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Abstract

In the past three recessions, two major features of the business cycle have
changed. First, employment now lags output growth, leading to jobless recoveries. Second, average labor productivity (ALP) has become acyclical or even
countercyclical. This paper proposes a joint explanation for both facts. I develop
a quantitative model in which …rms streamline and restructure during recessions.
The model captures the idea that …rms grow "fat" during booms but then quickly
"restructure" during recessions by laying o¤ their unproductive workers. Firms
then enter the recovery with a greater ability to meet expanding demand without
hiring additional workers. This model explains 55% of the decline in the procyclicality of ALP observed in the data and generates a 4 quarters long jobless recovery
after the Great Recession.
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Introduction
"[Productivity growth] has enabled …rms to meet the demand for their output without hiring
workers.... Although other explanations for the jobless recoveries have played a role, in my view
the productivity explanation is, quantitatively, probably the most important." - Ben Bernanke
(2003)

What explains jobless recoveries? Interest in this question has been revived by the
current slow recovery in U.S. labor markets. A full two years after the end of the Great
Recession, employment is still 5% below its pre-recession level. Average labor productivity
(ALP), however, rebounded quickly: by the end of the recession it was already back above
trend. These twin facts present a puzzle, since standard models would predict that …rms
would start hiring again at such productivity levels. That recoveries can be jobless is widely
recognized. What is less well known is that rising labor productivity during recessions is
also a pervasive feature of recent business cycles. Since the mid-1980s, ALP has become
markedly less cyclical at the same time as employment recoveries have become markedly
more jobless. In this paper, I formalize a single explanation for both facts.
I develop a quantitative model where …rms take advantage of recessions as an opportunity to streamline and restructure. The model captures the idea that …rms grow "fat"
during economic expansions, but then quickly trim this fat by aggressively cutting costs in
recessions. During booms, …rms employ unproductive workers because learning about match
quality takes time and because adjustment is costly. In recessions, …rms shed unproductive
workers, entering the recovery with a greater ability to meet expanding demand without
hiring additional workers. I call this mechanism "restructuring" because it formalizes the
conventional wisdom that …rms survive recessions by focusing on cost cutting and boosting
productivity. The model can quantitatively match both facts: it explains 55% of the decline
in the procyclicality of ALP and generates a four quarters long jobless recovery after the
Great Recession.
Standard RBC models cannot explain why ALP is acyclical. If the model is driven by
technology shocks, then labor productivity will be procyclical almost by construction. Even
with other types of shocks, it is di¢ cult to generate acyclical ALP because with a standard
Cobb-Douglas production function and a competitive labor market, ALP is proportional to
the wage. Thus, ALP can only be acyclical if real wages are too. Empirically, however, real
wages are procyclical (Barsky, Parker and Solon, 1994; Haefke and van Rens, 2010).
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The di¢ culty standard models have generating acyclical ALP motivates examining
other classes of models. A natural starting place is a competitive industry model (Hopenhayn
1992). This model has the potential to induce countercyclical ALP movements through
composition e¤ects driven by endogenous entry and exit. If low productivity establishments
are disproportionately "cleansed" during recessions, then qualitatively, the model will be
able to generate less cyclical ALP.1 Berger (2011) shows that these composition e¤ects
are quantitatively unimportant because general equilibrium e¤ects are quite strong in this
class of models due to free entry: wages adjust enough so that the marginal …rm, which is
indi¤erent between continuing and exiting, does not vary much over the cycle. Furthermore,
at business cycle frequencies almost 80% of gross job creation and destruction occurs at
continuing establishments rather than through establishment entry and exit. This motivates
examining mechanisms which operate on the within establishment/…rm margin.
In this paper, I base my model on the standard competitive industry model, Hopenhayn (1992), but departs signi…cantly from it in three major respects. First, workers are
heterogeneous and employers are able to selectively dismiss their least productive employees.
Worker heterogeneity and selective …ring create the within establishment "restructuring"
margin that is central to my model. Second, I add employment adjustment costs. These
costs, generate a trade-o¤ between living with a low quality workforce and foregoing production while adjusting employment. This creates opportunities for intertemporal substitution
and helps ensure that restructuring will be concentrated in recessions. Third, I include aggregate shocks, which are essential to investigating the business cycle implications of the
model.
I calibrate the model to match a variety of cross-sectional facts, including the size
and employment distribution of all U.S. nonfarm establishments as well as the average level
of job creation and destruction. I estimate the level of employment adjustment costs by
using simulated method of moments (SMM) applied to moments of the employment change
distribution derived from the micro data of the Longitudinal Business Database, a comprehensive annual panel of all US formal employers maintained at the U.S. Census Bureau. The
model replicates key empirical facts at the establishment level, such as a positive correlation
between productivity and age and a negative correlation between employment growth and
size.
1 Caballero and Hammour (1994, 1996) formalised the notion of cleansing in a business cycle context which goes back to
Schumpeter (1939) and appears in a large number of models, among others Mortensen and Pissarides (1994); Campbell (1998).
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After calibrating the model, I add aggregate productivity shocks and perform several
computational experiments. First, I show that the model without worker heterogeneity and
labor adjustment costs cannot match the post-1984 labor market facts: ALP is strongly
procyclical and there are no jobless recoveries. In this sense, an industry model a la Hopenhayn (1992) is not di¤erent than a RBC model with ‡exible labor. It can replicate the
pre-1984 business cycle dynamics, but not the post-1984 ones. Second, I show that adding
adjustment costs to the model can generate moderate jobless recoveries, but makes ALP
strongly procyclical due to a standard labor hoarding e¤ect. Third, I add worker heterogeneity and selective …ring and show that this model generates jobless recoveries that average
four quarters in duration and a large decline in ALP cyclicality. In other words, a model
with adjustment costs, worker heterogeneity and selective …ring can explain the post-1984
labor market facts. Fourth, I explore whether the employment recovery in 2009 was jobless
because the corresponding output recovery was anemic relative to previous recoveries. To
do so, I examine what the employment recovery after Great Recession would have been had
output growth been as strong as it was after the 1982 recession, which was a much more
robust recovery. I …nd that the jobless recovery would have only been about two quarters in
duration, about half of what we have observed.
Finally, I discuss what changed in the 1980s.

I provide suggestive evidence that

the structural change was the result of a large decline in union power in the 1980s.2 This
led to a sharp reduction in the restrictions …rms faced when adjusting employment, which
lowered …ring costs and made it easier for …rms to …re selectively.3 I test this hypothesis
using variation from U.S. states and industries. I show that states and industries that had
larger percentage declines in union coverage rates had larger declines in the in the cyclicality
of ALP, consistent with my hypothesis. The union power hypothesis is also consistent with
evidence from detailed industry studies. A recent paper by Dunne, Klimek and Schmitz
(2010) shows that there were dramatic changes in the structure of union contracts in the
U.S. cement industry in the early-1980s, which gave establishments much more scope to …re
workers based on performance rather than tenure. They show that immediately after these
2 Closely related to the union power hypothesis is the "disposable worker hypothesis" of Gordon (2010). He argues that
there was an increase in managerial power and a decline in labor power that contributed to both the rise in inequality and the
increasingly cyclically sensitive labor market that we have observed. Another related explanation is that there was a dramatic
shift in corporate philosophy towards maximizing shareholder value, especially since 1990 (Sinai 2010).
3 Gali and van Rens (2010) also suggest that the decline in union power can help explain the decline in the procyclicality of
ALP. In their model, less union power means lower adjustment costs which leads to decreased labor hoarding. However, this
explanation does not explain why the recoveries have become jobless. Thus it must be the case that a decline in union power
led the prevalence of selective …ring to increase and not just to a decline in …ring costs.
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workplace restrictions were lifted, ALP and TFP in the industry increased signi…cantly.
This paper contributes to several literatures. It …rst relates to the literature on "pitstop" theories of the business cycle (Davis and Haltiwanger, 1990; Aghion and Saint-Paul,
1993; Hall, 2000), the idea that recessions are times when productivity-improving activities
are undertaken because of relatively low opportunity costs. The paper that is most similar
to my own is Koenders and Rogerson (2005). In their model, organizational ine¢ ciencies
build up within a …rm during booms because managers focus on growth, then get eliminated
during recessions when managers switch their focus to removing ine¢ ciencies. My research
is importantly di¤erent in that it is in general equilibrium and it explores the quantitative
implications of this class of models.
This paper also relates to the growing literature on jobless recoveries and the
changing cyclical dynamics of ALP.4 Typically, this literature has examined these facts
in isolation from each other.

Moreover, candidate theories tend to be inconsistent with

the other post-1984 fact. For example, Bachmann (2011) argues that labor hoarding can
help explain the 1991 and 2001 jobless recoveries. The problem with this explanation is
that labor hoarding tends to make ALP more rather than less procyclical, in contrast to
what we have observed in the data. Gali and van Rens (2010) present a model where the
decline in the procyclicality of ALP is due to lower labor adjustment costs. In their model,
lower adjustment costs leads to less labor hoarding, which makes ALP less procyclical. The
di¢ culty with this explanation is that a decline in labor adjustment costs is inconsistent
with jobless recoveries.
To my knowledge, there is only one other paper (Garin, Pries and Sims 2011) that
also presents a unifying explanation for both jobless recoveries and the declining cyclicality of
ALP. That paper’s hypothesis is that, because of the Great Moderation, reallocation shocks
have become relatively more important than aggregate shocks, so that now reallocative
shocks play an increasingly important role during downturns. Increased reallocation from
less productive to more productive sectors during recessions leads aggregate productivity to
rise, helping to explain the decline in the cyclicality of ALP. If this reallocation takes time,
it will take longer for employment to recover after a downturn providing an explanation for
jobless recoveries. However, there are two potential issues with their explanation.

First,

the evidence that reallocation and mismatch have become relatively important in recent
recessions is mixed. Recent work by Valetta and Kuang (2010) and Barnichon and Figura
4 Also

see Aaronson et. al., 2004; Groshen and Potter, 2003; Shimer, 2010.
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(2010) suggests that while there is evidence of mismatch during recessions, mismatch has not
signi…cantly increased since 1980s. Second, the Great Moderation was a global phenomenon:
it occurred in every G-7 country (Summers, 2005). If the Garin, Pries and Sims hypothesis
is correct, we should observe jobless recoveries and acyclical ALP in countries that also had
Great Moderations.

In Section 7, I show that this is not something that we observe in

the data. In fact, the coupling of jobless recoveries and acyclical ALP is only observed in
the U.S., suggesting that we need a U.S. speci…c explanation for why these business cycle
correlations changed in the mid-1980s.
The paper is organized as follows. In the next section, I document how the business
cycle facts have changed. In Section 3, I present a simpli…ed version of the model that conveys
the main intuition. In Section 4, I build a general equilibrium model of establishmentlevel dynamics. In Section 5, I discuss my calibration and my steady state results. In
Section 6, I add aggregate shocks and conduct the main policy experiment. In Section 7,
I provide evidence that since the 1980s, labor market institutions have shifted to allow for
more selective …ring. Section 8 concludes.

2

Data Description and Empirical Evidence
The main source of data for the macro facts in this paper is the BLS labor productiv-

ity database. This database has quarterly information on output, total hours, employment
and hours per worker from 1947 to the present.

I follow the extant literature (Gali and

van Rens, 2010) and use non-farm business as my main measure of output, however, the
empirical results are robust to using GDP, all private business (including agriculture) and
the non-…nancial sector instead. My preferred output series is constructed by excluding from
GDP the following outputs: general government, nonpro…t institutions, the farm sector, paid
employees of private households, and the rental value of owner-occupied dwellings. Corresponding exclusions also are made to labor inputs.

