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Motivation

Firm-level panel data reveal importance of idiosyncratic shocks.

Interest in models with �rm heterogeneity, e.g.:

1 Reallocation
2 Factor demand - adjustment costs
3 Financial constraints and �nancial policies
4 Trade, IO, etc.

Productivity shock process is a critical input in these models.
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Shock Process

Standard assumption: productivity follows an AR(1) process

Usually, ρ � .75 and σ � .15 (annual)
However, substantial disagreement:

1 Sometimes ρ is close to 0 (e.g. Cooper-Ejarque, Gilchrist-Sim)
2 Some set ρ = 1 (e.g. Caballero-Engel, Bloom)
3 Usually ρ in .65-.9 range (e.g. Gomes, Hennessy�Whited)

Implications: size distribution; quantitative implications for invt/CF
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Key Idea

Under the adjustment cost model:

Investment = F(Marginal Q)

Marginal Q = Expected PDV of future MPK.

Investment choices reveal the �rm�s forecast of future productivity.
Similar to cons. literature: use C to measure permanent income.

E.g. Blundell-Preston, Guvenen-Smith, Campbell-Abbring.
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Outline

1 Example to illustrate the role of the persistence

2 Example to illustrate the estimation method
3 Model and Estimation method
4 Empirical results
5 Implications in a GE framework
6 Application: evolution of idiosyncratic risk in the last 40y in the US.
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Example of the role of persistence: Reallocation

No aggregate shocks, Representative consumer
∞

∑
t=0

βtU(Ct )

No growth, interest rate r = 1
β � 1.

Measure 1 of �rms; no entry/exit; production function

yit = zitkα
it

zit follows a stationary process, distribution of zit constant
Capital depreciates at rate δ, no adj costs:

kit+1 = (1� δ)kit + iit .

Assume �rms know their zit when they pick capital:

αzitkα�1
it = r + δ

kit =

�
αzit
r + δ

� 1
1�α
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Example of the role of persistence: Reallocation (2)

Aggregating:

Yt = Y =
Z
zitkα

itdi ,

Kt = K =
Z
kitdi ,

TFP =
Y
K α

=

�Z
z

1
1�α dµ(z)

�1�α

1 If no heterogeneity, TFP = z .
2 Aggregate TFP increasing in the heterogeneity of z .
3 Ex: if z is lognormal, then

logTFP = log E (z) +
Var(log z)

2
α

1� α
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Example of the role of persistence: Reallocation (3)

In general, frictions that slow factor adjustment reduce aggregate TFP

Hopenhayn-Rogerson �93, Hsieh-Klenow �07, Gourio-Miao �08

Simplest example: time-to-build friction

You don�t know z when you pick capital:

αEt (zit+1)k
α�1
it+1 = r + δ

Assume log zit = ρ log zit�1 + (1� ρ)µ+ σεit
Then:

logTFP = log E (z) +
1
2
Var(log z)

ρ2α

1� α

High ρ2 =) better forecast of future productivity
=) more e¢ cient allocation
hence "micro persistence matters for macro"
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Example: estimation method

Assume linear pro�t function: Πit = AitKit

Productivity process:

Ait = constant+ zit|{z}
AR (1)

+ εMit|{z}
IID

,

Quadratic adjustment cost:

Iit
Kit

= constant+ ηqit .

Marginal Q:

qit ' Et ∑
k�1

βk (1� δ)k�1Ait+k =
βρzit

1� β(1� δ)ρ
.
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Example: estimation method (2)

Moments (XS or TS):

Var
�

Πit

Kit

�
= Var (Ait ) = σ2z + σ2ε ,

Var
�
Iit
Kit

�
= η2Var(qit ) =

β2ρ2η2σ2z

(1� β(1� δ)ρ)2
,

Cov
�
Iit
Kit
,

Πit

Kit

�
=

βρησ2z
1� β(1� δ)ρ

.

