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I present three studies on wages and employment over the business cycle.

In Chapter 1, I provide quasi-experimental evidence that downward nominal wage

rigidity causes firms to destroy jobs and that this effect is empirically relevant for

the macroeconomy. Given the unanticipated nature of the financial collapse in Q3 of

2008, differences across firms in their patterns of seasonal nominal wage adjustment

generated heterogeneity in firms’ exposure to downward nominal wage rigidity in

Q4 of 2008. I find that exposure to downward nominal wage rigidity generated by

firms’ seasonal wage adjustment patterns accounts for 23% of the spike in aggregate

job destruction that occurred in Q4 of 2008.

In Chapter 2, I present descriptive work with Leland Crane and Henry Hyatt

regarding variation over the business cycle in both: i) the composition of employ-

ment by worker and firm productivity, and ii) the degree of assortative matching

between workers and firms. Using employer-employee linked data for the U.S., we

implement a battery of methods for ranking workers and firms by their productivity.



Across all these methods, we find three consistent patterns. First, the changes in

the composition of employment by worker and firm productivity types move in op-

posite directions over the business cycle. During and immediately after recessions,

low-productivity workers are less likely to work, whereas the employment share

of low-productivity firms increases. Second, we find evidence of positive assorta-

tive matching between workers and firms (high-productivity workers are more likely

to work at high-productivity firms). And third, the degree of positive assortative

matching between workers and firms strengthens during the early stages of labor

market downturns as low-productivity workers are disproportionately laid off from

high-productivity firms.

In Chapter 3, I present a methodological advancement in the measurement of

workers’ base wages, variable compensation, and weeks worked in large administra-

tive employer-employee linked data sets that only report workers’ earnings. I develop

a set of machine learning methods that identify each worker’s unobserved persistent

base wages, paydays weeks, and annual bonuses from the worker’s observed quarterly

earnings. I then implement and evaluate the quality of these methods using quar-

terly earnings data in the U.S. Census Bureau’s Longitudinal Employer-Household

Dynamics (LEHD) dataset, an employer-employee linked dataset for the United

States. Using the estimated nominal wages of workers in 30 U.S. states, I document

three patterns of nominal wage adjustment: i) estimated persistent wage changes

exhibit downward nominal wage rigidity, ii) optimal real wage cuts are suppressed by

downward nominal wage rigidity, and iii) workers’ nominal raises follow a Taylor-like

pattern, with the probability of a wage raise spiking every four quarters.
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Preface

Recessions are characterized by surges in unemployment early in the recession,

as job destruction spikes, and then protracted periods of high unemployment, as hir-

ing slowly recovers. This dissertation addresses two long-standing debates regarding

these cyclical fluctuations in employment.

First, macroeconomists have long debated whether downward nominal wage

rigidity plays an important role in these employment fluctuations over the business

cycle. This debate is still ongoing in part because of the dearth of empirical evidence

determining whether there is a causal link between downward nominal wage rigidity

and firm-level employment. In Chapter 1, I present quasi-experimental evidence

that downward nominal wage rigidity causes firms to destroy jobs and that this

effect is large enough in magnitude to be empirically relevant for explaining the

spikes in job loss that occur at the beginnings of recessions.

The quasi-experiment exploits exogenous variation in firms’ exposure to down-

ward nominal wage rigidity that results from the timing of the unanticipated finan-

cial collapse in Q3 of 2008 relative to the calendar quarter in which firms historically

tended to raise their workers’ nominal wages. In 2008:Q4, immediately after the fi-

nancial collapse, firms that historically tended to raise their workers’ wages in the

fourth calendar quarter (“Q4-raising firms”) could choose to freeze workers’ nominal

wages, thereby lowering the firms’ real wage bills. Conversely, firms that typically

raised workers’ wages in the second calendar quarter (“Q2-raising firms”) would

have raised their workers’ wages in 2008:Q2, not anticipating the financial collapse
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in 2008:Q3. As a result, the Q2-raising firms would have had to cut their workers’

nominal wages to achieve a decrease in the firms’ real wage bills similar to that of

the Q4-raising firms. If exposure to downward nominal wage rigidity has a causal

effect on job destruction, we should expect larger increases in the job destruction

rate at Q2-raising firms relative to the Q4-raising firms.

I find that the job destruction rate at Q2-raising firms increased 36% in

2008:Q4, nearly double the 19% increase in the job destruction rate at Q4-raising

firms. I further find that if all firms has been Q4-raisers, then U.S. firms’ real wage

bills at the start of 2008:Q4 would have been 1.1% lower and the spike in the job

destruction rate would have been 23% smaller in 2008:Q4.

Second, macroeconomists have debated the implications of cyclical employ-

ment fluctuations for the overall efficiency of the economy. On one side, are those

such as Caballero and Hammour (1994), who argue that these cyclical employment

fluctuations can represent a “cleansing” of the economy. Such a cleansing effect

could occur if: i) the spike in job destruction reflects workers separating from low-

productivity firms, and ii) the subsequent recovery of employment reflects these

unemployed workers being hired by higher productivity firms. On the other side of

the debate are those, such as Barlevy (2002), who note that recessions could alter-

natively have a “sullying effect” if workers find new employment at lower quality

job matches or experience scarring effects during their unemployment spells.

In Chapter 2, I present descriptive work with Leland Crane and Henry Hyatt

regarding both i) how the composition of employment by worker and firm productiv-

ity varies over the business cycle, and ii) whether the degree of assortative matching
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between workers and firms strengthens or weakens during and following a reces-

sion. Using employer-employee linked data for the U.S., we implement a battery

of methods for ranking workers and firms by their productivity. Across all these

methods, we find three consistent patterns. First, the changes in the composition

of employment by worker and firm productivity types move in opposite directions

over the business cycle. During and immediately after recessions, low-productivity

workers are less likely to work, whereas the employment share of low-productivity

firms increases. The finding that low-productivity firms actually gain employment

share following a recession is consistent with a sullying effect of recessions. Second,

we find evidence of positive assortative matching between workers and firms (high-

productivity workers are more likely to work at high-productivity firms). And third,

the degree of positive assortative matching between workers and firms strengthens

during the early stages of labor market downturns as low-productivity workers are

disproportionately laid off from high-productivity firms.

This dissertation also makes a methodological advancement in the measure-

ment of workers’ base wages in administrative data sets. In Chapter 3, I present

a set of machine learning methods that enable the measurement of workers’ base

wages, variable compensation, and weeks worked from the workers’ observed quar-

terly earnings (which are reported in many large administrative employer-employee

linked data sets). I then implement and evaluate the quality of these methods

using quarterly earnings data in the U.S. Census Bureau’s Longitudinal Employer-

Household Dynamics (LEHD) dataset, an employer-employee linked dataset for the

United States. Using the estimated nominal wages of workers in 30 U.S. states, I
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document three patterns of nominal wage adjustment: i) estimated persistent wage

changes exhibit downward nominal wage rigidity, ii) optimal real wage cuts are sup-

pressed by downward nominal wage rigidity, and iii) workers’ nominal raises follow a

Taylor-like pattern, with the probability of a wage raise spiking every four quarters.

The rich data contained in employer-employee linked data sets have enabled

researchers to explore a broad range of questions examining policy changes, worker

and firm decision-making, and labor market dynamics. The wage measurement

methods presented in Chapter 3 further expand the set of economic questions that

can be addressed. For instance, the measurement of workers’ base wages in an

employer-employee linked dataset is a necessary innovation for the quasi-experiment

presented in Chapter 1. These methods similarly allow the study of many other

important economic questions where the analysis requires decomposing workers’

observed quarterly earnings into their underlying base wages, variable compensation,

and weeks worked.

v



Dedication

To my wife Joanne; my children Katherine, Thomas, and Nielsen; and

my parents Rosanne and Michael - with all my love and gratitude.

vi



Acknowledgments

I am extremely grateful to my advisor, John Haltiwanger, for introducing me

to the study of labor markets, demonstrating how large-scale administrative data

can provide insight to macroeconomic questions, and guiding my investigation of

new research ideas. I am similarly appreciative of the guidance and support I have

received from Henry Hyatt, my mentor at the U.S. Census Bureau. Whether it

is through suggesting new approaches, referencing related literature, or reviewing

my analyses, Henry has been instrumental in shaping my approach to framing and

exploring research questions. I am also indebted to Judy Hellerstein. Judy’s critical

eye both pushed my thinking to new depths and served as a useful check on my

enthusiasm for the next shiny research idea. I thank Borağan Aruoba for teaching
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Chapter 1: Downward Nominal Wage Rigidity and Job Destruction

1.1 Introduction

A prominent question in macroeconomics is the role of downward nominal wage

rigidity (DNWR) in explaining employment fluctuations over the business cycle.

Whether and how DNWR affects employment has important implications for a wide

range of macroeconomic questions, including: why does the effectiveness of monetary

policy differ for contractionary versus expansionary monetary policy shocks; what is

the Federal Reserve’s optimal inflation target; and why do employment and output

exhibit asymmetric fluctuations over the business cycle. Despite the importance of

these questions and the central role of downward nominal wage rigidity in many

New Keynesian DSGE models1 and labor search-and-matching models,2 there is

remarkably little empirical evidence whether DNWR causes firms to destroy jobs

1Kim and Ruge-Murcia (2009), Fagan and Messina (2009), and Schmitt-Grohé and Uribe (2013)
use DSGE models with DNWR to explore the optimal inflation rate. Benigno and Ricci (2011) and
Daly and Hobijn (2014) examine the importance of DNWR for the Phillips Curve. Abbritti and
Fahr (2013) and Schmitt-Grohé and Uribe (2016) argue that DNWR may be responsible for the
asymmetric distribution of unemployment and output over the business cycle. Schmitt-Grohé and
Uribe (2017) examine the role of DNWR in explaining jobless recoveries. Shen and Yang (2018)
demonstrate the DNWR causes the fiscal multiplier to vary over the business cycle. Eggertsson,
Mehrotra and Robbins (2019) include DNWR in a New Keynesian DSGE model exhibiting secular
stagnation.

2Elsby (2009); Carlsson and Westermark (2016); Chodorow-Reich and Wieland (forthcoming);
and Dupraz, Nakamura and Steinsson (2019) embed DNWR into search-and-matching models of
the labor market to examine employment fluctuations over the business cycle.
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(or change their employment allocations more generally).

This chapter presents quasi-experimental evidence that DNWR plays an im-

portant causal role in employment fluctuations through the job destruction margin.

I begin by establishing that within a firm, employees’ nominal wage raises tend to be

synchronized to occur in the same calendar quarter year-over-year, but the calendar

timing of these synchronized wage raises differs across firms. The quasi-experiment

then exploits exogenous variation in firms’ exposure to DNWR generated by the

timing of an unanticipated negative aggregate shock relative to the calendar quarter

in which the firms tend to raise their workers’ nominal wages.

The financial collapse precipitated by the failure of Lehman Brothers in the last

month of 2008:Q3 was a large, unanticipated negative aggregate shock. In 2008:Q4,

immediately after the collapse, firms that historically tended to raise their workers’

wages in the fourth calendar quarter (“Q4-raising firms”) could choose to freeze

workers’ nominal wages, thereby lowering the firms’ real wage bills. Conversely,

firms that typically raised workers’ wages in the second calendar quarter (“Q2-

raising firms”) would have raised their workers’ wages in 2008:Q2, not anticipating

the financial collapse in 2008:Q3. As a result, the Q2-raising firms would have had

to cut their workers’ nominal wages to achieve a decrease in the firms’ real wage bills

similar to that of the Q4-raising firms. If exposure to DNWR has a causal effect on

job destruction, we should expect larger increases in the rate of job destruction at

Q2-raising firms relative to otherwise similar Q4-raising firms.

For the quasi-experiment, I use a 10% random sample of firms from 30 states

in the U.S. Census Bureau’s LEHD data set, an employer-employee linked admin-
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istrative data set covering approximately 96% of employment in each state. I begin

by employing the set of machine learning methods described in Chapter 3 to ex-

tract estimates of the timing and magnitude of each worker’s unobserved persistent

base wage changes from the worker’s observed quarterly earnings. I then use these

estimated persistent wage changes to identify the firm-specific seasonal adjustment

patterns in workers’ nominal wages.

I find that the job destruction rate at Q2-raising firms increased by 36% in

2008:Q4, nearly double that of the 19% increase in the job destruction rate of Q4-

raising firms (who had less exposure to DNWR). I further find that if all firms had

been Q4-raisers, then U.S. firms’ real wage bills at the start of 2008:Q4 would have

been 1.1% lower and the increase in the job destruction rate would have been 23%

less in 2008:Q4. Since this estimate does not take into account the fact that the

Q4-raising firms had less, but still some exposure to DNWR, this estimate is a lower-

bound of DNWR’s role in the spike in job destruction that immediately followed

the financial collapse in 2008:Q3.

The largest contribution of this chapter is to the empirical literature examining

causal links between DNWR and firm-level employment allocation.3 Establishing a

causal link between downward nominal wage rigidity and job destruction specifically,

3A number of other studies have explored DNWR and its effect on employment at a more
aggregate level. Bernanke and Carey (1996) examine the role of DNWR in explaining countries’
differential response during the Great Depression to monetary policy shocks transmitted through
the gold standard. Fehr and Goette (2005) and Ridder and Pfajfar (2017) use variation in localities’
exposure to wage rigidity in a monetary union (Switzerland and the United States respectively)
to identify the effect of DNWR on local employment. Pischke (2018) finds that occupations with
greater wage flexibility (real estate agents) had smaller employment declines in response to the
post-2006 U.S. housing market collapse relative to occupations with more rigid wages (architects
and construction workers). Kaur (2019) examines agricultural employment in Indian villages -
finding that wages exhibit downward nominal rigidity and that this rigidity causes agricultural
employment to fall if a positive rainfall shock is followed by a negative shock.
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or employment in general, is notoriously hard. The challenge lies in identifying

variation in a firm’s exposure to downward nominal wage rigidity that is exogenous

with respect to the unobserved factors affecting its employment decisions. This is

difficult because firms’ wage setting and employment decisions are forward looking

and almost inextricably intertwined.

I am aware of only three studies that examine whether nominal wage rigidity

affects firm-level employment. Card (1990) examines unionized Canadian manu-

facturing firms. He finds that when unionized manufacturing firms are bound by

fixed nominal wage contracts, firm employment moves in the opposite direction of

unexpected real wage changes. While Card focuses on firms’ overall employment,

the studies by Kurmann and McEntarfer (2019) and Ehrlich and Montes (2019)

examine the distinct effects of DNWR on the job creation / hiring and job destruc-

tion / layoff margins. Both studies use employer-employee linked administrative

data to establish a measure of individual firms’ historical incidence of DNWR. They

then examine whether a firm’s job destruction or layoffs respond more strongly to

a negative shock if the firm historically exhibited more DNWR.4 Both studies find

substantial effects on layoffs or job destruction from greater exposure to downward

nominal wage rigidity.

4In the case of Kurmann and McEntarfer (2019), they use LEHD data for Washington state
to construct various firm-level measures of wage rigidity in the years prior to 2008, and then they
examine the differential response of job destruction and other employment outcomes during the
Great Recession at firms with more historical nominal wage rigidity. Ehrlich and Montes (2019) use
administrative data from Germany to construct similar firm-specific measures of historical DNWR.
Since the persistence of productivity shocks may confound the relationship between firms’ historical
incidence of DNWR and current productivity shocks, Ehrlich and Montes (2019) use collectively
bargained wage floors that are set at a region-industry level as an instrumental variable for the
firms’ DNWR measure. These region-industry specific wage floors are valid instruments if, as
Ehrlich and Montes (2019) argue, the business conditions of firms in a given region and industry
do not affect the bargaining of the wage floor for that industry and region.

4



The quasi-experimental evidence presented in this chapter contributes to this

sparse empirical literature in two ways. First, this chapter’s identification strategy

applies to nearly all firms, not just firms in a particular industry or those firms

with high historical levels of nominal wage rigidity. As a result, my empirical re-

sults can be interpreted as the average treatment effect of downward nominal wage

rigidity on job destruction for the population of U.S. firms. Second, this chapter

demonstrates a causal effect of exposure to DNWR on job destruction by relying

on a different set of identifying assumptions than Kurmann and McEntarfer (2019)

and Ehrlich and Montes (2019). Identification in these earlier studies requires that

no confounding variables affect both the historical incidence of DNWR at the firm

(or the industry-region for Ehrlich and Montes) and the firm’s current-period em-

ployment decisions. Thus, persistent negative shocks affecting both the historical

incidence of wage rigidity and current-period business conditions threaten the va-

lidity of these studies’ identifying assumptions. On the other hand, the identifying

assumption of the quasi-experiment presented in this chapter is robust to persistent

negative shocks. Specifically, my quasi-experiment assumes that no confounding

variables affect both: i) the calendar quarter in which a firm has historically tended

to raise its workers’ nominal wages, and ii) the firm’s employment decisions when it

experiences an unanticipated negative aggregate shock.

My quasi-experimental empirical finding that exposure to DNWR causes a

substantial increase in firms’ job destruction rates is inconsistent with many com-

mon macro models of employment with wage rigidity.5 The literature has mostly

5When search-and-matching models of the labor market incorporate wage rigidity, the models
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dismissed the effect of DNWR on job destruction, instead focusing on how DNWR

can affect employment through either the intensive margin of hours worked or the

extensive margin of job creation. My results show that the causal effect of DNWR

on job destruction is sufficiently large that our models should account for DNWR’s

effect on employment through the job destruction margin.

1.2 Data

My proposed quasi-experiment requires panel data on both firms’ employment

levels and workers’ nominal wages at a sub-annual frequency. This chapter uses the

U.S. Census Bureau’s LEHD data set - an employer-employee linked data set with

quarterly earnings for approximately 96% of all employment in a state.

Individuals in the LEHD are uniquely identified by a Protected Identification

Key (PIK) that allows each individual to be tracked across different employers and

locations. Each individual’s quarterly earnings data in the LEHD is derived from

employers’ mandatory unemployment insurance filings. The LEHD identifies em-

ployers at the level of a state employer identification number (SEIN). For simplicity,

I refer to each SEIN as a firm.

I construct a 10% random sample of SEINs from thirty states covering the pe-

tend to assume that the wage rigidity affects job creation, but not job destruction. New Keynesian
DSGE models where wage adjustment costs generate nominal wage rigidity (a la Rotemberg (1982))
oftentimes only find small effects of nominal wage rigidity on employment. DSGE models that
generate nominal wage rigidity using staggered wage adjustment (Taylor (1980)) or random arrival
of wage adjustment opportunities (Calvo (1983)) find larger effects of wage rigidity on employment,
but violate the Barro critique. Barro (1977) argues that models should not generate an effect
of wage rigidity on employment through an assumption that workers and firms ignore mutually
beneficial nominal wage cuts.
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riod from 1998:Q1 to 2017:Q1.6 I chose these thirty states because there are no gaps

in reported quarterly earnings for any of these states over the sample period. When I

examine labor market outcomes for workers, such as employment-to-nonemployment

(EN) or employer-to-employer (EE) transitions, I identify these transitions using

100% of the firms in the 30 states. I then restrict my subsequent analysis to workers

at the 10% random sample of firms. Using 100% of firms ensures that these labor

market transitions are accurately identified (otherwise some EE transitions would

incorrectly be categorized as EN transitions).

The earnings data in the LEHD is complemented with both worker charac-

teristics (age, sex, race, and education) and firm characteristics (industry, firm age,

and firm size) from other data sources. Firm age and firm size are derived from

aggregating one or more SEINs (potentially across states) to the level of the federal

employer identification number (EIN). Although revenue data is not available in the

LEHD data set, each SEIN is linked to an EIN for which I obtain real revenue and

real revenue per worker at an annual frequency from the Census Bureau’s revenue-

enhanced Longitudinal Business Database (Haltiwanger, Jarmin, Kulick and Pen-

ciakova (2019)). Last, I use the methods described in Chapter 3 to estimate the

timing and magnitude of each worker’s unobserved persistent base wage changes

from the worker’s observed quarterly earnings.

6The states included in the primary sample are: CA, CO, CT, FL, GA, HI, ID, IL, IN, KS, LA,
MD, ME, MT, NC, ND, NJ, NM, NV, OR, PA, RI, SC, SD, TN, TX, VA, WA, WI, and WV.
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1.3 Patterns of nominal wage adjustment

Chapter 3 presents evidence that: i) the post-Lasso estimated persistent wage

changes exhibit downward nominal wage rigidity, and ii) workers’ nominal raises

follow a Taylor-like pattern, with the probability of a wage raise spiking every four

quarters. This section complements these findings by showing that the timing of

workers’ annual raises are synchronized within each firm. I find that a worker is

twice as likely to receive a nominal wage raise in the firm’s “typical raise quarter” -

the calendar quarter in which coworkers have historically tended to receive nominal

wage raises at the firm.

I classify a firm as having a particular calendar quarter as its “typical raise

quarter” if two criteria are met. First, at least 33% of raises in previous years oc-

curred in the given calendar quarter. Second, given the observed number of raises in

this calendar quarter and all calendar quarters, I reject the null hypothesis that raises

are randomly distributed with equal probability across the four calendar quarters (I

use a one-sided hypothesis test at the 5% significance level for a binomial distribu-

tion with p = 0.25). I identify typical raise quarters for the firms of 79.6% of workers.

This is likely to be an underestimate of the prevalence of within-firm synchroniza-

tion of annual raises because the procedure for identifying typical raise quarters is

underpowered for firms with relatively few observed nominal wage changes. These

typical raise quarters exhibit some seasonality: the plurality of workers have Q3 as

their typical raise quarter (26%), the fewest have Q2 (10%), approximately the same

share have Q1 and Q4 (16% and 15% respectively), and 12.6% of workers have two
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typical raise quarters.7

To determine whether workers’ annual schedules of wage raises are coordinated

within firms, I test whether the probability that a worker receives a nominal raise

can be predicted using the historical typical raise quarter of coworkers. I focus

only on a typical raise quarter measure based on data from previous years so as to

avoid the concern that firm-wide shocks generate contemporaneous correlation in

coworkers’ raise frequencies. Thus, I estimate the following relationship using OLS:

1 [∆w
ikt > 0] = αdRQikt + Xiktβ + εikt (1.1)

where 1 [∆w
ikt > 0] is an indicator variable equal to one if worker i at firm k receives

a nominal wage raise in quarter t; dRQikt is an indicator variable equal to one if the

calendar quarter in t corresponds to the firm’s typical raise quarter for coworkers

in previous years; and Xikt is a set of control variables that includes the worker’s

age, tenure, quarters since their last wage change, and earnings quintile dummy

variables.

The regression results shown in Table 1.1 indicate that the probability that

a worker receives a nominal raise increases 9.3 percentage points in the firm’s typ-

ical raise quarter, more than doubling the baseline 7.3% probability that a worker

7That nominal wage raises are more likely to occur in the second half of the year aligns with
the hypothesis of Olivei and Tenreyro (2007), which used this fact to show that the effectiveness of
monetary policy differs over the calendar year. Olivei and Tenreyro found when monetary policy
shocks occur in the first half of the year, wages are slower to adjust and output responds more
strongly to the shock.A more recent study by Björklund, Carlsson and Nordström Skans (2019)
examines the implications of seasonal nominal wage rigidity in Sweden and finds that monetary
policy was more effective in periods when the staggered timing of union contracts meant that a
larger share of workers had rigid nominal wages.
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receives a nominal raise in any given quarter. This implies that workers’ annual

nominal raise schedules are strongly coordinated within the firm.

Table 1.1: Probability of nominal wage change & typical raise quarter

Raise Probability Cut Probability
(1) (2) (3) (4) (5)

Typical Raise 8.2∗∗∗ 9.3∗∗∗ -0.3∗∗∗

Quarter (0.9) (0.9) (0.03)

Baseline (Q1) 9.3∗∗∗ 7.3∗∗∗ 1.2∗∗∗ 1.1∗∗∗

(0.6) (0.8) (0.07) (0.10)

Q2 -0.24 -0.09 -0.18∗∗∗ -0.18∗∗∗

(0.37) (0.32) (0.04) (0.04)

Q3 1.94 1.15 -0.28∗∗∗ -0.20∗∗

( 1.14) (0.81) (0.03) (0.05)

Q4 0.55 0.59 0.14 -0.09
(0.32) (0.28) (0.07) (0.10)

Observations 17.4M 10.6M 10.6M 10.6M 10.6M

Note: Outcome variables are indicator variables equal to one if a worker has a nominal
wage raise (1-3) or cut (4-5) in the quarter. Models 1, 3, and 5 include an indicator if
the quarter qualifies as the firm’s typical raise quarter. Models 2-3 and 4-5 include a
set of calendar quarter dummy variables (with the intercept representing the calendar
quarter I). All models include as control variables: worker age, tenure, quarters since
last wage change, and earnings quintile dummy variables. Robust standard errors
clustered at the firm level. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%, 1.0%,
and 5.0% levels, respectively. U.S. Census Bureau Disclosure Review Board bypass
number DRB-B0069-CED-20190725.

1.4 Quasi-experimental evidence that DNWR causes job destruction

To determine whether greater exposure to downward nominal wage rigidity

(DNWR) causes firms to increase their rate of job destruction when faced with a
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negative shock, I require variation in firms’ exposure to DNWR that is exogenous

with respect to the unobserved factors affecting their employment decisions. For this

quasi-experiment, this exogenous variation is generated by the timing of firms’ an-

nual schedule of nominal wage raises relative to an unanticipated negative aggregate

shock.

In any given quarter, firms with more recent typical raise quarters tend to

have real wage bills above their annual average real wage bill. This follows from the

finding that, within a firm, employees’ annual nominal raises are synchronized to

occur in the same calendar quarter year-over-year. This synchronization of annual

raises generates a stair-step pattern in the firm’s quarterly nominal wage bill. Given

positive inflation, the stair-step pattern of nominal wages implies that, over any

given four-quarter period, the firm’s real wage bill spikes in the typical raise quarter,

declines over the next three quarters (as inflation eats away at the fixed nominal

wage), and reaches a nadir immediately before the firm’s next typical raise quarter.

When a large, unanticipated negative aggregate shock occurs, firms with up-

coming typical raise quarters can choose to freeze their workers’ nominal wages,

resulting in quarterly real wage bills that remain below their recent annual average

real wage bills. On the other hand, firms that just experienced their typical raise

quarter would have to cut workers’ nominal wages to achieve a similar decrease in

their quarterly real wage bill. Thus, when an unanticipated negative aggregate shock

occurs, firms will have differential exposure to downward nominal wage rigidity sim-

ply because of differences in their typical raise quarters. If exposure to DNWR has a

causal effect on job destruction, we should expect larger increases in job destruction
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at firms that had their typical raise quarter immediately prior to the negative shock.

The identification strategy of the quasi-experiment relies on two assumptions.

First, it requires an unanticipated negative shock. If firms anticipate the negative

shock, then those firms with typical raise quarters immediately before and after

the negative shock will similarly freeze their workers’ nominal wages. As a result,

when the negative shock is anticipated, firms’ exposure to DNWR is unrelated to

the timing of the shock relative to firms’ typical raise quarters.

Second, the identification requires that, absent these differences in typical raise

quarters, the job destruction rates at firms would have been similar (parallel trends

assumption). Most critically, this requires that the magnitude of the negative shock

is independent of the firms’ typical raise quarters. If the negative shock is stronger

for firms with a particular typical raise quarter, then this differential magnitude of

the shock confounds the effect of exposure to DNWR by typical raise quarter. Any

such confounding invalidates the characterization of treatment versus control groups

based on their typical raise quarters.