Hours and employment data for the

major sector measures are drawn from the BLS Current Employment Statistics (CES) program, which provides monthly survey data on total employment and average weekly hours
of production and nonsupervisory workers in nonagricultural establishments. Jobs rather
than persons are counted. Weekly paid hours are adjusted to hours at work using data from
the National Compensation Survey (NCS). I use total hours as my main measure of the
labor input because it more closely corresponds to the labor measure in the model, since the
6

model does not include a distinction between the bodies and hours per worker. To make
the evidence consistent with previous empirical work, I focus on the period 1960Q1-2011Q2.
Since my focus is on labor market changes, I split the data into two sub-periods, pre-1984
(1960Q1-1983Q4) and post-1984 (1984Q1-2010Q2). The break date was chosen to be consistent with the existing literature (Gali and van Rens, 2010). None of the results are sensitive
to this choice of break date.
I start by presenting evidence on the existence of jobless recoveries. Following the
literature, I refer to jobless recoveries as a continued fall in aggregate labor input, accompanied by a continued increase in aggregate output (Aaronson et. al., 2004; Groshen and
Potter, 2003; Bachmann, 2011). Figure 1 displays total hours and employment following
recessions, where both series are shown in log-deviations. I do not HP-…lter the data since
this …lter is not reliable near the endpoints making inference about the behavior of labor
input during the Great Recession di¢ cult.5

In each panel, all the series are normalized to

zero at the NBER business cycle trough. The left panel of Figure 1, shows that relative to
pre-1991 recessions (solid line), total hours fell as output recovered and did not recover to
its pre-trough level for on average 7 quarters.
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Figure 1: The behavior of total hours and employment during business cycle recoveries

The right panel of Figure 1 shows that the shift since pre-1991 recessions is even
stronger for employment. This is because …rms tend to increase hours per worker before they
5 Other

than the most recent recession, the results are robust to HP-…ltering the data.
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hire new workers (Bachmann 2011). In Appendix A, I show that the recent jobless recoveries
are not driven by trend declines in certain sectors or by cyclically sensitive sectors. For
example, I show that jobless recoveries remain even after the manufacturing and construction
sector have been removed from the aggregate employment series.
The cyclical dynamics of ALP also changed in the mid-1980s (Gali and Gambetti,
2009; Barnichon, 2010; Gali and van Rens, 2010). The left panel of Figure 2 shows the HP…ltered series of output and ALP.6 I HP-…lter both series because end point issues are less
of a concern here since the change occurred in the middle of the sample period. The shaded
regions denote NBER recessions. Casual observation suggests that both ALP and output
were strongly positively correlated before the mid-1980s, but the correlation is much weaker
now. The right panel con…rms this observation. It shows the eight year centered rolling
correlation between output and ALP along with 95% con…dence intervals. Before the 1980s,
the correlation between output and ALP was high and stable at around 0.65, whereas the
correlation is near zero or negative starting in the mid-1980s. It is also clear that the decline
in the correlation of output and ALP was sharp and dramatic. Three features of the data are
responsible for this quick decline: the eight year window, the fact that there were recessions
approximately ten years apart, and the fact that ALP was strongly procyclical in one (the
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Figure 2: The cyclical behavior of output and labor productivity
6I

use a smoothing parameter of 1600.
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1997q3

2010q1

HP
BP

Pre-1984
0.68***
(0.07)
0.69***
(0.08)

Post-1984
0.09
(0.11)
0.20**
(0.09)

Change
-0.59***
(0.13)
-0.49***
(0.14)

SE in parenthesis. HP-…lter with smoothing parameter of 1600.
Bandpass …lter isolating periods [6-32]
Source: BLS Labor Productivity and Costs

Table 1: Correlation of Output and ALP

Since the decline is stark, I performed multiple robustness checks to ensure that this
trend break was not driven by my choice of data set. Research on U.S. labor productivity
is complicated by the fact that a variety of measures are used, many of which di¤er along
several dimensions. Fortunately, a recent data set constructed by Brugemann, Hagedorn and
Manovskii (2010) is useful for addressing this question. They construct a consistent data
set of both labor input and output series and then examine many di¤erent combinations of
assumptions in order to see which ones matter and which ones do not. While the magnitude
and level of the decline varies across di¤erent measures of inputs and outputs, Table 1a in the
Appendix shows that the fact that there was a decline in the correlation of output and ALP
during the 1980s is remarkably robust to the choice of data set. In particular, the decline
is robust to using the aggregate employment measure from the household survey (CPS) as
well as using GDP as the output measure. Finally, I show in Appendix A that the decline
does not seem to be driven by a change in the behavior of entry and exit over the business
cycle.
I also test formally whether the correlation between output and ALP changed in 1984.
Table 1 displays the results: the change in correlations is strongly statistically signi…cant.
Figure 3 shows that the behavior of output during recoveries has also changed since
the mid-1980s.

This …gure is computed in the same manner as Figure 1.

Relative to

previous recoveries, output growth has been about 50% lower in the last three recoveries.
Time zero denotes the trough of the business cycle and each series shows the cumulative
percentage change since then. It is often argued that lower output growth during recoveries
is the principal reason for jobless recoveries (Krugman, 2010; Orzsag, 2011; Tasci, 2011). I
address this question in Section 6.
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Figure 3: The behavior of output during business cycle recoveries
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Simple model
In this section, I introduce a simple, two-period model to illustrate how worker

heterogeneity, learning, and selective …ring interact to generate jobless recoveries and countercyclical productivity. I present the full, dynamic model in the next section. Workers in
the model are matched to …rms and productivity is match speci…c. The fact that human
capital is match speci…c plays an important role in keeping the general model tractable as
will become clear in the next section. Abowd, Kramarz and Margolis (1999) and Mortensen
(2003) …nd evidence consistent with this assumption using evidence from matched employeremployee data.7 High and low productivity matches produce e¢ ciency units
respectively, with

L

H.

H

and

L

,

When hiring, …rms only observe the average match quality of a

new hire, p, which is assumed to be constant in both periods.
The timing is as follows. In the …rst period, all …rms are endowed with an initial TFP
draw, z1 ; and a certain number of employees, L1 ; of whom a fraction
matches. The subscript denotes the time period.
the …rm always knows

1

1

are high productivity

I work with a continuum of workers so

precisely. At the end of the …rst period, …rms learn the quality

of its match with each of its workers. In the beginning of the second period, …rms decide
whether to hire new workers or …re existing ones.8 I assume that employment adjustment is
7 More empirical support comes from Jacobson, Lalonde and Sullivan (1993). They show that employees who lost their jobs
in plant closings experienced large and persistent earnings losses, which is consistent with a signi…cant component of human
capital being match speci…c.
8 This is a restriction, because a …rm would be strictly better o¤ if it could hire and …re within the same period. By …ring
all its known bad matches at the beginning of the period, a …rm can always achieve a higher average match quality for a given
workforce size. Firms are able to do this because they exchange certain bad matches with those that have a chance of being
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costless. After making this restructuring decision, …rms produce a homogenous good using a
Cobb-Douglas production function where the only input is the total e¢ ciency units of labor,
L2 . Here,

is the average match quality of all a …rm’s employees in e¢ ciency units:
(

2)

=

2 H

+ (1

2) L

Because productivity is match speci…c, the outside of option of each worker is the same at
all …rms. I therefore assume that wages are the same for all workers and are equal to one in
both periods. Together, these assumptions imply that high productivity matches are strictly
preferable because, per e¢ ciency unit, high productivity matches are cheaper for the …rm.
Firms would like to be able to identify and …re their low productivity matches. Finally, I
assume that

p: This assumption is (endogenously) satis…ed in the fully dynamic model.

1

In that model, a new …rm, which has just hired by de…nition, has an average match quality
equal to p: Firing (weakly) increases match quality because of selection.
Consider the restructuring decision of a …rm that starts the second period with L1
workers, fraction

1

period is z2 : Given

good matches, and TFP level z1 . The …rm’s TFP draw in the second
1

, L1 and z2 , the …rm’s optimal employment in the second period, L2 ;

solves:
max z2
L2

where

2 (0; 1) and

2

=

2

8
>
>
>
>
<
>
>
>
>
:

(

2 )L2

L2

is given by the following weighted average:
1

L1
L2
1

1

+p
L1
L2

L2 L1
L2

if hiring

if …ring fewer than (1

1 )L1

employees

if …ring more than (1

1 )L1

employees

9
>
>
>
>
=
>
>
>
>
;

Jobless Recoveries

Let’s examine how average match quality at the …rm a¤ects the incentive to hire
new workers. Suppose that productivity increases proportionately by
Consider the homogenous worker model …rst ( = p

H +(1

p)

L

so that z2 = (1 + )z1 .

). This is a natural benchmark

to consider since the homogeneous worker model exhibits the same employment dynamics
as the heterogeneous worker model when there is either no learning or no selective …ring.
good. In the full model, …rms will have the option of …ring then hiring in the same period but will rarely do so, because they
would have to pay the adjustment costs twice.
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In either case, average match quality for every …rm is equal to (p).9
employment is:

h
1
ge = (1 + ) 1

A …rm hires workers as long as

The growth rate of

i
1

(1)

> 0; whenever TFP in the second period is greater than in

the …rst period. Now consider the heterogeneous worker model with selective …ring. In this
case, the growth rate of employment is:

ge =

( 1)
(p)

"

1

(1 + ) (p)
( 1)

1

#

1

(2)

In the heterogeneous worker case (Equation 2), a …rm only hires when

exceeds a threshold,

:
=

( 1)
(p)

1

We learn two things from examining Equation (3). First,
that

2 (0;

(3)
> 0: Assume for a moment

): Notice that this implies that TFP in the second period is strictly greater than

TFP in the …rst period. Equation (1) shows that a …rm in the homogeneous worker model
would want to hire if it had this aggregate TFP draw, whereas Equation (3) shows that a
…rm in the heterogeneous model would want to lay o¤ workers if it received this same TFP
draw in the second period. This means that relative to the homogenous worker model, a
…rm needs a larger TFP shock in order to be willing to not layo¤ employees. The reason is
because of …rm learning and selective …ring. At the end of the …rst period, the …rm observes
the exact quality of each worker, including the identity of all its worst matches. If 2 (0; ),
then the …rm could increase its pro…ts by shedding some of its low productivity ones. TFP
must be high enough ( >

) to induce the …rm to delay this restructuring process.

second point we learn from Equation (3) is that
an initially better matched workforce (higher

1)

is increasing in

1:

The

In words, …rms with

need larger TFP to begin hiring than those

with a more poorly matched workforce. The intuition is that new hires are on average
less productive than incumbent workers, so that each additional hire dilutes average match
quality, generating an additional margin of diminishing returns.
These two observations explain why the model with worker heterogeneity and selective
…ring is able to generate jobless recoveries.

After the recession, many …rms have a well

9 When

…rms cannot learn about match quality, …rms …re at random; conversely, if …rms cannot lay o¤ selectively, …rm
knowledge about individual employees cannot be used in termination decisions. The only di¤erence between the two models is
a scale factor, (p); which a¤ects the level, but not the growth rate of employment.
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matched workforce because they recently laid o¤ their productive employees.

Now they

need much higher productivity/demand to begin hiring again relative to the homogenous
worker model.
Countercyclical Average Labor Productivity

ALP is de…ned in the model as Y =L where aggregate output and labor are de…ned as
Y =

R

yi and L =

R

Li is gross output at …rm i. Denote ALP initially and after

Li and yi = s

selectively …ring as (Y =L)i and (Y =L)f respectively. One can show that:10
(Y =L)f > Y =L

In other words, ALP is higher after selectively …ring. If layo¤s are concentrated early in
recessions, then the model can generate countercyclical ALP. The intuition is that …rms shed
their least productive workers …rst, raising their average productivity and this composition
e¤ect dominates the decline in ALP due to the fall in TFP.
This simple model illustrates how worker heterogeneity, learning and selective …ring
interact to allow the model to qualitatively generate jobless recoveries and countercyclical
ALP. In order to evaluate whether these insights survive the introduction of dynamics,
general equilibrium and adjustment costs, we need to investigate a quantitative version of
this model.

4
4.1

Model
Setup
Time is discrete and the horizon is in…nite. The economy is inhabited by two kinds

of entities: establishments and consumers. Establishments use labor to produce output.
Consumers own establishments, supply labor, and consume. There are perfectly competitive
output and labor markets. One homogenous good is produced and sold. The price of output
is the numeraire and is normalized to 1. The only price we have to keep track of is the wage
of the workers.
1 0 In

particular:

(Y =L)f
Y =L

=

rate when …ring workers, gf =

( 1)
(0)
( 1)
(0)

1
1
(1+g
" f)

(1

> 1: Because of selection,
#

) (0)
( 1)

( 1)
(0)

> 1: Then, using the de…nition of the growth

1

1

1 implies that
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1

(1+gf )1

> 1:

Production

Workers have heterogeneous match qualities. There are two types of matches, with
e¢ ciency units

H

and

L

H

. Match quality is speci…c to each establishment-worker pair.

In other words, a worker who is a bad match at one establishment might be a good match at
another establishment. The probability that a newly hired worker is a good match is equal to
p: This assumption is justi…ed if work is an experience good: the establishment only learns

about the quality of the establishment-worker match through production as in Jovanovic
(1979). Since

is match speci…c, the composition over the potential match quality of the

hiring pool is always constant. All matches are perfect substitutes.
Establishments have heterogeneous TFP. An establishment’s gross production can be
written as Yi = si zf ( ( i )Li ) where
employs; ( i ) =

i H

+ (1

i) L

i

is the proportion of good matches each establishment

is the total number of e¢ ciency units at establishment i; Li

denotes the labor input; si and z are the idiosyncratic and aggregate TFP levels, respectively;
f is a concave function.

Establishments also face labor adjustment costs, G(L0 ; L); whose

exact form will be discussed in detail during the calibration section. I work with a continuum
of workers so the establishment always knows

precisely. For notational convenience, de…ne

as a shorthand for all the establishment speci…c state variables:

= ( ; L; s).

Shocks

There are two types of TFP shocks in my model: aggregate and idiosyncratic. I
assume that both follow an AR(1) in logs
log s0i

= as +

log z 0

=

z

s

log si +

0

log z + "0

where both and " are mean zero Gaussian random variables.
Informational Structure

When establishments hire, they do not know initially what the match quality of any
individual worker will be. However, when they decide to lay o¤ workers, they can do so
selectively.
period.