Assume we know β, δ, η.
Then, given the 3 moments can recover σ2z , σ

2
ε and ρ :

Cov
�
Iit
Kit
, Πit
Kit

�
Var

�
Iit
Kit

� ! ρ,

Then, Var
�
Iit
Kit

�
! σ2z , Var

�
Πit

Kit

�
! σ2ε .
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Costs and bene�ts of this methodology

Attractive because

1 use �rms�choices which reveal their information
2 use more data (I and π)
3 can take into account measurement error

Potential problem: misspeci�cation of adjustment cost model could
contaminate estimates of shock process

e.g. �xed costs, irreversibility, �nancing constraints, ...

data of large US �rms ! these constraints less likely to matter.

Adjustment cost model is likely a good benchmark for these �rms
Eberly et al�08, Erickson-Whited �00, Gilchrist-Himmelberg�95, Philippon�08
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Model

E
∞

∑
t=0

βt
�
ztK α

t � It �Ktc
�
It
Kt
� εACt

��
c(δ) = 0, c 0(δ) = 0,

c 00 > 0

Kt+1 = (1� δ)Kt + It ,

log zt = log zPt + log z
T
t + εMt

log zPt = log zPt�1 + σP εPt

log zTt = ρ log zTt�1 + σT εTt

εPt , ε
T
t , ε

M
t , ε

AC
t are iid across �rms and time and normaly distributed.

Unit root in log zt induces unit root in logKt , logπt .
Decreasing returns ! marginal q 6= average q
Decreasing returns ! can have nonstationary z .
Solve model using linear-quadratic approximation.
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IRF to shocks
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Estimation Method

Also allow for measurement error in investment.

This is nearly equivalent to the adjustment cost shock.
Set β = 0.95.
Estimate α, δ, η, σp , σt , ρ, σm , σac [or σmi ] by SMM using the
following 12 moments:

E
�
Iit
Kit

�
, E

�
πit
Kit

�
Var

�
Iit
Kit

�
,Var

�
πit
Kit

�
,Cov

�
Iit
Kit
,

πit
Kit

�
,

Cov
�
Iit
Kit
,
Iit�1
Kit�1

�
,Cov

�
Iit
Kit
,
Iit�2
Kit�2

�
,Cov

�
Iit
Kit
,
Iit�3
Kit�3

�
,

Cov
�

πit
Kit
,

πit�1
Kit�1

�
,Cov

�
πit
Kit
,

πit�2
Kit�2

�
,Cov

�
πit
Kit
,

πit�3
Kit�3

�
,

Cov
�
log

Kit
Kit�3

,
πit�3
Kit�3

�
.
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Monte Carlo Experiments

Concern: ρ poorly identi�ed?

Simulate 100 panels of arti�cial data from the model

Does the estimation method recover the true parameters?

Speci�cation η σp σt ρ σm σmi α δ

Perm. Truth 1 .15 � � .3 .6 .64 .17
only Mean 1.00 .148 � � .302 .602 .641 .17

SD .038 .008 � � .017 .024 .012 .006
AR(1) Truth 1 � .4 .93 .3 .6 .64 .16
only Mean .997 � .402 .934 .304 .673 .641 .158

SD .067 � .028 .013 .024 .021 .0210 .005
Perm Truth 1 .15 .35 .7 .3 .6 .64 .16
+ AR(1) Mean .984 .145 .360 .696 .292 .600 .641 .160

SD .088 .015 .311 .086 .033 .020 .017 .005
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Data Moments

Compustat, drop mergers, outliers for π
K ,

I
K .

Balanced panel 1980-2006. N = 128.

Unbalanced panel 1972-2006. N = 18, 309, total obs = 131, 448.

