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productivity levels. In the second part of our paper, we estimate a stochastic process
of income that captures the salient features the data. We then embed the estimated
stochastic process into a life-cycle consumption savings model to evaluate the welfare
and distributional implications of the passthrough from firms’ TFP shocks to workers’
wages.
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1 Introduction

What is the role of firm productivity shocks in workers’ income instability? To answer

this question we study the the impact of firms’ shocks on workers’ wages, which we define

as passthrough. More precisely, we use matched employer-employee data from Denmark

to measure passthrough as the elasticity of workers’ wages relative to firms’ productivity

shocks. We then carefully study how passthrough varies across firms and workers of different

characteristics and over time.

To illustrate the large amount of heterogeneity present in firm productivity and labor

earnings growth, figure 1 shows the density of workers’ wage growth and firms’ Total Factor

Productivity (TFP) growth. Both distributions show significant dispersion and wide tails,

indicating large swings in wages and productivity. Importantly, the changes in firms’ TFP

and the changes in workers’ wages are correlated. Figure 2 displays the average and standard

deviation of wage growth for each percentile of the TFP growth distribution.1 We observe

four important aspects. First, the average wage growth across the TFP growth distribution

is mostly flat, indicating that firms do not completely adjust worker’s wages in response to

idiosyncratic shocks. Second, there is positive wage growth even among firms experiencing

negative changes in productivity (those at the bottom decile of the TFP growth distribu-

tion). Third, workers at high growth firms (those at the top decile of the TFP growth

distribution) experience wage growth that is three times higher on average than the wage

growth experienced by workers at low growth firms. Finally, the right panel of figure 2 shows

that individuals who work at high or low TFP growth firms experience almost twice as much

wage growth dispersion in a given year relative to individuals working in firms in the middle

of the TFP growth distribution.

Our paper provides four contributions to the empirical passthrough literature. First, we

use individual-level panel data on every worker in Denmark to study the effects of firm-

level shocks separately for stayers (workers that remain in the firm), switchers (workers

that change firms), and those transitioning in and out of unemployment. This enables us

to estimate the effect of productivity shocks on wages separately from the effects of job

separation. Second, the existing literature has focused almost exclusively on continuing

workers and ignores the endogenous selection of firms and workers. Endogenous selection

on the workers’ side can arise, for instance, when workers, who would have experienced

1Details on the sample selection as well as the calculation of labor income and firm-level productivity are
discussed in section 2 and section 3.



Figure 1: Distribution of Changes in TFP and Wages

Note: The red line in figure 1 shows the distribution of one-year log change in firm-level Total Factor
Productivity (TFP) calculated for a sample of Danish firms that have more than one employee in 2005 and
2006. The blue line shows the distribution of the log change of real annual earnings for a sample of Danish
workers between 2005 and 2006. See section 2 for additional details in the sample selection.

a large wage decline from when their firm experiences a negative shock, switch firms to

avoid a drop in their wages. Similarly, a firm that normally passes productivity shocks

to wages may go out of business after a large productivity drop, reducing the measured

passthrough on continuing workers. Ignoring this selection problem could underestimate the

passthrough and overstate firms’ insurance against shocks. In this paper, we address these

concerns by using exogenous variation derived from spousal linkages. Third, we use the

richness of our dataset to provide a direct measure of firm-level TFP for the entire private

sector of the Danish economy. Our methodology allows us to separately study the effects

of persistent versus transitory shocks to firm TFP as well as asymmetric passthrough from

TFP to wages. This is a significant departure from the existing literature which uses indirect

measures of productivity such as value-added, revenues, or output per worker.2 Fourth, we

exploit the breadth of our dataset to study how the passthrough from firm shocks to worker

wages varies across narrow population groups defined simultaneously by firm characteristics

2This mostly due to data limitations. For instance, Juhn et al. (2018) use the change in revenues as the
firm-level shock affecting workers’ earnings and Guiso et al. (2005) use the residuals of a regression of value
added on firm-level observables.
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Figure 2: Wage Growth Across the TFP Growth Distribution

Note: The left (right) panel of figure 2 shows the average of (standard deviation of ) the wage growth within
each percentile of the firm-level TFP growth distribution for a sample of Danish workers and firms. See
section 2 for additional details in the sample selection.

(industry, size, productivity level, etc.) and worker characteristics (age, education, income

level, tenure, etc.), and over the business cycle.

Our novel approach for controlling for selection bias exploits linked spousal information.

In particular, we use variation in marriage status, spousal employment decisions and income

shocks to estimate the probability that individual moves across firms. Our identification

strategy rests on the assumption that changes in a spouse’s income, employment status, or

spouse’s firm productivity, has a significant impact on the decision of an individual to stay or

not in a particular job, but such changes are uncorrelated with the worker’s within-firm wage

growth or the productivity shocks affecting the firm where the individual works (unless both

spouses work at the same firm, which we excluded in our data). We find that controlling

for selection greatly increases the estimated passthrough from firms’ productivity shocks to

workers’ wages.

Overall we find large and economically significant passthrough from firm shocks to wages.

In particular, after we have controlled for selection, we find that an individual who works at

a firm which experiences an increase of TFP of one standard deviation receives an increase in

annual earnings of $1,500, which is around 3% of the Danish income per capita. Considering

that in any given year 33% of firms and 40% of workers in Denmark experience a TFP shock

of at least one standard deviation away from the average, the effect of firm-level shocks on

wages is quite substantial not only at the micro- but also at the macro-level. Furthermore,

and in contrast to most of the previous literature, we find that persistent and transitory
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shocks to firm’s productivity are passed in equal magnitude to workers wages.

The effect of TFP changes on workers that transition across firms has been largely ignored

by the literature and to the best of our knowledge, this is the first paper to separately analyze

the impact of productivity shocks on the wage of workers that switch across firms. Analyzing

this group is important as they represent a large fraction of the workforce: in any given year

around 20% of full-time Danish workers change employer. We find that the effect of between-

firm productivity differences on the wages of individuals that move across firms is large and

of greater magnitude than the effect of within-firm TFP shocks on the wages of stayers. In

particular, a worker that moves across firms whose TFP differ by one standard deviation

experiences an income change of $5,200.3

We use the richness of our dataset to analyze how the passthrough differs across firm

characteristics, workers characteristics, and over the business cycle. First, we analyze the

differential effect of productivity shocks for workers at high and low ranks of the income

distribution. We find that high wage workers (those in the 5th quintile of the income dis-

tribution) are much less insulated from changes in firm productivity than low wage workers

(those in the 1st quintile of the income distribution). In fact, we find that the passthrough

for high wage workers is three to four times larger than the passthrough for low wage work-

ers. Young workers (workers of 35 years or less) are also more exposed to firms productivity

shocks than older workers (workers of 50 years or more). This is both because young workers

work in firms that pass a larger proportion of shocks to wages and because the volatility of

productivity shocks of the firms where young people work is higher. We also find substantial

heterogeneity in passthrough for firms in different industries after correcting for selection.

For instance, the passthrough for workers in the Transportation or Hospitality sectors is two

to three times larger than for workers in ICT or Finance. This is surprising considering that

Finance has a larger fraction of workers under performance pay schemes that typically tie

workers’ income to firms’ outcomes.

Motivated by the robust empirical evidence that firm productivity shocks have a sig-

nificant impact on workers wages, in the second part of our paper we estimate a flexible

stochastic income process that captures the salient features of the relation between firm-

level shocks and the passthrough to workers’ wages. In particular, we consider an income

process similar to Low et al. (2010) modified to take into account the rich heterogeneity

in passthrough observed in the data. To capture the marked asymmetry of passthrough

3Note that the TFP change for switchers is the difference in productivity between two different firms
rather than the within-firm shock to productivity.
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between positive and negative shocks, our preferred specification considers a passthrough

coefficient of firm’s productivity to wages that is different depending on the sign of the pro-

ductivity change. Our estimation, which is carried out using indirect inference, suggests that

firms have a large role in determining income growth dispersion and income inequality.

In the final part of our paper, we embed the estimated stochastic process into a life-cycle

consumption savings model with incomplete markets. This framework allows us to calculate

the welfare and distributional implications of the partial and heterogeneous passthrough we

document in this paper. Our model does a good job in accounting for the extent of income

and wealth inequality we observe in Denmark. In our main quantitative exercise, we ask

how much value the workers in this economy, in terms of lifetime consumption, assign to the

insurance provided by firms. We do so by comparing our benchmark economy to an economy

in which firms’ shocks are fully passed to workers wages (passthrough equal to one). Our

preliminary results suggest that the insurance provided by firms is of little value for workers.

This is because an increase in the passthrough has two opposite effects on welfare. On

the one hand, higher passthrough has a negative impact as it increases earnings instability.

On the other hand, because a larger fraction of the positive shocks is passed to workers

their average wage increases. The overall effect depends on the ability of workers to insure

against the increase in income risk. In our current steady-state comparison with infinitely

lived workers with access to a risk-free asset, an individual has enough time to offset the

negative impact of an increase in wage dispersion by increasing savings. In other words, a

risk free asset provides enough flexibility to workers to compensate for the decline in the

insurance provided by firms by increasing capital accumulation. At the same time, higher

average permanent income reduces the necessity of workers to save. These two offsetting

effects imply a muted impact on welfare from an increase in the passthrough of firms’ shocks

to workers’ wages and a small increase in capital in the economy. Our ongoing work aims

to fully account for the life cycle income profile and have a more realistic asset market that

resembles the frictions in the financial market faced by workers, both of which will likely

increase the value of the insurance provided by firms.

Our paper relates to several strands of the literature. First and foremost, we contribute to

the literature that studies the relationship between firm shocks and worker earnings. Guiso

et al. (2005) analyze the degree of insurance provided by firms using matched employee-

employer data from Italy. Their paper, however, does not analyze how firm-level productivity

affects employment transitions which might explain a large fraction of the earnings instability

observed in the data. Barth et al. (2016) and Juhn et al. (2018) also study the heterogeneity
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of passthrough from firm’s shocks to wages. Barth et al. (2016) report that almost three

quarters of the dispersion in wage levels is accounted for by differences in TFP levels across

firms whereas worker characteristics contribute little. Bagger et al. (2014) use Danish data to

study the importance of firm level productivity for wage dispersion, the role of rent sharing

between workers and firms, and labor force composition within the firm. They document an

important role for fixed TFP differences across firms in the determination of earnings level

dispersion. These papers, however, do not analyze the role of firm-level TFP shocks for the

dispersion of earnings growth and do not take into account the effects of firm level shocks

on employment transitions. These paper also do not address the selection issue which is at

the center of our paper.4

Our paper also contributes to the understanding of labor income risk. Since the seminal

work of Gottschalk et al. (1994), several papers have studied the extent of labor income

instability and its evolution over time.5 Due to data limitations, however, most of the papers

in the literature do not consider the role of firms in driving labor income instability. An

exception is the work of Comin et al. (2009) that studies whether firm’s revenue volatility is

passed to average wage instability using data from a panel of publicly traded firms and worker

level information from survey-level data. The authors find a positive relation between firms

and worker wage volatility. Relative to this paper, we use an employer-employee matched

administrative data set that allows us to have a tighter link between firm shocks and earnings

instability.

The rest of the paper unfolds as follows: In section 2, we introduce our data source

and sample selection. We then discuss our estimation strategy for various specifications of

analysis in section 3. The baseline model and results with and without selection correction

are shown in section 4. We then proceed to explore various dimensions of heterogeneity along

workers, firms and the timing dimension in section 5. Section 6 presents our quantitative

analysis. Section 7 concludes our work.