1.4.1 Identification from the onset of the Great Recession

To answer whether exposure to DNWR causes firms to destroy jobs at higher

rates, I use the identification strategy described above, focusing on job destruction

in 2008:Q4, immediately following Lehman Brothers’ bankruptcy in September 2008

and the ensuing financial collapse. I look to the Survey of Professional Forecasters by

the Federal Reserve Bank of Philadelphia (2008:Q4) for evidence that the financial
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collapse in September 2008 qualifies as a large, unanticipated negative aggregate

shock. Between August 8th and November 10th of 2008, professional economic

forecasters’ predictions for the annualized real GDP growth rate in 2008:Q4 fell

by 3.8 percentage points, from +0.7% to -2.9%. Their newfound pessimism also

extended into longer-term forecasts, as their predictions for real GDP growth in 2009

fell from +1.5% to -0.2%. Given the dramatic downward revisions of professional

forecasters’ predictions, the financial collapse in 2008:Q3 arguably qualifies as a

large, unanticipated negative aggregate shock.

Although it is impossible to test the assumption that firms’ job destruction

rates at the onset of the Great Recession would have been similar absent their

differences in typical raise quarter, I improve the plausibility of this assumption by

including both firm-specific seasonal dummy variables and industry-by-time fixed

effects as explanatory variables for firm-level job destruction. Table 1.2 reports the

share of start-of-quarter employment in 2008:Q4 for Q2 and Q4-raising firms, broken

down by two-digit NAICS industry, firm age, and firm size in 2008:Q4. Along all

three dimensions, there are significant differences in the share of Q2 versus Q4-raisers

by industry, firm size and firm age. These differences, particularly by industry,

are to be expected since industry-specific seasonal demand patterns may affect the

optimal timing of firms’ annual nominal raise schedules. Given these differences in

industry composition, I control for both firm-specific seasonality (using firm-specific

calendar-quarter fixed effects) and industry-by-time fixed effects (which help absorb

industry-specific shocks in 2008:Q4).
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Table 1.2: Firm characteristics by typical raise quarter

Employment Share at Start of 2008:Q4

Typical Raise Quarter
QWI Any Quarter Q2 Only Q4 Only

Industry (NAICS)
Ag & Mining & Utilities 1.9% 1.6% 1.3% 2.1%
Construction 6.5% 10.2% 18.9% 4.0%
Manufacturing 12.3% 15.2% 11.6% 18.7%
Wholesale & Retail Trade 19.0% 13.9% 16.9% 12.3%
Transportation 3.9% 3.3% 3.4% 4.6%
Information 2.4% 2.5% 0.7% 2.7%
FIRE 6.8% 7.5% 2.8% 9.0%
Professional Services 6.9% 10.8% 6.1% 14.5%
Management 1.9% 2.0% 0.7% 2.4%
Waste Management 7.0% 6.3% 9.5% 3.4%
Education 2.0% 4.0% 0.5% 5.1%
Health Care 13.5% 7.4% 4.0% 10.1%
Arts & Entertainment 1.7% 3.5% 5.8% 2.4%
Accommodation 10.5% 9.3% 15.0% 6.3%
Other Services 3.7% 2.5% 2.8% 2.4%

Firm Age
0-1 4.0% 2.1% 2.6% 1.6%
2-3 4.6% 4.2% 5.3% 3.2%
4-5 4.1% 4.5% 6.0% 3.4%
6-10 9.5% 10.5% 13.8% 8.8%
11+ 77.8% 78.7% 72.3% 83.0%

Firm Size
0-19 19.8% 24.6% 26.8% 24.7%
20-49 10.1% 18.1% 24.4% 16.1%
50-249 15.8% 25.8% 30.8% 24.5%
250-499 5.7% 8.34% 7.0% 9.7%
500+ 48.6% 23.2% 11.0% 24.9%

Note: The “QWI” column reports the share of start-of-quarter employment by industry
from the U.S. Census Bureau’s Quarterly Workforce Indicators data product for the
same 30 states included in 10% random sample from LEHD. The “Any Quarter” column
reports the share of employment in the given industries at firms for which I identify
typical raise quarters. The “Q2 Only” and “Q4 Only” columns report the share of
employment in the given industries with typical raise quarters in Q2 or Q4. U.S. Census
Bureau Disclosure Review Board bypass number CBDRB-2018-CDAR-061.
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Since the parallel trends assumption is untestable, I follow the common prac-

tice of examining both the trend in the differences between Q2 and Q4-raising firms

prior to 2008:Q4 and the relative magnitude of these differences across periods. I use

the same difference-in-differences specification that I use for the quasi-experiment

to estimate the difference in job destruction rates between Q2-raising firms versus

Q4-raising firms in every other sample period. Figure 1.1 plots these coefficient esti-

mates. The two key takeaways from this figure are that: i) there are no economically

or statistically significant pre-trends in the differences between Q2 and Q4 raising

firms, and ii) the magnitude of the difference between Q2 and Q4-raising firms in

2008:Q4 is an extreme outlier relative to the typical magnitude of differences be-

tween these two firm types. (The magnitude of the 2008:Q4 coefficient estimate is

30% larger in absolute value than the next largest coefficient estimate from any other

period and 3.6 times larger than the standard deviation of the coefficient estimates

from all periods.)

1.4.2 DiD: 2008:Q4 job destruction by typical raise quarter

To implement this identification strategy, I begin with a difference-in-differences

estimation of the job destruction rate in 2008:Q4. Firms that typically raise wages

in Q4 comprise the control group. Firms that typically raise wages in Q1, Q2, and

Q3 comprise the three distinct treatment groups. Q1 and Q2-raising firms should

have greater exposure to DNWR since, not anticipating the financial collapse, they

are more likely to have raised their workers’ nominal wages earlier in the year. Of
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Figure 1.1: Period-specific Q2 vs. Q4-raiser differential job destruction coefficient
estimates
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Notes: Coefficient estimates for the differential job destruction rate at firms with typical
raise quarters in Q2 versus Q4 after controlling for firm-specific seasonality, as well as fixed
effects for 2-digit NAICS sector by time, firm age, and firm size. The red dot indicates the
coefficient estimate for 2008:Q4. The dashed grey lines represent ± 2-standard deviations
from the zero mean difference. U.S. Census Bureau Disclosure Review Board bypass
number DRB-B0069-CED-20190725.

these treatment groups, the Q2-raising firms should have the greatest exposure,

since inflation would have had more time to eat away at the nominal wage bill of

Q1-raising firms. The relative degree of exposure to DNWR of the treatment group

composed of Q3-raising firms is more ambiguous, since some Q3-raising firms may

have observed the start of the financial collapse (which began in late 2008:Q3) before

deciding whether to raise their workers’ nominal wages - thus giving them a degree

of nominal wage flexibility similar to that of the Q4-raising control group.

The difference-in-difference specification is:

JDkt = D2008:Q4
kt θQ4 +

3∑
q=1

D2008:Q4
kt DQq Raiser

kt θQq + Xktβt + εkt (1.2)
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where JDkt is firm k’s DHS job destruction rate in period t,8 D2008:Q4
kt is an indicator

variable equal to one if t =2008:Q4, DQq Raiser
kt is a set of indicator variables equal

to one if firm k’s typical raise quarter equals calendar quarter q, and Xkt is a set

of control variables that includes firm-specific calendar quarter fixed effects, as well

as fixed effects for industry by time, firm age, and firm size. The coefficients of

interest are θQ1 and θQ2. These coefficient estimates indicate whether firms with

greater exposure to DNWR destroyed jobs at a higher rate when confronted with a

negative aggregate shock.

I estimate this difference-in-differences specification on all firms in the primary

sample for which I identify the firm as having a typical raise quarter. Table 1.3 shows

the results of this difference-in-differences estimation without industry-by-time fixed

effects (Model 1), with industry-by-time fixed effects (Model 2), and with industry-

by-time fixed effects and employment weighting (Model 3). First, as expected given

the severity of the financial crisis, Q4-raising firms increased their rates of job de-

struction by 1.4 percentage points in 2008:Q4. Second, across all specifications, I

find strong evidence that exposure to DNWR significantly increased firms’ job de-

struction. Specifically, Q2-raising firms, which had the greatest exposure to DNWR

because of their nominal raise schedule, increased their job destruction rates by an

additional 1.3 percentage points (or 2.0 percentage points when weighting by em-

8I compute the DHS rate of change measure proposed by Davis, Haltiwanger, Schuh et al.
(1998) for a firm’s quarterly job destruction rate, as defined by the Census Bureau’s Quarterly
Workforce Indicators. Specifically:

JDkt = max

[
0,

start of quarter employment - end of quarter employment

0.5 start of quarter employment + 0.5 end of quarter employment

]
The DHS rate of change has the advantages of both being symmetric (unlike percent changes) and
capable of handling zero values (unlike logs). It is also bounded between -2.0 and 2.0.
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ployment). This implies that the firms most constrained by DNWR because of their

typical raise quarter increased their job destruction rates by nearly twice as much

as the least-constrained Q4-raising firms. The results for Q1 and Q3-raising firms

are more ambiguous, with statistical significance depending on the model’s control

variables and employment-weighting.

Table 1.3: Difference-in-differences job destruction by typical raise quarter

Dependent Variable Job Destruction Rate
(1) (2) (3)

2008:IV * Q4-Raiser 1.48∗∗∗

(0.16)

Relative to Q4-Raiser

2008:IV * Q1-Raiser 0.34 0.24 1.02∗∗∗

(0.28) (0.25) (0.18)

2008:IV * Q2-Raiser 2.11∗∗∗ 1.30∗∗∗ 2.01∗∗∗

(0.21) (0.26) (0.20)

2008:IV * Q3-Raiser 0.70∗∗ 0.26 -0.22
(0.26) (0.24) (0.14)

Industry*Time FE No Yes Yes
Employment Weighted No No Yes
Mean JD Rate 8.6% 7.7% 4.9%
Observations 5.7M 5.6M 5.6M
R-Squared 0.28 0.29 0.38

Note: The outcome variable is the SEIN-level DHS job destruction rate. This is regressed
on a set of control variables, a 2008:Q4 dummy variable, and this dummy variable inter-
acted with a set of dummy variables indicating firms with typical raise quarters in Q1,
Q2, or Q3. The control variables include firm-specific seasonal fixed effects as well as
dummy variables for firm age and firm size. Models (2) and (3) also include fixed effects
for two-digit industry by time. Quarterly LEHD data from 1999:Q1 to 2014:Q4. Sam-
ple includes only firms with one (and no more) typical raise quarter. Robust standard
errors clustered at the SEIN-level. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%,
1.0%, and 5.0% levels, respectively. U.S. Census Bureau Disclosure Review Board bypass
number DRB-B0069-CED-20190725.
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1.4.3 A further test of the parallel trends assumption

A key concern for the parallel trends assumption is the possibility that sea-

sonal factors in firms’ business conditions could be correlated with both the firm’s

historical typical raise quarter and the firm’s exposure to the financial collapse.

This concern is reinforced by the fact that nominal wage raises in certain industries

appear to be clustered in particular calendar quarters (e.g. firms in professional

services and FIRE tend to raise workers’ wages in Q4, whereas construction and

accommodation firms cluster their typical raise quarters in Q2; see Table 1.2 for

the full breakdown). Even though the difference-in-differences specification controls

for both industry-specific shocks in 2008:Q4 and firm-specific seasonality, it is still

possible that unobserved factors that determine a firm’s historical raise patterns

also affect the magnitude of the shock that the firm experienced in 2008:Q4.

To address this concern, I extend the difference-in-difference estimation model

to determine whether the job destruction rate at Q2-raising firms responded more

strongly than at Q4-raising firms to a given-sized change in revenue. If exposure to

DNWR is the root cause of Q2-raising firms choosing to destroy more jobs, then I

should expect Q2-raising firms to respond more strongly than Q4-raising firms to

similar magnitude negative revenue changes in 2008:Q4. The regression model I

estimate is:

JDkt = D2008:Q4
kt

(
θQ4 + Rktγ

Q4 + DQ2 raiser
kt

(
θQ2 + Rktγ

Q2
))

+ Xktβt + εkt (1.3)
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where the outcome variable, JDkt, is the firm’s DHS job destruction rate; D2008:Q4
kt

is an nxn diagonal matrix where n is the number of observations and each diagonal

element equals one if t=2008:Q4; Rkt is an nx2 matrix where the first column

corresponds to the firm’s year-over-year DHS real revenue change if it is positive

(and zero otherwise), and the second column is the absolute value of the DHS

revenue change if it is negative (and zero otherwise); DQ2 raiser
kt is an nxn diagonal

matrix with each diagonal element equal to one if firm k’s typical raise quarter is

the second calendar quarter; and Xkt is a set of control variables that includes Rkt,

RktD
Q2 raiser
kt , firm-specific seasonal fixed effects, industry-by-time fixed effects, and

dummy variables for firm age and firm size.

The coefficient of interest is the γQ2 coefficient for negative revenue change,

since this indicates whether Q2-raising firms had stronger responses than Q4-raising

firms to a given-sized negative revenue shock. My coefficient estimate from this

difference-in-differences framework is likely to be biased due to a combination of: i)

measurement error resulting from the annual measure of revenue change spanning a

longer time range than the quarterly measure of job destruction, and ii) simultaneity

in the relationship between changes in employment levels and changes in revenue

(since, even absent any demand or productivity shocks, it is standard to assume

that a firm’s labor inputs contemporaneously affect its revenue). In Appendix A.1 I

argue that despite these sources of bias, the coefficient estimate is still informative

as to whether Q2-raising firms responded more strongly than Q4-raising firms to

negative revenue changes in 2008:Q4. First, I discuss how the similarity of Q4-

raising firms’ response to negative revenue changes in 2008:Q4 relative to other
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periods indicates that the bias from measurement error was similar across periods

(and thus is compensated for by the difference-in-differences estimation strategy).

Second, I show that the difference-in-difference framework implies that the γQ2

coefficient estimate is only biased if the Q2-raising firms had a differential response

to negative revenue shocks in 2008:Q4. Furthermore, I demonstrate that, given

standard assumptions about the relationship between revenue and employment, the

simultaneity bias attenuates the coefficient estimate, resulting in an under-estimate

of the true differential response of Q2-raising firms to negative revenue shocks.

There are two significant changes in the sample used for this estimation. First,

annual revenue data is only available in the U.S. Census Bureau’s Revenue-Enhanced

Longitudinal Business Database (rLBD) from 2002. Second, a large fraction of

SEINs are not linked to EINs with revenue data in the rLBD. The mean job de-

struction rates of the original and more restricted samples are similar (7.7% and

7.0%, respectively).

Model (2) in Table 1.4 reports the results of this difference-in-differences es-

timation with the additional revenue change variables and industry-by-time fixed

effects (I include column (2) of Table 1.3 as Model (1) for comparison purposes, since

it uses the same specification with industry-by-time fixed effects and no employment

weighting, but without the revenue change variables).

There are three important takeaways from this table. First, in periods other

than 2008:Q4, the job destruction rate at both Q2 and Q4-raising firms responded

similarly and strongly to negative year-over-year revenue changes. For every 1% fall

in annual revenue, job destruction rose approximately 0.165 percentage points at
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Table 1.4: Differential Q2 vs Q4-raiser job destruction rate & annual revenue
change

Job Destruction Rate
(1) (2)

Q4-Raiser * ∆+Revenue 2.47∗∗∗

(0.13)
Q4-Raiser * ∆−Revenue 16.48∗∗∗

(0.12)
2008:IV * Q4-Raiser * ∆+Revenue -0.52

(0.82)
2008:IV * Q4-Raiser * ∆−Revenue 1.02

(0.76)
Relative to Q4-Raiser

2008:IV * Q2-Raiser 1.30∗∗∗ 0.06
(0.26) (0.36)

Q2-Raiser * ∆+Revenue -0.66∗∗∗

(0.17)
Q2-Raiser * ∆−Revenue -0.68∗∗∗

(0.16)
2008:IV * Q2-Raiser * ∆+Revenue 1.15

(1.89)
2008:IV * Q2-Raiser * ∆−Revenue 7.68∗∗∗

(1.70)

Industry*Time FE Yes Yes
Employment Weighted No No
Mean JD Rate 7.7% 7.0%
Observations 5.6M 1.6M
R-Squared .29 .36

Note: The outcome variable is the SEIN-level DHS job destruction rate. Controls
include fixed effects for firm-specific seasonality, firm age, firm size, and industry-by-
time. Specification (4) also includes measures of positive (∆+Revenue) and negative
(∆−Revenue) annual revenue changes, interacted with the firm’s typical raise quarter.
Quarterly LEHD data from 2002:Q1 to 2014:Q4. Robust standard errors clustered at
the SEIN-level. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%, 1.0%, and 5.0%
levels, respectively. U.S. Census Bureau Disclosure Review Board bypass number DRB-
B0069-CED-20190725.

Q4-raising firms and 0.158 percentage points at Q2-raising firms.

Second, in 2008:Q4, there was no statistically significant change in the response
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of job destruction to either positive or negative year-over-year revenue changes at

Q4-raising firms. Similarly, in 2008:Q4, the response of the job destruction rate at

Q2-raising firms did not change for firms experiencing positive year-over-year rev-

enue changes (which is what I would expect if DNWR is what drives the differential

response of Q2-raising firms).

Last, and most importantly, the responsiveness of the job destruction rate

at Q2-raising firms to negative year-over-year revenue changes increased by 48%,

rising from a 0.158 percentage point increase in the job destruction rate for every

1% decline in revenue to a 0.235 percentage point increase in 2008:Q4. These results

are consistent with the hypothesis that differences in the calendar quarter in which

firms historically tended to raise their workers’ wages caused firms’ job destruction

rates to respond differently to similar magnitude shocks in 2008:Q4.

1.4.4 IV: Raise schedules and the real wage bill - exploring the mech-

anism

According to the reasoning laid out in Section 1.4.1, if downward nominal

wage rigidity causally affects a firm’s rate of job destruction by constraining the

firm’s ability to cut workers’ nominal wages, then the firm will have a higher job

destruction rate in response to an unanticipated negative shock if the firm’s real wage

bill is exogenously above its optimal level. Although it is impossible to observe a

firm’s optimal real wage bill, the firm’s average four-quarter real wage bill is a

reasonable benchmark, since the annual staggering of nominal wage raises implies
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that firms should set the nominal wage such that the expected average real wage

over the year equals its optimal level. Thus, for each firm-quarter observation, I

measure the ratio Wkt of the firm’s real wage bill in the previous period relative to

its four-quarter moving average as follows:

Wkt =

∑
i∈EFY

kt
wrikt−1∑

i∈EFY
kt

∑4
s=1w

r
ikt−s/4

(1.4)

where EFY
kt is the set of full-year workers (workers who have been full-quarter em-

ployees at the firm for each of the last four quarters)9 and wrikt−s is the real wage

of the worker in period t− s (in 2015:Q1 dollars, computed using the Employment

Cost Index (ECI) from the Bureau of Labor Statistics).

The reduced form relationship of interest explores whether a firm’s job de-

struction rate in 2008:Q4 is higher when its start-of-quarter real wage bill ratio is

higher. Specifically,

JDkt = γWkt + γ2008:Q4d2008:Q4
kt Wkt + Xktβt + εkt (1.5)

where JDkt is the firm’s DHS job destruction rate, d2008:Q4
kt is an indicator variable

equal to one in 2008:Q4, and Xkt is a set of control variables that includes firm

fixed-effects, as well as sets of dummy variables for firm age, firm size, and two-digit

industry fixed effects for 2008:Q4.

A simple OLS regression of the model in Equation 1.5 is unlikely to yield a

9Restricting the real wage ratio to include only workers who have been employed for the entire
previous year ensures a consistent measure of relative wages but biases the measure to represent
the real wage ratio of longer-tenure workers.
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causal estimate of the effect of having a higher real wage bill in 2008:Q4 due to a com-

bination of measurement error in real wages and persistent unobserved confounders

affecting both past wages and current-period job destruction (see Appendix A.2 for

a detailed discussion of these endogeneity issues and the expected direction of the

bias). To estimate the causal effect of DNWR on a firm’s rate of job destruction, I

employ an instrumental variables strategy using the firm’s historical pattern of nom-

inal wage raises. As instrumental variables, I construct the employment-weighted

share of a firm’s nominal wage raises that occurred in each of the last three calendar

quarters in previous years (prior to 2007:Q4). For instance, in 2008:Q4, I construct

three instrumental variables for each firm: rQkt−1, rQkt−2, and rQkt−3, which correspond

to the historical employment-weighted share of nominal raises occurring in calendar

quarters Q3, Q2, and Q1 respectively (as a share of all raises).

To construct these raise share variables, I calculate the probability that a full-

quarter employee receives a nominal raise at the firm for each calendar quarter (Q1

to Q4) in the period before 2007:Q4 (pqk where q indicates the calendar quarter).

Then I calculate the historical employment-weighted share of nominal raises for each

calendar quarter q as:

sqk =
pqk∑4
a=1 p

a
k

(1.6)

These historical raise share measures for the four calendar quarters sum to one for

every firm.10 Finally, I convert these employment-weighted historical raise shares

10I use the historical share of raises instead of the historical probability of a raise in a given
calendar quarter. This is because firms that were historically doing well would also have been
more likely to raise workers’ nominal wages. Given that business conditions persist over time,
the historical probability of a raise in a given calendar quarter is likely to be correlated with the
current business conditions and thus would not address the omitted variable problem.
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into three firm-quarter specific measures of the historical raise shares in quarters

t− 1, t− 2, and t− 3. For instance, if t falls in the fourth calendar quarter, then I

define the instrumental variables: rQkt−1 = s3
k, r

Q
kt−2 = s2

k, r
Q
kt−3 = s1

k.

Using these instrumental variables, I estimate the following first-stage rela-

tionships for the endogenous explanatory variables Wkt and d2008:Q4
kt Wkt:

Wkt =
3∑

a=1

αar
Q
kt−a +

3∑
a=1

α2008:Q4
a d2008:Q4

kt rQkt−a + Xktβt + νkt (1.7)

and similarly for d2008:Q4
kt Wkt. Table 1.5 reports the results of these first-stage re-

gressions for the set of firms with at least ten observed nominal raises prior to

2007:Q4. These results are consistent with the theory that a firm’s real wage bill

spikes in the quarter in which it historically tends to raise workers’ nominal wages

and steadily declines over the next three quarters.11 There does not appear to be a

weak instruments problem for either of the endogenous explanatory variables.

Table 1.6 shows the results of estimating the reduced form relationship of

interest from Equation 1.5 with both OLS and 2SLS. The 2SLS estimation finds

that firms’ rate of job destruction rose 3.6 percentage points in 2008:Q4 for every

1% that firms’ start-of-quarter real wage bill was above their four-quarter average

real wage bill due to the firms’ historical raise schedules.12

11To give a sense of the magnitude of variation in firms’ real wage bill over the calendar year,
it is easiest to consider the special cases where 100% of a firm’s historical raises occurred in the
calendar quarter in t − 1, t − 2, or t − 3. In such cases, the firm’s real wage bill at the start of
period t is higher by 4.1%, 3.2%, and 1.6% in the first, second, and third quarters after the firm’s
historical raise quarter. In 2008:Q4, however, the real wage bill increase was more muted, with the
firm’s real wage bill only being 2.1%, 1.7%, and 0.7% higher in the first, second, and third quarters
after the firm’s historical raise quarter. This more muted relationship in 2008:Q4 is consistent with
the fact that the recession began in January 2008.

12This is most likely an underestimate of the effect of DNWR on job destruction since it includes
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Table 1.5: First-stage: Start-of-quarter / 4-Q lag moving average real wage bill

Dep Var: Wkt = Start-of-Quarter / 4Q Lag Moving Average Real Wage Bill

Wkt d2008:Q4
kt Wkt Wkt d2008:Q4

kt Wkt

Model: (2a) (2b) (4a) (4b)

Raise Share (rQkt−x)

1Q Lag 4.06∗∗∗ 2x10−4 3.91∗∗∗ 2.2x10−3∗∗

(0.03) (1x10−4) (0.07) (7x10−4)
2Q Lag 3.19∗∗∗ -3x10−4 3.09∗∗∗ 2.1x10−3

(0.03) (2x10−4) (0.09) (1.4x10−3)
3Q Lag 1.56∗∗∗ 2x10−4 1.60∗∗∗ 4x10−4

(0.02) (2x10−4) (0.07) (1.2x10−3)
2008:Q4 * 1Q Lag -2.14∗∗∗ 2.14∗∗∗ -0.81 3.08∗∗∗

(0.17) (0.18) (0.35) (0.39)
2008:Q4 * 2Q Lag -1.58∗∗∗ 1.66∗∗∗ -1.05∗∗∗ 1.94∗∗∗

(0.17) (0.17) (0.31) (0.30)
2008:Q4 * 3Q Lag -0.86∗∗∗ 0.68∗∗∗ -0.43 1.02∗∗∗

(0.17) (0.17) (0.33) (0.31)

Employment Weighted N N Y Y
Firm FE Y Y Y Y
F-Test (clustered SE) 4444 33.45 596 15.2
Kleibergen-Paap rk LM 33.4 14.2
Andersen-Rubin Wald Test 342 18.6
Observations 7.07 million
Clusters 161,000 firm clusters

Note: The outcome variable is the SEIN-level real wage ratio. Control variables include
firm fixed-effects, as well as fixed effects for two-digit NAICS industry in 2008:Q4, firm
age, and firm size. Quarterly LEHD data from 1999:Q1 to 2014:Q4. Sample includes only
firms with at least ten raises observed prior to 2007:Q4. Robust standard errors clustered
at the SEIN-level. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%, 1.0%, and 5.0%
levels, respectively. U.S. Census Bureau Disclosure Review Board bypass number DRB-
B0073-CED-20190910.

To give a sense of the aggregate magnitude of this estimate, I consider the

counterfactual scenario in which all firms had the nominal wage flexibility of Q4-

as an instrumental variable the share of raises that historically occurred in Q3. Since some of
these Q3-raising firms would have observed the Lehman Brothers’ bankruptcy that occurred on
September 15th, 2008, some Q3-raising firms may have endogenously frozen more of their workers’
wages and thus been even less exposed to DNWR than the Q4-raising firms. If, instead, I use
only Q1 and Q2 raise shares as instrumental variables and include the Q3 raise share as a control
variable in 2008:Q4, then a 1% increase in the real wage bill ratio is estimated to increase the firm’s
job destruction rate by 7.8 percentage points. See Appendix A.3 for the alternative second-stage
regression results.
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Table 1.6: Second-stage: Job destruction rate

Dependent Variable: Firm DHS Job Destruction Rate
Estimator: OLS IV OLS IV
Model: (1) (2) (3) (4)
Real Wage Bill Ratio

Wkt -0.19∗∗∗ 1.26∗∗∗ -0.13∗∗∗ -0.67∗∗

(0.004) (0.04) (0.02) (0.22)
2008:Q4 * Wkt -0.15∗∗∗ 3.56∗∗∗ 0.04 3.20∗∗∗

(0.03) (0.55) (0.07) (0.83)

Employment Weight N N Y Y
Firm FE Y Y Y Y
R-Squared 0.050 0.054
Observations 7.07 million
Clusters 161,000 firm clusters

Note: The outcome variable is the SEIN-level DHS job destruction rate. This is regressed
on the predicted real wage bill ratio and the predicted real wage bill ratio in 2008:Q4,
as well as a set of control variables. The control variables include firm fixed effects as
well as dummy variables for firm age, firm size, and two-digit industry-specific shocks in
2008:Q4. Quarterly LEHD data from 1999:Q1 to 2014:Q4. Sample only includes firms
with at least ten nominal raises prior to 2007:Q4. Robust standard errors clustered at
the SEIN-level. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%, 1.0%, and 5.0%
levels, respectively. U.S. Census Bureau Disclosure Review Board bypass number DRB-
B0073-CED-20190910.

raising firms in 2008:Q4. This is equivalent to using the coefficient estimates from the

second-stage of the IV regression to calculate the job destruction rate at firms if all

historical raise share values are set to zero (and thus the firm is a Q4 raiser). When

I do this simple adjustment to eliminate the exposure to DNWR generated by the

annual staggering of firm’s nominal raise schedules, I find that the job destruction

rate would have risen 23% less in 2008:Q4 (which was the quarter with the most

job destruction since job destruction became available in the Quarterly Workforce

Indicators in 1993). I should note that this estimate serves as a lower bound of

the effect of DNWR on job destruction in 2008:Q4, since even the less-exposed
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Q4-raising firms (which serve as the baseline comparison group) had exposure to

DNWR.13

An important caveat regarding the external validity of my causal estimate of

the effect of DNWR on job destruction is that the quasi-experiment examines the

largest unanticipated negative aggregate shock experienced by the United States

in at least the last 35 years. The aggregate implications of the estimated effect of

DNWR on job destruction may be very different in other recessions for which the

negative shocks are likely to be smaller in magnitude and short-term financing may

be more readily available. Similarly, the aggregate dynamics resulting from DNWR

may be very different in more stable periods, when only a small set of firms may

be without the financial resources necessary to smooth large unanticipated negative

shocks.

