
MISCELLANEOUS RESEARCH ADVICE

1 Talk to each other.

2 Stay organized.

I Topic folders, subfolders within topic folder, programming files, etc.

I Track your steps so at the end with “one click” you can go from raw
data to published tables and figures (ideally).

3 First commandment of applied research: know thy data.

I How collected? Precise variable definitions? Read documentation.

4 Don’t run a regression if you can’t describe the data generating
process (DGP) under which the regression is valid and informative.

5 Write cleanly. May want to read:
https://faculty.chicagobooth.edu/john.cochrane/

research/papers/phd_paper_writing.pdf.

6 Be purposeful in topic selection, in specification, and in writing.

I Don’t do X just because ABC did X, unless point is contrast with ABC.

https://faculty.chicagobooth.edu/john.cochrane/research/papers/phd_paper_writing.pdf
https://faculty.chicagobooth.edu/john.cochrane/research/papers/phd_paper_writing.pdf
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MISCELLANEOUS PRESENTATION ADVICE

1 Keep slides clean.

I Ideally one line per bullet.

I Text, figures, and tables legible from the back of the room.

I Model yourself on other presentation slides, not teaching slides.

2 Adapt presentation to presentation slot:

I Rule of thumb: two minutes per slide.

I Explain everything or tell us what we can gloss over.

I Lunch presentation different format and objective from job talk.

3 Practice: I have seen senior professors give a paper multiple times
using exactly the same “script”.



COVID-19

Has already spawned thousands of research papers.

I doubt many of the papers that will be most read 10 years from now
have yet been written.

Your cohort will be perfectly timed to do serious research using micro
data.

Start thinking about ideas now.
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WHY LABOR SEARCH MODELS ARE POPULAR

Explaining unemployment is one of the great challenges in economics.

Labor search models generate equilibrium unemployment.

I No bilateral inefficiency.

Asymmetry of unemployment changes: firing easy, hiring hard.

Sufficiently tractable to embed in larger scale models.

Framework has expanded to cover different types of search (random,
directed, etc.) and different applications (money, securities, housing).
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MACRO SEARCH VERUS MICRO SEARCH

We will focus today on macro search questions:

I General equilbrium.

I Firm vacancy posting plays central role.

Micro search questions:

I Typically partial equilibrium: offer arrival rate taken as given.

I What determines individuals’ job search effort?

I How do individuals and firms go about search? Open black box of
matching function.

I Can search frictions justify within-cell wage inequality?

Obviously these approaches may intersect for many questions.
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UNEMPLOYMENT VOLATILITY (“SHIMER”) PUZZLE

Canonical model does not generate unemployment volatility (Shimer
AER 2005).

Basic problem: adjustment in wages smooths value to firm of hiring,
which undoes negative shock.

Lots of proposed solutions. Few empirical moments to distinguish
them.
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FOCUS ON HIRING MARGIN TODAY

Hall (JPE 2009) and Shimer (RED 2012): separations are acyclical,
changes in unemployment driven by changes in job finding rates.

Controversial: separations roughly acyclical but layoffs strongly
countercyclical, offset by procyclical quits.

Models emphasizing separation margin:

I Mortensen and Pissarides (RESTUD 1994): endogenous job
destruction.

I Elsby, Michaels and Solon (AEJ: Macro 2009): “traffic light” theory.

I Coles and Kelishomi (AEJ: Macro 2018): separation shocks important
if free entry condition fails.

Focus on hiring margin means focus on vacancy creation decision.
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THEORETICAL CONCEPTS

Hours worked: input into production.

Hours paid: includes vacation, sick, bad weather, etc.

Non-employment: no hours worked or paid.

Non-employed characterized by search effort and reservation wage.

I Job-finding = F (tightness, search effort, reservation wage),
F1 > 0,F2 > 0,F3 < 0.

Underemployment: Positive hours worked or paid but would prefer
more hours worked.
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MEASUREMENT: OFFICIAL UNEMPLOYMENT RATE

History: developed during the 1930s at the WPA and the Census Bureau.

Employed: People are classified as employed if they did any work at all as
paid employees during the reference week; worked in their own business,
profession, or on their own farm; or worked without pay at least 15 hours in
a family business or farm. People are also counted as employed if they were
temporarily absent from their jobs because of illness, bad weather, vacation,
labor-management disputes, or personal reasons.

Unemployed: People are classified as unemployed if they meet all of the
following criteria: they had no employment during the reference week; they
were available for work at that time; and they made specific efforts to find
employment sometime during the 4-week period ending with the reference
week. Persons laid off from a job and expecting recall need not be looking
for work to be counted as unemployed.

Unemployment rate: The civilian labor force is the sum of employed and
unemployed persons. The unemployment rate is the number unemployed as
a percent of the labor force.

Survey reference week: calendar week that contains the 12th day of the
month.
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OTHER MEASURES
HOUSEHOLD DATA

Table A-15. Alternative measures of labor underutilization

[Percent]

Measure

Not seasonally adjusted Seasonally adjusted

Aug.
2015

July
2016

Aug.
2016

Aug.
2015

Apr.
2016

May
2016

June
2016

July
2016

Aug.
2016

U-1 Persons unemployed 15 weeks or longer,
as a percent of the civilian labor force. . . . . . . . . 2.1 1.9 1.8 2.2 2.1 1.9 2.0 2.0 1.9

U-2 Job losers and persons who completed
temporary jobs, as a percent of the civilian
labor force. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.5 2.4 2.4 2.6 2.4 2.3 2.4 2.3 2.4

U-3 Total unemployed, as a percent of the
civilian labor force (official unemployment
rate). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5.2 5.1 5.0 5.1 5.0 4.7 4.9 4.9 4.9

U-4 Total unemployed plus discouraged
workers, as a percent of the civilian labor
force plus discouraged workers. . . . . . . . . . . . . . . . . 5.6 5.5 5.3 5.5 5.3 5.0 5.2 5.2 5.3

U-5 Total unemployed, plus discouraged
workers, plus all other persons marginally
attached to the labor force, as a percent of
the civilian labor force plus all persons
marginally attached to the labor force. . . . . . . . . 6.3 6.3 6.0 6.2 6.0 5.7 6.0 6.0 5.9

U-6 Total unemployed, plus all persons
marginally attached to the labor force, plus
total employed part time for economic
reasons, as a percent of the civilian labor
force plus all persons marginally attached to
the labor force.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10.3 10.1 9.7 10.3 9.7 9.7 9.6 9.7 9.7

NOTE: Persons marginally attached to the labor force are those who currently are neither working nor looking for work but indicate that they want and
are available for a job and have looked for work sometime in the past 12 months. Discouraged workers, a subset of the marginally attached, have
given a job-market related reason for not currently looking for work. Persons employed part time for economic reasons are those who want and are
available for full-time work but have had to settle for a part-time schedule. Updated population controls are introduced annually with the release of
January data.
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MEASURES OF UNDER-EMPLOYMENT
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MAKING DEFINITION OPERATIONAL: CPS
Roughly 60,000 households per month.

Rotation group structure: household in sample for four months, out
for eight months, in for four months.

Since 1994, reference-dependent survey questionnaire.

Geographic stratified sampling procedure:
I U.S. divided into sets of contiguous counties (PSUs).
I Large PSUs in sample w.p. 1.
I Smaller PSUs grouped into strata and one PSU per strata in sample

each decade.
I Within PSU, clusters of geographically adjacent addresses drawn so

that entering addresses replace geographically close exiting addresses.

Official statistics based on weighted average of current level and
changes among repeat respondents.

