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Abstract

We combine four data sources to build a unique dataset that includes detailed

information about firms’ employment, the work history and wages of all their work-

ers, value added at a quarterly frequency and vacancy postings for, essentially, the

universe of Danish firms in 2002-2009. We estimate a statistical process with per-

manent and transitory shocks on value added. We find that permanent value added

shocks are significantly related to employment growth but transitory shocks are un-

correlated with employment growth, and similarly for the probability of posting a

vacancy. Permanent shocks affect employment growth both through the hiring and

the separation rate, and the effect on the poaching rate is two times greater than on

the transition rates to and from unemployment. Finally, we find that the effect of

permanent shocks on ability-weighed flows is twice as large as on unweighed flows.
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1 Introduction

The rates of job creation, job destruction and churning at the firm level are very high,

as numerous studies have documented, most prominently Davis, Haltiwanger and Schuh

(1996). Understanding the causes of this continuous job and worker reallocation is impor-

tant for many reasons, including identifying the sources of productivity growth, evaluating

worker welfare and designing appropriate labor market policies. However, while the lit-

erature has documented a wealth of findings about the evolution of a firm’s employment,

there is a relative dearth of evidence regarding other aspects of the firm’s operation, such

as output or value added, which are closely related to employment flows and, more im-

portantly, are key determinant of the aforementioned issues (productivity, worker welfare

etc.).

In this paper we combine four data sources from Denmark to create a unique dataset

that includes detailed information about, essentially, the universe of Danish firms in

2002-2009 regarding their employment, the work history and wages of all their workers

at any point in time, their value added at a quarterly level and their vacancy postings.

This dataset allows us to study the comovement between firm value and a number of

outcomes of interest, such as employment, hiring rates, separation rates, poaching rates,

ability-weighted employment flows and vacancy postings.

In terms of descriptive statistics, we find that value added is extremely volatile at

a quarterly frequency, with the median firm experiencing approximately 20% (positive

or negative) growth at an annual frequency and twice that at a quarterly frequency.

Furthermore, value added growth is three times more volatile than employment growth

and the two variables are somewhat weakly correlated, especially at high frequencies.

Specifically, the correlation between them is 0.29 and 0.08 at an annual and quarterly

frequency, respectively. The fact that value added is more volatile at a quarterly than an

annual frequency suggests that transitory shocks or measurement error are important at

higher frequencies, which informs our empirical strategy. Firm employment in our dataset

has approximately the same volatility as in the US, which suggests that the Danish labor
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market is flexible but within the range of other countries’ experience.

To further analyze our value added data, we estimate an empirical process for value

added which features transitory and permanent shocks, following Guiso, Pistaferri and

Schivardi (2005). Our model fits the data well. We find that transitory shocks are three

times more volatile than permanent shocks, thereby accounting for the majority of value

added volatility.

We then relate the permanent and transitory value added shocks to various labor

market outcomes at the firm level. We find that permanent shocks to value added are

significantly related to employment growth and a 1 standard deviation permanent shock

leads to 5.4 percentage points (20% of standard deviation) increase in the employment

growth rate. By contrast, transitory shocks have no significant effect on employment

growth. Additionally, we find that permanent shocks are positively and significantly

related to the probability of posting a vacancy while transitory shocks are uncorrelated

with vacancy postings. These result suggest that, though transitory value added shocks

are indeed very noisy, the estimated permanent shocks appear to capture actual shocks

that are faced by firms.

Next, we estimate the effect of permanent value added shocks separately on hiring

rates, separation rates and moves to/from unemployment or employment. A positive

(negative) permanent shock leads to higher (lower) employment growth through both an

increase (a reduction) in the hiring rate and a reduction (an increase) in the separation

rate, where the magnitude of the former is slightly larger. Decomposing hires by the

newly-hired worker’s previous status (employed or unemployed), we find that the increase

in the EE hiring rate is three times larger than the increase in the UE hiring rate, after a

positive permanent shock. Similarly, the reduction in the EE separation rate is twice the

magnitude of the reduction in the EU separation rate. Therefore permanent value added

shocks affect employment growth mostly through the EE margin, rather than the UE/EU

margin. This finding is consistent with a wage-ladder model where, after a positive shock,

the firm improves its rank in the distribution of firms and, hence, poaches workers from

a larger set of competitors and is poached from a smaller set.
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For our final exercise we run an AKM-type regression on the firm-worker panel and

interpret the worker fixed effect as a measure of ability. We then weigh all the worker

flows using the estimated worker abilities and repeat our previous exercises using ability-

weighed worker flows. We find that the effect of a permanent value added shock on

ability-weighed hiring and separation rates is almost twice as large than on the unweighed

rates. In other words, high-ability workers are affected by permanent value added shocks

to a much larger extent than low-ability workers. As a result, focusing on the number of

workers who are reallocated seriously underestimated the reallocation of productive ca-

pacity, which is properly measured by appropriately controlling for the type composition

of movers and stayers.

The rest of the paper is organized as follows. Section 2 describes the data sources and

presents some summary statistics. Section 3 presents the empirical model and estimates

the value added process. Section 4 presents the main results. Section 5 concludes.

2 Data

The empirical analysis is based on a comprehensive quarterly panel of all Danish firms

with employment covering the period 2002Q1-2009Q4. The firm-panel is constructed

from a number of Danish administrative worker- and firm-level databases, including a

comprehensive matched employer-employee panel. The use of worker-level matched em-

ployer data allow us to construct ability-weighted measures of employment stocks and

flows at the firm-level. This section briefly describes each of the data sources that goes

into the construction of the final firm-level panel, documents the construction of the firm-

level panel, and the selection of the analysis data. We end this section with some basic

summary and descriptive statistics of the analysis panel.

