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Abstract

Firm labor productivity and average wages paid by firms vary considerably
and are positively correlated. These observations can be rationalized either by ex-
ogenous TFP heterogeneity in firm productivity coupled with rent sharing or by
differences in capital intensity and in the quality of labor inputs. This paper ascer-
tains the extent to which these factors provide an explanation of the observations
using Danish matched employer-employee data. Using the worker fixed effect in
a wage equation as a measure of worker ability, and a combination of ability and
occupational composition for labor force quality, we find that TFP heterogeneity
explains more of the observed labor productivity dispersion than differences in
capital intensity and labor force quality in each of the industries considered, and
that variation in labor force composition explains more than ability differences.
Both differences in labor force quality and rent sharing are important in explain-
ing firm level wage dispersion, whereas rent sharing is most important for the
positive correlation between average firm wage and labor productivity.

Keywords: Bargaining, Rent sharing, Wage dispersion, Productivity dispersion,
Worker heterogeneity, Firm heterogeneity, Matched employer-employee data
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1 Introduction

Firm heterogeneity is ubiquitous in available micro data sets. Labor productivity and
the average wage paid vary substantially across firms and are positively correlated,
even within narrowly defined industriesﬂ In the case of (large) Danish privately
owned firms, documented in this paper, the 90/10 percentile ratio for the distribu-
tion of labor productivity ranges between 2.1 and 2.9 depending on the industry con-
sidered, and the corresponding range for the distribution of average wage bill paid
per employee is 1.3 to 2.0, while the cross firm correlation between the two variables
ranges between .4 and .5. Similar relationships are documented for other countries
and data sources]

Two broad lines of explanation for this robust empirical observation have been
brought forward. Some argue that the observed productivity and wage dispersion re-
flects differences in the composition and quality of labor and other productive factors,
as would be implied by the simplest competitive model (Murphy and Topel, (1990).
Others contend that productivity varies systematically across firms and firm rents are
shared (Krueger and Summers, 1989)E| Undoubtedly, both lines of explanation play
a role, and it is important to disentangle their relative importance. If input quality
and composition is the main driver of productivity dispersion across firms, then poli-
cies involving training and skill upgrading of the labor force may support aggregate
growth. On the other hand, if productivity dispersion across firms primarily reflects
heterogeneity in intrinsic total factor productivity (TFP), then factor reallocation is po-
tentially output enhancing. The importance of this possibility is emphasized by Hsieh
and Klenow| (2009), who report 90/10 TFP ratios of approximately 5.0 for the major
developing countries of China and India. Moreover, in the case of systematic pro-

ductivity differences across firms, rent sharing provides the link between individual

1 As|Foster, Haltiwanger, and Krizan|(2001) point out, one needs to distinguish between productivity
measures, both labor productivity and total factor productivity, expressed in physical units and mon-
etary value. Throughout the paper we measure productivity in value terms. One defence is the fact
that the value of output is maximized only when the values of marginal products per unit of input are
equalized across firms, as |[Hsieh and Klenow] (2009) point out, which occurs in the competitive case
only in the absence of input market distortions. Of course, doing so ignores distortions attributable to
imperfect competition in the market for output, but except in the case of the manufacturing industry
there is little choice since unit measures of output generally do not exist. Bartelsman, Haltiwanger, and
Scarpetta (2013) conduct their analysis using revenue based productivity measurements.

ZGee, e.g., [Baily, Hulten, and Campbell (1992), Foster, Haltiwanger, and Krizan| (2001), Syverson
(2004), |[Postel-Vinay and Robin| (2006), and Bartelsman, Haltiwanger, and Scarpettal (2013). A related
finding from the foreign trade literature is that firms that export tend to be more productive and pay
significant wage premiums, see, e.g., [Bernard and Jensen| (1995), Bernard, Eaton, Jensen, and Kortum
(2003), |[Eaton, Kortum, and Kramarz| (2004, 2011), and Pedersen| (2009).

3Recen’dy, formal models of rent sharing in markets with search and matching friction have been
proposed and estimated. These include |Burdett and Mortensen| (1998), Postel-Vinay and Robin/(2002),
Cahuc, Postel-Vinay, and Robin| (2006), Cahuc, Marque, and Wasmer| (2008), Mortensen| (2003} 2010),
among others.



wages and firm productivity, and thus ties the dispersion in productivity to the wage
distribution. Hence, as wage dispersion motivates job search (see, e.g., (Christensen,
Lentz, Mortensen, Neumann, and Werwatz, [2005), rent sharing is a potentially impor-
tant vehicle for labor reallocation. To date there has been no quantitative assessment
of the relative importance of differences in input composition and quality versus sys-
tematic TFP heterogeneity coupled with rent sharing as explanations of the cross firm
differences in labor productivity and wages and their correlation.

In this paper, we offer such an assessment. Specifically, we construct a wage bar-
gaining model that incorporates both variation in input quality and a stochastic TFP
process. Input quality is determined by capital intensity, as well as average ability and
composition of the labor force. In particular, we consider multiple job types or occupa-
tions, and the labor force composition of the firm is the distribution of ability adjusted
labor across occupations. Our model of wage determination is composed of the firm’s
production function, with inputs that include capital and ability adjusted labor of the
various occupations, and a wage equation that allows for rent sharing. The wage
equation is based on the [Stole and Zwiebel| (1996) and Smith| (1999) model of bilateral
bargaining between an employer and each of its employees in a multi-person firm, ex-
tended to allow for search frictions and multiple labor inputs by Cahuc, Marque, and
Wasmer (2008). Observed firm differences in labor productivity and wages and their
correlation may then more heavily reflect differences in capital intensity and labor
force quality (average ability and composition) or differences in TFP acting through
the rent sharing channel, depending on parameter values in our encompassing model.
For estimation, we obviously need firm data, and to measure the labor input on an
ability adjusted basis, we use high quality Danish matched employer-employee (MEE)
data, focusing on large firms and segmenting the data into four industries: Manufac-
turing; Wholesale & Retail Trade; Transport, Storage & Communications; and Real
Estate, Renting & Other Business Activities, over the period 1995-2007.

Our econometric approach contributes to the the literature on estimation of pro-
duction functions by embedding these in a structural equation system involving worker-
occupation effects as well as firm-occupation-time effects derived from an individual
level wage decomposition. The estimated individual effects from the wage decom-
position are used as measures of worker ability in the construction of labor input ag-
gregates for each firm, one for each of the four occupations we consider: Managers,
Salaried workers, Skilled workers, and Unskilled workersﬁ The production function
estimates use these aggregates as labor inputs together with a capital measure and

4Tranzo, Schivardi, and Tosetti| (2008) construct production function inputs from skill measures ob-
tained as individual effects from a similar individual wage decomposition, but they do not allow for
occupation-specific worker effects or time-and-occupation specific firm effects, nor do they explicitly
model the wage setting procedure. All in all they consider a related, but separate, set of questions
regarding wage and productivity dispersion.



a stochastically varying TFP shock. The estimated time-varying occupation-specific
firm effects from the decomposition of individual level wages admit a structural inter-
pretation as the firm-specific unit prices of human capital, and these are used in the
estimation of a firm level wage equation arising from the proposed bargaining game.

Early attempts to take account of changes in human capital variables in the decom-
position of aggregate productivity growth by Jorgenson, Gollop, and Fraumeni| (1987)
concluded that these were small contributors. Although the availability of MEE data
with detailed worker information and labor market histories of individual workers
offers the prospect of directly testing the hypothesis that firm productivity differences
primarily reflect differences in the quality of inputs, surprisingly little research has
been done on the subject. We are aware of two recent projects that exploit these data
bases. [Fox and Smeets| (2011) use Danish MEE data and estimate Cobb-Douglas and
translog production functions with quality weighted employment and capital inputs
on Danish data. The worker characteristics include gender, education, experience,
firm tenure, and age. Including these labor quality variables as explanations of the
total labor input with weights determined by the data accounts for very little of the
variance in firm productivity above and beyond that implied by simply using total
firm employment as the labor input. Applying similar methods to Norwegian MEE
data, Irarrazabal, Moxnes, and Ulltveit-Moe| (2010) approach the issue of labor input
quality from the perspective of the empirical trade literature. They find that observ-
able worker characteristics explain about 25% of the average productivity differential
between exporting and non-exporting firms. Although they conclude that the poten-
tial for gains from trade are overstated by the measured TFP differences, it is clear that
labor input quality differentials fail to explain the bulk of the differences in productiv-
ity.

If variation in input quality is not the main driver of productivity dispersion, then
this suggests an important role for TFP heterogeneity, and hence a potential for growth
enhancing factor reallocation, as highlighted by Restuccia and Rogerson| (2008) and
Hsieh and Klenow| (2009). There is a sizeable literature engaged in documenting and
analyzing the extent and costs of misallocation of production factors; see e.g. Restuccia
and Rogerson (2013) and the references thereinﬂ Traditionally, this literature has been
concerned with the impact of misallocations on TFP measurements in a cross-country
context, Hsieh and Klenow|(2009) being a recent and prominent example of this. Even
if our analysis does not have a cross-country element, we contribute to this literature in
several ways. First, we provide measurements on the extent of misallocation with a so-
phisticated control for worker ability, allowing us to consider misallocation of talent.

Second, we conduct our analysis on four major industries, including Manfacturing.

SRestuccia and Rogerson| (2013) is the Editorial for a special issue of the Review of Econonomic
Dynamics on misallocation and productivity.



Most other studies focus exclusively on Manufacturing. Third, our analysis and mea-
surements are grounded in a structural model with a clear connection between data
and our theory of misallocation.

Rent sharing would support such labor reallocation, since it implies that the pro-
ductivity dispersion induces wage dispersion. With wages dispersed, there is a motive
for job search. Further, rent sharing implies that productive firms pay more, so that
the search process tends to reallocate workers to more productive firms. However, al-
though the papers cited point to the importance of TFP heterogeneity, there has been
no attempt to combine the production function based analysis of TFP and input qual-
ity with a model of rent sharing.

In the present paper, we do both: We use the production function to assess the
roles of input quality and TFP in firm level labor productivity dispersion, and we
use the wage equation to assess the roles of labor force ability and composition ver-
sus rent sharing in wage dispersion. Upon estimation of our encompassing model,
we apply standard variance-covariance decompositions to quantify the relative im-
portance of the input quality versus TFP heterogeneity and rent sharing explanations.
Our production function includes a firm level labor force quality measure reflecting
individual level abilities, measured using worker-occupation fixed effects, as well as
the effect of occupational composition through the estimated relative productivities
by occupation. We find that capital intensity and labor force quality as measured only
account for about 9 and 20 percent, respectively, of the variance in log labor produc-
tivity in Manufacturing. Heterogeneity in TFP accounts for 72 percent of the labor
productivity variance. In the other three industries considered, TFP variation simi-
larly accounts for more than half of labor productivity dispersion. Capital intensity
and labor force quality together never account for more than 40 percent, and within
labor force quality, differences in occupational composition are more important than
ability differences. In all industries, at least half of the labor productivity dispersion
accounted for by TFP heterogeneity stems from persistent as opposed to transitory
TFP variation, implying that persistent TFP heterogeneity by itself is more important
for labor productivity dispersion than differences in labor force quality. Our results
show that firms differ systematically in productivity, and not only because of different
inputs, thus indicating a scope for productivity improving factor reallocation across
firms.

We find that rent sharing exists in all industries. A decomposition of firm wage
variance as well as a decomposition of the covariance between the firm wage and firm
labor productivity is computed for the estimated model. Again, the relevant firm level
labor force quality measure combines individual level abilities with the effect of oc-
cupational composition, the latter now operating through workers’ estimated outside
options and bargaining powers. Although cross-firm differences in this labor force



quality measure explain 12 percent of the variance of firm wages in Manufacturing,
the rent sharing effect through firm labor productivity variation explains considerably
more, at 33 percent, and similarly in other industries. The calculated shares rely on
structural parameters from estimation of our encompassing model. For comparison,
an alternative projection based decomposition leaves differences in labor force qual-
ity and rent sharing about equally important for firm wage dispersion. Furthermore,
rent sharing explains 75 percent and labor force quality differences 25 percent of the
covariance between firm wage and labor productivity in Manufacturing by the pro-
jection method. The picture is similar in other industries, and the relative importance
of rent sharing compared to labor force quality in explaining the covariance is even
greater based on the structural parameters. In sum, differences in labor force quality
explain about as much of the variance in firm wages as rent sharing, but rent sharing
is the most important reason for the observed positive correlation between firm wages
and labor productivity. This suggests that although frictions prevent that all work-
ers arrive at the intrinsically most productive firm, at least some incentives for labor
reallocation are in place, in that job search is driven by workers chasing higher wages.

Recent literature suggests that labor markets are characterized by some degree of
positive assortative matchingﬁ Our general framework imposes conditions that suf-
tice for disentangling the roles of labor force quality and rent sharing in generating
dispersion and correlation, without tying down the particular equilibrium assignment
of worker types (abilities) to firm types (TFP). Hence, we do not provide any specific
interpretation of our results in terms of labor market sorting, although our novel mea-
surements and decompositions of the joint distribution of productivity and wages are
broadly consistent with this possibility.

The rest of the paper is laid out as follows. The model is introduced in Section
Section 3| describes the construction of our matched employer-employee panel data
set. Section {4f presents the estimation method and empirical results, and Section
reports the aforementioned decompositions. Section [p|concludes. Some further details
on the data, as well as some additional empirical results, are provided in an online

supplement to this paper.