Ei Eπ σi σπ ρiπ ρ1i ρ2i ρ1π ρ2π ρ(log K
K�3
, π�3
K�3
)

UB .167 .35 .15 .48 .19 .43 .19 .69 .49 .31
s.e. .00 .01 .00 .01 .01 .01 .01 .01 .01 .01
Bal. .128 .32 .09 .28 .29 .52 .27 .79 .66 .34
s.e. .00 .02 .01 .02 .05 .04 .05 .03 .04 .04
TE � � .15 .48 .18 .50 .33 .71 .53 .30
s.e. � � .00 .01 .01 .01 .01 .01 .01 .01
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Estimation Results: Unbalanced panel

ρ η σm σt σp α δ σmi
Perm. � 1.943 .962 � .245 .637 .167 .790
only � 0.074 .015 � .005 .010 .001 .011
AR(1) .780 1.123 .465 0.890 � .647 .169 .788
only .007 0.055 .018 0.016 � .010 .001 .010
Perm. .550 1.486 .030 1.004 .207 .645 .169 .773
+ AR(1) .020 0.068 .628 0.026 .006 .010 .001 .0112
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Interpretation

Adjustment cost parameter: if c
� I
K

�
= ψ

2

� I
K � δ

�2
then

η = δψ ! ψ ' 8, middle range of estimates

Large "measurement error" / iid shocks.

Shock size:

max
N
fzK αNυ � wNg = z 1

1�υK
α
1�υ � constant

If υ = 2
3 , divide size of shocks by 3 ! σp = 7%.
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Moments Fit

Ei Eπ σ2i σ2π γ(i ,π) γ1(i) γ1(π) γ2(i) γ2(π) γ
�
log K

K�3
, π�3
k�3

�
Data .169 .343 2.37 24.16 1.35 1.01 16.6 .42 11.8 .087
Models:
1 .167 .345 2.37 24.16 2.88 .62 12.8 .60 12.4 .084
2 .169 .343 2.37 24.16 3.49 .44 16.3 .32 12.1 .078
3 .169 .343 2.37 24.16 3.16 .61 16.3 .58 11.8 .079

Second moments mutplied by 100
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Variance Decomposition

σp σt σm σmi Total
Model 1a i 26.4 0 0 73.6 100

π 54.0 0 46.0 0 100
Model 2a i 0 24.1 0 75.9 100

π 0 88.6 11.4 0 100
Model 3a i 25.3 2.8 0 71.8 100

π 30.6 69.3 0.1 0 100

Important temporary shocks to pro�ts

But they matter much less for investment
Measurement error is important ("failure of q-theory")
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Unbalanced panel with time E¤ects

ρ η σm σt σp σmi
Perm. Est. � 2.142 .927 � .242 .793
only s.e. � 0.078 .013 � .004 .011
AR(1) Est. .820 1.308 .519 .809 � .800
only s.e. .005 0.060 .014 .015 � .011
Perm Est. .525 1.728 .000 .959 .218 .787
+AR(1) s.e. .022 0.072 na .027 .004 .012
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Balanced Panel

ρ η σm σt σp α δ σmi
Perm. Est. � 1.668 .482 � .176 .566 .127 .577
only s.e. � 0.314 .041 � .015 .030 .004 .032
AR(1) Est. .890 1.079 .275 .433 � .567 .127 .575
only s.e. .019 0.220 .053 .046 � .030 .004 .034
Perm Est. .600 1.388 .000 .499 .163 .567 .127 .569
+AR(1) s.e. .105 0.252 na .053 .017 0.030 .004 .034

Also tried industry e¤ects; calibrating vs. estimating α, δ; changing β

σac speci�cation very similar to. σmi speci�cation
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Correlogram of log(K) w and w/o �xed e¤ects:
Data
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Correlogram of log(K) w and w/o �xed e¤ects:
AR(1) model
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Correlogram of log(K) w and w/o �xed e¤ects:
Permanent shocks + AR(1) model
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Correlogram of I/K, PI/K: Data
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Correlogram of I/K, PI/K: AR(1) shock model
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Correlogram of I/K, PI/K: AR(1) + permanent shocks
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Implications of the estimates in a GE framework

Embed the PE model estimated in a GE setup.