2.1 Data sources

The analysis data is constructed from four sources: Individual-level labor market spell

data, firm-level IDA data, firm-level administrative Value Added Tax (VAT) accounts,
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and a novel firm-level panel with data on vacancy postings. These data sources are

merged by way of individual- and firm-identifiers. Individuals are identified via the social

security number (CPR-number) issued to everyone residing legally in Denmark. The

social security number is unique to the individual and does not change over time. The

firm identifers is constructed from firm identifiers found in the Danish Central Business

Registry (the CVR) and Stamregistret for Erhvervsdrivende (the SE-registry).1

2.1.1 Individual-level labor market spells

The spell data contains individual job and non-employment spells. Information on job

spells is available for the period January 1st, 1985 to December 31st, 2013 for all legal

residents in Denmark aged 15-74, and is constructed by combining a large number of

administrative registers.2 The unit of observation in the labor market spell data is a

person-spell-year. That is, a spell that stretches across three calendar years is represented

by three observations. A job spell is defined as a continuous period of primary employment

at a given firm, with duration measured in days.3 A job spell observation contains

information on worker and firm identifiers, start- and end-dates of the job, the annual

earnings pertaining to the job, as well as an estimate of the annual number of hours worked

in the job. From this we compute (an estimate of) the average annual wage rate for each

year in each job.4 Nonemployment spells are periods where no job spells are recorded.

We cannot distiguish between different types of nonemployment, although (using IDA-

1The CVR was established in 1999 and contains primary data on all businesses with economic activity
in Denmark, regardless of economic and organizational structure. The SE-registry was established in
1985 with the main function of identifying businesses vis-a-vis the tax authorities. At the introduction
of the CVR, a business entity were typcially assigned its SE-number as its new CVR-number. Using a
correspondence table provided by Statistics Denmark we confirm that, at any given point in time, an
SE-numbers is associated with only one CVR-number. A CVR-number may be associated with multiple
SE-numbers at a given point time. The firm ID we use is constructed as part of the labor market spell
data and is effectively a hybrid of the CVR- and SE-numbers. It is, however, most closely related to the
CVR-number.

2Henning Bunzel at Aarhus University has been instrumental in constructing the labor market spell
data.

3Primary attachment is evaluated calendar month by calendar month. For each individual in each
month, the primary employer is defined as the firm at which the individual works the highest number of
hours in the current and next two calendar months.

4Annual hours are estimated using information on mandatory pension contributions. Lund and Vejlin
(2015) develop and implement a procedure for computing annual hours in a job in the IDA data for the
period 1980-2007, primarily using information on mandatory pension contributions. This procedure is
adapted for the spell data with some minor simplifications.

5



information to be described below) we are able to discard observations pertaining to

periods where a worker is in formal education for our final analysis data.

As part of an initial clean-up of the spells data, we overwrite any nonemployment

spells shorter than 14 days between two job spells with different employers by back-

dating the startdate of the second job spell to the day after the enddate of the first job

spell. In cases where a worker ends an job spell at a firm, but returns after a period of

nonemployment of no more than 12 weeks, we overwrite the nonemployment spell and

instead record a single employment spell. These manipulations are intended to ensure

that recall-unemployment and job-to-job transitions where start- and enddates of the two

consecutive jobs do not line up perfectly are appropriately accounted for in the empirical

analysis.

2.1.2 IDA-S data

IDA-S contains annual information from public records on all physical workplaces in

Denmark. We retain information on which industry a workplace belongs, aggregating

IDA-S to the firm-level and defining a firm’s industry to be the industry-affiliation of its

largest physical workplace. Industry codes are measured using NACE codes. Our data

period is long enough to stretch across several versions of the NACE taxonomy. We use

an empirical correspondence table to recode earlier NACE 1.0 and NACE 1.1 codes to

the newer NACE 2.0 codes. The unit of observation in the aggregated IDA-S panel is

thus a firm-year.

2.1.3 VAT accounts

The VAT data is constructed from information on firms’ sales and purchases obtained

from administrative VAT accounts. Any firm operating in Denmark with revenue ex-

ceeding 50,000 Danish Kroner are legally obliged to obtain a VAT account with the tax

authorities. The VAT account is settled monthly, quarterly or annually depending on the

firm’s revenue. The VAT information is contained MOMM, a monthly panel starting in

January, 2001 and available up until December, 2012. We aggregate the monthly MOMM

6



information to an quarterly frequency. For firms that settle VAT accounts on an annual

frequency, the monthly information in MOMM are imputed by Statistics Denmark. We

retain an indicator for the frequency at which each firm settles their VAT accounts, and

use only firms that settle their VAT accounts either monthly or quarterly in the empirical

analysis. Hence, the final analysis data is not contaminated by the imputation. In this

way we construct a quarterly panel with data on sales and purchases for the period 1995-

2012 for the population of firms that settle VAT accounts at least quarterly. It turns out

this set of firms contains almost all Danish firms with employment.

2.1.4 Vacancy data

The vacancy datastands apart from the other data sources described above in that it is

not sourced from public registers. Instead, it is obtained from a major private Danish

online job board. The data made available to us covers the period June 1st, 2002 to

December 31st, 2009. We shall use the period Jan 1st, 2003 to December 31st, 2007.

The vacancy data of course included vacancies posted on this specific job board.

However, the company in question also operates a sophisticated search engine which

daily scans the Danish part of the World Wide Web for online job posting. This includes

ads in online newspapers, on individual firm’s web pages, other job boards, public job

centers, etc. The job board portal operated by this company is therefore “the place

to look” for jobs in Denmark, and a conservative estimate is that it covers more than

90% of the vacancies posted online in Denmark during the relevant period 2003-2007.5

Crucially, the job board that collects this data also operates a sophisticated algorithm to

detect identical ads posted at multiple (online) outlets.

The data made available to us contains, at a daily frequency, new vacancy postings.