2 The Model

We consider firms that employ multiple workers. In the Stole and Zwiebel (1996) and

Smith! (1999) bargaining model, the firm bargains with each employee as if s/he were

8Eeckhout and Kircher| (2011), Lopes de Melo| (2013), [Lise, Meghir, and Robin| (2013), Bagger and
Lentz (2013), and |Hagedorn, Law, and Manovskii|(2013) present theoretical characterizations of sorting
patterns in the labor market, as well as empirical evidence through structural estimation of the proposed
models.



the marginal worker. The worker is assumed to have an outside option, which in the
Cahuc, Marque, and Wasmer (2008) version of the model is taken to be the worker’s
reservation wage. In the special case of identical workers, the gross profit flow of the

tirm can be represented as

n(N,p) = pf(N) — ¢N,

where N is employment, p is the firm’s factor productivity, ¢ is the wage, and f(N)
is the baseline production function, an increasing concave function of employment.
The net value of the marginal worker to the firm is d7r/dN, while the surplus value
of employment to the worker is ¢ — b, where b represents the worker’s reservation
wage. We introduce asymmetric bargaining power by supposing that nature selects
the worker to propose the deal with probability 8 and the employer with complemen-
tary probability 1 — B at the beginning of each negotiation round. As information is
complete by assumption, the proposer offers a wage that makes acceptance at least as
attractive to the other party as continued negotiation. Hence, the outcome satisfies

B(pr ) - 9= SEN) == 0 -b). )

In other words, the worker receives the share p of the joint surplus. As [Stole and

Zwiebel| (1996) show, the solution to (I)), the wage bargaining outcome function, is

PN, p) = (1Pt p [ 27 f @)

In the constant marginal product case, the wage reduces to the average of the outside
option b and the value of the marginal product, (1 — )b + Bpf’, as in the canonical
search and matching model (Pissarides, 2000). The Cobb-Douglas case, f(N) = N¥,

produces a linear relation between the firm’s labor productivity pf(N)/N and the

0N p) = (1= o+ s (L)),

Thus, the wage is equal to the average product when workers have all the bargaining

wage,

power (B = 1) and the outside option when they have none (8 = 0). In general, the
wage is an increasing function of both workers’ share of the rent j, the labor elasticity
of output «, and the outside option bE]

Cahuc, Marque, and Wasmer|(2008) generalize the outcome of the Stole and Zwiebel
bargaining problem to allow for any number H of different types of labor that are im-

7Of course, the bilateral bargaining outcome (2) determines the wage if and only if it is consistent
with participation conditions. Mortensen| (2010) shows that these do not bind in equilibrium.



perfect substitutes in general, and other quasi-fixed factors, such as capital. Given a
general production function of the form

Y =pf(K L),
where p represents firm TFP, K is the capital stock, and L = (L, Ly, ..., Ly) the vector

of labor inputs, the generalization of (2)) to the case of H different labor input types is

1-By

on(K,L,p) = (1— )by + p/ 2P (K, LoAy(2))dz, h=1,.,H. (3
Here, j, is the bargaining power and pf;, = E?Tyh the value of marginal product of type
hlabor, and L o Aj(z) is the vector

B1 1-By By 1-By By 1-By
LoAy(z) = (Liz" P Pn ,Lpz'P2 Pn .., Lyz'Pu P ), h=1,.,H,

the Hadamard product of the employment vector L and the vector Ay(z) with k’'th
P 1By
element z'fx fr  for k = 1,.., H. In our empirical analysis, we follow Christensen,

Lentz, Mortensen, Neumann, and Werwatz| (2005) and interpret labor types as four
(aggregate) occupations: Managers, Salaried workers, Skilled workers, and Unskilled
workers. In the rest of the paper we therefore refer to the H labor types as occupations.

We allow individuals to differ with respect to their abilities in each of the H oc-
cupations. Let a;;, represent the ability or skill of individual i in occupation h. For
empirical tractability we restrict attention to the case where complementarities arise
only between occupations; within each occupation, individual workers differ with re-
spect to ability, but are perfect substitutes. A firm’s total labor input in occupation h
is thus L, = th aipdi, where (), is the index set of workers employed in occupation
h in the firm. In the case of heterogenous workers, we retain N to indicate the total
number of (non-ability adjusted) workers in the firm. That is, N is a headcount.

If one views ¢, as the piece rate wage per unit of ability in occupation /, then the
wage of individual i in occupation h is w;, = a;,¢,, which implies that the log of
individual wage rates can be written as a linear function of a worker effect and a firm
effect,

Inw;, =Ina;, +Ing¢,(K, L, p), 4)

where the firm effect, the second term, depends on the employing firm'’s input compo-
sition and TFP. Below, we generalize the theoretical framework to a dynamic setting,
which makes (4) amenable to empirical analysis using MEE panel data. In this ex-
tended framework, (4) implies that worker ability and firm level piece rate wages are

identified as the worker and firm fixed effects in a panel regression model of log wages.



Thus, specification (4) can be regarded as a generalization of the/Abowd, Kramarz, and
Margolis (1999) individual log wage regression model to explicit endogenous forma-
tion of the firm effects, and we interpret the firm effect in the equation as the firm level

price of human capital per ability unit.

2.1 A Tractable Case

Our preferred empirical specification involves a Cobb-Douglas production function
with a log linear labor aggregator [T, L™ such that the elasticity of substitution be-

tween occupations is unity,

H rL
Y = pK* (H Lzh) , 5)
h=1

where ax and «, respectively, represent the capital and labor aggregate elasticities of

output, and 7;, is a measure of the relative productivity of occupation h, with Y_iL | ), =
; _ oYy __ Y

1. In this case, pf, = oL, = Yh&LT, SO that

H oLk P Y
pfu(K,LoAp(z)) = ypar | [z AP ) z T (6)

k=1
and equation (3) takes the simple form

L ynly Y

¢on(K, L, p) = (1= Bp)by + —. (7)
1+ Z}?:l “L’Yk% L

Thus, the firm average wage is

B
_ H oo, L[ & Ciarmts ) v
w(K,L,N,p) = 2:—¢P;\]h:N§‘, (1= Bn) bh i
=1 =1

NT/ (8)
1+ Y0, “L’thﬁ];g, N

with N denoting total (non-ability adjusted) labor force size, L = Y/L | L, total ability
input, and b, now interpreted as a worker’s reservation (or outside) piece rate wage.
The first term in the firm level wage function reflects labor force quality, appropriately
combining the average ability and occupational composition of the firm’s labor force.
Firms that employ workers of higher average ability %], and firms allocating greater
fractions % of total ability input to occupations with high outside options (1 — )by,
pay higher wages, consistent with the argument in Murphy and Topel (1990). The
second term on the right hand side represents a rent sharing effect, as in [Krueger

and Summers| (1989), in our encompassing model a linear function of measured labor

10



productivity, %, with common slope across firms Given rent sharing, dispersion in
average productivity across firms induces wage dispersion.

In (8), the relative importance of labor force quality versus rent sharing in the firm
wage structure depends on the structural parameters of our model. If B, = 0 for all i,
so that workers’ bargaining power vanishes, composition and ability differences are
the only source of firm wage variation. As pj, increases, for a given distribution of
average productivity, the relative importance of rent sharing for dispersion increases.
Indeed, as B, approaches unity, we have the limiting case w = %: The average wage
paid out is given by average productivity, regardless of labor force quality differences.
In Section [5, we use the firm wage equation to analyze firm level wage variation and

the covariance between firm wages and measured productivity.

2.2 Firm Dynamics

In this section, we relax the assumption that inputs and TFP are fixed. Instead, TFP is
a stochastic process and labor and capital are quasi-fixed factors of production. For-
mally, we consider a discrete time formulation in which t = 1,2, ... indexes periods
and the TFP sequence {p;} is a first order Markov process. In the empirical analysis
we shall take p; to follow a linear AR(1) process. We assume that labor reallocation,
i.e., hiring and separations, and investment in capital take place after current TFP is
observed, and that investments in period t materialize within the same period. Wage
bargaining takes place after labor reallocation and investment decisions. As a period
in our empirical model is a year, this accommodates the possibility of a time-to-build
of less than a year. There is nothing salient about this particular timing assumption.
We proceed this way only because our empirical analysis favors specifications where
both labor and capital are allowed to be potentially endogenous in relation to contem-
poraneous TFP (see Section ). We could easily adapt a different structure, e.g., with
investment decisions in period t realized in period t 4 1, implying a time-to-build of
at least one year.

Although one can generalize the formulation to any finite number of occupations,
for expositional simplicity we sketch the basic model only for a single category. Given
that hires, separations, and bargaining take place at the beginning of each period, labor
input in period t is given by

Lt = Ht —+ (1 — S)Ltfl, (9)

8 A similar additive decomposition of the firm average wage into a labor quality and a rent sharing
term applies in the case of a CES labor aggregator and common bargaining powers across occupations.
In our empirical work below, we cannot reject the Cobb-Douglas restriction on the CES labor aggregator
when estimating the production function.

11



where H; represents new hires and s is the separation rate. Capital evolves according
to the law of motion
Ki =11+ (1 -0)K;, (10)

where I; represents gross additions to physical capital determined in period ¢ and §
is a fixed depreciation rate. The hiring and investment decisions in period t are made
contingent on L;_1, K;_1, and p;. Of course, as in (7)), the piece rate wage is the outcome
of the wage bargaining in period ¢ which is simultaneous with total labor and capital
input.

Suppose that the costs of hiring and gross investment in period ¢ take the forms
cL( £)Li—1 and cK( -)Ki—1, where 1 (-) and ck(+) are positive, increasing and con-
vex functlons. This is 1mphed, e.g., if the cost functions are increasing, convex, and
homogenous of degree one in stock and gross flow. Then the value of the firm associ-
ated with the optimal decisions solves the Bellman equation

V(Li—1, K1, pt) = I}glaX {Ptf(Kt; L) — ¢(Ky, Ly, pr) Ly

H Iy
—cL <—t) Ltfl — CK < ) Kt 1+ AE [V(Lt/ Ktl pt+1)|pt]} (11)
Lt—l Kt—l

subject to equations (9) and (10), where A € (0,1) is a discount factor. For purposes
of the estimation that follows, we do not need to take a stand on the particulars of this
dynamic formulation, other than the specification of what the employer knows when
making the hiring and investment decisions. Hence, more complicated and possibly
more realistic formulations, for example explicitly accounting for employed worker
search, are consistent with the estimation procedure that follows, so long as the timing
assumptions hold.

3 Data

The empirical analysis is carried out on Danish register-based matched employer-
employee (MEE) panel data. We rely on three different data sources. Employer data
are secured from a firm level panel with accounting information for the period 1995-
2007. The accounting data set derives from an annual survey conducted by Statistics
Denmark subject to a specific sampling scheme detailed below. Employee data are
drawn from the Integrated Database for Labor Market Research (IDA), an individual
level annual panel containing all individuals aged 15 through 70 in Denmark. We use
the IDA files for the years 1995-2007 covered by our employer data set. IDA contains
one observation for each year, for each individual. If a worker is employed in the last
week of November, IDA provides information on the annual average hourly wage

12



Table 1: Sampling scheme for accounting data

Nov. workforce Fraction sampled Years in/out

0-4 0 —
5-9 .10 1/9
10-19 20 2/8
20-49 .50 3/3
> 49 1.00 —

Note: In addition, firms that generated revenue exceeding
DKK 100 mill. (Wholesale: DKK 200 mill.) in the preceding
year are always sampled. Source: Statistics Denmark.

and the ID of the employer. In addition, IDA is rich on background information on
individuals (including a unique person ID), whereas employer information in IDA is
limited, consisting of firm ID, ownership information, and industry indicators. The
third and final data element is the Firm-IDA integration (FIDA) that we use to link
employers and employees in the last week of November of each year, this way con-
structing a comprehensive MEE panel data set. In the following, we provide some
more details on each of these data sources, the construction of our MEE panel, and the
sample selection rules imposed. We end the section with descriptive statistics for the

resulting analysis sample.

3.1 Data Sources
3.1.1 Employer Data

Accounting data are available for the period 1995-2007. Industry coverage increases
over time, starting in the initial year 1995 with Manufacturing and parts of Whole-
sale & Retail Tradeﬂ Coverage gradually expands until by 1999 most industries are
included. The survey from which the accounting data originate has a rolling panel
structure where firms are selected based on the size of their last week of November
workforce in the previous year. All firms with at least 50 employees are surveyed,
and some with less. The detailed sample selection rules applied are given in Table
If sampled, a firm is required to submit a standardized balance sheet to Statis-
tics Denmark. Hence, we are able to compute value added, measures of the firm’s
capital stock and various other relevant measurements, including annual workforce
measured in Full Time Equivalent (FTE) workers. Our online supplementary material

contains details on these computations. We refer to these data as the employer data.

9We classify industries according to NACE rev. 1 (see EUROSTAT) 1996).
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3.1.2 Employee Data

We retrieve data on workers from IDA for the years 1995-2007 covered by our em-
ployer data. IDA is comprised of several files with distinct types of information: Per-
son files, establishment files, and job files. The person files contain annual information
on a wide range of socio-economic variables for the entire Danish population aged
15-70. The establishment files contain annual information on all establishments with
at least one employee in the last week of November in each year. The job files provide
information on all jobs that are active in the last week of November in each year. We
use education and occupation information from the person files, industry code from
the establishment files,"|and average hourly wage from the job files. We refer to these
data as the employee data.

3.2 Analysis Data

Merging the employer and the employee data using FIDA yields an MEE panel with
24 million observations on 3.7 million workers and 550,00 firms (some of which with
accounting data information). Our empirical analysis utilizes both an individual level
panel and an associated firm level panel. Both panels are extracted from the MEE
panel. Here, we provide a short description of the selection criteria. Details on the
merging procedure, and on the selection of the analysis data, are relegated to the on-

line supplementary material.

3.2.1 Individual Level Panel

First, we restrict attention to the following industries (NACE rev. 1 section and years in
the sample in parentheses): Manufacturing (D, 1995-2007), Wholesale & Retail Trade
(G, 1999-2007), Transport, Storage & Communications (I, 1999-2007), and Real Estate,
Renting & Business Activities (K, 1999-2007). To verify the robustness of our results,
we analyze the four largest sub-industries within Manufacturing in the online supple-
mentary material.