The exact quality of each matched worker is known with certainty after one

This is a stark assumption but it is a useful shortcut for a more micro-founded

learning process.11
1 1 In general, models with bayesian learning with normal signals have the result that learning is quite fast (though not as fast
as one quarter), so my assumption that complete learning only takes one period may not be that consequential. I am currently
working on relaxing this assumption.
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Figure 4: Timing of events

Wage outcomes

Competitive markets pin down a unique wage per unit of time worked.12 Since the
quality of a match is speci…c to each establishment/worker pair, good and bad workers are
paid the same wage regardless of their history. This arises because each worker’s outside
option is determined by what she could get paid if she worked at another establishment
(Felli and Harris, 1996). Because the labor market is competitive and human capital is
establishment/worker speci…c, workers cannot appropriate any of the match speci…c surplus
(Becker, 1964).
Entrants

Each period there is an unbounded mass of potential entrants, of which measure J
enter and measure E actually decide to produce.

Entrants decide to enter before observing

their idiosyncratic TFP draw s. All establishments that enter pay an entry cost, ce whether
they decide to produce or not.
Figure 4 shows the timing of events.

First, the aggregate shock z is revealed to

1 2 In the model, all workers earn the same wage regardless of their productivity, whereas there is signi…cant wage dispersion in
the data. In reality, all that needs to be true for …rms to want to selectively …re is for wages to not increase 1-1 with productivity,
so that …rm pro…ts are increasing in worker productivity. Is there evidence that pro…ts are increasing in worker productivity?
One indirect source of evidence is that the level of the unemployment rate is decreasing in the level of the workers education.
Since wages are strongly correlated with educational attainment, this implies that …rms prefer to employ high wage workers.
Firms would only do this if these workers were more productive.
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all establishments. Second, all incumbents receive their new idiosyncratic shock, s: Third,
each incumbent decides whether to exit or not. If it stays, it pays a ‡ow …xed operating
cost cf ; decides whether to adjust employment or not, produces and pays workers.

If

the establishment exits, it avoids paying cf ; but receives a zero payo¤ in all future periods.
Fourth, entry occurs. If an establishment decides to enter, it pays the entry cost and receives
its idiosyncratic TFP draw. Each entrant then decides whether to exit or not. If the entrant
stays, it hires workers and produces and pays workers. Finally, the period ends.
4.2

Optimization

4.2.1

Incumbents

The value of an incumbent establishment at the beginning of the period is described
by the Bellman equation13

V ( ; L; s; z) = max f wG(0; L) ; max
sz( ( 0 )L0 )
L0 0
|
{z
} |

wL0

wG(L0 ; L) + Es;z [V ( 0 ; L0 ; s0 ; z 0 )]g
{z
}

wcf

Continuation

Exit

(4)

The incumbent compares the value of exiting with the value of operating this period. If the establishment shuts down it has to pay the costs of getting rid of its entire
workforce, wG(0; L), where g is the adjustment cost function. The policy function for this decision is denoted by X( ; z); where X( ; z) = f0; 1g captures the decision to continue/exit,
respectively. Given the current state variables, the continuing establishment decides how
much to adjust employment (if at all). The policy function for this decision is the net hiring
decision, h( ; z) = L0 ( ; z)

L(1

) where

captures exogenous attrition of the labor force.

Since all workers are indi¤erent about where they work, it is reasonable to assume that the
level of attrition is the same for both high and low types. Finally, there is an indicator for
whether the establishment adjusts its employment. If h( ; z) 6= 0 then ( ; z) = 1, otherwise,
( ; z) = 0:

Establishment hiring/…ring decisions determine

0

; tomorrows proportion of good

matches. The hiring case is straightforward. After hiring h( ; z) > 0 new employees, who are
well matched with probability p, the proportion of matches that are of good quality is equal
1 3 This formulation of the incumbent’s problem does not allow for the possibility that the establishment can hire and …re in
the same period. Relaxing this restriction did not change the quantitative results.
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to:
0

L(1
)
L(1
) + h( ; z)

=

h( ; z)
L(1
) + h( ; z)

+

p

a weighted average of its current size of the workforce as well as on its average match
quality. This equation depends on both the current measure of employees as well as the
current proportion of good matches.

Another important point is that hiring dilutes the

average quality of an establishments workforce. This is true because in equilibrium,
Every entrant has

= p when …rst hiring, and then

p:

(weakly) increases from there because

of selective …ring.
Selectivity combined with perfect substitutability (and the fact that all workers get
paid the same wage) implies that when an establishment lays workers o¤ it gets rid of the
0

worst matches …rst. The transition rule for

0

=

8
>
<
>
:

The top case shows how

aL(1 )
L(1
h( ;z)

1 if
0

if

:

h( ; z) 2 [0; (1

h( ; z) 2 ((1

)L(1

)L(1

); L(1

)]

9
>
)] =
>
;

evolves if the establishment only …res bad matches. This is pos-

sible if the establishment wants to …re fewer than (1
desires to …re more than (1

)L(1

its good matches as well and

0

)L(1

) workers. If the establishment

) workers, then the establishment has to …re some of

= 1:

Finally, the establishment also always has the option of not adjusting. In this case
the problem is trivial with h( ; z) = 0 and
4.2.2

0

= a:

Establishment entry

Entrants compare the expected value of entering
e

V (z) =

Z

V (0; 0; s; z)d'(s)

(5)

to the cost of entering, wce . If they do not enter, they earn a zero payo¤ forever. If they
enter, their problem is identical to the production decision of an incumbent establishment
which faces TFP draws (s;z) and currently employs no workers. Because the entry decision is
made before the idiosyncratic TFP level s is drawn, some entrants choose to exit immediately.
Free entry implies that V e (z)

wce with equality when entry occurs:
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4.3

Households
A representative consumer maximizes expected utility
U =E

"

1
X

t

1+"
A"
Lt "
1+"

Ct

t=0

#

choosing Ct ; consumption of the numeraire good and Lt ; total hours.

2 (0; 1) is the discount

factor, A > 0 measures the disutility of labor supply and " is the Frisch elasticity of labor
supply. The consumption good is perishable and there are no …nancial markets, so the
consumer cannot save or borrow. The budget constraint each period is
Ct = wt Lt +

where

t

t

is the sum of all pro…ts made in the economy and wt is the wage rate, both expressed

in terms of the consumption good numeraire.
The FOC are given by:

t

wt

= uC (Ct ; Lt ) = 1
=

uN (Ct ; Lt )
t

where

t

1="

=

ALt
t

is the pricing kernel. Notice that the pricing kernel is pinned down by my assump-

tion that the consumer has linear utility in consumption . This assumption is not innocuous
but greatly simpli…es the computational burden of this problem. This simpli…cation enables
me to apply the consumer discount factor

to the incumbent establishment’ maximiza-

tion problem. Since the focus of this paper is on the labor margin, it is more important to
incorporate a realistic labor supply elasticity.
4.4

Equilibrium
The distribution of establishments over ( ; L; s) can be summarized using the prob-

ability measure . This distribution evolves from the current period to the next according to
the mapping

0

= T ( ; z; ; E);which establishments take as given. For a given

0;

a recursive

competitive equilibrium consists of (i) value functions V ( ; z) and V e (z); (ii) policy functions
X( ; z) and h( ; z) (iii) bounded sequences of non-negative wages {wt }1
t=0 ; incumbent measures
1
{ t }1
t=0 , and entrant measures {Et }t=0 such that
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1. Establishment optimality: V ( ; z), h( ; z); and X( ; z) solve the incumbent’s problem
s
2. Household optimality: Given {wt }1
t=0 ; L =

wt "
A

8t

0

3. Labor market clearing14 :

Ls (wt )

=

Z

Z

(Lt (1

) + ht ( t ; z t ) + G(Lt ; Lt

1 )+

(Lt (1

) + ht ( t ; z t ) + G(Lt ; Lt

1)

4. Measure of actual entrants: 8t

t

+

(6)

+ cf )d'(st ) + ce Jt

0;

Et = J t

Z

[1

Be

where Be = f( ; z) s.t: V e (z)

cf )d

Xt ( t ; zt )] d'(st )

ce and X( ; z) = 0 g

5. Model consistent dynamics, T ( t ; Jt+1 )

t+1

=

Z Z

[1

Xt+1 (

t+1 ; zt+1 )] dH(st+1 jst )d t +E t+1

B

(7)

with B = f( ; z) s.t: V ( ; z) > wG(L; 0) and X( ; z) = 0 g

5
5.1

Calibration and Steady State Results
Calibration
I calibrate my model at quarterly frequency, so that its steady state equilibrium,

where z = 1 forever, matches establishment level facts for the U.S. non-farm sector. Then I
add aggregate shocks, z; to evaluate the model’s business cycle performance. The details
of the computation of the steady-state model are described in Appendix C. I use four data
sources to calibrate and estimate my model.

The …rst three sources are collected by the

BLS. The Job Openings and Labor Turnover Survey (JOLTS) produces monthly information on job openings, hires, and separations for a representative sample of establishments.
The Business Employment Dynamics (BED) program creates quarterly series on gross job
gains and gross job losses derived from the universe of unemployment insurance records.
1 4 This is a slight abuse of notation. Here G(L ; L
t
t 1 ) denotes the labor adjustment costs excluding the disruption costs,
which are denominated in units of out (see the calibration section), rather than total employment adjustment costs.
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Empirical moments

Parameter

Annual real interest rate
Employment rate
A
Frisch elasticity
"
Labor share
Quit rate*
Reallocation rate**
(ps ; s )
Exit rate**, average size of establishments**
(cf ; as )
Steady state wage level***
ce
Average size of entrants**
b
Hazard rate of worker separation by tenure***
( H = L ; p)
*Source: BLS Job Openings and Labor Turnover Survey
**Source: BLS Business Employment Dynamics
***Source: BLS Current Population Survey

Value
0:99
1:66
1:0
0:70
0:057
(0:95; 0:19)
(3:13; 0:04)
5:50
1:0
(1:2; 0:6)

Table 2: Baseline Parameters

The Current Population Survey (CPS) is a monthly survey of households that provides comprehensive information on household’s labor market status and earnings. The last source
of information is the Longitudinal Business Database (LBD) collected by the U.S. Census.
The LBD covers all business establishments in the U.S. private non-farm economy that …le
payroll taxes with the IRS (Haltiwanger, Jarmin and Miranda, 2010). As such, it covers
the universe of establishments in the U.S. nonfarm business sector with at least one paid
employee. The LBD includes information on establishment size, age and industry.
I set

= 0:99 which corresponds to a 4% annual real interest rate: The parameter

corresponds to the labor share, so I set it equal to 0:7: The parameters A and " in the utility
function are chosen so that the employment rate is 60% (L = 0:6) and so that the average
Frisch elasticity of labor supply is equal to 1. I set the exogenous attrition rate of workers
equal to 0:057; which is the average quarterly quit rate from the JOLTS data set.
As is standard in the literature on employer learning, I identify the worker heterogeneity parameters using the hazard rate of worker separation by duration.
L

= 1 and choose

H

I normalize

and p to match the estimated hazard rate following procedure detailed

in Pries (2003). I use cross-sectional data from the CPS to construct the empirical hazard
rate. I then smooth this hazard and pick the values of

H

and p that provide the best …t to

this estimated hazard rate. Matching the hazard rate is informative for identi…cation because
holding

H= L

constant, as p ! 1 the initial hazard rate becomes less steeply decreasing since

newly hired workers are always good matches and there is not reason to get rid of them the
next period.

The relative productivity between good and bad matches is also informative

about the hazard rate: as

H= L

increases, the incentive to restructure increases, and average
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Moments in the data
Average size of continuing establishments
Average size of entering establishments
Establishment exit rate
Establishment entry rate
Reallocation rate

Data
16.1
5.99
5.18
5.40
14.68

Model
15.4
6.16
5.81
5.81
15.89

Source: BED. Average of quarterly data, 1992q3-2011q2.