1.4.5 Job destruction: More layoffs, not less hiring

There are two potential channels by which exposure to DNWR could gener-

ate job destruction. Namely, the decline in employment between the start and end

of the quarter could result from some combination of more layoffs and less hiring

of replacements for retiring and quitting workers. I now evaluate which of these

channels drove the large increase in job destruction at firms with greater exposure

to DNWR in 2008:Q4. I do this by re-estimating the difference-in-differences spec-

ification described in Section 1.4.2, changing the outcome variable to be either the

13Two additional concerns are: one, this is a partial equilibrium estimate of the aggregate effect
of DNWR since my firm-level IV specification does not take into account any general equilibrium
effects. And two, this aggregate estimate does not fully capture the effect of DNWR on job
destruction since my instruments only capture one-dimension of firms’ exposure to DNWR.
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firms’ hiring rate or layoff rate.14 The results in Table 1.7 show that the layoff rate at

Q2-raising firms rose by 1.44 percentage points more than at Q4-raising firms. This

estimate is statistically significant and similar in magnitude to the 1.30 percentage

point rise in the job destruction rate at Q2-raising firms relative to Q4-raising firms.

The estimate for the change in the hiring rate at Q2-raising firms, however, is not

statistically different from that of Q4-raising firms; while it is large in magnitude, it

is of the wrong sign to explain a rise in job destruction. Thus, the greater increase

in job destruction rates at Q2-raising firms relative to Q4-raising firms in 2008:Q4

comes from more workers being laid off at Q2-raising firms, and not from a decline

in replacement hiring.

1.4.6 Variation in worker layoff risk from DNWR exposure

Given the substantial effect that DNWR has on firms’ rates of job destruction,

it is also informative to explore whether particular worker characteristics expose

employees to higher layoff risk when their employer is constrained by DNWR. I use

a similar difference-in-differences framework as described in Section 1.4.2 but now

at the level of worker-firm pairs. The outcome of interest is whether a worker is laid

off, defined as any instance when the worker either: i) transitions from employment

in the current quarter to non-employment in the next quarter, or ii) switches from

one employer in this quarter to a new employer either in this quarter or the next,

but where the earnings gap between the two jobs exceeds one month of earnings.

14Since the LEHD data set does not contain the reason for separation, I label a job separation as
a “layoff” in any case where either: i) the worker experienced an employment-to-nonemployment
transition (so has at least one full quarter of non-employment post separation), or ii) experienced a
same-quarter or adjacent-quarter employer-to-employer transition where the earnings gap between
jobs was at least one month (see Haltiwanger, Hyatt, Kahn and McEntarfer (2018a)).
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Table 1.7: Differential Q2 vs Q4-raiser employment outcomes in 2008:Q4

Dep Var: Job Destruction Layoffs Job Creation Hiring
(1) (2) (3) (4)

Relative to Q4-Raiser
2008:Q4 * Q2-Raiser 1.30∗∗∗ 1.44∗ 0.22 2.04

(0.26) (0.66) (0.12) (2.79)

Industry*Time FE Yes Yes Yes Yes
Employment Weighted No No No No
Mean Rate 7.7% 9.6% 5.8% 25.3%
Observations 5.6M 5.6M 5.6M 5.6M
R-Squared 0.29 0.24 0.34 0.18

Note: The outcome variable is the SEIN-level DHS job destruction, layoff, job creation,
and hiring rates. These are regressed on a set of control variables, a 2008:Q4 dummy
variable, and this dummy variable interacted with a set of dummy variables indicating
firms with typical raise quarters in Q1, Q2, or Q3. The control variables include firm-
specific calendar quarter fixed effects as well as dummy variables for firm age, firm size,
and two-digit industry by time. Quarterly LEHD data from 1999:Q1 to 2014:Q4. Sample
only includes firms with one (and no more) typical raise quarter. Robust standard errors
clustered at the SEIN-level. Robust standard errors clustered at the SEIN-level. ∗∗∗, ∗∗,
∗ indicate statistical significance at the 0.1%, 1.0%, and 5.0% levels, respectively. U.S.
Census Bureau Disclosure Review Board bypass number DRB-B0069-CED-20190725.

(This measure of job transitions is derived from Haltiwanger, Hyatt, Kahn and

McEntarfer (2018a)). I augment the difference-in-difference estimation with a large

set of worker characteristics that include the worker’s sex, race, education, age group,

tenure group, and log earnings. These worker characteristics are fully interacted with

an indicator variable for 2008:Q4 and a set of dummy variables for the employer’s

typical raise quarter. Thus, I estimate:

Likt = Cikt

α4 + D2008:Q4
kt θ4 +

3∑
q=1

(
DQq-raiser
kt αq + D2008:Q4

kt DQq-raiser
kt θq

)+Xktβt + εkt
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where Likt is an indicator variable equal to one if worker i was laid off from firm

k in period t; Cikt is the matrix of worker characteristics; D2008:Q4
kt is a diagonal

matrix with values equal to one if t=2008:Q4; DQq-raiser
kt is a diagonal matrix with

values equal to one if firm k typically raises wages in quarter q; and Xkt is a set

of firm-level control variables that includes dummy variables for firm age, firm size,

and industry-by-time fixed effects, as well as firm-by-calendar-quarter fixed effects

(for firm-specific seasonality).

Table 1.8 reports the results of this regression. This table shows that less-

educated workers and workers hired prior to the start of the recession (i.e. before

2008:Q1) but within the last three years had higher layoff risk because of DNWR.

These results are consistent with firms differentially laying off lower productivity

workers when the firms are constrained by DNWR, since these workers have either

fewer years of education or less time to accumulate firm-specific human capital.

Conditional on observables, higher-paid workers are more likely to be laid off, which

is consistent with firms choosing to lay off workers with lower firm surplus.

That older workers (age 61-70) and black and multi-racial workers are dis-

proportionately exposed to layoff risk is not surprising given the greater cyclical

volatility of these groups’ employment rates. It is surprising, however, to find that

younger workers (under age 35) have slightly lower layoff risk relative to middle-aged

workers (age 36-60).
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Table 1.8: Differential layoff rate in 2008:Q4 by worker characteristic

Worker Layoff Rate at Q2-Raising Firms in 2008:Q4 (Relative to Q4-Raising Firms)
Coefficient Standard Error

Log Earnings 0.76∗∗∗ (0.05)
Sex

Male Baseline
Female -1.67∗∗∗ (0.10)

Education
Less than High School 1.76∗∗∗ (0.34)
High School Baseline
Some College -1.03∗∗∗ (0.26)
College -1.47∗∗∗ (0.30)

Race
White Baseline
Black 1.10∗∗∗ (0.17)
American Indian 0.22 (0.47)
Asian -0.7∗∗∗ (0.22)
Native American 0.6 (0.89)
Two or More Races 1.6∗∗∗ (0.37)

Age
18 to 20 -0.98∗∗∗ (0.25)
21 to 25 -0.55∗∗ (0.20)
26 to 30 -0.75∗∗∗ (0.20)
31 to 35 -0.88∗∗∗ (0.20)
36 to 40 -0.06∗∗ (0.20)
41 to 45 Baseline
46 to 50 0.21 (0.20)
51 to 55 0.14 (0.21)
56 to 60 -0.02 (0.22)
61 to 65 0.92∗∗ (0.25)
66 to 70 2.80∗∗∗ (0.33)

Tenure
2 quarters -5.2∗∗∗ (0.20)
3 quarters 0.4∗ (0.20)
1 year 0.65∗∗ (0.22)
2 years Baseline
3 years -0.65∗∗∗ (0.16)
4 years -0.96∗∗∗ (0.19)
5 years -0.92∗∗∗ (0.21)
6-10 years -1.59∗∗∗ (0.16)
11+ years -3.07∗∗∗ (0.19)

R-Squared 0.068
Observations 49.7M

Outcome Variable: Worker level layoff rate (mean quarterly layoff rate among start-of-quarter
workers is 5.5%), where layoff is defined as either an employment-to-nonemployment transition or
an employment-to-employment transition with an earnings gap of at least one month. The set
of control variables includes dummy variables for firm age, firm size, and industry-by-time fixed
effects, as well as firm-by-calendar-quarter fixed effects. Standard errors clustered at the SEIN-
level. Quarterly LEHD data from 1999:Q1 to 2014:Q4. ∗∗∗, ∗∗, ∗ indicate statistical significance at
the 0.1%, 1.0%, and 5.0% levels, respectively. U.S. Census Bureau Disclosure Review Board bypass
number DRB-B0069-CED-20190725.
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1.5 Summary

This chapter argues that downward nominal wage rigidity plays an important

causal role in explaining employment fluctuations through the job destruction mar-

gin. First, the chapter presents quasi-experimental evidence that in 2008:Q4, the job

destruction rate increased twice as much at firms with greater exposure to DNWR

due to the timing of their historical raise schedules relative to the unanticipated

financial collapse in September 2008. I find that the increase in the aggregate job

destruction rate in 2008:Q4 would have been 23% smaller if all firms had had the

wage flexibility of firms whose annual raise schedules occurred in the fourth calen-

dar quarter. Since this estimate does not account for the fact that the Q4-raising

firms may also have had exposure to downward nominal wage rigidity, it is a lower-

bound estimate of the effect of downward nominal wage rigidity on job destruction

in 2008:Q4.

This chapter leaves unanswered several important questions about the rela-

tionship between downward nominal wage rigidity and job destruction. First, al-

though I show that greater exposure to downward nominal wage rigidity causally

increased firms’ rates of job destruction during the Great Recession, the instrument

I use (variation in the historical seasonality of firms’ wage raises) does not capture

a firm’s full exposure to DNWR. Thus, while the effect of DNWR on job destruc-

tion that I identify is large, this estimate serves as only a lower bound for the true

causal effect of DNWR on job destruction. Second, the quasi-experiment in this

chapter focuses on the large unanticipated negative aggregate shock at the onset
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of the Great Recession, a period in which firms faced unusual financial exigencies.

This brings into question the external validity of the magnitude of the aggregate

effect. While firms experiencing large negative shocks in more “normal” recessions

are likely to respond in a similar fashion to the firms in my instrumental variables

estimation, there will be fewer such firms if the recession is less severe. As a result,

I expect downward nominal wage rigidity to generate less aggregate job destruction

when the recession is less severe.

There are two important implications of this chapter for monetary policy.

First, regarding the Federal Reserve’s target inflation rate, studies examining the

optimal inflation rate have largely ignored the potential for downward nominal wage

rigidity to inefficiently destroy jobs.15 Thus, it would be informative to examine

whether and how much the optimal rate of inflation changes once the inefficient job

destruction caused by downward nominal wage rigidity is incorporated into a model

designed to identify the optimal rate of inflation. One complexity in modeling the

effect of downward nominal wage rigidity in a high-inflation environment is that

the variation in firms’ exposure to downward nominal wage rigidity that I use in

the quasi-experiment could actually be exacerbated in a high-inflation environment

since the real wage change over the calendar year would be greater.

Second, the finding that exposure to downward nominal wage rigidity causes

firms to destroy positive-surplus jobs has implications for the asymmetric response

of employment and output to contractionary versus expansionary aggregate shocks.

15Kim and Ruge-Murcia (2009); Coibion, Gorodnichenko and Wieland (2012); Mineyama (2018);
Dupraz, Nakamura and Steinsson (2019)
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Many of the DSGE and labor search-and-matching models that explore these asym-

metric responses tend to ignore the possibility that downward nominal wage rigidity

affects employment through the job destruction margin. It would be informative to

explore how the results change when the models include the effect of downward

nominal wage rigidity on the job destruction margin. Importantly for monetary

policy, asymmetric responses of employment and output to aggregate shocks due to

the effect of downward nominal rigidity on job destruction also have implications

for the effectiveness of contractionary versus expansionary monetary policy shocks.
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Chapter 2: Cyclical Labor Market Sorting1

2.1 Introduction

It is commonly said that during and after recessions, overqualified workers get

stuck in low-paying jobs. Studies by Kahn (2010) and Oreopoulos, Von Wachter

and Heisz (2012) have shown that college graduates obtain relatively low-skill jobs

during labor market downturns. This disconnect between workers and their best job

matches is what Barlevy (2002) called the “sullying” effect of recessions. Barlevy

(2002) also emphasized that, during labor market downturns, a lower rate of vol-

untary quits for better employment can cause workers to spend more time in worse

matches.

Such a sullying effect of recessions contrasts with the more conventional “cleans-

ing” effect.2 This mechanism suggests that, during economic downturns, the least

productive jobs are destroyed. This cleansing mechanism implies that the remain-

ing jobs will be (at least relatively) more productive. There are thus two plausible

competing channels for how economic downturns might affect job match quality.

However, little is known empirically about how economic downturns affect the qual-

1This chapter contains the empirical analysis from my working paper titled Cyclical Labor
Market Sorting, coauthored with Leland Crane and Henry Hyatt.

2See Caballero and Hammour (1994). Note that Barlevy (2002) considered both the cleansing
and sullying effects of recessions.
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ity distributions of workers and firms, and the sorting of workers between firms.

In this paper, we provide evidence on the cleansing and sullying effects of

recessions on workers, firms, and sorting in the labor market. We use matched

employer-employee data to implement several methods of ranking workers and firms

to establish how labor market sorting (i.e., the degree to which low- vs. high-rank

workers work at low vs. high-rank firms) varies over the business cycle. We find

that, regardless of the ranking method, recessions are times when the employment

distribution shifts towards high-rank workers. This cleansing effect on the worker

distribution is fairly intuitive. Somewhat more surprising are the firm quality dy-

namics. We find evidence of a sullying effect on the firm quality distribution. The

firm quality distribution shifts down in recessions, as low-rank firms take a larger

share of employment. Although several mechanisms are at work, positive sorting

strengthens during recessions.

We present evidence on how labor market sorting varies over the business

cycle. To do so, we make use of the insights of many contributions on sorting in the

labor market that exploit the unique properties of universe-level linked employer-

employee data. We implement four methods of ranking workers and firms using

quarterly linked employer-employee data for 11 U.S. states for 1994-2014. Each of

these methods involves ordering workers and firms along a univariate, time-invariant

ranking.3 In other words, we assume that workers and firms are of high or low

intrinsic rank along a single dimension. We start with methods that rank workers

3See Lindenlaub and Postel-Vinay (2016) for a multi-dimensional model of worker and firm
sorting.
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and firms independently from each other. We rank workers based on the time

spent in employment vs. nonemployment, as well as by their average earnings when

working. Following Bagger and Lentz (2019), we rank firms based on their share

of hires from poaching. Motivated by the recent work of Bartolucci, Devicienti and

Monzón (2018) and Haltiwanger, Hyatt and McEntarfer (2018b), we also rank firms

by labor productivity (revenue per worker, with industry adjustments to capture

differences in value added). We also rank workers and firms by assuming that

earnings are an additive function of a worker effect and a firm effect as in Abowd et

al. (1999). Finally, we implement a ranking algorithm that follows Hagedorn, Law

and Manovskii (2017) and Lopes de Melo (2018), whose methods are motivated by

labor market search models. In total, we implement four methods of ranking workers

and firms on our linked employer-employee data. We focus on cyclical changes in

composition and sorting using employment-weighted terciles (i.e., low, middle, and

high) of the worker and firm rank distribution.

All four methods of ranking workers and firms yield qualitatively similar re-

sults on worker composition, firm composition, and sorting. Low-rank workers are

most affected by labor market downturns. Although both low-rank and high-rank

workers have fewer net flows from nonemployment in worse labor markets, changes

in the nonemployment transition rate are more severe for low-rank workers. Thus,

recessions are times when the composition of the workforce shifts away from low-rank

workers. Every percentage point increase in the unemployment rate is associated

with a 0.114 to 0.449 percentage point decline in the employment share of work-

39



ers ranked in the lowest tercile.4 This result can be characterized as a cleansing

effect. During labor market downturns, the most productive workers are most able

to compete for scarce jobs. Many potential job opportunities for low-rank workers

are no longer profitable in worse states of the economy. This result echoes work by

Oi (1962) and Van Ours, Ridder et al. (1995) on the relative cyclicality of worker

employment by skill and education.

During labor market downturns, sullying effects drive changes in firm compo-

sition. Especially in times of high unemployment that follow recessions, the employ-

ment share of low-rank firms increases. Every additional percentage point of the

unemployment rate above its HP trend is associated with a 0.054 to 0.063 percent-

age point increase in the employment share of firms ranked in the lowest tercile. We

show the central importance of the cyclical job ladder, which drives the observed

countercyclical increase in employment at low-rank firms through the differential

poaching margin response of low versus high-rank firms.5 We find that the net

nonemployment hiring of low-rank and high-rank firms adjust similarly in times of

high unemployment. Each additional percentage point of the unemployment rate

above its HP trend is associated with a decline in net hiring from nonemployment

of 0.102 to 0.122 percentage points for low-rank firms, and 0.091 to 0.109 percent-

age points for high-rank firms. This differential nonemployment response of 0.010

to 0.028 percentage points favors high-rank firms. However, this difference is small

4All results in this paper are quarterly unless otherwise noted.
5The cyclical job ladder references the procyclical rate at which workers voluntarily quit their

jobs for better matches. This process by which workers obtain a series of better matches is often
called “climbing the job ladder.” For a review of the literature on the cyclical job ladder, see
Moscarini and Postel-Vinay (2018).

40



compared to the difference between the net poaching responses of low-rank and high-

rank firms. For low-rank firms, net hires from poaching increase by 0.060 to 0.076

percentage points, while those of high-rank firms decrease by 0.035 to 0.065 percent-

age points. This differential poaching response of 0.111 to 0.130 percentage points

strongly favors low-rank firms. Therefore, the increase in the employment share of

low-rank firms in times of high unemployment can be attributed to changes in net

poaching flows. Our paper links the cyclical job ladder, considered by Haltiwanger,

Hyatt, Kahn and McEntarfer (2018a), Haltiwanger, Hyatt and McEntarfer (2018b),

and Moscarini and Postel-Vinay (2018), to employment composition by firm rank.6

During labor market downturns, workers spend more time in worse jobs.

Cyclical changes in labor market sorting naturally follow from these compo-

sition changes. We explore the frequency with which workers of different ranks

are employed at firms of different ranks. Labor market downturns are times when

low-rank workers are less likely to work at high-rank firms. Specifically, a one per-

centage point increase in the unemployment rate is associated with a 0.041 to 0.181

percentage point decrease in the share of low-rank workers at high-rank firms. This

change for low-ranked workers is driven by a slowdown in the job ladder: differen-

tial changes in net poaching flows into low- vs. high-ranked firms are larger than

differential changes in net nonemployment flows. This decline in the share of low-

rank workers at high-rank firms strengthens the agreement between worker rank

6Of papers on the cyclical job ladder, ours is most similar to Haltiwanger, Hyatt and McEntarfer
(2018b) who rank workers based on education and firms by within-industry productivity in order
to study transitions in the 2007-2009 recession, along with the expansions that precede and follow
it. Haltiwanger, Hyatt, Kahn and McEntarfer (2018a) focus on the cyclicality of transition rates,
and do not consider aggregate composition or directly measure the degree of agreement between
worker and firm ranks.
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and firm rank. By contrast, high-rank workers are more likely to work at low-rank

firms during labor market downturns. A one percentage point increase in the un-

employment rate is associated with a 0.023 to 0.098 percentage point increase in

the share of high-rank workers at low-rank firms. The slowdown in the job ladder

drives this change. The countercyclical increase in the share of high-rank workers at

low-rank firms weakens the agreement between worker rank and firm rank. Overall,

the mechanisms that strengthen labor market sorting dominate, and the agreement

between worker rank and firm rank increases slightly. This increase in rank agree-

ment is more apparent during recessions than in the times of high unemployment

that follow recessions. Overall, our paper provides evidence of small, countercyclical

increases in positive sorting between workers and firms.

2.2 Data

2.2.1 Source data

The Longitudinal Employer-Household Dynamics (LEHD) linked employer-

employee data allows us to explore the cyclical behavior of labor market compo-

sition and sorting. These are records of earnings disbursements collected as part

of unemployment insurance reporting that cover nearly all private sector employ-

ment as well as state and local (but not federal) government workers; see Abowd,

Stephens, Vilhuber, Andersson, McKinney, Roemer and Woodcock (2009). We use

these data to link workers and firms over time. Because different states enter the

LEHD microdata at different times, we use a consistent set of eleven states with
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data available from 1994-2014.7

Recent enhancements to the LEHD data have facilitated the measurement of

employer-to-employer transitions. We follow the approach to measuring employer-

to-employer transitions in Hyatt et al. (2014).8 This involves considering the set

of jobs (i.e., distinct employer-employee combinations) that span two consecutive

quarters. A worker’s “dominant job” is the employer at which that worker earns

the most among all such consecutive quarter jobs. Following those definitions, when

a worker’s dominant employer changes without a gap in earnings, the worker un-

dergoes an employer-to-employer transition. If the worker has one or more quarters

without earnings, then any flows into or from employment are considered flows from

and into nonemployment, respectively.

2.2.2 Ranking workers and firms

We rank workers and firms in four different ways, roughly following different

strands of the literature on labor market sorting. We provide here a brief overview

of each of the methods of measuring the extent and cyclicality of sorting.9 All ranks

are calculated on an employment-weighted basis, and use real 2014 dollars.

We start by ranking workers and firms based on simple summary statistics.

Our first method ranks workers and firms in ways that do not rely directly on

observed earnings. We rank firms based on the share of new hires that come from

7These states are California, Colorado, Idaho, Illinois, Kansas, Maryland, Montana, North
Carolina, Oregon, Washington, and Wisconsin.

8For exact definitions, see Appendix A.
9For additional details on our ranking methods, see Appendix B.
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other firms vs. from nonemployment, following Bagger and Lentz (2019).10 A firm’s

poaching (i.e., employer-to-employer transition) hires as a share of all hires is a rough

metric for how desirable a firm is as an employer. This measure, in principle, reflects

wage and salary compensation, as well as nonwage amenities. To rank workers, we

use the fraction of their careers that they spend in employment vs. nonemployment.

We count workers who are more frequently employed as being more productive.11

Specifically, we regress employment on a set of year of birth by quarter dummies,

separately by gender, and then rank workers based on the average of the residuals

from that regression. This method also yields ranks that have a straightforward

interpretation in the model of Lise and Robin (2017). These methods identify both

the workers who are more likely to encounter a productive match with the firms

operating in the economy, and the firms who are likely to offer workers a more

productive job.

Our second method ranks workers by their earnings and firms by labor pro-

ductivity. To rank workers, we use the average residual from regressing earnings on

year of birth by quarter dummies. Note that this measure of average regression-

adjusted worker earnings also provides the initial guess of a worker’s rank in our

third and fourth ranking methods. For firms, we use revenue from the U.S. Census

Bureau’s Business Register, in the spirit of the recent work by Haltiwanger, Jarmin,

10Appropriate caution in interpreting our results is warranted because Bagger and Lentz (2019)
do not consider aggregate uncertainty.

11This method serves as a measure for worker quality because workers with less to gain from
working might spend less time doing so. Bagger and Lentz (2019) use unemployment duration as
a method of ranking workers in Section 4.2.1 of their paper, although they do not place as much
emphasis on this method of ranking workers as they do their poaching hire method of ranking
firms.
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Kulick and Miranda (2017).12 We use this firm-level revenue data to calculate a

firm’s average deviation over time from the employment-weighted industry average

revenue per worker. We then obtain a measure of labor productivity by adding

this firm-level measure to industry-level value added per worker as published by the

Bureau of Economic Analysis.

Our third method jointly ranks workers and firms using a model that assumes

earnings are an additive function of a firm effect and worker effect, as in Abowd,

Kramarz and Margolis (1999). This specification has recently been used by Card,

Cardoso and Kline (2016) to measure the degree of sorting in the labor market. To

overcome estimation issues that follow from the fact that we only observe workers

at different parts of their life-cycles, we first regress earnings on a set of year of

birth by quarter in time dummies (e.g., born in 1965 and working in 1997Q1).

Then, following Guimaraes and Portugal (2010), we apply an iterative method to

the residuals from this regression to identify worker effects, firm effects, and updated

birth cohort by quarter effects.

Fourth, we apply a technique inspired by the recent work of Hagedorn, Law and

Manovskii (2017) and Lopes de Melo (2018). These techniques provide solutions to

the inconsistency between the identification assumptions of Abowd, Kramarz and

Margolis (1999) and standard models of labor market search.13 This technique

12Differences between our revenue measure and that of Haltiwanger, Jarmin, Kulick and Miranda
(2017) include: i) our use revenue data starting in 1994 for all industries, and ii) our imputation
of missing data, see Appendix Section B.2.2.2.

13Readers should note that the random search models proposed by Hagedorn, Law and Manovskii
(2017) and Lopes de Melo (2018) do not consider aggregate uncertainty. Therefore, appropriate
caution is required in interpreting our cyclical results as they do not have a direct interpretation in
the context of the models that correspond to their ranking strategies. However, we think that the
computational strategies proposed by these authors, which make intensive use of linked employer-
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involves initially ranking workers by their average lifetime earnings, but then re-

ranks workers who are employed at the same firm to maximize the likelihood that

a worker at a firm who is ranked as more productive than another worker actually

earns more from that employer. Firms are afterwards ranked by measuring the

minimum earnings received by workers of a given rank, and then taking the difference

between earnings received and this implied reservation wage. Firms with a greater

difference between earnings paid and the reservation wage have a greater surplus

from a match and are considered more productive.

2.3 Empirical evidence on composition and sorting

2.3.1 Overview and notation

In this section, we document how the sorting of workers into firms of different

ranks varies over the business cycle. We seek to characterize how the composition

of employed workers and firms, as well as labor market sorting, varies with labor

market conditions. We have several outcomes of interest: the share of employment

that workers and firms of different ranks constitute, and the relative frequency of

particular combinations of worker and firm ranks (i.e., the degree of sorting). We

also measure the worker flows into and from nonemployment and poaching flows

across firms that account for these changes in shares. For these exercises, we char-

acterize the health of the labor market using the difference of the unemployment

rate from its HP trend, as well as the first difference in the unemployment rate, fol-

employee data, are helpful in assessing the robustness of our overall findings.
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lowing Haltiwanger, Hyatt, Kahn and McEntarfer (2018a). These transformations

of the unemployment rate serve as our cyclical indicators. The first-difference of

the unemployment rate surges during NBER recessions. The difference in unem-

ployment from its HP trend is a measure of times of low vs. high unemployment.

