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Abstract

We use matched employer-employee data to consider the impact of the recent slowdown in the

job ladder on wage and earnings growth in the U.S. from 1996 to 2015. We develop an accounting

method that measures how earnings changes experienced by workers moving onto and up the job

ladder contribute to aggregate growth in earnings. While the higher rate of workers changing em-

ployers during expansions tends to increase overall earnings growth,nonemployment transitions

offset most of the gains. As a result, the relatively high growth seen in the late 1990s and 2015

is largely driven by the earnings pattern of job stayers. We further investigate the contribution

of employer-to-employer transitions and find large “match effects” lead to greater gains in hours

than wages.
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Benjamin Schoefer, James Spletzer, Stephen Tibbets, Lars Vilhuber, Alexandria Zhang, and participants in the 2016 NBER Summer Institute CRIW

workshop, Fall 2016 Midwest Macro Conference, 2017 AmericanEconomic Association Conference, 2017 LEHD Summer Workshop, and U.S. Census

Bureau Center for Economic Studies seminar for helpful commentsand suggestions. Opinions and conclusions expressed in this paper are those of the

authors alone and do not necessarily represent the views of the U.S. Census Bureau. All results have been reviewed to ensure no confidential data are

disclosed.
†Center for Economic Studies, U.S. Census Bureau. E-mail: joyce.key.hahn@census.gov
‡Center for Economic Studies, U.S. Census Bureau. E-mail: henry.r.hyatt@census.gov
§Center for Economic Studies, U.S. Census Bureau. E-mail: hubert.p.janicki@census.gov



1 Introduction

Aggregate wage and earnings growth in the U.S. has been sluggish since the late 1990s, only showing

signs of a recovery in 2015. A number of papers have proposed that historic lows in the rate at which

workers change employers explain this stagnation, potentially by inhibiting movement to higher pay-

ing jobs. While a slowdown of workers moving along this job ladder may impact earnings through

a variety of mechanisms, the main evidence provided in support of these arguments has been a high

degree of correlation between wage growth and measures of employment transitions.1

In this paper, we develop an accounting framework that measures how earnings changes expe-

rienced by workers moving onto and up the job ladder contribute to the aggregate. We apply this

accounting method to universe-level matched employer-employee data and decompose overall earn-

ings growth into components based on type of labor reallocation as well as by changes in hours and

wages. The primary goal of this paper is to determine the extent to which the recent slowdown in

the job ladder explains the lack of wage and earnings growth observed in the U.S. between 2000 and

2014.2 To further investigate increases workers exhibit when changing jobs, we estimate the quality

of employer-employer matches and assess how aggregate earnings, hours, and wages evolve across

labor market conditions.

Our empirical analysis reveals several striking findings. Direct gains from employer-to-employer

transitions have a limited ability to explain sluggish earnings growth in the U.S.3 We find workers

who change jobs experience substantial increases in earnings, hours, and wages. However, they do

so consistently throughout our time series, regardless of whether they transition during a period of

relatively high growth or not. Sustained earnings growth observed in the U.S. during the late 1990s

and 2015 is instead driven by job stayers. We attribute the gains made by employer-to-employer

transitions to time-invariant match effects. Moreover, while much of the literature has focused on

1Potential mechanisms include the relationship between labor reallocation and productivity-enhancing growth (Halti-
wanger, Hyatt, and McEntarfer 2017), efficiency wages to prevent labor turnover (Salop 1979), and the role of rejected
offers when workers can seek bids through counter-offers (Postel-Vinay and Robin, 2002). For evidence on the correla-
tion between wage growth and labor reallocation rates, see Faberman and Justiniano (2015), Hyatt and McElroy (2017),
Karahan et al. (2017), and Moscarini and Postel-Vinay (2017). While these papers suggest labor reallocation rates drive
wage growth, both series are procyclical and may be driven bylabor market or other economic conditions. Alternatively,
some papers have explored the possibility that earnings or wage changes could drive employer-to-employer transitions.
For example, Hyatt et al. (2016), Hyatt and Spletzer (2016),and Molloy, Smith, and Wozinak (2017) consider changes
over time in returns to tenure and changing jobs, exploring the possibility that lower returns to transitioning may account
for lower employer-to-employer transitions.

2Barlevy (2002) proposed the reduced likelihood of moving toimproved job matches during recessions might lower
average match quality and recent evidence in Cairo, Hyatt, and Zhao (2016), Haltiwanger et al. (2017), and Crane,
Hyatt, and Murray (2017) show employment share at the low endof the job ladder where workers receive lower earnings
increases during and after recessions.

3See Moscarini and Postel-Vinay (2017) for a review of the jobladder literature.
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how wages adjust across the business cycle, we find hours growth has an equally important role in

accounting for how earnings evolve over time.

We begin our paper by introducing a new method of accounting for growth in earnings, hours,

and wages. Following Topel and Ward (1992), we compare outcomes before and after employer-to-

employer transitions to measure increases associated withjob changes and distinguish these gains

from those of employees who work for the same employer. While Topel and Ward (1992) only apply

their accounting method to a set of continuously employed workers, we propose an extension of their

method that follows Daly and Hobijn (2016) and account for entry from and exit to nonemployment.

Decomposing aggregate earnings growth in this way reveals that the pace of worker movements

along the job ladder does not drive the overall earnings level in the economy. While employer-to-

employer transitions add about 1.4% during times of economic expansions and recessions, this is

effectively canceled by nonemployment transitions which substract roughly 1.4% in the average quar-

ter.4 By contrast, job stayers contribute little throughout the time series but their earnings increases

account for far more of both cyclical earnings growth and aggregate earnings gains in the late 1990s

and 2015. These findings suggest appeals to Topel and Ward (1992) regarding the importance of

employer-to-employer transitions for individual earnings gains should be used with caution when at-

tempting to understand changes in aggregate earnings. Earnings stagnation in the U.S. between 2000

and 2014 may be predominantly caused by the contribution of declining labor reallocation rates, but

only indirectly so.5

Our accounting method also shows the cyclical job ladder moves workers from jobs that offer

low hours to those that provide more hours. Most of the earnings gains associated with employer-

to-employer transitions are due to changes in hours rather than wages. This evidence supports the

existence of a cyclical hours job ladder as workers leave low-hours jobs for ones that offer greater

hours much more frequently than the reverse. Our finding echoAltonji and Paxson (1986) and more

recently Chetty et al. (2011), who highlight how frictions within job matches restrict the feasible

choice of hours.

To better capture worker earnings growth associated with movements onto and up the job ladder,

we model earnings as a function of aggregate labor market conditions using a linear regression. This

specification was first employed by Bils (1985) to emphasize how new hires wages adjust to changes in

unemployment, relative to job stayer wages. More recently,Gertler and Trigari (2009) use survey data

to measure this excess responsiveness of new hire wages and find suggestive evidence that it is driven

4The net difference rarely exceeds 0.2%.
5For example, through rejected offers or employers offeringefficiency wages to reduce employee turnover.
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by persistent worker-firm match effects.6 Using our linked employer-employee dataset, we confirm

their finding for both new hires from other employers and new hires from nonemployment.7 We

also disentangle whether cyclical earnings changes are predominantly driven by increases in hours or

gains in wages and find stronger evidence of hours adjustmentamong new hires than wage adjustment

among firms.

We then combine our decomposition with our regression estimates to distinguish between transi-

tory and persistent factors affecting aggregate earnings growth. We find match effects associated with

employer-to-employer transitions and hires from nonemployment are critical in accounting for the

contribution of the job ladder. Match effects persist throughout the spell of the employer-employee

match but vary in the aggregate across the business cycle dueto changes in the types of employment

spells that are active. In particular, we note match effectsare lower for job spells that began during the

time period following the Great Recession when employer-to-employer transitions dropped to historic

lows. We also explore the role of the unemployment rate and other observable parameters and find

they only account for a small fraction of changes in aggregate outcomes. For job stayers, we show

their substantial increases in earnings are captured by themodel’s estimated residual. This finding

provides rich motivation for future quantitative work thatcan provide a more structural framework of

the mechanisms that underlie the earnings changes of job stayers.

The remainder of the paper proceeds as follows. In Section 2,we describe the matched employer-

employee data and how we prepare that data for analysis. In Section 3, we document how earnings,

hours, and wages evolve in the U.S. over the years 1996-2015,distinguishing between components

attributable to job stayers, employer-to-employer transitions, and entry from and exit to nonemploy-

ment. In Section 4, we present evidence from a regression framework that includes job-level match

effects. In Section 5, we incorporate the fitted values from our regression estimates into our decompo-

sition to explore the separate roles of match quality, observable characteristics, and the unemployment

rate. A brief conclusion follows in Section 6.
6A couple of recent contributions also highlight the role of match effects. A paper by Hagedorn and Manovskii (2013)

documents an empirical relationship between wages and cumulative labor market tightness over the life of a particular
employer-employee match. The authors conclude that since workers move from worse to better matches more quickly in
better labor markets, much of the measured cyclical relationship between unemployment and wages is driven by match
quality. A similar argument is made by Gertler, Huckfeldt, and Trigari (2016), who find employer-to-employer transitions,
rather than hires from nonemployment, account for the excess cyclicality in new hire wages. While we find different results
regarding the role of nonemployment hires in wage cyclicality, the authors’ proposal that cyclical match effects lead to
much of the apparent excess cyclicality of new hire wages is certainly confirmed here.

7Procyclical increases in estimated match effects likely combine two mechanisms, movement of workers to better
quality job matches as well as otherwise similar jobs that offer greater compensation. In practice, we are not able to
distinguish between the two. Martins, Solon, and Thomas (2012) demonstrate entry-level wages respond to the business
cycle, which suggests these responses reflect compensationchanges apart from changes in job quality.
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2 Data

The data come from the infrastructure files maintained by theU.S. Census Bureau’s Longitudinal

Employer-Household Dynamics (LEHD) program and are described in Abowd et al. (2009). They

consist of total quarterly earnings reported by employers to states, who in turn provide these data to

the U.S. Census Bureau as part of the Local Employment Dynamicsfederal-state partnership.