Hence, we measure the vacancy inflow.6 The data is rich. Indeed, when extracting

online ads from other online outlets, the company’s search engine effectively retains all

text in the ad. As it turns out, a large fraction, about 60%, of all the ads contains the

firm’s CVR-number. This is because, as explained above, the CVR-number is the main

5Source: Personal communication with the director of the data provider.
6A vacancy is defined to be new if it is less than three weeks old when located.
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administrative identifier for a firm vis-a-vis its stakeholders. For example, the CVR-

number is often embedded in the company logo. Using this information, we are therefore

able to merge vacancy information at the firm level to the existing stock of Danish register

data, as described above. We are not aware of any other panel of vacancy postings at

the firm-level, and certainly none that can be matched to comprehensive administrative

records on both employers and employees.7

For the purpose of this paper, we have extracted the following information from the

raw (daily) vacancy data: Posting date, CVR-number (when available), and occupation.

8. We aggregate vacancy postings to a quarterly level, and merge the resulting monthly

firm-level vacancy posting panel to the firm-level employment panel.

2.2 Constructing a firm-level panel

Firm-level quarterly employment is obtained from the individual-level spell data. Prior to

aggregating the individual-level spell data to a firm-quarter level, we utilize the matched-

employer employee data structure and the available wage-information to estimate indi-

vidual ability-measures obtained as the worker fixed effects from a two-way (worker-firm)

fixed effect log-wage regression. These ability measures allow us to construct ability-

weighted firm-level employment, worker- and job-flows.

2.2.1 Estimating individual-level ability coefficients

Let i index individuals, and let j index firms. Furthermore, let J(i, t) = j if worker i is

employed in firm j at time t. Now, consider the following linear model of individual log

wages, lnwit:

lnwit = θi + ψJ(i,t) + εit, (1)

where θi is a worker specific effect, ψj(,i,t)’s are firm specific effects and εit is an i.i.d error

term. Our individual-level matched employer-employee data allow us to estimate the

each of the worker and firm effects using a dummy-variable regression, see e.g. Abowd,

7Vacancy data from the same source is used by Brodersen (2014). However, these authors do not
have information on the CVR-number of the posting firm, and have an altogether very different focus.

8Incorporating occupation information in the analysis is still to be completed.
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Kramarz and Margolis (1999).9 Notice that the dummy variable regression allow for

arbitrary correlation between worker and firm fixed effects, allowing for workers to sort

based on the measured firm fixed effect. We shall interpret the estimated fixed effect

for worker i θ̂i as a measure of worker i’s ability. In doing so, we normalize the average

ability in the individual-level spell data to unity.

2.2.2 Firm-level employment panel

Starting from the individual-level spell data, now containing a measure of worker-ability

as outlined above, we record the number of employees, hires and separations for each

firm for each quarter. Specifically, let Njt be the number of worker employed in firm j

at the onset of quarter t, let Hjt be the number of worker hired by firm j during quarter

t, and finally, let Sjt be the number of workers separated from firm j during quarter t.

A quarter-t hired worker is a worker on the payroll at the onset of quarter t, but not on

the payroll at the onset of quarter t − 1. Conversely, a quarter-t separated worker is a

worker who was on the payroll at the onset of quarter t− 1, but not on the payroll at the

onset of quarter t. That is, firm-level quarterly employment Njt has the following law of

motion:

Njt = Njt−1 +Hjt − Sjt. (2)

A hired worker was either hired from nonemployment (i.e. made an nonemployment-

to-job transition) or poached from another firm (i.e. made a job-to-job transition). Our

detailed worker labor market history data allow us to distinguish between these two

situations. Similarly, a separated worker either moved into nonemployment (making a

job-to-nonemployment transition) or were poached by another firm (making a job-to-job

transition). Hence, the following decompositions of Hjt and Sjt are given

Hjt = HNJ
jt +HJJ

jt (3)

Sjt = SJNjt + SJJjt , (4)

9The log-wage regression (1) is estimated on a yearly individual-level matched employer-employee
panel extracted from the spell data, including only individuals in employment on November 28th in each
year.
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where the NJ-superscripts denotes nonemployment-to-job transitions, the JJ-superscript

denotes job-to-job transitions, and the JN -superscripts denotes job-to-nonemployment

transitions.

Given the ability measure estimated from individual-level wage data, the law of motion

for employment (2), and the decompositions (3) and (4) can computed using “ability-

weighted” employment stocks and flows. Whether ability-weighted or not, we stress

that our measurement of quarterly firm-level employment dynamics is consistent with

individual level employment dynamics as measured from the individual-level spell data.

The firm-level panel contains (effectively) all firms with employment in Denmark during

the period 1985Q1-2012Q4

2.2.3 Background information on firms

We proceed to merge our firm-level employment data with background information on

the firms from IDA-S. This allow us to identify the industry in which each firm operates.

The IDA-S information is available only on an annual frequency (and is aggregated from

establishment-level information as detailed above), so in merging the quarterly firm-level

employment panel with the IDA-S data on industry-affiliation, we implicitly assume that

industry affiliation does not change within a calendar year. As we shall use industry-

information at the most aggregate level, this should not pose a problem.

Next, we merge the firm-level quarterly data to the VAT accounts using the firm IDs

available in both datasets. In doing so, we must restrict attention to the period 2002Q1 -

2012Q4 as quarterly VAT information is unavailable prior to 2002. Moreover, we restrict

attention to firms that settle VAT accounts at a monthly or quarterly frequency. As it

turns out, the regulations that govern the frequency at which firms settle VAT accounts

is such that virtually all firms with employment settle their accounts at least quarterly.

It follows that VAT data is available for virtually all firms in our firm-level employment

panel. The VAT data provides measurements on each firm’s sales and purchases, and

therefore allow us to estimate each firm’s value added at a quarterly level. The presence

of firm-level value added at a quarterly frequency for the population of firms is a unique
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Table 1: Analysis data summary statistics

Included Excluded

Value added per hour (DKK) 315 ($50) 272 ($43)

Average hourly wage (DKK) 199 ($32) 182 ($29)

Employment 38 7

Hiring rate, quarterly 14.2% 14.7%

Separation rate, quarterly 13.8% 19.8%

% total value added 75% 25%

% total employment 67% 33%

% total number of firms 15% 85%

Observations 657,290 1,836,953

feature of our data, and one that allow us to identify the firm-level shocks of interest.