Second, we discard observations on workers aged below 18 and observations with
invalid or missing education information, and define four occupational categories ac-
cording to ISCO-88 grouping: Managers, Salaried workers, Skilled workers, and Un-
skilled workers. Workers with missing occupation data are assigned to an occupation
based on length of education. The occupational categories are consistent with [Chris-
tensen, Lentz, Mortensen, Neumann, and Werwatz (2005).

Third, we discard observations with missing or non-positive wages and firm-years

19Each firm has one or more establishments. We define the industry of a firm as that of its largest
establishment.
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with non-missing and non-positive value added, hours, or capital stock. The annual
industry and occupation specific distributions of individual level wages and the (non-
employment weighted) annual industry-specific distributions of hourly value added
are trimmed at the top and bottom 1%. All nominal variables are detrended using the
NACE rev. 1 section-specific implicit deflator in hourly value added.

Fourth, we retain only firm-years where at least two workers are employed in each
of the four occupations. This selection criterion excludes small firms, leading to a
considerable loss in the number of observations in the individual level panel. The loss
of information from the employer data is moderate since these are already large firms,
due to the sampling scheme for the accounting data survey outlined in Table

Fifth, to ensure identification of the individual level log wage regression with worker-
occupation and firm-year-occupation indicators, we select the largest group of “con-
nected” workers and firm-years in each occupation and industry Intuitively, a set
of workers and firm-years is connected when it contains all the workers who were
ever linked to any of the firm-years in the set, and all the firms-years to which any
of the workers in the set was ever linked. In contrast, when two sets of workers and
tirm-years are not connected (within an occupation and industry), no firm-year in the
first set has ever been linked to a worker in the second, nor has any worker in the first
set ever been linked to a firm-year in the second@ The vast majority of workers and
tirm-years are connected in one large group in each occupation and industry.

Table 2 provides basic summary statistics on the resulting individual level panel.
Manufacturing is the largest of the four industries, in terms of number of observations,
workers, and firm-years. In terms of firm-years, Wholesale & Retail Trade is second
largest, followed by Real Estate, Renting & Business Activities, and the smallest in-
dustry by this measure is Transport, Storage & Communications.

3.2.2 Firm Level Panel

The firm level panel is constructed from the individual level panel in the following
way. First, we select only firm-years for which we have accounting data informa-
tion. Second, we select only firm-years that are represented in all four occupations@

Third, we select only firm-years that are part of a sequence of at least three consecu-

The identification of this type of two-way error component regression is studied by Abowd, Creecy,
and Kramarz|(2002) in the case where the error components are a worker-specific permanent effect and a
firm-specific permanent effect. In the absence of time-varying observable covariates, their identification
result carries over to our context where the error components are a worker-occupation effect and a firm-
year-occupation effect, with identification established within each occupation and industry separately.

12This description of the notion of connectedness is a slight paraphrasing of the description given in
Abowd, Creecy, and Kramarz (2002, p. 3).

3This amounts to selecting firm-years that for each occupation belong to the largest group of con-
nected workers and firm-years, such that each worker-occupation effect and firm-occupation-time effect
is identified.
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Table 2: Summary Statistics for Individual Level Panel

Transport, Real Estate,
Wholesale  Storage & Renting &

Manu- & Retail Communi- Business
facturing Trade cations  Activities
Years 1995-2007 1999-2007  1999-2007 1999-2007
Managers
Observations 366,541 93,329 53,606 240,559
Workers 94,020 37,313 19,774 84,037
Firm-years 15,979 4,659 951 4,253
Salaried workers
Observations 486,144 209,262 151,504 195,797
Workers 123,315 76,229 44,962 78,748
Firm-years 17,023 7,714 1,466 4,441
Skilled workers
Observations 2,034,107 595,564 427,624 225,943
Workers 478,527 256,643 140,765 123,263
Firm-years 18,597 8,326 1,671 4,647
Unskilled workers
Observations 415,988 176,662 115,497 201,905
Workers 175,976 97,388 60,417 116,626
Firm-years 15,807 6,326 1,433 3,582

Note: Unit of observation is a worker-year. Number of observations, workers, and firm-
years are reported for the largest set of connected workers and firm-years (cf. Abowd,
Creecy, and Kramarz, [2002), by industry and occupation.
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Table 3: Summary Statistics for Firm Level Panel

Transport, Real Estate,
Wholesale Storage &  Renting &

Manu- & Retail Communi- Business

facturing Trade cations activities

Years 1995-2007 1999-2007  1999-2007 1999-2007
Number of firm-years 9,962 2,332 408 1,288
Managers/firm-year 31.77 27.92 66.48 107.34
Salaried workers/firm-year 42.35 56.92 203.10 75.79
Skilled workers/firm-year 177.16 159.60 455.60 191.75
Unskilled workers/firm-year 36.02 48.13 105.93 99.68
Workers/firm-year 287.30 292.57 831.11 374.57

Note: Unit of observation is a firm-year. The firm level panel is constructed by aggregating individ-
ual level information from the individual level panel (see Table[2) to the firm level subject to selection
criteria described in the text.

tive firm-years, thus allowing the construction of lagged differences at the firm level.
Table |3 summarizes the sizes of the final firm level analysis panels. From the table,
we are primarily dealing with firms with large WorkforcesH Industry size in terms
of firm-years is ordered as before, with Manufacturing largest and Transport, Storage
& Communications smallest. In terms of size of firms, the ordering of industries is
roughly opposite, in each occupation with most workers per firm-year in Transport,
Storage & Communications, followed by Real Estate, Renting & Business Activities
(except that firms here employ most Managers across all industries), and with firms
of about equal size in Manufacturing and Wholesale & Retail Trade. We refer to Man-
ufacturing as the largest and Wholesale & Retail Trade as the second largest industry,

keeping in mind the smaller average firm size.

3.3 Descriptive Statistics

We now present a number of facts regarding the firm level relation between wages,
productivity, labor, and capital in our analysis samples. Firm level wages are com-
puted as the firm level average of the individual wages, denoted w. Labor productiv-
ity (hourly) and capital intensity (hourly) are computed by dividing total value added

4Comparison of the average number of FTE workers per year reported in Table to the correspond-
ing average number of FTE workers in each of the four industries (source: Statistics Denmark) reveals
that the share of workers included in our analysis sample (out of the industry total) is about .55 for
Manufacturing and about .25 for the other three industries. These differences in coverage may be ex-
plained by differences in industry structure (e.g., fewer small firms in Manufacturing), implying that
the sample selection criteria imposed here impact the industries differently.
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Table 4: 90/10 Ratios for Labor Productivity, Average Wage, and Capital Intensity

Transport, Real Estate,
Wholesale Storage &  Renting &

Manu- & Retail Communi- Business

facturing Trade cations  Activities

Labor productivity 2.06 2.49 2.89 2.93
Average wage 1.42 1.65 1.33 1.99
Capital intensity 11.25 17.06 94.20 84.14

Note: Unit of observation is a firm-year.

Y and total capital stock K from the employer data by total hours,
N =12 x 166.33 x FTE,

where 166.33 hours is the monthly hours norm for jobs under the Danish Industry
Confederation and FTE is the reported workforce size from the employer data. Thus,
N indicates a non-ability adjusted or headcount measure of employment.

Figure 1| plots kernel-smoothed density estimates of the distributions of labor pro-
ductivity, firm level average wage and capital intensity for the four industries con-
sidered. It is evident that there is considerable dispersion in all three variables. The
distribution of labor productivity tends to be slightly to the right of the distribution of
firm level wages, and more dispersed. Capital intensity exhibits the highest dispersion
among the three variables. Table [] quantifies the dispersion in terms of 90/10 ratios.
All ratios are between 1.3 and 2.0 for wages, between 2.0 and 3.0 for labor productivity,
and higher for capital intensityﬁ

Turning to the relation between wage and labor productivity, Figure 2| shows non-
parametric regressions of firm level wages on productivity, along with superimposed
parametric (linear) regressionsm There is a clear positive relation between a firm’s
productivity and the average wage it pays to its employees. Moreover, the relation is
close to linear and precisely estimated where the data are dense To further quantify
the relations among the variables, Table |5 reports the correlations between average
firm wage w, labor productivity %, and capital intensity % The correlation between
wages and productivity is narrowly tied down between .40 and .51. This range is
about six times wider for the correlation between capital intensity and productivity,
with capital potentially most important in Transport, Storage & Communications.

15The online supplementary material to this paper documents that the dispersion persists when we
consider sub-industries within Manufacturing.

16We do not report standard errors in the figures, but all estimated parameters are strongly significant.

7See the productivity and wage densities in Figure [1, and the 95% confidence regions (shaded) in

Figure 2}
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Figure 1: Distributions of Labor Productivity, Average Wage, and Capital Intensity
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Table 5: Correlations Between Labor Productivity, Average Wage, and Capital Inten-

sity

0 200 400 600 800
Danish Kroner

Transport, Real Estate,

Wholesale  Storage &  Renting &

Manu- & Retail Communi- Business

facturing Trade cations  Activities

Cor (@, %) 399 470 510 423
Cor (£, %) 185 —.005 588 182

Note: Unit of observation is a firm-year.
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Figure 2: Nonparametric Regressions of Average Wage on Labor Productivity
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Taken together, the data reveal that more productive firms co-exist with less pro-
ductive firms, and that high-paying firms co-exist with low-paying firms. Moreover,
tirm level wages and productivity are positively related. These are well-known em-
pirical facts that have been documented for different data sets, countries, and time-
periods (see, e.g., Mortensen, 2003 and |Lentz and Mortensen, 2010). We now try to
understand and quantify the economic mechanisms driving these relations, using the

model from Section 2|

4 Empirical Analysis

Our model gives rise to an equation governing individual level wages, an equation
governing firm level average labor productivity, and, for each occupation, an equation
governing firm level piece rate wages@ This system is taken to the data by conduct-
ing the estimation in the corresponding three steps: First, an individual level wage
regression; second, a firm level production function; and third, for each occupation a
tirm level piece rate wage equation.

Given the panel structure of our data, we index individuals by i = 1, ..., I, firms
by j =1,..,], occupations by 1 = 1,...,H, and time by t = 1, ..., T. Writing J(i, t) and
H(i, t) for the functions indicating the firm respectively occupation that individual
i is employed in at time ¢, the MEE data consist of these two functions, along with
individual level wages, w;;, and firm level value added and capital, Yj; and Kj;. Both
the individual and firm level panels extracted from the MEE data are unbalanced, i.e.,

not all workers and firms are observed in every time period.

4.1 First Step: Individual Level Wage Equation

At the individual level, the wage is the product of individual ability and the piece rate
wage per ability unit of the employing firm. We allow occupation-specific individual
(log) abilities to be subject to shocks of a nature to be specified below, i.e., Ina;,; =
Ina;, + &, The individual level (log) wage equation therefore reads

Inwie = Ingy; pyngine + 0@ + e (12)

which for estimation purposes is conveniently viewed as decomposing individual log
wages into time and occupation specific firm effects jp; = In ¢j, occupation specific
worker effects {5 = Inay,, and the residual terms ¢, unexplained by the former two.
We impose the following identifying assumption on (12):

8Individual level wages are given by @), and the production function by (5), whereas occupation-
specific firm level piece rate wages are given by (3) in the general case, and (/) in the Cobb-Douglas
case.
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Assumption Al E[ t|1 t,J(i,t),H(i,t)] =0, foralli=1,..,Iand t =1,.., T.

Assumption[Al|rules out that individuals change employer or occupation based on
&% .. We interpret ¢, as idiosyncratic shocks to individual ability, measurement error,
or a combination of both, thus allowing estimation of the (many) parameters of
by OLS. In particular, identification of the parameter vector (made up of all the gjy;’s
and (;;’s in (12)) requires that S?H(i,t) ; is orthogonal to the design matrix consisting of
firm-year-occupation and worker-occupation indicators, and that the design matrix is
of full rank. The former condition is met under Assumption The latter condition
is also met subject to a normalization of a worker or a firm-year effect within each
occupation, by taking the individual level analysis panel as the largest set of connected
workers and firm-years within each occupation (see Abowd, Creecy, and Kramarz,
2002)™]

There is a large empirical literature documenting the existence of firm fixed effects
in wages, see, e.g., Abowd, Kramarz, and Margolis (1999). Our theoretical framework
provides a structural foundation for these effects in strategic bilateral bargaining the-
ory. The endogenous firm fixed effects reflect TFP shocks pj;, worker reallocation Ly,
and investment decisions Kj;, and are therefore time varying.

From the estimated jy;;'s and the ;,’s we can construct firm-year-occupation spe-
cific ability adjusted labor inputs L ;. Indeed, since ;; = In4j;,, we construct estimates
of Ly as

]ht th exp Czh)l{](l t) - ] /\H(Z t) h} (13)
i=1

forj=1,..],h=1,.,H and t = 1,.., T, where 1{-} is the indicator function and
wy, (re-)normalizes the grand mean of ability in each occupation to unity. Estimation
errors on individual level ability are likely to be averaged out in this aggregation to
tirm level labor inputs. Estimates of piece rate wages are constructed in a similar
manner:

Pine = w;, L exp(Eine)- (14)

41.1 Results

In the first step, individual-occupation and firm-year-occupation effects are obtained
from the individual level log wage equation (12), for representativeness estimated on
the full individual level panel. This includes workers employed by firms for which

we do not observe accounting data. These firms are therefore not included in the firm

19We exploit the sparsity of the design matrix to circumvent the dimensionality problem and solve
the system of normal equations associated with using a sparse matrix conjugate gradient algorithm.
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level panel, and so are not used in the second and third step of the our estimation pro-
cedure. We use firms without accounting data in this first step estimation to improve
the precision of the estimated worker effects, and hence also of the firm effects used in
the second and third step. However, for purposes of comparison and interpretation,
results reported in the following on distributions and decompositions relating to the
individual level wage regression pertain to the subsample of firms included in the firm
level panel. The corresponding results for the full individual level panel are available
on request.