Development of the LEHD data has allowed for the integrationof job-to-job flows and their asso-

ciated earnings, as defined in Hyatt et al. (2017). A job is included in the job-to-job flows universe if

an individual received wage and salary compensation for that job for at least two consecutive quarters

and the sum of earnings in those quarters is greater than the sum of earnings received for any other job

held during the same two quarters.8 Instances when a worker changes the employer that is dominant

among consecutive quarter jobs by leaving a job with one employer and starting a job with another em-

ployer in the same quarter are called employer-to-employertransitions. These employer-to-employer

transitions exclude spurious identifier changes identifiedusing the methodology outlined in Benedetto

et al. (2007) and Abowd et al. (2009). We also identify workers who transition into and out of nonem-

ployment and call them employment-to-nonemployment and nonemployment-to-employment flows,

respectively.9

2.1 Data on Earnings, Hours, and Wages

As mentioned above, the LEHD infrastructure files include data on total quarterly earnings reported

by employers. However, they do not include the total number of hours worked. As a result, we

cannot calculate worker wages directly.10 Moreover, we do not know if total quarterly earnings were

received for work completed during the entire quarter, or simply a portion of it. To associate earnings

with a job, we therefore rely on a “full quarter” earnings concept that underlies the published LEHD

data; see Abowd et al. (2009), Hahn et al. (2017), and Hyatt etal. (2017) When jobs span three

consecutive quarters, we assume employees worked the entire middle quarter and the total earnings

from that quarter are their quarterly earnings rate. We refer to this quarterly earnings rate as “full

8Such jobs are somtimes called “dominant among consecutive quarter jobs”.
9Note this means, relative to the definitions in Hyatt et al. (2017), our employer-to-employer transitions only include

those that are “within-quarter” where workers receive earnings from both the old and new dominant employer in the
quarter of transition. Transitions where employees separate from jobs with one employer and start jobs with another
employer in the subsequent quarter, called “adjacent-quarter” job-to-job transitions, are categorized as flows into and
from nonemployment since they generally include a short spell of nonemployment. However, the findings reported here
are not sensitive to whether adjacent-quarter flows are categorized as employer-to-employer transitions or transitions into
and from nonemployment.

10See Kurmann and McEntarfer (2017).
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quarter earnings.”

While LEHD full quarter earnings are obtained when jobs span at least three quarters, job-to-job

transitions as in Hyatt et al. (2017) are determined based ondominant among consecutive quarter jobs

which span at least two quarters. While there is mostly overlap, there are instances when the latter

does not have the former. Earnings are therefore attached tojob-to-job flows in the following manner.

For jobs that span two quarters, earnings are deemed missing. For jobs that span three quarters, we

use earnings from the middle quarter. For jobs that span fourquarters, we average earnings from the

middle two quarters. For jobs that span more than four quarters, we average the pair of full quarter

earnings closest to the quarter of interest.

This corresponds to the full quarter earnings definitions for job-to-job flows specified in Hyatt

et al. (2017) and can additionally be applied to job stayers as well as transitions into and from

nonemployment. Formal definitions are presented in Appendix A, but an overview is as follows.

If the maximal source of earnings for workeri comes from employerj at timet, then we saydi jt = 1,

otherwisedi jt = 0. We define transition types by comparing the dominant employer at timet, di jt ,

with the dominant employer at timet −1, di jt−1. If di jt−1 = di jt = 1, then workeri is a job stayer and

sit = 1. If worker i has two distinct employersj andk (i.e., j 6= k) such thatdi jt−1 = 1 anddikt = 1,

then that worker made an employer-to-employer transition (usually a voluntary quit) from employer

j to employerk andqit = 1. Some workers are employed at timet but not at timet −1 and sodikt = 1

for somek butdi jt−1 = 0∀ j. Such nonemployment-to-employment transitions are denoted bynit = 1.

Likewise, some workers are employed at timet −1 but not at timet. For such workers transitioning

from employment to nonemployment,di jt−1 = 1 for somej but dikt = 0 ∀k andrit = 1.

We also explore the contribution of hours and wage changes toearnings growth. Since most of

the states in our sample do not have hours data for the entire time period, we rely on an imputation

of hours to obtain an hours time series for the years 1996-2015.11 We use data from four LEHD

states that collect employer-reported data on employee hours to construct our imputation model.12

Note that employers reporthours paid rather thanhours worked so the cyclicality of hours may not

line up exactly with measures from household surveys such asthe Current Population Survey. For a

comparison of our data series to other available data on earnings, hours, and wages, see Appendix C.

11For details of our imputation of hours, see Appendix B.
12These states are Minnesota, Oregon, Rhode Island, and Washington.
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2.2 Analysis Datasets

We use two datasets for our analysis.13 The first uses a one percent sample of a set of four states

that have data on worker hours, whenever available, from 1996 to 2015.14 While this dataset does

not rely on imputation, it is an unbalanced panel of states that over-represents more recent years due

to data availability. The second dataset uses a one percent sample of a set of eleven states that have

data available consistently from 1996 to 2015.15 Although hours are mostly imputed for this dataset,

it possible to present time series evidence for this set of states. All figures in this paper therefore use

the eleven state dataset. It is possible that labor force composition effects bias the results for the four

states relative to the country as a whole or the business cycle. This is not an issue with results for

the eleven states as our hours imputation relies on a missingconditionally at random assumption that

essentially reweights the observed data by the likely hoursassociated with workers who have a given

set of observable characteristics.

In what follows, we present evidence from both datasets whenever possible. Comparison of point

estimates from both data sources should provide a range of estimates on the cyclicality of earnings,

hours, and wage growth in the presence of uncertainty from labor market composition and imputation.

3 The Evolution of Average Earnings, Hours, and Wages

We now turn to the evolution of earnings, hours, and wages in aggregate. Here, we propose and imple-

ment a method of accounting for each of these that distinguishes changes associated with job stayers

from changes associated with employer-to-employer transitioners and nonemployment entrants and

exiters.

3.1 Accounting Method

Consider the evolution of an average of individual worker earnings, hours, and wages, generically

denoted byyit related to dominant employers from timet − 1 to time t. Recall that by comparing

dominant employer statusdi jt−1 at timet −1 anddikt at timet, workers are in one of four categories

cit ∈ {sit ,qit ,rit ,nit}, which denote binary indicator variables wheresit indicates a job stayer who

remains employed by the same employer,qit indicates a worker who has an employer-to-employer

13Basic summary statistics are available in Appendix Table D1.
14The data use agreement under which this research was conducted places restrictions on the release of state-specific

results, so results for our four states with hours data are always pooled overall states, and only regression output is shown.
15These states are California, Colorado, Idaho, Illinois, Kansas, Maryland, Montana, North Carolina, Oregon, Wash-

ington, and Wisconsin.
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transition between timest −1 andt, rit indicates a worker has left employment for nonemployment,

andnit indicates a previously nonemployed worker entered employment. Since an average equals

the weighted sum of its components’ averages, we can expressthe change in the average of our

variables of interest from timet −1 to timet, ∆ȳt = ȳt − ȳt−1, in terms of the share of employment

for each type and its average for timest −1 andt..16 Let the total number of job stayers, employer-

to-employer transitions, separations to nonemployment, and entrants from nonemployment beSt ,

Qt , Rt , andNt , respectively. Then the number of workers employed isDt−1 = St + Qt + Rt at time

t −1 andDt = St + Qt + Nt at timet. All changes in employment are consequently due to net entry

from nonemployment. IfNt > Rt , then entrants from nonemployment outnumber separators and

employment increases. Likewise, ifNt < Rt , employment decreases. Given this notation, we can

express the change in average as:

∆ȳt =
Σisityit +Σiqityit +Σinityit

Dt
︸ ︷︷ ︸

earnings at timet

−
Σisityit−1−Σiqityit−1−Σirityit−1

Dt−1
︸ ︷︷ ︸

earnings at timet−1

(1)

Separating counts by transition type gives us:

∆ȳt =
St

Dt

Σisityit

St
+

Jt

Dt

Σiqityit

Qt
+

Nt

Dt

Σinityit

Nt
−

St

Dt−1

Σisityit−1

St
−

Jt

Dt−1

Σiqityit−1

Qt
−

Rt

Dt−1

Σirityit−1

Rt

Since job stayers and workers undergoing employer-to-employer transition are employed in timet−1

and timet, we can regroup terms by separating their relative contribution to the change in the average

from the relative change in their shares. This allows us to consider growth in our variables of interest

due to factors other than changes in labor market composition. We call the change in the category

average the “intensive margin” and the change in the category share the “extensive margin.” We then

have:

∆ȳt =

St
Dt

+ St
Dt−1

2
Σisit∆yit

St
+

Qt
Dt

+ Qt
Dt−1

2
Σiqit∆yit

Qt
︸ ︷︷ ︸

intensive margin

+

(
St

Dt
−

St

Dt−1

)
Σisit(yit + yit−1)

2St
+

(
Qt

Dt
−

Qt

Dt−1

)
Σiqit(yit + yit−1)

2Qt
+

Nt

Dt

Σinityit

Nt
−

Rt

Dt−1

Σirityit−1

Rt
︸ ︷︷ ︸

extensive margin

.

16We examine the change in log earnings. Since log earnings areapproximately equal to percentage changes, this aids
in the interpretation of these results. A log transformation reduces the influence of very high earners and describes changes
closer to changes in median earnings. Define change in wages and hours analogously.
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We can now express the change in the aggregate as the sum of thecontribution associated with job

stayers, the contribution associated with employer-to-employer transitions, and the sum of the move-

ments into and out of nonemployment plus the change in sharesfor job stayers and employer-to-

employer transitions, such that:

∆ȳt =

St
Dt

+ St
Dt−1

2
Σisit∆yit

St
︸ ︷︷ ︸

job stayers

+

Qt
Dt

+ Qt
Dt−1

2
Σiqit∆yit

Qt
︸ ︷︷ ︸

emp.-to-emp.

+
Nt

Dt

(
Σinityit−1

Nt
− ỹt

)

−
Rt

Dt

(
Σirityit−1

Rt
− ỹt

)

︸ ︷︷ ︸

nonemp.-to-emp. and emp.-to-nonemp.

(2)

where ˜yt is the weighted average for job stayers and workers undergoing an employer-to-employer

transition, i.e.

ỹt =
St

St +Qt

(
Σisit(yit + yit−1)

2St

)

+
Qt

St +Qt

(
Σiqit(yit + yit−1)

2Qt

)

.

The formulation for the growth in ¯yt in equation (2) makes an intuitive distinction between the respec-

tive contributions of job stayers, workers undergoing employer-to-employer transitions, and workers

transitioning into and out of nonemployment. Essentially,each component contributes a weighted

average. For job stayers, the change in the average is multiplied by the average share of job stayers.