Finally, we merge the quarterly vacancy data onto the firm-level employment panel,

again using a firm ID available in both datasets. The vacancy data is only available from

2002Q3 to 2009Q4.

2.3 Selecting the analysis data

Based on the 2002Q1 - 2012Q4 firm we consider only the period 2002Q3 to 2009Q4 for

which we observe both employment dynamics, we have firm background information,

including value added measurements, and vacancy information. In addition, we restrict

attention to the business sector, including publicly owned business firms. This selection

criteria excludes public education, health services, public administration, and defence.

Finally, the preliminary results presented here are based on the subsample of firms that,

at some point during period 2002Q3 to 2009Q4, posted a vacancy. Table 1 provides some

basic summary statistics on the analysis sample.

The two columns labeled “Included” and “Excluded” refers to the imposition of the

last sample selection criteria, namely the firm must have posted at least one (measured)

vacancy during 2002Q3 to 2009Q4. As is evident, this criteria leads to the loss of a

substantial number of firm-quarters. Note however, that we retain the majority of em-

ployment and value added, implying that the firms we lose are the very small firms. The
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Figure 1: Distribution of quarterly and annual growth rates of value added and employ-
ment
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average firm size in our analysis sample is 38, the average firms has an average hourly

value added of about DKK 315 and pays, on average, an hourly wage of DKK 199. The

average quarterly hiring and separation rates are close to identical at around 14% per

quarter, with the hiring rate slightly exceeding the separation rate.

Figure 1 shows the distribution of quarterly and annual value added growth rates (top

left and top right panel, respectively) and employment growth rates (bottom left and

bottom right panel, respectively). Table 2 tabulates the distribution of value added and

employment growth rates, and also provides the contemporaneous firm-level correlation

between value added growth and employment growth at quarterly frequency. Table 3

provies the same statistics, but on an annual frequency.

With respect to value added we note a substantial amount of variation. Indeed, in

our raw data, while not a common occurrence, there is a surprising amount of mass in
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Table 2: Quarterly value added and employment growth rates

∆yjt/y
∗
jt ∆njt/n

∗
jt

Average 0.012 0.004

Variance 0.500 0.105

10th percentile -0.888 -0.207

25th percentile -0.373 -0.057

50th percentile 0.017 0.000

75th percentile 0.401 0.074

90th percentile 0.903 0.222

Correlation matrix ∆yjt/y
∗
jt ∆njt/n

∗
jt

∆yjt/y
∗
jt 1.000

∆njt/n
∗
jt 0.076 1.000

Note: Growth rates computed on bases y∗jt = 1
2yjt + 1

2yjt−1 and

n∗jt = 1
2njt + 1

2njt−1.

Table 3: Annual value added and employment growth rates

∆yjt/y
∗
jt ∆njt/n

∗
jt

Average 0.060 0.039

Variance 0.211 0.092

10th percentile -0.417 -0.230

25th percentile -0.133 -0.075

50th percentile 0.062 0.028

75th percentile 0.264 0.154

90th percentile 0.545 0.333

Correlation matrix ∆yjt/y
∗
jt ∆njt/n

∗
jt

∆yjt/y
∗
jt 1.000

∆njt/n
∗
jt 0.289 1.000

Note: Growth rates computed on bases y∗jt = 1
2yjt + 1

2yjt−1 and

n∗jt = 1
2njt + 1

2njt−1.
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the tails of the distribution. Indeed, 50% of the firm-quarters in our data, face value

added growth in excess of ±40%. At an annual frequency, this is of course much less

common, but do nonetheless occur (see Table 3). Taken at face value, the evidence in

the top panel of Figure 1 and the left column of Table 2 leaves open the possibility

that firms in our data face substantial value added shocks. Looking now at the bottom

panel of Figure 1 and the right column of Table 2, we note that employment growth

rates also exhibits considerable dispersion across firm-quarters, albeit with a large mass-

point at zero growth. This is in line with existing evidence from the US, see e.g. Davis,

Faberman and Haltiwanger (2013). Finally, we note that the contemporaneous correlation

between value added growth and employment growth is positive, but small at 0.076. This

correlation increases substantially to 0.289 when we consider annual growth rates in Table

3. The next section sets up a rich empirical model of the value added shock process and

employment adjustment to rigorously investigate how firm-level shocks to value added

may drive firm-level employment dynamics.

3 Empirical model of value added

3.1 Value added shocks

Following Guiso, Pistaferri and Schivardi (2005), we stipulate the following dynamic

process for quarterly firm-level value added:

%(L) lnYjt = Xjtγ + ηj + εjt. (5)

Here, %(L) is a lag-polynomial that captures pre-determined variation in value added,

reflecting pre-committed sales and other predictable shocks to firm-level value added, Xjt

is a vector strictly exogenous covariates, which in our case consist of industry dummies

and industry-specific time-trends, ηj is a firm fixed effect, and εjt represent the “true”

value added shock. Our interest centers on the shock process εjt, which needs to be

estimated from residuals after the unknown parameters in (5) has been estimated.
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To proceed, we shall assume that the value added shock process follows anARIMA(0, 1, q)-

process, i.e contains a unit root process and as well as an MA-process. Formally,

εjt = ujt + ϑ(L)ν̃jt, (6)

and

ujt = ujt−1 + ω̃jt. (7)

Here, ṽjt is the innovation to the MA-component and ω̃jt is the innovation to the unit

root process. ϑ(L) is an order-q lag-polynomial.