Separate from “Establishment survey” (CES) which obtains payroll
from 147,000 firms (634,000 establishments) each month. CES is
larger sample (and near universe after benchmarking to administrative
UI records) but no information on activity of non-employed.
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ROTATION GROUP BIAS (KMX RESTAT 2017)

pattern of rotation group bias through at least two channels:
(a) increased survey nonresponse, which changed the com-
position of respondents across months in sample, and (b) a
changed response pattern due to the introduction of depen-

dent interviewing and a new questionnaire and interview for-
mat. We conclude that rising nonresponse is likely a signifi-
cant contributor to the change in rotation group bias.

II. Data

The CPS is a monthly survey of the labor force in the
United States with about 60,000 households interviewed for
each survey. It is based on a sample of physical addresses
with eight panels in a 4-8-4 rotation scheme. For each
monthly survey, eight groups of respondents are identified
by the month in sample (MIS) of their residences.

This study uses the CPS basic monthly surveys collected
between January 1976 and December 2014. The CPS
underwent a major redesign in 1994. The most important
change was a shift from a paper-based to a computer-based
questionnaire.3 New phrasing and skip logic were also
introduced for some labor force questions. In particular, the
shift to a computer-based questionnaire permitted depen-
dent interviewing, which uses information from a previous
interview (often combined with answers to other questions)
to update information for the current interview. The use of
information from other sources reduced respondent burden
and allowed the inclusion of additional questions.

We analyze the pattern in the Bureau of Labor Statistics
(BLS) recoded labor force status across MIS. Observations
are weighted by final weights. Additional details of our
sample are available in online appendix A.

III. The Evolution of Rotation Group Bias in the CPS

Following Solon (1986), we focus on a multiplicative
model to estimate rotation group bias.4 The multiplicative
index for a rotation group is computed by dividing the esti-
mate for that rotation group by the average estimate over all
eight rotation groups in the relevant time period and multi-
plying by 100. If there is no rotation group bias, the multi-
plicative index should be 100 for all rotation groups.

We use the slope of the fitted line through multiplicative
indices with respect to MIS as an approximate summary
measure of the magnitude of rotation group bias. Specifi-
cally, we regress the multiplicative indices on a variable
running from 1 to 8 representing the rotation group. Figure
2 plots these slopes for unemployment rate by year. In all
years from 1976 to 2014, the slope is negative, implying

FIGURE 1.—UNEMPLOYMENT RATE BY ROTATION GROUP AND YEAR, 1976–2014

The estimates are based on the CPS monthly files from January 1976 to December 2014. (A) The
unemployment rate by MIS and year. (B) The difference between the annual unemployment rate by MIS
and the annual unemployment rate published by the BLS. (C) The annual average unemployment rate
with 95% confidence interval for the mean of the eight rotation groups.

3 Prior to the 1994 redesign, interviews in MIS1 and MIS5 were con-
ducted in person. In other months, a majority of the interviews were con-
ducted over the phone. Most of the interviews were conducted with a
paper-based questionnaire; only about 9% of the data were collected by
computer-assisted telephone interviewing (CATI) facilities (Polivka &
Miller, 1998). After the redesign, the new questionnaire was designed
solely for computer-assisted interviewing, and an increasing number of
interviews have been conducted by CATI.

4 Bailar (1975) argued that the estimates of month-to-month changes
are unbiased if the rotation group effects are constant over time and the
effects are additive. Solon (1986) showed that the estimates of changes
would be biased if the rotation group effects are multiplicative. Solon also
provides empirical evidence that rejects the assumption of additive rota-
tion group effects.

2 THE REVIEW OF ECONOMICS AND STATISTICS
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2 THE REVIEW OF ECONOMICS AND STATISTICS
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REPORTING AMBIGUITY (AHSS JOLE 2013)

workers and 17.6% of in-scope CPS workers are not in-scope UI
workers. Given the large size of the pooled matched data set, the standard
errors of these estimates are low.
The share of CPS workers for whom we can identify no UI job is very

large. It seems likely that some of this discrepancy can be explained by
the incomplete geographic coverage of our linked data set and by SSN
errors in either the CPS data or the UI data, either of which might lead to
our failing to identify UI jobs held by CPS respondents. Depending on
whether the proportional understatement in XNH,E is larger or smaller
than the proportional understatement in XH,E, the share of UI workers
who appear not to have a CPS job could as a result be either understated or
overstated, but this will be a second-order effect. Fortunately, as is shown
below, we appear to be missing only a relatively small number of the UI
jobs actually held by CPS respondents, and we therefore do not believe
that these problems affect any of our qualitative conclusions.
To help understand these issues, recall that the observations in our

linked data set are weighted to represent the total population. By con-
struction, the weights reproduce the total CPS population, and they also
do a very good job of reproducing total CPS employment. To the extent,
however, that we are not successful in locating all of the UI wage records
that exist for CPS sample members, estimated UI employment based on
the linked data set will fall short of actual UI employment for our 16 states.
As shown in table 3, for our 16 states, the number of people with first-
quarter UI jobs calculated from the full UI data set ðEUIÞ averages 55.503

Table 4
Discrepancies in Employment Status between CPS and UI Data

Not In-Scope Worker in UI In-Scope Worker in UI

Not in-scope worker in CPS XNH,NE XNH,E

Overall share .371 .034
ð.001Þ ð.000Þ

Row share .917 .083
ð.001Þ ð.001Þ

Column share .779 .064
ð.001Þ ð.001Þ

In-scope worker in CPS XH,NE XH,E

Overall share .105 .491
ð.000Þ ð.001Þ

Row share .176 .824
ð.001Þ ð.001Þ

Column share .221 .936
ð.001Þ ð.001Þ

NOTE.—Weighted shares of the CPS-UI overlap sample described in the text. In-scope is defined as
wage and salary employment in the private sector excluding agriculture and private household jobs, plus
state and local government employment. Pooled data for all years 1996–2003. Standard errors in paren-
theses.

S140 Abraham et al.

This content downloaded from 128.103.149.052 on September 27, 2016 06:20:35 AM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).
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NON-RESPONSE SHARE TO J2J QUESTION
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Figure 2: EEm: Missing answers to the SAMEMP question in eligible (employed in both
months) records

the SAMEMP question. In a nutshell, the RIP gives, for privacy reasons, the respondent the

option not to share their answers, including their employer name, with any other household

members who might happen to answer the survey in subsequent months. A significant

number of respondents exercise that option, automatically generating a missing answer to

the SAMEMP question a month later. We provide evidence of a very strong selection

on unobservable characteristics that correlate positively with EE mobility. We also detect

another source of measurement error, similar to but of different nature than the RIP, affecting

all CPS cohorts in 2007, and possibly phased out as the RIP was introduced in 2008 and

early 2009. This may be related to RIP pre-testing. For all these reasons, observed EE

transitions after 2007 poorly estimate the true incidence of EE reallocation.

Based on this evidence, we propose a selection model and a set of identification assump-

tions, on which we build a procedure to impute missing answers to the SAMEMP question,

thus EE transitions, both before and especially after January 2007. Implementing our pro-

cedure, we estimate an aggregate EE time series which differs substantially, over the last

13 years, from Fallick and Fleischman (2004)’s, plotted as a blue (dark) line in Figure 1.2

Specifically, our series resets the cyclical peak to early 2008, in line with evidence from ad-

ministrative quarterly data reviewed later, and reduces the cyclical drop by about half, with

2We make available at http://campuspress.yale.edu/moscarini/working-papers/ee-fmp/, and will
regularly update, the EE time series that we estimate based on both Fallick and Fleischman (2004)’s and
our methodology, and that we plot, smoothed, in Fig. 1, as well as the time series based on a Missing at
Random assumption. Fig. 14(a) plots all three times series, not smoothed.

3

Question: “Last month it was reported that (name/you) worked for
. (Do/Does) (you/he/she) still work for ?”