Similarly, for employer-to-employer transitions, the change in the average is multiplied by its average

share. Nonemployment transitioners move from having no earnings and not contributing to the aver-

age to having earnings and contributing to the average, or vice versa. Their impact is therefore related

to how different they are from workers who are continuously employed in timest andt +1. The fre-

quency of entry from or exit to nonemployment scale the difference to arrive at the total contribution

to growth inȳt .

3.2 Job Stayers, Employer-to-Employer Transitions, and Nonemployment

We now examine the evolution of earnings, hours, and wages experienced by workers moving onto

and up the job ladder. Using the accounting method detailed in the previous section, we decom-

pose overall growth into contributions made by job stayers,employer-to-employer transitions, and

nonemployment transitions, each weighted by their averageshare as defined in equation (2). Figure 1

displays our results.17

17Of the series displayed in Figure 1, the overall earnings growth and job stayers series demonstrate significant noise,
especially when compared to the employer-to-employer flowsand net employment margin series. This volatility is seem-
ingly absent in series showing average compensation and earnings in the U.S. However, such a comparison is misleading
as the former is a log series while the latter are typically levels series. Moreover, both are usually seasonally adjusted.
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We first consider overall growth in earnings, shown by the solid line in Panel 1(a). During the late

1990s, aggregate earnings increased by 0.3% to 0.9% in most quarters. The U.S. then entered a period

of sluggish earnings growth, with gains slowing to just above zero at the start of the 2001 recession

and remaining there until the Great Recession when they further fell to -0.6%. Signs of a recovery

first appeared in 2015 when quarterly increases reached 0.9%.

Our key finding is that earnings gains associated with employer-to-employer transitions only have

a limited ability to explain earnings growth in the aggregate. To see this in Panel 1(a), we note

that employer-to-employer transitioners (the dash dot line) experience proportionately higher earn-

ings changes, generally in the high single digits or low double digits, that consistently add 0.7% to

1.8% to overall earnings growth each quarter.18 At the same time, the net contribution of entrants

from and exiters to nonemployment (the dash line) is negative: workers entering employment from

nonemployment start with very low earnings relative to incumbents that exit to nonemployment.19

This “extensive margin” considerably reduces aggregate earnings gains by 0.5% to 1.8% each quar-

ter, especially during the expansion years of the late 1990swhen employment growth was the most

rapid. On average, the contributions of employer-to-employer transitions and nonemployment transi-

tions are both 1.4% in absolute magnitude, but the former is positive while the latter is negative. Since

the cyclical properties of both series mirror each other, their contributions largely cancel each other at

any point in the time series.

We therefore conclude earnings gains associated with job stayers (the dotted line) account for

most of the growth in aggregate earnings in the late 1990s and2015, despite making a much smaller

contribution than employer-to-employer transitions. Moreover, the two series only differ from each

other when gains associated with workers changing employers and the net employment margin vary in

size. These differences are greatest during the Great Recession when earnings changes associated with

nonemployment transitions declined by 0.2% more in magnitude than those associated with employer-

to-employer transitions increased.20 Smaller differences are present late in expansions when gains by

employer-to-employer transitions exceed those of entrants from and exiters to nonemployment. At

those times, overall earnings growth slightly exceeds thatof job stayers.

This finding expands upon Daly and Hobijn (2016), who show theextensive margin of nonem-

ployment entry offsets much of the real earnings growth attributed to the “continuously employed”

18Note that the employer-to-employer contribution quantifies the earnings change and frequency of transitions. Less
than ten percent of workers undergo employer-to-employer transitions.

19See Daly and Hobijn (2016). Recall the number of entrants exceeds the number of exiters because the number of
employed is increasing.

20This differs from the 2001 recession even though the contribution of employer-to-employer transitions is roughly the
same during both recessions because the contribution of nonemployment transitions is greater in magnitude during the
Great Recession than the 2001 recession.
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during economic downturns. We confirm the importance of the extensive margin but find entry from

and exit to nonemployment does not offset the contribution of job stayers and employer-to-employer

transitions. Instead, the extensive margin only tends to largely offset the contribution of employer-

to-employer transitions. The difference in results may be explained by the fact that Daly and Hobijn

(2016) classify continuously employed workers in a manner that is more consistent with our definition

of employer-to-employer transitions. As a result, employer-to-employer transitions in our employer-

employee match data have a much smaller employment share relative to job stayers than Daly and

Hobijn (2016) find in survey data. Moreover, they observe similar earnings increases for job stay-

ers and employer-to-employer transitions, whereas we find the latter experience larger earnings gains

than the former. By properly accounting for job stayers, we show average earnings growth tends to

be driven more by job stayers than workers changing employers.

We next explore the hours and wage components of earnings in Panels 1(b) and 1(c). Panel 1(b)

looks at hours growth, overall and broken down into its components, while Panel 1(c) shows overall

wage growth and the contributions of its components. Aggregate hours growth moves in a similar

manner as changes in overall earnings but is more muted. In particular, we find hours changes ranged

in value from -0.1% to 0.3% during the 1990s and were subsequently minor until the Great Recession

when their growth rates declined 0.3%. The economic recovery following the Great Recession was

met with small increases in hours until 2015 when hours grew at 0.7%. Meanwhile, aggregate wage

growth generally tracks the pattern observed for overall earnings growth but somewhat diverges from

it after the Great Recession. While aggregate earnings growthfirst turns positive in 2012 and then

substantially increases in magnitude in 2015, overall wagegrowth is not positive until 2015.

Comparing hours and wages in Panels 1(b) and 1(c), we find the contribution of hours exceeds

that of wages when accounting for the earnings growth of individuals changing employers. While

employer-to-employer transitions add to gains in both aggregate hours and wages, their contribution

to overall hours is substantially larger than their contribution to overall wages. Hours for these work-

ers consistently increase by 0.5% to 1.4% per quarter, compared to 0.1% to 0.5% per quarter for

wages. This result suggests workers changing employers areassociated with larger gains in hours

than wages, meaning earnings growth for these workers may bebetter explained by moves to jobs

with greater hours than those with higher wages. It also implies the existence of a job ladder in hours

that transitions workers from jobs with limited hours to jobs with more hours. While a discussion

of the mechanisms responsible for an active job ladder in hours is beyond the scope of this paper,

our finding does imply the existence of search frictions or adjustment costs that make hours changes
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Figure 1: Average Change and Contribution by Component

(a) Log Earnings

(b) Log Hours

(c) Log Wages

Notes: All series are log series that have been seasonally-adjusted and Henderson-filtered using x12. Earnings and

wages series are presented in log 2014 constant dollars. Shaded areas indicate recessions. Overall indicates the total

change. Stayers indicates the component attributable to the change for job stayers multiplied by the average share of

job stayers. Emp. to Emp. indicates the component attributable to the change for employer-to-employer transitions

multiplied by the average share of employer-to-employer transitions. EN & NE indicates the sum of the component

attributable to the difference between entrants and exiters multiplied by the average share of entrants and exiters and

the change in share of employment where data are observable multipled by the average for that quarter.
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within a job more costly for a worker than moving to a job with apreferred hours schedule.21 We

also find that despite the gains that overall hours growth offers to aggregate earnings growth, it does

not always offset wage losses. Following the Great Recessionin 2010-2011, small increases in hours

observed did not make up for the declines in wage losses and aggregate earnings did not change.

We also find evidence of a job ladder in hours for nonemployment transitions. Entrants from and

exiters to nonemployment consistently have a negative contribution to growth in both aggregate hours

and wages, confirming entrants from nonemployment have lower hours and wages than those entering

nonemployment. While this contribution has a comparable pattern to that of its earnings counterpart,

it does not similarly offset the contribution of employer-to-employer transitions to either aggregate

hours or wage growth. For wages, the average difference between contributions is approximately

0.3%, with the largest differences observed after recessions. One reason for this could be more muted

increases in wages for employer-to-employer transitions during such periods, which effectively means

wage losses from nonemployment transitions bring down growth in overall wages. This countercycli-

cal dampening effect is consistent with the extensive margin wage accounting exercise of Daly and

Hobijn (2016). Our results are similar but somewhat less cyclical.22 Daly and Hobijn find the exten-

sive margin in their data subtracts slightly more than 2.0% from wages on an annual basis, which is

roughly what we find when our results are annualized. However, instead of becoming slightly positive

in the wake of the Great Recession, we find the quarterly net subtraction reaches 1.0% and does not

make a material positive contribution to wages.23

Lastly, we noted earlier that large gains in earnings for jobstayers were driving earnings growth

in the late 1990s and 2015. To see if this is due to increases inhours, wages, or both, we compare the

dotted lines in Panels 1(b) and 1(c) and find job stayers received higher wages, but not substantially

more hours, during these time periods. Specifically, wage growth averages 0.6% while hours growth

averages -0.1%.24 Similar to what we observed for earnings, we find the contribution of employer-

to-employer transitions to aggregate wage growth was offset by the extensive margin. Job stayers

therefore largely drive wage growth during the expansions in the late 1990s and 2015. In the following

section, we further explore how growth in individual earnings, hours, and wages vary over the business

cycle.

21See Altonji and Paxson (1986) and Chetty et al. (2011) for further analysis of how frictions within matches restrict
the choice of hours.

22See Daly and Hobijn (2016), page 30, Figure 4. Note Daly and Hobijn (2016) are interested in median earnings,
hours, and wages, while we are interested in the average of each.

23Some of this may be accounted for by the fact that our time series analysis involves a Henderson filter that takes a
moving average across quarters.

