renegotiation, wages are monotone increasing in the match
value.

In this case, binding minimum wages always eliminate otherwise
acceptable matches, which may or may not be bene�cial for agents in
the market.

With renegotiation, wages are functions of both the current match
value and the next best option encountrered during the employment
spell

Minimum wages may not �eliminate�otherwise acceptable match
values in this case, except when m gets quite large.

The employment e¤ects of minimum wage changes may be very
di¤erent under the two bargaining scenarios.
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Data

SIPP 1996 panel

Individuals 16-30 years of age, so as to increase the proportion of
minimum wage workers

Data from February 1998 through February 2000 - this to allow return
to stationarity after minimum wage increase (to $5.15) in September
1997.

As in Flinn (2006), we include students. They comprise a large
proportion of minimum wage workers.
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Estimation

We use a Method of Simulated Moments estimator

Di¢ cult to use a ML estimator (as in Flinn, 2006) for a number of
reasons

Under renegotiation, the mapping w(θ0, θ) is invertible if we know both
arguments, but not if we only know θ0 � the current match value.
If we use event history data, as in Dey and Flinn (2005), have to allow
for measurement error for the model to be consistent with the data
(zero probability events, like wage decreases within a job spell)

We use characteristics of the sample in February 1998, m98, and
transition information from Feb 1998 to Feb 1999, P99j98 to recover
the parameters.
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Stationarity Assumption

Model results and estimation depends heavily on stationarity
assumption.

In the version of the paper that was circulated, we conduct a formal
test for stationarity using the (point) sample characteristics m98 and
m99, and decisively reject equality.

While the model posits an environment in which time homogeneous
decision rules are optimal, the initial condition of beginning the career
in U, combined with OTJ search, makes the SS assumption
unattractive.
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Relaxing Stationarity in the Model and the Estimator

In the paper we conduct a test for stationarity (using two
cross-sections separated by 12 months) and decisively reject it.

Individuals facing an in�nite horizon continue to use stationary
policies.

Beginning at age 16, individuals choose whether to enter the labor
market. If they enter, it is as an unemployed searcher, with value
Vn(m). The value of being OLF at age a is

ξ + r(a� 16)
ρ

,

where r 0 < 0 and lima!∞ r(a) = r . Then the age a individual enters
the market i¤

ξ + r(a� 16) < ρVn(m).
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Relaxing Stationarity in the Model and the Estimator (2)

We assume a distribution of ξ that is negative exponential, with
parameter denoted δξ .

We estimate the function r �nonparametrically.�After assuming that
r(27� 16) = r(28� 16) = ... = 0, we allow

fr(a� 16)g26a=16

to be free parameters.

These parameters are estimated within the model, principally through
the use of age-speci�c participation rates.

Our estimates imply that the steady state participation rate
approaches 1.
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Participation Decision - Estimation

Our sample is individuals 16-30 years of age, and we set a1 = 16, the
�rst age of possible participation

Given a minimum wage m, frag and F imply a distribution of entry
times

Longest period of participation an agent could have would be 15 years
(currently 30 and enterred at age 16).

We generate 15� R sample paths, R of which truncated at 6
months, another R at 1.5 years, up to last R truncated at 14.5 years.
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Participation Decision - Estimation - 2

Let S(98) denote the sample characteristics used in the MSM
estimation as of February 1998.

In terms of the generated sample paths for labor market experience
level e, denote the analagous path characteristics by σ(e).

Let B(a) denote the age distribution (over the interval 16-30) in the
SIPP sample as of 1998.

Then the �aggregate� simulated path characteristic is given by

σ =
15

∑
t=1

at�15
∑
e=1

σ(e)κ(at � e + 1,m)B(at )

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 27 / 38



Participation Decision - Estimation - 2

Let S(98) denote the sample characteristics used in the MSM
estimation as of February 1998.

In terms of the generated sample paths for labor market experience
level e, denote the analagous path characteristics by σ(e).

Let B(a) denote the age distribution (over the interval 16-30) in the
SIPP sample as of 1998.