We rank firms and workers into three terciles: low, middle, and high based on an

employment-weighted ranking of workers and firms across all quarters.

We introduce some notation to document how employment evolves over time,

which builds on the framework of Haltiwanger et al. (2018a). Let Eijt denote the

number of workers of rank tercile i working at firms of rank tercile j at time t.14

Employment for each worker i, firm j bin changes from time t − 1 to t due to

separations to nonemployment N s
ijt, hires (accessions) from nonemployment Na

ijt,

separations from poaching (i.e., employer-to-employer transitions) P s
ijt, and poaching

hires P h
ijt.

15 Specifically, the change in employment can be expressed as

∆Eijt = Eijt − Eijt−1 = Na
ijt −N s

ijt + P a
ijt − P s

ijt. (2.1)

The change in employment for any worker-firm group can be expressed as the sum

of net hires from nonemployment Na
ijt−N s

ijt and net hires from poaching P a
ijt−P s

ijt.

We further express the sum of workers of rank i across firms of any rank at time t

as Ei•t, and analogously express totals for firm rank j as E•jt. Total employment

at time t, E••t is written Et. Note that poaching flows do not change the total

employment of any worker rank and so ∆Ei•t = Na
i•t − N s

i•t. This is because an

14Throughout Section 2.3, the terms “worker rank” and “firm rank” refer their respective terciles.
15For formal definitions, see Appendix B.1.3.
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employer-to-employer transition implies a separation of a worker of rank i from one

employer and a hire of a worker of that same rank at a different employer. Net

poaching flows, however, can affect the composition of firms.

2.3.2 Worker and firm composition

2.3.2.1 Worker composition

We now document how worker composition evolves over time. By construction,

low-, middle-, and high-rank workers will on average each have a share of one-third.

However, in any given quarter the shares of employment in these terciles can differ

from one-third. From one quarter to another, workers with a time-invariant rank

enter and leave employment, and these transitions determine how the employment

shares of these different groups evolve over time. For example, if more workers of

high-rank enter employment than other groups, the high-rank group will gain as a

share of employment.

The evolution of the employment shares of low, middle, and high-rank workers

is shown in Figure 2.1. We plot the quarterly change in the share of employment of

workers of different ranks, using each of our four ranking methods. In terms of the

notation introduced in Section 2.3.1, we plot Ei•t/Et−Ei•t−1/Et−1.16 For example,

Panel 2.1(a) shows how the employment shares for each tercile change when we rank

workers by their employment duration. A positive value indicates that a rank tercile

gains employment share.

16The changes in the shares for each of the three groups add to exactly zero prior to seasonal
adjustment.

48



Figure 2.1: Changes in worker rank shares
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In 2005Q4 (during an economic expansion), the share of low-rank workers in-

creased by 0.15 percentage points, the share of middle-rank workers increased by 0.01

percentage points, and the share of high-rank workers declined by 0.16 percentage

points. It is apparent from Figure 2.1 that the middle and late periods of economic

expansions are times when low-rank workers gain as a share of employment, and the

share of high-rank workers declines. During and after recessions, the employment

share of high-rank workers increases, as that of low-rank workers decreases.

Cyclical changes in worker composition are similar in direction across the dif-

ferent ranking methods, but the largest changes are found when we rank workers by

their employment duration as in Panel 2.1(a). Panel 2.1(b) shows how the shares

of employment evolve when workers are ranked by average earnings. Panel 2.1(c)

shows how the shares evolve when workers are ranked based on the worker effect

from our additive model of earnings with worker and firm effects. Panel 2.1(d) shows

how composition evolves for workers initially ranked by average earnings, but then

re-ranked to ensure that more productive workers at the same firm earn more than

their less productive co-workers. Overall, the changes in the shares of these terciles

are very small, with the share of workers moving up or down by less than 0.5 per-

centage points over the span of a quarter. The largest movements occur around the

two recessions, where the share of workers in the highest tercile increases, largely at

the expense of workers in the lowest tercile.

Table 2.1 shows how the shares of employment by worker rank change with our

cyclical indicators. Specifically, we regress Ei•t/Et −Ei•t−1/Et−1 on our seasonally-
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Table 2.1: Changes in worker rank shares and the unemployment rate

Worker Employment Average Additive model Rank workers
tercile duration earnings worker effects vs. co-workers

Difference in unemployment from its HP trend
Low -11.2∗∗∗ -3.0∗∗ -3.2∗∗ -2.7∗∗∗

(2.7) (1.4) (1.2) (1.0)
High 7.4∗∗∗ 2.1 2.4∗∗ 2.2∗∗

(2.0) (1.4) (1.1) (0.9)

First-difference of the unemployment rate
Low -44.9∗∗∗ -13.9∗∗∗ -12.6∗∗∗ -11.4∗∗∗

(5.0) (3.2) (2.7) (2.3)
High 31.6∗∗∗ 16.9∗∗∗ 14.8∗∗∗ 12.9∗∗∗

(3.9) (2.7) (2.2) (1.7)

Note: Estimates from regressing the change in share of employment on
the seasonally-adjusted unemployment rate, seasonal dummies, and a time
trend. *, **, and *** indicate statistical significance at 10%, 5%, and 1%,
respectively. Standard errors are in parentheses. To avoid excessive decimal
places, the dependent variables range from [−100, 100], while the cyclical
indicators range from [−1, 1].

adjusted cyclical indicators, seasonal dummies, and a time trend.17 This table sum-

marizes the cyclical features of Figure 2.1. Changes in worker composition are

greatest during recessions, rather than the times of high unemployment that follow

recessions. Consistent with these features of Figure 2.1, point estimates in Table 2.1

are greater in magnitude for the first-difference of the unemployment rate than the

deviation of the unemployment rate from its HP trend. Specifically, a one percent-

age point increase in the unemployment rate is associated with a decline of 0.114

to 0.449 percentage points in the share of low-rank workers, and a 0.129 to 0.316

percentage point increase in the share of high-rank workers. For every additional

17Similar specifications have been used to measure the cyclicality of job ladders in the labor
market by, among others, Haltiwanger et al. (2018a).
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percentage point that the unemployment rate is above its HP trend, the low-rank

worker share declines by 0.027 to 0.112 percentage points, and the high-rank share

increases by 0.021 to 0.074 percentage points. Also consistent with Figure 2.1, work-

ers ranked by employment duration show larger cyclical changes than when ranked

by other methods.

Table 2.2: Net nonemployment hiring by worker rank and unemployment

Worker Employment Average Additive model Rank workers
tercile duration earnings worker effects vs. co-workers

Difference in unemployment from its HP trend
Low -21.4∗∗∗ -13.5∗∗∗ -13.9∗∗∗ -13.1∗∗∗

(5.1) (3.3) (2.9) (2.8)
High -1.7 -7.7∗∗∗ -8.0∗∗∗ -8.3∗∗∗

(1.6) (2.7) (2.4) (2.3)

First-difference of the unemployment rate
Low -83.0∗∗∗ -56.4∗∗∗ -51.3∗∗∗ -48.7∗∗∗

(10.0) (6.0) (5.5) (5.3)
High -2.8 -27.8∗∗∗ -23.0∗∗∗ -25.6∗∗∗

(4.0) (6.1) (5.8) (5.4)

Note: Estimates from regressing the change in employment on the
seasonally-adjusted unemployment rate, seasonal dummies, and a time
trend. *, **, and *** indicate statistical significance at 10%, 5%, and
1%, respectively. Standard errors are in parentheses. To avoid excessive
decimal places, the dependent variables range from [−100, 100], while the
cyclical indicators range from [−1, 1].

Table 2.2 explores the transition dynamics that underlie these cyclical shifts

in employment composition by worker rank. Specifically, it shows how net hiring

from nonemployment changes with labor market conditions. The net nonemploy-

ment variable we define is (Na
i•t−N s

i•t)/((Et+Et−1)/2).18 Keeping the denominator

on the same scale as in Table 2.1 allows us to sum nonemployment rates across

18Appendix Figure B.1 shows the time series of this measure for each worker group.
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worker groups to express the total change in employment and more easily interpret

changes in the share of employment across worker groups.19 The differential be-

tween the nonemployment transition rates of high-rank and low-rank workers is, by

construction, close to the differential between the changes in the shares for those

groups.

Cyclical changes in net nonemployment transitions are concentrated among

low-rank workers. When the unemployment rate increases by one percentage point,

net nonemployment flows of low-rank workers decline by 0.487 to 0.830 percentage

points, while flows of high-rank workers decline by 0.028 to 0.278 percentage points.

As with worker composition, changes in net nonemployment flows are more closely

aligned to recessions (i.e., the first-difference of the unemployment rate) than times

of high unemployment (i.e., HP-detrended unemployment). An additional percent-

age point deviation of the unemployment rate above its HP trend is associated

with a decline of 0.131 to 0.214 percentage points in the share of low-rank workers

with a low employment duration, but a decline of only 0.017 to 0.083 percentage

points for high-rank workers. This exercise provides insight into the mechanisms

that generate cyclical changes in employment shares as documented in Table 2.1.

The high-rank worker tercile exhibits a relatively small countercyclical decline in

net nonemployment flows, and so its share of employment increases.

Our results on cyclical worker composition tell a consistent story and have an

intuitive interpretation. In all four of our ranking methods, recessions are times

19To see this, note that our net nonemployment measure is equivalent to (Ei•t−Ei•t−1)/((Et +
Et−1)/2).
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when the employment distribution shifts away from low-rank workers and towards

high-rank workers. This result can be understood as a cleansing effect on the worker

distribution. During economic expansions, increasing employment requires hiring

relatively unproductive workers. When the economy contracts, there are fewer jobs

available. The more productive workers are better able to compete for scarce jobs.

Therefore, the employment share of more productive workers increases while that

of less productive workers declines.

2.3.2.2 Firm composition

We now explore how the employment shares of differently ranked firms change

over time. Figure 2.2 shows quarterly changes in firm composition over time, using

each of our four ranking methods. In the average quarter, each tercile accounts for

one-third of employment, but this share changes over time. We plot the change in

employment share E•jt/Et−E•jt−1/Et−1 for each firm tercile j. For example, Panel

2.2(a) shows how firm composition evolves when firms are ranked by poaching hire

share. In 2005Q4, firms with a relatively low poaching hire share lost 0.09 percent

of employment, those with a middle rank gained 0.03 percent of employment, and

those with a high poaching share gained 0.02 percent of employment. Panels (b),

(c), and (d) of Figure 2.2 shows how firm composition evolves when firms are ranked

by labor productivity, the firms’ estimated effects from an additive model, or by the

match surplus implied by the earnings of workers, respectively.
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Figure 2.2: Change in firm rank shares
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Most of the movements are small, with each tercile’s share rarely changing by

more than 0.2 percentage points. The exceptions occur during and after each of the

two recessions. In expansions, the high-rank firm tercile slowly increases its share of

employment, and the share of low-rank firms decreases. During and after the 2001

and 2007-2009 recessions, employment quickly shifts away from high-rank firms and

toward low-rank firms.

Table 2.3: Changes in firm rank shares and the unemployment rate

Firm Poaching share Labor Additive worker Surplus of
tercile of hires productivity & firm effects reranked workers

Difference in unemployment from its HP trend
Low 6.3∗∗∗ 3.2∗∗∗ 5.5∗∗∗ 5.4∗∗∗

(2.2) (1.7) (1.5) (1.4)
High -6.9∗∗∗ -3.9∗∗∗ -6.6∗∗∗ -7.2∗∗∗

(1.8) (1.4) (1.8) (1.7)

First-difference of the unemployment rate
Low 12.0∗∗ 14.9∗∗ 2.0 9.0∗∗

(5.5) (3.9) (3.9) (3.6)
High -8.9∗ -9.0∗∗∗ -8.5∗ -6.6

(4.7) (3.4) (4.7) (4.5)

Note: Estimates from regressing the change in share of employment on the
seasonally-adjusted unemployment rate, seasonal dummies, and a time trend. *,
**, and *** indicate statistical significance at 10%, 5%, and 1%, respectively. Stan-
dard errors are in parentheses. To avoid excessive decimal places, the dependent
variables range from [−100, 100], while the cyclical indicators range from [−1, 1].

Table 2.3 measures how firm composition varies with the unemployment rate.

Each specification regresses the outcome of interest E•jt/Et − E•jt−1/Et−1 on the

unemployment rate (either the difference from its HP trend or its first-difference),

as well as a linear time trend and seasonal dummies. Labor market downturns

are associated with an increase in the employment share of low-rank firms, and a
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corresponding decline for high-rank firms. The change in employment composition

by firm rank is qualitatively consistent across ranking methods when we use the HP-

detrended unemployment rate as our cyclical indicator, i.e., when we measure times

of low vs. high unemployment. For every additional percentage point deviation of

the unemployment rate from its HP trend, the employment share of low-rank firms

increases by 0.032 to 0.063 percentage points, and that of high-rank firms decreases

by 0.039 to 0.072 percentage points.

We find more differences between ranking methods when we consider how

firm composition responds to the first-difference of the unemployment rate, i.e., the

changes in unemployment that align with recessions. The largest effects are found

when we rank firms by their poaching hire share. A one percentage point increase

in the unemployment rate is associated with a 0.120 percentage point increase in

the share of employment of firms with a low poaching share, and a 0.089 percentage

point decrease in that of firms with a high poaching share. Ranking firms by labor

productivity, we find that a one percentage point increase in the unemployment rate

is associated with a 0.149 percentage point increase in the employment share of low-

rank firms, and a 0.090 percentage point decrease in that of high-rank firms. Ranking

firms by their additive effects, a one percentage point increase in the unemployment

rate increases the employment share of low-rank firms by 0.020 percentage points,

and decreases that of high-rank firms by 0.085 percentage points. Using our measure

of firm surplus, we find that a one percentage point increase in the unemployment

rate increases the employment share of low-rank firms by 0.090 percentage points,

and decreases that of high-rank firms by 0.066 percentage points. These ranking

57



methods usually generate coefficients on the change in unemployment that are of

similar sign and magnitude to those generated by the deviation of the unemployment

rate from its HP trend. However, they are much less precisely estimated. It is only

when we rank firms by their poaching share of hires that we obtain parameter

estimates that are in opposite directions and both statistically distinct from zero.

An increase in the employment share of low-rank firms during times of high

unemployment is a robust empirical finding, and is consistent with the evidence

presented by Haltiwanger et al. (2018a). Note that these four ranking methods rely

on three distinct sets of variables. The poaching hire share ranking method uses

transitions of workers between firms and from nonemployment to employment. The

labor productivity measure uses firm-level revenue and industry-level value added.

The other two firm ranking methods rely on earnings. Despite substantial differences

in how each ranking method is constructed, each method estimates a firm’s rank in

the job ladder. We now explore the role of the cyclical job ladder in explaining the

countercyclical increase in the employment share of low-rank firms.

Table 2.4 measures how poaching and nonemployment transitions for firms

of different ranks vary with the unemployment rate. Our dependent variables are

(Na
•jt −N s

•jt)/((Et +Et−1)/2) for nonemployment and (P a
•jt − P s

•jt)/((Et +Et−1)/2)

for poaching.20 In weaker labor markets, net hiring from nonemployment declines

for both low-rank and high-rank firms. Point estimates for the nonemployment re-

sponse of low-rank firms are consistently larger in magnitude than for high-rank

20Appendix Figure B.2 shows the time series of the net nonemployment measure for each firm
tercile, and Appendix Figure B.3 shows analogous time series for the net poaching measure.
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Table 2.4: Change in net hiring by firm rank and unemployment

Firm Poaching share Labor Additive model Surplus of
tercile of hires productivity firm effects reranked workers

Difference in unemployment from its HP trend
Nonemployment

Low -10.2∗∗ -12.0∗∗∗ -11.9∗∗∗ -11.9∗∗∗

(3.9) (2.5) (3.2) ( 2.9)
High -9.1∗∗∗ -10.1∗∗∗ -10.9∗∗∗ -10.7∗∗∗

(2.1) (2.7) (2.8) (2.7)

Poaching
Low 6.0∗∗∗ 5.1∗∗∗ 6.8∗∗∗ 6.5∗∗∗

(0.9) (0.9) (1.0) (1.0)
High -6.5∗∗∗ -4.4∗∗∗ -6.2∗∗∗ -5.9∗∗∗

(1.0) (0.8) (0.9) (0.9)

First-difference of the unemployment rate
Nonemployment

Low -40.4∗∗∗ -37.5∗∗∗ -51.2∗∗∗ -46.6∗∗∗

(8.9) (5.4) (6.0) (5.7)
High -30.1∗∗∗ -38.0∗∗∗ -35.1∗∗∗ -33.3∗∗∗

(4.5) (5.8) (6.3) (6.1)

Poaching
Low 12.7∗∗∗ 12.0∗∗∗ 13.7∗∗∗ 14.8∗∗∗

(2.3) (2.1) (2.6) (2.5)
High -12.7∗∗∗ -9.7∗∗∗ -12.3∗∗∗ -11.2∗∗∗

(2.6) (2.1) (2.5) (2.6)

Note: Estimates from regressing the change in employment on the seasonally-adjusted
unemployment rate, seasonal dummies, and a time trend. *, **, and *** indicate statis-
tical significance at 10%, 5%, and 1%, respectively. Standard errors are in parentheses.
To avoid excessive decimal places, the dependent variables range from [−100, 100], while
the cyclical indicators range from [−1, 1].

firms, although it is usually not possible to reject equality of the coefficients. When

the unemployment rate increases by one percentage point, high-rank firms decrease

net hiring from nonemployment by 0.301 to 0.351 percentage points, while low-rank

firms increase decrease net hiring by 0.404 to 0.518 percentage points. Nonemploy-

ment hiring changes are smaller using HP-detrended unemployment as the cyclical
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indicator. Although the point estimates for this response are consistently more neg-

ative for low-rank firms, they are not statistically distinct in any ranking method.

For every additional percentage point deviation of the unemployment rate above

its HP trend, net hiring from nonemployment declines by 0.091 to 0.109 percentage

points for high-rank firms, and declines by 0.102 to 0.122 for low-rank firms.

Table 2.4 also measures how net poaching for firms of different ranks vary

with the unemployment rate. Here, we find greater differences. Net poaching flows

of high-rank and low-rank firms move in opposite directions in response to unem-

ployment. In weaker labor markets, net poaching flows of high-rank firms decline,

while net poaching flows of low-rank firms increase. This difference arises because

high-rank firms tend to gain employment through poaching, while low-rank firms

tend to lose employment through poaching. In weaker labor markets, workers move

from low-rank to high-rank firms at a slower pace. When the unemployment rate

increases by one percentage point, net hiring through poaching of high-rank firms

declines by 0.085 to 0.127 percentage points. For low-rank firms, it increases by

0.119 to 0.148 percentage points. For every additional percentage point deviation of

the unemployment rate above its HP trend, net poaching of high-rank firms declines

by 0.035 to 0.065 percentage points, and that of high-rank firms increases by 0.060

to 0.076 percentage points.

The transition dynamics in Table 2.4 highlight the role of the cyclical job lad-

der in changes in employment composition by firm rank. In order for there to be

countercyclical increases in the employment share of low-rank firms, the cyclical re-

sponse of poaching must be greater than that of nonemployment. The net poaching
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response dominates in the times of high unemployment that follow recessions. Using

the deviation of the unemployment rate from its HP trend as the cyclical indicator

yields a differential net poaching response that favors low-rank firms is 0.095 to

0.130 percentage points. Meanwhile, the net nonemployment response, which favors

high-rank firms, is only 0.010 to 0.019 percentage points. In the times of high un-

employment that follow recessions, there is almost differential net nonemployment

response between high-rank and low-rank firms, and so cyclical changes in relative

employment are driven by differences in net poaching.

In recessions, as measured by the first difference of the unemployment rate,

the effect of the slowdown of the job ladder competes with a larger offsetting effect

from nonemployment transitions. Net nonemployment hiring of both low-rank and

high-rank firms declines, but the net nonemployment hiring of high-rank firms de-

clines by less. Using the first difference of the unemployment rate, the differential

response of the net nonemployment margin of high-rank firms to low-rank firms is

0.103 to 0.216 percentage points.21 In other words, when unemployment increases,

high-rank firms gain employment, on net, from the nonemployment margin. This

result is consistent with a cleansing effect of recessions: relatively productive busi-

nesses are less affected. However, there is a sullying effect that offsets this cleaning.

The differential response of low-rank firms relative to high-rank firms along the net

poaching margin is between 0.204 to 0.260 percentage points.22 During recessions,

21These differences are calculated using results presented in Table 2.4 for net nonemployment
transitions using the first-difference of the unemployment rate as the cyclical indicator. The
smallest differential is found when we rank firms by their poaching hire shares, .404− .301 = 0.103,
and the largest when we rank firms by labor productivity, 0.518− 0.302 = 0.216.

22These differences are calculated using results presented in Table 2.4 for net poaching that use
the first-difference of the unemployment rate as the cyclical indicator. Labor productivity exhibits
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the net nonemployment response, which favors high-rank firms, offsets much of the

net poaching response, which favors low-rank firms. This analysis therefore helps us

understand the results in Table 2.3 that use the first-difference of the unemployment

rate as the cyclical indicator. The shift in employment composition from high-rank

to low-rank firms begins during recessions, but is most rapid in the years that follow

each recession. These are times when output is expanding and unemployment is at

a high but relatively stable level.

This relationship between the cyclical job ladder and employment composition

also helps us interpret Figure 2.2. One interesting aspect of the countercyclical

increases in the employment share of low-rank firms, common to all four firm ranking

methods that we employ, is that the increase during the 2001 recession is larger than

that of the 2007-2009 recession. This is despite the fact that the latter recession

was more severe, both in terms of output and in the associated decline in the health

of the labor market. Cyclical changes in employment composition are determined

by how firms of different ranks change their behavior with economic conditions. If

the primary means of adjustment is via the poaching margin, there will be a larger

increase in the employment share of firms that rank lower on the job ladder. Recall

that the nonemployment margin favors high-rank firms. If a recession induces a

greater differential nonemployment response, there will be less of an increase in the

employment share of low-rank firms. In the 2007-2009 recession, the decline in net

nonemployment hiring was especially dramatic, and so there was less of an increase

the smallest differential 0.119 + 0.085 = 0.204, and the additive and reranking vs. co-worker
methods both yield the largest, 0.137 + 0.123 = 0.148 + 0.112 = 0.260.
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in the employment share of low-rank firms.23

Our results on firm composition tell a consistent story across the four rank-

ing methods. We find that the employment share of low-ranked firms increases in

times of high unemployment that follow recessions. This countercyclical sullying

of the firm distribution contrasts with the countercyclical cleansing of the worker

distribution that we documented in Section 2.3.2.1. The cyclical job ladder has a

central role in mediating the increase in the employment share of low-rank firms.

The differential employment response of low-rank firms in times of high unemploy-

ment is driven by the poaching margin. This finding is consistent with the earlier

evidence of Haltiwanger et al. (2018), Haltiwanger, Hyatt, and McEntarfer (2018),

and Moscarini and Postel-Vinay (2018) on the cyclical behavior of the job ladder.

2.3.3 Cyclical worker-firm rank agreement

We now characterize cyclical sorting in the labor market by measuring the

correlation between worker and firm ranks. We move from characterizing cyclical

changes in workers and firms considered independently to considering the dynamics

of worker-firm rank combinations. Joint worker-firm dynamics largely follow the

composition changes that we have documented above.

23This can be seen in Appendix Figures B.1 and B.2, which show net poaching and net nonem-
ployment hiring for each firm rank tercile. The changes in net poaching are similar in the 2001
and 2007-2009 recessions. However, the nonemployment response to the 2007-2009 recession is
much larger than that of the 2001 recession. The countercyclical shift in employment toward
low-ranked firms is determined by the differential poaching response (which favors low-rank firms)
relative to the differential nonemployment response (which favors high-rank firms). Therefore,
the employment share of low-rank firms is greater in the 2001 recession relative to the 2007-2009
recession.
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2.3.3.1 Employment shares of worker-firm rank combinations

We begin our analysis by considering how the shares of employment for the

nine possible combinations of the worker and firm tercile ranks (low, middle, and

high) evolve with the labor market conditions.Table 2.5 quantifies how sorting varies

with the unemployment rate. Specifically, the dependent variables in our regressions

are Eijt/Et−Eijt−1/Et−1 for each worker tercile i and firm tercile j.24 In weaker la-

bor markets, the employment share of low-rank workers at high-rank firms declines.

A one percentage point increase in the unemployment rate is associated with a 0.065

to 0.181 decline in the share of employment of such matches, and an additional per-

centage point deviation of the unemployment rate above its HP trend is associated

with a decline of 0.019 to 0.060 percentage points. In both cases, the effects are

largest when workers are ranked by employment duration and firms are ranked by

poaching rate. If the share of low-rank workers at high-rank firms declines, this effect

increases the correlation between worker and firm rank and therefore strengthens

sorting. An analogous change serves to weaken sorting: high-rank workers are more

likely to work at low-rank firms in weaker labor markets. A one percentage point

increase in the unemployment rate is associated with an increase of the share of em-

ployment of high-rank workers at low-type firms of 0.023 to 0.098 percentage points,

and an additional percentage point of the unemployment rate above its HP trend is

associated with an increased share of 0.017 to 0.026 percentage points. The magni-

tude of the decline of the share of low-rank workers at high-rank firms is greater than

24For the cyclicality of middle-ranked workers and firms, see Appendix Tables B.1 and B.2.
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the increase of the share of high-rank workers at low-rank firms, especially during

recessions. Therefore, the association between firm rank and worker rank strength-

ens, on net, among these margins. This suggests a modest increase in worker-firm

rank correlation in weaker labor markets.

Changes in the share of similarly ranked workers and firms directly affect

worker-firm rank agreement. The share of employment of low-rank workers at low-

rank firms shows little cyclical movement. The share of employment of high-rank

workers at high-rank firms is highly countercyclical when we use the first-difference of

the unemployment rate as our cyclical indicator. The share of employment that con-

sists of high-rank workers at high-rank firms increases by 0.041 to 0.110 percentage

points when the unemployment rate increases by one percentage point. This coun-

tercyclical increase strengthens positive sorting. The cyclical changes of high-rank

workers at high-rank firms are mixed when we use the HP-detrended unemployment

rate, with estimates ranging from -0.013 to 0.019 percentage points. An increase

in high-rank workers at high-rank firms strengthens the association between worker

rank and firm rank during recessions, but contributes less during the times of high

unemployment that follow recessions. Overall, the results of Table 2.5 show that the

agreement between worker rank and firm rank strengthens more during recessions

than during the times of high unemployment that follow.

These cyclical changes in labor market sorting follow from the composition

changes that we documented in Sections 2.3.2.1 and 2.3.2.2, and also provide insights

into how these composition changes occur. Some countercyclical changes increase

the agreement between worker rank and firm rank, while others cause it to decrease.
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Labor market downturns are times when low-rank workers are less likely to

work. The decline in the employment share of low-rank workers is concentrated at

high-rank firms. This decline in the share of low-rank workers at high-rank firms

increases the agreement between worker rank and firm rank. By contrast, the in-

crease in the employment share of high-rank workers during economic downturns is

concentrated at low-rank firms. This countercyclical change weakens positive sort-

ing. The decline of low-rank workers at high-rank firms is larger than the increase of

high-rank workers at low-rank firms, and so agreement increases on net. During re-

cessions, the share of employment of high-rank workers at high-rank firms increases,

strengthening sorting, but this effect is not as strong in times of high unemployment

following recessions. Overall, labor market downturns are times when there is more

agreement between worker rank and firm rank, especially during the recessions that

initiate these downturns.