24This yields an average earnings growth during these periodsof 0.5% illustrated in Panel 1(c).
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4 Regression with Employer-Employee Match Effects

We now introduce employer-employee match effects into a regression framework that measures how

earnings, hours, and wages vary with the unemployment rateut . Denote worker earnings, hours, or

wages byyit for worker i at timet. The purpose of this model is capture the cyclicality of individual

worker earnings as workers move onto and along the job ladder. We follow the empirical specification

of Bils (1985) and the literature that follows in assuming individual change in earnings, hours, or

wages can be captured by the following reduced-form statistical framework:

yit = ut(γ1 +qitγ2 +nitγ3)+ xitβ +υit . (3)

Parameterγ1 captures how the dependent variable changes with the unemployment rate in a manner

that is common to all workers with earnings at timet. We also include parameters that capture the

extent to which workers who are newly hired in quartert may have earnings that change differentially

with the unemployment rate, as most studies that regress earnings or wages on the unemployment rate

have found new hire earnings respond more to the unemployment rate. Following Haefke, Sonntag,

and van Rens (2013) and Gertler, Huckfeldt, and Trigari (2016), we distinguish between new hires

from another employerqt or nonemploymentnt . The variablesqt andnt are dummy variables as de-

fined in the previous Section and have marginal effectsγ2 andγ3, respectively. Note these interaction

terms meanγ1 can be interpreted as the change specific to job-stayers while γ2 andγ3 are measures

of excess cyclicality relative to job stayers. We also include a row vector of time-varying observable

characteristicsxit with marginal effects given by the vectorβ , which include age, job tenure, and

dummy variables that indicate whether a worker is newly hired from another employer or nonem-

ployment, whether it is the last quarter of a specific employer-employee match by type of new hire,

as well as time trends and seasonal effects that are specific to particular transition types. The residual

υit is assumed to be additively separable into two components:

υit = αit + εit , (4)

εit is the i.i.d. error term andαit is an effect that persists over time. We allowαit to take one of two

forms. In our first set of specifications, we follow Bils (1985)and most of the related literature and

assumeαit = αi, that is, each person has a time-invariant effect. In this case, an empirical strategy

that uses either person-specific fixed effects or estimates the first difference of equation (3) will yield

unbiased estimates of the parameters of interestγ1, γ2, andγ3. In our second set of specifications, we
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allow αit = αi j for any match between personi and employerj that exists at timet, as proposed by

Gertler and Trigari (2009).

The latter set of specifications allows any particular employer-employee match to have its own

effect. Under the assumption of this specification, the standard specification can be biased if the

deviation of the estimated person effect from the true matcheffectα̂i −αit is related to the dependent

variable of interestyit and the unemployment rate. This would mean conventional estimates ofγ1, γ2,

andγ3 from a person-specific fixed effects or first difference strategy are biased. There is reason to

believe this is the case. First, match effects are, by assumption, related with the dependent variables

of our regressions. Second, there is ample recent evidence from Haltiwanger et al. (2017) and related

studies that find movement from worse to better job matches isprocyclical, suggesting average match

effects may be higher when the unemployment rate is lower. Nevertheless, match effects will pick up

a variety of effects, including match quality and any persistent effects of labor costs as in Kudlyak

(2014). In practice, we will not be able to distinguish amongthese mechanisms.

In Table 1, we show the main results of our regressions of earnings, hours, and wages on the

unemployment rate. We first list the first difference specification since it is commonly found in the

literature (See Pissarides, 2009). The specifications withperson-specific fixed effects and match

effects are in the adjacent columns.25 We find the earnings, hours, and wages of job stayers are

procyclical across all model specifications and datasets, with earnings increasing by 0.8% to 1.8% and

hours and wages growing 0.2% to 0.9% in response to a one percent increase in the unemployment

rate.26 Moreover, the proportionate cyclicality of earnings is greater than either of its components.

While not the focus of Bils (1985) and related literature, the finding that job stayer wages respond

to the unemployment rate is consistent with previous findings, which also report results of similar

magnitudes.

Cyclicality of new hires from another employerqit or nonemploymentnit can be expressed by

summing the parameter estimate for job stayers with their respective parameter estimate for excess

cyclicality. All specifications indicate the earnings, hours, and wages of new hires are procyclical, but

we find very different estimates across our various specifications. Most studies following Bils (1985)

employ a first difference specification, and such estimates were surveyed by Pissarides (2009) who

concludes wages of new hires decline by three percent for every one percentage point increase in the

unemployment rate. Our finding that wages respond from 2.2% (2.6%+0.2%) to 4.4% (3.8%+0.6%)

25Because we are interested in estimating an effect associated with each employer-employee match for our later work,
our results in Table 1 use all workers. However, most of the literature impose a maximum nonemployment duration when
including hires from nonemployment. We do this in Appendix Table E1, and obtain results similar to those in Table 1.

26See rows labeled “Baseline” which contain estimates of the parameterγ1, the earnings change for job stayers.
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Table 1: Earnings, Hours, and Wages Regressed on the Unemployment Rate

First Difference Person-specific Fixed Effects Match-specific Fixed Effects
Earnings Hours Wages Earnings Hours Wages Earnings Hours Wages

Four States with Observed Hours Data,
Unbalanced Panel of States

Baseline −0.009∗∗∗ −0.007∗∗∗ −0.002∗∗∗ −0.018∗∗∗ −0.009∗∗∗ −0.009∗∗∗ −0.009∗∗∗ −0.005∗∗∗ −0.004∗∗∗

(γ1) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
New hire: −0.035∗∗∗ −0.014∗∗∗ −0.020∗∗∗ −0.019∗∗∗ −0.013∗∗∗ −0.006∗∗∗ −0.003∗∗∗ −0.005∗∗∗ 0.003∗∗∗

Emp. (γ2) (0.004) (0.004) (0.003) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
New hire: −0.090∗∗∗ −0.060∗∗∗ −0.026∗∗∗ −0.016∗∗∗ −0.012∗∗∗ −0.003∗∗∗ −0.004∗∗∗ −0.005∗∗∗ 0.002∗∗∗

Nonemp. (γ3) (0.004) (0.004) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.000)

Eleven States with Earnings 1996-2015,
Mostly Imputed Hours and Wages

Baseline −0.008∗∗∗ −0.003∗∗∗ −0.006∗∗∗ −0.014∗∗∗ −0.006∗∗∗ −0.009∗∗∗ −0.009∗∗∗ −0.002∗∗∗ −0.007∗∗∗

(γ1) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
New hire: −0.062∗∗∗ −0.029∗∗∗ −0.033∗∗∗ −0.018∗∗∗ −0.012∗∗∗ −0.006∗∗∗ −0.003∗∗∗ −0.004∗∗∗ 0.000
Emp. (γ2) (0.002) (0.002) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
New hire: −0.068∗∗∗ −0.023∗∗∗ −0.038∗∗∗ −0.013∗∗∗ −0.010∗∗∗ −0.004∗∗∗ −0.004∗∗∗ −0.004∗∗∗ 0.000
Nonemp. (γ3) (0.001) (0.002) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Regressions were run using two analysis datasets. The top set of results are from regressions using non-imputed, disaggregated earnings, hours, and wages data
from four states. The bottom set of results are from regressions using non-imputed, disaggregated earnings data and mostly imputed, disaggregated hours and
wages data from eleven states. Regressions were run using a first difference specification as well as with person-specificfixed effects and match-specific fixed
effects. Additional control variables for all three specifications include age, job tenure, and various dummy variables that indicate whether a worker is newly hired
from another employer or nonemployment, whether it is the last quarter of a specific employer-employee match by type of new hire, and specific time trends and
seasonal effects that are specific to particular transitiontypes. Earnings and wages series are presented in log 2014 constant dollars.γ1 is the parameter estimate for
the seasonally-adjusted national unemployment rateut , and provides the responsiveness of job stayers.γ2 is the parameter estimate for the interaction term of the
seasonally-adjusted national unemployment rate and a flag for a new hire from an employer-to-employer transitionutqit , i.e., the responsiveness of employer-to-
employer transition hires relative to stayers.γ3 is the parameter estimate for the interaction term of the seasonally-adjusted national unemployment rate and a flag
for flows from nonemployment to employmentutnit , i.e., the responsiveness of new hire from nonemployment relative to stayers * denotes statistical significance
at the 10% confidence level, ** at the 5% confidence level, and *** at 1%.
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aligns with the literature, although this is on the higher end of the range of surveyed estimates. The

response of hours to the unemployment rate has fewer reference points in the prior literature for

comparison, but we find hours respond to increases in the unemployment rate in a somewhat lower

range of 1.3% to 3.2%. The change in earnings is approximately the sum of the response of hours

and wages, and is larger than each. Using person-specific fixed effects generally yield lower estimates

of the wage and hours cyclicality of new hires than the first difference specification, which is the

most commonly used strategy, with point estimates ranging from 1.2% to 1.5% for wages and 1.6%

to 2.2% for hours. Nevertheless, estimates with person-specific fixed effects still suggest substantial

excess cyclicality of new hires relative to job stayers, both for new hires from employer-to-employer

transitions as well as hires from nonemployment.

Controlling for employer-employee match effects yield verydifferent estimates of the excess

cyclicality of new hires relative to the first difference andperson-specific fixed effects specifications,

consistent with the previous findings of Gertler and Trigari(2009). In our four state dataset, which

does not have imputed hours or wages, new hire wages are less cyclical than job stayers, although

still slightly procyclical. In our eleven state specification, new hire wages are found to be no different

than those of job stayers. In contrast, hours are still more cyclical for new hires relative to job stayers,

although the magnitude is lower in the range of 0.6% to 1.0%. The differences in the responsiveness

of hours versus wages suggest the excess cyclicality of the earnings of new hires is driven by hours.

These results indicate match effects account for the excesscyclicality of new hire wages in the

empirical work that follows Bils (1985). Interpreting thesefindings requires consideration of some

technical nuances, which we describe here. After controlling for a time-invariant effect that persists

throughout an employer-employee match, excess cyclicality of new hire wages necessarily reflects

earnings responses to the unemployment rate that are transitory. Any transitory effect of the unem-

ployment rate at the start of the job match has either no effect or an offsetting effect on wages.27 This

means all of the measured excess cyclicality of new hires relative to job stayers reflects a relationship

between the unemployment rate at the start of the job match and the permanent component of wages

that persists throughout the employer-employee match.

Recall these employer-employee match effects may be driven by two mechanisms. One mech-

anism is the fundamental quality (or productivity) of particular employer-employee matches, em-

phasized in the recent work of Hagedorn and Manovskii (2013)and Gertler, Huckfeldt, and Trigari

27We concede that an offsetting transitory effect of the unemployment rate is somewhat surprising. We can only
speculate as to the mechanisms that might lead to this potential effect, but if the frequency and magnitude of hiring
bonuses are not in general directly tied to salaries or economic conditions, then this would lead to a transitory offsetting
effect of the unemployment rate. Given data limitations, weare unable to test that mechanism here.

16



(2016). During recessions, workers may be less likely to move into matches that are a better fit for

them. On the other hand, it may be that labor is simply less costly during recessions due to labor

market slack and diminished worker bargaining power, and soif there is a long-term contract for

compensation at the start of a job, then the quality or productivity of the match does not necessarily

have an explanatory effect. The latter mechanism has recently been explored by Shimer (2005) and

Pissarides (2009) as a method of resolving the employment-volatility puzzle, highlighting how labor

market search models struggle to have employment rather than wages respond to changes in economic

conditions.