4Several recent papers study the relation between firm’s shocks and worker’s wages. See for instance
Lamadon et al. (2017), Friedrich et al. (2014),Carlsson et al. (2015), Garin et al. (2018), Guertzgen (2014),
Kline et al. (2018),Rute Cardoso and Portela (2009), Lagakos and Ordonez (2011), among others.

5See for instance Sabelhaus and Song (2009), Sabelhaus and Song (2010), Ziliak et al. (2011), and Guvenen
et al. (2014).
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2 Data

Our main source of information is a matched employer-employee administrative dataset from

Statistics Denmark. We combine several large panel datasets for our analysis. Worker data

comes from the Integrated Database for Labor Market Research which contains employment

and personal information for the entire population of Denmark. In particular, we observe

annual wages, hourly wages, number of days worked, occupation, labor market status, po-

sition within the firm, age, gender, education, and tenure. Crucially, this dataset identifies

the firm in which each worker was employed at November of each year. We also have spousal

links, which means we observe the same information for everyone’s spouse across time. This

spousal information will be crucial when estimating the first-stage selection model we use in

3.2 to correct for selection bias in the passthrough estimation. Our main measure of labor

income of an individual is equal to the worker’s hourly wage times the total number of hours

she would have worked in a year as a full time worker. In this way we avoid our results

being influenced by changes in the number of hours that individuals work in a year. We

then consider full time workers who are 15 years and older, whose annualized earnings is

above 30,000 DKK (about $4600 USD), and who are not working in the public sector or are

self-employed.

We match this individual-level panel to a firm-level panel, the Firm Statistics Register,

which contains accounting and input use data for the universe of Danish firms. The key vari-

ables we use are firm annual revenues, value added, capital stock, intermediate expenditure

and employment, as well as firm age, location, and industry. This data allows us to construct

robust measures of TFP following the methods developed by Levinsohn and Petrin (2003),

Ackerberg et al. (2015), Gandhi et al. (2018), and others. We also link in firm-product data

on physical sales, market shares, input and output prices, and imports/exports. This latter

data allows us to construct exogenous firm-level TFP shifters so that we can explore the

causal relationship between TFP shocks and wage growth. For our baseline analysis, we

keep all firms in the private sector with at least one employee.

We restrict our analysis to the period from 1995 to 2012. Our sample selection leaves

us with about 8.98 million worker-year observations for our primary empirical analysis and

0.71 million firm-year observations. Basic summary statistics can be found in Table 1.6

6For the rest of the paper we express all nominal values in dollars using an exchange rate of 6.55 DKK
per USD.
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Table 1: Summary Statistics

Mean Std.dev. N
Workers Characteristics

Annual Wages (dkk) 363,661 208,240 8.98M
Hourly Wages (dkk) 234 147 7.36M
Age 41.7 11.3 8.98M

Firms Characteristics
Log Value Added 14.6 1.33 0.71M
Log TFP 7.94 0.58 0.71M
Firm Age (years) 13.1 12.5 0.71M
Number of Employees 19.8 192.7 0.71M
1 US$= 6.55 dkk

Note: Table 1 shows summary statistics for the sample used in our analysis. Monetary values are expressed in Danish
kroner.

3 Estimation Strategy

In this section we discuss our estimation strategy. Section 3.1 describes our baseline regres-

sion model. Section 3.3 provides the details of our TFP estimation. Section 3.2 discusses

our strategy for dealing with the potential bias of the basic model in section 3.1 due to the

selection of workers.

3.1 Baseline Empirical Specification

Our basic empirical specification relates changes in worker (log) wages and changes in (log)

firm TFP controlling for workers and firms characteristics. The primary model we use is

then

∆wijt = α + βSjt + Z′jtγ +X ′itλ+ δt + εijt, (1)

where ∆wijt is the change of log real wages for individual i that works in firm j between

periods t and t− 1, Sjt is a measure of firm’s productivity changes, Z′jt is a set of observable

firm-level characteristics that might vary over time (industry, lagged firm size, lagged firm

age, lagged firm productivity), X ′it is a set of individual characteristics (age, education,

lagged occupation, lagged experience, lagged tenure, job switch indicator, lagged wage), and

δt is a year-fixed effect that controls for aggregate economic conditions. The main parameter
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of interest is β which captures the elasticity of wages to changes in firm-level productivity.7

3.2 Selection Model

Our primary goal is to separately estimate the effects of TFP changes on workers’ wage

growth for workers who stay in their firms, and for workers who switch between firms.

However, our analysis is likely subject to selection bias, since workers who choose to stay

at the firm between periods t − 1 and t may tend to experience more or less passthrough

than those who left would have experienced if they stayed. For example, suppose firms pass

negative shocks to workers as productivity decreases. Those workers who receive a large

wage drop may choose to leave the firm, which would tend to bias estimates of negative

passthrough towards zero if one solely analyzes continuing workers. There may also be

selection on the firm side, as firms which experience large negative productivity shocks may

choose to exit the market. If these are the firms which tend to have more passthrough, then

the estimates of passthrough may be biased. This issue has been mentioned by the previous

literature (see for example Guiso et al. (2005)), however, to our knowledge, we are the first

to correct for selection on either the worker or firm side in the passthrough literature.

To correct for selection we adopt a simple model to describe job stayers’ selection problem

as given by

∆wijt = X′itΛ + εijt if uijt > 0,

∆ logwijt = unobserved if uijt ≤ 0,

uijt = Zijtδ + ξijt,

Dijt = 1 if uijt > 0,

Dijt = 0 if uijt ≤ 0.

Here uijt denotes the net utility that a worker gets when she chooses to stay at firm j at

time t as opposed to switching to a different firm or out of employment; wijt,Xijt, are stayers’

wage and observable firm/workers characteristics which affect workers’ wage growth (same

as equation 1), and observable characteristics which affect the utility of staying in their job,

respectively. When the net utility from staying in their firm is below 0, workers switch out,

so we are not be able to observe their within-firm wage change and thus passthrough. We

7Because our main specification used first-differences in wages and productivity we are implicitly control-
ling for workers and firms fixed characteristics.
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denote whether or not we observe the within firm wage change by the indicator variable Dijt.

Our strategy to correct for the selection problem follows Heckman (1979). Specifically,

we assume that the joint distribution for the errors is given by:(
εijt

ξijt

)
∼ N

[(
0

0

)
,

(
σ2 ρσ

ρσ 1

)]
.

Given this assumption, we estimate a first-stage probit regression of the probability that a

given worker stays at her firm as a function of Zijt, obtaining δ̂. Then we calculate the fitted

value of the latent variable ûijt and compute the inverse Mills ratio λ̂ijt as a function of

ûijt. Finally we include λ̂ijt in the second stage regression and get a consistent and unbiased

(though not asymptotically efficient) estimator of β.

Our identification strategy then relies on having a reasonable exclusion restriction for the

first stage, in that we can include some firm and worker variation which plays a role in the

probability that workers will stay or leave their firm, but do not affect the growth rate of

workers’ wages should they choose to stay at the firm that period. In order to do this, we use

the spousal linkage data to create, for each worker, a set of marital status indicators and –

for those with working spouses – measures of their spouses employment status. Specifically,

we include indicators for marriage status, separation, change of spouse and whether or not

the individual’s spouse is working if married. This last term is interacted with other spousal

information including log wage, change in log wage, firm TFP and log TFP change, age,

experience, and whether or not the spouse is a stayer for that period. We exclude spousal

working information if the couple is working at the same firm. The assumption for our

instrument is that when a worker is getting married/divorced or if his/her spouse has an

income change or other employment shock, this will affect the worker’s decision on whether

or not to keep working at the current firm. However, changes in marriage status, spousal

employment,or spousal wages should not affect the worker’s wage growth at his/her current

firm conditional on staying, unless the couple are working at the same firm. To control for

firm selection, we also include in Zijt various firm-level variables such as financial information

and lags of TFP which shouldn’t directly affect within-firm worker wage growth conditional

on the set of observables in equation 1.
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3.3 TFP Estimation

Most of the literature considers different measures of firm shocks when estimating passthrough,

mostly focusing on either raw value added or changes in value-added residuals from an OLS

regression of value added on firm characteristics. In contrast, we employ a structural model

of firm production and input choice to estimate firm-level total factor productivity (TFP)

which we use as our main measure of firm performance. We do this for two reasons. First, we

want a measure of firm performance which controls for endogeneity and transmission bias.

This is important if we want to separately identify changes in capital stock or worker com-

position/ability from changes in firm-level productivity, while allowing these factors to be

potentially correlated. Second, we want to be able to estimate productivity without placing

implicit restrictions on the nature of wages or the flexibility of labor. In particular, we want

to allow both employment and wages to be responsive to contemporaneous changes in firm

productivity. This means we cannot, for example, assume wages perfectly reflect labor qual-

ity, or assume perfectly competitive labor markets. Our methodology, which draws on recent

work by Gandhi et al. (2018) (hereafter “GNR”), allows for both imperfectly competitive

labor markets with adjustment costs and firm-specific wage shocks.

3.3.1 Labor Quality and Wages

In order to identify firm-level productivity in the next section, we want to be able to control

for changes in firm-level labor inputs. Our main concern is that if we estimate firm productiv-

ity using standard measures of labor inputs (such as a simple count of workers, or number of

hours worked), our measure of TFP may include unmeasured differences in workers’ quality,

driving variation in TFP which may be correlated with wages through this channel rather

than the passthrough channel we want to measure. To attempt to control for this and peel

out changes in worker quality from our measure of firm productivity, we use worker-side data

to construct a quality-adjusted labor input index (the “predicted” wage-bill) to use in our

production function estimation.8

8A number of recent papers including Fox and Smeets (2011) argue that controlling for variation in input
quality is important for identifying TFP. Fox and Smeets (2011) suggest that using the wage bill as a proxy
for worker quality is a possible substitute for controlling for worker quality, especially if individual-level data
is not available. However, using the wage bill as the labor input implicitly assumes that wages perfectly
represent worker ability, and preclude the ability of firms to adjust wages in response to changes in TFP. To
get around this, we use the ”predicted” wage-bill based on the fixed effects and observable characteristics of
the workers at the firm, which accounts for variation across firms in the wages paid to observably identical
workers which may stem from differences in wage contracts, TFP passthrough, imperfect labor markets, etc.
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To construct our quality adjusted-labor input index we proceed as follows. Our firm-

side data has information on full-time equivalents working in the firm each year, which

we denote Ejt. The standard procedure would be to use this directly in the production

function estimation, setting Ljt = Ejt. Instead, we use our worker-level information data to

construct a firm-level average quality-adjusted labor input index, G̃jt which we then multiply

by the number of full time equivalents to get our firm-level labor input Ljt ≡ G̃jtEjt. To

calculate G̃jt, we estimate a simple Mincer regression of log hourly wages wijt on individual

characteristics Xm
ijt and individual fixed effects ami :

wijt = Xm′

ijtβ
m + ami + εmit . (2)

We then define a firm’s total labor input as TLjt ≡
∑

i ŴijtHijt where Ŵijt is the predicted

hourly wages (in levels) from the Mincer regression and Hjt is the total number of hours

worked for worker i employed by firm j in year t. Using Hijt and information on the average

number of hours H worked by full time workers in Denmark, we can also construct a worker

side measure of a firm’s full time equivalents, Ẽjt =
∑

iHijt/H. We do this since we observe

hourly wages for most but not all workers in every firm. Note that this implicitly assumes

that any workers who are not included in the worker data-side calculation of total quality

adjusted labor or FTEs are of the same average quality as the observed workers. The firm’s

quality-adjusted average labor input is then G̃jt = TLjt/Ẽjt. Our measure of labor input

Ljt then controls for both firm and individual-level changes in ability as measured through

the Mincer regression.