Evaluate the e¤ect of eliminating adjustment costs.

Interpret iid shocks as measurement error.

Representative consumer

E
∞

∑
t=0

βtU(ct )

Inelastic labor supply, no aggregate shocks.
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GE model: Continuum of Firms

Production function Y = zK αNυ.

Labor �exible hence π = z
1
1�υK

α
1�υ

log z = log zp + log zt
Quadratic adjustment cost.

Exogenous exit w/prob η.

Needed to have stationary distribution

Entry: cost cin, get capital Kin and draw (zp , zt ) from cdf υ.
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GE model: Stationary Equilibrium

Value function and policy function, and wage w such that:

Free entry condition:Z
W (Kin, z inp , z

in
t )dυ(z inp , z

in
t ) = cin.

Labor market clearing:

N =
Z
N(K , zp , zt )dµ(K , zp , zt )

Stationary measure:

µ(A� B � C )

= (1� δ)
Z
1g (K ,zp ,zt )2A Pr(ε

0
p , z

0
t 2 ...)µ(dK , dzp , dzt )

+M � υ(zp , zt )1Kin2A,
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GE model: Experiment

Consider a reform which reduces adjustment costs to 0.

This reform leads to:

∆Y = 14.1%,∆K = 29.4%,∆TFP = 8.05%

Now take an econometrician who knows the correct model, except for
the shock process.

He uses data from the model before the reform, and �ts an AR(1)
shock with �xed e¤ect.

Finds ρ ' .807 and σ ' 1.173
Predicts

∆Y = 10.3%,∆K = 4.1%,∆TFP = 9.4%.

Important error.
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Application of methodology: evolution of shock process

Debate on trends and cycles in idiosyncratic volatility:

1 Has volatility gone up since the 1960s?
2 Is volatility countercyclical?

Use procedure above year by year: compute the cross-sectional
moments in each year and �nd best-�tting parameters.

Consistent with optimization since variances do not a¤ect �rms�
decision rules.

Fix α, δ, η.
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Time variation in data moments
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Estimated Parameters: model with no transitory shock
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Business cycles variation in data moments
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Business cycle variation in fundamental shocks

1970 1975 1980 1985 1990 1995 2000 2005
­0.5

0

0.5
σ profit iid

ρ=0.35

1970 1975 1980 1985 1990 1995 2000 2005
­0.1

0

0.1

1970 1975 1980 1985 1990 1995 2000 2005
­0.05

0

0.05
σ permanent

ρ=­0.48

1970 1975 1980 1985 1990 1995 2000 2005
­0.1

0

0.1

1970 1975 1980 1985 1990 1995 2000 2005
­0.5

0

0.5
σ iid investment

ρ=0.22

1970 1975 1980 1985 1990 1995 2000 2005
­0.1

0

0.1

François Gourio (BU) Estimating Firm-Level Risk October 2008 37 / 42



Conclusions and work in progress

Use investment choices to estimate persistence of shocks

Permanent shocks appear to be important.

They may lead to di¤erent conclusions in some of our models.

Next:
1 News shocks / Persistent shocks to growth rates
2 Estimation by Maximum Likelihood
3 Robustness: how does the estimation behave if there are �xed costs /
irreversibility / �nancing constraints...?
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BACKUP
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Figure: Correlogram of investment rate and pro�t rate in the balanced panel. Top
panel: average of correlogram computed for each �rm (i.e. with �xed e¤ect).
Middle panel: correlogram of pooled data. Bottom panel: cross-correlogram of
pooled data.
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Figure: Correlogram of investment rate and pro�t rate in the unbalanced panel.
Top panel: average of correlogram computed for each �rm (i.e. with �xed e¤ect).
Middle panel: correlogram of pooled data. Bottom panel: cross-correlogram of
pooled data.
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