Table 3: Calibration targets

tenure per worker declines.
For the idiosyncratic TFP process, I choose = 0:95 and

= 0:19 which correspond to

a persistence of 0.81 and a standard deviation of 0.38 at an annual frequency. This level of
persistence is higher than estimates from Cooper and Haltiwanger (2006) but consistent with
other studies (Mukoyama and Lee, 2011). Conditional on the shock process, I estimate the
adjustment cost parameters using the SMM procedure of Cooper and Haltiwanger (2006).15
I use moments of the distribution of employment changes that are representative of the whole
U.S. economy. I discuss this procedure in more detail below.
The average employment size and the exit rate of establishments are used to determine
the ‡ow …xed cost, cf ; and the mean level of the idiosyncratic shock, as : There is a unique
choice of cf and as that matches these two numbers. This follows from the fact that the
threshold productivity level, s , below which establishments choose to exit is increasing in cf
and as and that, given s , the average size is increasing in as and independent of cf : I normalize
the wage rate, w, in the benchmark to 1. This pins down the entry cost, ce in the model: I pin
down the pdf of the shocks entrants receive, '; using the average size of new entrants. The
speci…c functional form I assume is '(s) = be

bs

. This distributional choice delivers the result

that new establishments are on average smaller than incumbent establishments, a fact that is
present in the data. The parameter b is chosen to match the initial employment distribution
of entrants. So in essence, I give myself one degree of freedom to match the average size of
new entrants. Table 3 shows that the model gets close to matching the calibration targets.
5.2

Estimating adjustment costs
Following Cooper and Haltiwanger (2006) and Cooper, Gang and Yan (2010), I allow

the adjustment cost function to be di¤erent depending on whether the plant is increasing or
1 5 Ideally, I would calibrate the TFP process and adjustment costs jointly. I do not because there exists no establishment
level information on output for all sectors. Most papers in the literature calibrate the TFP process under the assumption that
there are no adjustment costs in the model (Hopenhayn and Rogerson, 1993; Mukoyama and Lee, 2011). This procedure is
problematic because it is di¢ cult to distinguish between the dynamics of the driving process and adjustment costs.
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reducing employment. I assume that adjustment costs are on gross ‡ows.16 I start with the
following cost function
G+ ( 0 ; L0 ; ; L; s) =

+

(L0

L(1

)) +

L(1

)) +

+

(L0

L(1
))
L(1
)

2

(L0

L(1
))
L(1
)

2

L(1

) + (1

L(1

) + (1

+

)R( 0 ; L0 ; ; L; s) (8)

if an establishment hires,
G ( 0 ; L0 ; ; L; s) =

(L0

if it lays workers o¤. If L0 = L(1

)R( 0 ; L0 ; ; L; s) (9)

) then G( 0 ; L0 ; ; L; s) = 0:

There are three forms of adjustment costs. First, I allow for linear adjustment costs,
parameterized by

to capture, for example, severance payments to workers. The second

is a quadratic adjustment cost, parameterized by : This cost captures the idea that large
changes in hiring and …ring rates are increasingly costly. Finally, I allow for disruption style
adjustment costs parameterized by : This parameter can be interpreted as the opportunity
cost of adjustment: the plant losses a fraction (1

) of its revenues (R( 0 ; L0 ; ; L; s)) when it

adjusts its labor force. One interpretation of this cost is that it captures the disruption to
the production process when a plant hires or …res workers. For example, shedding workers
may require shutting down an assembly line for some period of time. While the former
interpretation is natural for manufacturing, for the service sector it is more natural to think
of this cost as capturing the time cost of adjusting employment.

This interpretation is

reasonable if managerial time or e¤ort is an important input into the production process.
I estimate the adjustment cost parameters by SMM. This approach revolves around
…nding the vector of structural parameters to minimize the weighted di¤erence between
simulated and actual data moments. I follow Cooper, Gang and Yan (2010) in my choice
of moments to target, which are moments of the employment distribution derived from the
micro data underlying the LBD.17 I use information for the period 1985-1999 since my focus
is on recent business cycles.18 I do not try to estimate all six parameters at the same time,
instead I focus on a subset of the adjustment cost parameters. In particular, I assume that
the costs of hiring and …ring are the same (G+ ( 0 ; L0 ; ; L; s) = G ( 0 ; L0 ; ; L; s)):
1 6 For expositional simplicity, I do not show the adjustment cost function for the case when the establishment can hire and
…re in the same period. In this case, the establishment has to pay the adjustment costs when hiring and when …ring.
1 7 I graciously thank Giuseppe Moscarini for providing these moments from a validation of results of the U.S. Census Bureau’s
Synthetic LBD program: http://www.vrdc.cornell.edu/news/data/lbd-synthetic-data/
1 8 1999 is the more recent year available in the synthetic LBD.
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Data
Model

JC30

JC1020

JC10

inaction

JD10

JD1020

JD30

0.15
0.14

0.07
0.06

0.05
0.02

0.38
0.37

0.04
0.01

0.06
0.08

0.14
0.20

Source: LBD Micro data. Statistics averaged across years 1985-1999 (Author’s calculations)

Table 4: SMM results: model …t

The seven moments I match are derived from the distribution of unweighted employment changes for continuing establishments. The …rst moment is the inaction rate, the
fraction of establishments that do not change employment in a given quarter. The other six
moments are the fraction of establishments that have job creation and destruction rates less
than 10% (JC10/JD10), between 10% and 20% (JC1020/JD1020), and greater than 30%
(JC30/JD30), respectively. While there is no clear 1-1 mapping between all the parameters,
it is clear how to identify some of them. First, roughly speaking, the quadratic adjustment
is identi…ed o¤ of the small employment changes (JC10/JD10). Second, the large amount
of inaction observed even at an annual frequency suggests that non-convex or …xed adjustment costs are important.

The simulated moments are obtained by solving the dynamic

programming problem in equation (4) for a given value of the parameters. The resulting
decision rules are used to simulate a panel data set. The simulated moments are calculated
from that data set.
Table 4 displays the results. The …rst row shows the raw empirical moments from
the LBD that the procedure is trying to match. Consistent with the evidence in Davis,
Haltiwanger and Schuh (1996), there is an incredible amount of heterogeneity in establishment level growth rates. On average over thirty percent of establishments have employment
growth rates that exceed 30%, while another thirty percent of establishments are not changing their size at all.19 The next two rows display the results for each speci…cation. The
columns display how well each model matches a particular moment.

Overall, the model

matches the distribution of employment changes well although the model predicts too little inaction and too much job destruction.20 This is not surprising since the introduction
of worker heterogeneity and learning creates strong incentives for layo¤s. The estimated
parameter values are: ( ; ; ) = (1:6; 0:975; 0:22) These parameter values imply that average
adjustment costs conditional on adjusting are about 2.8% of annual revenues or about 8
1 9 Since I only have annual data on job not worker ‡ows, there is a possibility that the inaction rate is signi…cantly overestimated. Establishments could be hiring/…ring all the time and just by concidence have the same employment level each year in
the month when the data were collected. Since 1991, the BED produces a quarterly series on the fraction of establishments
that do not change employment in a given quarter. On average, this fraction is greater than 50% suggesting that inaction is
not an artifact of time aggregation.
2 0 In future work, I plan to allow the adjustments to be di¤erent if …rms are hiring or …ring.
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Estabs Size
1-19 emps
20-99 emps
100-499 emps
500-999 emps
1000+ emps

Estabs
Data
0.866
0.111
0.020
0.002
0.001

share
Model
0.807
0.154
0.036
0.001
0.002

Employment share
Data Model
0.256 0.222
0.293 0.298
0.250 0.303
0.070 0.014
0.131 0.163

Source: County Business Patterns. Average of annual, 1984-2008

Table 5: Size and employment distribution

working days.

This estimate is slightly larger though roughly consistent with other esti-

mates in the literature.21 Furthermore, the estimated magnitude of the disruption cost is in
the middle of previous estimates.22 The reason estimated adjustment costs are somewhat
bigger than other estimates in the literature is attributable to my assumption that learning
about match quality takes place completely after one quarter.

If learning was slower, then

the option value for each new hire would be larger so establishments would wait longer before
shedding bad matches. In the absence of slow learning, I need larger adjustment costs to
prevent establishments from adjusting employment too frequently.
5.3

Steady-State Results
Tables 5 evaluates the distributional performance of the model.

I do not force

the model to match either the size or employment distribution of establishments, so this is
a good test of …t. Table 5 show the size distribution of establishments in both the data
and the model. The moments of the data are computing using data from the County
Business Patterns, an annual series of the number of establishments, employment and payroll
information collected by the U.S. Census Bureau. Overall the …t is good. There are slightly
too many mid-sized establishments in my model but the model is quite close to matching
the establishment size distribution. The last two columns show the employment share by
establishment size class in both the data and the model. Once again, the model over predicts
the amount of employment in the middle size classes, but otherwise the model …ts the data
well.
2 1 Bloom (2009) …nds that average employment adjustment costs are aproximately 2.1% of annual revenues; Bachmann (2011)
…nds that average adjustment costs are approximately 2.05% of annual revenues.
2 2 Cooper, Haltiwanger and Willis (2004) estimate
= 0:983 for the U.S. manufacturing sector using data from 1972-1980.
Cooper, Gong and Yang (2010) …nd a mean estimate of
= 0:95 for private establishments in China. Estimates of the
magnitude of disruption costs for investment are much larger (close to = 0:70). Cooper and Haltiwanger (2006).
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6
6.1

Results with Aggregate Shocks
Computation
As a result of free entry, labor demand becomes perfectly elastic— there is one wage level

that is consistent with the labor market equilibrium, regardless of the level of employment.
Given the assumption of linear utility for consumption, the wage depends only on aggregate
TFP and is not a¤ected by the labor demand of incumbents.23 Aggregate shocks a¤ect
the wage only through the value of entry.

Using this property, I can perform the opti-

mization by establishments and determine the wage without considering the labor-market
equilibrium. After the wage is determined, the labor-market equilibrium determines the
equilibrium quantities, in particular the mass of actual entrants, E .
Free entry is a very convenient assumption computationally as there is no need for a
Krusell-Smith approximation. However, free entry has some signi…cant downsides. First,
it implies that the entry rate is too volatile relative to the data.

Second, it makes total

labor demand a deterministic function of the aggregate shock. Thus, it is uninteresting to
examine the business cycle behavior of total employment because it follows the dynamics of
the exogenous driving process. Instead, I compute all the aggregate business cycle statistics
on the labor demand and output of incumbents. While this is a limitation of my modeling
approach, it is consistent with shortcomings in how aggregate employment is measured in the
Current Employment Statistics, the main source of national employment information. The
BLS only adds new businesses to this survey twice a year, noting that "there is an unavoidable
lag between the birth of a new …rm and its appearance on the sampling frame and availability
for selection."24 I am currently working on relaxing the free entry assumption. In particular,
I am solving the model with a …xed number entrants which is much more computationally
demanding problem.25 This computational approach is discussed in detail in Appendix D.
Since the approach is computationally demanding, I only have preliminary results for this
procedure. The main results survive eliminating the assumption of unbounded entrants,
however, in general all the main results are somewhat attenuated. The reason the results
are weaker is that in this version of the model the wage is much less procyclical. This makes
2 3 Given preference assumptions, there is an exact 1-1 mapping between the equilibrium amount of labor supply (and hence
"
labor demand) Lt = wAt :
2 4 http://www.bls.gov/ces/cesfaq.htm#revisions16
2 5 With a …xed number of entrants, the model solution is no longer block recursive so that I must use the trick of Krusell-Smith
(1998) to approximate the cross-sectional distribution of establishment’s employment and match quality. The problem is similar
in structure to the problem descrived in Appendix E of Mukoyama and Lee (2011), except that my problem has one additional
idiosyncratic and aggregate state variable making it signi…cantly more computationally demanding.
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adjustment costs less procyclical since two components of the adjustment cost function are
denominated in units of labor.

This weakens the restructuring mechanism in the model

since less restructuring is concentrated in recessions leading to weaker results. Nonetheless,
the model still explains about 30-40% of the decline in the procyclicality of ALP that we
observe in the data and generates substantial jobless recoveries.
To analyze business cycles, I add aggregate shocks to the model. Since output growth
coming out of the last 3 recessions has been much lower than before, I calibrate the aggregate
productivity shock to match the cyclical properties of HP-…ltered output for the post-1984
period. I …nd that

z

= 0:88 and

"

= 0:006 provide a good …t: the persistence and standard

deviation of HP-…ltered non-farm business output for the period 1984q1-2011q2 are 0:89 and
0:015; respectively.

I perform two experiments with three models: the standard Hopenhayn model without and with labor adjustment costs, and my model with heterogeneous workers, learning
and the ability to selectively …re. The goal of the experiments is to evaluate whether each
model can replicate the macro facts presented in Section 2.
6.2

Experiment 1: Cyclicality of ALP
The …rst experiment tests whether each of the models with aggregate shocks can

match the decline in the procyclicality of labor productivity that was observed in the data.
I simulate each model economy 500 times for 110 periods after a burn-in period. I choose
110 periods because that is the same number of observations I have in the data. I HP-…lter
both output and ALP series and compute the correlation between the two variables. I report
the level of this correlation for the data and all models in the second column of Table 6. The
…rst three rows show the level of the correlation in the data for the pre and post 1984 period.
As documented earlier, there was a large decline in the correlation between these periods.
The fourth and …fth rows show that the standard Hopenhayn model with and without
adjustment costs generates a correlation that is far too positive relative to the data. This is
perhaps surprising because the standard model has a potential mechanism to generate countercyclical ALP through the cleansing of low productivity establishments during recessions.
However, as others have found, selection on the extensive margin is quantitatively small
(Berger, 2011; Mukoyama and Lee, 2011). The intuition behind this result is simple. There
are two main e¤ects which determine the strength of the cleansing margin. In response to a
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Data 1960-2011
Data pre-1984
Data post-1984
Hopenhayn
Hopenhayn + adjustment costs
Heterogeneous worker model (WH)
WH + preference shock pre-1984
WH + preference shock post-1984

corr(Y; ALP )
Level Change
0.484
0.678
0.087
-0.593
0.982
0.990
0.661
-0.329
0.684
0.419
-0.265

Table 6: Correlation between output and ALP

negative aggregate shock, ceteris paribus, the threshold level of productivity below which all
establishments exit rises because establishments who were indi¤erent between exiting and
continuing at the previous level of the aggregate shock now want to exit. But wages also
respond to the aggregate shock, reducing the wage bill and the …xed costs of operations
and making exit more attractive. It turns out that in most versions of the model, wages
decreases just enough so that the same establishments that were previously marginal are
also (virtually) indi¤erent between exiting and continuing at the level of aggregate TFP. In
other words, these models behave very similarly to a competitive RBC model where ALP is
proportional to a strongly procyclical real wage.26
The sixth row shows the results for my model with selective …ring.