Figure 3 depicts the distribution of piece rate wages across firm-years, by oc-
cupation and industry. Piece rate wages, like firm level wages, exhibit considerable
dispersion across firm-years. From Figure 3, Managers are paid higher and more dis-
persed wages per ability unit than other occupations, followed by Salaried workers,
in all four industries. The very fact that there is dispersion in piece rate wages, i.e., in
unit prices of human capital, represents a violation of the “Law of One Price,” and so,
not surprisingly, labor input quality is not the only driver of the observed joint distri-
bution of productivity and wages; misallocation also plays a role. Mortensen! (2003)
cites further evidence to this effect.

Figure [ exhibits the distribution of ability adjusted labor input across firm-
years, by occupation and industry. This production input also varies considerably
across firm-years. From the figure, the Manufacturing industry employs relatively
more Skilled labor and Transport, Storage & Communications relatively less Manage-
ment, compared to other industries. We return to the estimated individual level wage
regression when we further analyze the dispersion in individual log wages in Section
Gl

The individual level wage equation represents a log-linear decomposition of
individual wages into a firm-occupation-year specific log piece rate wage, a worker-
occupation specific permanent ability, and a residual term which we may interpret as
a transitory disturbance to worker ability. Hence, we obtain the following decomposi-

tion of the variance of individual level log wages:

Var(Inw;;) = Cov(Inw;t, In @y ; )i e)e)

-

Log piece rate wage

+ gov(ln wit, Inajgy (i) + Cov(Inwy, S?H(i,t)t)' (15)

- (.

Worker log ability Res;glual

Since Abowd, Kramarz, and Margolis (1999), numerous studies have estimated log
wage equations with two-sided heterogeneity and reported decompositions similar to
(15). This paper contributes to this literature by placing the decomposition within a
rigorous wage setting game and by allowing firm heterogeneity to vary over time.
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Figure 3: Distributions of Occupation Specific Piece Rate Wages
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Figure 4: Distributions of Occupation Specific Ability Adjusted Labor Input
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Table 6: Individual Level Log Wage Variance Decomposition

Transport, Real Estate,
Wholesale Storage &  Renting &
Manu- & Retail Communi- Business
facturing Trade cations  Activities
Managers
Var(Inw;) 120 194 159 155
Worker log ability 78.9% 87.1% 88.4% 80.4%
Log piece rate wage 9.2% 7.7% 3.9% 9.3%
Residual 11.9% 5.1% 7.7% 10.4%
Salaried workers
Var(Inw;) 077 124 .098 134
Worker log ability 79.6% 83.9% 79.7% 75.9%
Log piece rate wage 8.3% 7.8% 6.6% 16.9%
Residual 12.1% 8.2% 13.7% 7.2%
Skilled workers
Var(Inw;) .063 .108 .066 240
Worker log ability 60.1% 85.7% 75.8% 78.8%
Log piece rate wage 18.4% 2.5% 10.5% 14.9%
Residual 21.5% 11.9% 13.7% 6.3%
Unskilled workers
Var(Inw;) 096 127 105 201
Worker log ability 69.3% 84.7% 77.2% 71.1%
Log piece rate wage 20.5% 8.4% 14.6% 20.3%
Residual 10.2% 6.9% 8.2% 8.6%

Note: The decomposition is given by (15).
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Our decompositions of individual level log wage dispersion are reported in Table
[6lWe report the component in percentage of total variance in log individual wages
Var(Inw;j). The lion’s share of observed dispersion in individual log wages is ex-
plained by permanent differences in worker ability (varying between 60 and 88 per-
cent across industries and occupations). Within industry, permanent differences in
worker ability explain the greatest portion of wage dispersion among Managers@
Differences in time varying firm level log piece rate wages explain between 3 and 20
percent of the variance in individual log wages. Within industry, Unskilled workers
exhibit the highest share explained by these firm-year effects, with shares above those
attributable to residual or transitory ability differences. For other occupations, transi-
tory ability may explain more than firm effects, but never more than permanent ability,
and the general tendency is for the piece rate (firm-year) share to increase as we move
down the education-skill hierarchy. Qualitatively, this pattern, with worker (ability)
effects most important for the highest occupations and firm (piece rate) effects for the
lowest, is consistent with the findings of Postel-Vinay and Robin| (2002) using French
data.

Looking across industries, Manufacturing and Real Estate, Renting & Business Ac-
tivities have about the same portion of wage dispersion explained by piece rate (firm-
year) effects, and this is higher than the corresponding portion in the other two indus-
tries. For each occupation, the portion of wage dispersion explained by permanent
ability differences tends to be relatively low in Manufacturing and relatively high in
Wholesale & Retail Trade.

We end the discussion of the individual level wage equation with a word of cau-
tion: The conclusions reviewed above in relation to the relative importance of worker
and firm heterogeneity are derived from a structural model of wage setting in which
a worker’s previous labor market search history does not affect the wage earned. This
assumption justifies the implication that the estimated worker effect in the wage equa-
tion reflects the worker’s productivity in the firm. As|Postel-Vinay and Robin| (2002)
point out, this assumption is invalid in a job ladder in which wages can be bid up
when an employed worker finds an alternative employment opportunity. Then, as in
their model, the worker fixed effect in the wage equation includes a return to search
and, consequently, is likely to be biased up as a measure of the worker’s productive
human capital. As we shall argue further below, this issue might have implications for

the quantitative results in this paper, but not the qualitative conclusions we draw.

2In Manufacturing, nearly identical portions are explained for Managers and Salaried workers,
about 80 percent.
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4.2 Second Step: Firm Level Production Function

The second step of the estimation procedure is concerned with the estimation of the
tirm level production function. Our empirical analysis favors a production function
specification with elasticity of substitution of unity between occupations, i.e., a Cobb-
Douglas labor aggregator. Although at times we refer to specifications involving the
less restrictive CES aggregator, we therefore present the main estimation equations
imposing the Cobb-Douglas labor aggregator. In this case, the empirical version of the
(log) production function based on (5) with Lj;; replaced by its estimate fjht from
is

H
In th = g anjt +ar Z v In L]ht + Ppjt- (16)
h=1

Difficulties in estimating production function parameters are well known: Firm-level
inputs Kj; and Lj; are likely to be chosen by the firm in response to realizations of
TFP pj;. Dealing with this issue requires imposing some structure. We consider TFP
processes on the following form:

Assumption A2 The TFP process is pjy = p;j + vjs where vy = qvj;_q + e’ , with E[s?t] =0

jt
forall j, t and E[s?ts?s] = 0forall jand s # t.

This allows for both a time-invariant firm fixed effect p; and an AR(1) component

that may be more or less persistent, depending on the value of #. The TFP innovations

p

gj; are idiosyncratic, and if 7 = 0 they are purely transitory.

With respect to the timing of events in the model, we adhere to the following struc-

ture (consistent with the dynamic environment described in Section [2): The TFP in-
p
jt
across firms, and investments in capital are made. Given the set of (potential) workers

novation ¢, is realized at the beginning of period t. Following this, labor reallocates
available after labor reallocation, the firm now negotiates wage contracts in accordance
with the procedure outlined in Section[2] Finally, production takes place and payments
are made. Hence, from an econometric point of view, labor and capital are both po-
tentially endogenous, i.e., correlated with contemporaneous TFP innovations. We did
consider variations with capital predetermined, i.e., orthogonal to contemporaneous
TFP innovations, and our results did not change much, but our empirical analysis
nonetheless favored specifications with both capital and labor endogenous.

Besides the timing assumption, we do not impose further restrictions on labor re-
allocations. In particular, we do not assume that firms attain the optimal labor input
combination: Although they condition hiring and separation decisions on current TFP
innovations, labor market frictions imply that reallocation is imperfect and sluggish.

Assumption |A2] allows quasi-differencing the production function to express the
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unobserved TFP innovations as functions of data and unknown parameters,

ef(6,p;) =InYj; —yInYj 1 —axInKj; +nax InKjr

H

H
—ar Y ypInLpy +nap Y ypInLpe 1 — (1—1y)p;, (17)
h=1 h=1

where 6 = (ag, xr, Y1, YH, 1)

Using and the assumed timing of events we can construct orthogonality condi-
tions that can be used to identify and estimate the production function parameters via
GMM. Indeed, restricting p; = p, we have E [s?t((?, p)th} = 0, where Z; is a vector of
instrumental variables in the information set at t — 1. If instead all Pis j=1,...,], are
left free, the standard procedure would be to difference once more and consider
conditions of the form E [Aeft(e)z]-t] = 0, where Ae?t(O, pj) = eft - eft_l = As;.’t((?)
depends on data and 6, only, and Zj; in this case is a vector of instrumental variables

in the information set at t — 2. The levels version nevertheless remains a relevant
p
jt
across firms allows capturing much the same empirical features in the data as sepa-

specification because AR(1) persistence (7 > 0) with separate TFP innovations &

rate fixed effects p;. The approach of quasi-differencing to isolate exogenous variation
follows the dynamic panel data literature, see, e.g., Holtz-Eakin, Newey, and Rosen
(1988), |Arellano and Bond| (1991) and Blundell and Bond| (1998). Olley and Pakes
(1996), |Levinsohn and Petrin (2003), Ackerberg, Caves, and Frazer|(2006) and Gandhi,
Navarro, and Rivers (2011) present alternative ways of dealing with endogenous in-
puts in production functions.

In our empirical work, we “collapse” the system of orthogonality conditions by av-
eraging across firms and time. Thus, our implementation of the conditions E [s?t (0, p)th] =
0 reads

1 ] T »
M Z Z e(0,p)Z;; =0, (18)
j=1t=2

with M = 2]1:1 T; and T; the number of time periods available for firm ] Averaging
only across firms would yield one such vector of moment restrictions for each time
period and thus a large number of over-identifying restrictions, a strategy we do not
pursue (see Roodman| (2009) on problems with instrumental variables proliferation
under such an approach).

We consider instrumentation by lagged endogenous variables in levels. Both labor
and capital are treated as endogenous, and when p; = p is imposed, Z;; contains
functions of InKj; 1, InL;; 1, and InYj; ;. Notice that these instruments are valid

even if capital and labor inputs are in fact predetermined. We use the minimum valid

21To avoid clutter, it is suppressed in this notation that the panel is unbalanced, with gaps in many
firm level time series.
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lag order only in order to maximize both the size of the data set used, and the power of
the instruments. When pj is left free and the moment conditions involve Ae?t(Q), one
observation per firm is lost, and we construct Z;; by lagging the endogenous variables
twice. The exact elements in the vector of instrumental variables are specified when

we present the empirical results below.

42,1 Results

For purposes of testing down from a more general specification in our empirical work,
we consider a constant elasticity of substitution (CES) labor aggregator, (Zle ’Yhi;)h t)l/ e,
with elasticity of substitution between occupations of € = 1/(1 — p). Thus, our most

general production function specification is
lant = “Kanjt + ?ln hzl’)/hL].ht —|—p]'t, (19)

with augmented accordingly. The log linear, or Cobb-Douglas, labor aggregator
special case corresponds to the testable null of unit elasticity, e = 1 (i.e.,, p = 0). The
CES labor aggregator is consistent with the theoretical framework developed in Sec-
tion |2, but does not in general deliver a simple closed form solution for the piece rate

wage equation, unless workers’ bargaining power is the same across occupations.

Least squares estimation We start with a brief presentation of estimates obtained

from least squares estimation of the production function. This naive empirical strat-
p
jt’
imposes pjy = p + S;}t, i.e., 7 = 0. It is included here for comparison purposes.

egy treats capital and labor inputs as orthogonal to the TFP innovation ¢’,, and also

With CES labor aggregator, the production function is nonlinear in parame-
ters (in particular, p) and is estimated by Nonlinear Least Squares (NLS). With Cobb-
Douglas labor aggregator, it is given as (16)), amenable to estimation by ordinary (lin-
ear) regression (OLS). Estimates pertaining to both specifications are presented in Ta-
ble [/, Here, we leave the returns to scale in capital and aggregate labor input unre-
stricted, i.e. ax + &7 need not be unity.

In the bottom panel of Table [7/| we report the p-values from F-tests of the restric-
tions € = 1 (pcp), ax + a1, = 1 (pcrrs), and the joint hypothesis € = 1 and ax +ap =1
(pcp+crrs)- The tests involving the restriction € = 1 are only relevant for the spec-
ification with a CES labor aggregator. Empirically, we find that € often approaches
infinity, preventing us from computing the tests on € in all industries except Whole-
sale & Retail Trade. In this case we cannot reject ¢ = 1 and ag + a; = 1. Moreover,
at a 5% significance level we only reject a constant returns to scale technology in Real

Estate, Renting & Business Activities, where nonetheless ax + a; = .94. Numerically,
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we found that the NLS objective functions were rather flat in p, and that ax and ar
were quite insensitive to this.

Clearly, € is not well identified in this NLS specification, and we focus attention on
the columns imposing € = 1 (estimated and labeled by OLS in Table [7). Overall, the
parameter estimates appear reasonable. Across industries, Wholesale & Retail Trade
gets the lowest point estimate of ak, the capital input elasticity, at .08, with the high-
est, at .16, in Transport, Storage & Communications, consistent with these industries
having the lowest respectively the highest correlation between labor productivity and
capital intensity, see Table 5, The capital and overall labor input elasticity estimates
ag and ap, are relatively precisely estimated and sum to nearly unity in each indus-
try, indicating that the data are consistent with the constant returns to scale restriction
(the lowest p-value for this, again in Real Estate, Renting & Business Activities, is
4%). Throughout, the lowest of the four occupation-specific relative productivities is
that of Unskilled workers, 4. In Real Estate, Renting & Business Activities, the ;s
are ordered according to the standard education-skill hierarchy, with Managers high-
est, whereas in the other three industries, this ordering is reversed among the three
other occupations besides the Unskilled. In the unrestricted NLS estimation, the stan-
dard ordering is obtained in all industries, except that the two highest occupations are
switched in Manufacturing and the two lowest in Wholesale & Retail Trade. This sug-
gests that the reduction to Cobb-Douglas labor aggregator is not without issues, after
all, based on the least squares estimation.