3.3.2 Model and Assumptions

We estimate our model on a panel of firms j ∈ J , where for each firm-year pair we observe

output Yjt, capital stock Kjt, labor input Ljt and intermediate inputs Mjt. We will be relying

on several timing assumptions to identify the model.

Define Ijt as the information set available to firm j when it enters period t. Ijt contains

all of the information relevant to the firm (such as firm productivity) when it makes its

period-t decisions. Following GNR, we define any input Xt ∈ Ijt as predetermined. Any

such input is thus a function of the previous period’s information set: Xt(Ijt−1). We will

treat capital as a predetermined input. Inputs which are not predetermined (and thus are

set in period t) we define as variable. We define any input which is variable and where

the optimal choice of Xt is a function of lagged values of itself as dynamic. We will depart
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from GNR in assuming that labor is a dynamic input.9 Finally, an input which is variable

but not dynamic we define as flexible. Intermediate inputs will be treated as flexible in our

framework. This implies that both Kjt and Lj,t−1 are elements of Ijt, but Ljt and Mjt are

not.

Here we follow GNR in formally stating the assumptions on the model of firm production.

Assumption 1. The firm’s production function takes the following general form in levels

Yjt = F (Kjt, Ljt,Mjt)e
νjt

and in logs

yjt = f(kjt, `jt,mjt) + νjt

where f is a crs and differentiable function which is strictly concave in mjt.

Assumption 2. Capital (Kjt ∈ Ijt) is predetermined and a state variable. Labor input

(Ljt /∈ Ijt) is dynamic, such that Ljt−1 ∈ Ijt is a state variable. Intermediate inputs (Mjt /∈
Ijt) are flexible, so that Mjt−1 /∈ Ijt.

The Hicks-neutral productivity term νjt can be decomposed into a persistent component

ωjt which is known to the firm when it makes input decisions, and a transitory component

εjt which is unknown to the firm when making input decisions.

Assumption 3. The permanent productivity term ωjt ∈ Ijt is observed by the firm prior to

making period-t decisions and is first-order Markov, such that E[ωjt|Ijt−1] = E[ωjt|ωjt−1] =

h(ωjt−1) for some continuous function h(.). εjt /∈ Ijt is i.i.d across firms and time, with

Pε(εjt|Ijt) = Pε(εjt).

We normalize E[εjt] = 0 and define ηjt = ωjt−E[ωjt|ωjt−1] which implies E[ηjt|Ijt−1] = 0.

This gives us several measures of change in total firm productivity νjt = h(ωjt−1) + ηjt + εjt.

h(ωjt−1) − ωjt−1 is the expected and persistent change in productivity, ηjt is the unexpected

and persistent shock to productivity, and εjt− εjt−1 is the unexpected and transitory change

in total productivity.

Assumption 4. We assume that demand for intermediate input mjt = M(kjt, `jt, ωjt) is

strictly monotone in ωjt.

9The recent literature (see Ackerberg et al. (2015)) has argued that allowing labor to be fully flexible
introduces significant identification issues. Assuming labor is fully predetermined, as in GNR, would preclude
firms of adjusting labor in response to contemporaneous productivity shocks.
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Note that this conditional (on period-t labor) demand function is critical in identifying

the production function while allowing labor to be a dynamic (and not predetermined) input.

It allows allows for labor adjustment costs and firm-specific wage shocks, both of which may

be important in our setting.10 We also make the following assumption about firm’s profit

maximizing behavior and environment:

Assumption 5. Firms maximize short-run expected profits and are price takers in both

output and intermediate input markets. Denote the common output price index for period t

as Pt and the common intermediate price index as ρt.

This framework gives us all of the tools to obtain robust estimates of TFP which satisfy

our two main goals.

3.3.3 Identification and Estimation

Following GNR, assumptions 1 to 5 give us the following first order condition for firm’s profit

maximization problem in period t with respect to Mjt:

Pt
∂

∂Mjt

F (Kjt, Ljt,Mjt)e
ωjtE = ρt

where E ≡ E[eεjt ] is a constant. Multiplying both sides by Mjt/Yjt, plugging in the produc-

tion function and rearranging provides our first estimating equation:

sjt = ln E + lnD(kjt, `jt,mjt)− εjt
≡ ln

(
DE(kjt, `jt,mjt)

)
− εjt (3)

where sjt ≡ ln(ρtMjt/PtYjt) is the log revenue share of intermediate input expenditure and

D(kjt, `jt,mjt) ≡ ∂
∂mjt

f(kjt, `jt,mjt) is the output elasticity of materials. Since by assumption

3 we have E[εjt] = 0, we can use equation 3 to identify εjt and DE .

Given εjt = ln
(
DE(kjt, `jt,mjt)

)
− sjt, we can identify the constant E = E[exp(εjt)],

which subsequently provides the elasticity D(kjt, `jt,mjt) = DE(kjt, `jt,mjt)/E . Once we

know D(kjt, `jt,mjt) and εjt, we can estimate the rest of the production function non-

10See Ackerberg et al. (2015) and GNR.
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parametrically. Then we have

D(kjt, `jt,mjt) ≡
∫

∂

∂mjt

f(kjt, `jt,mjt)dmjt = f(kjt, `jt,mjt) + Ψ(kjt, `jt) (4)

Define ỹjt ≡ yjt − εjt −D(kjt, `jt,mjt) = −Ψ(kjt, `jt) + ωjt. Plugging in the structure of ωjt

from assumption 3, we get our second estimating equation:

ỹjt = −Ψ(kjt, `jt) + h(ỹjt−1 + Ψ(kjt−1, `jt−1)) + ηjt (5)

where ỹjt is observable given the stage-one estimates of εjt and D(kjt, `jt,mjt). Our assump-

tions on the firm’s information set give us E[ηjt|kjt, `jt−1, kjt−1, ỹjt−1, `jt−2] = 0, which we use

with equation 5 to identify Ψ, h, and thus ηjt.
11

Our estimation procedure follows GNR in using a standard sieve-series estimator to non-

parametrically identify the input elasticity and production function. We proceed in two

steps. First, we estimate the share equation with a complete 2nd degree polynomial in kjt,

`jt and mjt using nonlinear least squares. This estimator solves

min
γ′

∑
j,t

ε2
jt =

∑
j,t

[
sjt − ln

( ∑
rk+r`+rm≤2

γ
′

rk,r`,rm
krkjt `

r`
jtm

rm
jt

)]2

(6)

which gives us estimates of ε̂jt and D̂E(kjt, `jt,mjt) =
∑

rk+r`+rm≤2(γ̂
′
rk,r`,rm

krkjt `
r`
jtm

rm
jt ). We

can then recover Ê = E[exp(ε̂jt)] and the input elasticity

D̂(kjt, `jt,mjt) =
∑

rk+r`+rm≤2

(γ̂rk,r`,rmk
rk
jt `

r`
jtm

rm
jt )

where γ̂ ≡ γ̂
′
/Ê . We then integrate the estimated flexible input elasticity to recover

D̂(kjt, `jt,mjt) =
∑

rk+r`+rm≤2

(
mjt

rm + 1
γ̂rk,r`,rmk

rk
jt `

r`
jtm

rm
jt

)

which allows us to recover ˆ̃yjt = yjt − ε̂jt − D̂(kjt, `jt,mjt). In the second step, we estimate

equation 5 using GMM, where we similarly approximate Ψ(kjt, `jt) using a complete 2nd

degree polynomial and h(ωjt−1) as a 1st degree (linear) polynomial, implying that persistent

TFP follows an AR(1) process. Since we can identify both the constant of integration and

11This differs from GNR, who assume that labor is predetermined. We relax this assumption since we
want to allow firms to adjust labor in response to persistent shocks in productivity (ηjt).
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TFP only up to an additive constant, we follow GNR in normalizing Ψ to be mean zero and

so allow the constant to show up in the level of productivity. This gives us the following

second-stage estimating equation:

ỹjt = −
∑

0<τk+τ`≤2

ατk,τ`k
τk
jt `

τ`
tj +

∑
0≤a≤1

δa

(
ỹjt−1 +

∑
0<τk+τ`≤2

ατk,τ`k
τk
jt−1`

τ`
tj−1

)a

+ ηjt. (7)

Since E[ηjt|kjt, `jt−1, Ijt−1] = 0, the only endogenous variable is `jt. Thus we can use

functions of the set {kjt, kjt−1, `jt−1, `jt−2,mjt−1, ỹjt−1} as instruments. In particular, our

moments are E[ηjtỹ
a
jt−1] and E[ηjtk

τk
jt `

τ`
jt−2] for all 0 ≤ a ≤ 1 and 0 < τk + τ` ≤ 2, leaving us

exactly identified.12 This provides us with estimates of the production function parameters

as well as ω̂jt, η̂jt and ˆ̄ωjt ≡ ĥ(ω̂jt−1) = δ̂0 + δ̂1ω̂jt−1.

4 Empirical Results

4.1 Non-Parametric Analysis

We start our analysis by discussing the relation between changes in firm-level productivity

and workers’ wage growth using a simple, non parametric approach. For doing that, we

pool our sample of firms and individuals between 1995 and 2012 and we sort firms by their

productivity growth in one hundred bins. Then, within each bin, we calculate different

moments of the wage growth distribution: the mean, the standard deviation, and the 90th,

50th, and 10th percentiles. Moments are weighted by firm’s employment so as to reflect the

underlying firm size distribution within each bin.

The left panel of figure 3 shows the average wage growth within each bin of the TFP

growth distribution. Three aspects of the plot are worth noticing. First, the average wage

growth is remarkably stable from the first percentiles of the distribution - where the typical

firm experiences a large decline in TFP - up to the 80th percentile of the distribution.

This suggests that most firms provide insurance to their workers from changes in firm-level

productivity. Second, the average wage growth increases dramatically as we move above the

fifth quintile of the TFP growth distribution. The typical firm above the 80th percentile of

the TFP growth distribution experiences an increase of TFP of 25% which translates into

12As pointed out by GNR, this implies that the estimator is a sieve-M estimator, which allows us to do
inference treating the polynomials as if they were the true parametric structure.
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Figure 3: Average Wage Growth Across the TFP Growth Distribution

Note: The left panel of figure 3 shows the employment weighted average of the workers’ wage growth
distribution within each percentile of the TFP growth distribution for a sample of workers that stay in the
same firm for two consecutive period. The right panel displays the same statistic for the set of worker that
switch firms between two consecutive periods.

an average wage growth of 20% for the workers of these firms. Finally, considering how

flat the relation between wage growth and TFP growth is across most of the TFP growth

distribution, it is not surprising that most papers in the literature find very small average

passthrough from TFP to wages.

How does wage growth vary for workers that switch between firms? To provide a first

answer to this question, the right panel of figure 3 repeats the previous analysis by calculating

the average wage growth for switchers within each percentile of the TFP growth distribution.

Importantly, the TFP growth percentiles in the x-axis in both plots of figure 3 are the same so

we can directly compare them. Still, the interpretation of a TFP change is slightly different.

In the left panel, a TFP change reflects the change in the productivity of the same firm across

time whereas in the right panel, a TFP change reflects the gap in productivity between two

different firms across time. We discuss and control for this in the analysis below. The right

panel of figure 3 shows two important results, first, workers that move between firms whose

TFP differential implies a growth rate at the left tail of the TFP growth distribution obtain

almost no wage growth. Moreover, these workers observe lower wage growth than the average

worker that stays in the same firm conditional on the firm experiencing the same decline

in TFP. Second, workers that move to more productive firms do experience a wage growth,

which is higher than the wage growth of workers that stay in the same firm conditional on

the firm observing the same TFP growth. In fact, the average wage growth for stayers and

switchers crosses at around the 40th percentile of the TFP growth distribution.
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Figure 4: Dispersion of Wage Growth Across the TFP Growth Distribution

Note: The left panel of figure 4 shows the employment weighted 90th-to-10th percentiles spread of the
workers’ wage growth distribution within each percentile of the TFP growth distribution for a sample of
workers that stay in the same firm for two consecutive period. The right panel displays the same statistic
for the set of worker that switch firms between two consecutive periods.