2.3.4 The poaching and nonemployment margins of sorting

We now explore the role of poaching and nonemployment hiring in generating

the changes in employment of particular worker-firm combinations. This analysis

can provide insight into what drives countercyclical increases in worker-firm rank

agreement. Countercyclical changes in the nonemployment margin are generally

driven by cleansing effects. In contrast, cyclical changes related to poaching imply

a sullying effect. Our results explore the cleansing and sullying mechanisms that

determine the rank agreement between workers and firms.
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Table 2.6 shows how the net hiring propensity for each worker-firm combina-

tion varies with our cyclical indicators. Specifically, we use (Na
ijt − N s

ijt)/((Eijt +

Eijt−1)/2) as our dependent variable. This allows us to assess whether, for work-

ers of a given rank, there is a differential response by firm rank, or whether these

changes are spread rather evenly across firms of different ranks.25 An additional

percentage point increase in the unemployment rate is associated with a decline

in net nonemployment hiring of low-rank workers into low-rank firms of 1.261 to

2.186 percentage points. This range is similar to the decline in low-rank workers at

high-rank firms, which is from 1.584 to 2.511 percentage points. The similar ranges

suggest that the employment responses of low-rank workers during a recession are

similar at low-rank and high-rank firms. There is some evidence of a cleansing ef-

fect that removes high-rank workers from low-rank firms. When we rank workers

by employment duration and firms by poaching hire share, we find essentially no

response of high-rank workers at either low- or high-rank firms. The other three

ranking methods exhibit a decline in high-rank workers at high-rank firms of 0.621

to 0.737 percentage points, but a higher 0.790 to 1.145 percentage points decline

at low-rank firms. While these results are small and somewhat mixed, they pro-

vide evidence that the cleansing effect of recessions may disproportionately affect

worker-firm matches in which the ranks disagree.

However, there is even less evidence of a cleansing effect on worker-firm matches

25This change in the denominator is needed in order to assess cleansing versus sullying effects.
Although our worker and firm terciles each have one-third of employment on average, this does
not imply that the intersections of these tercile groups each has one-ninth of employment. In
particular, there are relatively few low-rank workers at high-rank firms. In order to measure the
differential response, e.g., of low-rank workers at firms of low-rank vs. high-rank, we need to make
this adjustment to our denominator.
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in times of high unemployment following recessions. The differential responses for

low-rank workers at low-rank vs. high-rank firms are never statistically distinct from

zero, nor is there evidence of differential responses for high-rank workers. The rank-

ing methods show a decline in net nonemployment transitions of low-rank workers

at low-rank firms of 0.406 to 0.574 percentage points, and of 0.418 to 0.659 percent-

age points for high-rank firms. For high-rank workers, we find that an additional

percentage point deviation of the unemployment rate above its HP trend is associ-

ated with a decline in net nonemployment transitions of 0.045 to 0.287 for high-rank

firms and 0.068 to 0.276 for low-rank firms. This evidence shows that any cleansing

effect on worker-firm rank agreement is concentrated in recessions, rather than the

times of high unemployment that follow recessions.

Table 2.7 shows the net poaching response. Specifically, we define our de-

pendent variable as: (P a
ijt − P s

ijt)/((Eijt + Eijt−1)/2). The net poaching flows of

low-rank workers at high-rank firms decline substantially in response to an increase

of the unemployment rate. Specifically, a one percentage point increase in the unem-

ployment rate is associated with a decline in net poaching flows for low-rank workers

at high-rank firms of 0.452 to 0.771 percentage points. In contrast, net poaching

flows of low-rank workers at low-rank firms increase by 0.236 to 0.458 percentage

points. This slowdown of the job ladder is substantially different for high-rank work-

ers. Net poaching of high-rank workers at high-rank firms only declines by 0.121

to 0.208 percentage points, while that of low-rank firms declines by 0.177 to 0.404

percentage points.
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Poaching also responds to HP-detrended unemployment. For every additional

percentage point deviation of the unemployment rate above its HP trend, the net

poaching rate increases by 0.165 to 0.221 percentage points for low-rank firms, and

declines by 0.170 to 0.376 for high-rank firms. For high-rank workers, an additional

percentage point deviation of the unemployment rate from its HP trend is associ-

ated with an increase in the net poaching rate into low-rank firms by 0.091 to 0.288

percentage points, while the net poaching rate into high-rank firms declines by 0.062

to 0.124 percentage points. It is worth noting that the slowdown in movement from

low-rank to high-rank firms is greater in magnitude for low-rank workers than for

high-rank workers. Therefore, low-rank workers are especially unlikely to move to

high-rank firms during recessions. Overall, this evidence suggests that the coun-

tercyclical shift of low-rank workers at low-rank firms is driven by a slowdown in

the job ladder. As in Haltiwanger et al. (2018b), the fact that this slowdown af-

fects the employment of both low-rank workers and high-rank workers at high-rank

firms suggests that workers of all ranks agree on which firms are relatively desirable

workplaces.

These results on the cyclical changes in net poaching and net nonemployment

flows for worker-firm rank groups help illustrate the role of the cyclical job ladder

in increasing and decreasing the agreement between worker and firm ranks. In the

times of high unemployment that follow recessions, net poaching basically drives

all changes in worker-firm rank agreement. During recessions, net nonemployment

transitions have some have explanatory effect for changes in employment compo-

sition for these worker-firm rank combinations, particularly for high-rank workers
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at low-rank firms. For high-rank workers, net nonemployment transitions favor

high-rank firms rather than low-rank firms, so this effect offsets the countercyclical

change in the poaching margin, which favors low-rank firms. The countercyclical

increase in high-rank workers at low-rank firms has an unambiguous interpretation

of a sullying effect. The countercyclical decline in low-rank workers at high-rank

firms is due to both differential nonemployment hiring as well as poaching, but the

poaching margin explains more of this change.26 According to our additive model,

the nonemployment differential explains at most 29% of the shift in low-rank work-

ers’ employment share away from high-ranked firms and towards low-ranked firms.27

Therefore, the countercyclical decline in the share of low-rank workers at high-rank

firms is mostly due to sullying effects. Most of the countercyclical increase in the

agreement between worker rank and firm rank can be attributed to sullying rather

than cleansing effects. The cyclical job ladder drives changes in the agreement of

worker ranks and job ranks.

2.3.4.1 Worker-firm rank correlation and unemployment

In order to characterize the degree to which sorting varies with the unemploy-

ment rate, we also consider the correlation between worker rank and firm rank, and

26This result suggests that readers should exercise caution in interpreting our finding of an
increase in the measured agreement between worker rank and firm rank as itself evidence of a
cleansing effect on worker-firm matches. If low-rank workers have higher output at high-rank firms
than at low-rank firms, then output can be reduced when low-rank workers are concentrated at
low-rank firms.

27See the results for the additive model in Tables 2.6 and 2.7 where we use the first-difference of
the unemployment rate as the cyclical indicator, (2.006− 1.546)/(2.006− 1.546 + 0.345 + 0.771) ≈
0.29. Ranking workers by employment duration and firms by their poaching hire share, we obtain
the lower estimate of (2.511− 2.186)/(2.511− 2.186 + 0.458 + 0.762) ≈ 0.21.
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how this varies with the unemployment rate.28 Regression evidence is shown in Table

2.8. Specifically, we allow workers and firms to be in one of 50 employment-weighted

rank bins, and we measure the correlation between worker rank and firm rank for

those bins. This correlation, which is in the interval [−1, 1], is calculated separately

for each quarter in the data, and serves as the dependent variable for regressions on

our two cyclical indicators.29 While there are differences across ranking methods,

overall the measured correlation between worker rank and firm rank increases in

labor market downturns. For example, a one percentage point increase in the un-

employment rate is associated with an increase of 0.012 in the correlation between

a worker’s rank measured by employment duration and a firm’s rank measured by

the poaching hire share. This relationship is stronger for the first-difference of the

unemployment rate, which suggests that the correlation between worker ranks and

firm ranks increases during recessions more than in the times of high unemployment

that follow.

To interpret the results of Table 2.8, it is important to consider the results

on changes in the employment of different worker-firm rank combinations that we

discussed in Section 2.3.3.1. Countercyclical changes in the degree of agreement

between worker rank and firm rank are driven by several mechanisms, some that

strengthen and others that weaken this relationship. Our results show that, overall,

positive sorting tends to strengthen during labor market downturns.

28For the correlations and a discussion, see Appendix B.3.3 and Appendix Table B.3.
29Note that to avoid excess decimal places in Table 2.8, we multiply the correlations by 100.
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Table 2.8: Relationship between worker-firm correlations and the un-
employment rate

Dependent variable: Worker-firm rank correlation

Employment & Earnings & Additive worker Ranked workers
poaching share productivity & firm effects & surplus

Difference in unemployment from its HP trend
-0.0 0.3∗∗∗ 0.3 0.3∗∗∗

(0.2) (0.1) (0.2) (0.1)

First-difference of the unemployment rate
1.2∗∗ 0.5∗∗∗ 1.7∗∗∗ -0.4
(0.5) (0.1) (0.4) (0.3)

Notes: Dependent Variable: Correlation of Worker and Firm Ranks within
given model for each quarter. Regression of these correlations for each quarter
on the seasonally-adjusted unemployment rate after either HP-filtering or first-
differencing, season dummies, and a linear time trend. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% levels, respectively. Standard er-
rors are in parentheses. To avoid excessive decimal places, the dependent variables
range from [−100, 100], while the cyclical indicators range from [−1, 1].

2.3.5 Summary

Our empirical evidence shows how labor market composition and sorting change

with aggregate conditions. All four of our ranking methods deliver similar results.

During recessions, the employment share of low-rank workers declines while that

of high-rank workers increases. This change can be attributed to the differential

net nonemployment transitions of low- vs. high-rank workers. Although workers

of all ranks are less likely to work during economic downturns, low-rank workers

are especially unlikely to work. Thus worker composition can be characterized by a

countercyclical cleansing effect: relatively unproductive workers leave employment

during downturns.
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Cyclical changes in firm composition are quite different. During economic

downturns, the employment share of low-rank firms increases. This is true whether

we rank firms by poaching hire share, labor productivity, or transformations of

worker earnings. This increase in the employment share of low-rank firms is driven

by the countercyclical decline in net poaching from low-rank to high-rank firms.

During expansions, high-rank firms poach workers away from low-rank firms as

workers move up the job ladder. But during downturns, the job ladder shuts down,

and relative employment increases for low-ranked firms.

This countercyclical cleansing of the worker distribution and sullying of the

firm distribution drive changes in labor market sorting. As low-rank firms and high-

rank workers have an increasing share of employment during labor market down-

turns, the share of such job matches naturally increases. This weakens the degree

of sorting and is driven by a sullying effect. We also find that low-rank workers are

less likely to work at high-rank firms during downturns, which strengthens sorting.

This change can mostly be attributed to the slowdown of the job ladder and hence

also appears to be a sullying effect. The decline of low-rank workers at high-rank

firms dominates, and the measured agreement between worker rank and firm rank

increases during recessions.
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Chapter 3: Measurement of Nominal Wages in Administrative Earn-

ings Data

3.1 Introduction

Over the last three decades, many countries have created administrative data

sets that track workers’ earnings at many or nearly all firms. The rich data contained

in these employer-employee linked data sets have enabled researchers to examine the

impact of policy changes, worker and firm decision-making, labor market dynamics,

and many other topic areas. However, this research has been limited by the fact

that most employer-employee linked data sets fail to decompose workers’ reported

earnings into the base wages, variable compensation, hours or weeks worked, and

other factors that determine workers’ earnings.

To overcome this limitation, I develop a set of machine learning methods that

identify each worker’s unobserved payday schedule and nominal wage series from the

worker’s observed quarterly earnings with an employer. First, I note that variation in

the number of paydays due to a worker’s payday schedule can generate fluctuations of

±15% in the worker’s quarter-over-quarter earnings. Although earnings fluctuations

generated by changes in the number of paydays appear as noise at an individual
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level, these payday-related earnings changes can be identified because they are large

and common to many workers at the firm. I begin by identifying the individual-

level payday schedule that minimizes the implied residual variance of the worker’s

observed quarterly earnings. I then identify the payday schedule(s) in operation at

the firm using a clustering algorithm that determines which payday schedules are

common to many workers at the firm. Having identified the payday schedule(s)

used by the firm, I then determine which payday schedule (from this more limited

set) minimizes the implied residual variance of each worker’s quarterly earnings.

Knowing the payday schedule allows me to estimate each worker’s number of payday

weeks in any given period, and thus control for transitory fluctuations in quarterly

earnings generated by the worker’s payday schedule.

I reframe the problem of identifying persistent changes in each worker’s base

wage as one of identifying structural breaks in the worker’s observed earnings. Each

persistent wage change is equivalent to a structural break in the time series of a

worker’s log earnings over the worker’s job spell at a firm. By reframing the problem,

I can use methods developed by the extensive literature on identifying structural

breaks in time-series data.1

Because administrative employer-employee linked datasets contain earnings

series for millions of workers, the scalability of the post-Lasso procedure makes it

a particularly attractive method for identifying structural breaks in a worker’s log

1See Casini and Perron (forthcoming) for a review of recent advances in the literature on struc-
tural break identification. In the downward nominal wage rigidity literature, Gottschalk (2005) ad-
dressed measurement error in survey respondents’ reported base wages by applying structural break
identification procedures proposed by Bai and Perron (1998). Barattieri, Basu and Gottschalk
(2014) further extended Gottschalk’s method to account for Type I and Type II error in the
identification of nominal wage changes.
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base wage (i.e. persistent wage changes).2 The post-Lasso estimation procedure

allows for persistent wage changes to occur in any period of a worker’s employment

history. The procedure minimizes an objective function that has two components.

The first component optimizes the model fit by choosing the wage change estimates

that minimize the Euclidean distance between the predicted persistent log wage

history and the observed log earnings history (this is the same as standard OLS

minimization of the sum of squared residuals). The second component addresses

model over-fitting by including a penalty parameter for the sum of the absolute value

of the estimated log wage changes. This penalty parameter causes the post-Lasso

procedure to set the estimated persistent wage change to zero for many periods,

which is consistent with workers not receiving base wage changes every quarter.

I implement these methods using a 10% random sample of firms from 30

states in the U.S. Census Bureau’s LEHD data set, an employer-employee linked

administrative data set covering approximately 96% of employment in each state. I

use the estimated persistent wage changes to identify four patterns of nominal wage

adjustment: i) estimated persistent wage changes exhibit downward nominal wage

rigidity, ii) real wage cuts that would be optimal in a frictionless environment are

suppressed by downward nominal wage rigidity, iii) workers’ nominal raises follow a

Taylor-like pattern, with the probability of a wage raise spiking every four quarters,

and iv) the timing of workers’ annual raises is synchronized within the firm.

This chapter proceeds as follows. Section 3.2 describes the LEHD data set.

2Notable studies that use Lasso estimation for structural break identification include Harchaoui
and Lévy-Leduc (2010) and Ciuperca (2014).
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Section 3.3 describes the set of clustering algorithms that I use to identify each firm’s

set of payday schedule(s) and the number of payday weeks for a given worker. Sec-

tion 3.4 lays out the full details of the post-Lasso estimation procedure and evaluates

the quality of the persistent wage change estimates. Section 3.6 presents evidence

regarding the four nominal wage adjustment patterns: i) estimated persistent wage

changes exhibit downward nominal wage rigidity; ii) downward nominal wage rigid-

ity suppresses real wage changes; iii) workers receive nominal raises according to

an annual schedule; and iv) workers’ annual raise schedules are synchronized within

firms. Section 3.7 concludes.

3.2 Data

This paper uses the U.S. Census Bureau’s LEHD data set - an employer-

employee linked data set with quarterly earnings for approximately 96% of all em-

ployment in a state. The quarterly earnings data in the LEHD is derived from

firms’ mandatory unemployment insurance filings. This earnings data is comple-

mented with both worker characteristics (age, sex, race, and education) and firm

characteristics (industry, firm age, and firm size) from other data sources. Indi-

viduals are uniquely identified by a Protected Identification Key (PIK) that allows

each individual to be tracked across different employers and locations. The LEHD

identifies employers at the level of a state employer identification number (SEIN).

Firm age and firm size are derived by aggregating one or more SEINs (potentially

across states) to the level of the federal employer identification number (EIN). For
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simplicity, I refer to each SEIN as a firm.

This paper extracts two samples from the LEHD data set. The primary sample

consists of a 10% random sample of SEINs from thirty states covering the period

from 1998:Q1 to 2017:Q1.3 I chose these thirty states because there are no gaps in

reported quarterly earnings for any of these states over the sample period. I also

employ a secondary sample that is a 10% random sample of SEINs from the four

states that also reported quarterly hours paid during the period from 2011:Q1 to

2018:Q1 (MN, OR, RI, and WA). I use this secondary sample because the hours-

paid data helps quantify the degree of measurement error in my baseline post-Lasso

estimates of workers’ nominal wages.

3.3 Estimation of payday weeks

A key drawback of the LEHD data set is that the LEHD generally only re-

ports workers’ quarterly earnings, which can vary due to fluctuations in overtime

pay, bonuses, payday weeks, average weekly hours paid, or the base wage.4 Many of

these components of quarterly earnings are transitory, and thus are unlikely to affect

employment decisions in long-term employment relationships (see Appendix C.2).

To overcome this limitation of the LEHD, I develop a set of novel machine learning

tools that identify persistent changes in workers’ unobserved nominal base wages

3The states included in the primary sample are: CA, CO, CT, FL, GA, HI, ID, IL, IN, KS, LA,
MD, ME, MT, NC, ND, NJ, NM, NV, OR, PA, RI, SC, SD, TN, TX, VA, WA, WI, and WV.

4The LEHD data set does have total quarterly hours paid for four states from 2011 forward.
Although these hours-paid data are helpful for identifying patterns in workers’ wage changes, only
Washington state has hours-paid data prior to 2009. For more details on patterns of adjustment
in the non-wage components of quarterly earnings, see Appendix C.3.
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from their observed nominal quarterly earnings. This section describes these ma-

chine learning methods and evaluates the quality of the resulting estimated nominal

wage changes.

To more formally distinguish between persistent versus transitory components

of quarterly earnings, I express each worker’s quarterly earnings as a function of

the worker’s base wage, the number of payday weeks in the quarter, the number

of regular and overtime hours worked, and any variable compensation paid to the

worker (e.g. annual bonuses, tips, and commissions).5 Specifically,

yikt = wikt
(
nikth̄ikt + θoiktnikth̄

o
ikt

)
viktεikt (3.1)

where yikt is worker i’s total nominal earnings at firm k in quarter t, wikt is the

worker’s base hourly wage, nikt is the number of payday weeks in the quarter, h̄ikt

is the worker’s average weekly hours paid, θoikt is the overtime premium for overtime

pay (typically 1/2), h̄oikt is the worker’s average weekly overtime hours paid, vikt

is the worker’s variable compensation as a percent of the base wage, and εikt is

measurement error (such as dropping or adding a decimal place in the recorded

quarterly earnings).6

5When measuring workers’ wages, I only consider “full-quarter” earnings - where the worker
has positive earnings from the same SEIN in the quarter immediately before and after the current
quarter. This has the benefit of reducing fluctuations in quarterly earnings that result from new
hires and job separators working only part of the quarter in which they are hired or separate.

6For salaried employees who are exempt from overtime pay requirements, the average reported
weekly hours paid always equals 40 (no matter how many hours are actually worked) and the
average weekly overtime hours paid is always zero.
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3.3.1 Payroll schedules

Payroll schedules generate significant fluctuations in quarterly earnings be-

cause of variation in the number of pay periods from quarter to quarter. For in-

stance, workers who are paid bi-weekly typically experience ±15% fluctuations in

quarterly earnings from one quarter to the next as the number of quarterly pay-

days switches between six and seven. Although earnings fluctuations generated by

changes in the number of payday weeks appear as noise at an individual level, these

payday-related changes can be identified because they are common to many workers

at the firm. Knowing the changes that are induced by payroll schedules is useful

because such changes are directly related to the number of weeks worked, and thus

allow estimation of a worker’s average weekly earnings.

The method for identifying a firm’s payroll schedule(s) exploits three empirical

regularities. First, there are a limited number of potential payday schedules: seven

weekly, fourteen bi-weekly, one monthly, and one semimonthly payroll schedule.

Second, each of these payday schedules has a distinct time series of payday weeks

from quarter to quarter. Importantly, the time series of quarterly payday weeks for

each payday schedule can be determined from the annual calendar. And third, firms

tend to use a small number of payroll schedules for their employees (typically only

one or two, see Burgess (2014)), so the fluctuations in quarterly earnings caused by

payday schedules are common to many workers at the firm.

Estimating a worker’s payday weeks first requires identifying the set of payroll

schedules used by the worker’s employer. This firm-specific set of payroll schedules
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is determined by iteratively selecting the payroll schedule that best fits the observed

quarter-over-quarter earnings changes for the largest number of workers. For each

worker at the firm and potential payroll schedule p, I construct the worker’s payroll-

schedule-adjusted log earnings change, ∆ypikt, defined as:

∆ypikt =
(

ln(yikt)− ln(yikt−1)
)
−
(
ln(npt )− ln(npt−1)

)
(3.2)

where npt is the number of payday weeks for the payroll schedule p in quarter t based

on the annual calendar.7

The best fitting payroll schedule for a given worker, p∗ik, is the payroll schedule

that implies the lowest variance of ∆ypikt. The intuition behind this rule is that for

the true payroll schedule, the subtracted change in the payroll schedule’s payday

weeks,
(
ln(npt )− ln(npt−1)

)
, is perfectly negatively correlated with the true payday

weeks change component of the quarterly earnings change. This perfect negative

correlation, combined with an assumption that changes in wages, weekly hours, and

variable compensation are independent of the number of payroll weeks, implies that

the true payday schedule minimizes the variance in Equation 3.2 as the duration of

the job spell approaches infinity. Once each worker’s best-fitting payroll schedule

has been identified, I select the payroll schedule that is best for the largest number of

workers, where each worker’s best schedule is given a weight equal to the duration of

the worker’s job spell (this accounts for differences in the precision of the individual-

7One complication from using the annual calendar is that January 1st, New Years Day, is a
holiday that occurs at the transition between Q4 and Q1. From the data, it is apparent that some
firms shift weeks paid from Q1 to Q4 when the weekday of payment falls on New Years Day.
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level variance estimates caused by differences in the job spell duration).

After each iteration, I remove any workers for whom the selected payroll sched-

ule was the best-fitting payday schedule. I then run another iteration for the re-

maining workers. This process continues until either four payroll schedules have

been selected or no remaining payroll schedule is the best-fitting payroll schedule

for five or more workers. Having identified the set of potential payday schedules

at the firm, I select from this constrained set the worker-specific payroll schedule

that minimizes the variance of the worker’s payroll-schedule-adjusted change in log

earnings (∆ypikt).

3.4 Post-Lasso estimation of persistent nominal wage changes

I next use a post-Lasso procedure to extract persistent changes in each worker’s

unobserved base wage (wikt) from their payday-adjusted quarterly earnings (yikt).

This procedure involves four steps. First, I express each worker’s base wage in any

given period t as a recursive formulation of the worker’s starting wage (wik1) and

all base wage percentage changes up to the current period (∆w
iks):

wikt = wik1

t∏
s=2

(1 + ∆w
iks) (3.3)

Inserting this recursive formulation into the quarterly earnings decomposition in

Equation 3.1 and then taking the natural log allows observed quarterly earnings to
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be rewritten as:

ln (yikt) = ln (wik1)+
t∑

s=2

ln (1 + ∆w
iks)+ln (nikt)+ln

(
h̄ikt + θoikth̄

o
ikt

)
+ln (vikt)+ln (εikt)

(3.4)

Second, although I do not observe any of the right-hand side variables, I can express

Equation 3.4 as a standard linear regression model. Specifically, if we observe T

periods of employment for the worker at the firm, then the current period quarterly

earnings can be expressed as:

ln (yikt) = β1
ikd

1
ikt +

T∑
s=2

βsikd
s
ikt +αik ln (nikt) + ln

(
h̄ikt + θoikth̄

o
ikt

)
+ ln (vikt) + ln (εikt)︸ ︷︷ ︸
τikt

(3.5)

where dsikt is a set of T indicator variables that, in any given period t, take on a value

of 1 only if t ≥ s. Thus, d1
ikt corresponds to the intercept term and its coefficient,

β1
ik, represents the log starting weekly wage of the worker: ln(wik1). The coefficient

on each subsequent indicator variable, βsik, represents the persistent nominal wage

change experienced by the worker in period s: ln
(
1 + ∆W

iks

)
.

Although I do not observe the number of payday weeks for each worker (nikt),

controlling for the number of payday weeks is important because it generates sub-

stantial noise in each worker’s quarterly earnings series. Since firms tend to use

only one or two payday schedules for all of their workers (see Burgess (2014)), a

large share of workers at a firm may exhibit similar persistent earnings changes sim-

ply because of their number of payday weeks. To address this concern, I develop

a clustering method that estimates the number of payday weeks for each worker.
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This clustering method exploits the fact that each firm uses only a small number of

payday schedules, which are themselves selected from a total universe of 23 payday

schedules. Critically, each of these potential payday schedules has a distinct time

series of payday weeks from quarter to quarter - where this time series can be deter-

mined from the annual calendar. Thus, the clustering algorithm identifies payday

schedules at the firm (and then for a worker) based on patterns of quarter-over-

quarter earnings changes that are both common to many workers at the firm and

align with one of the potential payday schedules. Section 3.3 contains a complete

description of the clustering method for estimating workers’ payday weeks (n̂ikt).

The number of payday weeks is common to many workers at the firm. The re-

maining unobserved components, representing average weekly hours paid, overtime,

and variable compensation, are included in the τikt error term. While I would ide-

ally observe these components as well, their absence is less troubling since persistent

changes in these unobserved components of earnings are relatively rare.

In the third step, I identify the quarters in which a worker received a wage

change. It is impossible to estimate the regression model in Equation 3.5 using

standard methods because there are T + 1 right-hand variables and only T observa-

tions. Instead, I exploit the fact that there are presumably many quarters in which a

worker has no change in their base wage. This implies that βsik = 0 in those quarters,

making the Lasso variable selection procedure, first proposed by Tibshirani (1996),

an ideal method for identifying quarters in which a worker has a persistent wage

change (i.e. has a non-zero βsik coefficient).8

8Notable studies that use Lasso estimation for variable selection in a time-series context include
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The Lasso estimation procedure selects variables to include in a regression

model by trading off the improvement in the explanatory power of the model when

the variable is allowed a non-zero coefficient (the standard OLS minimization of the

sum of squared residuals) against a penalty for the absolute distance of the coefficient

from zero. Thus, for every worker-firm job spell, I use the Lasso estimation procedure

to select the set of non-zero βsik that solve the following minimization problem:9

min
β1
ik,...,β

T
ik,αik

(
T∑
t=1

ln(yikt)−
T∑
s=1

βsikd
s
ikt − αik ln (n̂ikt)

)2

+ λik

(
||αik||+

T∑
s=1

||βsik||

)
(3.6)

where n̂ikt is the estimated number of payday weeks from the procedure described

in Section 3.3. The λik penalty parameter is set using 10-fold cross validation for

each worker-firm job spell.10 If the job spell has fewer than ten full quarters of

employment, then I instead use leave-one-out cross validation.