The firm fixed effect in (5) is a nuisance parameter, but a simple difference trans-

formation of (5) rids the model of ηj, and equation (5), now describing quarterly value

added growth at the firm-level, becomes

%(L)∆ lnYjt = ∆Xjtγ + ∆εjt, (8)

where

∆εjt = ω̃jt + ϑ(L)∆ν̃jt, (9)

In the absence of lagged dependent variables, (8) can be estimated by OLS to obtain esti-

mates of the residual value added growth. In the presence of lagged dependent variables,

however, OLS yields inconsistent parameter estimates, and therefore generates inconsis-

tent residuals. Instead, (8) can be estimated by a GMM regression using Arellano-Bond

type instruments, see Arellano and Bond (1991). The resulting estimator, sometimes

referred to as a difference-GMM, or DIF-GMM, estimator yields consistent estimates of

∆εjt, a central component of the analysis to come.

Table 4 presents out preferred DIF-GMM estimates of the value added process. This

specification passes the test for overidentifying restrictions, or instrument validity. The

specification include 4 lags of deterministic dynamics in yjt and a first-differenced error-

term ∆εjt with an autocovariance process that resembles an MA(5) process. The process

estimated value added process is stationary. Table 5 tabulates the autocovariances of
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Table 4: Estimated value added process

log VA, lagged 1 quarter −0.208 (0.020)

log VA, lagged 2 quarters −0.225 (0.019)

log VA, lagged 3 quarters −0.217 (0.019)

log VA, lagged 4 quarters 0.732 (0.019)

Arrelano-Bond test (autocov, order 5) 29.48 [0.000]

Arrelano-Bond test (autocov, order 6) −0.37 [0.714]

Arrelano-Bond test (autocov, order 7) 0.04 [0.971]

Overidentifying restriction test 27.07 [0.078]

Number of observations 366,854

Number of firms 25,456

Note: Dependent variable is log VA. We use log VA lagged 6 or more quarters as instruments
in a DIF-GMM regression. The regression includes year dummies and industry-specific trends.
Standard errors in regular brackets. P -values in square brackets.

residual log value added

As mentioned, the empirical autocovariances presented in Table 5 are consistent with

an MA(5) process for ∆εjt, which would imply a unit root process plus an MA(4) process

for εjt would fit the data. In fact, we can estimate the parameters of such a process using

the implied restrictions on the autocovariance process in a Minimum Distance Estimator.

Table 6 presents the resulting parameter estimates.

We note that the MA(4) model provides a good fit to the data. Moreover, we note

that the variance in the transitory innovations is an order of magnitude larger than the

variance to the permanent innovations. This result is important, and will help us interpret

some of other empirical findings to come.

3.2 Permanent and transitory value added shocks

Following Guiso, Pistaferri and Schivardi (2005), we next provide a useful interpretation of

the estimated residual value added process as consisting of a permanent and a transitory

component.

First, we show that lnYjt and ujt are co-integrated. Indeed, letting %(L) = 1− ρ1L−

ρ2L
2 − ... − ρpLp, straightforward algebra reveals that the value added process (5) has
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Table 5: Residual log value added autocovariances

Order 0 0.989 (0.010) [0.000]

Order 1 −0.447 (0.006) [0.000]

Order 2 0.013 (0.004) [0.001]

Order 3 0.200 (0.005) [0.000]

Order 4 −0.387 (0.007) [0.000]

Order 5 0.181 (0.005) [0.000]

Order 6 −0.002 (0.004) [0.630]

Order 7 −0.004 (0.005) [0.434]

Order 8 −0.003 (0.005) [0.521]

Order 9 0.008 (0.005) [0.091]

Order 10 −0.010 (0.005) [0.066]

Order 11 −0.003 (0.005) [0.524]

Order 12 0.000 (0.005) [0.984]

Order 13 0.000 (0.005) [0.960]

Order 14 0.003 (0.006) [0.568]

Note: Standard errors in brackets. P -values in square brackets.

Table 6: Residual log value added autocovariances

Variance of permanent innovation, σ2
u 0.017 (0.001)

Variance of transitory innovation, σ2
ν 0.189 (0.001)

MA(1) coefficient, θ1 0.577 (0.003)

MA(2) coefficient, θ2 0.412 (0.004)

MA(3) coefficient, θ3 0.393 (0.004)

MA(4) coefficient, θ4 0.948 (0.006)

EWMD objective function value 7.565× 10−6

Note: Standard errors in brackets.
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the following error correction representation:

∆ lnYjt = Xjtγ + ηj − ρ∗1∆ lnYjt−1 − ρ∗2∆ lnYjt−2 − ...− ρ∗p−1∆ lnYjt−p+1

− %(1)

[
lnYjt−1 − %(1)−1ujt−1

]
+ ϑ(L)ṽjt + ω̃jt,

where ρ∗k = −
∑p

s=k+1 ρs is a composite parameter. It follows from Granger’s Representa-

tion Theorem that lnYjt and ujt are co-integrated with co-integrating vector (1,−%(1)−1)′.

We therefore interpret %(1)−1ujt as the stochastic (long run) trend for lnYjt. Firm-level

log value added innovations shift %(1)−1ujt around. We can interpret these shifts as per-

manent shocks to a firm’s log value added because it shifts the stochastic trend for that

firm’s value added process.

With this result in mind, go back to the equation in levels and rewrite it (by multi-

plying through by %(L)−1, and adding and subtracting %(1)−1ujt) as

lnYjt = %(L)−1
[
Xjtγ + ηj

]
+ %(1)−1ujt +

{
%(L)−1

[
ujt + ϑ(L)ν̃

]
− %(1)−1ujt

}
. (10)

Equation (10) decomposes lnYjt into the long-run expected trend of firm j’s (log) value

added %(L)−1
[
Xjtγ + ηj

]
+ %(1)−1ujt, with a deterministic and a stochastic component,

and transitory deviations from the trend %(L)−1
[
ujt + ϑ(L)ν̃

]
− %(1)−1ujt. Further ma-

nipulation on (10) yields the following expression10

lnYjt = %(L)−1
[
Xjtγ + ηj

]
+ %(1)−1ujt + %(L)−1

[
ϑ(L)ν̃ + (1−L)−1[1− %(L)%(1)−1]ω̃jt

]
.