We also find significant differences in the dispersion of wage growth across the TFP

growth distribution. In fact, firms at the top and bottom of the distribution of TFP growth

command higher wage growth dispersion for their workers relative to firms in the middle

of distribution. To see this, the left panel (right panel) of figure 4 shows the 90th-to-10th

percentiles spread of the wage growth distribution within different percentiles of the TFP

growth distribution for workers that stay in the same firm (switch across firms). The figure

shows a marked u-shaped pattern with more dispersion at the top and bottom. In fact,

dispersion of wage growth at lower percentiles of the TFP growth distribution is almost 30

percentage points higher than the dispersion of wage growth among workers in firms at the

middle of the TFP growth distribution. The difference is even more stark between workers

in the middle and at the top of the TFP growth distribution: relative to the middle of the

distribution, dispersion of wage growth almost doubles at the highest percentiles of the TFP

growth distribution.

In summary, our simple non parametric analysis shows a substantial heterogeneity of

firm insurance across firms and positive relation between productivity growth and wage

growth. Still, this heterogeneity can be the product of differences across workers, across

firms, and over time, which cannot be easily captured by the simple setting we have discussed.

Moreover, selection of workers and firms into different groups might impact our results. In

the following section we control for observable characteristics of stayers and switchers to

show that passthrough is positive and economically significant.
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4.2 Passthrough from Productivity Shocks to Wages

4.2.1 Baseline Results

In this subsection we analyze the passthrough of firms’ shocks to workers’ wage growth. We

focus on a simple regression analysis for two reasons. First, this simple approach is similar

to what has been used in the previous literature, allowing us to more directly compare

our results with other papers. Second, we aim to highlight that even if one puts aside

selection considerations, the passthrough from TFP shocks to workers’ wages is positive and

economically significant.

As described in section 3, our baseline analysis is based in a series of OLS panel regressions

of the form,

∆ logwijt = α + βηηijt + βεεijt + Z′jtγ +X ′itλ+ δt + εijt (8)

where the main coefficients of interest are βη and βε, the elasticity of wages to changes in

persistent and transitory shocks to firm-level productivity. In this section we restrict our

sample to stayers, who are workers employed at the same firm in periods t− 1 and t.

Table 2 displays our first set of results. Column (1) shows that the passthrough from

TFP shocks to wage growth is positive and statistically significant for stayers. This is true

for both the persistent component of the TFP shock as well as the transitory component.

Our baseline results indicate that a 10% increase in the persistent component of firm’s

TFP drives an increase of 0.16% in workers wages. The same change in the transitory

component generates an increase in wages of 0.4%. Hence, our results suggest that both

types of productivity shocks, transitory and persistent, have a significant impact on workers

wages.

We evaluate the monetary value of firm shocks by simply multiplying the change in

the average wage generated by a positive productivity shock of one standard deviation. The

column labeled Value in table 2 shows that a shock of one standard deviation in the persistent

component of firm TFP implies a change in annual income of around $251 USD for a worker

making the average wage. A one standard deviation transitory innovation in firm-level TFP

implies a change in annual income of around US$792. Together they represent 2% of the

overall income per capita in Denmark. Considering that in any given year around 33% of

firms (which employ around 40% of all the workers in the economy) receive either a persistent

or transitory productivity shock that is at least one standard deviation away from the mean

(6% of firms and 8% of workers experience both), this represents a significant aggregate
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change in income. Moreover, our measure of wages reflects only changes in the individual’s

wage rate. Using a more standard measure of income, one that includes changes in the

number of hours, would increase the elasticity of workers’ wages to firms’ shocks.

Does the sign of the change in TFP matter for the passthrough from TFP to wages? To

answer this question we separate workers employed by firms experiencing a negative pro-

ductivity shocks from those workers in firms experiencing a positive productivity shocks.

We then run the same specification in equation (8) within each group of workers. Columns

(2) and (3) of table 2 show the results. First, notice in column (2) that the coefficient on

negative permanent TFP shock changes to basically zero and is not statistically significant,

suggesting that firms insulate workers from negative shocks to persistent productivity. Col-

umn (3) however, shows a significant and positive correlation between positive shocks to

persistent TFP and wage growth, indicating that firms pass a fraction of positive changes

in productivity to wages. In monetary values, a change in permanent TFP shock of one

standard deviation, conditional on this change being negative, translates into a decline in

annual labor earnings of only $16 for a worker with the average wage in that group, whereas

a positive change in TFP translates into an increase in annual labor earnings of $671 for that

same worker. The effect of transitory TFP shocks on wages is significant for both negative

and positive shocks, showing a similar asymmetric effect to the persistent shocks.

The positive but small relationship between negative and persistent shocks to firm’s TFP

and wage growth that we find falls in line with results found in other papers (see for instance

Juhn et al. (2018) and Rute Cardoso and Portela (2009)). These results are based on the

sample of workers that stay in the same firm for two consecutive periods. However, these

regression results might be biased by the presence of selection into the status of “stayer”.

We discuss this in the next section and implement a simple method to correct for the effect

of selection on the passthrough coefficients.

4.2.2 Selection

As we discussed in section 3.2 selection might have a substantial impact in measuring the

effects of firms’ shocks to workers’ wages. This problem arises because the sample considered

in the first three columns of table 2 is defined only for continuing workers who have stayed at

same firm, neglecting the possibility that the probability of staying may be correlated with
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passthrough and expected change in wages.13 For instance, after a negative productivity

shock firms might decide not to reduce wages but lay off some workers to reduce labor costs.

Since these workers are not counted as stayers, we do not consider the effect of changes in TFP

on their wages, effectively reducing the measured impact of negative changes of productivity

on wages. Workers who are most exposed to or expect large passthrough from negative shocks

may also voluntarily choose to leave the firm. Similarly, the effect of positive productivity

shocks might be downward biased. Workers facing large passthrough effects from a positive

TFP shock may be very high skilled workers who are more likely to be poached by, or leave

for, other firms. In this section we make some progress in controlling for selection using the

simple Heckman selection method outlined in section 3.2.

Columns (4) to (6) of table 2 show that the results after correcting for selection are quite

different. First of all, the coefficient for ηijt in column (4) almost triples in magnitude relative

to the impact of persistent TFP shocks on wages when one does not control for selection

(compare to column (1)). The selection-corrected results imply that a worker in a firm that

experiences a persistent shock to TFP of one standard deviation will receive an average

increase in her annual earnings of $705, or 1.4% of the average annual income. This increase

in the passthrough from firms’ productivity to workers’ wages points to a much smaller role

for the firm as a source of insurance for the worker. This holds true for both positive and

negative shocks. Starting from column (5), the effect of a negative productivity change

goes from being near zero in column (2) to 0.035 in column (6) and it becomes statistically

significant. This implies that a worker in a firm receiving a negative permanent productivity

shock of one standard deviation sees his annual income reduced by $537, a value that is much

larger relative to the value measured when one does not control for selection. We also find

a significant increase in the effect of a positive permanent productivity shock into wages as

it is shown in column (6) of table 2. In this case, a positive persistent productivity shock of

one standard deviation commands an increase in wages of more than $1,000, that is, almost

2.6% of the average income per capita.

There are several conclusions we can draw from these results. First, there is asymmetry

in worker exposure to firm-level TFP shocks. Firms appear to pass positive shocks to work-

ers more than they pass negative shocks, providing some insurance against movements in

wages. Second, it seems that selection biases the estimated passthrough coefficients down-

wards on average, as both the overall and negative shock passthrough coefficients increased

13In Appendix A, we investigate the effect of firm productivity shocks on the probability of worker entry
and exit, confirming that firm-level TFP shocks do drive worker flows in and out of the firm. The direction
of the bias, however, is not ex-ante clear.
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dramatically after correcting for selection. This confirms our intuition that both workers and

firms may exit when faced with big negative TFP shocks or threats of significant negative

passthrough. However, there is also a positive selection bias, with the effect of a positive

shock doubling after correction. This is possibly due to better workers at firms experiencing

TFP growth leaving for better opportunities. The transitory shock component, however,

is not affected when correcting for the selection bias. This is intuitive and fits with the

underlying model of firm optimization – firms and workers make their employment decisions

in period t with information on the persistent shock to TFP ηjt, but not the transitory

shock εjt. Workers can not ex-ante predict and react to the transitory component of TFP,

so selection has almost no effect on the transitory shock coefficient.

To sum up, firms TFP shocks have a sizable and significant passthrough effect on worker

wage growth. After carefully correcting for selection bias, the joint effects of TFP shocks on

wage growth is much bigger than commonly found in the literature. To put into context, a

one standard deviation shock to both the permanent and transitory component is associated

with a more than $1,500 change annual income for a worker with the average wage, or 2%

of per capita income. Importantly, passthrough is not symmetric: firms pass more of their

positive persistent and transitory shocks on to workers than their negative shocks. However,

negative passthrough is significant and not negligible – firms are not providing full insurance

or near full insurance to workers when they encounter a negative TFP shock.

4.2.3 Switchers and Stayers

So far we have focused on the effect of TFP shocks on stayers, that is, workers that maintain

a stable employment relationship with a firm for the two years over which the change in TFP

is calculated. This is a natural starting point as changes in wages for continuing workers

can be tied more easily to changes in firm productivity and concepts of insurance against

firm-level risk. Moreover, this is the group of workers that the literature has analyzed more

often, ignoring the effect of firm shocks on the wages of workers that move between firms. In

this section we extend the existing literature to take into account the effect of idiosyncratic,

firm and worker-level, productivity changes on the wages of those workers that move across

different employers. This is a large group of workers: in any given year around 20% of Danish

workers changed employer. Unfortunately, our data does not allow us to directly distinguish

between an individual who passed through an unemployment spell prior to joining a different

employer or had a direct transition between employers. Therefore, we will put aside issues
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related to voluntary or involuntary separations and we will treat all workers who make annual

employment-to-employment transitions the same.

Similar to the previous section, we run a set of OLS panel regressions in which the depen-

dent variable is the change in real wages for a individual between two consecutive years and

the independent variable is the change in the TFP of the firm in which the individual works.

Notice that for switchers the interpretation of a positive or negative productivity shock is

different than for stayers. For the latter group, it represents a productivity change for the

firm in which they work, whereas for switchers it also captures the difference in productivity

between two different firms. Hence, a positive TFP change for a switcher indicates that the

individual moved to a firm with higher TFP relative to the firm at which she used to work,

and this change is independent of the actual change in productivity experienced by any of

the firms. For instance, it is possible that the transition was motivated by a productivity

decline in the firm of origin, or an increase in the productivity of the new firm that poached

the worker, or both. To capture these effects we include in the regression the shocks to the

productivity of both of the firms the individual is transitioning14 In particular, we modify

the model in equation (1) as follows,

∆wijkt = α + βη1ηjkt + βη2ηkkt + Z′jtγ +X ′itλ+ δt + εijkt, (9)

where ∆wijkt is the change in real log hourly wages of an individual that works in firm j

and moved from firm k. ηjkt is defined as the unexpected in period t − 1 innovation to the

firm TFP at which the worker is employed. Specifically, ηjkt ≡ ωjt−E[ωkt|ωkt−1]. ηkkt is the

unexpected in t− 1 innovation to persistent productivity in the firm which the worker left.