The error term of this Lasso minimization problem includes any error from

the estimation of payday weeks plus deviations of log weekly hours, overtime hours,

variable compensation, and measurement error from the variables’ averages over

the job spell. Minimizing the Lasso objective function identifies the quarters for

which assigning a non-zero wage change coefficient significantly improves the model

fit in both the current period and all subsequent periods. Thus, the Lasso proce-

Harchaoui and Lévy-Leduc (2010) and Ciuperca (2014).
9For the 4-state sample with quarterly hours-paid data, I replace ln(n̂ikt) with the log of the

reported hours paid (ln(nikth̄ikt)), which changes the meaning of the β1
ik coefficient to be each

worker’s initial starting hourly wage rather than their starting weekly wage.
10X-fold cross validation randomly partitions the worker’s wage history into X distinct subsets.

Each subset then serves as a holdout group that evaluates the prediction quality of the estimated
wage changes generated using the other X − 1 subsets. The optimal λik penalty parameter is
chosen to maximize the prediction quality on the X hold-out subsets.
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dure identifies persistent changes in a worker’s weekly earnings.11 Although these

persistent changes in a worker’s weekly earnings will oftentimes come from changes

in the worker’s base wage, the Lasso procedure will also pick up persistent changes

in the worker’s average weekly hours worked (e.g. going from part to full-time) or

persistent changes in variable compensation (e.g. a permanent change in the sales

commission rate), which will mistakenly be attributed to changes in the worker’s

persistent base wage.

By penalizing non-zero coefficients based on their absolute distance from zero,

the Lasso estimation procedure generates attenuation bias in the coefficient esti-

mates. Thus, the fourth and final step of the wage estimation process addresses this

bias by estimating a standard post-Lasso OLS regression model for every worker-firm

job spell that only includes variables with non-zero coefficients selected by the Lasso

procedure in Step 3. The resulting coefficient estimates from the post-Lasso OLS

regression serve as my estimates of each worker’s persistent nominal wage changes.

3.4.1 Quality evaluation of post-Lasso estimated nominal wage changes

Because I do not observe workers’ true base wages, it is difficult to validate

this post-Lasso estimation procedure. That said, I can evaluate the quality of the

post-Lasso estimation procedure in two ways. First, in the four states with hours-

paid data from 2011:Q1 to 2018:Q1, I evaluate how often the post-Lasso procedure

11This Lasso procedure is very similar in spirit to the structural break identification procedure
that Gottschalk (2005) adapted from Bai and Perron (1998) in order to correct for measurement
error in self-reported wages from survey data. Barattieri, Basu and Gottschalk (2014) further
improve upon Gottschalk’s method by explicitly accounting for Type I and Type II errors in the
error correction process.
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identifies wage changes for workers with hourly earnings at or near the old minimum

wage in quarters in which the state changes its minimum wage. Second, I compare

the frequency of quarterly wage raises identified by the post-Lasso procedure relative

to the frequency of base wage changes that Grigsby, Hurst and Yildirmaz (2019)

identify from administrative payroll records.

For the evaluation of minimum-wage workers’ post-Lasso estimated wage changes,

I begin by identifying quarters in which any of the four states changed their min-

imum wage. After constructing each worker’s average hourly earnings in a given

quarter by dividing their reported nominal earnings by their hours paid, I include in

the sample all workers in a state whose hourly earnings in t−2 (where t is the quarter

of the state’s minimum wage change) were between the old and the new minimum

wage. The Lasso estimation procedure identifies that 55.0% of these minimum-wage

workers received a wage raise in the quarter of the state’s minimum wage change.

An additional 33.3% of minimum wage workers are identified as receiving a wage

change in the quarter immediately before the minimum wage change, but approxi-

mately half of these are workers who are also identified as receiving a wage change

in the same quarter as the state’s minimum wage change.12 Thus, I find the post-

Lasso procedure identifies wage changes for 70.0% of minimum-wage workers in the

quarter of or immediately before a state’s minimum wage change. Thus, for mini-

mum wage workers in these four states, 30.0% is a reasonable estimate of the Lasso

procedure’s Type II error rate (the failure to detect a wage change when there is a

12The post-Lasso procedure may identify a worker as receiving wage changes in two, back-to-
back quarters if the true wage change occurred in the middle of the first quarter. In this case,
many of these workers with back-to-back estimated wage changes would have received their true
wage change in the month or two immediately before the mandated minimum wage change.
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change). In the quarter immediately after the state’s minimum wage change takes

effect, the Lasso estimation procedure identifies a nominal wage change for 14.7% of

workers. This provides an upper-bound estimate of the Type I error rate (detecting

a wage change when there is none), since some minimum wage workers may have

received both a raise in the state’s minimum wage change quarter and an additional

wage change in the quarter immediately following the minimum wage change.

Most studies of nominal wage rigidity examine annual changes in workers’

wages. This paper, on the other hand, focuses on quarter-over-quarter wage changes

because the proposed quasi-experiment requires estimates of nominal wage changes

at a sub-annual frequency to identify calendar quarters in which firms tend to raise

wages. Thus, for my primary sample, I compare the results of the post-Lasso proce-

dure with the two studies that report quarterly nominal wage adjustment frequencies

using U.S. data: Barattieri, Basu and Gottschalk (2014), which uses the SIPP, and

Grigsby, Hurst and Yildirmaz (2019) (GHY), which uses ADP administrative pay-

roll data. Table 3.1 reports the frequency of nominal wage raises, freezes, and cuts

at both a quarterly and annual frequency. GHY serves as the best benchmark for my

post-Lasso persistent wage change estimates because they use administrative data

from a large sample of U.S. firms’ payroll records for which they observe workers’

true base wages. The only downside to using their results as a benchmark is that

their sample includes only firms with 50+ workers. Since smaller firms are less likely

to raise workers’ wages, GHY overestimates the frequency of nominal wage raises in

the broader population (and vice-versa for nominal wage freezes).

GHY find that 18.5 percent of workers at 50+ employee firms receive a nominal
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wage raise in any given quarter. The post-Lasso procedure identifies 26.5% fewer

nominal wage raises, estimating that only 13.6 percent of workers receive a nominal

raise each quarter. This difference is similar to the 30% Type II error rate upper

bound from the earlier analysis of minimum-wage workers. Although it is not clear

how much of the difference is due to GHY’s exclusion of small firms (small firms

employed 28.2% of workers in 2014 according to the Census Bureau’s Quarterly

Workforce Indicators), I believe that the post-Lasso estimation procedure fails to

identify a non-trivial share of nominal wage raises.

Although this significant Type II error rate would be troubling in many con-

texts, it is less so for the quasi-experiment described in Chapter 1, which aggregates

the post-Lasso individual-level estimated wage changes to the firm level and at a

calendar quarter frequency. Given a Type II error rate of approximately 30%, this

is equivalent to constructing measures of firms’ historical nominal raise patterns

based on a sample of 70% of the full set of workers’ nominal raises. If the post-

Lasso procedure fails to identify true wage changes in a random fashion, or if the

non-randomness of this wage change identification is small relative to the under-

lying wage change patterns, then the measurement error in my estimates of firms’

historical raise patterns should be approximately classical in nature.
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3.5 Comparison of estimated persistent nominal wage changes to lit-

erature

The resulting post-Lasso estimated persistent base wages exhibit patterns very

similar to the base wage change patterns identified by Grigsby, Hurst and Yildirmaz

(2019) using the ADP administrative payroll records. Table 3.1 shows that the

post-Lasso procedure estimates that 84.9% of workers experience no quarter-over-

quarter persistent wage change, 13.6% receive a nominal raise, and 1.6% receive

a nominal cut. Examining workers at firms with 50+ employees (which tend to

raise workers’ wages more often than smaller firms), Grigsby, Hurst and Yildirmaz

(2019) determine that 80.6% of workers experience quarter-over-quarter nominal

wage freezes, 18.5% receive a nominal raise, and 0.9% receive a nominal cut.
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3.6 Patterns of nominal wage adjustment

This section provides evidence regarding four patterns of nominal wage adjust-

ment: i) estimated persistent wage changes exhibit downward nominal wage rigidity,

ii) real wage cuts that would be optimal in a frictionless environment are suppressed

by downward nominal wage rigidity, iii) workers’ nominal raises follow a Taylor-like

pattern, with the probability of a wage raise spiking every four quarters, and iv) the

timing of workers’ annual raises are synchronized within the firm.

3.6.1 Wages exhibit downward nominal rigidity

Consistent with previous studies,13 the post-Lasso estimated persistent base

wages exhibit significant downward nominal wage rigidity. Figure 3.1 shows the

histogram of annual post-Lasso estimated nominal wage changes within ±25 log

points of zero. The histogram of estimated persistent base wage changes indicates

that a large mass of workers have no change in their nominal wages year-over-year,

and that the distribution of nominal wage changes is missing mass to the left of zero

nominal change.

13Studies documenting downward nominal wage rigidity using the Panel Study of Income Dynam-
ics (PSID) include: McLaughlin (1994); Lebow, Stockton and Wascher (1995); Akerlof, Dickens,
Perry, Gordon and Mankiw (1996); Card and Hyslop (1997); Kahn (1997); Altonji and Devereux
(2000); and Dickens, Goette, Groshen, Holden, Messina, Schweitzer, Turunen and Ward (2007).
Studies using the Current Population Survey (CPS) include: Card and Hyslop (1997); Daly and
Hobijn (2014); Elsby, Shin and Solon (2016); and Jo (2019). Studies using the Survey on In-
come and Program Participation (SIPP) include: Gottschalk (2005); and Barattieri, Basu and
Gottschalk (2014). Studies using the Employer Cost Index (ECI) survey include: Lebow, Saks
and Wilson (2003); and Fallick, Lettau and Wascher (2016). Studies using unemployment insur-
ance administrative data include: Kurmann and McEntarfer (2019) and Jardim, Solon and Vigdor
(2019). Grigsby, Hurst and Yildirmaz (2019) use ADP payroll data. Hazell and Taska (2018) using
job posting data from Burning Glass.
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Figure 3.1: Cumulative 4-quarter change in persistent log nominal wage

Notes: Histogram of workers’ four-quarter cumulative changes in their post-Lasso esti-
mated persistent log nominal wage. Estimated from the Primary Sample after restricting
to workers with at least five full quarters of non-zero earnings. U.S. Census Bureau Dis-
closure Review Board bypass number DRB-B0037-CED-20190327.

DNWR would imply that there is a discontinuous drop in the frequency of

nominal wage adjustment immediately below zero nominal change. Such a disconti-

nuity is apparent in Figure 3.2, which shows the histogram of nominal changes in 0.1

log point bins within 3 log points of zero nominal change. In Appendix C.1, I more

formally test for the presence of DNWR using a series of regression discontinuity

models that check for a discontinuity in the distribution of nominal wage changes

at zero nominal change. For all model specifications (changing both bandwidths

and polynomials in the running variable), I find evidence of a discontinuity in the

distribution at zero nominal change - implying the existence of downward nominal

wage rigidity.
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Figure 3.2: Histogram of persistent nominal wage changes at annual frequency near
zero

Notes: Frequency of four-quarter cumulative changes in workers’ post-Lasso estimated
persistent log nominal wage grouped into 0.1 log point change bins. Sample is restricted to
workers with at least five full-quarters of non-zero earnings. U.S. Census Bureau Disclosure
Review Board bypass number DRB-B0037-CED-20190327.

3.6.2 Nominal wage rigidity suppresses real wage changes

Given the finding that workers’ persistent wage changes exhibit downward

nominal wage rigidity, a natural question is how many real wage changes are sup-

pressed when the change requires a nominal wage cut. This is a useful empirical

moment for calibrating models with downward nominal wage rigidity. To estimate

the suppression of real wage changes caused by downward nominal wage rigidity, I

employ a variant of the method proposed by Kahn (1997) for measuring the effect

of downward nominal rigidity on the wage change distribution.14

14There are two main differences between Kahn’s proposed method and what I do. First, she
proposes to use the median of the full wage change distribution, whereas I use the mode of the
non-zero changes. I do this because the infrequency of wage changes would mean that the median
wage change is always zero (at both quarterly and annual frequencies). Using the mode of the
non-zero changes provides a more consistent “real” wage change measure since the median of the
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Kahn’s method compares the frequency of similar magnitude real wage changes

across different periods, distinguishing between when the same real change corre-

sponds to a positive versus negative nominal change. I begin by generating his-

tograms of the nominal wage change distribution from different periods. The critical

assumption of Kahn’s method is that the modal (or in her case median) nominal

wage change in each period corresponds to the same optimal modal “real” wage

change. Under this assumption, absent any rigidities or frictions, the proportion of

wage changes in the histogram bins that are the same distance r from the period-

specific modal nominal wage change bin should be the same across all periods.

To measure the degree to which DNWR suppresses real wage changes, I calcu-

late prt - the proportion of all wage changes observed in period t (including nominal

wage freezes) that fall into the r-distance bin from the modal nominal wage change

bin for period t (where the distances are in 0.1 log points). If DNWR suppresses

real wage changes, then, when a given r-distance bin requires a nominal wage cut,

we should expect the proportion of wage changes in that bin to fall by some percent.

Thus, I estimate the following regression model:

ln (prt) =
5∑

x=−5

αxd
x
rt + β1d

∆w−
+ β2d

∆w,small+

+ εrt (3.7)

dxrt is an indicator variable equal to one if x = r, which captures the assumption

non-zero changes will change significantly depending on the share of wage changes that are frozen.
Second, she includes in the regression model described in Equation 3.7 the zero nominal change bin
in each period, along with a build up from the suppressed bins with nominal wage cuts. Including
the zero nominal change bin with this build up imposes a restriction that the suppressed nominal
wage changes are necessarily wage freezes, whereas excluding the zero nominal change bin relaxes
this restriction. By relaxing this assumption, I can estimate the relationship using OLS with a log
specification, as opposed to requiring a non-linear estimation procedure.
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that, absent rigidities and frictions, the proportion of nominal wage changes in the r

distance bin should be constant over time. d∆w−
is an indicator variable equal to one

if the r-distance bin in period t corresponds to a nominal wage cut, which captures

the effect of downward nominal wage rigidity. And d∆w,small+
is an indicator variable

equal to one if the r-distance bin in period t corresponds to a small positive nominal

raise (wage change bins between +0.1 and +0.9 log points), which identifies if small

changes are suppressed. For this regression, I use the secondary LEHD sample

(which enables me to use hours-paid data in the post-Lasso wage change estimation

procedure). I calculate the proportion of nominal wage changes that fall into 0.1

log point bins of the quarterly nominal wage change distributions for each quarter

from 2011:Q3 through 2017:Q3.

As shown in Table 3.2, the proportion of wage changes in a given real change

bin falls by 55% when the change requires a nominal wage cut versus a nominal

wage raise. For comparison, this estimate is slightly above Kahn’s estimate using

the PSID survey data that, when a given real change requires a nominal wage

cut, DNWR suppresses 47.3% of hourly workers’ wage changes. The estimate is

even further above Kahn’s estimate of 38.1% suppression of salaried workers’ wage

changes, but within the 95% confidence interval of her estimate.

The finding that the likelihood of observing a real wage change falls signifi-

cantly when the wage change requires a nominal cut has two implications for eco-

nomic models that rely on assumptions about the wage adjustment process. First,

that such a large share of wage changes are suppressed by DNWR lends empirical

support to the various models that examine the role of DNWR in explaining the
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asymmetric response of employment and output to contractionary versus expansion-

ary shocks (Kim and Ruge-Murcia (2009); Schmitt-Grohé and Uribe (2016); Evans

(2018); Mineyama (2018), Dupraz, Nakamura and Steinsson (2019), and Chodorow-

Reich and Wieland (forthcoming)).

Second, Calvo (1983) proposed modeling nominal wage rigidity as the random

arrival of opportunities to adjust wages. One testable implication of the Calvo wage

adjustment process (and the staggered wage adjustment process proposed by Tay-

lor (1980)) is that the frequency of wage adjustments should not respond to the

aggregate state. This implication no longer holds if the wage adjustment process

is modified such that the opportunity to cut a worker’s nominal wage arrives less

frequently than the opportunity to raise the worker’s wage. With this minor mod-

ification, the frequency of wage adjustments falls in response to negative aggregate

shocks because a greater share of jobs will have an optimal wage that requires a

nominal wage cut. Since nominal wage cuts are even less likely to occur relative to

nominal wage raises, the frequency of wage adjustment will decrease disproportion-

ately for a negative shock versus a similar magnitude positive shock - thus making

“time-dependent” Calvo and Taylor wage setting processes also state-dependent.

Table 3.2 also indicates that the likelihood of observing a given real change rises

when it requires a small positive nominal change (versus a large positive nominal

change). This has two implications for models of the wage adjustment process.

First, this finding is consistent with Elsby (2009), which argues that DNWR would

generate downward compression in the distribution of positive wage changes since

DNWR makes it harder to reverse wage raises. Second, this finding runs counter to
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the adjustment cost model of nominal wage changes proposed by Rotemberg (1982).

If nominal wage changes incur adjustment costs (which could explain Taylor-style

staggering of nominal wage changes), then small nominal wage changes that are close

to zero should be suppressed. Kahn’s estimation procedure allows for testing of the

adjustment cost theory of wage changes by checking whether the proportion of wage

changes that fall into a particular real change bin falls when that real change bin

corresponds to a small positive versus a large positive nominal change. The results

of the post-Lasso estimation procedure are the exact opposite of what we would

expect with an adjustment cost model – specifically there are more wage changes

in a given real bin when the wage change requires a small nominal raise versus a

larger nominal raise. This finding is unlikely to be an artifact of the post-Lasso

estimation procedure because the post-Lasso estimation procedure penalizes small

wage changes with little explanatory power for a worker’s subsequent nominal wage

– which implies that the post-Lasso is more likely to under-report small nominal

wage changes.

3.6.3 Annual schedules of nominal raises

I find workers’ nominal wages in the LEHD data set broadly follow an an-

nual schedule of nominal raises. This finding is consistent with Taylor (1980) which

theorizes that workers receive wage adjustments at regularly scheduled intervals.

Figure 3.3 shows that a worker’s nominal wage raise hazard rate spikes four quar-

ters after the worker’s last nominal wage change and every subsequent four-quarter
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Table 3.2: Suppression of wage changes due to downward nominal wage rigidity

Log Proportion of Nominal Wage Changes in 0.1 Percentile Bin
(1) (2)

Nominal Cut -0.56∗∗∗ -0.79∗∗∗

(0.06) (0.07)

Small Nominal Raise [0.1,1.0] 0.12∗∗ 0.12∗∗

(0.04) (0.04)

Small Nominal Cut [-1.0,-0.1] 0.24∗∗∗

(0.04)

R-Squared 0.958 0.958
Observations 12,000 12,000

Note: Outcome variable is the log proportion of wage changes in a given nominal wage
change bin that is r-distance from the modal nominal wage change bin (excluding wage
freezes). Distinct nominal wage change distributions are generated for every quarter
between 2011:Q3 and 2017:Q3 and all 0.1 percentage point bins between -5.0% and
5.0% (excluding 0.0) are included in the regression sample. Coefficient estimates
correspond to the log change in the proportion of wage changes that fall within a
given r-distance bin when the change requires a nominal cut, small nominal raise,
or small nominal cut. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%, 1.0%,
and 5.0% levels, respectively. U.S. Census Bureau Disclosure Review Board bypass
number DRB-B0069-CED-20190725.

anniversary. On the other hand, nominal wage cuts do not exhibit a Taylor-style

annual schedule. The figure plots the coefficient estimates (and their 95% confidence

intervals) from regressing an indicator variable equal to one if a worker receives a

nominal wage raise on a set of dummy variables for the number of quarters since

the worker’s last wage change (and similarly for nominal wage cuts). The result

that nominal wage raises follow an annual adjustment schedule is consistent with

the finding of Barattieri, Basu and Gottschalk (2014) that the wage change hazard

rate in the PSID spikes twelve months after the last wage change (although they

did not find a similar pattern at subsequent annual anniversaries of the last wage
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change, and they did not separately examine wage cuts).

Figure 3.3: Probability of wage change by quarters since last wage change
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Notes: Coefficient estimates from a linear regression model of the probability of an increase
(raise) or decrease (cut) in the post-Lasso estimated nominal persistent base wage given
the number of quarters since the worker’s last wage change. Shaded areas correspond to
95% confidence intervals using robust standard errors clustered at the SEIN level. U.S.
Census Bureau Disclosure Review Board bypass number DRB-B0069-CED-20190725.

That nominal raises exhibit a Taylor-style annual raise schedule while nominal

cuts do not may have implications for asymmetries in the effectiveness of monetary

policy. Dixon and Le Bihan (2012) show that Calvo and Taylor-style wage adjust-

ment assumptions generate different output and employment responses to monetary

policy shocks, with greater persistence in the response under the Calvo-style wage

adjustment. Thus, if only nominal raises follow a Taylor-style adjustment schedule,

then the dynamics and persistence of responses to contractionary versus expansion-

ary monetary policy shocks may also differ.
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3.7 Summary

This chapter presents a set of machine learning methods that expand the set

of questions that can be answered using large employer-employee linked data sets.

By identifying each worker’s unobserved persistent base wages, paydays weeks, and

annual bonuses from the worker’s observed quarterly earnings, the methods pre-

sented in this paper allow for the examination of questions related to wage rigidity,

rent sharing, and the structure of worker compensation. I then implement and eval-

uate the quality of these machine learning methods using quarterly earnings data

in the U.S. Census Bureau’s Longitudinal Employer-Household Dynamics (LEHD)

dataset, an employer-employee linked dataset for the United States. Using the es-

timated nominal wages of workers in 30 U.S. states, I document three patterns of

nominal wage adjustment: i) estimated persistent wage changes exhibit downward

nominal wage rigidity, ii) when a nominal wage cut is required, approximately 55%

of optimal real wage changes do not occur, and iii) workers’ nominal raises follow a

Taylor-like pattern, with the probability of a wage raise spiking every four quarters.
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Appendix A: Appendix to Chapter 1

A.1 DiD: Endogeneity of revenue change

Two concerns prohibit a causal interpretation of the estimate of Q2-raising

firms’ differential responses to negative revenue changes in 2008:Q4. First, the

revenue change measure is the year-over-year revenue change, but the job destruction

measure is for only the fourth quarter of the year. Although the specification does

control for firm-specific seasonality (so the comparison is within each firm’s fourth-

quarter observations), it is still the case that a firm’s revenue in the first three

quarters of the year may affect the observed job destruction rate in 2008:Q4 through

the start-of-quarter employment level rather than through the firm’s employment

decisions in Q4. For instance, a firm with a greater negative change in revenue

in the first three quarters of 2008 may have already laid off a number of workers

and thus entered 2008:Q4 with a lower employment level. When I compare this firm

against another firm with a similar negative change in annual revenue, I would expect

to see fewer fourth-quarter layoffs at the firm with a larger fall in revenue during

the first three quarters of the year. If the variation in firms’ quarterly revenue is

related to the timing of firms’ historical typical raise quarters (for instance through

seasonal effects), then this would bias the DiD estimate of Q2-raisers differential
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responses to negative revenue changes. The direction of this bias for my coefficient

estimate is ambiguous because: i) I cannot observe the revenue changes experienced

by firms in the first three quarters of the calendar year, and ii) I do not have a prior

as to whether Q2-raising firms had larger or smaller negative revenue changes in

2008:Q1-Q3 relative to Q4-raising firms. That said, any concern regarding bias of

this sort is mitigated by Q4-raising firms not exhibiting any change in their degree

of responsiveness to negative revenue changes (relative to other periods).

The second concern stems from simultaneity between the annual revenue mea-

sure and a firm’s Q4 job destruction rate. It is natural to assume that a firm’s labor

inputs contemporaneously affect the firm’s revenue. Thus, there is an endogeneity

issue created by reverse causality. Exogenous negative revenue shocks generated

high rates of job destruction in 2008:Q4. This job destruction, in turn, lowered

employment levels, and thus further decreased revenue in 2008:Q4. I expect that

this reverse causality attenuates the coefficient estimate for the differential response

of Q2-raising firms’ job destruction rates to negative revenue shocks (γQ2). The

attenuation bias results from exogenous negative revenue shocks in 2008:Q4 forcing

both Q2 and Q4-raising firms to destroy jobs. This job destruction lowered employ-

ment levels at firms, which further lowered firms’ revenue (thus generating negative

year-over-year revenue changes that were larger than the exogenous revenue shocks).

Critically, absent any effect of exposure to DNWR on firms‘ rates of job destruc-

tion, the effect of this simultaneity bias is the same for both Q2 and Q4-raising

firms. For the same fundamental negative revenue shock, job destruction should

rise similarly at both Q2 and Q4-raising firms, thus generating similar degrees of
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simultaneity bias. If, instead, greater exposure to DNWR forces firms to destroy

more jobs, then job destruction should rise more at the Q2-raising firms in 2008:Q4.

The simultaneity of revenue and employment, in conjunction with this higher job

destruction, means that the observed negative revenue change is disproportionately

larger than the fundamental negative revenue shock for Q2-raising firms. Thus, the

same fundamental negative revenue shock generates a larger observed fall in revenue

at Q2-raising firms. As a result, the estimated correlation is weaker between the job

destruction rate and the interaction of the observed negative revenue change with

the firm’s exposure to DNWR (relative to its true correlation with the fundamental

negative revenue shock), but does not reverse the sign. Thus, I interpret the re-

sult that Q2-raising firms increased their job destruction rates relative to Q4-raising

firms in 2008:Q4 by an additional 0.077 percentage points for every one percent fall

in year-over-year revenue as a lower bound on Q2-raising firms’ actual differential

sensitivity to the fundamental negative revenue shocks in 2008:Q4.

To make this argument more explicit, I define J̃Dkt and ∆̃R−kt as the within-

firm-calendar-quarter residuals of job destruction and year-over-year absolute value

of negative revenue changes (i.e. after controlling for the firm-specific calendar

quarter dummy variables, as well as fixed effects for industry-by-time, firm age,

and firm size). The revenue change I observe, however, is not the fundamental

residualized revenue shock (∆̃R−
F

), where:

∆̃R−kt = ∆̃R−
F

+ αJ̃Dkt + υ (A.1)
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where α ≥ 0 since the absolute value of the negative revenue change is weakly

increasing in the number of jobs destroyed.

Among the Q2 and Q4 firms with negative revenue changes, my assumed

population model is:

J̃Dkt = β1∆̃R−
F

+ β2d
Q2 raiser
kt ∆̃R−

F

+ ε (A.2)

where dQ2 raiser
kt is an indicator equal to one if the firm has a typical raise quarter in

the Q2 calendar quarter. I assume that β1 > 0 since when negative revenue shocks

are larger in absolute value, I expect job destruction to rise. I assume the β2 ≥ 0, so

if DNWR affects job destruction when the firm has a larger negative revenue shock,

then it will increase job destruction.

When I regress the firm’s job destruction rate on its observed negative rev-

enue change, I am not estimating the population model. Instead, because of the

simultaneity bias, I estimate:

J̃Dkt =
β1 + β2d

Q2 raiser
kt

1 + β1α + β2αd
Q2 raiser
kt

∆̃R−kt + ζkt (A.3)

Given I am using a difference-in-differences estimation strategy, β̂DiD1 is identified

from the Q4-raisers for whom dQ2 raiser
kt = 0. Namely

E

[
β̂DiD1

]
=

β1

1 + β1α
(A.4)

The difference-in-differences strategy means that the β̂DiD2 estimate is derived after
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differencing out the effect of the negative revenue change using the β̂DiD1 estimate.

Essentially, the Q2-raisers are used to estimate the following relationship:

J̃DQ2
kt =

β1 + β2

1 + β1α + β2α
∆̃R−kt − β̂

DiD
1 ∆̃R−kt + ζkt (A.5)

Accordingly,

E

[
β̂DiD2

]
=

β2

(1 + β1α + β2α) (1 + β1α)
(A.6)

Since β1 > 0, α > 0, and β2 ≥ 0, it is the case that the E
[
β̂DiD2

]
will always be

attenuated towards zero, relative to the true value of β2.