Beginning in January 2008 respondents could opt not to share their
answers with future household members answering questionnaire.
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JOB-TO-JOB TRANSITIONS
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(a) 12-month trailing moving average
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Figure 1: Employer-to-Employer (EE) transition probability (Sep 1996 - May 2020)

Survey (CPS), the premier source of real-time information on labor markets, including the

civilian unemployment rate, available to policymakers in the United States. The monthly

frequency, almost unique even among labor force surveys in developed countries, reduces

the recall bias and time aggregation that blur the distinction between direct EE transitions

and short unemployment spells in survey data. Since its 1994 redesign, the CPS contains

an explicit retrospective question (variable IODP1) that can be used to identify EE tran-

sitions: the interviewer reads out the name of an individual’s employer recorded in the

previous month, and asks if it still the same. In this paper, we will refer to this question as

“SAMEMP.” Fallick and Fleischman (2004) pioneered the use of the answers to this question

to estimate the average EE monthly transition probability, and a time series that has become

the standard reference in the profession. The lighter (yellow) line in Figure 1a shows the time

series of our replication of their results, after taking a 12-month trailing Moving Average to

eliminate high-frequency noise; Figure 1b shows the same after taking quarterly averages.

We can see a dramatic decline that starts in early 2007, and never reverts, thus generating

the impression of a strong cyclical drop preceding the Great Recession by a full year, as well

as a downward trend, and a dramatic drop in April-May 2020 during the COVID-19 crisis.

In this paper, we revisit measurement of the EE transition probability. Our starting point

is Figure 2. We detect a sudden and sharp increase in the incidence of missing answers to the

SAMEMP question, starting in January 2007 followed by a similar one a year later, which

never reversed, but instead continued growing thereafter. We identify one important change

in survey methodology phased in starting in January 2008 by the US Census Bureau, the

Respondent Identification Policy (RIP), which directly impacts the validity of the answer to

2

Missing observations non-random. Adjusted series from Fujita, Moscarini,
Postel-Vinay, “Measuring Employer-to-Employer Reallocation”.
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OTHER SOURCES OF LABOR MARKET DATA

1 Census/ACS: larger sample than CPS but less coverage of job search.

2 LDB/QCEW: monthly employment and quarterly payroll by
county-industry based on administrative UI tax records.

3 LBD/CBP: annual (March) employment by county-industry based on
Business Register.

4 LEHD/QWI: employer-employee matched panel of employment and
quarterly earnings based on administrative UI tax records.

5 LAUS: state/city/county employment and unemployment based on
CPS, QCEW, UI claims, and hidden-state model.
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LESSONS

You don’t need to go into this amount of detail for every data set you
use in a paper.

Depends why you’re using the data. If it’s a VAR in u, π, and i ,
probably okay. If you’re interested in arma properties of u it matters.
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PRIMA FACIE EVIDENCE OF MATCHING FRICTIONS
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Median unemployment duration: 5-25 weeks.

Average vacancy duration: 1 month.

17 / 67



LARGE GROSS FLOWS

Share of working-age population making labor force status transition:

Et Ut Nt All

Et−1 59.15 0.77 1.65 61.58
Ut−1 0.88 1.95 0.83 3.66
Nt−1 1.54 0.84 32.40 34.77
All 61.57 3.56 34.88 100.00

Fallick and Fleischman, http://www.federalreserve.gov/pubs/feds/2004/200434/
200434abs.html.

Flows from N to E larger than flows from U to E .

Transitions into and out of labor force historically viewed as acyclical.

Transition hazard much larger for U than N.
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HETEROGENEITY WITHIN UNEMPLOYED

4 Federal Reserve Bank of Richmond Economic Quarterly

Table 1 Nonemployment by BLS Categories

1 2 3 4 5 6
Share of Working-Age Employment

Population Probability
1994�2013 2007 2010 1994�2013 2007 2010

Unemployed
Short-term 3.0 2.5 3.5 28.0 29.7 21.8
Long-term 1.0 0.5 2.7 14.4 15.5 10.3

OLF, Want a Job
Marginally attached,
discouraged 0.2 0.2 0.5 13.1 16.5 10.7

Marginally attached,
other 0.4 0.3 0.3 12.7 14.9 10.2

Other 1.8 1.5 1.7 14.5 15.7 12.1
OLF, Do Not Want a Job

Other, in school 4.1 4.5 5.0 8.5 8.2 6.2
Other, not in school 7.4 7.2 7.0 7.5 8.1 6.9
Disabled 4.6 4.8 5.2 1.7 1.7 1.4
Retired 15.4 15.2 15.4 1.4 1.5 1.4

Notes: Share of working-age population and employment transition probability in
percent.

and OLF. These shares are estimated using responses from the monthly
Current Population Survey (CPS). A nonemployed respondent is counted
as unemployed if she has been actively looking for work in the month
preceding the survey week. Those neither employed nor actively look-
ing for work are classi�ed as OLF. Starting with the comprehensive
revision of the CPS in 1994, the BLS provides additional detail on
the labor market attachment of the nonemployed based on survey re-
sponses as to why an individual is not actively looking for work. The
average population shares for the di¤erent nonemployment categories
in the CPS are listed in Table 1, columns 1 through 3. We report these
shares for the period 1994�2014 and the years 2007 and 2010, that is,
the year prior to the Great Recession and the year when unemployment
reached its peak.

The unemployed can be subdivided based on their reported length
of unemployment. Short-term unemployment (STU) covers those who
have been unemployed for 26 or fewer weeks, while long-term unemploy-
ment (LTU) encompasses those who have been unemployed for more
than 26 weeks. On average, only one-fourth of all unemployed report

Source: Hornstein, Kudlyak, Lange (EQ, 2014).
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Table 2 Nonemployment by Labor Force Status Histories

1 2 3 4 5 6 7 8
Share of Working-Age Employment

Population Probability
1976�2014 1994�2014 2007 2010 1976�2014 1994�2014 2007 2010

Currently Unemployed
Recent employment 1.3 1.2 1.1 1.4 38.8 39.2 40.7 34.2
No recent employment 1.1 1.1 0.8 1.5 17.1 16.0 17.2 9.6
Continuously unemployed 1.4 1.3 0.8 2.8 17.7 17.2 19.0 11.0

Currently OLF
Recent employment 2.9 2.8 3.0 2.6 27.7 27.1 27.8 27.6
No recent employment 1.3 1.3 1.0 1.9 9.6 9.5 9.6 7.1
Continuously OLF 30.9 30.2 30.4 31.1 2.0 1.8 1.8 1.5

Notes: The �rst set of rows covers those nonemployed who are unemployed in the current month and the second set
covers those nonemployed who are OLF in the current month. For each group, the �rst row (Recent employment)
denotes those who have been employed at least once in the previous two months; the second row denotes those
who have not been employed in any of the previous two months but also not unemployed/OLF in both months;
and the last row denotes those who have been unemployed/OLF in both of the previous two months. The share of
working-age population and the employment probability are in percent.
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ACTIVE LITERATURE ON HETEROGENEITY

Kroft, Notowidigdo, and Lange (2013); Fujita and Moscarini (2013);
Krueger and Cho (2014); Hornstein, Kudlyak, and Lange (2014); Hall
and Schoefer-Wohl (2015); Alvarez, Borovickova, and Shimer (2015);
Ahn and Hamilton (2015); Jarosch (2015).

May be important for quantitative interpretation of models.

May be important for issues such as hysteresis.

Ignore it for rest of today.
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UNEMPLOYMENT VERSUS TEMPORARY WORK

Month 
Out of 
labor 
force

Unemploy-
ment

Short-
term job

Long-
term job

0 0 100 0 0

1 26 39 17 18

2 31 21 18 29

3 32 15 18 35

4 32 13 17 38

∞ 29 10 18 44

Table 1: Probabilities of Future States Facing an Unemployed Individual

Table 1 shows a basic finding of this paper. We consider four labor-market states: (1)

out of labor force, (2) searching for a job (unemployed), (3) holding a short-term job, and

(4) holding a long-term job. We describe the probability distribution of the future labor-

market states of an individual who is unemployed in month zero. The rows in the table show

the distribution perceived in month zero across the various states over the four succeeding

months and in the longer run. The findings are derived from data for a period of normal

tightness in the labor market, with national unemployment at its long-term average.