As before, the main coefficient of interest is βη1 which reflects the elasticity of a change in

wages as a response to a shock in persistent TFP for the individual.

The right panels of table 2 show the results. Columns (7) to (9) show that the effect

of TFP changes on wages of switchers is much stronger than it is for stayers. Furthermore,

the large difference in dollar values that is associated with the shock to persistent TFP

is largely due to the differences in the standard deviation of TFP changes for stayers and

switchers, as well as their difference in average wages. For example, the elasticity of wage

growth to persistent TFP shocks is almost the same between stayers and switchers when

they face negative shocks (0.035 vs 0.034), but the average wage loss from a one standard

deviation negative TFP shock is $537 dollars for stayers vs $9,142 dollars for switchers,

14Notice that this distinction is irrelevant for stayers as the firm of origin and destination is the same firm.
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or 1.1% of annual average income vs 13.9% annual average income. This stark difference

between stayers and switchers is because that standard deviation of within-firm TFP changes

for stayers is about 0.4, but about 4 for switchers – job switchers experience 10 times more

variance in persistent TFP between years than job stayers. This makes sense since stayer

TFP changes reflect the same firm’s TFP growth, while TFP changes for switchers reflect the

differences between the old and new firm, which can be significant. Furthermore, the average

annual wage for stayers who see a negative TFP shock is $48,800 dollars, while switchers

the average is $65,800 dollars. Therefore the same passthrough parameter is associated with

drastically different wage losses for stayers and switchers.

5 Heterogeneous Passthrough

In this section we study how the passthrough from changes in firm TFP to worker wage

growth varies across the distribution of worker and firm types. We focus on how passthrough

differs across worker age and income levels, across firm productivity levels, and across the

business cycle. We also investigate how wages are affected for workers moving between firms

of differing productivity.

5.1 Worker Side Heterogeneity

High versus Low Wage Workers

We first study how passthrough from firm shocks to worker wages varies across workers of

different income levels. We split our sample of stayers into two groups. First, we classify

workers in a given year as “low income” if their labor earnings are below the 20th percentile

of the labor earnings distribution in that year and we classify workers as “high income”

if their labor earnings are above the 80th percentile for that year. We then estimate the

effect of shocks to firm TFP on wages within each of these groups, correcting for selection

as described in section 4.2.2.

The results both with and without selection correction are shown in table 3. The differ-

ences between low and high wage workers are staggering: selection issues aside, the response

of wages to changes in firm-level TFP are, on average, much higher for high wage workers

relative to low wage workers. For instance, comparing columns (1) and (4) in the top panel
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of table 3 (panel A) we see that a shock in the persistent component of TFP of one standard

deviation implies a change in worker earnings of about $2,000 more if the individual is a

high wage worker relative to a low wage worker. Even after considering that high wage

workers receive labor earnings that are in average two-times higher than the income of low

wage workers, the effect on high wage workers is still much bigger. In fact, a change in

income associated with one standard deviation of permanent TFP shock is about 3.3% in

the annual earnings for high wage workers compare to 2.0% annual earnings for low wage

workers.15 We also find large differences when comparing the effects of positive and negative

shocks. Looking at columns (2) and (3) for instance, we see that the elasticity of negative

shocks is roughly two thirds the wage elasticity for positive shocks among high wage workers.

We observe similar results for low wage workers.16

Note that for both high wage worker and low wage workers, the passthrough effect from

persistent TFP shocks to wage growth is much higher than it is for average wage workers

(column 4 to 6 in table 2). This is suggests that middle wage workers (those whose income

ranges from the 20 to 80 percentiles) are the least sensitive to firm TFP shocks. Finally, the

level of transitory shock passthrough is similar for high and low wage workers.

Young and Old Workers

Workers may be more or less exposed to firm TFP shocks depending on their age. One might

expect that older workers are likely to be more experienced on average or have greater tenure

and therefore are potentially more insured by firms than workers who have just entered the

firm. Differences in passthrough across age may also be due to age-related selection into high

or low passthrough firms, industries or occupations. We divide our sample of workers by age,

and define workers who are younger than 35 years old as “young workers”, and define workers

who are older than 50 as “old workers”. The results are shown in the bottom panel of table

3. As expected, the effect of persistent TFP shocks on wage growth is stronger for younger

workers than older workers. The passthrough elasticity for younger workers is almost three

times that for older workers. In dollars, the average younger worker experiences a more than

$1,500 dollar wage change from a one standard deviation shock to persistent TFP, while for

older workers, this number is $654. This is an large effect for younger workers considering

15Real average annual income for high wage workers is around $85,000 whereas for low wage workers is
around $35,000.

16As before, selection has an important impact on the estimates more so for negative shocks and for high
wage workers – who also appear to be significantly more exposed to income risk due to negative firm shocks
than low wage workers.
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Table 3: Passthrough is Highly Heterogeneous Across Worker Types

(1) (2) (3) (4) (5) (6)
A High Wage Workers Low Wage Workers

∆TFPjt −∆TFPjt +∆TFPjt ∆TFPjt −∆TFPjt +∆TFPjt

Persistent (βη) 0.109∗∗∗ 0.110∗∗∗ 0.154∗∗∗ 0.067∗∗∗ 0.047∗∗∗ 0.096∗∗∗

Transitory (βε) 0.058∗∗∗ 0.044∗∗∗ 0.080∗∗∗ 0.045∗∗∗ 0.042∗∗∗ 0.047∗∗∗

$Value (βη) $2,669 $2,702 $3,759 $621 $436 $873
% of Income (βη) 3.3% 3.3% 4.6% 2.0% 1.4% 2.9%

B Young Workers Old Workers
∆TFPjt −∆TFPjt +∆TFPjt ∆TFPjt −∆TFPjt +∆TFPjt

Persistent (βη) 0.116∗∗∗ 0.114∗∗∗ 0.205∗∗∗ 0.041∗∗∗ 0.031∗∗∗ 0.074∗∗∗

Transitory (βε) 0.050∗∗∗ 0.040∗∗∗ 0.060∗∗∗ 0.039∗∗∗ 0.028∗∗∗ 0.059∗∗∗

$Value (βη) $1,594 $1,590 $2,702 $654 $520 $1,158
% of Income (βη) 3.5% 3.4% 6.2% 1.2% 1.0% 2.2%

Note: Table 3 shows a set of panel regressions controlling for firm and worker characteristics. In each column, the dependent
variable is the growth rate of real wages for individuals that stay in the same firm for two consecutive periods. The main
explanatory variables are estimated shocks to the transitory and persistent components of firm-level (log) TFP. The row
named Value (USD) shows the change in real wages resulting from a one standard deviation shock to TFP for a worker
with the average wage for that group. The top panel shows estimates without correcting for selection while the bottom
panel shows selection-corrected estimates. High wage: top 20% of wage distribution; Low wage: bottom 20% of wage
distribution. ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Robust standard errors are clustered at the firm level.

that their average annual wage is almost $10,000 dollars lower than for older workers. Similar

with previous results, workers are relatively more sheltered from negative shocks than from

positive shocks, but negative passthrough is still significant. As we found with high and low

wage workers, there is not nearly as much heterogeneity in transitory shock passthrough as

there is for persistent shock passthrough, though passthrough from transitory shocks are still

economically and statistically significant.

5.1.1 Long Term Effects of Shocks

So far we have focused on the effect of transitory or persistent productivity shocks on one-year

wage change. Hence, a natural question is whether the passthrough we have documented

so far in our analysis represents transitory or permanent shocks to worker wages. This is
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important as firm productivity shocks that translate to permanent changes in worker wages

represent a source of risk that is more difficult to insure against. To look at this we run

regressions of the form

∆ logwijt = α + βηηj,t + Z′jtγ +X ′itλ+ δt + εijt, (10)

where, unlike our basic specification in equation 1, the dependent variable is defined as

∆ logwijt = logwijt+3 − logwijt−1. Hence, the coefficient βη captures the long lasting effect

on wages of a change in the persistent shock to firm’s productivity, η. Thus we are looking

at the effect of a shock in TFP in period t on the total change in wages from t− 1 to t+ 3.

Table 4 shows the results for several dimensions of heterogeneity. First it is clear that

productivity shocks at the firm level have a long lasting impact on workers wages and this

effect greatly differs across groups. For instance, a high wage worker of a firm that experiences

a positive change in productivity of one standard deviation between periods t− 1 and t will

have gained by period t + 3 a total of $5,800 USD more than an similar worker at an

otherwise identical firm with no TFP shock. The effect for low wage workers is smaller but

still significant as a change of one standard deviation in productivity generates a 1% increase

in their wages after a year. Negative productivity shocks at the firm level also have long

lasting effect on workers wages, specially for high wage workers and young workers.17

5.2 Firm Side Heterogeneity

Does passthrough differ for workers employed by firms in different sectors? Do more produc-

tive firms pass a larger or smaller fraction of their productivity gains to wages? To answer

the first question we take the sample of continuing and run our passthrough analysis within

a set of narrow industry groups.

The left panel of figure 5 shows the passthrough coefficient by industry sorted by the

magnitude of the coefficient associated with a positive persistent productivity shock. First,

notice the marked heterogeneity across sectors. For instance, the passthrough for the Trans-

portation sector is almost ten times the passthrough estimated for Utilities. Second, Manu-

facturing sits close to the bottom of the distribution with a coefficient that is close than the

17Our results also suggest a significant role for transitory shocks – the εj,t in the firm’s productivity process
– on long term changes of worker wages although the effects are smaller relative to the persistent shock but
still significant. In fact, shocks to the transitory component of productivity have an impact on wages that
is half as much as the impact of the persistent component.
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Table 4: Productivity Shocks Have Long Lasting Effects on Worker Wages

(1) (2) (3) (4) (5) (6)
A Stayers Expansion

∆TFPjt −∆TFPjt +∆TFPjt ∆TFPjt −∆TFPjt +∆TFPjt
Persistent (βη) 0.027∗∗∗ 0.024∗∗∗ 0.046∗∗∗ 0.037∗∗∗ 0.018∗∗∗ 0.082∗∗∗

$Value (βη) 419 369 688 570 285 1,258
% of Income 1% 1% 1% 1% 0% 2%

B High Wage Low Wage

Persistent (βη) 0.238∗∗∗ 0.239∗∗∗ 0.246∗∗∗ 0.046∗∗∗ 0.030∗∗∗ 0.051∗∗∗

$Value (βη) 5,874 5,874 6,009 419 285 453
% of Income 7% 7% 7% 1% 1% 1%

C Young Old

Persistent (βη) 0.113∗∗∗ 0.101∗∗∗ 0.144∗∗∗ 0.031∗∗∗ 0.039∗∗∗ 0.021∗∗∗

$Value (βη) 1,544 1,409 1,896 503 637 335
% of Income 3% 3% 4% 1% 1% 1%

Note: Table 4 shows a set of panel regressions controlling for firm and worker characteristics. In each column, the dependent
variable is the growth rate of real wages between period t−1 and period t+3. The main explanatory variable is the persistent
component in the firm’s productivity process. The row labeled Value (USD) shows the change in real wages resulting from a
one standard deviation shock to TFP for a worker with the average wage for that group. The definitions of stayer/switcher,
high/low wage and expansion/recession are as in previous tables. ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Robust standard
errors are clustered at the firm level.

economy average. The right panel of figure 5 shows the passthrough coefficient for a negative

productivity shock. The differences across industries are again remarkable. It is also clear

that industries that command high positive passthrough are not the same industries that

generate high negative passthrough. Case in point is Finance, which negative passthrough

ranks amongst the highest but commands a negative – and not statistically significant –

passthrough from positive productivity shocks.