(11)

It is now natural to decompose observed log value added according to

lnYjt = Djt + Pjt + Tjt,

10Note that, if we set % = 1 − ρL and ϑ(L) = 1 − θL as in Guiso et al, our expression (11) simplifies
to theirs:

lnYjt = (1− ρL)−1
[
Xjtγ + ηj

]
+ (1− ρ)−1ujt + (1− ρL)−1

[
(1− θL)ν̃ − (1− ρ)−1ρω̃jt

]
.
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where

Djt ≡ %(L)−1
[
Xjtγ + ηj

]
,

is a deterministic component,

Pjt ≡ %(1)−1ujt,

is a permanent (i.e. long run) component, and

Tjt ≡ %(L)−1
[
ϑ(L)ν̃jt + (1− L)−1[1− %(L)%(1)−1]ω̃jt

]
,

is a transitory (short run) component.

In first differences, i.e. considering log value added growth, we have

∆ lnYjt = ∆Djt + ∆Pjt + ∆Tjt,

where

∆Djt = %(L)−1∆Xjtγ,

is a deterministic component,

∆Pjt = %(1)−1ω̃jt ≡ ωjt,

is a permanent (long run) component, and

∆Tjt = %(L)−1
[
ϑ(L)∆ν̃jt + [1− %(L)%(1)−1]ω̃jt

]
≡ %(L)−1∆νjt,

is a transitory (short run) component.

Finally, for future reference, notice that the first differenced residuals from the GMM

value added regression are

∆εjt = %(L)∆ lnYjt −∆Xjtγ = %(L)∆Pjt + %(L)∆Tjt = %(L)ωjt + ∆νjt,
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which may also be written in terms of the fundamental innovations ω̃jt and ν̃jt as

∆εjt = %(L)%(1)−1ω̃jt + ϑ(L)∆ν̃jt + [1− %(L)%(1)−1]ω̃jt = ϑ(L)∆ν̃jt + ω̃jt.

3.3 Firm-level employment dynamics and value added shocks

We model firm-level employment Njt as

lnNjt = Xjtη̃ + φj + αPjt + βTjt + χDjt + ψ̃jt, (12)

where

ψ̃jt = zjt + ζ(L)ξjt, (13)

and

zjt = zjt−1 + µjt. (14)

Hence, firm-level employment net of the effect of a set of strictly exogenous variables,

containing industry dummies and time trends, and a firm fixed effect φj, depends on the

firm-level value added process lnYjt = Djt + Pjt + Tjt as well as a separate stochastic

process ψ̃jt that shifts employment independently of trends and value added shocks. We

allow permanent and transitory value added shocks to have separate effects on employ-

ment. The differential impact are measured by the loading coefficients α and β. The

effect of the deterministic trend in value added on employment is measured by the load-

ing factor χ. Guiso, Pistaferri and Schivardi (2005) use a similar formulation study the

extent to which permanent and transitory shocks are passed into workers’ wages. Here,

we consider instead how different shocks impact employment and employment dynamics.

To proceed, take first differences and multiply by %(L) (a known object, from the

value added regression) and substitute in %(L)∆Djt = ∆Xjtγ to get

%(L)∆ lnNjt = %(L)∆Xjtη̃ + χ∆Xjtγ + α%(L)∆Pjt + β%(L)∆Tjt + %(L)∆ψ̃jt,
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and defining η = η̃ + χγ we can write

%(L)∆ lnNjt = %(L)∆Xjtη + α%(L)∆Pjt + β%(L)∆Tjt + %(L)∆ψ̃jt.

Next, defining ∆ψjt ≡ α%(L)∆Pjt + β%(L)∆Tjt + %(L)∆ψ̃jt, ln Ñjt ≡ %(L) lnNjt and

X̃jt ≡ %(L)Xjt , we have

∆ ln Ñjt = ∆X̃jtη + ∆ψjt

A consistent estimate of η, and hence of ∆ψjt, our real object of interest, can be obtained

by OLS.

To see this, let Ωj be the variance-covariance matrix of ∆ψjt for firm j, and let Ω

be variance-covariance matrix for the sample, a block-diagonal matrix with Ωj along

the diagonal (the Ω thus reflects that ∆ψjt are uncorrelated across j, but leaves the

correlation across t, i.e. the autocorrelation, completely unrestricted within each firm).

Furthermore, let ∆ ln Ñj be the vector of employment growth for firm j, and let ∆ ln Ñ

contain the stacked ∆ ln Ñj, and the same for ∆X̃j and ∆X̃. The OLS estimator of η is

η̂OLS = (∆X̃′∆X̃)−1∆X̃′∆ ln Ñ = η + (∆X̃′∆X̃)−1∆X̃′∆ψ,

where ψ contain the stacked employment innovations. Assuming plim ∆X̃′∆X̃ = Q

(some non-stochastic matrix with full column rank), the maintained assumptions on

the the innovations ψjt is that they are orthogonal to the elements in the deterministic

component ∆X̃. That is, plim ∆X̃′∆ψ = 0. It follows that

plim η̂OLS = η.

We do not report the estimated employment regressions as these are of limited interest

in and off themselves. The next section, however, makes heavy use of the residuals from

the employment regression to identify the loading coefficients α and β in (12).
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Finally, for future reference, recall that

∆ψjt = α%(L)∆Pjt + β%(L)∆Tjt + %(L)∆ψ̃jt = α%(L)ωjt + β∆νjt + %(L)∆ψ̃jt,

which may be expressed in terms of the underlying innovations,

∆ψjt = α%(L)%(1)−1ω̃jt + β

[
ϑ(L)∆ν̃jt + [1− %(L)%(1)−1]ω̃jt

]
+ %(L)∆ψ̃jt.