Then the �aggregate� simulated path characteristic is given by

σ =
15

∑
t=1

at�15
∑
e=1

σ(e)κ(at � e + 1,m)B(at )

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 27 / 38



Participation Decision - Estimation - 2

Let S(98) denote the sample characteristics used in the MSM
estimation as of February 1998.

In terms of the generated sample paths for labor market experience
level e, denote the analagous path characteristics by σ(e).

Let B(a) denote the age distribution (over the interval 16-30) in the
SIPP sample as of 1998.

Then the �aggregate� simulated path characteristic is given by

σ =
15

∑
t=1

at�15
∑
e=1

σ(e)κ(at � e + 1,m)B(at )

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 27 / 38



Participation Decision - Estimation - 2

Let S(98) denote the sample characteristics used in the MSM
estimation as of February 1998.

In terms of the generated sample paths for labor market experience
level e, denote the analagous path characteristics by σ(e).

Let B(a) denote the age distribution (over the interval 16-30) in the
SIPP sample as of 1998.

Then the �aggregate� simulated path characteristic is given by

σ =
15

∑
t=1

at�15
∑
e=1

σ(e)κ(at � e + 1,m)B(at )

CJ Flinn (NYU), J Mabli (Mathematica) () OTJ Search and Minimum Wages March 2008 27 / 38



Participation Decision - Estimation - 3

κ(at ,m) = Fξ(ξ
�
t (m))� Fξ(ξ

�
t�1(m)), t = 1, 2, ...,

If an individual is in the market for τ years as of February 1998, for
example, we point sample all of that individual�s simulated sample
paths at τ.

Stationarity not strictly required for consistency of the estimator, but
knowledge of the beginning of the labor market process would seem
to be.
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The Estimator

Let the value of the sample characteristics used be given by
X = (m098 P

0
99j98)

0, which is a column vector containing K sample
characteristics.

Let the corresponding model counterparts, conditional on the
parameter vector ϕ, be given by X̃ (ϕ) = (µSS (ϕ)0 π(ϕ)0)0.

Given a method for computing X̃ (ϕ), the MSM estimator of ϕ is
given by

ϕ̂ = argmin
ϕ
(X � X̃ (ϕ))0A(X � X̃ (ϕ)),

where A is an K �K symmetric, positive de�nite weighting matrix.

We compute the weighting matrix by resampling the SIPP data
matrix from which the sample characteristics, X , are computed. The
matrix A is the inverse of this estimated covariance matrix.
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The Estimator (2)

To compute X̃ (ϕ)), we �rst solve the model at the parameter vector
ϕ, which gives us the equilibrium wage functions and job acceptance
rule.

We compute the X̃ (ϕ) (which was called σ) as described above.

We have computed estimates of the standard errors by bootstrapping;
this involved resampling the original individual data to compute new
values of X . For each bargaining structure, we generated over 100
resamples.
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Identi�cation

First problem is identifying G , which from Flinn and Heckman (1982)
we know is not nonparametrically identi�ed. We assume θj mass
points are known, and that

p(θ = θi ) = Φ(
ln ci � µθ

σθ
)�Φ(

ln ci�1 � µθ

σθ
),

where µθ and σθ are to be estimated.

We also know from FH that ρ and b are not individually identi�ed.
We �x both in this exercise (ρ = .015/12 and b = �2).
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Identi�cation (2)

λe ,λn, η are all easily identi�able using event history data, and
remain identi�ed using point-sampled data and transition information.
Reasonable estimates of these parameters were obtained, similar to
those found when using event history data to estimate other types of
search models.

α is generally di¢ cult to estimate. Flinn (2006) showed that α was
identi�ed as long as the distribution G did not belong to a
location-scale family - which is the case here.

Moreover, this model uses OTJ search, which places more restrictions
on the wage process, thus yielding potentially more information
regarding α.
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E¤ects of minimum wages on wage dynamics

One e¤ect strictly through truncation from below, though through
�spillover� entire distribution can be altered.

Under renegotiation, redistribution of rents lowers wage growth.

Especially for individuals coming out of state U, high match values
are �paid for�by lower wages.