On their own, our results do not allow us to distinguish between match quality and bargaining

power associated with labor market tightness. One test, proposed by Gertler, Huckfeldt, and Trigari

(2016), is to measure whether new hire wages of workers in employer-to-employer transitions are

more responsive to the unemployment rate than those of workers hired from nonemployment. They

argue that, if wage cyclicality is driven by employer-to-employer transitions, then this indicates the

cyclical job ladder, which is generally understood to move workers from less productive to more

productive matches, explains measured wage cyclicality. Gertler, Huckfeldt, and Trigari (2016) im-

plement this test using data from the Survey of Income and Program Participation and find the excess

wage cyclicality of new hires is driven by employer-to-employer transitions rather than hires from

nonemployment. Our matched employer-employee data does not confirm their results and we find

instead that the wage response of hires from nonemployment is similar to that of workers undergoing

an employer-to-employer transition.

5 Match Effects and Average Earnings, Hours, and Wages

We now incorporate the fitted values from our regression analysis into our decomposition in order to

identify how earnings, hours, and wages evolve in ways that are associated with changes in the unem-

ployment rate, match effects, and other observable characteristics, using our estimation of equation

(3). Note estimates in Table 1 show the cyclicality in equation (3) relative to overall cyclicality.

5.1 Incorporating Regression Estimates into the Decomposition

We measure the extent to which match effects, the unemployment rate, and other observable char-

acteristics account for growth in earnings, hours, and wages. To do so, we substitute our estimated

parameter vectors of these components from equation (3) into equation (2). The average change for

job stayer can be expressed as follows:
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where∆xit = xit − xit−1 is the change in the vector of observable characteristics from timet − 1 to

time t, ∆uit = uit −uit−1 is the analogous change in the unemployment vectoruit = {uit ,qituit ,nituit},

and∆ε̂it = ε̂it − ε̂it−1 is the change in the estimated residual. Note that, by construction, stayers never

have any change in match effects (since they are constant forany employer-employee combination),

so this line is equal to zero throughout the time series. The contribution of job stayers to the overall

average defined in equation (2) requires the term
St
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2 , which denotes weighting by their average

share of total transitions.

We can write a similar expression for growth associated withemployer-to-employer transitions

weighted by their transition shares:
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where the change in estimated match effects is denoted by∆α̂it = α̂it − α̂it−1.

To obtain the contribution of nonemployment, we compare earnings, hours, and wages of these

transitioners with those of all other workers. For workers going from having no earnings to positive

earnings in timet, we have the following relationship for average growth weighted by their transition

shares:
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where ˜xt is a row vector of average observable characteristics, ˜ut is a row vector of unemployment

interacted with job transition type,̃αt is an average of fitted match effects, andε̃t is an average of

fitted residuals, where the average of each element generically denoted by ˜gt is
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For employment-to-nonemployment transitions, we have thefollowing relationship for average growth

weighted by their transition shares:
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5.2 The Role of Match Effects, the Unemployment Rate, and Other Observ-

able Characteristics

The results of this decomposition for earnings, hours, and wages are shown in Figures 2, 3, and

4, respectively. We show this decomposition for job stayers(equation (5)), employer-to-employer

transitions (equation (6)), and net employment flows (equation (7) minus equation (8)). Each type has

a panel comparing its time series from the baseline decomposition in Figure 1, labeled “Total,” to lines

showing the contribution of match effects, the unemployment rate, other observable characteristics,

and a residual. Each of these four components are equal to thetotal, prior to seasonal adjustment and

taking a moving average, and differences due to theseex post adjustments are small.

First, consider how earnings for stayers evolve in Panel 2(a). The unemployment rate contributes

procyclically, adding 0.2% to 0.4% to earnings growth during expansions but subtracting 0.1% to

0.5% during recessions. Meanwhile, changes in observable characteristics always contribute posi-

tively, about 0.3% to 0.4%. This is natural since job tenure and age for stayers go up over time and

both are associated with earnings increases. There is also cyclicality in this line as it falls to 0.0%

after the Great Recession. This is a longer-term consequenceof the decline in hiring rate that occurs

during and persists after recessions: since recessions lead to fewer low-tenure workers (see Hyatt and

Spletzer 2016) and returns to job tenure are greatest early in a job spell, stayers as a group accumulate

less returns to job tenure during downturns.

The residual, which necessarily includes anything not captured in equation (3), also plays an

important role. It is persistently negative from 0.0% to 1.0%, offsetting much of the earnings increases

associated with changes in the unemployment rate and other observable characteristics. It appears

earnings growth following the Great Recession is due to residual factors.28 In the previous section, we

28While an exhaustive attempt to model cyclical earnings changes is beyond the scope of this paper, it may be useful
to provide some guidance for the level and time series properties of the residual line. As stated above, these necessarily
capture features of the process that determines earnings (which are unobservable to an econometrician) but are not captured
in the empirical specification in equation (3). The persistent level difference most likely reflects the fact that we only
allow returns to job tenure to increase, and do not have a corresponding “time from exit” series, as well as any failure to
capture the true polynomial to capture returns to job tenureitself. Furthermore, we only allow for excess sensitivity to the
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Figure 2: Earnings Growth: Regression-Based Decomposition

(a) Stayers

(b) Emp.-to-Emp.

(c) EN and NE

Notes: All series are log series that have been seasonally-adjusted and Henderson-filtered using x12. Earnings series

are presented in log 2014 constant dollars. Shaded areas indicate recessions. Total indicates the total change for

the given job transition type. Match Effects the component attributable to employer-employee match effects. Un-

employment the component attributable to the seasonally-adjusted national unemployment rate. Other Observables

the component attributable to other observable characteristics, including age, job tenure, and dummy variables that

indicate whether a worker is newly hired from another employer or nonemployment, whether it is the last quarter of

a specific employer-employee match by type of new hire, as well as time trends and seasonal effects that are specific

to particular transition types. Residual the component attributable to the remainder.
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noted earnings growth among stayers was accompanied by wageand not hours growth. In comparing

the panels for stayers in Figures 2-4 (Panels 2(a), 3(a), 4(a)), it appears observed earnings growth was

accompanied by wage growth that was also due to residual rather than cyclical factors. In contrast, any

persistent increase in hours growth appears to be due to cyclical factors following the Great Recession

with substantial transitory effects due to residual sources of variation as seen in Figure 3(a).

The evolution of earnings when workers undergo an employer-to-employer transition is quite dif-

ferent from that of job stayers and is shown in Panel 2(b). This is largely due to earnings changes asso-

ciated with increased match effects, which explain about 80% of the level and variation in the overall

contribution to total earnings change. On average, match effects contribute about 1.0% throughout

the time series, going as high as 1.5% in the late 1990s. This declines to 0.5% during recessions with

no recovery to pre-recession levels after the 2001 recession but a recovery to pre-recession levels after

the Great Recession. This procyclical behavior is due both toworkers changing jobs more rapidly

during expansions and match effects resulting in larger increases during expansions. Unemployment

slightly offsets these gains: when a worker begins a new job,we allow for new hires to have excess

sensitivity to the unemployment rate and have a persistent negative effect by construction. However,

this contribution is typically near zero so not much is offset. Increases associated with other ob-

servable characteristics are approximately 0.1% to 0.2% and are procyclical. This procyclicality is

primarily due to workers aging as well as our inclusion of a one-quarter penalty associated with the

last quarter of a particular job for all new hires and the substantially higher seasonality associated

with the earnings of job changers since different transition types were allowed to have different sea-

sonal effects. The residual line is small but also generallypositive at 0.0% to 0.2% with occasional

short-term declines.

In comparing earnings growth to the time series for hours andwages in subsequent figures, it is

clear both wages and hours are sources of earnings growth foremployer-to-employer transitioners. In

particular, Figure 3(b) and 4(b) show match effects are key in accounting for hours and wage growth

following the Great Recession. We interpret these results asfollows. Employer-to-employer transi-

tions constitute a substantial portion of earnings growth in the aggregate economy. These transitions

unemployment rate in the first quarter of a particular job, and there may be analogous earnings changes that occur at the end
of a job spell. Temporary increases may be due to omitted variables and model misspecification. The temporary increases
in the unemployment rate may be due to earnings adjustment being nonlinear in the unemployment rate: for example,
an adjustment from 7% unemployment to 6% may not cause wages to increase much, but when the unemployment rate
changes from 5.5% to 4.5%, the labor market might be quite tight and so job stayers may accumulate additional earnings.
The earnings increase in the late 1990s may also be associated with increases in labor productivity. Finally, we would
expect to see countercyclical increases in the residual if the unemployment rate affects earnings in an asymmetric manner,
specifically, if earnings increase more as the unemploymentrate decreases than they fall when it rises, which would occur
if there are some downward rigidities in the wage and hours setting process.
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Figure 3: Hours Growth: Regression-Based Decomposition

(a) Stayers

(b) Emp.-to-Emp.

(c) EN and NE

Notes: All series are log series that have been seasonally-adjusted and Henderson-filtered using x12. Shaded areas

indicate recessions. Total indicates the total change for the given job transition type. Match Effects the component at-

tributable to employer-employee match effects. Unemployment the component attributable to the seasonally-adjusted

national unemployment rate. Other Observables the component attributable to other observable characteristics, in-

cluding age, job tenure, and dummy variables that indicate whether a worker is newly hired from another employer

or nonemployment, whether it is the last quarter of a specificemployer-employee match by type of new hire, as well

as time trends and seasonal effects that are specific to particular transition types. Residual the component attributable

to the remainder.
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are accompanied by both wage and hours increases, but hours gains are substantially larger in mag-

nitude. In attempting to account for these increases, we findhours gains for employer-to-employer

transitioners are accounted for by improvements in time invariant match effects across employer pairs

that result in increases in hours for transitioning workers. These increases in hours appear larger than

any associated increases in wages and represent a channel for earnings growth that is usually not

considered in search and matching models. In particular, weargue this represents evidence of a job

ladder in hours that has typically been ignored in the literature.

Panel 2(c) shows the contribution of movements to and from nonemployment to growth. Like

employer-to-employer transitioners, earnings changes associated with match effects for exiters and

entrants tract the overall contribution quite closely and explain most of the level and intertemporal

movement. However, rather than being positive, they have anoffsetting effect, subtracting around

1.5% from earnings change on average. Only during the Great Recession does this decrease in mag-

nitude to 0.75%. However, it returns to 1.5% by 2012 and remains there. All other mechanisms have a

much smaller role. The unemployment rate has a persistentlynegative effect of 0.1% to 0.2%, mostly

due to new hires - in this case, new entrants - having excess sensitivity to the unemployment rate.