In month 0, the individual is unemployed. The unsurprising feature of the table is that

the probability of being out of the labor force or employed in a long-term job rises month

by month, as the probability of unemployment declines. What is a surprise is that the

probability of holding a short-term job jumps up immediately in month 1 up to or even

above its later level. There are no lags in that probability, unlike the others.

Short-term jobs are easy to find under normal conditions in the US labor market. While

holding a short-term job, the worker has a chance of moving up to a long-term job. We

find that short-term jobholding is akin to unemployment—it is another step on the way to

a long-term job. The same force that causes a downward movement in the probability of

unemployment offsets the pro-employment trend that is visible in the growth of the proba-

bility of long-term employment. Our model shows that it is twice as likely for the first three

months of the post-unemployment period to have a short job precede a long job than the

other way around. Short jobs are stepping stones to long-term jobs.

The two main conclusions of the paper are:

• Short-term jobs are partly a substitute for unemployment—they are a natural extension

of the search process.

• The time that a job-loser spends out of the labor force or searching for jobs is small

compared to the time spent in short-term jobs.

2

Source: Hall and Kudlyak (WP).
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OTHER MARGINS WE’LL IGNORE

On-the-job search.

I Important for quantifying total search effort and estimating matching
functions.

I Important for income dynamics.

Labor force participation.

I Trend decline in data.
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COVID IS DIFFERENT

then directly determines the aggregate components of the transi-
tion hazards. We report the factor loadings in table A.2.

2.3. Model validation

The factor-flow approach may incorrectly forecast unemploy-
ment duration for three main reasons. First, it relies on the accu-
racy of the forecast of the forcing variable Ft . This source of error
is intrinsic to any forecasting exercise. Second, there may be model
mis-specification, for example if the coefficients
f/s0!s00

s;‘ ;ws0!s00 ; bs0!s00 g are actually time-varying.5 Third, the structural

residual ms0!s00
t is a non-idiosyncratic shock to flows in each period

that will cause the simulation to depart from the data even if Eqs.

(1) and (2) are correctly specified and the coefficients consistently
estimated.

We conduct a cross-validation exercise to compare our specifi-
cation to possible alternatives. We divide CPS respondents into
four equal-sized groups that are evenly distributed across months.
For each 1/4 group, we estimate Eqs. (1) and (2) on the other 3/4 of
the sample and use these estimates to construct predicted proba-
bilities ĉs0!s00

i;t for transitions in the 1/4 group. Our cross-validation
metric is the average negative log likelihood of the observed tran-
sitions CV ¼ � logðĉs0!s00

i;t Þ in the sample, where lower values indi-
cate better out-of-sample fit. We repeat this procedure for
several alternative specifications, including with additional vari-
ables, interactions, substituting Eq. (2) into Eq. (1) and estimating
transition probabilities in a single step, and estimating the individ-
ual heterogeneity component in different sub-periods, and report
CV for each in Appendix Table A.3, both for the full sample and
for individual recessionary periods.

This exercise demonstrates the flexibility of our approach, but
also the range of choices required to implement it. Cross-
validation offers a disciplined way to choose among alternatives.
Our baseline specification obtains better out-of-sample fit than

5 A recent literature views separation rates as causally affected by an unemploy-
ment spell (Jarosch, 2015; Hall and Kudlyak, 2019). If instead history dependence
largely reflects selection of who becomes unemployed and the selection mechanism is
muted in the COVID recession, then the historical values of the history dependence
coefficients governing separation rates will be too large and our simulations will
overstate the amount of history dependence and hence the amount of long-term
unemployment.

Fig. 2. Re-employment Heterogeneity. Notes: The left panel plots the re-employment probabilities from unemployment overall (U) and the sub-categories unemployed-
temporary layoff (Ut), unemployed-permanent layoff (Up), unemployed-quit (Uq), and unemployed-entrant (Ue) as twelve month moving-averages through February 2020
and the monthly values thereafter. The right panel plots the distribution of unemployment by status in 2020.

Fig. 3. Single Factors for Aggregate Transition Hazard Components. Notes: The figure plots the monthly unemployment rate (left-axis) with the first principal component of
the 12-month moving averages of the 36 aggregate components of the transition hazards (right-axis, scale inverted for comparison).

G. Chodorow-Reich and J. Coglianese Journal of Public Economics 197 (2021) 104398

4

Source: Chodorow-Reich and Coglianese (JPUBE, 2021).
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INGREDIENTS

Agents employed (mass e) or unemployed (mass u), e +u = 1.

Mass v of vacancies posted at cost c per vacancy.

Matching function m(u,v) = Mu1−ηvη .

Market tightness: θ = v/u.

Exogenous separation probability s.

Agent produces p if employed or z if unemployed.

Discount future with factor δ .
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MODEL EQUATIONS

Value functions:

Unemployment: U = z + δ
{
f (θ)E

[
W ′]+ [1− f (θ)]E

[
U ′
]}
. (1)

Employment: W = w + δ
{

[1− s]E
[
W ′]+ sE

[
U ′
]}
. (2)

Job: J = p−w + δ
{

[1− s]E
[
J ′
]

+ sE [V ′]
}
, (3)

Vacancy: V =−c + δ
{
q (θ)E

[
J ′
]

+ [1−q (θ)]E
[
V ′
]}
.

(4)

Free entry condition:

V = 0. (5)

Endogenous transition probabilities:

Job-finding: f (θ) =
m(u,v)

u
= Mθ

η . (6)

Vacancy-filling: q(θ) =
m(u,v)

v
= Mθ

η−1 =
f (θ)

θ
. (7)
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NEXT STEPS

1 Treat w as free parameter and solve model in steady state as δ → 1.

2 Comparative statics of this model.

3 Comparative statics with Nash bargaining.

4 Chodorow-Reich and Karabarbounis critique.
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SOLUTION

(3) and (5): J = (p−w)/s,

(4) and (5): q = c/J

Combine: =
cs

p−w
,

(7): q = Mθ
η−1,

Combine: θ =

(
cs

M(p−w)

) 1
η−1

,

(1) and (2): W −U = (w − z) + (1− s− f )(W −U)

=
w − z

s + f
,

Match surplus: S = J +W −U.
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UNEMPLOYMENT VOLATILITY

We solved the model assuming time-invariant parameters.

To consider volatility, we will take a short-cut and compare across
steady-states.

This turns out to be okay because labor market converges very
quickly to steady state in this model.

Not okay in richer models with more dynamics such as due to capital
or other slow moving state variables.

Formally, comparative static of θ w.r.t. p allowing for wage to change
endogenously in response to p.
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COMPARATIVE STATIC

θ =

(
cs

M(p−w)

) 1
η−1

,

d lnθ

d lnp
=

(
1

1−η

)
d ln(p−w)

d lnp
∝

1

p−w

d(p−w)

d lnp
=

p−w
(
d lnw
d lnp

)
p−w

.

If wages increase one-for-one with p, dw/dp = 1, no extra incentive
for firms to hire and no change in unemployment:
w ×d lnw/d lnp = w ×p/w ×dw/dp = p⇒ d lnθ/d lnp = 0.

If wages are sticky, d lnw/d lnp = 0, then job-finding increases by
p/(p−w). Ljungvist and Sargent call this fundamental surplus.

Closer is w to p, larger is percent increase in firm profits if p increases.
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NASH WAGE EQUATION
Nash assumption: J = (1−β )S ,(W −U) = βS .
Worker, firm, match surplus out of steady state:

W −U = [w − z ] + [1− s− f (θ)]βE
[
S ′
]
.