Then individuals get low wages because of high growth potential

This mimics general human capital investment argument

But essentially no cost to individuals in this case, especially at low
values of the minimum wage.
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Optimal Minimum Wages

Proportion unemployed in SS

πU (m) =
η

η + λnpU (m)
,

The expected value of a job under m

EVe (m) = ∑
θ0

∑
θ

pSS (θ
0, θjm)Ve (θ0,w(θ0, θjm), θ).

We can obtain an arbitrarily good approximation to EVe (m) through
simulation, without explicitly having to determine pSS (θ

0, θjm),
fortunately.
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Optimal Minimum Wages (2)

The expected value to a �rm

EVf (m) = ∑
θ0

∑
θ

pSS (θ
0, θjm)Vf (θ0,w(θ0, θjm), θ).

Then a SS social welfare function looks like

W (m) = pU (m)Vn(m)+ (1�pU (m))EVe (m)+ (1�pU (m))EVf (m).

This function is egalitarian in the sense that each individual and �rm
is given the same weight in determining aggregate welfare.
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General Equilibrium

We close the model using the matching function approach, where

M = M(s, v),

with M a CRS function, s the measure of searchers in the market,
and v the measure of vacancies.

One approach (see Petrongolo and Pissarides, 2001), to combine
employed and unemployed search is to set

s = u + τe,

where τ is an estimable weight. But this results in a restriction on λu
and λe inconsistent with model estimates.
We allow a form of directed search. Firms create vacancies either for
employed or unemployed searchers, with the two matching functions

Me = Me (e, ve )

Mu = Mu(u, vu)
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Vacancy Creation

Flow cost of a type j vacancy is ψj .

Assume that
M(sj , vj ) = s

ωj
j v

1�ωj
j , j = u, e.

Using only the data available to us, impossible to estimate ωu and
ωe , so in the current exercise we simply �x ωu = ωe = 0.5

Letting Jj denote the expected value of a type j vacancy, a free entry
condition (FEC) is imposed so that

Ju = Je = 0.

With estimates of λu and λe , steady state values of U and E , and
�xed values of ωu and ωe , we determine:

vu and ve
ψu and ψe .
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Vacancy Creation - 2

The sj is the measure of searchers of type j in the population.

This is straightforward to compute in the SS case. Here we have
nonparticipation as well.

In the results presented, we have ignored the participation margin and
de�ned the population proportions in E and U without reference to
the birth and death process in the labor market. Not really kosher.
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Table 2a

Descriptive Statistics

Individuals Aged 16-30

Feb 1998 Feb 1999

Proportion unemployed 0.043 0.030

Mean wage $9.47 $10.39

Standard deviation of wages $4.67 $5.09

Proportion of minimum wage earners 0.033 0.018

Proportion earning wage greater than $20 0.043 0.053

Proportion employed in Feb 1998 that exit into unemployment within 12 months 0.064

Proportion employed in Feb 1998 with at least one job change within 12 months 0.291

Mean wage at initial job among individuals employed

in Feb 1998 who have job-to-job transition before Feb 1999
$8.43

Mean wage change among individuals employed

in Feb 1998 who have job-to-job transition before Feb 1999
$0.90

Standard deviation of wage change among individuals employed

in Feb 1998 who have job-to-job transition before Feb 1999
$4.33

Mean wage at first job for those unemployed in Feb 1998

who become employed within 12 months
$8.48

Standard deviation of wages at first job for those unemployed in Feb 1998

who become employed within 12 months
$4.43
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Table 2b

Descriptive Statistics

Individuals Aged 16-30

Participation Rate for Individuals Age 16 0.209

Participation Rate for Individuals Age 17 0.253

Participation Rate for Individuals Age 18 0.392

Participation Rate for Individuals Age 19 0.480

Participation Rate for Individuals Age 20 0.593

Participation Rate for Individuals Age 21 0.672

Participation Rate for Individuals Age 22 0.671

Participation Rate for Individuals Age 23 0.803

Participation Rate for Individuals Age 24 0.801

Participation Rate for Individuals Age 25 0.833

Participation Rate for Individuals Age 26 0.890

Participation Rate for Individuals Age 27 0.844

Participation Rate for Individuals Age 28 0.864

Participation Rate for Individuals Age 29 0.853
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Table 3