GMM estimation We now turn attention to results of GMM estimation of the pro-
duction function parameters, relaxing the restrictions behind the NLS and OLS estima-
tion to allow for potentially endogenous capital and labor choices on the part of firms,
and allowing for 7 € (—1,1), i.e., potentially persistent firm-year effects in the TFP
processes. We restrict p; = p forall j = 1,2,...,]. Hence, our empirical orthogonality
conditions are exactly on the form (I8). Notice that the absence of time-invariant firm
fixed effects in the production function is perfectly consistent with an individual level
wage equation with time-invariant worker fixed effects and firm fixed effects that are
time-varying (in our model, due to firm-year effects in TFP, and changing input com-
position)@

Consider first the general case with a CES labor aggregator, and where the returns
to scale in capital and aggregated labor input is unrestricted. That is, the production
function is given by ([9). Recall that "I | ¢, = 1. Hence, in the CES case there are H +

3 parameters to be estimated in 6 = (ag, ar, 1, ..., YH, 14, 0)’. With four occupations in

22We also compared to estimates treating p j as free, replacing e;it by Aeft in the orthogonality condi-

tions and modifying Z;; accordingly. In these cases, we obtained much less stable results, inflated
standard errors, and unrealistically low estimated returns to scale in production.
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Table 7: Production Function Parameters—NLS and OLS Estimation

Transport, Real Estate,
Wholesale Storage & Renting &
Manu- & Retail Communi- Business
facturing Trade cations Activities

NLS OLS NLS OLS NLS OLS NLS OLS

KK 102 115 066 .082 152 155 124 113

(.007)  (.008) (012)  (.013) (.028)  (.026)  (.015)  (.018)

xr 910 .885 928 907 886 .875 .820 .827

(.010)  (.013) (020)  (.022) (.059) (.055)  (.024) (.031)

0e] 309 178 368 208 511 170 408 374

(019)  (.012) (035)  (.021) (.085) (.055) (.027)  (.030)

Y2 346 .239 300 291 202 290 260 274

(0.016)  (.012) (022)  (.020) (.049) (.056) (.029)  (.036)

Y3 177 453 154 341 193 428 197 197

(.006)  (.014) (017)  (.019) (.039) (.046) (.024)  (.030)

Y4 168 131 179 159 .093 111 134 156

(.007)  (.008) (016)  (.016) (.031)  (.040)  (.015)  (.026)

€ co 1.000 12.686 1.000 oo 1.000 oo 1.000

(13.592)

# observations 9,962 9962 2,332 2,332 408 408 1,288 1,288
pco — .390 — —

PCRTS 074  .966 682 496 360 438 .006 .040
PCD+CRTS - 674 - -

Note: The constant term is not reported.
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the data, we therefore estimate eight parameters in (6, p).

We employ an over-identified system of orthogonality conditions, treating both
labor and capital as endogenous. We use lagged endogenous variables as instru-
ments, but do not use lagging as a source of over-identification. Instead, we use 1,
InLj; 1, InKj;—1, InYj; 4, H,Ile InLjp1, InLj;—1-InYj; 1, and InKjy 1 - InYj 4 as in-
struments. With H = 4, this yields thirteen orthogonality conditions, and hence five
over-identifying restrictions. We consequently use a two-step GMM estimator, where
the first step is used for estimation of the optimal weight matrix, and report Hansen’s
J-test of validity of the over-identifying restrictions (Hansen, 1982).

Results appear in Table|8| columns (1), (3), (5) and (7) (first of two columns for each
industry). Parameter estimates are sensible, with capital input elasticities ax ranging
from .05 to .18, again with Wholesale & Retail Trade lowest and Transport, Storage &
Communications highest. In Manufacturing, the capital input elasticity is estimated
to .10. The GMM estimates of ag are slightly below the naive NLS estimates of Table[7}
except that for Transport, Storage & Communications. Taken together, the unrestricted
capital and aggregate labor input elasticities ax and «] indicate that the technology for
each industry is not far from constant returns to scale. The GMM estimates of the rela-
tive productivities of the different occupations, vy, h =1, ..., H, exhibit a clear pattern:
Managerial labor is more productive than Salaried labor, Salaried labor is more pro-
ductive than Skilled labor, etc. Asin the NLS estimation, there are only two exceptions:
Again, Managers and Salaried workers are switched in Manufacturing, and now the
Unskilled are not the least productive in Real Estate, Renting & Business Activities.
Point estimates of the elasticity of substitution between any two occupational labor
inputs, € = 1/(1 — p), are very imprecise and therefore vary considerably across in-
dustries. Finally, the AR(1) coefficient 1 from the firm level TFP processes is directly
estimated in the GMM procedure, and the estimates imply strong persistence, but not
unit roots, with # ranging from .65 in Transport, Storage & Communications to .81 in
Real Estate, Renting & Business Activities.

The lower panel of Table {8 report p-values for Hansen’s J-test (pj), and Wald tests
of the Cobb-Douglas labor aggregator restriction € = 1 (pcp), the constant returns to
scale restriction ax + a7 = 1 (pcrrs), and the joint Cobb-Douglas and CRTS hypoth-
esis, ¢ = 1 and ax +a; = 1 (pcprcrrs). At a 5% level, we cannot reject any of the
restrictions (validity of over-identifying restrictions, CRTS or Cobb-Douglas labor ag-
gregator) in any of the industries. This is in part because the elasticity of substitution
in the CES labor aggregator is poorly identified in our data, a finding that is consistent
with our naive least squares estimation in Table

Given the outcomes of the tests on the general model, we proceed to estimate a
production function imposing constant returns to scale and a Cobb-Doug]las labor ag-
gregator on a just-identified system of orthogonality conditions. We still treat both
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labor and capital as endogenous. Since p is no longer estimated, there are now seven
parameters in (6, p). The seven instruments used are 1, In Ljt—1,InKj;_1, and InYj; 1.
This is our preferred specification, in part because it represents the most parsimonious
use of parameters and instrumental variables consistent with the data@

Results are reported in Table 8, columns (2), (4), (6) and (8). In terms of the capital
input elasticities ag, the restrictions imposed lead to a strengthening of the observed
pattern, with the highest coefficient, again that in Transport, Storage & Communica-
tions, now even higher, at .20, and the lowest, still in Wholesale & Retail Trade, consid-
erably lower, now at .01. The estimate in Manufacturing is nearly unchanged, at .09.
As in the least squares case, the relative productivities implied by the Cobb-Douglas
labor aggregator are not as clearly ranked as in the more general model, except that
Skilled labor gets higher coefficients than Unskilled, 3 > <4, throughout. Indeed, it
also gets higher coefficients than Salaried labor, 3 > 79, i.e., a reversal among these
two types, compared to the expected outcome. Manufacturing and Wholesale & Retail
Trade exhibit the same pattern as in the OLS estimation, with the Unskilled least pro-
ductive and the three higher occupations in reverse order, with Skilled labor most pro-
ductive. In Transport, Storage & Communications, Skilled labor is similarly the most
productive type. The high estimated relative productivity per ability unit of Skilled
labor may be related to the fact that this category by the data definitions in the Danish
case consists of relatively highly specialized blue collar workers, whereas Salaried la-
bor consists of white color office workers in non-managerial positions, cf. Christensen,
Lentz, Mortensen, Neumann, and Werwatz (2005), and the reversal similarly matches
our findings below on the outside options by occupation.

With Cobb-Douglas labor aggregator and constant returns to scale imposed, the
estimated TFP process exhibits stronger persistence, with autocorrelation coefficients
ranging between .75 and .82, but still no unit root. The strong persistence implies
that some of the same empirical phenomena are picked up as if using permanent firm
effects (i.e., p; free).

Based on the tests carried out on the more general model and the fact that the pa-
rameter estimates appear reasonable, this production function, with constant returns
to scale and Cobb-Douglas labor aggregator, estimated on a just-identified system of
orthogonality conditions, constitutes our preferred specification. The remainder of
the analysis in this paper is carried out using these estimates (i.e. columns (2), (4), (6)
and (8) in Table [§). Note that the Cobb-Douglas case offers the additional benefit of
a closed form solutions for the firm wage equation, even when workers” bargaining
powers differ by occupation.

ZIn our specification search we also find that we get the most stable results with respect to both point
estimates and estimated standard errors using exactly identified systems.
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Table 8: Production Function Parameters—GMM Estimation

Transport, Real Estate,
Wholesale Storage & Renting &
Manu- & Retail Communi- Business
facturing Trade cations Activities

(1) ) 3) 4) (5) (6) (7) (8)

oK 096 .089 .053 .006 175 198 .120 .054

(013)  (.015)  (.030)  (.039) (.067)  (.077) (.034)  (.066)

oy 924 911 949 994 870  .802 .848 946

(022)  (.015)  (.056)  (.039) (181)  (.077) (.067)  (.066)

71 275 144 334  .066 424 016 440 417

(069)  (.052)  (.188)  (.167) (706)  (.605) (.094)  (.605p)

72 426 354 324 412 286  .014 168 130

(077)  (.054)  (.076)  (.122) (.304)  (1.001) (.200)  (1.453)

73 165 433 255 486 249 822 .155 281

(075)  (.036)  (200)  (.089)  (.313)  (.394) (.105)  (.484)

Ya 134 068  .087  .035 .040 .148 237 172

(.047)  (.040)  (.065)  (.086) (183)  (.512) (.088)  (.382)

€ 54778 1.000 1.886 1.000 10.886 1.000 164,154 1.000
(1375.2) (3.452) (170.07) (1.42x1010)

1 725 753 740 771 649 744 .812 .823

(015)  (.012)  (.022)  (.025) (.053)  (.152) (.037)  (.066)

# observations 8,521 8,521 1,907 1,907 335 335 1,058 1,058
P .060 .168 176 .055
pPcD .969 797 .954 1.000
PCRTS 121 941 714 516
PCD+CRTS 212 901 772 .804

Note: Constant term not reported. Columns (1), (3), (5) and (7) contain estimates obtained under
CES labor aggregator and unrestricted returns to scale in capital and aggregated labor. Columns
(2), (4), (6) and (8) contain estimates obtained under the more parsimonious specification with a
Cobb-Douglas labor aggregator and constant returns to scale in capital and aggregated labor. The
reported standard errors are not corrected for the first step estimation of individual abilities.
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4.3 Third Step: Firm Level Piece Rate Wage Functions

The third step of our procedure is the estimation of the firm-level occupation-specific
piece rate wage equations. These apply to piece rate wages and ability adjusted la-
bor inputs that are not directly observed in the data, but inferred from the individual
level wage equation as outlined above (see and (14)). To break the determinis-
tic link between piece rate wages and marginal productivity stipulated by the model,
thus making the model empirically implementable, we amend each piece rate wage

function with an error-term S?h ;- The piece rate wage equations based on (7)) then read

v Y,

P (20)

q)jht = (1 - :Bh)bh + iht’
1+, “L?klf—kﬁk Lipe ~J

for h = 1,2.., H, in the Cobb-Douglas labor aggregator case. Thus, the following as-
sumption on (8?1 pr e S(]PHt) is of interest:

Yt Yit
Lijpt” " Lig

Assumption A3 E [e‘fht| ] =0,forallj=1,..],h=1,.,Handt=1,..,T.

Under Assumption s‘fh ; may be interpreted as a tremble to the bargaining pro-
cess. Alternatively, it may be regarded as a reduced form residual, containing varia-
tion in piece rate wages that are left unexplained by our model. In either case, as we
infer the unobserved piece rate wages ¢j,; from the individual level wage equation
(see ), we may think of e‘fh ; as containing the estimation errors resulting from this
association, as well.

. . s . . P Y;
Given estimates of ability adjusted labor inputs, we may define 7 = E_]t for the

jht
purpose of estimation of the piece rate wage equations. The resulting system is linear

in levels (see (20)),
Pint = Yon + P1udjne + E?ht, h=1,..,H, (21)

and may under Assumption A3 be considered as a seemingly unrelated regressions
system (Zellner, 1962). Our structural model implies specific structure on the reduced
form parameters ({1, . .., 1) in terms of the structural parameters, namely, the out-
side options by, ...,by and the bargaining power parameters f,..., Bg. Thus, upon
estimation of the 2H reduced form parameters, the structural parameters may be re-

covered as

= Vi 4 p = Yo -
RN v T R C R P 22)

Bn

for h =1, ..., H, given estimates of the production function parameters («r,v1, ..., YH)
from the second step.
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To assess the uncertainty about the structural parameter estimates, we might in
principle calculate standard errors using the delta-method, thus accounting for error
stemming from ‘C’;Pht (trembles, sampling error, estimation error in piece rates) in the
estimation of the reduced form, and transformation from reduced form to structural
parameters. Such an assessment would require a further fitted regressor adjustment,
along the lines of Pagan (1984), since the ability adjusted labor input vectors f]-t and
hence 7j,; in are estimates from the first step analysis. However, because these
estimates depend non-linearly on coefficients from the individual level wage equation,
and because the estimates from the second step of («r,y1,...,vH) in depend on
f]'t, too, the exact form of the adjustment would be complicated. Further, any errors-in-
variable problem and resulting violation of Assumption A3 would induce attenuation
bias toward zero in 15, and thus potentially fy,.