J = [p−w ] + [1− s] [1−β ]E
[
S ′
]
.

S = [p− z ] + [1− s−β f (θ)]E
[
S ′
]
.

Free entry condition: E [J ′] = c
q(θ) = cθ

f (θ) ⇒ E [S ′] = cθ

(1−β)f (θ) .
Substitute into worker surplus:

β

[
[p− z ] + [1− s−β f (θ)]

cθ

(1−β )f (θ)

]
= [w − z ] + [1− s− f (θ)]β

cθ

(1−β )f (θ)
.

Solve for w :

w = (1−β )z + βp+ (1−β )β f (θ)
cθ

(1−β )f (θ)

= z + (1−β )(p− z) + βθc . 31 / 67



NASH WAGE INTERPRETATION

w = z + (1−β )(p− z) + βθc .

Period wage is worker’s flow opportunity cost z , plus share of surplus
(1−β )(p− z), plus labor market tightness term.

Nash wage is procyclical (comoves with p), because flow surplus is
procyclical and because labor market tightness comoves with p.

Intuition: worker’s threat point in bargain is to return to
unemployment pool. Value of unemployment depends on flow value z
and likelihood of finding another job soon, which is increasing in labor
market tightness.
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COMPARATIVE STATIC WITH NASH

Surplus: S = [p− z ] + [1− s−β f (θ)]S = p−z
s+β f (θ) .

Substitute into free entry condition [1−β ]S = c
q(θ) :

[1−β ] [p− z ]

s + β f (θ)
=

c

q (θ)
.

One equation in parameters β ,c ,z exogenous processes p,s, and
endogenous variable θ .

Implicitly differentiate w.r.t. p and solve:

εθ ,p =
β f (θ) + s

β f (θ) + s(1−η)

[
p

p− z

]
.

Data: εθ ,p ≈ 20.

First term varies between about 1 and 2 for β ⊆ [0,1] and plausible
parameter values.

Shimer (AER 2005) sets p = 1,z = 0.4 =⇒ εθ ,p ≤ 3.33<< 20.
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SHIMER (AER, 2005) PUZZLE INTERPRETATION

Shimer sets p = 1,z = 0.4 =⇒ εθ ,p ≤ 3.33<< 20.

Present value of wages at hiring depends on present value of
productivity and the worker’s threat point.

With Nash bargaining, worker’s threat point is the value of the
unemployment state:

Ut = z + δ {f (θt)E [Wt+1] + (1− f (θt))E [Ut+1]}

= Et

∞

∑
s=t

δ
s−t

πs|tz +Et

∞

∑
s=t+1

δ
s−t

πs−1|t f (θs−1)Ws .

I πs|t : survival probability of remaining unemployed in period s.

Second term is highly procyclical: job-finding probability and value of
job are higher in good states.

z low and constant =⇒ Ut highly procyclical =⇒ wages procyclical.

z low =⇒ steady state wage low =⇒ steady state profits high.

Large steady state profits and procyclical wages =⇒ log profits
weakly cyclical =⇒ dampened vacancy creation.
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HAGEDORN & MANOVSKII (AER, 2008) CALIBRATION

εθ ,p =

[
β f (θ)− [1−δ (1− s)] [η−1]

δ

]−1[1−δ [1− s]

δ
+ β f (θ)

][
p

p− z

]
.

As z → p,εθ ,p→ ∞.

Discount rate δ , separation rate s, job finding rate f , η = elasticity of
f w.r.t θ directly calibrated.

β ,z chosen to match average labor market tightness given vacancy
creation cost and cyclicality of wages.

Wage rigidity matched by z high.

Endogenous wage rigidity: value of leisure is large component of
worker’s outside option, and fixed.

If terms in brackets ≈ 1, z = 0.95p⇒ εθ ,p ≈ 20.

Example of small fundamental surplus.
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CHODOROW-REICH & KARABARBOUNIS (JPE, 2016)
CRITIQUE

εθ ,p = [Constant≈ 1]

[
p− zεz ,p

p− z

]
.

εz ,p = 0:

I εθ ,p is large if z ≈ p (Hagedorn-Manovskii AER 2008).

εz ,p = 1:

I εθ ,p is independent of z .
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INTERPRETATION: ENDOGENOUS WAGE RIGIDITY

With Nash bargaining, worker’s threat point is the value of the
unemployment state:

Ũu
t =zt + βEt

[
ftŨ

e
t+1 + (1− ft) Ũ

u
t+1

]
=Et

∞

∑
s=t

β
s−t

πs|tzs +Et

∞

∑
s=t+1

β
s−t

πs−1|t fs−1Ũ
e
s ,

Large, fixed z partially insulates Ũu
t from business cycle, generating

wage rigidity.

If z is also procyclical, insulation goes away.

Recall Nash wage equation:

wt =

(
1

Nt

)
(µpet + (1−µ)zt + µκtθt) .
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OVERVIEW

What is z?

1 Foregone government benefits.

2 Foregone value of leisure and home production.

Measurement of z allowing for curvature in utility function and
explicit value of non-working time.
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HOUSEHOLD’S PROBLEM

W h (e0;Z0) = maxE0

∞

∑
t=0

β
t [etU

e(C e
t ,Nt) + (1− et)U

u(Cu
t ,0)−TUCt ] ,

s.t.

(1 + τ
C
t )(etC

e
t + (1− et)C

u
t ) + It +Tt = (1− τ

w
t )wtetNt + (1− et)Bt +RtKt ,

ut+1 = st (1−ut) + (1− ft)ut ,

Kt+1 = (1−δ )Kt + It .

Ue ,Uu: flow utility of employed and unemployed household members.
C e
t ,C

u
t : per capita market consumption.

Nt ,wt : market hours per employed and wage per hour.
Bt : government benefits per unemployed worker.
Kt , It : Capital stock, gross investment.
et ,ut ,st , ft : Stock of employed, unemployed, exogenous separation
rate, endogenous job finding rate.
TUCt : cost of taking up government benefits.
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VALUE OF AN ADDITIONAL EMPLOYED WORKER Jht

Jht
λt

=

(
1− τw

t

1 + τC
t

)
wtNt − zt + (1− st − ft)Et

(
βλt+1

λt

)
Jht+1

λt+1
.

zt : average opportunity cost of employment,

zt = [Bt −TUC term]︸ ︷︷ ︸
bt

+

(
Uu
t

λt
−Cu

t

)
−
(
Ue
t

λt
−C e

t

)
︸ ︷︷ ︸

ξt

.
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VALUE OF TIME IN THE OPPORTUNITY COST

zt = bt + ξt

ξt =
[Uu

t (Cu
t ,0)−λtC

u
t ]− [Ue

t (C e
t ,Nt)−λtC

e
t ]

λt
.

ξt gives the difference in the contribution of non-working time to
utility, converted into units of market consumption.

Separable example: Ut(Ct ,Nt) = u(Ct)−v(Nt), v(0) = 0:

ξt =
v(Nt)

λt
.
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INTUITION: WHY VALUE OF TIME IS PROCYCLICAL

Separable preferences: Ut(Ct ,Nt) = u(Ct)−v(Nt), v(0) = 0:

ξt =
v(Nt)

λt
.

Hours procyclical, λ countercyclical.

Compare to RBC first order condition:(
1 + τC

t

1− τw
t

)
v ′(Nt)

λt
= wt =

∂F (Kt ,etNt)

etNt
= xt .

RBC FOC equates MRS along intensive hours margin to wage.
Relevant object in search model is MRS along intensive margin.

In recession, value of market wage, which can be used to purchase
market consumption, rises relative to return to other time uses.

λt = λ and v(Nt) = v(N), or v(N) = 0,=⇒ ξ is constant.