The third

column shows the change in the correlation from the pre-1984 period to the post-1984 period.
Relative to the heterogeneous worker version of the Hopenhayn model without selective …ring
(equivalent to the Hopenhayn model with adjustment costs), the model with heterogeneous
workers reduces the correlation between output and ALP to 0.661, or 55% of the drop in
the correlation that we observe in data.27 Given my assumptions, this comparison model is
isomorphic to the Hopenhayn model with labor adjustment costs, since if establishments …re
at random then

= p for all establishments.

This comparison highlights the role selective

…ring plays in generating the quantitative results.
My model is not able to match the level of the correlation for the post-1984 period
(0.67 vs 0.09). This failure is not surprising given that the model can only generate a rise in
ALP during recessions through a composition e¤ect. Since the aggregate driving force is a
TFP shock, ALP, can only rise in recessions if endogenous match quality increases enough or
labor demand declines enough. Furthermore, in my model there is only one type of aggregate
2 6 The
2 7 The

details of this argument are fully ‡eshed out in Berger (2011), available upon request.
correlation drops 0.593, so we have (0.990-0.661)/0.593 = 0.554
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shock, whereas in the data there are many. I can always lower the level of the correlation
by adding a preference shock in my model.28 The seventh and eighth rows show the results
after I introduce a preference shock perfectly correlated with aggregate TFP. I pick the
variance of the preference shock to match the observed correlation of output and ALP in
the pre-1984 period. The two shock model provides a much closer match to the pre-1984
data and also generates a substantial though smaller decline (45%) in the procyclicality of
ALP. The reason the decline is smaller is that adding the preference shock makes the real
wage less procyclical. Since two of the components of the adjustment cost speci…cation are
denominated in units of labor, a less cyclical real wage reduces the incentive for …rms to
restructure during recessions, which attenuates the results.
6.3

Experiment 2: Jobless Recoveries
Next, I investigate each model’s ability to generate jobless recoveries. I simulate a

sequence for aggregate TFP that generates a long boom and a shallow recession. This is
meant to capture in a simple way the recessions we observed in 1991 and 2001. I compute
turning points in the data and investigate how long it takes labor input to return to trend in
each model. To be consistent with Figure 1, I do not HP-…lter the model generated data, but
look at the percent change since the trough of the business cycle. The dotted black line in
Figure 5 shows the results from the standard Hopenhayn (1992) model denoted "NH" for no
heterogeneity. This model has dynamics similar to a frictionless model: as soon as output
starts growing (which occurs at quarter 0), aggregate labor input starts to increase.
The dashed red line shows the results after adding adjustment costs (the model is
labeled "NH + AC"). This is a similar model to the one considered by Bachmann (2011),
which can generate signi…cant jobless recoveries. The intuition is that after a long boom and
a shallow recession, establishments have relatively too many employees. Rather than pay
the adjustment cost and shed workers, establishments would rather reduce their workforce
via attrition. As a result, employment falls for a few quarters but then starts to pick up by
quarter 3 when establishments begin hiring again. Finally, the long-dashed green line shows
the results for the heterogeneous worker model ("WH"). Here we see that the quantitative
impact of adding worker heterogeneity and selective …ring is to increase the average duration
1+"

A"
introduce a preference shock in the model, by changing the period utility function to
L "
: When the
t Ct
1+" t
preference shock t is high, consumers demand more consumption today, which increases output, but since the shock does not
make establishments more productive, it tends to lower the marginal productivity of labor due to decreasing returns to scale of
the production function.
28 I
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Figure 5: Jobless recoveries in the three models

of a jobless recovery by about a quarter and a half relative to the model with adjustment
costs.

The intuition for this increase is that after restructuring during recessions, many

establishments employ almost exclusively good matches, which deters …rms’ hiring, since
hiring dilutes match quality and lowers the marginal product of labor.
Next I examine whether the models can generate jobless recoveries after the Great
Recession. Figure 6 shows that heterogeneous worker model is able to, whereas the model
with adjustment costs only cannot. To construct this …gure, I pick the sequence of aggregate
shocks to exactly match the growth rate of GDP over the period 1960-2011. Then, I feed
this sequence of shocks into the model and compute what the recovery in total hours is in
the model in the same manner as in Figure 1. The solid blue line in Figure 6 is the data
for the 2009-2011 recovery.

The dashed red line is the model with adjustment costs and

homogenous workers. There is essentially no jobless recovery in this model. The reason
this model does not generate a jobless recovery in the Great Recession is that this recession
was deep. The decline in output was large enough so that most establishments were willing
to pay the adjustment cost and lay workers o¤, over coming the labor hoarding motive in the
model. Once output started to recover in 2009, establishments started hiring immediately,
leading to a quick employment recovery. The long-dashed green line shows the results for the
heterogeneous worker model with selective. This model is able to generate jobless recovery
of about 3 quarters.
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Figure 6: Jobless recoveries during the Great Recession

6.4

Growthless Recoveries or Productivity Gains?
It is possible and indeed has been argued that the main reason the employment

recovery in 2009 has been jobless is that the output recovery was anemic relative to previous
recoveries: if output growth during the recovery had been as robust as it was in the pre-1991
period then there would not have been a jobless recovery (Krugman, 2010; Orzsag, 2011;
Tasci, 2011). In order to evaluate this statement quantitatively, I perform the following
computational experiment.

I simulate the model using the same path of output in the

data until 2009q2. After that period, I feed in the sequence of shocks needed to produce
the output recovery that we observed after the 1982 recession. These results are shown in
Figure 7.

The green long-dashed and the solid blue line lines show the recovery in total

hours in the heterogeneous worker model and the data, respectively. The purple dotted line
shows the counterfactual recovery in total hours. Consistent with the conventional wisdom,
total hours recover faster with larger shocks. Nonetheless, even with a more robust recovery,
it still takes total hours 2 quarters to return to trend suggesting that the recovery still would
have been somewhat jobless.
6.5

Discussion
What have we learned? So far I have shown that the model with worker heterogeneity

and selective …ring (WH) can match the post-1984 facts: it replicates both acyclical ALP
(Table 6, row 8) and generates substantial jobless recoveries (The long-dashed green line
30
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Figure 7: 2009 employment recovery with post-1982 output growth

in Figures 5 and 6).

However, as the purple dotted line in Figure 7 shows, the model

under predicts the speed and magnitude of the employment recovery in the pre-1984 period.
Conversely, the model with worker heterogeneity without selective …ring does a good job
at replicating the pre-1984 facts (Table 6, row 5; The dashed red line in Figure 7), but
it does a poor job post-1984.

In short, each model describes one time period well but

neither can explain both. These two models are connected by selective …ring, which suggests
that if establishments acquired the ability to selectively …re starting in the mid-1980s then
this model would be able to replicate employment and productivity dynamics for the entire
post-war period.29
This intuition is captured in Figure 8. The red dashed line displays the performance
of the worker heterogeneity model without selective …ring (WH - SF) model during the
recovery from the 1982 recession. To create this …gure, I feed in the sequence of shocks
needed to produce the output recovery that we observed after the 1982 recession.30 For
ease of comparison, the dot-dashed brown line shows the employment recovery in the data
after the 1982 recession. The WH - SF model does a good job of replicating the observed
employment recovery in the pre-1984 period. I then allow establishments in the WF - SF
model able to selectively …re. This is the WH model. The long dashed green line and the
blue line are the employment recovery in the model and data, respectively, after the Great
2 9 For the sake of clarity, the ability to selectively …re is a binary decision in my model. One can easily imagine only allowing
a fraction of establishments the ability to do so.
3 0 One weakness of this empirical approach is that I calibrated adjustment costs using post-1984 data. I am currently working
a on calibration that only uses pre-1984 information.
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Recession.

The WH model with selectively …ring is able to match the observed jobless

recovery quite closely.

In other words, the introduction of selectively layo¤s allows the

model with worker heterogeneity to replicate employment and productivity dynamics for the

15

entire post-war business period.
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Figure 8: Employment recoveries after the 1982 and 2009 recessions in the data and the model

How prevalent is selective …ring? There is signi…cant anecdotal evidence that it is
practiced by many …rms.

Jack Welch, perhaps the most in‡uential CEO of the last 20

years, introduced a forced ranking system at General Electric in the early 1980s.

Every

year, each employee was ranked, those in the top 10% were given bonuses and those in
the bottom 10% were …red (Welch, 2001). Evidence from …rm level data sets that include
objective measures of worker quality con…rm these anecdotes. Kahn and Lange (2010) show
that receiving a lower performance score predicts employee exit.

This is consistent with

selective …ring, however, Kahn and Lange are not able to distinguish between quits and
layo¤s in their data set, so it could be that …ring is random, but quits are selective. Capelli
and Conyon (2011) circumvent this problem by using more detailed data from a large Fortune
500 company. They show that receiving a lower score on a performance evaluation is strongly
associated with a higher probability of being laid o¤.
More generally, there is a burgeoning empirical literature documenting that …rms
respond to adverse trade shocks by terminating low performing establishments and product lines (Bernard and Jensen, 2007; Bernard, Redding and Schott, 2010; Arkolakis and
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Muendler, 2011). While the empirical context in these papers is exporters, it is likely that
product switching and establishment shut downs are a more general feature of …rm dynamics
and one that leads to signi…cant labor market reallocation.31 The employees who are laid o¤
in response to these negative shocks are not low quality per se, rather they just happen to
produce a product for which there is little demand. Thus, a more holistic interpretation of
what constitutes restructuring suggests that selectively "pruning" is quite likely a pervasive
feature of reality.

7

What Happened in the 1980’s?
Figure 2 shows that ALP went from being strongly procyclical to mildly countercyclical

in only 10 years during the 1980s. The dramatic nature of this decline suggests that possible
explanations for the change should also be relatively sharp. The …rst obvious candidate is
the Great Moderation.

As is well known, there was a large decline in the volatility of

U.S. output in 1984, almost exactly when the correlation between output and ALP changed.
Furthermore, Garin, Pries and Sims (2011) argue that the Great Moderation led to a change
in the composition of shocks whereby reallocation shocks became more important.

They

present a model that can explain both the decline in the cyclicality of ALP and jobless
recoveries. If their hypothesis is correct, we should observe a sharp decline in the correlation
of output and labor productivity soon after the Great Moderation begins.
that the Great Moderation occurred in many G-7 nations.32

Figure 9 shows

The dashed red lines show

the eleven year centered rolling correlation between output and output per hour and the
solid blue lines show the eleven year rolling standard deviation of GDP.33 The top left panel,
shows the results for the United States. Consistent with the evidence presented in Garin,
Pries and Sims (2011), this correlation declines at the same time as the Great Moderation
began in the U.S.
While Figure 9 is far from conclusive, it shows that there is less evidence for the predicted relationship in other G-7 countries. In the U.K., Japan and Canada, the correlation
between output and ALP actually increases after the Great Moderation starts, which is the
opposite prediction of their theory. The evidence from Italy and France is more supportive
3 1 For example, the USPS is shutting down 3600 post o¢ ces around the U.S., 3000 of which had less than $27,500 in annual
sales (Courson and Liberto, 2011).
3 2 Figure 8 excludes Germany because the reuni…cation of East and West Germany in 1989 leads to large trend breaks in the
output and hours series in the middle of the sample.
3 3 I use a centered, eleven year window rather than an eight year window (as I used in …gure 2) because this …gure is made
with annual data. The results are robust to reasonable changes in window size.
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of their hypothesis. However, even for these two countries, the correlation between output
and ALP increases before rather than after the Great Moderation, suggesting perhaps, that
the causality runs in the opposite direction.

All in all, the evidence in Figure 9 suggests

that we should be looking for a U.S. speci…c explanation.
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Figure 9: Evidence on the timing of the Great Moderation and the change in the correlation between output
and ALP from the G-7 countries

Another candidate explanation is the decline in union power.34 This story lines up well
with the observed timing of the decline in the procyclicality of ALP. Farber and Western
(2002) document a sharp decline in the number of union certi…cation elections in the early 80s
(shown in Figure 10). They interpret this as evidence for an “unfavourable political climate
which raises the costs of unionization”, induced by Reagan’s policies and in particular his
handling of the air-tra¢ c controllers’ strike in 1981.

Union contracts often include legal

restrictions which limit the ability of a …rm to adjust its workforce, in particular rules
governing layo¤s. Abraham and Medo¤ (1984) …nd that 92% of union …rms have written
rules to deal with permanent layo¤s while only 24% of nonunion …rms have such written
layo¤ policies, and that 58% of nonunion …rms have a practice of sometimes laying o¤ a
more senior worker if a junior worker is believed to be worth more on net, as compared
3 4 Gali and van Rens (2010) also suggest that the decline in union power can help explain the decline in the procyclicality
of ALP. Less union power means lower adjustment costs which leads to decreased labor hoarding. However, this explanation
does not explain why the recoveries have become jobless. Closely related to the union power hypothesis is the "disposable
worker hypothesis" of Gordon (2010). He argues that there was an increase in managerial power and a decline in labor power
that contributed to both the rise in inequality and the increasingly cyclically sensitive labor market that we have observed. A
closely related explanation is that there was a dramatic shift in corporate philosophy towards maximizing shareholder value,
especially since 1990 (Sinai 2010).