Next, we study whether firms of different productivity levels pass shocks differently to

their workers. For instance, it is possible that firms which experience a persistent decline in

productivity cannot continue to operate without reducing the wages of their workers. In such

cases, we should see a higher passthrough among lower productivity firms. In contrast, if low

productivity firms are more vulnerable to productivity shocks due to financial constraints

or other frictions, they may leave the market and therefore low TFP firms that stay in the

market may show lower passthrough. We defined high productivity firms as those at the
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Figure 5: Passthrough by Industry
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Note: The left panel of figure 5 shows the coefficient of the change in firm-level productivity on a OLS panel
regression as in equation (1) conditional on the productivity change to be positive within aggregate industry
groups. The right panel shows the results for negative productivity changes. All coefficients are statistically
significant at the 1% level with robust standard errors clustered by firm.

top quintile of the TFP level distribution whereas low productivity firms are those in the

bottom quintile of the distribution. We then run the same passthrough regression within each

productivity group. The results are shown in table 5. Comparing columns (1) and (4), one

can see that the average passthrough among high TFP firms is one order of magnitude larger

than passthrough among low TFP firms. This difference is more stark in the passthrough

for negative TFP changes. In fact, the passthrough coefficient of negative shocks is positive

and significant for workers in high TFP firms, whereas for workers in low TFP firms, the

passthrough is though significant but very small in magnitude. The passthrough of positive

shocks is also significantly larger among high TFP firms, though generally smaller than the

negative passthrough coefficient. Taken together, these result suggest that low productivity

firms provide better insurance to workers in the face of negative shocks. This result is in

contrast with the intuition that high TFP firms (which are typically larger and potentially

have better access to the financial markets) should be more capable to respond to shocks

without impacting labor earnings.

The higher passthrough among high productivity firms could arise from heterogeneous

response top shocks between high and low productivity firms or from differences between

wage setting.Moscarini and Postel-Vinay (2012) suggests that the employment within large

firms, which are typically more productive, are more responsive to shocks than small firms.

That is, large firms are quicker to respond to reduce employment growth during a recession

to adjust for the lower level of economic activity. Our results indicate that large firms also
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Table 5: Passthrough regression for high and low TFP firms

(1) (2) (3) (4) (5) (6)
High TFP Firms Low TFP Firms

∆TFPjt −∆TFPjt +∆TFPjt ∆TFPjt −∆TFPjt +∆TFPjt
A All Workers

Persistent (βη) 0.215∗∗∗ 0.219∗∗∗ 0.177∗∗∗ 0.025∗∗∗ 0.015∗∗∗ 0.075∗∗∗

$Value (βη) $3,088 $3,088 $2,602 $403 $235 $1,175
% of Income 6.5% 6.6% 5.3% 0.8% 0.5% 2.3%

B High Wage Workers
Persistent (βη) 0.413∗∗∗ 0.401∗∗∗ 0.240∗∗∗ 0.075∗∗∗ 0.074∗∗∗ 0.138∗∗∗

$Value (βη) $10,339 $9,483 $6,495 $1,846 $1,829 $3,374
% of Income 12.4% 12.0% 7.2% 2.3% 2.2% 4.1%

C Low Wage Workers
Persistent (βη) 0.106∗∗∗ 0.097∗∗∗ 0.221∗∗∗ 0.050∗∗∗ 0.034∗∗∗ 0.079∗∗∗

$Value (βη) $906 $822 $1,947 $470 $319 $738
% of Income 3.2% 2.9% 6.6% 1.5% 1.0% 2.4%

Note: Table 5 shows a set of panel regressions controlling for firm and worker characteristics. In each column, the dependent
variable is the growth rate of real wages for individuals that stay in the same firm for two consecutive periods. The main
explanatory variables are estimated shocks to the transitory and persistent components of firm-level (log) TFP. The row
named Value (USD) shows the change in real (USD) wages resulting from a one standard deviation shock to TFP for a
worker with the average wage for that group. Columns 1-3 show results for firms in the top 20 percentile of the TFP
distribution, while columns 4-6 show results for firms in bottom 20 percentile of the TFP distribution. All panels show
estimates correcting for worker-side selection but not firm-side selection. ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Robust
standard errors are clustered at the firm level.

reduce wages in response to shocks. Dividing the sample further by high wage and low wage

workers who work in high TFP and low TFP firms, we see that high wage workers who work

at high productivity firms are the most sensitive to persistent TFP shocks.18

5.3 Business Cycle Heterogeneity

Like the rest of the world Denmark was hit by a severe economic downturn in 2008. The

decline in Danish GDP was under-way at the beginning of 2008 accompanied by a large drop

in labor market hiring and an increase in separation rates. Arguably, workers in recessions

and expansions face different labor market environments and therefore the passthrough from

18Our results can also be affected by the selection of firms into or out of the sample. As discussed in the
main text, if firms of low TFP are more likely to leave the sample and exit the market, then, the passthrough
of negative TFP shocks to wages might be underestimated. Ideally we could use firm borrowing constraints
as an instrument in the selection correction procedure, but we do not currently have that data so firm
selection is a potential issue in our analysis
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Table 6: Passthrough Over the Business Cycle

(1) (2) (3) (4) (5) (6)
Recessions (08-09) Expansions (05-06)

∆TFPjt −∆TFPjt +∆TFPjt ∆TFPjt −∆TFPjt +∆TFPjt
A All Workers

Persistent (βη) 0.083∗∗∗ 0.082∗∗∗ 0.122∗∗∗ 0.036∗∗∗ 0.029∗∗∗ 0.058∗∗∗

Value (USD) $1,326 $1,342 $1,879 $570 $453 $890
% of Income 2.5% 2.5% 3.6% 1.0% 0.9% 1.7%

B High Wage Workers
Persistent (βη) 0.181∗∗∗ 0.205∗∗∗ 0.234∗∗∗ 0.091∗∗∗ 0.091∗∗∗ 0.098∗∗∗

Value (USD) $4,565 $5,186 $5,790 $2,249 $2,250 $2,433
% of Income 5.4% 6.2% 7.0% 2.7% 2.7% 2.9%

C Low Wage Workers
Persistent (βη) 0.076∗∗∗ 0.052∗∗∗ 0.101∗∗∗ 0.053∗∗∗ 0.044∗∗∗ 0.069∗∗∗

Value (USD) $738 $503 $956 $503 $436 $655
% of Income 2.3% 1.6% 3.0% 1.6% 1.3% 2.1%

Note: Table 6 shows a set of panel regressions controlling for firm and worker characteristics. In each column, the dependent
variable is the growth rate of real wages for individuals that stay in the same firm for two consecutive periods. The main
explanatory variable is the change in within-firm (log) TFP. The row named $Value shows the change in real (USD) wages
resulting from a one standard deviation shock to TFP for a worker with the average wage for that group. Columns 1-3 show
results for years 2008 and 2009, while columns 4-6 show results 2005 and 2006. The top panel shows estimates without
correcting for selection while the bottom panel shows selection-corrected estimates. ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
Robust standard errors, below the point estimates, are clustered at the firm level.

firm-level idiosyncratic shocks to wages may also be different. To investigate if this is the

case, we estimate our passthrough regression separately in recession years (2008 to 2009)

and expansion years (2005 to 2006). The results are presented in Table 6.

The left three columns are the results for Recessions, and the right three columns show the

results for Expansions. All panels show the results of estimating passthrough after correcting

for selection. The difference between recessions and expansions is clear: in recessions, on

average, workers experience significant passthrough when firms experience negative TFP

shocks, while in expansions workers are relatively insured against negative shocks – the

passthrough for negative TFP shock is significant but small especially for workers between

the 20th and 80th wage percentiles.

The results in panel A show the average passthrough effect in expansions vs recessions for

all workers. As discussed in the previous subsections, workers with different average wages
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may be affected differently by TFP shocks. This may be especially true along the business

cycle, since potentially low wage workers are more or less sensitive to recessions than high

wage workers. The results shown in panels B and C confirm this difference between wage

groups. Low wage workers don’t have much variation compared to high wage workers in terms

of passthrough elasticity, but do see a stronger passthrough effect in recessions compare to

expansions. High workers are much more sensitive to recessions. In the recession, high

wage worker negative shock passthrough is 10 percentage points higher than it is during an

expansion. The difference in the average dollar value is also significant. This is intuitive –

firms may be more likely to adjust wages for workers who are paid highly. At the bottom,

especially when wages are close to the minimum wage, there isn’t much room where firms can

adjust wages, so firms are more likely to adjust among other dimensions such as employment

or working hours. Generally speaking, low wage workers in expansions are least sensitive to

TFP shocks while high wage workers in recessions are the most sensitive. This suggests that

low wage workers get much more insurance from the firm when their firms are hit by TFP

shocks. High wage workers on the other hand do not have nearly as much insurance, so their

wages vary much more due to TFP shocks, especially when the economy is in a downturn.

6 Quantitative Analysis

Our previous analysis establishes the key relations between the shocks affecting the firms

and the passthrough of these shocks to workers earnings. In this section we take these results

as given and study the impact of the passthrough from firms’ shocks to workers’ wages for

inequality and welfare. Doing so is relevant for at least two reasons. First, will allow us to

evaluate the social value of the insurance provided by the firms and also to estimate how

much workers would be willing to pay in order to increase the degree of insurance they receive.

Second, given the large differences in passthrough observed in the data across workers and

firms with different characteristics, using a model will allow us to better evaluate the welfare

costs of this heterogeneity, the cost of idiosyncratic income fluctuations, and the welfare cost

of firm-level shocks.

In order to make progress on these issues, we first estimate a stochastic income process

that incorporates both firms’ and workers’ characteristics. In particular, we extend the

standard stochastic income process adopted in the literature by incorporating firm-level

shocks that are passed to workers in different degrees. Importantly, we jointly use worker-

and firm-level data. Most papers which estimate income processes use only data on individual
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characteristics, wages, and transitions across different employment statuses (see for instance

Low et al. (2010) and Guvenen (2007)). To the best of our knowledge, this is one of the

first papers to directly use firm-level shocks and passthrough to wages in the estimation of a

stochastic income process allowing for an asymmetric and heterogeneous response of wages

to firm shocks.

We then incorporate the estimated income process in an otherwise standard incomplete

markets life-cycle consumption-savings model. Using this model we study the welfare value

of the (partial) insurance provided by the firms. We do this by means of three counterfactual

exercises. In the first, we completely eliminate the insurance provided by the firms (i.e. we

allow the passthrough from firm shocks to wages to be equal to one) and we ask what are the

welfare losses relative to the baseline, partial insurance, case. In the second, we compare the

baseline economy with a case in which the passthrough is zero (i.e. full insurance) and ask

how much, in terms of consumption, workers are willing to pay in order to eliminate their

exposure to firm-level shocks. In the following sections we set up the basic properties of the

stochastic income process and the life cycle income model that we will use in our welfare

evaluation.