There are two main channels for the small increase in the roleof the unemployment rate during and

after recessions. First, the (albeit small) excess sensitivity of new hires increases during recessions

even as such workers enter less frequently. To understand the second channel, recall the unemploy-

ment penalty for exiters relative to all workers enters the decomposition with a negative sign; see

equation (2). Since we do not allow for excess sensitivity ofexiters to the unemployment rate in

equation (3), exiters look more like other workers during recessions via this channel so the general

intuition that more exiters increases the average does not apply. Other observable characteristics have

a negative effect of 0.1% to 0.2% during expansions but a positive one of 0.0% to 0.3% during and

immediately following the two recessions. Finally, we notethat workers see hours gains over the life

of the employment spell.

Figure 3(c) highlights how hours of new workers are lower than hours of exiting workers. At the

same time, Figure 3(b) shows subsequent employer-to-employer transitions see further hours growth.

We interpret these results as evidence of a job ladder in hours where hours of new hires from nonem-

ployment are typically higher than those of exiters and subsequent employer-to-employer transitions

increase worker hours further. What drives the increase in hours? The decomposition graphs show

a large role for match effects. The contribution of entrantsand exiters to overall hours growth is

largely due to differences in match effects between entrants and exiters. Notice that, like employer-

to-employer transitions, there is substantial contribution to wages, as seen in Figure 4(c). In particular,
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Figure 4: Wage Growth: Regression-Based Decomposition

(a) Stayers

(b) Emp.-to-Emp.

(c) EN and NE

Notes: All series are log series that have been seasonally-adjusted and Henderson-filtered using x12. Wage series are

presented in log 2014 constant dollars. Shaded areas indicate recessions. Total indicates the total change for the given

job transition type. Match Effects the component attributable to employer-employee match effects. Unemployment

the component attributable to the seasonally-adjusted national unemployment rate. Other Observables the component

attributable to other observable characteristics, including age, job tenure, and dummy variables that indicate whether a

worker is newly hired from another employer or nonemployment, whether it is the last quarter of a specific employer-

employee match by type of new hire, as well as time trends and seasonal effects that are specific to particular transition

types. Residual the component attributable to the remainder.
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match effects are particularly important in accounting forwages among entrants being lower than ex-

iters.

5.3 Average Earnings, Hours, and Wages and the Unemployment Rate

Another way to determine whether changes in earnings are predominantly driven by gains in hours

or wages is to compare covariances of earnings, hours, and wages with the unemployment rate. In

this section, we present these correlations in Table 2, withresults for more detailed components of all

aggregate outcomes presented in the rows.

We find overall earnings (denoted by∆ȳt) decline when the unemployment rate goes up, but the

change is quite small. A one percentage point increase in theunemployment rate causes earnings to

decline by about 0.4%. Comparing the first column with the second and third, we find almost 60% of

this is accounted for by changes in hours and the remainder bygains in wages.

We further break down earnings growth into contributions bylabor reallocation type, as defined in

equation (2), and find that consistent with Figures 2 to 4, thecontribution of stayers
St
Dt

+ St
Dt−1
2

Σisit∆yt
St

and

employer-to-employer transitions
Qt
Dt

+ Qt
Dt−1
2

Σiqit∆yt
Qt

are generally procyclical. However, more than 60%

of their combined increase is offset by the net contributionof entrants fromNt
Dt

(
Σinityit−1

Nt
− ỹt

)

and

exiters toRt
Dt

(
Σirityit−1

Rt
− ỹt

)

nonemployment. To gain insight on changes in outcomes for the average

worker, we divide each of these contributions by their respective average shares and recover their

unweighted contributions. Average employment shares are not includedas separate rows in the table

but can be recovered by dividing contributions by their unweighted counterparts. We therefore see

that the contribution of job stayers to aggregate earnings,hours, and wages growth is only about ten

percent smaller than their unweighted gains (denoted by theterm Σisit∆yt
St

). Since most employees are

job stayers in any given quarter, their share of employment1
2( St

Dt
+ St

Dt−1
) does not vary substantially

over time and is always between 85% and 91%.29 In contrast, employer-to-employer transitions

have weighted and unweighted changes in earnings that are drastically different in magnitude. This

suggests workers changing employers see large increases inearnings and their contribution to the

overall average is not as large as that of job stayers becauseof their small employment share. For

completeness, we also show covariance calculations for entrants and exiters, whose weighted and

unweighted covariances differ in both magnitude and sign. For example, entrants see a countercyclical

earnings contribution of 0.6%, but their unweighted earnings are procyclical at -0.7%. This suggests

differences in covariance structure in both average employment shares (Nt
Dt

for entrants andRt
Dt

for

29For rates at which workers stay at the same employer, move into and out of nonemployment, and transition between
employers, see Appendix Figure D3.
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Table 2: Regression of Components with Changes in the Unemployment Rate

Component Formula Earnings Hours Wages
Overall ∆ȳt -0.448 -0.257 -0.192

Stayers
St
Dt

+ St
Dt−1
2

Σisit∆yit
St

-0.665 -0.231 -0.434

Outcome Change Σisit∆yt
St

-0.749 -0.261 -0.488

Observables Σisit∆xit β̂
St

-0.081 -0.019 -0.063

Unemployment Σisit∆uit γ̂
St

-0.926 -0.265 -0.661

Emp.-to-Emp.
Qt
Dt

+ Qt
Dt−1
2

Σiqit∆yit
Qt

-0.455 -0.307 -0.147

Outcome Change Σiqit∆yt
Qt

-6.982 -4.252 -2.730

Observables Σiqit∆xit β̂
Qt

-0.525 -0.361 -0.165

Match Effects Σiqit∆α̂it
Qt

-6.610 -4.100 -2.510

Unemployment Σiqit∆uit γ̂
Qt

-1.122 -0.486 -0.636

Nonemp.-to-Emp. Nt
Dt

(Σinityit−1
Nt

) 0.583 0.179 0.405

Outcome Change Σinityit−1
Nt

− ỹt -0.694 -2.687 1.993

Observables
(

Σinitxit−1
Nt

− x̃t

)

β̂ -0.484 -0.318 -0.166

Match Effects Σinit α̂it−1
Nt

− α̃t 1.191 -0.657 1.848

Unemployment
(

Σinituit−1
Nt

− ũt

)

γ̂ -0.678 -0.344 -0.333

Emp.-to-Nonemp. − Rt
Dt

(Σirityit−1
Rt

) 0.088 0.103 -0.015

Outcome Change Σirityit−1
Rt

− ỹt 5.866 2.779 3.088

Observables
(

Σiritxit−1
Rt

− x̃t

)

β̂ 0.179 0.263 -0.085

Match Effects Σirit α̂it−1
Rt

− α̃t 5.997 3.319 2.678

Unemployment
(

Σirituit−1
Rt

− ũt

)

γ̂ 0.554 0.222 0.332

Notes: Bivariate regression of the changes in the components on the unemployment rate on percentage point changes
in the unemployment rate. All point estimates were multiplied by 100 to reduce the number of significant digits.

exiters) as well as unweighted earnings changes.

To again determine whether changes in hours or wages are disproportionately driving these con-

tributions, we compare the first column with the second and third. For job stayers, we find both

their weighted and unweighted contributions to earnings growth are driven more by changes in wages

than hours. Increases in wages contribute almost twice as much as gains in hours, predominantly

because of cyclical factors captured by changes in the unemployment rateΣisit∆uit γ̂
St

rather than other

observable characteristicsΣisit∆xit β̂
St

. About 70% of the 0.9% decline in earnings associated with a one

percentage point increase in the unemployment rate comes from wages. By contrast, contributions of

employer-to-employer transitions appear to be mostly driven by cyclical changes in hours. Looking

at unweighted earnings growth alone, 60% is accounted for bygains in hours. This again confirms
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our striking finding of a job ladder in hours among workers that change employers. Moreover, our

results show match effects play a large role in this, accounting for 95% of the unweighted change in

earnings. In contrast, cyclical factors summarized by the unemployment rate and other observables

amount to 8% and 16%. Similar results are obtained for hours and wages. Match effects also largely

account for changes in earnings, hours, and wages for entrants and exiters.

6 Conclusion

We use matched employer-employee data to investigate how the recent slowdown in the job ladder

accounts for sluggish wage and earnings growth observed from 2000 to 2014. To do so, we propose

an accounting framework that decomposes earnings growth into components based on type of labor

reallocation as well as by changes in hours and wages. We thenemploy a linear regression model to

estimate how individual earnings changes can be captured byjob match effects and cyclical sources.

Ultimately, we combine our accounting method and regression model to distinguish between the

effects that transitory and persistent factors have on aggregate growth in earnings.

Our results have several implications for the literature. First, we address the role of employer-to-

employer transitions in driving aggregate earnings growth. In their seminal paper, Topel and Ward

(1992) argue these transitions are a key driver of earnings gains for individual workers. This view

has been recently expanded to explain patterns of growth in aggregate earnings by Moscarini and

Postel-Vinay (2016) among others. We find that earnings gains from employer-to-employer transi-

tions cannot account for aggregate earnings growth since they are often offset by the contribution of

nonemployment transitions.

We also explore how aggregate wage and earnings growth change over expansions and reces-

sions. Daly and Hobijn (2006) recently found the primary driver of aggregate real wage growth is

the “intensive” margin, made up of job stayers and employer-to-employer transitions, and their gains

during recessions tend to be offset by the net losses experienced by entrants from and exiters to

nonemployment. In contrast, our results suggest job stayers, rather than employer-to-employer tran-

sitions, mainly account for aggregate earnings growth during recessions because the contribution of

employer-to-employer transitions is consistently offsetby the contribution of nonemployment tran-

sitions. Differences in findings are primarily due to our matched employer-employee dataset being

better able to distinguish between the contributions made by job stayers and employer-to-employer-

transitions. Looking futher into observed growth patternsamong job stayers, we find they are not

accounted for by cyclical factors as a substantial residualremains.
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Finally, we find wage growth is not the key determinant of individual employer-to-employer

switch decisions. Most economic models of on-the-job search focus on wages and make the reason-

able assumption that workers prefer jobs offering higher wages. Our analysis shows that, in addition to

wage consideration, many of these transitions are made to obtain a worker-firm match with a preferred

hours allocation. This is consistent with the existence of frictions within job matches that restrict the

feasible choice of hours (Altonji and Paxson, 1986). We conclude that, as a result, abstracting from

hours choice in the literature following Burdett (1978) and Jovanovic (1979) is a significant limitation

when accounting for aggregate earnings growth patterns.