Allin all, uncertainty in 7 is likely to dominate that stemming from S(]Ph , and esti-
mation of («r,y1,...,vH) since we really use population data, so we consider instead
reverse regression,

Gine = Bon + Oujue + €y h =1, H,

following, e.g., Friedman and Schwartz (1982). Reverse regression estimates of gy,
and 1y, are then given by ¢, = —2% and ¢, = =-. The true values of the reduced
1h

form parameters belong to the intervals within the Frisch bounds given by

Var(s‘ph ) Var(? )

ht
Yon € | Yo — Y1, E [9jnt] M Won + Y1nE [qine] !
wE g Var(qjn)’ ! Var(qjn) + Var(ﬁ;l.’ht)

and ’
nt) Var(:s]ht)

Vi
Pin € | Y — Y Vzriq )’ Y+ Wy, Var(qine)

7

forh =1,...,H. The lower and upper bounds on ¢, are consistently estimated by %h
and l//;gh, with r and d indicating reverse respectively direct regression, and the bounds
on ¢y, by ¢, and ﬂhWe report bounds on structural parameters by backing them
out at the reduced form bounds using the relations with interval midpoints serv-
ing as point estimates.

24This form of the bounds is for error-ridden measurements qA]ht = qjnt + ujnr where gy is the true

variable, the measurement error u;,; is uncorrelated with g;,; and ¢? , and all variables are treated as

jht’
uncorrelated across equations & for simplicity. The consistency result extends to more general forms of
the bounds than those exhibited, e.g., for correlation across equations, |Leamer| (1987), although more
complicated cases require modified estimators, e.g., if Ujnt and e?h , are correlated, Krasker and Pratt

(1986).
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4.3.1 Results

Estimates of the structural parameters of the piece rate wage functions are reported in
Table 9] Generally, the reported ranges for the bargaining powers p; are compatible
with those reported in other relevant studies (e.g., (Cahuc, Postel-Vinay, and Robin,
2006). By the point estimates, the received patterns are very clear. Within each in-
dustry, the outside options (per unit of ability adjusted labor supply) b;, are ordered
according to the usual education-skill hierarchy, except that they are slightly better
for Skilled than for Salaried workers. This is consistent with our results on the rela-
tive productivities in the production function estimation above, and the findings by
Christensen, Lentz, Mortensen, Neumann, and Werwatz (2005) that Skilled workers
face lower search costs than Salaried workers, possibly because these relatively highly
specialized blue collar workers participate in well connected occupational networks.
In fact, from Table 9} in the two largest industries, Manufacturing and Wholesale &
Retail Trade, the outside options of Salaried workers are hardly any better than those
of the Unskilled, and the bargaining power B, of Salaried workers is indeed the low-
est across occupations—point estimates at .22 and .13, respectively. The two other
industries have fewer but larger firms, and here, Managers and Salaried workers have
higher bargaining power than the other groups, possibly in excess of .5 for both occu-
pations within Transport, Storage & Communications, based on the bounds.
Comparing across industries, workers in Manufacturing have bargaining powers
between those of workers in the same occupation in other industries, the exception
again being Skilled labor, with B3 considerably higher in Manufacturing than in other
industries. In terms of outside options, those in Wholesale & Retail Trade dominate
those in Manufacturing, and also those in Transport, Storage & Communications, ex-
cept that here, Managers find the best outside options across industries. The last in-
dustry, Real Estate, Renting & Business Activities, offers very favorable outside op-
tions, the best of all for Skilled and Salaried workers, and the second-best for Man-
agers. Again, this is the pattern by point estimates. The bounds do have bite, though:
Throughout, they rule out that workers have all the bargaining power (8, = 1), and in
most cases, they also rule out zero bargaining power or outside option. They also rule
out, e.g., that blue collar (Skilled and Unskilled) workers in Transport, Storage & Com-
munications have as high bargaining power as Managers—intervals do not overlap.
Less formal comparisons reveal that these blue collar workers by the Frisch bounds
cannot be facing as favorable outside options as those indicated by the point estimate
for Managers in the same industry. The same is true in Real Estate, Renting & Business
Activities, whereas the bounds contain all the point estimates when looking across in-
dustries within each occupation, Skilled workers in Real Estate, Renting & Business

Activities being the only exception. In this sense, market opportunities are more simi-
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Table 9: Piece Rate Wage Function Parameters

Transport, Real Estate,
Wholesale Storage &  Renting &

Manu- & Retail Communi- Business
facturing Trade cations  Activities
Managers
Bargaining power .308 373 .608 .093
& &P i [.019,.596] [.047,.699) [.356,.861] [.007,.180]
Outside option by 158.4 171.2 214.3 208.6
[0.0,316.8] 0.0,342.4] [0.0,428.7] [115.2,302.0]
Salaried workers
Bargaining power 219 131 485 241
& &P p2 [.002,.435] [.001,.261] [.063,.906] [.015,.466]
Outside option by 116.0 128.6 115.1 168.7
[0.0,232.0] [10.8,246.4] [0.0,230.2] [86.9,250.6]
Skilled workers
Bargaining power .363 .139 .051 .071
& &P ps [.006,.720] [.006,.272] [.003,.100] [.012,.130]
Outside option b3 120.7 132.3 128.2 173.5
[51.2,190.3] [88.9,175.7] [95.6,160.8] [143.6,203.5]
Unskilled workers
Bargaining power 287 365 141 .070
& &P P [.015,.560] [117,.613] [.000,.281] [.010,.133]
Outside option by 115.7 127.2 77.6 107.7
[53.5,177.8) [67.1,187.2] [0.0,155.2] [32.4,183.1]

Note: The reported estimates are conditional on the production function parameter esti-
mates reported in columns (2), (4), (6) and (8) in Table Numbers presented in square
brackets are bounds obtained using reverse regression techniques.

lar within occupation than within industry, especially for higher occupations.

5 Dispersion and Misallocation

Observed (i.e. non-ability adjusted) average labor productivity and firm-level average
wages vary considerably and are strongly postively correlated between firms, within
industries. See Figures(Iand 2} and Tables [d]and [5 for documentation. These observa-
tions may reflect either labor input heterogeneity, or factor misallocation, i.e. disper-
sion in marginal products across firms@ Our estimated model gives rise to a novel
set of measurements on this issue. We first consider the distribution of average labor
productivity, and then wages.

If dispersion in observed average labor productivity reflects misallocation of pro-

We remind the reader that throughout this paper we measure marginal products in value terms.
We focus our analysis on labor inputs as we have detailed measures of labor input quality (individual
ability and occupation) and on labor compensation. Such measurements are not available for capital
input.
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duction factors, including labor, there is scope for output enhancing (labor) reallo-
cation. This motivates our analysis of the distribution of average labor productiv-
ity. Modern labor markets are characterized by large flows of workers between labor
market states and jobs, the Danish labor market being no exception [REFERENCE
HERE?]. However, labor market flows are necessary, but not sufficient, to realize ef-
ficiency gains through reallocation. To enhance efficiency, flows must direct workers
towards firms with high marginal productivity. Labor flows and the resulting real-
loction is a product of workers” job search, which, at least to a first approximation,
is motivated by aspirations for higher wages. Hence, labor flows are more likely to
be efficiency enhancing if wages, or more specifically in the context of our model, the
firm-specific price of human capital, is closely linked to the firm’s marginal product of

labor. This motivates our analysis of firm-level wages.

5.1 Productivity Dispersion

It is natural to measure labor input heterogeneity at the firm level using the average

*

L
labor input per worker, - where

H
Ly = I L]"Z't (23)
h=1

is aggregate ability adjusted labor input. We consider the following Variance covariance

decomposition of observed log average labor productivity In ;\/,] ln + In 2 L :

Y Yy Ly
Var [ In -2 = Cov | In-L ,In i
( th) < Ni;" Nj

Labor input heterogeneity

K: Y
]t ]t ]ht
+ XL Yn (24)
Ny’ L* 21 U L]ht])

(& J/
-

Y
+ Cov <lr1 ,In

Misallocation

The first term in (24) is variation in observed log average labor productivity arising

from labor input heterogeneity: Ceteris paribus, firms w1th hlgher per worker aggregate
L
labor input /- - has higher observed labor product1v1ty, . The second term is the vari-
ance in observed log labor productivity that would prevall with per worker aggregate
labor input equalized across firms, i.e. when there is no variation in N_]tt Our estimated
]
model features a homogenous of degree one Cobb-Douglas production function, and
h Yy K Lint Yi 1 o4 Y h )
ence, L—* = L* KKt + Zh 1 L* KL YhT— L ere, ocKK and xpyp— L are the margina

product1v1ties of capital and 0ccupat10n—h labor, respectlvely. An eff1c1ent allocation
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of productive resources equalizes these across firms, and also equalizes relative (to to-
tal labor input L]’ft) inputs, IZ—%, LLL%:, ey Li—?, across firms/?®| Hence, the second term in
captures the variation in observed log labor productivity that is accounted for by
misallocated production factors.

Table 10| reports the variance of observed log labor productivity, Var <ln Z{]—’;) , and
the percentage shares of labor input heterogeneity and factor misallocation in gener-
ating the observed varianceﬂ From Table [10[labor input heterogeneity account for at
most 26 percent of the dispersion in observed log average labor productivity. The de-
composition is quantitatively similar in Manufacturing Wholesale & Retail Trade, and
in Real Estate, Renting & Business Activities, where labor input hetereogeneity com-
prises about 22, 21 and 26 percent of the variance in observed average labor produc-
tivity, respectively. In Transport, Storage & Communications and Real Estate, Renting
& Business Activities, the contribution from labor input heterogeneity is small, but
negative, at about —9 percent. In this industry, firms with high observed average
labor productivity I{,—];employ a workforce with lower per worker ability ;—i The
limited role played by labor input heterogeneity implies that misallocation of pro-
duction factors is the primary reason for dispersion in observed (log) average labor
productivity, accounting for 78, 79, 109, and 74 percent of the variance in In Z,—f; across
firms. This finding is consistent with existing empirical results in (see e.g. Jorgen-
son, Gollop, and Fraumeni, 1987,Fox and Smeets, 2011, and [Irarrazabal, Moxnes, and
Ulltveit-Moe, 2010 as reviewed in our introduction) and with observations in Bartels-
man, Haltiwanger, and Scarpetta (2013, footnote 5), where an alternative, more robust,
labor producticity measure with some quality adjustment for labor input, and working
hours, is highly correlated with their basic measure of labor producticity, suggesting
a limited scope for labor heterogeneity in driving the distribution of observed labor
producticity, Z]—f;

Our preferred production function specification may be written as

Kj .
InYj = ag +oq<lnL—% +1In L, + vy (25)
]

26Let r and wy, be the competitive price of capital and occupation-h wage, respectively. Then, Kjt =
ché, Liw = DcL’th]—";, and L;"t _ “LthH}II_Izl (%)7’1. It follows that % = %Hlljﬂ (,thih) YTh and
Lint
L]’ft

2’This interpretation is strictly speaking only valid when both covariance terms in (24) are positive.

2Employing higher ability workers ceteris paribus leads to higher labor productivity in our frame-
work. However, there are multiple sources of productivity variation across firms (capital, labor and

TFP), and we cannot impose the ceferis paribus condition on the decomposition (24). Hence, a nega-

*

—Tn
=T H;Ijzl (’Yk%) , both of which are constant across firms.

. . Yt Ly . . . .
tive covariance between N—]t and N—]t is consistent with our framework and reflects confounding effects
j j

coming from capital inputs and TFP.
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Table 10: Log Labor Productivity Variance Decomposition—Labor Input Hetereogene-
ity versus TFP and Misallocation

Transport, Real Estate,
Wholesale  Storage & Renting &

Manu- & Retail Communi- Business

facturing Trade cations  Activities

Var (In ) 088 134 192 178
Labor input heterogeneity 21.9% 20.7% —9.4% 25.7%
Misallocation 78.1% 79.3% 109.4% 74.3%

Note: The decomposition is given by (24).

where L7, is given by (23), and vj = nvje_1 + e;]t. Using (25), we now dissect the esti-

mated (nondegenerate) distributions of log marginal products across firms. Consider
. . . Y . .

first the log marginal product of capital, ln(erK—jt). The production function (25) ad-

mits the following variance decomposition:

Y Y K
% n2\|=acC In-L, —In-L
M(nK]’t> xr ov(nKj ant

-

Capital-labor ratio

I th 1 th p
+nCov nF,vjt,l + Cov nE,sjt . (26)

It ]

TFP, persistent TFP, transitory

(. J/

TFP, total

The first term in is the variance in the marginal product of capital accounted
for by variation in capital-labor ratios across firms. Ceteris paribus, a firm with a high
capital-labor ratio, has a low marginal productivity of capital. Hence, dispersion in
capital-labor ratios translates into dispersion in marginal products. The second and
third terms in is the variance accounted for by TFP shocks. A positive TFP shock
increases productivity of all factors, including capital. If production factors do not
reallocate efficiently, TFP shocks generate dispersion in marginal products. Our spec-
ification allow us to consider separately transitory TFP shocks, and their cumulative,
or persistent, effect.

Consider next the log marginal product of labor in occupation &, In(« L’th—z). The
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following variance decomposition is of interest:

Y; Y; K; Y; L;
Var [ In -2~ | = agCov ( In —-,In —it +Cov [In—-, —In #
Ljpt Line™ Ly Ljpt Ly

Capital-labor ratio Labor composition
Yit Vit p
+nCov | In L_~'Vjt_1 + Cov | In L_.’Sjt . (27)
jht jht
TFP, pg;sistent TEP, tr;;sitory
TEP, total

The interpretations of the terms labeled capital-labor ratio, and TFP (persistent, tran-
sitory, and total) are analogous to similarly labeled terms in (26)). With H occupations,
labor composition across occupations matter. As employment is shifted towards oc-
cupation h, the marginal product of labor in occupation & diminishes. Hence, labor

composition matters: Dispersion in -+, the ratio of occupation- labor input Ljns to
jt

*
it

aggregate labor L%, generates dispersion in the marginal product of labor in occupa-
tion h.