3.4 Estimation of α and β

The objects of primary interest in the empirical model described above are the loading

coefficients α and β that captures the employment response to permanent and transitory

value added shocks, respectively. Here, following Guiso, Pistaferri and Schivardi (2005),

we detail how these parameters may be identified from the value added and employment

residuals.

Take ∆εjt, the residuals from the value added regression, and multiply by β%(L) to

obtain

β∆εjt = β%(L)ωjt + β∆νjt,

and subtract it from ∆ψjt to get

∆ψjt − β∆εjt = [α− β]%(L)ωjt + %(L)∆ψ̃jt = [α− β]%(L)%(1)−1ω̃jt + %(L)∆ψ̃jt

Multiply by ∆εjt+1 and consider the expectation across time and firms,

E

[
∆εjt+1(∆ψjt − β∆εjt)

]
.

Since ∆εjt+1 = ϑ(L)∆ν̃jt+1 + ω̃jt+1 we have

E

[
∆εjt+1(∆ψjt−β∆εjt)

]
= E

[
(ϑ(L)∆ν̃jt+1+ω̃jt+1)([α−β]%(L)%(1)−1ω̃jt+%(L)∆ψ̃jt)

]
= 0.

It follows that the orthogonality condition E
[
∆εjt+1(∆ψjt− β∆εjt)

]
= 0 identifies β, the
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loading parameter on the transitory value added shocks in the employment equation.

The orthogonality condition is straightforward to operationalize through an instrumental

variable regression of ∆ψjt, the employment equation residuals, onto ∆εjt, the value added

equation residuals, using ∆εjt+1, the leaded value added residuals, as an instrumental

variable.

To identify α, the loading coefficient on the permanent value added shocks in the

employment equation, take α∆εjt and subtract it from ∆ψjt

∆ψjt − α∆εjt = [β − α]∆νjt + %(L)∆ψ̃jt

which we may express as

∆ψjt − α∆εjt = [β − α][ϑ(L)∆ν̃jt + [1− %(L)%(1)−1]ω̃jt] + %(L)∆ψ̃jt.

Now consider the Meghir and Pistaferri (2004) style moment,

E

[( 5∑
s=−5

∆εjt+s

)
(∆ψjt − α∆εjt)

]

= E

[( 5∑
s=−5

[ϑ(L)∆ν̃jt+s+ ω̃jt+s]

)
([β−α][ϑ(L)∆ν̃jt+[1−%(L)%(1)−1]ω̃jt]+%(L)∆ψ̃jt)

]
.
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As it turns out,11

E

[( 5∑
s=−5

∆εjt+s

)
(∆ψjt − α∆εjt)

]

= E

[( 5∑
s=−5

[ϑ(L)∆ν̃jt+s+ω̃jt+s]

)
([β−α][ϑ(L)∆ν̃jt+[1−%(L)%(1)−1]ω̃jt]+%(L)∆ψ̃jt)

]
= 0

This moment condition is also straightforward to operationalize using an instrumental

variable regression approach.

4 Employment dynamics and value added shocks

This section presents our main results, relating to the transmission of firm-level value

added shocks to firm-level employment adjustments at a quarterly frequency. We present

three sets of results. First, we consider the transmission of value added shocks onto

employment. Next, decompose the employment effect into the effect of hiring and sepa-

ration rates.12 Here, we are also able to split hiring and separations into NJ-, JJ-, and

JN -transitions, according to (3) and (4). Finally, we can redo the empirical analysis on

employment adjustment, hiring and separations using ability weighted worker flows, see

(1).

11Suppose that ϑ(L)∆ν̃jt+s is an MA-process of order 5. Hence

E

[( 5∑
s=−5

ϑ(L)∆ν̃jt+s

)
ϑ(L)∆ν̃jt

]
= 0

In addition,

E

[( 5∑
s=−5

ω̃jt+s

)
ω̃jt

]
= Var(ω̃jt)

and

−%(1)−1E

[( 5∑
s=−5

ω̃jt+s

)
%(L)ω̃jt]

]
= −%(1)−1%(1)Var(ω̃jt) = −Var(ω̃jt).

12In doing so, it is not necessary to first difference the hiring and separation equations. There can be
no firm fixed effect in hiring and separation decisions.
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Table 7: Transmission of value added shocks into employment

Permanent Transitory

Loading factors (α and β) 0.383 (0.058) −0.002 (0.002)

Weak instruments 23.413 [0.000] 12, 326 [0.000]

Overidentifying restrictions 0.769 [0.681] 5.688 [0.058]

Exogeneity test 89.05 [0.000] 229.711 [0.000]

Observations 142,411 331,808

Note: Standard errors in brackets. P -values in square brackets.

4.1 Employment dynamics

Table 7 presents the first set of result relating to the transmission of value added shocks

into firm-level employment adjustment. As described above, we are particularly interested

in estimating potentially different impacts of permanent value added shocks (shifting a

firm’s long run value added trend) and transitory shocks that represent deviations from

the long run trend. The first column in Table 7 presents the estimated loading coeffi-

cient on the permanent shock in the employment equation. The second column presents

the estimated loading coefficient on the transitory shock. As also described above, the

orthogonality conditions that identify the loading factors can be operationalized using

simple instrumental variable regressions, and Table 7 also presents standard diagnos-

tic tests for weak instruments, overidentifying restrictions, and exogeneity, derived from

these instrumental variable regressions.

Turning now to the content of Table 7, we note first of all that the instrumental

variable regressions pass the reported standard diagnostic tests. With respect to the

estimated loading factors, an interesting result emerge: Permanent shocks have a statis-

tically significant and positive impact on employment growth. Indeed, from Table 6 we

note that a one standard deviation permanent shock is 0.13, and the loading coefficient

reported in Table 7 implies that such a shock would, increase the employment growth

rate by 0.054, about a fifth of a standard deviation in the distribution of employment

growth rates. This is an economically significant effect.