6.1 Wages and Shocks

We assume that the real wage of an individual i working in firm j in period t, wi,j,t is given

by,

logwi,j,t = µt + xi,j,tΓ + η̃i,t + ε̃i,t + ψi,j,t(zj(i),t, zj(i),t−1), (11)

where µt represents the average level of real wages in the economy, xi,j,t is a vector of

regressors including worker and firm level characteristics, η̃i,t is the persistent component

of wages that is uncorrelated to firm-level shocks, ε̃i,t is the transitory component of wages

that is uncorrelated with the persistent component and with firm-level shocks, and zj(i),t

is a measure of firm j’s TFP which affects all the workers of firm j in period t. Here the

subscript j(i), t denotes the firm at which individual i works in period t. The heterogeneity

in passthrough is captured by the function ψi,j,t which may depend on worker and firm-level

characteristics.19. The function ψi,j,t is flexible in that it allows for asymmetric responses to

increases or decreases in TFP, as well as detailed heterogeneity in the degree of passthrough

19Notice in this formulation that firm TFP and passthrough parameters enter as an exogenous process.
Modeling the endogenous formation of passthrough and decisions of firms in response to exogenous pro-
ductivity shocks, although beyond the scope of this paper, is an important area of our ongoing research
agenda.
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and the possibility that the worker switches firms between periods t−1 and t. As mentioned

in section 3.3, firm TFP can be further expressed as zj,t = g(ωj,t−1) + ηj,t + εj,t, where

g(ωj,t−1) is the anticipated value of productivity, ηj,t is the unanticipated permanent shock

to productivity and εj,t is the unanticipated transitory shock.

Estimation Procedure

We start by estimating firms’ productivity process. To keep the model as tractable as

possible, we assume the TFP follows an AR1 process,

zj,t = cj + ρzjzj,t−1 + ξj,t. (12)

To obtain the first-order-autocorrelation parameter we demean our estimates of firm-level

productivity so cj = 0, and we run the above regression in the data, which gives us a

value of ρz of 0.97. This value is relatively more persistent than the one used in most

of the literature mostly because our TFP estimation carefully controls for observables in

a nonparametric fashion as oppose to attributing much of the variation in firm revenues

to variation in TFP. We discuss in more detail about our TFP estimation strategy and

the corresponding properties in section 3.3.20. We assume ξjt is iid and follows a mean zero

normal mixture distribution: with probability p, ξj,t ∼ N(µ1, σ1), and with probability (1−p),
ξj,t ∼ N(µ2, σ2), where µ2 = − p

1−pµ1. We then estimate the remaining four parameters

{p, µ1, σ1, σ2} following the method developed by Civale et al. (2016). The estimation results

are shown in Table 7. Note that the moments (mean, variance, skewness, kurtosis) that we

use for our estimation in the TFP process are from the worker-weighted TFP distribution.

This simplifies the firm-to-worker match since in the current version of our model we do not

have multi-worker firms. Each firm only employs one worker and therefore we match our

model to the worker-weighted TFP distribution.

Given our estimated process for firm productivity, we then estimate the worker wage

process. In our baseline setting, we assume that firms and workers are randomly matched.

Specifically we first draw firms based on the workers weighted distribution (estimated in the

previous step). We then draw one worker for each firm, so workers and firms matching is

independent. This assumption allows us to search for firm-side parameters and workers-side

20Further investigation and discussion on how the TFP measure in this paper compare to the TFP measures
in existing literature in terms of properties can be found in Chan et al. (2019)
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parameters separately, which greatly simplified the estimation21. One of our key innovation is

that in our stochastic wage process, we capture wage changes that comes from firms passing

TFP shocks to the workers heterogeneously across different worker and firm groups, and

non-symmetrically between positive and negative shocks. We assume that the passthrough

function, ψi,j,t(zj(i),t, zj(i),t−1), is linear and we ignore the time effect and observable effects

for now22. The simplified wage process is then:

log yi,j,t = ηi,t+εi,t+ψ0i,j,szj,t−1 +ψ1i,j,s(zj,t−zj,t−1)1∆zj,t>0 +ψ2i,j,s(zj,t−zj,t−1)1∆zj,t≤0, (13)

where ηi,t is the permanent component of workers wages which follows a standard AR(1)

process: ηi,t = ci + ρηi ηi,t−1 + ζi,t, and εi,t is a transitory component. We assume that

ζ(i, t) ∼ N(0, σζ) and εi,t ∼ N(0, σε), so we have now seven parameters to estimate:

ω = {σεi , σ
ζ
i , ci, ρ

η
i , ψ0, ψ1, ψ2}.

The wage process specified in equation 13 implies the following moments,

∆ log yijt = ∆ηi,t + ∆εit + (ψ11∆zj,t>0 + ψ21∆zj,t≤0)∆zj,t

+ (ψ0 − ψ11∆zj,t−1>0 − ψ21∆zj,t−1≤0)∆zj,t−1

E(log yijt) =
ci

1− ρηi
+ F1(ψ0, ψ1, ψ2, firmparams)

Sd(log yijt) = σεi +
σζi√

1− ρη2
i

+ F2(ψ0, ψ1, ψ2, firmparams)

E(log yijt log yijt−1) =
c2
i

1− ρη
+ ρη

σ2
ζ

1− ρ2
η

+ F3(ψ0, ψ1, ψ2, firmparams)

Sd(∆ log yijt,t−1) =
√

2σεi +

√
2

1 + ρ
σζi + F4(ψ0, ψ1, ψ2, firmparams)

Sd(∆ log yijt,t−3) =
√

2σεi +

√
2

1 + ρ
(1 + ρ+ ρ2)σζi + F5(ψ0, ψ1, ψ2, firmparams).

F1 − F5 are functions of ψ0, ψ1, ψ2, firm parameters, and TFP values which are prede-

termined in the firm side estimation. Given the asymmetric passthrough structure of our

21Alternatively, one could draw firms and workers jointly according to the joint distribution that we
observe in the data. This will then require the joint estimation of all firms side parameters and workers side
parameters as well as the covariance parameters.

22Time effect and workers observable characteristics are added in the full model section, and the estimation
of the full model is ongoing work.
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wage process, it is rather difficult to derive an analysis solution for our parameters. Hence,

we instead use a mixture of simulated method of moments (SMM) and indirect inference

(Smith Jr (1993)) to jointly estimate all seven parameters. Note that the mean and vari-

ance of log wage, the variance of the change of log wages at one and three years, and the

one-period autocorrelation of wages gives us information about the first four parameters. To

identify the three passthrough parameters, consider the auxiliary models:

log yijt = β̄ + β0zj,t−1 + ε1 (14)

∆ log yijt = γ̄ + γ1∆zj,t1∆zj,t>0 + γ2∆zj,t1∆zj,t≤0 + ε2. (15)

The goal is to bring the data and simulated data as close as possible through the lens of

auxiliary model. That is, given a set of parameter guesses, we run the regression of the

auxiliary model using the data (which gives us β̂0, γ̂1 and γ̂2) and using the simulated data

generated from our economic model (which gives us β̃0, γ̃1 and γ̃2). We want to bring (β̂0, γ̂1,

γ̂2) and (β̃0, γ̃1, γ̃2) as close as possible. Matching this auxiliary model’s moments will give

us information about ψ0, ψ1 and ψ2. All together we have seven parameters to be identified,

and we are matching the following eight moments to identify the parameters of the wage

process:

Moments = {E(log yijt),E(log yijt log yijt−1), Sd(log yijt), Sd(∆ log yijt), Sd(∆ log yijt,t−3), β̂0, γ̂1, γ̂2}.

This simple way of estimation will give us the estimation of the seven parameters for the

wage process (ω1 − ω7).

6.2 Estimation Results

We further simplify the estimation considering that workers and firms are ex-ante homoge-

neous. This reduces the number of parameters to be estimated to twelve (five for firms and

seven for workers).23 The estimation results are shown in Table 7, and Table 8 shows the

model fit.

23Our current work extends our estimation method to account for fixed different across different firms and
worker types.
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Table 7: TFP and Wage Parameter Estimation

TFP Parameters

Variable Value Description
ρ 0.9702 AR(1) parameter
p 0.9676 Probability of the normal mixture of innovation in TFP
µ1 0.1409 mean of the first normal distribution in innovation
σ1 0.0017 Standard deviation of the first normal distribution in innovation
σ2 0.7382 Standard deviation of the second normal distribution in innovation

Wage Process Parameters

Variable Value Description
ρη 0.701 AR(1) parameter
ση 0.1884 Standard deviation of the permanent wage shock
σε 0.0537 Standard deviation of the transitory wage shock
cη 3.8 Average component in wage process
ψ0 0.0446 TFP marginal effect on wage levels
ψ1 0.0126 Positive TFP shock marginal effect on wage levels
ψ2 0.0036 Negative TFP shock marginal effect on wage levels

Table 8: Model Estimation Fit

TFP Moments

Variable Data Model Description
E(z) 0 0.0001 Mean of log TFP process parameter
V (z) 14.34 10.35 Variance of log TFP process
S(z) -1.02 -0.91 Skewness of log TFP process
K(z) 3.32 3.89 Kurtosis of log TFP process

Wage Moments

Variable Data Model Description
E(y) 12.74 12.74 Mean log wage (DKK)
Sd(y) 0.15 0.07 Standard deviation of log wage
E(y ∗ yL) 162.28 162.27 Autocorrelation of log wage
Sd(∆(y)) 0.03 0.05 Standard deviation of changes in log wage
Sd(∆3(y)) 0.09 0.09 Standard deviation of changes in 3 periods log wage

β̂0 0.04 0.04 Auxiliary model coefficient
γ̂1 0.009 0.009 Auxiliary model coefficient
γ̂2 0.009 0.009 Auxiliary model coefficient

39



6.3 A Consumption-Savings Model

In this section we study some key implications of the rich earnings dynamics generated by

the stochastic process estimated in the previous section. We pose an heterogeneous agents

incomplete markets life-cycle model in which workers are subject to the stochastic process

described by equation 11. Individuals can borrow and save using a risk-free asset, ai,t, with

gross return (1 + rt). Borrowing is limited by a predefined minimum level which in principle

can depend on worker characteristics. Denote this minimum value as ai,t. We will also

assume that the individuals pay taxes and receive benefits from the government, which will

be modeled to match the Danish system. Finally, individuals value consumption ci,t by

means of a time separable utility function, u(ci,t). The dynamic programming problem of an

individual is given by,

V i
t (ai,t, wi,j,t, µt) = max

ci,t,ai,t+1

{(cit)
1−σ

1− σ
+ βEV i

t (ai,t+1, wi,j,t+1, µt+1)
}
,

subject to

ci,t + ai,t+1 = ai,t(1 + rt) + (1− τt(wi,j,t))wi,j,t + Tt(wi,j,t),

logwi,j,t = µt + η̃i,t + ε̃i,t + ψi,j,t(zj(i),t, zj(i),t−1),

µt+1 = Γ(µt), ai,t+1 ≥ a

where β is the subjective discount factor, σ governs risk aversion and the intertemporal

elasticity of substitution, and µt is the distribution of individuals over idiosyncratic states.

The tax function is defined by τt(wi,j,t) while Tt(wi,j,t) is a government benefits function.

Calibration

To simplify the analysis, we assume that individuals are infinitely lived, and a period in our

model corresponds to a year. The coefficient of risk aversion σ is set to 2 as a conservative

choice. The discount factor is chosen to match a wealth-to-income ratio of 4, the returns to

the risk free asset is set to 3%, and the borrowing limit, a is set equal to the average annual

earnings in the economy.

The key element of our analysis is the stochastic income process faced by workers, and

more importantly, the passthrough of firms’ shocks to workers’ wages. In our baseline analysis

we consider the income process described by equation 13 and the parameters from table 7.

We then consider two cases, the first sets ψ1 = ψ2 = 1 which corresponds to a full symmetric
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passthrough of productivity shocks to wages. The second turns off the passthrough of positive

shocks by setting ψ1 = 1 but ψ2 = 1.

Model Fit

Our model economy is able to generate substantial wealth inequality. Estimates from Jakob-

sen et al. (2017) show that in Denmark, 20% of total wealth is held by households at the top

1% of the wealth distribution, whereas 50% of total wealth is held by the top 10%. The bot-

tom 50% of the distribution holds little to no wealth. In our model, the top 1% holds 15% of

the wealth in the economy whereas the top 10% of households holds 45% of the total wealth.