It is important to note that the decompositions and should be interpreted
in an accounting sense, and not in a causal sense. Fundamentally, all variation in the
marginal product of capital arise from firms’ failure to adapt to TFP shocks. Notwith-
standing this issue, and are still of interest. On the one hand, if most of the
variation in marginal products is comprised of variation in capital-labor ratios and/or
labor composition as opposed to variation in TFP (again, in an accounting sense), it
indicates that firms respond to TFP shocks, but fail to reach the efficient input levels.
This is consistent with a situation where firms face no or relatively low fixed adjust-
ment costs on capital and/or labor, but where adjustment is imperfect, due to e.g.
search frictions or convex variable adjustment costs. On the other hand, if TFP shocks
accounts for most of the variation in marginal products, it indicates a lack of response
to the shocks, which is consistent with a situation where fixed adjustment costs are
relatively high.

Table [11| reports Var(In Ii—ﬁ), and Var(In %) for the four occupations, Managers
(h = 1), Salaried workers (h = 2), Skilled workers (h = 3), and Unskilled workers
(h = 4), as well as the contribution of the covariance components in and in
percent of the variance of the relevant log marginal product. The first panel in Table
consider dispersion in the log marginal product of capital according to (26). In an
accounting sense, we see that this dispersion is almost exclusively driven by differ-
ences in capital-labor ratios across firms, accounting for 93, 96, 88, and 97 percent in
Manufacturing, Wholesale and Retail Trade, Transport, Storage and Communications,

and Real Estate, Renting and Business Activities, respectively. TFP shocks therefore
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Table 11: Log Marginal Productivity Variance Decomposition

Transport, Real Estate,
Wholesale  Storage &  Renting &

Manu- & Retail Communi- Business
facturing Trade cations  Activities
. Yy

Capital, Var (In K-fﬂ) 944 1.314 2.439 2.802
Capital-labor ratio 92.5% 96.0% 87.6% 97.3%
TFP, total 7.5% 4.0% 12.4% 2.7%
TFP, 171/]'t_1 3.4% 9% 6.7% 7%
TFP, e?t 4.1% 3.1% 5.7% 2.0%
Managers, Var (In 1 ) 574 620 761 1.065

71t
Capital-labor ratio 3.9% 1% 3% 1.3%
Labor composition 77 2% 85.3% 104.8% 74.5%
TFP, total 18.9% 14.7% —5.1% 24.2%
TFP, nvjt 1 10.6% 7.4% —5.1% 14.9%
TFP, ¢/, 8.3% 7.3% 0% 9.3%
Salaried workers, Var (In ;) 458 774 944 768
Capital-labor ratio 4.6% 2% 1.9% 1.9%
Labor composition 63.4% 73.1% 114.0% 76.2%
TFP, total 32.0% 26.7% —15.9% 21.9%
TFP, nvjt 1 17.9% 16.1% —13.6% 14.4%
TFP, ), 14.1% 10.6% —2.3% 7.5%
Skilled workers, Var (In 2 ) 296 636 680 1.148
Capital-labor ratio 1.1% 0% 23.9% 1.6%
Labor composition 66.7% 67.8% 13.9% 71.4%
TFP, total 32.0% 32.2% 62.2% 27.0%
TFP, n7vjs 1 16.4% 19.1% 39.6% 18.8%
TFP, e?t 15.6% 13.1% 22.6% 8.2%
Unskilled workers, Var (In 2 ) 986 1.053 1.977 2.445
Capital-labor ratio 1% —.1% 6.7% 1.6%
Labor composition 95.9% 98.4% 76.9% 85.9%
TFP, total 4.0% 1.7% 16.4% 12.5%
TFP, nvjt 1 1.9% —.2% 9.9% 9.1%
TFP, ¢/, 2.1% 1.9% 6.5% 3.4%

Note: The decompositions are given by (26) for capital and (27) for labor and is based on the production
function estimates reported in columns (2), (4), (6) and (8) in Table
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accounts for very little of the variance in the marginal product of capital across firms,
namely 7, 4, 12, and 3 percent, respectively, in Manufacturing, Wholesale and Retail
Trade, Transport, Storage and Communications, and Real Estate, Renting and Business
Activities. In all industries, both transitory and persistent TFP induces dispersion in
the marginal product of capital.

Consider next the decompositions of the occupation-specific log marginal product
of labor in the second to the fifth panel in Table 11} according to (27). The decompo-
sitions are qualitatively similar across occupations. First, we see that heterogeneity in
capital-labor ratios, the main source of dispersion in the marginal product of capital,
contributes only little to dispersion in the marginal products of labor. The contribution
from this source of variation varies from a slight negative contribution at —.1 percent,
for Unskilled workers in Wholesale & Retail Trade to a high 24 percent for Skilled
workers in Transport, Storage & Communications@ However, the latter number is
a distinct outlier, with the second highest contribution being 7 percent for Unskilled
workers in Transport, Storage & Communications, and the third higest being 4 percent
for Managers in Manufacturing.

Instead, labor composition accounts for the largest share of the dispersion in marginal
products of labor across firms. This is true for all occupations and in all industries,
except for Skilled workers in Transport, Storage & Communications, where TFP vari-
ation (TFP, total) is the main source. That one industry-occupation combination aside,
the shares of the variance in In % that the decompositions attribute to variation
in labor composition ranges between 63 percent (Salaried workers in Manufacturing)
and 114 percent (Salaried workers in Transport, Storage & Communications).

Finally, consider the role of TFP. Its total contribution to dispersion in marginal
product of labor, in general, across occupations and industries, clearly exceeds its
contribution to dispersion in the marginal product of capital. Apart from four out-
liers, Unskilled workers in Manufacturing, Managers and Salaried workers in Trans-
port, Storage & Communications, and Unskilled workers in Wholesale & Retail Trade
where TFDP, total contributes 4, —5, —16 and —.2 percent, respectively, TFP shocks ac-
counts for between 13 (Unskilled workers in Real Estate, Renting & Business Activ-
ities) and 62 percent (Skilled labor in Transport, Storage & Communications) of the
dispersion in log marginal products of occupation-specific labor. In general, TFP vari-
ation is the second-larges contributor to dispersion in marginal products of labor. TFP
shocks has both transitory and persistent effect on the dispersion, with the persistent
effects typically being slightly more important in magnitude.

2We reiterate that the decompositions in Tableshould not be interpreted in a causal sense. Higher
capital-labor ratios causes higher marginal products of labor. Hence, ceteris paribus, there is a positive
covariance between marginal products of labor and capital-labor ratios. The observed negative covari-
ance in the case of Unskilled workers in Wholesale & Retail Trade arise because we cannot impose the
ceteris paribus assumption in the decomposition.
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Summing up, in an accounting sense, according to and (27), the dispersion in
marginal products of capital comes almost exclusively from variation in capital-labor
ratios across firms, with very little direct effect from TFP shocks. This is consistent
with a situation where it is relatively cheap for firms to adjust their input choices in
response to TFP shocks, but it is difficult to get get it right, from an efficiency point of
view. With respect to dispersion of marginal products of labor, it turns out the labor
composition accounts for the lion’s share of the dispersion, with some direct, albeit
limited, role for TFP shocks. Again, this pattern is consistent with a situation where
there are relatively low fixed adjustment costs, but other types of frictions, or variable
adjustment costs, prevent the input markets from attaining the efficient allocation of

productive resources across firms.

5.2 Incentives for Labor Reallocations

Dispersion in marginal products of labor and rent sharing implies dispersion in the
price of human capital across firms. Hence, as already documented, wages here has a
firm-specific component. In our data, this component accounts for 3-20 percent of the
observed dispersion of wages across workers, see Table |6 While this suggests some
incentives are in place for efficient reallocation through job search, we now explcitly
quantify this incentive using the estimated model.

Since Inw;; = Injp; + Inay, + €5, with €, being idiosyncratic shocks to individual
abilities, cf. with j = J(i,t) and h = H(i, t), the expected wage gain for a worker
from reallocating from firm j to firm j" is In ¢4 — In ¢;+. Reproducing as

B
1By

L+ e,

Yi
In (Pjht =1In (1 — ,Bh)bh + “LthL_']ht + gj?ht (28)
]

. . . Y;
we see that this return depends on differences between the marginal products, aj vy, L_]htt
]

int and e‘]P,h " The errorterm was added

and ay 7y, %, and differences in the errorterms, &
in the empirical analysis and is intended to capture errors-in-variables arising from our
multi-step estimation procedure, and factors other than labor productivity influencing
the firm-level price of human capital, cf. Assumption|A3|and the accompanying dis-
cussion in section @] We are here seeking to isolate and quantify the incentives for
workers to seek out firms with high marginal product of labor, and it is appropriate

to hold the errorterm e(ji.),h ; constant in our computations. Accordingly, we fix s‘fh ; atits

expected value, i.e. we take S;Ph ;= O

30This discussion suggests an interest in quantifying how much of the variation in the piece rate
wages can be accounted for by differences in marginal products across firms, and how is left for the
residual. Notice however that our estimates of by, and B; are midpoints of intervals obtained using
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Now, let MPLglx) be the xth percentile in the firm-level distribution of marginal
products of occupation-i labor. Consider a worker’s expected wage return from mov-
ing from a firm with marginal product of labor at the Qth percentile (in the firm-level
distribution) to a firm where it is at the Pth percentile, assuming P > Q, and denote
this return R}’ (Q, P). From and the above discussion, we have

B
RY(Q,P) =1n | (1— By)by + o | MPLY
1+, XLYRT gy
[ B
“In |(1— Bp)by + =P mpPL9 | . (29)

1+yi, Démk%

These returns are easily computed from the estimated model. In Table[I2]we report
returns for inter-quartile mobility in the distribution of marginal products, i.e. we take
(P,Q) € {(25,75),(25,50), (50,75) }. The Table also reports the returns to reallocation

in marginal products, i.e.
RMPL(Q, P) = InMPL!") —In MPL{?, (30)

the log P/Q ratio of the marginal product of labor, zxL'yh%. Consider first the re-
turns in terms of marginal products (the first column for each industry in Table
We see that reallocating a worker from a firm on the 25th percentile to a firm on the
75th percentile, results in large productivity gains on the margin. Across occupations
and industries, the log 90/10 ratios range from 1.3 (skilled workers, Manufacturing)
to 4.1 (Unskilled workers, Real Estate, Renting & Business Activities). Hence, moving
a worker from a firm on the 10th percentile to one on the 90th percentile, would in
general more than double the worker’s marginal product, in some cases much more.
Looking within industries, between occupations, we see that the largest gains from re-
alloction, in terms of marginal products, appear among Unskilled workers. No single
occupation stands out as having the smallest gains from reallocation. In Manufactur-
ing, it is among Skilled workers, in Wholesale & Retail Trade it is among Managers,
in Transport, Storage & Communications it is among Skilled workers, and finally, in
Real Estate, Renting & Business Activities it is among Salaried workers. Comparing
industries within the same occupation, we observe the smallest gains from marginal
realloctions in Manufacturing, followed by Wholesale & Retail Trade (with Salaried
workers being the exception). The largest gains appear in Real Estate, Renting & Busi-

reverse regression techniques. We can therefore not recover residuals with the relevant residual prop-
erties, i.e. uncorrelated with marginal products, L—/;t Indeed, any set of residuals obtained confounds
h

variation due to errors-in-variables and proper residual variation.
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ness Activities (with the exception being Salaried workers). Considering the gains
from reallocting a worker from a firm on the 10th percentile in the distribution of
marginal products to a firm on the 50th, and from a firm on the 50th to a firm on
the 90th, we note that, with some exceptions, the distribution of marginal products is
slightly skewed to the left, resulting in a long right tail. This makes the returns slightly
larger for transitions at the right tail, with (Q,P) = (50,90), as compared with tran-
sitions in the left tail, with (Q, P) = (10,50). Overall, while large in magnitude, the
reported returns to realloction in terms of marginal products, is another manifestation
of the fact, documented in the previous subsection, that marginal products exhibit
substantial dispersion across firms in our data.

What are the wage returns for workers from moving to firms with higher marginal
products? Looking at the second column for each industry in Table [12} and focusing
again on the gains from reallocating a worker from a firm on the 25th percentile to a
tirm on the 90th percentile, we also see large wage gains. Indeed, the returns range
between .5 (Skilled workers, Real Estate, Renting & Business Activities) and 1.5 (Un-
skilled workers, Wholesale & Retail Trade). Hence, on the margin, moving a worker
from firm on the 10th percentile in the distribution of marginal products, to one on the
90th percentile, lead to at least a 50 percent wage gain for that worker, and typically
more, depending on the occupation and industry considered. There is no clear pattern
as to which occupations fact the largest wage returns from realloction. In Manfactur-
ing and Wholesale & Retail Trade, it is Managers and Salaried workers. In Transport,
Storage & Communications and Real Estate, Renting & Business Activities it is Un-
skilled workers. Looking across industries, we see that the wage returns to realloca-
tion are largest in Manufacturing, the exception being Unskilled workers where the
return is highest in Transport, Storage & Communications and Real Estate. Overall,
the reported wage returns are large, and indicate that the market do provide strong
monetary incentives for workers to seek out employment in firms with high marginal
products.

We can put the wage returns in Table [12|in contexts by comparing them to esti-
mates of the return to education. This comparison is especially attractive in our setup,
as it relates directly to the different policy prescriptions associated with the distinc-
tion between wage and productivity dispersion generated from input heterogeneity
and misalloction that we have alluded to several times in this paper: If (labor) input
hetereogeneity were the main driver of observed wage and productivity dispersion,
schooling and training is likely to be output enhancing. If misallocation is the prime
driver, reallocation is likely to lead to growth. [WE NEED SOME NUMBERS HERE -
PERHAPS THERE IS A HANDBOOK CHAPTER WE CAN USE FOR SOME US NUM-
BERS, AND PERHAPS HELENA HAS SOME FOR THE CASE OF DK?]