34

to 17% of union employers. Further suggestive evidence comes from Dunne, Klimek and
Schmitz (2010). They show that there were dramatic changes in the structure of union
contracts in U.S. cement industry in the mid-1980s which gave establishments much more
scope to …re workers based on performance rather than just tenure, and as a result ALP and
TFP in the industry dramatically increased.
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Figure 10: Number of union elections certi…ed by the National Labor Relations Board from 1960-1998

While the speci…c industry studies and Figure 10 are suggestive, in order to address
the question more directly, I examine cross-state variation in union coverage rates, the percentage of the workforce covered by collective bargaining agreements. I test whether states
which had larger percentage declines in coverage rates had larger declines in the correlation
of output and labor productivity. I use annual output and employment data for each state
from the BEA’s Regional Economic Accounts and state level information on union coverage
rates from the CPS.35 Since I lack a measure of total hours by state, my measure of labor
productivity is output per worker. My estimating equation is:
(

Here,

i;post95

and

i;post95

i;pre85

i;pre85 )

=

+

log(U C i;post95 = U C i;pre85 ) +

(10)

denote the correlation between output and output per worker

for state i in the post-1995 and pre-1985 periods, respectively. These dates were chosen to
ensure that the correlation was computed using the same number of observations in each
3 5 The unionization data are available at unionstats.com. Ideally, I would use cross-state variation in the number of NLRB
certi…cation elections as my measure of union power since Figure 10 shows that the number of elections declined sharply in
the 1980s, whereas the decline in union coverage rates was more smooth. Due to data limitations I was unable to pursue this
strategy, however, I am currently working on collecting this data.
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Union coverage rates
Change in corr(Y,Y/E)
0.083
(0.192)
0.565*
(0.292)
51
0.079

b

b

Observations
R-squared

Union membership rates

% change in corr(Y,Y/E)
0.182
(0.291)
0.878**
(0.432)
51
0.084

Change in corr(Y,Y/E)
0.050
(0.186)
0.455*
(0.253)
51
0.069

% change in corr(Y,Y/E)
0.138
(0.281)
0.723*
(0.377)
51
0.076

Robust SE in parentheses. All observations weighted by mean employment pre-1985
Source: BEA’s Regional Economic Accounts and Current Population Statistics

Table 7: Regression results: Union power and the decline in corr(Y,Y/E)

time period, but the results are robust to reasonably di¤erent choices. The correlations were
computed using logged and HP-…ltered data with a smoothing parameter of 6.25. U C s;post95
and U C s;pre82 are the mean union coverage rates for state i in the pre and post periods. The
coe¢ cient

is the object of interest. It captures the association between the change in the

level of the correlation between output and output per worker and the percentage change
in the union coverage rates from the pre-1985 to the post-1995 eras.
hypothesis predicts that

The union power

> 0: states which had larger percentage declines in unionization

rates should have larger declines in the level of the correlation between output and labor
productivity.
The results are shown in Table 7 and graphically in Figure 11. I weight each observation by the average employment per state in the pre-1985 period.

The observations

are weighted because I want to capture the average e¤ect of the decline in unionization
and I do not want the results to be unduly in‡uenced by small state outliers.36 The …rst
column presents the results where the change in correlation is in levels.

Consistent with

the union power hypothesis, the estimate b is signi…cantly positive. A 50% decline in the

union coverage rate (close to the mean decline for this time period) is associated with a
0.32 decline in the level of the correlation between output and output per worker. The second column presents the results when the dependent variable (corr(Y; Y =E)) is in percentage

changes rather than levels. Once again, the estimate b is positive and signi…cant, which is

supportive of the union power hypothesis. As an additional robustness check, the third and
fourth columns of Table 7 show the results when using union membership rather than union
coverage as the measure of union power. The qualitative results are unchanged.
As an additional robustness test of the union power hypothesis, I split my sample
3 6 The

results are robust to weighted the observations by union coverage and membership levels in the pre-1982 period.
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Figure 11: Union power and the decline in corr(Y,Y/E): Evidence from U.S. States

Right-to-work states
b

b

Observations
R-squared

Change in corr(Y,Y/E)
-0.218
(0.392)
0.095
(0.468)
21
0.001

Non right-to-work states

% change in corr(Y,Y/E)
-0.026
(0.648)
0.528
(0.812)
21
0.019

Change in corr(Y,Y/E)
0.231
(0.209)
0.902**
(0.338)
29
0.127

% change in corr(Y,Y/E)
0.341
(0.335)
1.257**
(0.553)
29
0.100

Robust SE in parentheses. All observations weighted by mean employment pre-1985. Dependent variable is union
coverage rates. Source: BEA’s Regional Economic Accounts and Current Population Statistics

Table 8: Regression results: Union power and the decline in corr(Y,Y/E)

and estimate Equation (10) in right-to-work and non right-to-work states separately.

It

is common in the empirical literature on union power to characterize right-to-work states
as "probusiness" and non right-to-work states as "anti-business" (Holmes, 1998), though
this decomposition is obviously a coarse measure at best. If the union power hypothesis is
true, one would expect to observe a statistically stronger relationship between the decline
in union coverage rates and the change in the cyclicality of ALP in non right-to-work states
because these are the states where unions were historically more powerful. The results are
shown in Table 8 and are consistent with the union power hypothesis. There is no signi…cant
statistical relationship between the change in union coverage rates and the change in the level
of the correlation between output and ALP in right-to-work states, but a strong relationship
in the non right-to-work states.
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Next I examine the relationship between the change in union coverage rates and the
change in the cyclicality of ALP across U.S. industries. I use annual output and employment data for each industry from the BEA’s Annual Industry Accounts and industry level
information on union coverage rates from the CPS. I estimate Equation (10) where the only
di¤erence is that i now refers to industry i: The results are shown in Figure 12. Consistent
with my cross-state evidence and the union power hypothesis, I …nd a positive relationship between the change in union coverage rates and the change in the cyclicality of ALP
across U.S. industries. Despite the fact that this relationship is signi…cant at the 10% level
for some speci…cations, I view this cross-industry evidence as merely suggestive due to the
lack of observations.37 Nonetheless, all the evidence together suggests that the union power
hypothesis has some merit.
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Figure 12: Union power and the decline in corr(Y,Y/E): Evidence from U.S. Industries

The union power hypothesis is consistent with an increase in the frequency of selective
…ring in the 1980s.

This makes the union power hypothesis easy to interpret through the

lens of my quantitative model. As discussed in the previous section (see Figure 8), turning
selective …ring on/o¤ allows the model with worker heterogeneity to match employment and
productivity dynamics over the entire post-war period.38

Could it be that the decline in

3 7 I am only able to obtain a long enough output series for 25 two-digit NAICS industries.
Changes in the de…nitions of
these industries from the early 1980s to the mid-1990s (relevant for constructing the union coverage data) further restricts the
sample to 16 industries.
3 8 My WH model predicts that tenure and productivity are positively correlated because workers that survive are good
matches. So when switching from random to selective …ring there should be a sharp decline in the cyclicality of ALP (…rms
have a lot of bad matches), but then over time this e¤ect is diminished somewhat since incumbents do not exit frequently
and employ mostly good workers. Nonethess, there is upper bound to this e¤ect even with perfect match quality because
establishments exit and because good matches are lost via exogenous attrition.

38

union power led only to a fall in adjustment costs and not an increased ability to selectively
…re? This is the hypothesis advanced by Gali and van Rens (2010). The behavior of the
black dotted line in Figure 5 shows the problem with this hypothesis: it is inconsistent with
jobless recoveries. Thus in my model, declining adjustment costs are not enough. In order
to match the post-1984 facts, it must be the case that …rms are more able to selectively …re.
Finally, my model provides an alternative mechanism that can explain why restructuring became more prevalent in the 1980s - employers become more able to learn about
worker quality. For my restructuring margin to operate, …rms must both be able to learn
about worker quality and be able to selectively …re. I have chosen, for empirical reasons, to
focus on the case where the speed and scope of employer learning are held constant while
the ability of …rms to selectively …re is increased, however, I think it is quite reasonable to
believe that …rms have also become more able to measure worker quality.39

Anecdotally

at least, we know that …rms have invested enormous resources in information technology
and that these investments have allowed …rms to become more able to measure in real time
the sales of their product lines, divisions, establishments, working groups and in some case
individual workers. While we lack comprehensive evidence that …rms use this information
when they are deciding which products to discontinue or workers to lay o¤, I think it is
reasonable to think that they do. At the very least, providing comprehensive evidence of
whether …rms use this technology in making termination decisions is an interesting topic for
future research.

8

Conclusion
Since the mid-1980s, average labor productivity has become markedly less cyclical at

the same time as employment recoveries have become markedly more jobless. In this paper,
I argue that these two facts are related and investigate whether the last three employment
recoveries have been jobless because …rms emerged from recessions more productive and
e¢ cient. I develop a model that can math these two facts. The model captures the idea
that …rms grow "fat" during booms but then aggressively restructure their workforce during
recessions. In the model, …rms employ unproductive workers because learning about match
quality takes time and because adjustment is costly. In recessions, …rms shed unproductive
workers causing ALP to increase endogenously. Firms enter the recovery "lean and mean",
3 9 The

fact that more workers are employed in the service sector, where is it on average more di¢ cult to identify the quality
of the worker, is a countervailing e¤ect.

39

with a greater ability to meet expanding demand without hiring additional workers.
I calibrate and compute a quantitative competitive industry model with endogenous
entry and exit, worker heterogeneity, labor adjustment costs and aggregate shocks. I …nd
that the model can generate a 55% of the decline in the procyclicality of ALP (relative to the
model without selective …ring) and can generate jobless recoveries that average four months
in duration.

In contrast to previous work, I …nd that the model generates a substantial

jobless recovery during the Great Recession. I then investigate whether the employment
recovery after the Great Recession would have been jobless if the recovery in output had
been as strong as it was after the 1982 recession. I …nd that even if we had observed a
much more robust recovery in output, there would still have been a two quarter long jobless
recovery.

References
[1] Aaronson, A. E. Rissman and D. Sullivan (2004a) “Assessing the jobless recovery.” Economic Perspectives - Federal Reserve Bank of Chicago, 20(1).
[2] Aaronson, A. E. Rissman and D. Sullivan (2004b) “Can Sectoral Reallocation Explain the Jobless
Recovery?” Economic Perspectives - Federal Reserve Bank of Chicago, 20(1).
[3] Abowd, J., Kramarz, F. and Margolis, D. (1999) "High Wage Firms and High Wage Workers." Econometrica, 67(2).
[4] Abraham, K. and Medo¤, J. (1984) "Length of Service and Layo¤s in Union and Nonunion Work
Groups." Industrial and Labor Relations Review 38(10).
[5] Aghion, P. and Saint-Paul, G. (1998) "Virtues of Bad Times: Interaction Between Productivity Growth
and Economic Fluctuations." Macroeconomic Dynamics 2.
[6] Aghion, P. and Stein, J. (2008) "Growth versus Margins: Destabilizing Consequences of Giving the
Stock Market What It Wants." Journal of Finance 67(4).
[7] Andrews, D. and Ploberger, W. (1994) "Optimal Tests When a Nuisance Parameter Is Present Only
Under the Alternative." Econometrica, 62(3).
[8] Arkolakis, C. and Muendler, M.A. (2011) "The Extensive Margin of Exporting Products: A Firm-level
Analysis." Working paper.
[9] Autor, D. "Outsourcing at Will: The Contribution of Unjust Dismissal Doctrine to the Growth of
Employment Outsourcing." Journal of Labor Economics 21(1).
[10] Bachmann, R. (2011) "Understanding the Jobless Recoveries After 1991 and 2001." Working paper.
[11] Barnichon, R. (2010) "Productivity and Unemployment Fluctuations Over the Business Cycle." Journal
of Monetary Economics.
[12] Barnichon, R. and Figura, A. (2010) "What Drives Matching E¢ ciency? A Tale of Composition and
Dispersion." Working paper.
[13] Becker, G. (1964) "Human Capital." University of Chicago Press.
40