This is remarkable considering that standard consumption-savings models typically cannot

account well for the large disparities in wealth observed in Denmark or other economies.24

Our first quantitative exercise allows answering the question: what is the value – in

consumption equivalents – that workers assign to the insurance provided by the firms? In

our simple setting, this implies comparing the benchmark economy to one in which firms’

shocks are fully passed to workers (ψ = ψ = 1). Our estimates suggest that workers are

willing to pay a very little amount of lifetime consumption for the insurance provided by

firms (less than 1%). This is because, in a model with infinitely lived workers with access to

a risk-free asset, households can undue the decrease of the insurance provided by the firms by

increasing their life-time savings. The offsetting effect of an increase in capital accumulation

reduces the steady-state value of the insurance provided by firms. At the same time, because

there is an increase in the fraction of positive shocks that are passed to workers, the average

workers wage increases. The value of the insurance for negative shocks, as expected, is more

valuable for workers. We can evaluate that case by considering a 0 passthrough of positive

shock, but a full passthrough from negative firms’ shocks to workers wages. Adding a more

realistic labor income process that takes into account employment status transition and a

richer asset market, both of which are part of our ongoing work, will likely increase the

insurance value provided by the firms.

24For a survey see De Nardi (2015) and the references therein.
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7 Conclusion

In this paper, we offer new evidence on the effect of changes in firms’ productivity on workers’

wages. Using high quality, employer-employee matched administrative panel data we address

two important issues the literature has ignored so far: the effect of selection and the impact

of changes in firm-level productivity for workers that switch between firms. Moreover, we

provide a more direct measure of firm’ total factor productivity and we explore several

degrees of heterogeneity among firms and workers types.

To control for selection, we use a novel approach that exploits employment and income

information of spouses to estimate the probability that an individual stays in the same

firm during a particular year. We find that controlling for selection has a major impact in

the passthrough estimates from TFP shocks to wages. In fact, the OLS coefficient more

than doubles when one has controlled for selection relative to the coefficient when selection

issues are not addressed. In general, we find large and economically significant passthrough

coefficients: After we have controlled for selection, we find that a worker in a firm that

experiences a TFP change of one standard deviation sees her annual earnings increase by

$1,500 which is around 2% of the Danish income per capita. Considering that in any given

year 33% of firms - which employ 40% of all the workers in Denmark - receive experience a

persistent or transitory TFP shock of at least one standard deviation from the average, we

see that the effect of firm-level shocks on wages is quite substantial. Furthermore, relative

to continuing workers, the impact of TFP change for switchers is substantially larger.

Heterogeneity plays a major effect on shaping the effect of TFP shocks on wages. In fact,

we find remarkable differences between workers at higher ranks of the income distribution

– who are less insured against the positive and negative shocks affecting the firms – and

workers at the bottom of the income distribution – for which the passthrough is lower and

less economically significant. We also find extremely large differences across industries and

for young and old workers.

In the second part of our paper, we estimate a rich stochastic income process that captures

the salient features we observe in the data. Our major innovation is to consider an inde-

pendent process of firm-level productivity as an additional shock affecting workers earnings

directly and the estimation of a passthrough from the firm’s shocks to workers wages using

indirect inference. Our estimation suggests an important role for firm-level shocks in shap-

ing the dynamics of workers’ labor income. We then incorporate our estimated stochastic

process into an otherwise standard consumption savings model. In our model, the insurance
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provided by the firms is of little value for the workers which can offset an increase in the

passthrough from firm’s shocks to wages – which increases income instability – by increasing

asset accumulation. Incorporating a richer life-cycle into the model and a more realistic asset

market will likely increase the importance of the insurance provided by firms, both of which

are part of our ongoing work.
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Appendix

A Worker Entry and Exit

Not all workers choose or are able to accept changes in wages at their current firm or a new

firm in response to changes in firm productivity. Some workers respond – either willingly or

not – by entering non-employment in the following period either by becoming unemployed

or exiting labor force entirely. Clearly an analysis of wage changes does not really apply to

this group of individuals. However, they are still exposed to the employment effects of firm-

level TFP shocks, and this passthrough may be just as significant and heterogeneous as the

passthrough to wages. So instead of estimating TFP changes effect on workers wage changes,

we estimate if the probability of transitioning from employment to non-employment versus

other firms becomes higher or lower when firms experience large TFP shocks. Furthermore,

we investigate the effect of a firm’s TFP changes on the probability of hiring workers out of

non-employment relative to hiring from other firms. The regression model is as follows:

Sijt = α + β∆TFPjt +Xijtγ + εijt

where Sijt denotes the indicator of individual i’s status change between period t − 1 and t.

For example, Sijt is equal 1 if the worker switches from their current firm in period t into

unemployment in t+1 and 0 otherwise. Alternately, it might indicate that a workers switched

from unemployment in t−1 to their current firm in period t. The variable ∆TFPjt indicates

firm j’s TFP change between t− 1 and t whereas Xijt includes the workers characteristics as

well as the spousal characteristics we include in the selection model. The main parameter

of interest is β, which measures the effect of firm level idiosyncratic TFP changes on worker

probabilities of changing status.

The results of this analysis is shown in Table 9. The top panel of Table 9 shows the

results for workers moving in and out of non-employment whereas the bottom panel shows

the result for job switchers. The left two columns show the effect of TFP shocks on a worker’s

probability of moving into non-employment or another job. The sample here includes workers

who will stay at their firm. The right two columns show the results for workers who move to

firm j in period t. The sample here is workers who were not working at firm j in t-1. Looking

at the top panel, the results suggest that the bigger the size of the TFP shock (positive

or negative), the more likely workers will switch out of their firm into non-employment.
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Positive TFP shocks have a stronger effect on switching out: when firms experience a 1%

TFP increase, the probability that workers move out to non-employment increases by 3.4%.

A corresponding negative shocks also drives this up by 0.2%. This suggests that firms adjust

their labor composition in reaction to large changes in TFP in either direction. The right

two columns tell a strikingly different story where large changes in TFP make it more likely

that a newly employed worker is coming from unemployment. Positive shocks increase the

probability by 2.6% while 1% negative shocks also increase the probability by 1.5%. This

is consistent with the churning story that when firms experiencing large TFP change, there

will be more hiring and firing (churning). Looking at the bottom panel, we see that the TFP

shocks have a very large effect on the probability of a worker leaving for another firm. As in

the selection story, both large positive and negative shocks induce exit to other firms, which

much larger magnitudes than for movements to non-employment. A 1% increase in TFP

leads to a 19.3% increase in the probability that a worker switches to another firm. Finally,

conditional on switching (as opposed to staying in the same firm between t-1 and t), workers

entering a firm experiencing large positive shocks are less likely be coming from another

firm relative to unemployment. However the are more likely to come from other firms if the

TFP shock is negative. The asymmetry on the bottom panel is due to the differences in the

sample in our analysis.

The results in this section further confirmed the importance of properly correcting for

selection bias: when firms shocks are big (positive and negative), workers are more likely to

switch out to another job and to unemployment. This biases our stayer and switcher analysis

and therefore carefully correcting for this bias makes a stark difference in our results.

Table 9: Moving In and Out of Employment

(1) (2) (3) (4)
Move to Come from

−∆TFPjt +∆TFPjt −∆TFPjt +∆TFPjt
Non-employment

β −0.005∗∗∗ 0.025∗∗∗ 0.027∗∗∗ −0.011∗∗∗

Other Job
β −0.102∗∗∗ 0.152∗∗∗ 0.004∗∗∗ 0.034∗∗∗

Note: Table 9 shows a set of linear probability regressions controlling for firm and worker characteristics. In columns
1-2, the dependent variable is an indicator which is 1 if the individual moves from employment to non-employment (top
panel) or another employer (bottom panel). In columns 3-4, the dependent variable is an indicator which is 1 if the
individual has moved to their current job from non-employment (top panel) or another employer (bottom panel). The
main explanatory variable is the change in within-firm (log) TFP spanning the individual’s transition into or out of the
firm. ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Robust standard errors are clustered at the firm level.
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B Model Extension

In this section, we consider the full model with selection. We allow for full asymmetric

passthrough between positive and negative shocks, and we allow heterogeneous passthrough

between stayers and switchers. This work is still ongoing.

Consider that log-wage of individual i that workers in firm j in period t is given by:

log yi,j,t =dt +X ′i,tγ + ηi,t + εi,t

+ψ0i,j,szj,t−1 + ψ1i,j,s∆zj,t1∆zj,t>01St + ψ2i,j,s∆zj,t1∆zj,t≤01St

+ ψ3i,j,s∆zj,t1∆zj,t>01Mt + ψ4i,j,s∆zj,t1∆zj,t≤01Mt (16)

dt represents the average log price of human capital at time t, Xit is a set of workers’

characteristics including age. The indicator 1Mt is equal to one when a worker is new to firm

j. This wage process has a richer structure compare to the wage process in equation 13 in

two ways: 1. it includes individual characteristics and time effects; 2. It allows the switchers

and stayers to have different wage passthrough, in levels and changes. This implies:

∆ log yijt = ∆dt + ∆X ′itγ + ∆ηi,t + ∆εit

+ (ψ11∆zj,t>0,S + ψ21∆zj,t≤0,S + ψ31∆zj,t>0,M + ψ41∆zj,t≤0,M)∆zj,t

+ (ψ0 − ψ11∆zj,t−1>0,S − ψ21∆zj,t−1≤0,S)∆zj,t−1

+ (ψ0 − ψ11∆zj,t−1>0,M − ψ21∆zj,t−1≤0,M)∆zj,t−1 (17)

We could estimate all the parameters either using SMM (2 additional parameters, so add 2

more moments for movers), or use LMP’s method, and directly back out all the parameters

by algebra.

B.1 Consumption Saving Model

Here we apply the wage process from the previous section into a simple consumption saving

model. We allow workers to stay or switch jobs, because selection is in the center of our

analysis. However, we do not consider workers being unemployed for now, because it is not

of our key interests: the passthrough from firms to workers. Adding unemployment will add

one additional dimension to our state space so we are leaving it out for now. We’ll add it

in when we consider workers unemployment risk, for example, a worker who is working at a
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low TFP firm or decreasing TFP firm will have a higher probability of separation.

Individuals chooses their consumption level to maximize their life time utility

V (ai,t, ηi,t, zj,t, zj,t−1,Mi,t,Mi,t−1, age) = max
ci,t,ai,t+1

{
c1−ε
i,t

1− ε
+

β(1− λe)Eζj,t+1,ξj,t+1

[
V (ai,t+1, ηi,t+1, zj,t+1, zj,t, 0,Mi,t, age

′)
]

+βλeEζj,t+1,ξj,t+1

[
max{V (ai,t+1, ηi,t+1, zj,t+1, zj,t, 0,Mi,t, age

′), V (ai,t+1, ηi,t+1, zj′,t+1, zj,t, 1,Mi,t, age
′)}
]}

s.t. ci,t + ai,t+1 ≤ (1 + rt)ai,t + yi,j,t.

log yi,j,t = dt +X ′i,tγ + ηi,t + εi,t

+ ψ0i,j,szj,t−1 + ψ1i,j,s∆zj,t1∆zj,t>01St + ψ2i,j,s∆zj,t1∆zj,t≤01St

+ ψ3i,j,s∆zj,t1∆zj,t>01Mt + ψ4i,j,s∆zj,t1∆zj,t≤01Mt

zj′,t+1 ∼ N(
cj

1− ρj
,

σ2
ξ

1− ρ2
j

)
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