Taken as a whole, this paper underscores the need for future quantitative research to establish

the mechanisms at work behind these results. For example, what mechanisms account for the large

residual obtained when estimating the contribution of earnings on cyclical factors for job stayers? We

hope this paper provides motivation for future work and perhaps a set of moments that can be used to

estimate formal models exploring these mechanisms.
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Appendices

A Definitions

This appendix provides definitions of employment and earnings concepts used in this paper and fol-
lows the notation in Abowd et al. (2009) and Hyatt et al. (2017). Let wi jt denote earnings for
individual i from employerj in quartert. If an individual has reported earnings from an employer
in a given quarter andwi jt > 0, then we infer the individual worked for the employer and call this
employment relationship a job.

A.1 Basic Employment Concepts

Following Hyatt et al. (2017), we consider the subset of jobsthat span two consecutive quarters.
Formally, these are:

bi jt =

{

1, if wi jt−1 > 0 andwi jt > 0

0, otherwise.

Moreover, we only allow workers to have at most one job per quarter. Since LEHD administrative
records lack employment start and end dates, we cannot distinguish between a worker holding mul-
tiple jobs and a worker transitioning between jobs in a givenquarter. We therefore determine where
workers are earning the most and call this the dominant job. Formally, this is:

di jt =







1, if bi jt = 1 and

wi jt +wi jt−1 > wikt +wikt−1∀k

s.t. bikt = 1 andj 6= k

0, otherwise.

We then compare dominant employers across quarters and identify when a job transition has occurred.
For the study of earnings, it is also useful to introduce the concept of full quarter jobs. Full quarter

jobs span three consecutive quarters, such that:

fi jt =

{

1, ifwi jt−1 > 0 andwi jt > 0 andwi jt+1 > 0

0, otherwise.

For these jobs, we assume employees worked the entire middlequarter and use total earnings from
that quarter as their quarterly earnings rate.

We can now define four employment concepts: job stayers, employer-to-employer transitions,
flows into nonemployment, and flows from nonemployment. We can also define earnings associated
with these concepts. Note that while all full quarter jobs are consecutive quarter jobs, not all con-
secutive quarter jobs are full quarter jobs. We therefore restrict our employment concepts to subsets
where full quarter earnings are available for timest−1 andt for job stayers and employer-to-employer
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transitions, timet −1 for workers exiting employment, and timet for workers entering employment.

A.1.1 Job Stayers

Job stayers are workers who do not change employers and thus have the same dominant job in times
t andt +1. Formally,

si jt =

{

1, if dombi jt = 1 anddombi jt+1 = 1

0, otherwise.

Since job stayers are employed by the same employer in timest −1, t, andt + 1, they at minimum
have full quarter earnings observations in timet. For our analysis, we consider job stayers with at
least four quarters of consecutive earnings. This means at the very least we have full quarter earnings
observations in timest andt +1.

A.1.2 Employer-to-Employer Transitions

Workers undergoing an employer-to-employer transition exhibit a change in dominant job, moving
from an old employer in timet to a new employer in timet +1. Note that in timet, they are receiving
earnings from both employers, suggesting they separated from the old employer and started employ-
ment with the new employer in the same quarter. Hyatt et al. (2017) consequently refer to these
transitions as “within-quarter” job-to-job flows.30 For this paper, we consider the subset of these
transitions where full quarter earnings are available for both the old and new dominant job. Formally,
our employer-to-employer transitions are those where:

qi jkt =







1, if dombi jt = 1 anddombikt+1 = 1

and fi jt−1 = 1 and fikt+1 = 1

and j 6= k

0, otherwise.

A.1.3 Nonemployment Transitions

There are two types of nonemployment transitions. If a worker had a dominant job in timet but
not in timet + 1, then the worker transitioned from employment to nonemployment. Likewise, if a
worker does not have a dominant job in timet but does in timet + 1, then the worker transitioned
from nonemployment into employment during timet. For this analysis, we consider the subset of
nonemployment transitions that have full quarter earningsobservations.

Flows into nonemployment in quartert are those where:

30Note we consider transitions where earnings from the old employer are observed in the quarter immediately preceding
the first quarter when earnings at the new employer are observed to be flows into and out of nonemployment since they
commonly contain short spells of nonemployment. Hyatt et al. (2017) refer to these transitions as “adjacent-quarter”
job-to-job flows.
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ri jt =







1, if dombi jt = 1 and fi jt−1 = 1

anddombilt+1 6= 1∀l,

1, if dombi jt = 1 and fi jt−1 = 1

anddombikt+1 = 1 and fikt = 0 and fikt+1 = 0

0, otherwise.

Flows from nonemployment into employment in quartert have full quarter earnings when:

nikt =







1, if dombikt+1 = 1 and fikt+1 = 1

anddombilt 6= 1∀l

1, if dombi jt = 1 and fi jt−1 = 1

anddombikt+1 = 1 and fikt = 0 and fikt+1 = 0

0, otherwise.

A.2 Earnings

When both quarters in a consecutive quarter pair have full quarter earnings, we use the average of
the two as earnings for that job. Otherwise, if only one has full quarter earnings, then we use that
quarterly earnings rate. Earnings are defined as follows:

eikt =







wikt+wikt+1
2 , if dikt = 1 and fikt = 1 and fikt+1 = 1

wikt , if if dikt = 1 and fikt = 1 and fikt+1 = 0

wikt+1, if if dikt = 1 and fikt = 0 and fikt+1 = 1

0, otherwise.

This helps to ensure symmetry. Consider the following example. For a job stayer in timet whose
dominant job spans four quarters from timet −2 to timet + 1, we calculate earnings change from
time t to time t + 1 as the difference between the average of full quarter earnings from timest and
t −1 and the average of full quarter earnings from timest + 1 andt. Since full quarter earnings for
time t cancel, earnings change ends up being the difference in fullquarter earnings between quarters
t +1 andt −1, divided by two. Now, take the case of an employer-to-employer transition where the
old job spans from timet − 2 to time t and the new job spans from timet to time t + 2. Earnings
change is equal to the difference between the full quarter earnings for the new job in timet + 1 and
the old job in timet −1. Both calculations thus use full quarter earnings from the same quarters to
estimate earnings growth, despite being for different types of job transitions.

Finally, we note that each definition presented in this section has an hours analogue, which we
do not list here to save space and avoid redundancy. Each definition also has a wage analogue. To
calculate wages, each positive earnings measure is dividedby hours.
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B Imputation of Hours Worked

For states that do not have hours data in our eleven state dataset, hours observations are imputed
based on models estimated on observations from four states with data on hourspaid between 1994
and 2016. This is done separately for each job transition type c. The model is then simulated from
the posterior predictive distribution of parameters and imputed values of hours are drawn, see Rubin
(1987).

The model takes the following form:

hitc = Zitcσ c
Z +Mitcσ c

M +Gitcσ c
G +Qitcσ c

Q + µc
itc

wherehitc denotes log hours worked for individuali estimated for quartert and job transitionc.
The matrixZitc is a vector of individual-specific characteristics (sex, age, age-squared, education,
race, and ethnicity) with marginal effectsσ c

Z, Mitc is a vector of employment characteristics (industry
group, firm age group, and firm size group) and worker earnings(and earnings-squared and -cubed)
with marginal effectsσ c

M, Gitc is a vector of destination geography characteristics (average hours
worked in state and state unemployment rate) with marginal effects σ c

G, Qitc is a vector of calendar
quarter characteristics (quarter dummies and the number ofFridays in quarter with a lead and a lag)
with marginal effectsσ c

Q, andµitc is an i.i.d. error term. All continuous variables are definedin logs.
The point estimates from a diagnostic regression are provided in Table B1 wherec is defined over

stayers, employer-to-employer transitions, and entrantsfor exposition. The regressions estimated in
the model are done on a finer level of disaggregation before any averaging is done as detailed in
Appendix A. These disaggregated regressions are not reported here since our three labor transition
types already show evidence of substantial explanatory power.

It is important to point out some limitations in our hours impute. We do not allow for any state-
fixed effects that account for systematic differences in hours paid across states beyond those accounted
for by observable explanatory variables such as worker demographic and firm characteristics. Further-
more, if states have idiosyncratic components that have an effect on cyclical fluctuations on earnings,
hours, and wages, then these components are magnified through the hours impute. In Appendix C, we
further evaluate the quality of our hours impute by comparing our hours and wage series with those
available from other available sources.
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Table B1: Destination Hours Impute - Point Estimates

Stayers Emp. to Emp. Entrants
Destination Earnings −0.502∗∗∗ −0.246∗∗∗ −1.143∗∗∗

(0.012) (0.067) (0.037)
Destination Earnings2 0.281∗∗∗ 0.235∗∗∗ 0.367∗∗∗

(0.001) (0.009) (0.005)
Destination Earnings3 −0.017∗∗∗ −0.014∗∗∗ −0.021∗∗∗

(0.000) (0.000) (0.000)
Tenure −0.020∗∗∗ 0.000 0.000

(0.000) - -
Age −0.011∗∗∗ −0.023∗∗∗ −0.017∗∗∗

(0.000) (0.000) (0.000)
Age2/1000 0.098∗∗∗ 0.218∗∗∗ 0.148∗∗∗

(0.000) (0.000) (0.000)
CPS Avg. Hours −0.001∗∗ 0.006∗∗ 0.003

(0.000) (0.003) (0.002)
Unemployment Rate −0.001∗∗∗ 0.000 0.002∗∗∗

(0.000) (0.001) (0.001)
Quarter −0.002∗∗∗ −0.005∗∗∗ −0.006∗∗∗

(0.000) (0.000) (0.000)
Quarter2/1000 0.012∗∗∗ 0.032∗∗∗ 0.038∗∗∗

(0.000) (0.000) (0.000)
Spring −0.005∗∗∗ 0.013∗∗∗ 0.016∗∗∗

(0.001) (0.004) (0.003)
Summer −0.010∗∗∗ 0.012∗∗∗ 0.030∗∗∗

(0.001) (0.004) (0.003)
Fall −0.007∗∗∗ 0.001 0.015∗∗∗

(0.001) (0.004) (0.003)
No. of Fridays 0.008∗∗∗ 0.014∗∗ 0.005

(0.001) (0.006) (0.005)
R2 0.642 0.660 0.747

Notes: Variables included in the diagnostic regression butnot included in the table above are dummy variables for
worker demographics (sex, race, level of completed education) and destination firm chracteristics (industry group,
firm age group, firm size category). Stayers indicates job stayers. Emp. to Emp. indicates employer-to-employer
transitions. Entrants indicates workers entering employment from nonemployment. * denotes statistical significance
at the 10% confidence level, ** at the 5% confidence level, and *** at 1% confidence level.
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C Comparability of LEHD Earnings, Hours, and Wages to Other
U.S. Data Sources

Figure C1 shows the trend in earnings for our eleven state dataset and compares it with other earn-
ings series available from sources like the Current Employment Statistics (CES), Current Population
Survey (CPS), Employer Cost of Employee Compensation Survey (ECEC), and the Quarterly Census
of Employment and Wages (QCEW). While there are notable differences between the various earn-
ings series31, all of them trend upward and have sharp increases during thelate 1990s. Our series
shows higher levels of wage and salary compensation from employers than others, with the exception
of ECEC’s total compensation line, which includes employee benefits like health insurance and is
therefore greater on a per-worker basis, and the LEHD QWI line. However, it also tracks both the
Average Weekly Wage (QCEW) and LEHD QWI series fairly closely.32 This suggests the differences
we see in the figure can generally be attributed to differences in data sources and tabulation strategies.
We additionally ran correlations between all of the series and two cyclical indicators, the real GDP
and the unemployment rate, and find our earnings series is moderately procyclical. In contrast, the
Average Weekly Wages and LEHD QWI series are much more procyclical while the other series are
nearly acyclical or even slightly countercyclical. See Table C1.