42 / 67



z TIME SERIES

−0.08

−0.04

0.00

0.04

P
er

ce
nt

 D
ev

ia
tio

n 
F

ro
m

 T
re

nd

1960 1970 1980 1990 2000 2010

SEP CFE CD1 CD2

43 / 67



TAKEAWAYS

Source of wage rigidity has to be consistent with micro evidence.

Can’t generate wage rigidity from large and fixed opportunity cost.

Similar problem arises with Hall and Milgrom (AER 2008) alternating
offers bargaining and any other mechanism which depends on
household’s opportunity cost.
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ASIDE: MATCHING FUNCTIONS

Analytically convenient?

Realistic?

Properties?

m (u,v) = M
uv

(uρ + vρ )1/ρ
,

∂ lnm

∂ lnu
=

(uρ + vρ )1/ρ

v

∂

∂u

(
uv

(uρ + vρ )1/ρ

)

=
(uρ + vρ )1/ρ

v

(uρ + vρ )1/ρ v −uv
(
uρ−1 (uρ + vρ )1/ρ−1

)
(uρ + vρ )2/ρ


= 1− uρ

uρ + vρ

=
1

1 + θ−ρ

45 / 67



OUTLINE

1 OVERVIEW

2 MEASUREMENT AND BASIC FACTS

3 BASIC SEARCH MODEL

4 PISSARIDES (ECMA 2009)

5 RECENT EVIDENCE ON WAGE RIGIDITY

6 SUMMING UP



OVERVIEW

Does search model need a mechanism to generate wage rigidity, or
does it need to generate volatile unemployment despite wage
flexibility?

Relevant wage is of new hires, not ongoing matches.

Pissarides argues that wage of new hires is highly procyclical.

Introduces instead fixed cost of recruiting.
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DISCRETE TIME, LINEAR UTILITY SETUP

Length of period: ∆.

Discount rate: 1
1+r∆ = δ .

Value functions:

J = [p−w ]∆ +
1

1 + r∆
[1− s∆]E

[
J ′
]
,

V =−c∆ +
1

1 + r∆

{
q (θ)∆E

[
J ′
]

+ [1−q (θ)∆]E
[
V ′
]}
,

U = z∆ +
1

1 + r∆

{
f (θ)∆E

[
W ′]+ (1− f (θ)∆)E

[
U ′
]}
,

W = w∆ +
1

1 + r∆

{
[1− s∆]E

[
W ′]+ s∆E

[
U ′
]}
.
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CONTINUOUS TIME LIMIT, ∆→ 0, J

Note: E [x ′] = x + ∆dx
dt = x + ∆ẋ . Then:

Prev. slide: J = [p−w ]∆ +
1

1 + r∆
[1− s∆]E

[
J ′
]
,

Subst. expectation: = [p−w ]∆ +
1

1 + r∆
[1− s∆]

[
J + ∆J̇

]
,

Mult. by [1 + r∆]: J + r∆J = [1 + r∆][p−w ]∆ + [1− s∆]
[
J + ∆J̇

]
,

Simplify: [r + s]∆J = [1 + r∆][p−w ]∆ + [1− s∆]∆J̇,

Divide by ∆: [r + s]J = [1 + r∆][p−w ] + [1− s∆] J̇,

lim
∆→0

: [r + s]J = [p−w ] + J̇.
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CONTINUOUS TIME LIMIT, ∆→ 0

rJ = p−w − sJ + J̇,

rV =−c +q [J−V ] + V̇ ,

rU = z + f [W −U] + U̇,

rW = w − s [W −U] +Ẇ .

ASSET PRICING INTERPRETATION

Total return Dividend Capital gain

rJ Firm profit (p−w) Job disappears (−sJ) + appreciation (J̇)

rV Vacancy cost (−c) Filled vacancy (q [J−V ]) + appreciation (V̇ )

rU Leisure (z) Find job (f [W −U]) + appreciation (U̇)

rW Wage (w) Lose job (−s [W −U]) + appreciation (Ẇ )
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NEW AND CONTINUING JOBS

From now assume no aggregate shock steady state.

Approach is to take local elasticities around steady state.

New job (n) converts to continuing job (c) with probability λ :

[r + s]Jc = [pc −w c ], (1)

[r + s]Jn = [pn−wn] + λ [Jc −Jn] , (2)

rU = z + f [W n−U] , (3)

[r + s] [W c −U] = w c − rU, (4)

[r + s] [W n−U] = wn + λ [W c −W n]− rU, (5)

rV =−c +q[Jn−V ]. (6)

Nash bargaining holds for new hires, but not continuing workers.

50 / 67



JOB CREATION DECISION
Manipulate Bellmans:

(4)-(5): [r + s + λ ] [W c −W n] = [w c −wn] , (7)

(1)-(2): [r + s + λ ] [Jc −Jn] = [(pc −w c)− (pn−wn)] , (8)

(7)+(8): [r + s + λ ] [Sc −Sn] = [pc −pn] , (9)

(2)+(5): [r + s]Sn = pn + λ [Sc −Sn]− rU (10)

Use (9): = [pn− rU] +
λ

r + s + λ
[pc −pn] . (11)

Impose free entry and Nash bargaining:

c

q(θ)
= Jn = (1−β )Sn

=
[1−β ] [pn− rU]

r + s
+

[1−β ]λ [pc −pn]

[r + s + λ ] [r + s]

=
[1−β ] [pn− z ]−βcθ

r + s
+

[1−β ]λ [pc −pn]

[r + s + λ ] [r + s]
.

Last line: [1−β ] rU = [1−β ] [z+ f (W n−U)] = [1−β ] [z+ f βSn] =

[1−β ]
[
z+ f β

c
q(1−β)

]
= [1−β ]z+βcθ .
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IRRELEVANCY RESULT

c

q(θ)
=

[1−β ] [pn− z ]−βcθ

r + s
+

[1−β ]λ [pc −pn]

[r + s + λ ] [r + s]
.

Free entry condition uniquely determines labor market tightness θ

given parameters and exogenous variables c,pn,pc ,z ,β , r ,s,λ .

I Free entry condition identical to period-by-period Nash bargaining.

I If initial surplus is Nash-bargained, subsequent wage path is irrelevant.

I Intuition: worker and firm bargain over present value of wage
payments. Timing of payments irrelevant.

I Key is that initial Nash bargain is over total expected surplus.
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WAGE EQUATION

Substitute into worker surplus using previous slides:

[r + s]βSn = wn + λ [W c −W n]− rU,

β [pn− z ]− β 2

1−β
cθ +

βλ [pc −pn]

[r + s + λ ]
= wn + λ

w c −wn

r + s + λ
− z− β

1−β
cθ .

Solve:

wn = βpn + [1−β ]z + βcθ +
βλ [pc −pn]

r + s + λ
− λ [w c −wn]

r + s + λ

= wNash +
βλ

r + s + λ
[pc −pn]− λ

r + s + λ
[w c −wn].
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NEW HIRE WAGE CYCLICALITY

wn = wNash +
βλ

r + s + λ
[pc −pn]− λ

r + s + λ
[w c −wn].

New hire wage adjusted by difference between expected productivity
growth and expected wage growth as worker gains tenure.

Can reinterpret w c as new wage when economy stochastically jumps
from state n to state c .

If wages in existing matches are sticky, then given cyclicality in initial
wage generates more volatility in job creation.

Intuition: if wage is sticky, then a low initial wage in a weak labor
market persists. Cyclicality of present value of wages is amplified if
ongoing wage is sticky (Kudlyak JME 2014).

Pissarides finds an elasticity of new hire wage to marginal revenue of
as low as 0.6 is equivalent to an elasticity of 1 with period-by-period
Nash bargaining.
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MEASUREMENT PROBLEM

Model-theoretic relevant wage is payment for marginal hour/worker at
a particular job at a particular establishment.

Requires data on hourly pay, job title, and establishment.