[14] Bernanke, B. (2003) "The Jobless Recovery." Speech by Federal Reserve Governor Ben Bernanke. (November 6, 2003).
[15] Bernard, A. and Jensen, J.B. (2007) "Firm Structure, Multinationals, and Manufacturing Plant Deaths."
Review of Economic and Statistics Dynamics, 89(2)
[16] Bernard, A., Redding, S. and Schott, P. (2010) "Multiple-Product Firms and Product Switching."
American Economic Review, 100(2).
[17] Berger, D. (2011) "The Cleansing E¤ect in Industry Models." Working paper.
[18] Bloom, N. (2009) "The Impact of Uncertainty Shocks." Econometrica, 77(3).
[19] Barsky, R., Parker, J. and Solon, G. (1994) "Measuring the Cyclicality of Real Wages: How Important
is Composition Bias." Quarterly Journal of Economics, 109.
[20] Brugemann, B., Hagedorn, M. and Manovskii (2010) "Labor Productivity during Postwar Recessions:
Basic Data, Facts, and Figures." Working paper.
[21] Bewley, T. (1999) "Why Wages Don’t Fall During a Recession." Harvard University Press.
[22] Bowler, M. and T. Morisi. (2006) “Understanding the employment measures from the CPS and CES
survey.” Monthly Labor Review, February 2006.
[23] Caballero, R. and Hammour, M. (1994) "The Cleansing E¤ect of Recessions." American Economic
Review
[24] Cambell, J. (1998) "Entry, Exit, Embodied Technology, and Business Cycles." Review of Economic
Dynamics, 1(2)
[25] Capelli, P. and Conyon, M. (2011) "What Do Performance Appraisals Do?" Working paper.
[26] Clementi G.L. and Palazzo, D. (2010) "Entry, Exit, Firm Dynamics, and Aggregate Fluctuations."
Working paper
[27] Clementi G.L., Khan, A., Palazzo, D. and Thomas, J. (2011) "Selection, Reallocation and the Shape of
Aggregate Fluctuations: A General Equilibrium Analysis." Working paper
[28] Cooper, R. Gong, G. and Yan, P. (2011) "Dynamic Labor Demand in China: Public and Private
Objectives." NBER working paper
[29] Cooper, R., and J. Haltiwanger (2006) "On the Nature of the Capital Adjustment Costs." Review of
Economic Studies, 73(3).
[30] Cooper, R., J. Haltiwanger, and J. Willis (2004) "Dynamics of Labor Demand: Evidence from Plantlevel Observations and Aggregate Implications." NBER working paper.
[31] Courson, P. and Liberto, L. (2011) "Nearly 3,700 post o¢ ces slated to close." CNN Money Online.
(July, 26, 2011).
[32] Davis, S. J. and Haltiwanger, J. (1990) "Gross Job Creation and Destruction: Microeconomic Evidence
and Macroeconomic Implications." NBER Macroeconomics Annual
[33] Davis, S. J., John Haltiwanger and Scott Schuh, (1996) "Job Creation and Destruction." MIT Press.
[34] Davis, S. J. and von Wachter (2011) "Recessions and the Cost of Job Loss," Brookings Papers on
Economic Activity.
[35] Dunne, T., Klimik, S. and Schmitz, J., (2010) "Does Foreign Competition Spur Productivity? Evidence
From Post WWII U.S. Cement Manufacturing." NBER working paper.

41

[36] Faberman, J. (2008) “Job Flows, Jobless Recoveries and the GreatModeration.”Working paper, Federal
Reserve Bank of Philadelphia
[37] Farber, H. and Western, B. (2002) "Round Up The Usual Suspects: The Decline of Unions in The
Private Sector, 1973-1998." Working paper.
[38] Felli, L. and Harris, C. (1994) "Learning, Wage Dynamics, and Firm Speci…c Human Capital." Journal
of Political Economy, 104(4)
[39] Gali, J. and van Rens, T. (2010), "The Vanishing Procyclicality of Labor Productivity." Working paper
[40] Garin, J., Pries, M. and Sims, E. (2011) "Reallocation and the Changing Nature of Business Cycle
Fluctuations." Working paper .
[41] Gibbons, R. and Katz, L. (1992) "Layo¤s and Lemons." Journal of Labor Economics, 9(4).
[42] Gordon, R. (2010) "The Demise of Okun’s Law and of Procyclical Fluctuations in Conventional and
Unconventional Measures of Productivity." working paper
[43] Groshen, E. and S. Potter. 2003. “Has Structural Change Contributed to a Jobless Recovery?”Current
Issues in Economics and Finance - Federal Reserve Bank of New York, 9(8).
[44] Haefke, C., Sonntag, M. and van Rens, T. (2010) "Wage Rigidity and Job Creation." Working paper.
[45] Hall, R. (2000) "Reorganization." Carnegie-Rochester Conference Series on Public Policy.
[46] Haltiwanger, J., Jarmin , R. and Miranda, J, (2010) "Who Creates Jobs?: Small vs. Large Firms."
NBER working paper.
[47] Holmes, T. J. (1998) "The E¤ect of State Policies on the Location of Manufacturing: Evidence from
State Borders," Journal of Political Economy.
[48] Hopenhayn, H. (1992): “Entry, Exit, and Firm Dynamics in Long Run Equilibrium.” Econometrica,
60(5).
[49] Hopenhayn, H., and R. Rogerson (1993) “Job Turnover and Policy Evaluation:A General Equilibrium
Analysis.” Journal of Political Economy, 101(5).
[50] Jacobson, L., Lalonde, R. and Sullivan, D. (1993) "Earning Losses of Displaced Workers." American
Economic Review, 83(4).
[51] Kahn, L. and Lange, F. (2011) "Learning about Employee and Employer Learning: Dynamics of Performance and Wage Measures." Working paper.
[52] Khan, A., and J. K. Thomas (2007): “Inventories and the Business Cycle: An Equilibrium Analysis of
(S,s) Policies.” American Economic Review, 97(4).
[53] Koenders, K. and Rogerson, R. (2005) "Organizational Dynamics Over the Business Cycle: A View on
Jobless Recoveries." Federal Reserve Bank of St. Louis Review.
[54] Knotek, E. and Terry, S. (2008) "Alternative methods of solving state-dependent pricing models."
Working paper.
[55] Krugman, P. (2010) "Structure of Excuses." The New York Times, (September, 26, 2010).
[56] Krusell, P., and A. Smith (1998): “Income and Wealth Heterogeneity in the Macroeconomy.” Journal
of Political Economy.
[57] Lee, Y., and T. Mukoyama (2011): “Entry, Exit, and Plant–level Dynamics over the Business Cycle.”
Working paper, University of Virginia.

42

[58] Mortensen, D. and Pissarides, C. (1994) "Job Creation and Job Destruction in the Theory of Unemployment." Review of Economic Studies 61(3).
[59] Mortensen, D. (2003). "Wage Dispersion: Why are Similar Workers Paid Di¤erently?" MIT Press.
[60] McConnell, M. M. and Perez-Quiros, G. (2000), "Output Fluctuations in the United States: What Has
Changed since the Early 1980’s?" American Economic Review, 90(2).
[61] Moscarini, G. and Postel-Vinay, F. (2011) "The Contribution of Large and Small Employers to Job
Creation in Times of High and Low Unemployment." forthcoming American Economic Review.
[62] Nohria, N., Dyer, D. and Dalzell, F. (2002) "Changing Fortunes: Remaking the Industrial Corporation."
John Wiley and Sons.
[63] Orszag, P. (2011) "Hard Slog –the Real Future of the U.S. Economy." Bloomberg, (July, 13, 2011).
[64] Philippon, T. (2006) "Corporate Governance Over the Business Cycle." Journal of Economic Dynamics
and Control.
[65] Pries, M. (2006) "Persistence of Employment Fluctuations: A Model of Recurring Job Loss." Review of
Economic Studies, 71(1).
[66] Sahin, A., Song, J., Topa, G. and Violante, G. (2011) "Measuring Mismatch in the U. S. Labor Market."
Working paper.
[67] Schreft, S. and A. Singh. 2003. “A Closer Look at Jobless Recoveries.” Economic Journal -Federal
Reserve Bank of Kansas City, 2nd Quarter.
[68] Shimer, R. (2010) "Labor Markets and Business Cycles." Princeton University Press.
[69] Shimer, R. (2010) "Wage Rigidities and Jobless Recoveries." Working paper.
[70] Sinai, Allen (2010). “The Business Cycle in a Changing Economy: Conceptualization, Measurement,
Dating.” American Economic Review Papers and Proceedings 100(2).
[71] Summers, P. (2005) "What Caused the Great Moderation: Some Cross-Country Evidence." Economic
Journal -Federal Reserve Bank of Kansas City, 3rd Quarter.
[72] Tauchen, G. (1986) "Finite state markov-chain approximations to univariate and vector autoregressions." Economic Letters, 20(2).
[73] van Rens, T. (2004) "Organizational Capital and Employment Fluctuations." Working paper.
[74] Valetta, R. and Kuang, K. (2010) "Extended Unemployment and UI Bene…ts." Economic Letters ,
Federal Reserve Bank of San Francisco.
[75] Veracierto, M. (2002): “Plant–Level Irreversible Investment and Equilibrium Business Cycles.” American Economic Review, 92(1).
[76] Welch, J. (2001) "Jack, Straight from the Gut." Business Plus.

43

A

The robustness of the macro facts

A.1

Decline in the cyclicality of ALP

I show that the decline in the procyclicality of ALP is robust to using di¤erent output
and employment measures, occurs most strongly in the U.S. and is not driven by a change in
entry and exit dynamics. Following Brugemann, Hagedorn and Manovskii (2010), I use the
following shorthand to refer to the possible permutations of data source, labor input, sector
and …lter.
1. Data source: I use "cps" and "lpc" to refer to data from the Current Populations Sta-

tistics (BLS household survey) and Labor Productivity and Costs (BLS Establishment
survey), respectively
2. Sector: I use "nfb" for nonfarm business and "all" for total economy

The results are shown in Table 9. The …rst three columns show the correlation between
output and output/hour for the pre-1984, post-1984 as well as the change in the correlations.
In every case, the change in the correlations between the sub-periods is statistically signi…cant
and quite large. The …fth column examines whether we can formally detect a trend break
in the correlations without specifying the break point ex-ante. To do this I implement the
procedure described by Andrews and Ploberger (1994). For the LPC measures of labor input,
one can reject the null of no structural break at the 1% signi…cance level. The results for
CPS measures of labor input are less clean, however, one can reject the null of no structural
break at the 10% level for the nonfarm-business productivity measure.
The Conference Board collects annual data on GDP and total hours across countries. I use this data to analyze whether the decline in the procyclicality in ALP during
the mid-1980s was unique to the U.S. among G7 countries. The results are shown in in the
…rst three columns of Table 10. The …rst and second columns show the pre and post 1984
levels of the correlation between HP-…ltered output and ALP. I used a smooth parameter
of 6.25 though the results are not sensitive to this choice. They show that while the decline
in procyclicality of ALP occurred in 6 of the 7 G-7 nations, the decline was only statistically
signi…cant in the U.S. As a robustness check, I also allow for the two time periods to vary by
country. In particular, I choose the end of the …rst period to be the year in which the Great
Moderation started in that country using the country speci…c dates from Summers (2005).
The results are shown in the last three columns of Table 10. The main di¤erence between
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LPC (nfb)
CPS (nfb)
LPC (all)
CPS (all)

Correlation with Output
Pre-84
Post-84 Change
Obs
0.64*** -0.02
-0.67*** 254
(0.06)
(0.12)
(0.13)
0.96*** 0.25**
-0.70*** 138
(0.10)
(0.10)
(0.14)
0.51*** 0.05
-0.46*** 246
(0.06)
(0.14)
(0.15)
0.57*** 0.02
-0.55*** 252
(0.06)
(0.13)
(0.14)

Trend break statistics
Andrews/Ploberger (1994)
-7.48***
(1987Q2)
-4.41*
(1987Q3)
-6.38***
(1987Q2)
-3.33
(1980Q2)

Standard Errors in parenthesis. NFB is "non-farm business" and "all" is the entire US economy
See Brugemann, Hagedorn and Manovskii (2010) for details about the data construction

Table 9: Robustness checks: correlation between output and ALP

USA
Japan
UK
France
Italy
Canada

Pre-84
0.46***
(0.14)
0.83***
(0.13)
0.47**
(0.18)
0.65***
(0.17)
0.84***
(0.13)
0.37**
(0.16)

Post-84
-0.27
(0.26)
0.69***
(0.15)
0.37**
(0.19)
0.35**
(0.17)
0.68***
(0.18)
0.47***
(0.14)

Correlation with Output
Change Pre-GM Post-GM
-0.73**
0.46***
-0.27
(0.29)
(0.14)
(0.26)
-0.14
0.78***
0.72***
(0.20)
(0.14)
(0.12)
-0.10
0.53***
0.35*
(0.26)
(0.16)
(0.20)
-0.30
0.85***
0.30*
(0.24)
(0.15)
(0.16)
-0.16
0.74***
0.71***
(0.22)
(0.14)
(0.17)
0.10
0.37**
0.47**
(0.21)
(0.15)
(0.20)

Change
-0.73**
(0.29)
-0.06
(0.23)
-0.18
(0.23)
-0.55**
(0.22)
-0.03
(0.25)
0.10
(0.19)

Data are from the Conference Board. The data spans 1960-2009.
Data exclude Germany because reuni…cation leads to trend breaks in the data in 1989.
Great Moderation (GM) start date for each country taken from Summers (2005)

Table 10: Correlation of output and ALP (G7 Nations)

the baseline results is that now the decline in the correlation is signi…cant for France as well
as the U.S. All the other results are consistent across the two speci…cations. Overall then,
Table 10 provides suggestive evidence that we should explore U.S. speci…c explanations - as
opposed to global explanations - when seeking to explain what changed in the mid-1980s.
Was the change in the cyclicality of ALP due to a change in the nature of entry
and exit since the mid-1980s?

I use data from the Business Dynamics Statistics (BDS)

for the period 1977-2009 to address this question.40 The BDS are a publicly available data
product produced by the U.S. Census Bureau. The annual series describes establishmentlevel business dynamics including net job creation and establishment entry and exit. The
left panel of Figure 13 shows the behavior of the establishment entry rate (solid red) and exit
4 0 The

BDS can be downloaded here: http://www.ces.census.gov/index.php/bds
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rate (dashed blue) over the business cycle.