A.2 Biases in OLS regression of job destruction on real wage bill

ratio

Due to a combination of measurement error in real wages and persistent un-

observed confounders affecting both past wages and current-period job destruction,

a simple OLS regression of the model in Equation 1.5 is unlikely to yield a causal

estimate of the effect of having a higher real wage bill in 2008:Q4.

The fact that I construct the firm’s real wage bill from workers’ estimated

persistent nominal wages implies that the real wage ratio is subject to measurement

error. The measurement error may be correlated with the firm’s job destruction rate

because the post-Lasso estimation procedure is less likely to detect wage changes

towards the end of a worker’s tenure at a firm (because persistent changes are trun-

cated upon job separation). If a firm has a higher job destruction rate in 2008:Q4,
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then the start-of-quarter real wage estimates of laid-off full-year workers will tend to

underestimate their true start-of-quarter real wages. Thus, the measurement error is

likely to reinforce the omitted variable bias since it generates a negative correlation

between the estimated real wage bill ratio and the firm’s job destruction rate.

Any given firm will make wage change decisions by taking into account its ex-

pected future job creation and job destruction decisions. This creates a simultaneity

problem whereby a firm’s job destruction decision in period t could have affected the

firm’s wage setting behavior in period t− 1 (from which the real wage ratio is con-

structed). The forward-looking nature of the firm’s wage setting decisions implies

that many unobserved factors could affect both the firm’s start-of-quarter real wage

ratio, Wkt, and the firm’s job destruction rate - the most obvious being persistent

productivity and product demand shocks. I would expect that persistent positive

shocks from the recent past will increase the firm’s start-of-quarter real wage ratio

while decreasing its current period job destruction rate – generating a negative bias

in coefficient estimates.

A.3 Alternative IV results

In the baseline instrumental variable estimation described in Section 1.4.4,

I include as an instrumental variable the firm’s historical raise share in calendar

quarter Q3 interacted with a 2008:Q4 indicator variable. This raise share may

be endogenous since some portion of firms that historically tended to raise their

workers’ wages in Q3 would have done so after the Lehman Brothers bankruptcy.
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The ability of some of these Q3-raisers to observe the negative shock in late 2008:Q3

may have endogenously affected their real wage bill ratio at the start of 2008:Q4. To

test this, I estimate the same instrumental variable model but now include the t− 1

historical raise share in 2008:Q4 (which corresponds to the Q3 calendar quarter)

as a control variable instead of as an instrumental variable. The original OLS and

IV results are reported in columns (1) and (2) for the unweighted and in columns

(4) and (5) for the employment-weighted estimation models. Columns (3) and (6)

report the IV results when I instead include the t − 1 raise share in 2008:Q4 as a

control variable.
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Appendix B: Appendix to Chapter 2

B.1 Employment and transition definitions

We use LEHD microdata for 11 states that have data available from 1994 to

2014.1 Our definitions follow the notation established by Abowd, Stephens, Vilhu-

ber, Andersson, McKinney, Roemer and Woodcock (2009), augmented to include

employer-to-employer transitions by Hyatt et al. (2014). The starting point is earn-

ings for individual i from employer j in quarter t, denoted wijt. If an individual has

no earnings from an employer in a given quarter, then the worker did not receive

unemployment insurance taxable income from that employer during that quarter.

Otherwise, if the worker did receive positive earnings from that employer (wijt > 0),

then the worker worked for the employer. Earnings are in real 2014 dollars. The fol-

lowing definitions allow us to measure employment and transitions in administrative

records that lack start and end dates.

1Note that hours data are not available for any state but Washington for our 11 state set in
the analysis time period, and we are not allowed to release any results for particular U.S. states in
this paper.
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B.1.1 Employment concepts

We consider the jobs that span two consecutive quarters (often called “begin-

ning of quarter” jobs). By definition, in such jobs the employee was employed by the

employer at the time of the break between the quarters. This employment measure

therefore may reasonably be interpreted as indicative of point-in-time employment.

Formally, a worker is employed at the beginning of quarter t when

bijt =


1, if wijt−1 > 0 and wijt > 0

0, otherwise.

For any two-quarter pair, we disambiguate the data by considering jobs that

are maximal earning among all jobs a worker holds at the beginning of quarter t.

To do so, the job with the greatest earnings summed across quarter t − 1 and t is

identified, as follows:

dombijt =



1, if bijt = 1 and

wijt + wijt−1 > wikt + wikt−1∀k

s.t. bikt = 1 andj 6= k

0, otherwise.

The set of jobs defined in dombijt are those we use in all of our empirical

analysis. Such jobs are unique at the person-quarter level.
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B.1.2 Transition concepts

We consider transitions between dominant job status across quarters. These

are worker movements between employers, as well as into and from nonemployment.

We consider within-quarter transitions

wqijkt =


1, if dombijt = 1 and dombikt+1 = 1

and j 6= k

0, otherwise,

as well as adjacent quarter transitions

aqijkt =


1, if dombijt−1 = 1 and dombikt+1 = 1

and dombilt 6= 1∀l and j 6= k

0, otherwise.

Flows into persistent nonemployment in quarter t have full-quarter earnings

when:
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en2 doms2ijt =



1, if dombijt = 1

and dombilt+1 6= 1∀l

and dombimt+2 6= 1∀m

0, otherwise,

Flows from persistent nonemployment into employment in quarter t have full

quarter earnings when:

ne2 doma2ikt =



1, if dombikt+1 = 1

and dombilt 6= 1∀l

and dombimt−1 6= 1∀m

0, otherwise,

We also consider workers who did not change jobs, who are called “job stayers.”

dombeijt =


1, if dombijt = 1 and dombijt+1 = 1

0, otherwise.

There are, therefore, seven transition concepts: four for employer-to-employer

transitions, two for transitions into and from nonemployment, and an exhaustive

residual for those with dominant employers, job stayers.
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In addition to these, we create an additional nonemployment hire measure that

is useful when calculating a firm’s rank when hiring from poaching. This measure

excludes recalls.

ne2 norecallikt =



1, if dombikt+1 = 1

and dombilt 6= 1∀l

and dombimt−1 6= 1∀m

and dombikt−2 6= 1

0, otherwise.

B.1.3 Aggregation

We consider the evolution of total consecutive quarter employment. For work-

ers in group i and firms in group j, this is expressed as:

Eijt =
∑
ij

bijt+1.

Total employment evolves via poaching hires and hires from nonemployment. Total

poaching hires for workers in group i and firms in group k are:

P a
ikt =

∑
ik

(wqijkt + aqijkt).

Total poaching separations for workers of group i from firms of group j are:
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P s
ijt =

∑
ij

(wqijkt + aqijkt−1).

Total nonemployment hires for workers of group i into firms of group k are:

Na
ikt =

∑
ik

en2 doma2ikt.

Total nonemployment separations for workers of group i from firms of group j are:

N s
ijt =

∑
ij

en2 doms2ijt.

B.2 Worker ranking implementation details

We here describe in detail each of our four worker and firm ranking algo-

rithms. Earnings are in logs throughout. Whenever earnings are applied in a ranking

method, the earnings concept used in ranking is the same as that used to determine

a worker’s dominant employer in Appendix A, that is wijt + wijt−1.

B.2.1 Method 1: Worker nonemployment duration and firm poaching

hire share

Our third method of ranking workers and firms involves ranking methods

that can be implemented quickly on administrative records data. Specifically, we

rank firms on the basis of the share of hires that come from poaching relative to

nonemployment, as higher productivity firms ought to obtain workers from other
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firms more frequently than lower productivity firms. Workers are ranked on the

basis of the amount of time they spend employed, the assumption being that more

productive workers are more likely to be employed rather than nonemployed.

B.2.1.1 Ranking firms by poaching share of hires

In a manner similar to Bagger and Lentz (2019), we rank firms according to

each firm’s share of hires that are poached from other firms (as opposed to being

hired from non-employment). We begin by identifying the total hires from either

employment or from non-employment for each firm in the 11 states of the LEHD

microdata. We include as employer-to-employer transitions hires both same-quarter

wqijkt and adjacent-quarter aqijkt transitions. A same-quarter transition occurs if

the worker has positive earnings from both the previous and the new employer in the

transition quarter. An adjacent-quarter transition occurs in period t if the worker

both has positive earnings from the old employer, but not the new employer, in

period t; and has positive earnings from the new employer, but not the old employer,

in period t+ 1. For the calculation of a firm’s nonemployment hires, we exclude all

one-quarter recall hires, and so we use ne2 norecallikt. We define a one-quarter recall

hire as a three-quarter employment pattern of employment-to-nonemployment-to-

employment, where the worker’s dominant employer was the same in the first and

last quarter and the worker was non-employed for exactly one full calendar quarter

in between.

We estimate the poaching share of hires for each firm k as the ratio of hires
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from other employers to total hires, as follows:

∑
k wqijkt + aqijkt∑
k ne2 norecallikt

.

Firms are then rank ordered into 50 bins according to their poaching share.

B.2.1.2 Ranking workers by prime-age employment rates

We rank workers by their prime-age quarterly employment rate relative to the

average employment rate for individuals born in the same year. For each worker, we

construct a 0-1 employment indicator variable for every quarter that the worker is

between the ages of 25 to 55 (inclusive). This employment indicator variable is set

to one if the worker had positive earnings in that quarter and to zero if they were

non-employed for the entire calendar quarter.

We then divide workers into cohorts according to their year of birth. For

every quarter, we compute the average employment rate of each birth cohort as

the average of the employment indicator for all individuals in that birth cohort

in the given quarter. For every quarter in which a worker is between the ages

of 25-55, we calculate the deviation of the worker’s employment indicator from the

birth-cohort average employment rate for the given quarter. The worker’s prime-age

employment rate is simply the sum of the worker’s deviations from the birth-cohort

average divided by the number of observed quarters in the LEHD micro data for

which the worker was between the ages of 25-55. The worker ranking is determined

by a rank ordering of workers into 50 bins according to their prime-age quarterly
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employment rate.

B.2.2 Method 2: Average earnings and labor productivity

B.2.2.1 Ranking workers based on average earnings

In our fourth method, we rank workers in a way that is motivated by the fact

that high-rank workers may exhibit higher average earnings. We simply rank workers

by the average of their residual earnings after controlling for age and time-period

fixed effects. Note that this is the initial guess of a worker’s rank in our additive

model (Method 3) and our reranking workers and surplus approach (Method 4).

B.2.2.2 Ranking firms based on revenue productivity

We use revenue data from the U.S. Census Bureau’s Business Register to

measure labor productivity, i.e., revenue-per-worker. We use all available revenue

data from 1994-2014.2 These revenue data are annual totals. Multiple observations

of revenue data are available for each business in each calendar year, and we use

revenue data either from the first year with a reported amount, as well as the second

year that a recorded amount is available, with priority given to the latter. These

data are Windsorized at both the top and bottom 1% of the revenue distribution.

Not all businesses have revenue data in all years. In some cases, a crosswalk

was not available between the LEHD employer data and the Business Register (i.e.,

missing firm identifier), and in others revenue data was missing from the Business

2Recent work by Haltiwanger et al. (2017) uses the same source data to create firm-level mea-
sures of labor productivity for a shorter set of years, and a subset of industries.
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Register. We therefore impute these data elements when they are missing, assum-

ing that they are missing-at-random within quarter firm industry, size, and age

categories.

Specifically, we assume that revenue is the following linear function of log firm

size (fsize) and age (fage), estimated separately by quarter and four-digit NAICS

code:

lp = βa0 + βa1 ∗ fsize+ βa2 ∗ fage+ βa3 ∗ fsize ∗ fage+ βa4 ∗ fsize2 + βa5 ∗ fage2

where lp is log labor productivity, firmage is log firm age, and firmsize is log firm

size.

The distribution of the Business Register revenue data shifts discontinuously

upward around the year 2002, when the Business Register was redesigned. This

is because additional data elements concerning revenue became available and more

accurate totals are available. Since we do not want the firms in more recent years to

appear more productive simply because of a change in reporting, we also implement

a simple imputation. The revenue data for 2000 is all provided under the old regime,

that for 2002, all under the new, and the year 2001 is a mix of old and new. We

therefore take all businesses that existed in the year 2000 and 2002 and use this as

training data for imputation of
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lpn =
βb0 + βb1 ∗ lpo + βb2 ∗ lp2

o + βb3 ∗ fsize+ β1
4 ∗ fage+

βb5 ∗ fsize ∗ fage+ βb6 ∗ fsize2 + βb7 ∗ fage2

where lpn is 2002 revenue data and lpo is revenue data from the year 2000 or earlier.

Having attached revenue to all firms in the LEHD data, we proceed in a

simple manner to produce firm ranks based on revenue. We rank firms based on

the residual firm productivity from year of entry by quarter by industry dummy

variable regression. We then add this residual to the value-added per worker data

as published by the Bureau of Economic Analysis to obtain a proxy for firm-level

value added per worker. We then rank firms based on the average of this sum, over

time.

B.2.3 Method 3: Additive worker and firm effects

We estimate worker and firm fixed effects via an iterative algorithm that follows

Guimaraes and Portugal (2010). We fit the following model for earnings outcomes:

W = Bξ +Dθ + Fψ

where W is the N × 1 dimensional vector total earnings observations wijt, B is an

N × GB dimensional matrix of birth cohort by time fixed effects, D is an N × GD

dimensional matrix of person-specific fixed effects, and F is an N ×GF dimensional

matrix of firm effects. Our goal is to recover the 1 × GB dimensional vector ξ of
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fixed effects for birth cohort c at time t ξct, the 1 × GD dimensional vector θ of

person-specific fixed effects, and the 1 × GF dimensional vector ψ of firm-specific

fixed effects.

We can express the least-squares formula for this problem in terms of a cross-

product matrix similar to Abowd, Kramarz and Margolis (1999):


B′B B′D B′F

D′B D′D D′F

F ′B F ′D F ′F




ξ

θ

ψ

 =


B′W

D′W

F ′W


which, after rearranging terms, can be expressed as:


B′Bξ +B′Dθ +B′Fψ = B′W

D′Bξ +D′Dθ +D′Fψ = D′W

F ′Bξ + F ′Dθ + F ′Fψ = F ′W

 .

which is a system of three equations. Solving each of these independently yields:


ξ = (B′B)−1B′(W −Dθ − Fψ)

θ = (D′D)−1D′(W −Bξ − Fψ)

ψ = (F ′F )−1F ′(W −Bξ +Dθ)

 .

We iterate among these sets of equations to obtain the least squares solution.

In fact, solving each of these equations can be done using group means since all

of our independent variables are dummy variables. As the datasets we use in this

analysis contains billions of person-quarter observations (e.g. 50 million workers
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times twenty quarters implies one billion person-quarter observations), omitting

computational matrix inversion allows us to greatly speed up our computation time.

To see how we can skip having a computer run a tediously slow regression program

on our massive dataset, note that the first equation of our system specifies a separate

indicator for each birth cohort c at each quarter in time,

ξct =
1∑

ij 1(wijct > 0)

∑
ij

(wijct − θ′idi − ψ′jfj)

and for each worker i,

θi =
1∑

jct 1(wijct > 0)

∑
jct

(wijct − ξcbbcb − ψ′jfj)

and for each firm j,

ψj =
1∑

ict 1(wijct > 0)

∑
ict

(wijct − ξ′ibi − θ′idi).

In other words, these are the least squares solutions to a high-dimensional set of

mutually exclusive indicator variables. The least squares solutions are sample means

of residuals, which can be calculated directly without having a computer multiply

or invert matrices.

We can now solve for θi, ψj, and ξct for the universe of our 11 states of linked

employer-employee data. We first compute the average log earnings of each birth

cohort by time cell ξ̂ct = Σijwijct of each worker, this is our initial guess of the birth

cohort by time effect. We then proceed as follows:
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1. Estimate the initial worker effects θ̂i = wijt − ξ̂ct.

2. Estimate the initial firm effects ψ̂j = wijt − ξ̂ctθ̂i.

3. Update the birth cohort by time effects ξ̂ct = wijt − θ̂i − ψ̂j,

4. Update the worker effects θ̂i = wijt − ψ̂j − ξ̂ct.

5. Update the firm effects ψ̂j = wijt − θ̂i − ξ̂ct.

6. Proceed back to step 3 until a goodness-of-fit criterion is reached.

We then group each of the employment-weighted firm effects ψ̂j, and the

participation-weighted worker effects θ̂i into terciles.

B.2.4 Method 4: Worker reranking and surplus

We implement an algorithm for ranking workers and firms that borrows heavily

from Hagedorn, Law and Manovskii (2017). It is substantially simplified and was

not intended to be a direct replication of this method.

B.2.4.1 Worker residuals for ranking

The first part of our algorithm calculates residual earnings that will then

serve as the starting point for the ranking algorithm. We first calculate average

log earnings by birth cohort c (specifically, year of birth) by quarter in time t. We

then estimate an initial guess of worker productivity as the deviation of that worker’s

earnings from the birth cohort by time mean.
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B.2.4.2 Reranking workers to minimize disagreement

We use the rank order of these residuals as the initial guess of a worker’s rank,

where workers with a higher residual earnings are more productive. We then look

at workers who are employed by the same firm. We evaluate the goodness of fit of

our worker ranks as the fraction of the time that a higher ranked worker earns more

at a particular firm than a lower ranked worker. We assume that wage observations

are the true wages plus iid measurement error. So the observed wage of worker i at

firm k in period t is

ŵi,k,t = wi,k + εt

where wi,k is the true wage and εt is iid noise. Then ni,k is the completed tenure of

the worker, the difference in observed wages is

w̄i,k − w̄j,k = wi,k − wj,k +
1

ni,k

ni,k∑
t=1

εi,k,t −
1

nj,k

nj,k∑
t=1

εj,k,t.

Suppose that the prior is

wi,k ∼ N (µ0, τ
2
0 ).

Then the posterior of wi,k, given V ar(εt) = σ2 is

p(wi,k|w̄i,k, ni,k) = N (µn, τ
2
n)
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where µn is the precision-weighted average of the means

µn =

1
τ20
µ0 +

ni,k

σ2 w̄i,k
1
τ20

+
ni,k

σ2

and

1

τ 2
n

=
1

τ 2
0

+
ni,k
σ2

.

We assume an uninformative prior: τ 2
0 →∞. The expressions simplify to

µn = w̄i,k

and

1

τ 2
n

=
ni,k
σ2

.

The “posterior” densities are then

p(wi,k|w̄i,k, ni,k) = N
(
w̄i,k,

σ2

ni,k

)

p(wj,k|w̄j,k, nj,k) = N
(
w̄j,k,

σ2

nj,k

)

Since everything is independent, the difference in average wages is also normal:

p(wi,k − wj,k|w̄i,k, ni,k, w̄j,k, nj,k) = N
(
w̄i,k − w̄j,k,

σ2

ni,k
+

σ2

nj,k

)
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Then we can compute the probability that wj,k < wi,k using the normal CDF:

P(wj,k < wi,k) = Φ

 w̄i,k − w̄j,k√
σ2

ni,k
+ σ2

nj,k



The true ranking of workers is given by Π(i, j), where Π(i, j) = 1 if i is

(strictly) preferred to j and Π(i, j) = 0 otherwise. Let c(i, j) be the probability that

Π(i, j) = 1.

If k is the only firm where i and j both worked, then

c(i, j) = Φ

 w̄i,k − w̄j,k√
σ2

ni,k
+ σ2

nj,k



Otherwise, we set

c(i, j) =
∏

k∈E(i,j)

Φ

 w̄i,k − w̄j,k√
σ2

ni,k
+ σ2

nj,k


where E(i, j) is the set of firms that have employed both i and j, and the product

symbol should not be confused with the ranking Π(i, j).

We estimate Π by choosing Π̂ to maximize the number of so-defined correctly

ranked workers. Specifically, we seek a transitive, complete ordering Π̂ that solves

arg max
Π̂

j=N∑
j=1

N∑
i=j+1

{
c(i, j)Π̂(i, j) + c(j, i)Π̂(j, i)

}
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where

c(i, j) =
∏

k∈E(i,j)

Φ

 w̄i,k − w̄j,k√
σ2

ni,k
+ σ2

nj,k


w̄i,k =

1

ni,k

t=ni,k∑
t=1

wi,k,t.

We start with an initial guess and make a single arbitrary move, and check

the goodness-of-fit measure to see whether it improves. Our method is as follows:

1. Start with an initial ranking Π̂0. Note that i and j are worker names. Any

ranking Π̂n implies at function rn(i), which returns the rank (on {1, 2, ..N})

of the worker i.

2. Starting from a ranking Π̂n choose a random worker name i from {1, 2, ..N}

and a random worker rank r from {1, 2, ..N}.

3. If changing the rank of worker i from rn(i) to r improves the fit, make this

change. Otherwise do nothing.

4. Return to Step 2. Repeat until no more single move rerankings can be made,

or some weaker condition is met.

Worker ranks are grouped into three employment-weighted groups: low, mid-

dle, and high.
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B.2.4.3 Surplus-based firm ranking

Pool of nonemployed by worker type : For each worker, we identify the worker

as nonemployed in a given quarter if the quarter falls between the workers’ first

and last quarters of observed earnings and the worker had zero UI earnings for the

quarter. We then sum the total number of nonemployed workers in each quarter for

each estimated worker type x̂. This corresponds to the pool of unemployed, u(x̂),

used in the Hagedorn, Law and Manovskii (2017) IDNoise Algorithm.

The IDNoise algorithm : To address noise in the classification of workers’ types,

Hagedorn, Law and Manovskii (2017) propose an algorithm called IDNoise that

aims to identify workers whose worker types are particularly unusual given the set

of worker types employed by the workers’ employers. Hagedorn, Law and Manovskii

(2017) assign these workers with noisy worker types to a set N̂. For each firm j, the

IDNoise algorithm identifies B̂(x̂, j), a set of “cleaned” worker types that the firm

hires from nonemployment. The algorithm works as follows for each firm j.

1. Compute the following four firm-specific variables:

• N(j): The number of workers hired from nonemployment by firm j

• p(x̂, j): The number of workers of estimated type x̂ hired from nonem-

ployment by firm j

• π(x̂, j): The theoretical fraction of workers of type x̂ hired from nonem-

ployment by firm j, which is a function of the types of workers that the
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firm hires and the relative number of this worker-type in the pool of

nonemployed workers:

π(x̂, j) =
u(x̂)1 [p(x̂, j) > 0]∑
x̂ u(x̂)1 [p(x̂, j) > 0]

(B.1)

• F (p(x̂, j), π(x̂, j), N(j)): The probability of observing at most p(x̂, j)

hires from nonemployment given the probability π(x̂, j) from N(j) tri-

als. Assuming that these hires from nonemployment are random draws

from the pool of nonemployed workers matching the firm’s worker types,

F (p(x̂, j), π(x̂, j), N(j)) is:

F (p(x̂, j), π(x̂, j), N(j)) =

p(x̂,j)∑
i=0

 N(j)

i

 π(x̂, j)i (1− π(x̂, j))N(j)−i

(B.2)

2. For each worker type x̂, initialize B̂(x̂, j) = 1 if the firm hires any workers of

that estimated type (p(x̂, j) > 0)

3. * for all worker types, x̂, with B̂(x̂, j) = 1

• If the worker type, x̂, is the lowest (=1) or highest (=50) worker types

and F (p(x̂, j), π(x̂, j), N(j)) ≤ 0.1, then set B̂(x̂, j) = 0 and return to *.

• For all other worker types, if either B̂(x̂ − 1, j) = 0 or B̂(x̂ + 1, j) = 0

and F (p(x̂, j), π(x̂, j), N(j)) ≤ 0.1, then set B̂(x̂, j) = 0 and return to *.

After computing the set of types hired by each firm, B̂(x̂, j), a worker i, with
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estimated type x̂(i) is assigned to the set N̂ if they are ever employed by a firm j

where B̂(x̂(i), j) = 0.

Identifying the reservation wage of each worker type : When determining the

reservation wages of each worker type, we follow Hagedorn, Law and Manovskii

(2017) in excluding the earnings histories of any worker i with a noisy worker type

(i ∈ N̂). The reservation wage for each worker type x̂ is calculated using the

remaining workers as follows:

1. Construct the set J(x̂) which consists of all firms j that hire any worker of

type x̂ from nonemployment.

2. For each firm j ∈ J(x̂), compute w̄(x̂, j), the average wage paid by firm j to

workers of type x̂ hired from nonemployment.

3. We define the reservation wage for type x̂, wr(x̂), is the 10th percentile of

the set of w(x̂, j) where j ∈ J(x̂). Note that Hagedorn, Law and Manovskii

(2017) propose using the minimum average wage as the reservation wage, but

we find that this is a very noisy signal, whereas the 10th percentile is smoothly

increasing in worker type.

Ranking firms by their average wage premium : Following Hagedorn, Law and

Manovskii (2017), we rank firms by the product of their average wage premium and
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their job filling rate. The average wage premium of firm j, Ωu(j) is:

Ωu(j) =
∑

x̂ s.t. B̂(̂̂x,j)=1

u(x̂)
U

(w̄(x̂, j)− wr(x̂))∑
x̂ s.t. B̂(̂̂x,j)=1

u(x̂)
U

(B.3)

The job filling rate for firm j is a function of the probability that the firm encoun-

ters an unemployed worker, Mv, times the probability that the worker’s type, x(i),

matches the firm’s set of acceptable worker types (B̂(x̂(i), j) = 1). Since the prob-

ability that a firm encounters an unemployed worker is constant across all firms,

this is simply a scalar factor in the firm ranking and we thus ignore it. Calculate

the probability that the encountered workers’ type x(i) matches the firm’s set of

acceptable worker types, q̃u(j), as:

q̃u(j) =
∑

x̂ s.t. B̂(̂̂x,j)=1

u(x̂)

U
(B.4)
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B.3 Supplemental tables and figures

B.3.1 Poaching vs. nonemployment margins

These changes in employment shares by type are determined by labor mar-

ket transitions into and out of nonemployment, as well as across employers.We show

these transition rates in Figure B.1. Figure B.1 shows net hires from nonemployment

by worker type. Net employment growth declines sharply during recessions for all

three types of workers. The 2007-2009 recession has more of a decline in employment

than the 2001 recession. However, for high productivity workers, especially in the

2007-2009 recession, their employment did not decline nearly as much as it did for

the lower productivity groups. When considering the employment transitions across

firms of different types, it is helpful to keep in mind the findings of Haltiwanger,

Hyatt, Kahn and McEntarfer (2018a) that firms that are higher-ranked in the job

ladder are net poachers, and that low-rank firms rely disproportionately on nonem-

ployment to obtain their workers. Figure B.2 shows net hires from nonemployment

by firm type. There are level differences between the types of firms, with low-rank

firms having more net hiring from nonemployment than the other two groups. De-

spite these level differences, the cyclicality is similar, with net nonemployment hiring

falling sharply during the two recessions. Figure B.3 shows net poaching by firm

type. Note that net poaching for each worker type is equal to zero by construc-

tion (each employer-to-employer transition contributes exactly one poaching gain

and one poaching loss). Low-rank firms lose workers via poaching flows, and high-
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rank firms gain workers throughout the time period, but this movement away from

low-rank firms and toward high-rank firms slows substantially during recessions.