Ideally requires present value of wages to recover user cost.
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GERTLER AND TRIGARI (JPE, 2009), GERTLER,
HUCKFELDT, TRIGARI (RESTUD,2020)

GT critique: cyclicality could come from heterogeneous match quality.

Example: banker who becomes barista in a recession has procyclical
earnings, but this cyclicality is irrelevant from perspective of bank or
coffee shop.

GHT use new hires out of unemployment to control for cyclicality of
match quality:

lnwi ,t = ψuut + αi + αi ,t + εi ,t ,

∆ᾱi ,t = I{EEi ,t}
[
ψ

EE
n + ψ

EE
nu ∆ut

]
+ I{ENEi ,t}ψENE

n ,

∆lnwi ,t = ψu∆ut + I{EEi ,t}
[
ψ

EE
n + ψ

EE
nu ∆ut

]
+ I{ENEi ,t}ψENE

n + ∆εi ,t .

Key assumption: unemployed workers draw from same distribution in
recession and boom.
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Table 2: Job changers (EE) vs. new hires from unemployment (ENE)

First differences Fixed-effects

(1) (2) (3) (4)

UR −0.426∗∗∗ −0.421∗∗∗ −0.145∗∗ −0.146∗∗

(0.0967) (0.0966) (0.0609) (0.0609)

UR · I(EE) −1.868∗∗∗ −1.667∗∗∗ −1.972∗∗∗ −1.933∗∗∗

(0.6793) (0.6218) (0.5027) (0.4724)

UR · I(ENE) −0.437 −0.547 −0.334 0.047
(0.6636) (0.7342) (0.5399) (0.5954)

I(EE) 0.045∗∗∗ 0.038∗∗∗ 0.004∗ 0.001
(0.0048) (0.0046) (0.0023) (0.0022)

I(ENE) −0.047∗∗∗ −0.065∗∗∗ −0.030∗∗∗ −0.034∗∗∗

(0.0066) (0.0074) (0.0029) (0.0034)

P (πEEnu = πENEnu ) 0.127 0.239 0.023 0.008

Unemp. spell for ENE 0+ 1+ 0+ 1+

No. observations 318,763 318,763 375,642 375,642

No. individuals 56,879 56,879 56,879 56,879

No. EE new hires 8,719 10,129 9,861 10,129

No. ENE new hires 5,333 3,923 6,439 4,860

* p < 0.10, ** p < 0.05, *** p < 0.01

Dependent variable: log hourly real wage. Controls for education, union coverage, marital
status, a quadratic in tenure, and a linear time trend. Robust standard errors in parenthesis,
clustered by individual.
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HAZEL AND TASKA, WP

Burning Glass online vacancy data with job titles, establishment
identifiers.

Subset (17%) of online vacancies include posted wage.

Wages for new hires rigid downwards but flexible upwards.

Data 2010-16, so limited business cycle variation if measure is
unemployment rate change.

Aside: unclear that wage growth should be related to the change
rather than the level of unemployment.
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Figure 1: Wage Growth for New Hires and Quarterly State Unemployment Changes
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Growth in Wage for New Hires

ContractionExpansion

Notes: the graph plots binned wage growth for new hires, from Burning Glass, and binned state by quarter unem-
ployment changes, from the Local Area Unemployment Statistics. To construct wage growth, we take the mean
wage within each job and quarter, and then take log differences at the job level. We use 50 bins, partial out time
fixed effects, and add a non-parametric regression line.

rises strongly. As state unemployment increases, wages do not fall. Figure 1 isolates job-level

wage growth for new hires. We remove variation from changing job composition, which might

obscure downward wage rigidity, in order to focus on changes in the wage faced by establish-

ments. We confirm the finding with regressions, and consider several robustness tests.

Third, we show that establishment wages—aggregating across jobs within the same estab-

lishment—rise when unemployment falls but do not fall when unemployment rises. So, a con-

straint at the job-level leads to downward rigidity in the wage faced by establishments, across

all the jobs into which they hire.

Fourth, wage flexibility upward is state dependent. When there has been a regional con-

traction in the recent past, then subsequently, the wage for new hires responds little as regional

unemployment falls. When there has been an regional expansion in the recent past, then sub-

sequently, the wage for new hires responds strongly as regional unemployment falls. This state

dependence is consistent with downward rigidity. Wages are “trapped too high” when there has

is relatively large.

4
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GRIGSBY, HURST, YILDIRMAZ, AER, 2021

Administrative data from payroll processor ADP over 2008-16.

Base wages are macro-relevant object because bonuses and overtime
acyclical.

Base wages of job-stayers are downwardly rigid.

New hires wages no more cyclical than job-stayers (composition
adjusted).
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BASES WAGES ARE MACRO-RELEVANT OBJECT
441GRIGSBY ET AL.: AGGREGATE NOMINAL WAGE ADJUSTMENTSVOL. 111 NO. 2

payments at any point during the calendar year. Excluding individual fixed effects, 
we find that the propensity to receive overtime is procyclical. A 1 percentage point 
increase in the unemployment rate is found to reduce the propensity to receive over-
time benefits by 0.6 percentage points for hourly workers. This is consistent with 
data from the US Bureau of Labor Statistics (BLS) on overtime hours within the 
manufacturing sector. The BLS records the average weekly overtime hours for pro-
duction and nonsupervisory employees in the manufacturing sector going back to 
1956. Regressing average weekly overtime hours from the BLS data during year ​t​ on 
the change in the aggregate unemployment rate between years ​t − 1​ and ​t​ from 1956 
to 2018 yields a coefficient on the change in unemployment rate of −0.34 (with a 
standard error of 0.02). In the online Appendix, we show the overtime receipt falls 
when unemployment increases in both the manufacturing and nonmanufacturing 
sectors when individual fixed effects are excluded.

Column 3 shows that the changing composition of the workforce over the busi-
ness cycle contributes significantly to the measured cyclicality of worker overtime. 
Once we condition on individual fixed effects, we find that the propensity to receive 
overtime is much less cyclical. With individual worker fixed effects, a 1 percentage 
point increase in the unemployment rate reduces the propensity to receive overtime 
benefits by only 0.27 percentage points. To put this number in perspective, over 
the whole sample period, 62.5 percent of hourly workers receive positive overtime 
hours during the year. As highlighted in the online Appendix, overtime hours remain 
procyclical in the manufacturing sector even after controlling for individual worker 

Table 2—Cyclicality of Various Forms of Compensation

Percent base 
wage change

Percent with 
overtime

Percent with 
overtime

Percent 
with bonus

Percent 
with bonus

(1) (2) (3) (4) (5)

Panel A. Compensation components
​Δ​ Unemployment rate (percent) −0.34 −0.60 −0.27 −0.33 −0.55

(0.02) (0.25) (0.10) (0.11) (0.11)
Workers included All Hourly Hourly All All
State and industry fixed effects Yes Yes Yes Yes Yes
Individual fixed effects No No Yes No Yes

Observations (1,000s) 619 415 415 673 673
Mean of dependent variable 3.82 62.5 62.5 49.2 49.2

Base 
earnings

Base 
earnings

Base 
earnings

Base plus 
overtime

Base plus 
bonus

Panel B. Annual percent change in compensation
​Δ​ Unemployment rate (percent) −0.41 −0.46 −0.39 −0.37 −0.37

(0.07) (0.07) (0.07) (0.07) (0.07)
Workers included All Salaried Hourly Hourly All
State and industry fixed effects Yes Yes Yes Yes Yes
Individual fixed effects No No No No No

Observations (1,000s) 321 104 217 217 320
Mean of dependent variable 3.83 4.29 3.63 3.69 4.37