Our framework has no predictions as to whether we should expect a positive, nega-
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Figure 5: Returns from Reallocation: Returns in Marginal Products against Return in
Wages

By Industry By Occupation
| @ J
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Note: The plotted numbers are also reported in Table

tive, or any relationship between the returns from realloctaion in terms marginal prod-
ucts and in terms of wages. Nonetheless, given our focus on the incentives put in place
in the labor market for workers to reallocate efficiently, the relationship between the
two returns in is interesting from a descriptive point of view. In Figure 5| we plot the
wage returns, (29), against the returns in marginal products, (30). We consider only the
return from reallocating a worker from a firm on the 10th percentile to a firm on the
90th percentile in the firm-level distribution of marginal products, i.e. we plot returns
for (Q, P) = (10,90) as reported in Table (12| In the left panel of Figure 5, we mark the
datapoint by industries, and in the right panel we mark them by occupations. Overall,
Figure5|reveals a positive relationship between the gains from reallocation in terms of
producticity and the associated wage gains. When grouping the data by industry, we
might still detect a positive relationship within each industry, even if this is based on
only four datapoints for each industry (see left panel of Figure[5). When grouping the
data by occupation (right panel of Figure |5) the picture is even murkier, even if one

might detect a negative relationships in most occupations.

5.3 Firm Level Wage Dispersion

Figure|l|documented considerable dispersion in firm level average wages. Our model
points to the effects of the quality (in terms of ability and composition) of a firm’s labor

force and of the productivity of the firm through rent sharing for understanding this
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phenomenon. From the piece rate wage equation (20), we obtain the firm level wage

Bk
_ L' H ht 2]?:1 XLYkT= Y
jt h= Jt T4+ Ygm1 ALYk7=p; jt

where g e =y, ]ht ]ht . As in (§), the first term, - Zh 1(1 = By)by - ]ht ,is the relevant

tirm level labor force quality measure, combining average ability i]—]t and composition
effects. The second term on the right hand side of is the rent sharing term, linear
in firm level labor productivity. The two are not independent, since a firm that hires
more productive workers thereby obtains higher labor productivity. They are not per-
fectly correlated, either, since our productivity decomposition has revealed that high
productivity may reflect other things than a high quality work force, in particular, TFP
and capital intensity. The third term on the right hand side of represents variation
in firm wages that are unexplained by our model.

The firm level wage equation thus gives rise to the decomposition of firm level

wage dispersion

H

Lit L
Var(w (1 — By)b,Cov | wy, L.
]t h:l ﬁh h ( jt N]t th>

Labor force quality

Y ap el Yy
X ; 1 ﬁgk Cov w]t,N —i—Cov(w]t, ;P) (32)
1+ D‘L')’k_l_l;k jt

[\ J/

Rent sharing Residual

into H occupation-specific labor force quality contributions, the contribution to firm
wage dispersion from productivity dispersion through rent sharing, and a residual
term.

Table [13| reports the variance decompositions. The numbers in the top portion of
the table are based on the structural parameters from Table [§| (columns 2, 4, 6, and 8)
for the production function parameters («r, 1, ..., v4) from the second step and Table
9 for the piece rate wage function parameters (1, b1, ..., B, bs) from the third step of
our estimation procedure. In Manufacturing, rent sharing accounts for 33 percent of
the observed variance in firm wages, and differences in labor quality for 12 percent.
The portion of cross firm wage dispersion accounted for by labor force quality and
rent sharing taken together, at 45 percent, is quite substantial, e.g., in comparison with
the low R2s common in worker level wage regressions, where observable character-
istics that are supposed to account for productivity differences typically explain no

more than 30 percent of the variation, cf. Mortensen (2003). In the other three indus-
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Table 13: Firm Wage Variance Decomposition

Transport, Real Estate,

Wholesale Storage &  Renting &

Manu- & Retail Communi- Business

facturing Trade cations Activities

Var(wj;) 951.5 1,965.8 890.6 3,874.6
Relative contributions, structural parameters

Labor force quality 120 146 —.139 016

Managers 114 117 056 425

Salaried workers 110 264 079 .081

Skilled workers —.039 —.183 —.155 —.251

Unskilled workers —.066 —.052 —.120 —.238

Rent sharing 330 207 309 129

Residual .550 .646 .830 .855
Relative contributions, projection parameters

Labor force quality 172 481 054 411

Managers 075 207 016 220

Salaried workes 073 .350 016 012

Skilled workers .001 —.066 .009 074

Unskilled workers 022 —.009 013 105

Rent sharing 120 .097 237 105

Residual 709 422 709 484

Note: The decomposition is given by (32).
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tries, rent sharing similarly accounts for a greater share of firm wage variance than
differences in labor force quality, although the two together account for less than in
Manufacturing. As in the decomposition of labor productivity dispersion in Table ??,
some negative contributions appear when disaggregating labor force quality by occu-
pation, reflecting that shifting the labor force composition toward lower occupations
reduces average wage, the effect again being sufficiently strong in the smallest indus-
try, Transport, Storage & Communications, for the overall contribution of labor force
quality to turn out negative.

The linearity of firm wage wj; in (LN’—j:, ceey %j:, Z]—’;) in suggests an interest in the
alternative decomposition obtained simply by projecting wages on this set of five vari-
ables, as consistent with Assumption A3. The bottom portion of Table[13|presents such
alternative decompositions, using regression coefficients instead of structural param-
eter estimates in (32). In Manufacturing and Transport, Storage & Communications,
the contributions from dispersion in labor force quality and rent sharing together now
account for about 30 percent of the observed variation in firm wages. In the other two
industries, this figure exceeds 50 percent. Compared to the structural decompositions,
the fraction of variance accounted for increases in all industries except Manufacturing.
Within the portion accounted for, the fraction due to differences in labor force quality
is 59 percent in Manufacturing, with 41 percent due to the rent sharing effect. In the
other industries, these fractions are 83, 19, and 65 percent for labor force quality, and
17, 81, and 35 for rent sharing. In the first three industries, most of the wage varia-
tion attributed to labor force quality is due to Managers and Salaried labor. In the last
industry, Real Estate, Renting & Business Activities, Managers also contribute most,
although in this case Salaried labor the least, among the four occupations.

All in all, the results show that our model accounts for a relatively large portion
of firm wage variation, and that within this portion, both differences in the quality
of firms” work forces and the effect of productivity dispersion on wages through rent
sharing are important contributors. The structural parameters suggest that rent shar-
ing is more important than labor force quality differences for firm wage variation,
whereas the projection indicates that it is slightly less important. We take these results
as evidence that, even if the labor market is frictional and sustains intrinsic productiv-
ity differences across firms, it does direct labor search toward more productive use of

labor resources.

5.4 The Covariance Between Productivity and Wages

The final set of decomposition results relates to the covariance between productivity
and wages (see Figure2). Our model embeds two mutually consistent explanations of
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the observed positive relation. From (31)), it follows that

Yt H Lit Lt Yjr
Cov @, L | = 2(1 — Bp)byCov <_f L A
( ] fo) = Nji  Ljt"Nj

J/

Labor force quality

H Br
n Zk:1 XLk 1—Bk Var <ﬁ> + Cov (E(l;, ﬁ) . (33)
1+, ocﬂk% Nj " A

] ]

(. S .

Rent sharing Residual

The first term on the right hand side of represents the covariance between wages
and average productivity that is induced by ability and compositional differences in
the workforce across firms: If more productive firms have higher quality work forces,
they also pay higher wages. The second term on the right hand side of arises out
of rent sharing. If average productivity is distributed across firms, rent sharing implies
that more productive firms pay higher wages, irrespective of the quality of their labor
force.

Table [14| reports the covariance decompositions. The reported shares are all rela-

tive to Cov (wﬁ, %) As in the previous table, the top portion is based on structural
parameter estimates, and the bottom portion on a projection, implying that in the lat-
ter, the final term on the right hand side of vanishes identically by construction.
Based on the structural estimates, rent sharing accounts for 72 percent or more of the
covariance between firm wage and labor productivity in all industries, and differences
in labor force quality account for 16 percent or less. The projection decomposition im-
plies that in Manufacturing, the rent sharing effect comprises 75 percent and labor
force quality differences 25 percent of the covariance. In all but one industry, rent
sharing motives are behind more than half of the observed covariance. The exception
is Wholesale & Retail Trade, but even here, rent sharing does account for 44 percent
of the covariance between wage and productivity. Again, this share is higher in other
industries, e.g., 91 percent in Transport, Storage & Communications, and even higher
based on the structural parameters (top portion of Table[I4).

Within the share of the covariance due to labor force quality differences, the pattern
is the same as for total wage dispersion: The greatest portion is explained by differ-
ences in Management and Salaried labor in all four industries based on the structural
parameters, and in the first three industries based on the projection. In the last indus-
try, Real Estate, Renting & Business Activities, Management similarly contributes the
most toward the covariance, albeit Salaried labor the least, based on the projection.

The positive relation between firm-level wages and labor productivity observed in

Figure 2| thus derives to a large extent from rent sharing in a frictional labor market.
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Table 14: Decomposition of the Covariance Between Firm Wage and Labor Productiv-
ity

Transport, Real Estate,
Wholesale Storage &  Renting &

Manu- & Retail Communi- Business
facturing Trade cations  Activities

Coo (@, ) 1,101.4  2,451.8  3,5042  4,9629

Relative contributions, structural parameters:

Labor force quality 156 156 —.227 063
Managers 141 162 151 427
Salaried workers 199 287 046 .091
Skilled workers -.129 —.291 —.155 —.155
Unskilled workers —.055 —.002 —.269 —.300

Rent sharing 2.075 939 1.185 723

Residual —1.232 —.095 042 213

Relative contributions, projection parameters:

Labor force quality 247 561 091 412
Managers 092 287 044 222
Salaried workers 132 .380 .009 013
Skilled workers 004 —.105 .009 045
Unskilled workers 018 —.0003 029 132

Rent sharing 753 439 909 588

Note: The decomposition is given by (33).
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Again, this is evidence that the labor market, albeit frictional, provides some incentives

for workers to reallocate from less to more productive firms.

6 Conclusion

We have studied a model for which differences in TFP, labor input quality, and capital
intensity as well as rent sharing are allowed to explain the observations that wage and
value added per worker are dispersed across firms, and that more productive firms
tend to pay higher wages. The investigation is motivated by the difference in policy
implications of the two alternative mechanisms behind the observations. If the ob-
served productivity and wage dispersion reflects differences in the composition and
quality of labor and capital inputs, then an increased growth target calls for invest-
ment in education and skill upgrading. On the other hand, if there is intrinsic TFP
heterogeneity, then labor reallocation may generate growth, and if rents are shared,
the dispersion in productivity spills over into wages, and motivates job search as an
incentive for reallocation.

Estimating the model using detailed MEE data from Denmark, we find that TFP,
labor force quality, capital intensity, and rent sharing all play important roles in wage
and productivity dispersion. Labor force quality is measured using an appropriate
combination of ability through (occupation specific) worker fixed effects from the
wage equation and firm level occupational work force composition through occupa-
tion specific relative productivities or outside options and bargaining powers. From
our empirical results, a constant returns to scale production function with capital,
log linear aggregator over ability adjusted occupational labor inputs, and a persis-
tent stochastic TFP process is not rejected by the data. Most of the variation in labor
productivity in all industries considered is attributable to TFP differences, with only
smaller fractions associated with labor force quality and in most cases still smaller frac-
tions with capital intensity differentials. Within the portion of productivity dispersion
attributable to differences in labor force quality, firm differences in average ability of
workers employed are less important than differences in the occupational composition
of the labor force.

Regardless the source of average productivity dispersion, its presence generates
a rent sharing motive, implying that more productive firms pay higher wages. We
find that rent sharing exists and accounts for between 10 and 33 percent of the vari-
ation in firm level wages, depending on industry and estimation method—structural
versus projection. Differences in labor force quality accounts for less based on the
structural parameters, and for comparable fractions based on the alternative decom-

position. Overall, both rent sharing and labor force quality are important contributors.
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Further, rent sharing is the most important reason for the observed positive relation be-
tween firm wages and labor productivity, although labor force quality variation plays
a role, too. The portion of both wage dispersion and covariance with productivity ac-
counted for by labor force quality is driven mainly by the higher occupations in the
education-skill hierarchy. This is so even though the lower occupations exhibit in-
dividual level wage dispersion that is to a greater extent driven by piece rate wages
(tirm-year-occupation effects) and less by ability (worker-occupation effects) than for
higher occupations.

Altogether, our results show that observed cross firm productivity differentials to
a great extent reflect inherent firm differences, thus indicating a scope for productivity
improving worker reallocation between firms. Given our rich measurements of labor
quality and detailed information on labor compensation, our focus is on potential out-
put enhancing labor reallocations. The importance of rent sharing in generating wage
dispersion and the observed positive covariance between wages and labor productiv-
ity at the firm-level imply that the wage distribution to a considerable degree reflect
firm productivity differences. This provides at least some incentive for reallocation
through job search. That is, even if the labor market is frictional and sustains intrinsic
productivity differences across firms, it does direct labor search toward more efficient
use of labor resources.

Finally, one important caveat is in order. We mentioned earlier that our interpreta-
tion of worker fixed effects from the individual level wage regression is questionable
if a worker’s previous labor market search history affects the wage as in Postel-Vinay
and Robin! (2002). In this case, the worker fixed effects are likely to overstate the work-
ers’ productive human capital. As workers seek out firms that pay a premium and
are more likely to remain once one is found, their model is quite consistent with the
possibility that high wage firms have more workers with favorable search experience,
on the one hand, but that the firm labor input adjusted to reflect the measured fixed
effects has little impact on labor productivity, on the other. In our measurements, this
particular mechanism would imply an upward bias in the shares of the covariance
between firm wage and labor productivity attributable to rent sharing. Nevertheless,
given the magnitudes of our estimates, with shares at 75 percent or higher in Manu-
facturing, and other shares at 44 percent or higher, there is ample evidence that rent

sharing does play a role.
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