The shaded regions denote NBER recessions

from peak to trough. Other than a slight trend decline in both rates, there do not seem to
be any dramatic di¤erences in the pre and post 1985 period. The right panel shows how the
fraction of total job creation due to establishment entry (solid red) and the fraction of total
job destruction due to establishment exit (dashed blue) varies over the business cycle. The
…gure shows that the fraction of job creation contributed by entrants rose and the fraction
of job destruction contributed by exiters fell in each of the last four recessions. Once again,
there is no evidence that the behavior of entrants and exiters changed in the 1980s. This
suggests that the decline in the procyclicality of ALP was not due to a change in the behavior
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45
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30

Entry rate
Exit rate
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Share of JD (exiters)
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of entry and exit over the business cycle in the mid-1980s.
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1980

1985
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Figure 13: Left panel: Establishment entry and exit rates over the business cycle; Right panel: Share of job
creation and destruction by entrants and exiters over the business cycle . (Both in percentages)

A.2

Jobless recoveries

It is often argued that the jobless recoveries are merely an artifact the secular decline in
manufacturing employment. To show that this is not the case, I recreate the standard jobless
recovery …gures excluding manufacturing (RHS of Figure 14) and excluding manufacturing
and construction employment (LHS of Figure 14).

The series come from the Current

Establishment Survey. All series are at a quarterly frequency and seasonally adjusted. In
total, Figure 14 shows that removing manufacturing (and construction) attenuates jobless
recoveries but it does not remove them altogether, especially for Great Recession.
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Figure 14: Left panel: Jobless recoveries excluding the manufacturing sector; Right panel: Jobless recoveries
excluding the manufacturing and construction sectors

B

Computing the model: steady state

In computing the steady-state model, the basic logic is that the wage is pinned down by
establishment entry, the ergodic distribution of establishments

is determined by iterating

on the transition rule T ( ; J) when initial entry has measure 1. The algorithm in described
in detail below. I refer to the values of the three establishment speci…c state variables as
= (s; ; L) as a shorthand. The algorithm is:
1. Guess an initial value for the wage, w:
2. Given this wage, solve the incumbent’s problem shown in Equation (4) by value function

iteration. Calculate the optimal decision rules for employment, exit and adjustment
(h( ; z); X( ; z) and ( ; z) ):
3. Compare the value of entering versus the entry cost shown in Equation (5). By free

entry, they must be equal. If the value of entering exceeds the cost of entering, choose
a higher value for the wage since this will decrease the value of enter and increase the
cost of entering (since the cost of entering is measured in units of labor). Otherwise,
choose a lower value for the wage. I found that a simple bisection algorithm works well.
4. Repeat steps 1-3 until the free entry condition is satis…ed.

Call w the wage that

satis…es this condition.
5. Solve for the ergodic distribution

of establishments using Equation (7) and the prop-

erty, common to models with heterogeneous …rms and endogenous entry and exit that
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the transition rule T ( t ; Jt ) is homogeneous of degree 1 in both
initial entry to have measure 1 (J = 1); guess an initial value for

0

and J: Thus, I set
and plug the decision

rules from step 2 into Equation (7). Notice, that given an initial guess for
sition rule outputs another value of the ergodic distribution
until j

t

object as

t 1j

1:

0

, the tran-

I repeat this procedure

< : At this point the ergodic distribution has converged. I refer to this

= T(

; 1; w ):

6. The labor market clearing condition allows use to pin down the equilibrium measure

of establishment entry. Using

and the optimal decision rules h( ; z) and X( ; z),

compute aggregate labor demand using Equation (6). Adjust the amount of entry if
labor demand does not equal labor supply at wage w . Speci…cally, if labor demand
is greater than labor supply, decrease the amount of establishment entry; otherwise
increase it. A simple bisection algorithm works well to quickly …nd the equilibrium J :
I solve the problem in Step (2) using value function iteration on a grid. Knotek and
Terry (2008) argue that discretizing …xed adjustment cost models has robustness advantages
versus collocation or other interpolation methods. Nevertheless, earlier versions of my model
were solved using linear interpolation and the results were unchanged. The random variables
are discretized using the method of Tauchen (1986). In the benchmark analysis, 120 grid
points were used for the employment grid, 24 grid points were used for the idiosyncratic
productivity grid, 18 grid points were used for the

grid and 5 grid points were used for the

aggregate productivity grid. Results were unchanged when more grid points were added.

C

Computing the model with aggregate shocks
The model with aggregate can be solved using a without using a Krusell-Smith approx-

imation for the cross-sectional distribution. The reason for this is free entry. The model is
set up so that anyone can pay the entry costs and start producing. As a result of free entry,
aggregate labor demand is perfectly elastic— there is one wage level that is consistent with
the labor market equilibrium, regardless of the level of employment. This model turns out to
be easy to analyze, even with aggregate productivity shocks, because the equilibrium wage
only depends upon the aggregate productivity level.
Assume there are N aggregate states fz1 ; :::; zN g ordered from their smallest to highest
values. Denote the menu of wages associated with the aggregate shocks as fw(z1 ); w(z2 ); :::; w(zN )g:
Given a guess for wages, we can solve the incumbent’s problem shown in Equation (4) This
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gives the value of being an incumbent at every state. Note that this value already includes
the value of exit. Next, we check if the free entry condition holds:
w(z)ce =

Z

V (0; 0; s; z)d'(s)

(11)

s

Here, w(z)ce denotes the current cost of entering. A prospective entrant compares this cost
to the value of entering before observing his idiosyncratic productivity draw s. Conditional
on entering, the entrant has the value function V (0; 0; s; z), that is, the entrant has no initial
workforce (the two zeros) and has shocks (s; z): This value depends on the entire menu of
wage rates (through the continuation value), the current wage rate and the Markov transition
matrix for the aggregate shock. For example, it is much more desirable to enter when the
aggregate state is high if this state is highly persistent.

An equilibrium is reached when

the free entry condition is satis…ed at every aggregate states. T In short, the algorithm is
(starting in iteration i):
1. Guess an initial menu of wages wi ={wi (z1 ); :::; wi (zN )g
2. Solve the incumbent’s problem (Equation 4) using this menu of wages, wi . Keep the

associated value function, V i
3. Plug the associate value functions and wages (V i and wi ) into the free entry condition

(Equation 11).
4. If Equation (11) is satis…ed at every aggregate state then stop. Otherwise, we need

to update the wage guess. We update the wage guess in the following way: starting
with wi (z1 ); …nd the value of this wage w (z1 ) that satis…es the free entry condition for
aggregate state z1 holding constant the wages for every other aggregate state at the level
that was guessed. That is, …x {wi (z2 ); :::; wi (zN )g and then vary w(z1 ) until the free entry
condition is satis…ed for state z1 : Notice that this requires the incumbent’s problem for
each new guess of w(z1 ): Once w (z1 ) is found, update our guess for this wage guess by
setting wi+1 (z1 ) = w (z1 ): Then proceed to state 2 and repeat the procedure; holding the
wages of the other aggregate states constant at the values {wi+1 (z1 ); :::; wi (z3 ):::; wi (zN )g;
…nd the value of w(z2 ) such that the free entry condition is satis…ed for state z2: Repeat
this procedure for every aggregate state. This updates our menu of wage guesses from
iteration i to iteration i + 1. Then return to step 1.
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D

Computing the model with aggregate shocks and a …xed number of potential
entrants

I now solve the model for a …xed number of entrants J: This model is substantially more
di¢ cult to analyze as compared to the model in section 4 (I refer to this model as the basic
model).

This is because the wage wt is now simultaneously determined with total labor

demanded, Lt in labor market equilibrium. We cannot separate the determination of wt
from the determination of equilibrium quantities as in section 4.

This, in turn, implies

that the plants which are making dynamic decisions have to predict what will happen to
the equilibrium prices and quantities in the future. Because the equilibrium quantities in
the future depend on the distribution of plants in the current period, the entire distribution
of the plants enters into the set of relevant information for the plant’s decision problem. I
utilize a variant of Krusell and Smith’s (1998) method to solve for the general equilibrium
of this model.
The model primitives are almost identical to the basic model. The only di¤erence is
the entry process. Instead of free entry with an unbounded number of potential entrants, J ,
there is a …xed number of potential entrants J: Every period, these potential entrants decide
whether to enter by paying wce : All other timings and aspects are the same. In particular,
the consumer’s optimization problem is identical to the basic model and labor supply is given
by
Lst =

wt
A

"

(12)

The establishment side of the model is di¤erent as a consequence of the modi…cation
in the entry process. In particular, because the wage is now determined by the labor market
equilibrium, in order to predict the future wage each establishment has to predict where the
labor demand curve lies. Because the future labor demand depends on the current distribution of employment, match quality and idiosyncratic productivity shocks, the establishment
has to incorporate a lot more information when making decisions in the current period.
The value of an incumbent establishment at the beginning of the period is described by
the Bellman equation

V (si;t ;

i;t 1 ; Li;t 1 ; zt ;

t 1)

= max V E (si;t ;

i;t 1 ; Li;t 1 ; zt ;

t 1 ); V

C

(si;t ;

i;t 1 ; Li;t 1 ; zt ;

t 1)

(13)
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where

t 1

denotes the information set of the establishment at the end of period t

1:

It includes the distribution of establishments over productivity, average match quality and
employment. As before, V E (si;t ;

i;t 1 ; Li;t 1 ; zt ;

t)

captures the exit decision. If an incumbent

decides to continue producing, it solves:
V C (si;t ;

i;t 1 ; Li;t 1 ; zt ;

t 1)

=

max si;t zt ( (

Lt 0

i;t )Li;t )

+ Es;z [V (si;t+1 ;

w(Nt )Li;t

i;t ; Li;t ; zt+1 ;

w(Lt )cf

w(Nt )G(Li;t ; Li;t

1)

t )]

Note that I denote the wage as as w(Nt ) because once we know aggregate labor Lt , the wage is
known through equation (12).

t

evolves according to

t

=

(zt ;

. Total employment Lt

t 1)

is the sum of employment Li;t across all establishments and is thus part of

t:

The manner is

which labor is chosen and thus the way average match quality at the establishments evolves
is the same as in the basic model.
In equilibrium, the combination (wt ; Lt ) has to clear the labor market. Total labor
supply is given by equation (12) and total labor demand is given by
I
E
LD
t = Lt + Et Lt

where LIt and LEt are the total amount of labor demand from incumbents and entrants
respectively.

The equilibrium (wt ; Lt ) are given by these two equations. Once (wt ; Lt ) is

given, the values of the other variables can be determined in the same manner as in the basic
model.
The computation of this model is potentially much more complex than the basic
model, since the optimization (potentially) involves many more state variables. To overcome
this di¢ culty, we follow Krusell and Smith (1998) in using limited information instead of
the entire state variables to perform optimization, and check whether the “forecast” using
this limited information is accurate by simulation. In particular, what is necessary for
optimization is to forecast the value of Lt and to forecast average match quality in the
economy At : At is the average of

t

across establishments.

Following Mukoyama and Lee (2011) , I guess a log-linear prediction rule for Lt and
At :
log Nt = a0 + a1 log(Lt
+ a6 log(At

1)

+ a2 log(zt ) + a3 log(At

1 )x log(Lt 1 )

+ a7 I(zt 6= zt

1)
1)
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+ a4 log(Lt

1 )x log(zt )

+ a5 log(At

1 )x log(zt )+

log At = b0 + b1 log(Lt

1)

+ b2 log(zt ) + b3 log(At ) + b4 log(Lt

+ b6 log(At )x log(Lt

1)

+ b7 I(zt 6= zt

1 )x log(zt )

+ b5 log(At )x log(zt )

1)

where I() is an indicator function which takes the value 1 if the statement in the parenthesis
is true and 0 if it is false. By adopting this formulation, we are reducing the aggregate state
variable from (zt ;

t 1)

to (zt ; zt 1 ; Lt 1 ; At 1 ): This is a computationally demanding problem

but (potentially) feasible.

As is standard there are two loops: and outer simulation loop

and an inner optimization loop.
The computational algorithm is as follows:
1. Guess an initial value of total labor and average quality (L0 ; A0 ) and initial coe¢ cients

(a0 ; a1 ; a2 ; a3 ; a4 ; a5 ; a6 ; a7 ; b0 ; b1 ; b2 ; b3 ; b4 ; b5 ; b6 ; b7 )
2. Optimization step. Given the guess for the aggregate transition rule, solve the incum-

bent’s problem (equation 13). The aggregate transition rule is used to forecast total
labor and hence wages. Iterate until the value function converges. Calculate all decision
rules.
3. Simulation step: Simulate the economy. The basic idea is to create a series of (z; L; A) to

update this series. Every period compute the labor demand of incumbents and entrants.
E
I
The compute total labor demanded. Let LD
t = Lt + Et Lt use this to compute the wage
1="

w(L) =A (Ls )

: Compute At using the measure of incumbents and entrants.

4. From simulation, we have the time series data of (z; L; A) which we can use the to update

the forecast rule. Check if the initial guess on the coe¢ cients is correct. If not, adjust
these coe¢ cients and go back to step 1. Repeat until the coe¢ cients in the decision
rule change by less than 1%.
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