Notes: Table reports coefficients estimated from equation (1) with OLS. Standard errors clustered at the state-year 
level are reported in parentheses. All regressions control for state, industry, and firm size fixed effects, as well as lin-
ear controls for tenure, age, and payment frequency and type. Independent variable is the change in the state unem-
ployment rate between period t − 12 and ​t​. Sample restricted to non-commission full-year job-stayers in panel A, 
and two-year job-stayers in panel B.
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DOWNWARD RIGIDITY

445GRIGSBY ET AL.: AGGREGATE NOMINAL WAGE ADJUSTMENTSVOL. 111 NO. 2

who receive a bonus, and only non-commission workers who do not receive a bonus. 
These findings suggest that base wage adjustments do not differ across workers who 
receive other types of compensation. Additionally, we show that the patterns of base 
wage adjustment are nearly identical for those workers who are paid hourly and who 
have substantive movements in monthly reported hours worked throughout the year. 
Even for workers whose hours appear allocative, there are essentially no nominal 

Figure 2. Twelve-Month Nominal Base Wage Change Distribution, Job-Stayers

Note: Figure shows the annual change in nominal base wages for workers in our employee sample (including 
commission workers) who remain employed on the same job for 12 consecutive months.
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JOB SWITCHERS WAGES ARE MORE CYCLICAL...460 THE AMERICAN ECONOMIC REVIEW FEBRUARY 2021

composition of workers moving into or out of given jobs may change through the 
cycle. Indeed, simply controlling for observable characteristics of workers who 
switch jobs in these regressions does not fully control for the set of jobs to which the 
workers move. This idea has been well established in the literature by, for instance, 
Solon, Barsky, and Parker (1994); Solon, Whatley, and Stevens (1997); Grigsby 
(2019); and Gertler, Huckfeldt, and Trigari (2016) who show that much of the cycli-
cality of new hire wages may be explained by procyclical match quality.

To sweep out some selection in the jobs workers move to over the course of 
a cycle, column 2 adds destination firm fixed effects to the regression. Doing so 
reduces the coefficient on unemployment rate changes for job-stayers’ wages to 
0.22, but does not meaningfully change the excess cyclicality for job-switchers. 
The fact that the cyclicality of wages for job-switchers increases slightly suggests 
that workers disproportionately move to firms with above-average wage growth in 
recessions. Next, column 3 includes a full suite of interacted control variables: that 
is, fixed effects for the cross-product of age group, wage percentile, sex, and desti-
nation firm. In this regression, the cyclicality of job-stayer wages increases to 0.35, 
but excess cyclicality falls to 0.69, suggesting that the movement of particular types 
of worker to different types of firm is part of the reason why job-changers’ wages 
are more cyclical.

Finally, column 4 additionally controls for the employment tenure of workers in 
period ​t​; that is, the workers’ tenure in the last month of employment at their source 
firm.26 Doing so reveals that job-stayers’ wage growth is as cyclical as we have 

26 Some workers have missing tenure information. To avoid making the assumption that tenure information is 
missing at random, we assign these workers a tenure of 0, and control for a dummy variable equal to 1 if the worker 
is missing tenure information. We further interact this dummy variable with a switcher flag and year fixed effects to 
account for shifting biases arising from improved data quality over time.

Table 6—Cyclicality of New Hire Wages

(1) (2) (3) (4)

​Δ ​U​ st​​​ (percentage points) −0.33 −0.22 −0.35 −0.35
(0.03) (0.02) (0.03) (0.03)

​Δ ​U​ st​​​ ​×​ Switcher −0.77 −0.80 −0.69 −0.18
(0.24) (0.21) (0.12) (0.17)

State fixed effects Yes Yes Yes Yes
Demographic and wage percentile controls Yes Yes Yes Yes
Firm fixed effects No Yes Yes Yes
Interacted controls No No Yes Yes
Tenure control No No No Yes

Observations (thousands) 12,514 12,514 12,514 12,514

Notes: Table reports cyclicality of wage growth for job-stayers and job-changers, estimated from equation (3). The 
dependent variable in columns 1–5 is the percentage base wage growth between month ​t​ and month ​t + 12,​ while 
the independent variable is the change, in percentage points, in state unemployment rates between ​t​ and ​t + 12​. 
All columns include controls for demographics, namely fixed effects for 5-year age bins and worker sex, and the 
worker’s percentile in the national base wage distribution as of month ​t​. Columns 2–4 additionally include firm fixed 
effects, while columns 3–4 include fully interacted controls for firm, demographics, and wage percentile. Column 4 
additionally controls for worker tenure in period ​t​. Standard errors, clustered at the month level, are reported in 
parentheses.
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BUT DUE TO COMPOSITION

463GRIGSBY ET AL.: AGGREGATE NOMINAL WAGE ADJUSTMENTSVOL. 111 NO. 2

the base wage of job-stayers is a sufficient statistic for rigidity in a firm’s marginal 
cost of labor, which is the relevant notion of a wage in many models. This is one of 
the key results of the paper.

It is important to note that, by conditioning on wages a year prior to the job move, 
this matching exercise focuses on lateral employment moves. If moves up or down 

Figure 9. Matching Estimator: Gap between Job-Changer Wage Growth and Wage Growth  
of Similar Job-Stayer in Destination Firm

Notes: Panel A shows the average gap between the wage growth of job-changers and a matched job-stayer. Matched 
job-stayers have the same destination firm, initial wage ventile, sex, and 5-year age bin. We limit attention to 
job-changers who stay in the same state and 2-digit NAICS industry. The black squares show the gap in the reces-
sion (2008–2010) period, while the gray circles present the patterns for the recovery (2012–2016). Hollow markers 
represent statistically significant differences between recession and recovery periods at the 5 percent level. Panel B 
plots the distribution of job-changers by initial wage ventile.
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OTHER INFORMATIVE MOMENTS

Rather than looking at wage cyclicality, can also examine conditional
response of wages or unemployment, for example to UI.

If wages and match surplus are sensitive to opportunity cost, then UI
extensions should have large effect.

Empirical evidence:
I Hagedorn, Karahan, Manovskii, Mitman (2013), Hagadorn, Manovskii,

Mitman (2016): UI has large effect on unemployment.

I HKMM/HMM approach challenged by Hall (2013), Amaral and Ice
(2014), Dieterle, Bartalotti, Brummet (2016), Boone, Dube, Goodman,
Kaplan (2016).

I Chodorow-Reich, Coglianese and Karabarbounis (QJE, 2019), Boone,
Dube, Goodman, Kaplan (WP) find much smaller effects.

Jäger, Schoefer, Young, Zweimüller (QJE, 2020): wages do not
respond to benefit increases in Austrian data.

Doesn’t reject wage cyclicality. Does discipline possible sources of
rigidity.
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IF WAGES ARE RIGID, THEN WHY?

Hall (AER 2005): any wage remaining in bargaining set satisfies
bilateral efficiency and is valid outcome. So assume rigid wages, for
example due to social norms.

Hagedorn and Manovskii (AER 2008): high value of leisure. Runs
into CRK critique.

Hall and Milgrom (AER 2008): alternating offer wage bargaining
protocol. Runs into CRK critique.

Problem: very little systematic evidence on wage determination
process. Bargaining? Wage posting? Other?

66 / 67



IF WAGES ARE FLEXIBLE, THEN WHAT?

Fixed cost of recruitment: J = c
q(θ) +H. Fixed cost H reduces

sensitivity of hiring cost to labor market tightness, allowing vacancies
to rise more in response to positive shock (Pissarides, ECMA 2009).

Countercyclical r : Hiring cost = p−w
r+s . Even if p−w is acyclical due

to wage procyclicality, higher discount rate reduces job value (Hall,
AER 2017; Nadeu and Wasmer, AEJ:Macro 2013; Schoefer, WP;
Kehoe, Lopez, Midrigan, Pastorino, WP).

Reintroduce separation rate shocks (Mortensen and Nagypal, RED
2007; Coles and Kelishomi, AEJ: Macro 2018)).
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