Model Estimates

Without

Renegotiation

With

Renegotiation

m 5.15 5.15

λn
0.505

(0.006)

0.505

(0.055)

λe
0.309

(0.004)

0.156

(0.005)

η
0.013

(0.001)

0.010

(0.001)

μθ
1.615

(0.048)

2.621

(0.058)

σθ
0.846

(0.026)

0.175

(0.059)

α
0.380

(0.010)

0.320

(0.012)

Note: Instantaneous value of search, b, set

equal to -2 in both estimations
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Table 4

Sample and Simulated Moments

Individuals Aged 16-30

Sample

Model

Without

Re-negotiation

Model

Without

Renegotiation

Proportion unemployed 0.043 0.046 0.017

Mean wage $9.47 $9.01 $8.67

Standard deviation of wages $4.67 $3.48 $2.99

Proportion of minimum wage earners 0.033 0.031 0.024

Proportion earning wage greater than $20 0.043 0.000 0.000

Proportion employed in Feb 1998 that exit into unemployment

within 12 months
0.064 0.084 0.071

Proportion employed in Feb 1998 with at least one job change

within 12 months
0.291 0.141 0.147

Mean wage at initial job among individuals employed

in Feb 1998 who have job-to-job transition within 12 months
$2.34 $1.01 $1.48

Mean wage change among individuals employed

in Feb 1998 who have job-to-job transition within 12 months
$0.25 $0.614 $0.54

Standard deviation of wage change among individuals employed

in Feb 1998 who have job-to-job transition within 12 months
$2.31 $1.60 $1.45

Mean wage at first job for those unemployed in Feb 1998

who become employed within 12 months
$1.18 $0.83 $0.54

Standard deviation of wages at first job for those unemployed

in Feb 1998 who become employed within 12 months
$3.18 $2.06 $1.40

Value of criterion function at solution vector 743.77 1216.34

Note: Wage moments conditional on transition within 12 months defined using size of full sample.
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Table 5: Point Estimates of Demand-Side Parameters

Without Renegotiation With Renegotiation

Vacancy Rate

Unemployed 0.009 0.004

Employed 0.092 0.024

Flow Vacancy Cost

Unemployed $92.45 $137.85

Employed $54.26 $30.75
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Table 6

Policy Experiments: Exogenous Contact Rates

Unemployed

Workers

Employed

Workers

Firms

with

Filled

Vacancies

Out of the

Labor

Force

Workers

Aggregate

Labor

Market

Without Renegotiation

Optimal m $12.05 $17.50 $17.55 $12.05 $12.05

Percent Change With

Respect to Baseline

(m = $5.15)

0.017 0.050 0.348 0.184 0.017

Unemployment Rate

(Baseline = 0.051)
0.140 0.246 0.303 0.140 0.140

With Renegotiation

Optimal m $14.05 $14.30 $5.15 $14.05 $14.05

Percent Change With

Respect to Baseline

(m = $5.15)

0.048 0.040 0.00 0.247 0.035

Unemployment Rate

(Baseline = 0.022)
0.042 0.047 0.058 0.042 0.042

51



Table 7

Policy Experiments: Endogenous Contact Rates

Unemployed

Workers

Employed

Workers

Firms

with

Filled

Vacancies

Out of the

Labor

Force

Workers

Aggregate

Labor

Market

Without Renegotiation

Optimal m $4.70 $4.70 $17.55 $4.70 $4.70

Percent Change With

Respect to Baseline

(m = $5.15)

0.006 0.005 0.338 0.066 0.005

Unemployment Rate

(Baseline = 0.051)
0.046 0.046 0.404 0.046 0.046

With Renegotiation

Optimal m $13.30 $13.30 $17.85 $13.30 $13.30

Percent Change With

Respect to Baseline

(m = $5.15)

0.046 0.037 0.224 0.240 0.033

Unemployment Rate

(Baseline = 0.022)
0.035 0.035 0.809 0.035 0.035

52