Figures B.1, B.2, and B.3 help illustrate how the employment composition

effect led to a larger build-up at low-rank firms in the wake of the 2001 recession

than the 2007-2009 recession. Following Haltiwanger, Hyatt, Kahn and McEntarfer

(2018a), in order to see a counter-cyclical build-up at the low-end of the job ladder,

the “poaching margin” must overwhelm the “nonemployment margin.” In other

words, the countercyclical decline in the movement of workers from low-rank firms to

high-rank firms must be larger than the decline in nonemployment for low-rank firms.

In the wake of the 2001 recession, there was relatively little change in the difference

in nonemployment hiring for high- vs. low-rank firms and so the change in poaching

dominates. However, in the 2007-2009 recession the excess nonemployment hiring

by low-rank firms shut down, mitigating the build-up in the share of employment

at low-rank firms.
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Figure B.1: Percent change in worker employment

Employment duration
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Figure B.2: Percent change in firm employment: Nonemployment

Poaching hire share
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Figure B.3: Percent change in firm employment: poaching

Poaching hire share
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B.3.2 Worker-firm rank shares

Now, we turn from composition to sorting. Cyclical changes are shown in

Tables B.1 and B.2. These measure the frequency with which workers in the “low,”

“middle,” and “high” categories are employed at similarly distinguished types of

firms. These shares are as a fraction of total employment, and so e.g. the share of

low-rank workers in all three firm categories sum to the share of low-rank workers.

Table B.1: Change in share and unemployment (HP)

Nonemployment & Earnings & Additive worker Ranked workers
poaching share productivity & firm effects & surplus

Workers Low-rank firms
Low-rank -0.7 0.4 0.9 1.1

(1.3) (1.0) (1.0) (0.7)
Mid-rank 4.4∗∗∗ 2.9∗∗∗ 2.7∗∗∗ 2.4∗∗∗

(0.9) (0.5) (0.5) (0.7)
High-rank 2.6∗∗∗ 1.8∗∗∗ 2.0∗∗∗ 1.8∗∗∗

(0.9) (0.5) (0.5) (0.5)

Workers Middle-rank firms
Low-rank -3.9∗∗∗ -1.4 -1.4∗∗ -0.8

(1.1) (0.8) (0.5) (0.6)
Mid-rank 1.6∗∗ -0.3 0.8 0.9∗

(0.7) (0.7) (0.6) (0.5)
High-rank 2.9∗∗∗ 0.8 1.6∗∗ 1.7∗∗∗

(0.8) (0.6) (0.7) (0.5)

Workers High-rank firms
Low-rank -6.6∗∗∗ -2.0∗∗∗ -2.7∗∗∗ -3.0∗∗∗

(1.3) (0.5) (0.7) (0.7)
Mid-rank -2.2∗∗∗ -1.7∗∗∗ -2.7∗∗∗ -2.8∗∗∗

(0.7) (0.4) (0.6) (0.6)
High-rank 1.9∗∗ -0.5 -1.2 -1.3∗

(0.8) (1.0) (1.0) (0.7)

Notes: Estimates of change in share of employment on the seasonally-adjusted unemployment
rate, season dummies, and a time trend. *, **, and *** indicate statistical significance at the
10%, 5%, and 1%, respectively. Standard errors are in parentheses.
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The upward movement in the share of workers at low-rank firms, which occurs

throughout the 2001 and 2007-2009 recessions, is accounted for by a decline in the

share of low-rank workers at low- and middle-rank firms. In the late stages of

recessions as well as their aftermath, the share of low-rank workers at high-rank

firms declines by more than the middle and high-rank firms. Workers of all types,

but particularly middle and high-rank workers, are more likely to work at low-rank

firms during and immediately after recessions. This movement of high-rank workers

Table B.2: Change in share and unemployment (FD)

Nonemployment & Earnings & Additive worker Ranked workers
poaching share productivity & firm effects & surplus

Workers Low-rank firms
Low-rank -0.8 0.9 -8.3∗∗∗ 0.5

(2.3) (1.7) (3.0) (2.4)
Mid-rank 0.5 3.5∗ 10.4∗∗∗ 4.2∗∗∗

(1.5) (1.8) (2.3) (1.4)
High-rank 2.3∗ 4.6∗∗∗ 9.8∗∗∗ 3.5∗∗

(1.3) (1.3) (1.9) (1.3)

Workers Middle-rank firms
Low-rank -2.7∗ -5.9∗∗∗ -18.6∗∗∗ -10.3∗∗∗

(1.4) (1.2) (2.0) (1.7)
Mid-rank 2.4∗ -0.7 4.7∗∗∗ -6.1∗∗∗

(1.4) (1.3) (1.7) (1.4)
High-rank 6.8∗∗∗ 4.2∗∗∗ 10.8∗∗∗ 2.8∗∗

(1.7) (1.2) (1.8) (1.3)

Workers High-rank firms
Low-rank -9.1∗∗∗ -6.5∗∗∗ -18.1∗∗∗ -4.1∗∗∗

(1.6) (1.7) (3.1) (1.3)
Mid-rank -5.1∗∗∗ -4.2∗∗∗ -1.8 -1.1

(1.6) (1.5) (1.7) (1.2)
High-rank 5.7∗∗ 4.1∗∗ 11.0∗∗∗ 10.6∗∗∗

(2.3) (1.7) (1.6) (2.2)

Notes: Estimates of change in share of employment on the seasonally-adjusted unemployment
rate, season dummies, and a time trend. *, **, and *** indicate statistical significance at the
10%, 5%, and 1%, respectively. Standard errors are in parentheses.
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into low-rank firms more than offsets the decline in employment of low-rank workers

at low-rank firms at the outset of each of the two recessions, and so the employment

share at low-rank firms exhibits countercyclical increases.

B.3.3 Correlations among worker and firm ranks

We measure the correlation between worker ranks and firm ranks from each

of the four methods, and present these correlations in Table B.3. A sizable litera-

ture exists on how these different methods yield different measures of labor market

sorting, and so we do not expect perfect agreement.

The different methods of ranking worker and firms are positively correlated

with each other, although correlations are generally less than 0.5. The revenue

productivity measure has the lowest correlation with other ranking methods.

The different methods yield different correlations in the extent to which low-

vs. high-rank workers are employed at low- vs. high-rank firms. The revenue

productivity method produces the strongest correlation, at 0.35, while the poaching

share and employment duration model produces the lowest correlation, at 0.22. The

reranking and reservation wage method yields a correlation of 0.24, and our additive

worker and firm effects method yields a correlation of 0.33.

The correlation between worker effects and firm effects in the additive model

is larger than some early implementations of Abowd, Kramarz and Margolis (1999)

estimators on linked employer-employee data, which suggested that the correlation

between worker type and firm type was close to zero. Our estimates are of the same
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order of magnitude but smaller than the recently proposed estimator of Bonhomme,

Lamadon and Manresa (2019), and much smaller than that of Borovičková and

Shimer (2017). We view our relatively large correlation as the effect of having

a very large number of workers and firms, a relatively lengthy panel, and using

quarterly rather than annual data. Using annual data for the U.S. in a similar

time period, Lamadon, Mogstad and Setzler (2019) report a correlation of 0.10 from

estimation that follows Abowd, Kramarz and Margolis (1999). These reduce the

amount of “limited mobility bias” that can drive correlation estimates based on

the additive model to zero, see Andrews, Gill, Schank and Upward (2012). We

show in Table B.4 that implementing our additive estimator on subsets of the data

yields much smaller correlations between worker type and firm type. Comparing

the correlations across columns also yields information about the relative effects of

different commonly used sample selection techniques on worker-firm rank agreement

in an additive framework.
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B.4 Reranking production function inversion estimation

To estimate the production implied from the reranking methodology of identi-

fying worker and firm types, we employ the job surplus inversion method described

in Hagedorn, Law and Manovskii (2017). The production function is a function of

the surplus, S(x̂, ŷ), generated by the matching of a worker of type x̂ with a firm

of type ŷ plus the value of a vacancy to a firm of type ŷ, Vv(ŷ) and the value of

unemployment to a worker of type x̂, Vu(x̂). These factors are weighted by the time-

discount factor (β) and the job destruction rate (δ). Specifically, the productivity

of a specific worker-firm match, f(x̂, ŷ) is:

f(x̂, ŷ) = (1− β(1− δ))S(x̂, ŷ) + (1− β)Vv(ŷ) + (1− β)Vu(x̂) (B.5)

B.4.1 Value of unemployment by worker type

We estimate the value of unemployment, Vu(x̂), by estimated worker type, x̂,

as the present discounted value of the minimum quarterly earnings from nonemploy-

ment accepted by workers of type x̂ from any firm type. For every worker-firm type

combination, we calculate e10p(x̂, ŷ), the 10th percentile of residual earnings (after

controlling for age). The value of unemployment to a specific worker type x̂ is the

minimum of the e10p across all potential firm-types given the worker type.

Vu(x̂) =
1

1− β
min
ŷ
e10p(x̂, ŷ) (B.6)
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B.4.2 Value of employment by worker-firm combination

We estimate the value to a worker of being employed by worker-firm type

combination Ve(x̂, ŷ) as the average across all observed jobs spells of the present

discounted value of earnings of workers of type x̂ over the job spells at firms of type

ŷ. If i(x̂, ŷ) is an index of job spells of type x̂ workers at type ŷ firms and di is the

duration of job spell i then Ve(x̂, ŷ) is:

Ve(x̂, ŷ) =
∑
i(x̂,ŷ)

1

Ni

di−1∑
t=0

βteit + βdVu(x̂) (B.7)

B.4.3 Match surplus by worker-firm combination

We estimate the worker-firm type combination match surplus, S(x̂, ŷ), as the

scaled difference between the value of a worker being employed at a firm of a given

type and the worker’s value of employment, where the scaling factor is the measure

of worker’s bargaining power α. More specifically,

S(x̂, ŷ) =
Ve(x̂, ŷ)− Vu(x̂)

α
(B.8)

We use α = 0.5, as in the model of Shimer and Smith (2000).

B.4.4 Vacancy value by firm type

We estimate the vacancy value to a firm of type ŷ, Vv(ŷ). The vacancy value

is a function of the discount factor β, the worker’s bargaining power α, the job
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Figure B.41: Production Function from Worker Reranking & Surplus Method

Notes:Worker and firm type distribution normalized to uniforms.

destruction rate δ, and the average firm surplus for firms of type ŷ, Ω(ŷ). The firm

surplus is estimated using the surplus-based ranking method described in Appendix

Section B.2.4.3.

Vv(ŷ) =
β

1− β
1− α
α

(1− δ)Ω(ŷ) (B.9)
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Appendix C: Appendix to Chapter 3

C.1 RD tests for downward real and nominal rigidity

To more formally test for the existence of a discontinuity at zero nominal

change, I use a standard regression discontinuity specification to test for a sharp

break in the proportion of workers receiving nominal wage changes immediately

below, versus above, zero nominal change. (I exclude nominal wage freezes from this

analysis because DNWR implies a discontinuity in realized nominal wage changes

at zero nominal change.) As shown in Table C.1, using a variety of polynomials in

the running variable (nominal wage change) and bandwidths around zero nominal

change, I always find a large and statistically significant break in the histogram of

nominal wage changes at zero. This finding of a sharp break in the distribution

of nominal wage changes at zero nominal change is consistent with the extensive

literature on downward nominal wage rigidity.

I also evaluate whether there is any downward real rigidity after taking into

account the downward nominal rigidity. This is of particular interest because the

fair-wage theory of efficiency wages proposed by Akerlof and Yellen (1990) implies

that workers are reluctant to accept wages that are below some reference wage.

Any formulations of the “fair-wage” efficiency wage theory with the reference wage
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denoted in real terms would imply that there should be a discontinuity in the real

wage change distribution at zero real wage change. To determine whether there

is downward real wage rigidity after taking into account nominal wage rigidity,

I identify all instances where a worker’s nominal wage adjusts and then use the

change in the Employment Cost Index between the current period and the period

that the worker last received a wage change to calculate the real wage change. The

resulting histogram of real wage changes in 0.1 log point bins is shown in Figure C.1.

Unlike the nominal wage change distribution, the histogram exhibits no apparent

discontinuity at zero real wage change. As shown in Table C.2, estimating a similar

set of regression discontinuity models with various bandwidths and polynomials in

the running variable delivers ambiguous results, confirming that there is no strong

evidence of a discontinuity in the real wage change distribution at zero, and thus

it is unlikely that there is any downward real wage rigidity after accounting for

downward nominal wage rigidity.
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Figure C.1: Histogram of persistent real wage changes at quarterly frequency near
zero
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Notes: Frequency of post-Lasso estimated real persistent wage change grouped into 0.1
log point bins between -5.0% and 5.0%. The real magnitude of the change is calculated as
the nominal change since the workers’ last wage change. The nominal change is deflated
using the BLS Employment Cost Index (ECI). U.S. Census Bureau Disclosure Review
Board bypass number DRB-B0069-CED-20190725.
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Table C.1: Regression discontinuity test at zero nominal wage change

Nominal Wage Change Bandwidth Window
Polynomial Order [ -1.5%, 1.5% ] [ -2.0%, 2.0% ] [ -3.0%, 3.0% ]

First 2.3∗ 1.9∗ 3.0∗∗∗

(0.90) (0.77) (0.60)

Second 4.9∗∗∗ 3.9∗∗∗ 1.9∗

(0.79) (0.88) (0.93)

Third 5.5∗∗∗ 3.8∗∗

(1.10) (1.13)

Note: Outcome variable is the share of workers with a nominal wage change
within each 0.1 percentile bin of the nominal wage change distribution. The
percentile bins are constructed from the post-Lasso estimation using hours-paid
data from the secondary sample for each quarter from 2011:III to 2017:IV. The
RD specification allows for distinct polynomials in the nominal wage above and
below zero nominal change. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%,
1.0%, and 5.0% levels, respectively. U.S. Census Bureau Disclosure Review Board
bypass number DRB-B0069-CED-20190725.

152



Table C.2: Regression discontinuity test at zero real wage change

Real Wage Change Bandwidth Window
Polynomial Order [ -1.5%, 1.5% ] [ -2.0%, 2.0% ] [ -3.0%, 3.0% ]

First -3.4∗ -2.7∗ 2.4
(1.27) (1.01) (1.36)

Second -0.2 -2.9 -5.9∗∗∗

(1.56) (1.57) (1.4)

Third 1.0 -2.4
(1.88) (1.57)

Note: Outcome variable is the share of workers with a real wage change within
each 0.1 percentile bin of the real wage change distribution (conditional on a nom-
inal wage change). The real wage change distribution includes all nominal wage
changes that are then converted into the real wage change using the change in
the Employment Cost Index since the worker’s last wage change. The percentile
bins are constructed from the post-Lasso estimation using hours-paid data from
the secondary sample for each quarter from 2011:III to 2017:IV. The RD spec-
ification allows for distinct polynomials in the real wage above and below zero
real change. ∗∗∗, ∗∗, ∗ indicate statistical significance at the 0.1%, 1.0%, and 5.0%
levels, respectively. U.S. Census Bureau Disclosure Review Board bypass number
DRB-B0069-CED-20190725.
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C.2 Permanent versus transitory earnings changes

If the quasi-experiment were to measure workers’ compensation changes using

changes in log earnings, then the transitory components of quarterly earnings would

present two problems. First, the frequency of earnings changes makes it difficult to

identify a firm’s typical raise quarter. As shown in Table 3.1, even when controlling

for quarterly hours paid, workers experience a change in log earnings almost every

quarter. Only 5.0% of workers have no quarter-over-quarter change in log hourly

earnings, whereas 55.5% receive a nominal raise and 39.5% receive a nominal cut.1

In contrast, Grigsby, Hurst and Yildirmaz (2019) use ADP payroll data to examine

workers’ base wages and they find that 80.6% of workers have no quarter-over-

quarter change in their base nominal wage, 18.5% receive a nominal base wage

raise, and only 0.9% receive a nominal cut. They further show both that the bonus

component of hourly earnings drives much of this difference between hourly earnings

and base wage changes and that bonuses exhibit little persistence. That workers’

quarterly earnings change so often makes it difficult to use quarterly earnings changes

to identify a dominant calendar quarter in which a firm tends to raise its workers’

compensation.

1The relatively small number of quarter-over-quarter freezes in log hourly earnings is consis-
tent with the findings of Kurmann and McEntarfer (2019) and Jardim, Solon and Vigdor (2019)
regarding the frequency of four-quarter changes in log hourly earnings. Both studies use quar-
terly earnings and hours-paid data from Washington state to show hourly earnings exhibit far less
year-over-year rigidity relative to the frequency of nominal wage freezes in the survey literature.
Grigsby, Hurst and Yildirmaz (2019) uses ADP payroll data to confirm this large difference in
the relative frequency of nominal changes in base wages versus hourly earnings. I find that even
when controlling for measurement error due to rounding in hours paid and annual bonuses, the
share of workers with no quarter-over-quarter change in log hourly earnings remains low at 22.2%
(adjusting for rounding in hours paid) and 45.3% (adjusting for annual bonuses and rounding in
hours paid).
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Second, most fluctuations in quarterly earnings are unlikely to persist into fu-

ture periods. As a result, historical patterns of workers’ quarterly earnings changes

are less predictive of firms’ start-of-quarter worker compensation costs. To demon-

strate the lack of persistence in workers’ quarterly earnings changes, I evaluate the

relative importance of permanent versus transitory earnings changes using the au-

tocorrelation of workers’ four-quarter change in log hourly earnings (∆yH

ik,t,t−4).2 The

four-quarter log hourly earnings change can be decomposed into the sum of the

persistent quarterly changes in hourly earnings in t− 3, t− 2, t− 1, and t (∆P
ik,t−a),

plus the transitory change in hourly earnings in t (∆T
ikt).

∆yH

ik,t,t−4 = ln

(
yikt
hikt

)
− ln

(
yikt−4

hikt−4

)
= ∆T

ikt + ∆P
ikt + ∆P

ikt−1 + ∆P
ikt−2 + ∆P

ikt−3 (C.1)

Notice that the four-quarter change and its one-period lag (∆yH

ik,t−1,t−5) share three of

these persistent components - namely ∆P
ikt−1, ∆P

ikt−2, and ∆P
ikt−3. Assuming that the

persistent change components are distributed iid, then the autocorrelation of ∆yH

ik,t,t−4

is 0.75 if there are no transitory changes. However, I find that the autocorrelation of

the four-quarter change in log hourly earnings is only 0.284. Under a set of strong

assumptions,3 I can estimate the relative magnitude of the permanent and transitory

changes in hourly earnings as follows:

Corr
(

∆yH

ik,t,t−4,∆
yH

ik,t−1,t−5

)
=

E

[
∆yH

ik,t,t−4∆yH

ik,t−1,t−5

]
V ar

(
∆yH

ik,t,t−4

)
V ar

(
∆yH

ik,t−1,t−5

) (C.2)

2This uses data for workers in the four states with hours-paid data.
3Namely the three assumptions are i) that persistent change components are distributed iid, ii)

that temporary change components are distributed iid, and iii) that the temporary and permanent
change components are independent within any 5-quarter window.
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Assuming that: i) the persistent change components for each quarter follow the same

iid distribution, ii) similarly, the transitory change components for each quarter

follow an iid distribution, and iii) the persistent and transitory components are

independent then

Corr
(

∆yH

ik,t,t−4,∆
yH

ik,t−1,t−5

)
=

3V ar
(
∆P
ik

)
4V ar (∆P

ik) + V ar (∆T
ik)

(C.3)

This implies that the relative variation in quarterly earnings from the transitory

versus the persistent changes is:

V ar
(
∆T
ik

)
V ar (∆P

ik)
=

3− 4Corr
(

∆yH

ik,t,t−4,∆
yH

ik,t−1,t−5

)
Corr

(
∆yH

ik,t,t−4,∆
yH

ik,t−1,t−5

) (C.4)

Thus, the autocorrelation estimate implies that the variance of the transitory

component of the quarterly measure of hourly earnings is 6.6 times greater than

the variance of the permanent component. This indicates that transitory changes

account for 86% of the quarter-over-quarter fluctuations in hourly earnings.

It is reassuring to note that the post-Lasso procedure identifies persistent wage

changes as occurring in periods in which this autocorrelation measure indicates that

log earnings changes are more persistent. Using the same metric of the autocorrela-

tion of the four-quarter change in log hourly earnings, I find that the autocorrelation

is 0.512 if the post-Lasso procedure detects a wage change in t−1, whereas it is only

0.123 if no wage change is detected by the post-Lasso procedure in t− 1. The esti-

mated wage changes from the post-Lasso procedure are much more likely to persist,

156



and thus affect firms’ start-of-quarter wage bills in future periods.

C.3 Measures of wage compensation

For every worker i, firm k, and quarter t combination, the LEHD data set pro-

vides either: i) quarterly earnings (primary sample), or ii) both quarterly earnings

(yQikt) and quarterly hours paid (hQikt) (secondary sample). For simplicity, I begin by

describing various measures of wage compensation that can be constructed when

quarterly hours paid is observed.

The literature on nominal wage rigidity has tended to focus on rigidity in

workers’ base wage (wikt). However, with the LEHD data, I observe workers’ quar-

terly earnings (yQikt) or their quarterly-averaged hourly earnings (ȳHikt, hereafter hourly

earnings. Two recent working papers, Kurmann and McEntarfer (2019) and Jardim,

Solon and Vigdor (2019), use administrative UI records data to explore the degree

of nominal rigidity in hourly earnings. Both studies find hourly earnings are much

less rigid than base wages.4 Thus, it will be useful to deconstruct the relationship

between these two measures of wage compensation. First, note that the quarterly

earnings measure can be decomposed as:

yQikt = wikt

(
nikth̄

W
ikt +

1

2
nikth̄

o
ikt

)
viktεikt (C.5)

where nikt is the number of payroll weeks in quarter t, h̄Wikt is the average number

4This finding of greater nominal wage flexibility in worker earnings (relative to findings from
surveys and administrative payroll records) is echoed in the survey of Elsby and Solon (2019).
They consolidate findings of many recent international studies of nominal wage rigidity and argue
that about 15-25% of workers receive year-over-year nominal wage cuts.
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of hours worked per week, h̄oikt is the average number of overtime hours worked

per week, vikt is any non-overtime variable compensation paid in period t, and εikt

captures measurement error (e.g. the rounding of hours worked to integer digits or

order-of-magnitude errors in hours worked). As I show in Appendix 3.3, including

the number of payroll weeks in the quarter proves to be quite useful since, depending

on the payroll schedule in effect at the firm, the number of payday weeks can fluc-

tuate among 12, 13, or 14 weeks from one quarter to the next. These fluctuations in

payday weeks from the payday schedules result in substantial variation in quarterly

earnings (±7− 15%).

Since overtime pay only applies to hours worked in excess of 40 hours per

week, I will approximate total quarterly overtime hours as:

nikth̄
o
ikt = max

[
0, nikt

(
h̄Wikt − 40

)]
(C.6)

This approximation and the decomposition of quarterly earnings in Equation C.5

imply that a worker’s base wage is related to her hourly earnings as follows:

yHikt = yQikt/h
Q
ikt ≈ wikt

1 +
1

2

max
[
0, hQikt − 40nikt

]
hQikt

 viktεikt

hQikt
(C.7)

It is evident from this decomposition that difference in the degree of rigid-

ity between measures of workers’ hourly earnings and their base wages could come

from three potential sources: overtime compensation (max
[
0, hQikt − 40nikt

]
), non-

overtime variable compensation (vikt), or measurement error (εikt). As to the rele-
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vance of these three sources of variation for measuring true rigidity in wage com-

pensation, I discount the importance of fluctuations in hourly earnings caused by

measurement error and overtime compensation. Fluctuations in hourly earnings

caused by measurement error are simply spurious. Fluctuations in hourly earnings

due to changes in overtime compensation are unrelated to the persistence of the

worker’s base wage, but, instead, reflect a temporary change in the worker’s utiliza-

tion. Thus, it will be useful to explore the relative importance of each of these three

sources in the degree of measured rigidity in hourly earnings.

Table C.3 shows the proportion of quarter-over-quarter (ln(ȳHikt) − ln(ȳHikt−1))

and four-quarter (ln(ȳHikt) − ln(ȳHikt−4)) raises / freezes/ cuts in log hourly earnings

for individuals who are employed for the full-quarter in both periods (i.e. they were

employed at both the start and the end of the quarter at the same firm). The log

hourly earnings exhibit significant variability, with only 5.0% of workers having the

same hourly earnings from one quarter to the next.

C.3.1 Measurement error: Rounding in hours paid

Although I cannot identify all instances of measurement error in hourly earn-

ings changes, I can control for changes in hourly earnings that may be due to state

unemployment insurance agencies’ instructions that firms report hours paid after

rounding them to whole numbers. This instruction has significant implications for

the frequency of wage freezes. To measure the impact of this rounding rule, I set

to zero change all observed changes in log hourly earnings that could be due to re-
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ported hours paid being misreported by ±1 in the current and/or the lagged quarter.

This provides an upper-bound on the degree to which flexibility in hourly earnings

could be due to measurement error from rounding hours paid to whole numbers. I

find that resetting to zero any hourly earnings change that could be due to hours-

rounding causes the frequency of quarter-over-quarter wage freezes to increase more

than four-fold, from 5.0% to 22.2%.

C.3.2 Overtime compensation

Although the hours paid reported in the LEHD data set makes no distinction

between overtime hours and regular pay hours, I use the following method to identify

earnings changes that could be due to overtime pay. First, if a worker is reported as

having worked 480 or fewer hours in the quarter (hQikt ≤ 480), then I do not consider

whether they worked any overtime because even with the fewest number of payday

weeks (12), they could still have attained this number of hours without working any

overtime.5 Focusing, instead, on quarters in which a worker had 481 or more hours

paid (hQikt > 480), I consider three alternative numbers of payday weeks (nikt ∈

(12, 13, 14)). Since overtime hours can be approximated as max
[
0, hQikt − 40nikt

]
,

each of these three scenarios corresponds to a different number of overtime hours

worked. I conclude that overtime hours have been worked if a particular overtime

adjustment results in the hourly pay in period t being within three cents of the hourly

earnings in at least three of the surrounding four quarters (allowing for adjustments

5This assumption misses some overtime hours since overtime hours are calculated on a weekly
basis. Thus, it is possible for a worker to work more than 40 hours in one week (thus receiving
overtime pay) and fewer in another week of the same quarter, and yet still have fewer than 481
hours of pay in the quarter.
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to the hourly earnings in the surrounding quarters for overtime pay).

C.3.3 Variable compensation: Annual bonuses

A worker’s non-overtime variable compensation, vikt, can include tips, com-

missions, and bonuses. I describe here a method for estimating one form of vari-

able compensation: annual bonuses. An annual bonus that occurs in a particular

quarter will appear as a single-quarter spike in hourly earnings. Thus, I iden-

tify quarters in which a worker received an annual bonus as any quarter in which

yHikt > max
[
yHikt−1, y

H
ikt+1

]
. For any such period, I construct an estimate of the bonus

as:

b̂ikt =
yHikt

max
[
yHikt−1, y

H
ikt+1

]hQikt =
wikt

(
1 + 1

2

h̄oikt
40

)
εikt
hQikt

max
s=t−1,t+1

wiks

(
1 + 1

2

h̄oiks
40

)
εiks
hQiks

bikt (C.8)

The estimated b̂ikt is an accurate measure of the true annual bonus, bikt, in cases

where there is no measurement error or overtime hours worked in either the annual

bonus period or the comparison period and the base wage is constant across periods.

When I exclude the estimated annual bonuses from the measure of hourly earnings

and set changes to zero when they reflect potential hours rounding errors, the fre-

quency of quarter-over-quarter freezes in log hourly earnings increases to 45.3% from

5% in the raw hourly earnings measure (and from 22.2% in the hourly earnings that

exclude potential rounding errors).
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