In contrast, the parameter estimate on the loading coefficient on the transitory value
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added shocks in Table 7 shows that these shocks does not appear to have significant

effects on employment growth. Even disregarding the notion of statistical significance,

the loading coefficient on the transitory shocks is also economically very small, despite

transitory shocks accounting for the lion’s share of the variance in value added growth.

The point estimates in Table 7 implies that a one standard deviation transitory shock to

value added lead to a 0.001 reduction in the employment growth rate.

4.2 Employment dynamics by transition type

Our data is sufficiently rich that we can separate variation in employment growth rates

coming from transitions into and out of unemployment from transitions between firms.

In Table 8 we decompose the impact of permanent value added shocks on the employ-

ment growth rate into effects running through the hiring rate and the separation rate.

Furthermore, we decompose the hiring margin into an EE and an UE margin, and the

separation maring into an EE and EU margin.

An interesting pattern emerge from Table 8, whereby the hiring maring appears

slightly more responsive to shocks than the separation margins, but both margins re-

spond in the wake of a permanent shock to value added. We noted above that the overall

loading coefficient of 0.38 implies that a one standard deviation permanent shock to value

added increases the employment growth rate by 4.8 percentage points. The estimates re-

ported in Table 8 implies that this overall increase is obtained through an increase in the

hiring rate of about 2.8 percentage point and a drop in the separation rate of 2 percentage

points.

The 2.8 percentage point increase in the hiring rate following a one standard deviation

permanent shock to value added can be realized by firms increasing the rate at which

they poach workers, i.e. hiring through EE transitions, or the rate at which they hire

from unemployment, i.e. hire through UE transitions. The estimates reported in Table 8

implies that 76% of the 0.028 are accounted for by increased poaching with the remainder

coming through increased hiring from the unemployment pool.

Similarly, the 2 percentage point reduction in the separation rate following a one
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Table 8: Transmission of value added shocks into employment: Decomposing by transition
type

Employment growth 0.383 (0.058)

Hiring rate 0.217 (0.038)

EE hiring rate 0.165 (0.027)

UE hiring rate 0.052 (0.022)

Separation rate -0.158 (0.034)

EE separation rate -0.105 (0.022)

EU separation rate -0.052 (0.021)

Note: Standard errors in parentheses.

standard deviation permanent shock to value added can be achieved by an reducing the

rate at which workers quit the firm for employment at other firms, i.e. through EE

separations, or by reducing the rate at worker are laid off, i.e. are making EU transitions.

The estimates reported in Table 8 implies that 66% of the 2 percentage point reduction in

the separation rate are accounted for by a reduced quit rates with the remainder coming

through reduced rates of layoffs.

In summary, permanent value added shock has statistically significant and economi-

cally meaningful impact on the employment growth rate. Hiring rates seem slightly more

responsive than separation rates, and firms tend to adjust hiring and separation rates

along the quit margin.

4.3 Ability weighted employment dynamics

Using the estimated ability coefficients obtained from an individual level wage regression ,

see (1), we can redo the whole analysis conducted above with ability weighted employment

stocks and flows. Effectively, we interpret the worker fixed effect as a measure of ability

and weigh all the worker stock and flows using the estimated worker abilities. The results

of this analysis are presented in Table 9 which, for comparison, also contains the results

from Table 8.

We find that the effect of a permanent value added shock on ability-weighed hiring

and separation rates is almost twice as large than on the unweighed rates. In other words,
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Table 9: Transmission of value added shocks into ability-weighted employment

“raw” ability-weighed

Employment growth 0.383 0.749 (0.101)

Hiring rate 0.217 0.414 (0.058)

EE hiring rate 0.165 0.268 (0.037)

UE hiring rate 0.052 0.145 (0.025)

Separation rate -0.158 -0.288 (0.045)

EE separation rate -0.105 -0.141 (0.023)

EU separation rate -0.052 -0.144 (0.025)

Note: Standard errors in parentheses.

high-ability workers are affected by permanent value added shocks to a much larger extent

than low-ability workers. This suggests that focusing on the number of workers who are

reallocated seriously underestimated the reallocation of productive capacity, which is

properly measured by appropriately controlling for the type composition of movers and

stayers.

4.4 Value added shocks and vacancy postings

Table 10 reports how permanent and transitory value added shock are transmitted into

vacancy postings, which we here take to be the probability that firm posts at least one va-

cancy during the quarter. We find that permanent shocks are positively and significantly

related to the probability of posting a vacancy while transitory shocks are uncorrelated

with vacancy postings. These result suggest that, though transitory value added shocks

are indeed very noisy, the estimated permanent shocks appear to capture actual shocks

that are faced by firms.

5 Conclusion

In this paper we have combined four data sources to build a unique and comprehensive

dataset that includes detailed information about firms’ employment, the work history and

wages of all their workers, value added at a quarterly frequency and vacancy postings
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Table 10: Value added shocks and the probability of posting a vacancy

Permanent Transitory

Loading factors (αV and βV ) 0.121 (0.077) −0.010 (0.002)

Weak instruments 23.413 [0.000] 12, 326 [0.000]

Overidentifying restrictions 0.150 [0.928] 2.170 [0.338]

Exogeneity test 2.736 [0.098] 12.698 [0.000]

Observations 142,411 331,808

Note: Standard errors in parentheses. P -values in square brackets.

for, essentially, the universe of Danish firms in 2002-2009. We use this data to estimate

a statistical process characterizing firm-level value added. Specifically, our specification

features permanent and transitory shocks to value added. We find that permanent value

added shocks are significantly related to employment growth but transitory shocks are

uncorrelated with employment growth, and similarly for the probability of posting a

vacancy. Permanent shocks affect employment growth both through the hiring and the

separation rate, and the effect on the poaching rate is two times greater than on the

transition rates to and from unemployment. Finally, we find that the effect of permanent

shocks on ability-weighed flows is twice as large as on unweighed flows.
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