Table C1: Correlations - Earnings

Source Series Real GDP Unemployment Rate
LEHD 11 State Avg Quarterly Earnings 0.458 -0.351
LEHD 4 State Avg Quarterly Earnings 0.481 -0.381
LEHD QWI Avg Quarterly Earnings 0.732 -0.556
QCEW Avg Weekly Wages 0.610 -0.382
CES Avg Weekly Earnings 0.013 0.053
CPS Median Weekly Earnings -0.175 0.327
ECEC Wages and Salary -0.142 0.200
ECEC Total Compensation -0.125 0.177

Notes: Real GDP is the first difference of the log of the seasonally-adjusted and Henderson-filtered real GDP and is
in log 2014 constant dollars. Unemployment Rate is the first difference of the log of the seasonally-adjusted national
unemployment rate. Correlations with these cyclical indicators were calculated using the first difference of the log
of the seasonally-adjusted and Henderson-filtered earnings series from 1996Q1 to 2015Q4. All earnings series are in
log 2014 constant dollars.

In Figure C2, we present our imputed hours series from our eleven state data set alongside hours
series available from the CES and CPS33. We also include our non-imputed hours series from our

31These have been noted by Abraham, Spletzer, and Stewart (1998), as well as Champagne, Kurmann, and Stewart
(2016).

32Of these, we expect our series to be most similar to the Average Weekly Wage series created as part of the Quarterly
Census of Employment and Wages (QCEW) and the Average MonthlyEarnings series from LEHD’s Quarterly Workforce
Indicators (LEHD QWI). All three rely on the QCEW and use universe-level, employer-reported total wage and salary
payments calculated from administrative records. The difference between them primarily lies in the types of jobs included
in the average. The Average Weekly Wage series counts jobs where workers are employed during the week of the 12th in
the third month of the quarter while the Average Monthly Earnings series from the LEHD QWI includes all jobs that span
at least three consecutive quarters. Our series is essentially a subset of the latter as it includes alldominant jobs that span
at least three consecutive quarters.

33The CPS hours series is created from microdata available from IPUMS (Flood et al., 2017).
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Figure C1: Trends in Average Compensation and Earnings in the U.S., 1996-2015

Notes: All values are in 2014 constant dollars and have been seasonally adjusted and Henderson-filtered using x12.
Shaded areas indicate recessions. CES indicates the Current Employment Statistics’ average weekly earnings series for
production and nonsupervisory employees in the private sector, multiplied by 13. CPS indicates the Current Population
Survey’s median usual weekly earnings series for full-timewage and salary workers in all industries and occupations
who are 16+ years old, multiplied by 13. ECEC WS indicates the Employer Costs of Employee Compensation Survey’s
cost per hour worked (wages and salaries) series of all private industry employees for all occupations, multiplied by
13 and 34.5. ECEC Comp. indicates the Employer Costs of Employee Compensation Survey’s cost per hour worked
(total compensation, including wages and salaries and benefit compensation) of all private industry employees for all
occupations, multiplied by 13 and 34.5. QCEW indicates the Bureau of Labor Statistics’ average weekly earnings series
of all employees in the private sector, multiplied by 13. LEHD QWI indicates the LEHD Quarterly Workforce Indicators’
average monthly earnings series of employees with stable jobs, (i.e. worked with the same firm throughout the quarter),
multiplied by 3. LEHD 11 State indicates our average earnings series from our eleven state sample.
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Table C2: Correlations - Hours

Source Series Real GDP Unemployment Rate
LEHD 11 State Avg Quarterly Hours 0.372 -0.430
LEHD 4 State Avg Quarterly Hours -0.303 -0.076
CES Avg Weekly Hours 0.597 -0.685
CPS Avg Weekly Hours (Full-Time) 0.351 -0.356
CPS Avg Weekly Hours 0.701 -0.712

Notes: Real GDP is the first difference of the log of the seasonally-adjusted and Henderson-filtered real GDP and is
in log 2014 constant dollars. Unemployment Rate is the first difference of the log of the seasonally-adjusted national
unemployment rate. Correlations with these cyclical indicators were calculated using the first difference of the log of
the seasonally-adjusted and Henderson-filtered hours series from 1996Q1 to 2015Q4.

four state data set, which is shown here from 2011Q3 on as hours data for the four states are only
complete beginning in that quarter. Overall, our imputed hours series appears to be comparable to the
three outside hours series between 2000 and 2014. It lies consistently above the CES line and below
the two CPS lines and exhibits similar behaviors with all series indicating hours remained constant
until the 2007-2009 recession when they declined. While the CES, CPS (Full-Time), and CPS lines
exhibit larger drops in hours than our imputed hours series,all show a slight recovery in hours after
2010. Outside 2000-2014, our imputed series shows sharp increases in hours when the other lines are
mostly flat. However, we believe this difference in trend is not due to the quality of our hours impute
as our non-imputed series also increases at a similar rate after 2014. Correlations between these hours
series and the cyclical indicators show the CES and CPS series are highly procyclical while the CPS
(Full-Time) and our imputed hours series are much less so. These are shown in Table C2.

Figure C3 shows our imputed wage series from our eleven state data set as well as other wage
series available from the CES and ECEC. Also included is our non-imputed wage series from our
four state data set, again only shown from 2011Q3 on when hours data are complete. Our imputed
wage series is similar in trend to the others in the figure. Alllines suggests wages rose on average
during the late 1990s and were mostly flat afterwards. While the other series show a slight increase in
wages during the 2007-2009 recession, our imputed series suggests wages remained roughly the same.
However, all lines do display a slight increase in wages at the end of the time series. Our imputed
series is substantially higher than the others, with the exception of the ECEC’s total compensation line,
but it is similar in level to our non-imputed series suggesting our hours impute is functioning well.
Correlations in Table C3 between these wage series and the cyclical indicators reveal our imputed and
non-imputed series are procyclical while those from the CES and ECEC are countercyclical.
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Figure C2: Trends in Average Hours in the U.S., 1996-2015

Notes: All values have been seasonally adjusted and Henderson-filtered using x12, unless indicated otherwise below.
Shaded areas indicate recessions. CES indicates the Current Employment Statistics’ average weekly hours series for
production and nonsupervisory employees in the private sector, multiplied by 13. CPS (Full-Time) indicates the Current
Population Survey’s seasonally adjusted average total hours at work series for workers in all industries who are 16+ years,
multiplied by 13. CPS indicates the Current Population Survey’s hours worked last week series, multiplied by 13; the
average was calculated directly from the microdata (see text). LEHD 11 State indicates our average imputed hours series
from our eleven state sample. LEHD 4 State indicates our average non-imputed hours series from our four state sample.
This series begins in 2011Q3 when the hours data for the four state data set is complete.
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Figure C3: Trends in Average Wages in the U.S., 1996-2015

Notes: All values are in 2014 constant dollars and have been seasonally adjusted and Henderson-filtered using x12.
Shaded areas indicate recessions. CES indicates the Current Employment Statistics’ average hourly earnings series for
production and nonsupervisory employees in the private sector, multiplied by 13. ECEC WS indicates the Employer Costs
of Employee Compensation Survey’s cost per hour worked (wages and salaries) series of all private industry employees
for all occupations, multiplied by 13. ECEC Comp. indicatesthe Employer Costs of Employee Compensation Survey’s
cost per hour worked (total compensation, including wages and salaries and benefit compensation) of all private industry
employees for all occupations, multiplied by 13. LEHD 11 State indicates our average imputed wage series from our
eleven state sample. LEHD 4 State indicates our average non-imputed wage series from our four state sample. This series
begins in 2011Q3 when the hours data for the four state data set is complete.
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Table C3: Correlations - Wages

Source Series Real GDP Unemployment Rate
LEHD 11 State Avg Quarterly Wages 0.446 -0.267
LEHD 4 State Avg Quarterly Wages 0.303 -0.146
CES Avg Hourly Earnings -0.279 0.363
ECEC Hourly Cost of Wages and Salaries -0.142 0.200
ECEC Hourly Cost of Compensation -0.125 0.177

Notes: Real GDP is the first difference of the log of the seasonally-adjusted and Henderson-filtered real GDP and is
in log 2014 constant dollars. Unemployment Rate is the first difference of the log of the seasonally-adjusted national
unemployment rate. Correlations with these cyclical indicators were calculated using the first difference of the log of
the seasonally-adjusted and Henderson-filtered wage series from 1996Q1 to 2015Q4. All wage series are in log 2014
constant dollars.

D Earnings and Employment Shares Over Time by Transition
Type

Summary statistics that document the basic features of our four state and eleven state data sets are
shown in Table D1. Each dataset detailed below consists of a one percent sample from the employed
population in each group of states. See Section 2.2 for a detailed listing of the states found in each
group.

Table D1: Summary Statistics

Statistic Overall Stayers Emp. to Emp. Residual
Four States with Observed Hours Data,

Unbalanced Panel of States
Average Earnings 12097 12559 7981 7923
Average Hours 438 445 383 369
Average Wages 27 28 21 21
Average Employment Share 100 85 4 12

Eleven States with Earnings 1996-2015,
Mostly Imputed Hours and Wages

Average Earnings 12203 12905 8042 6812
Average Hours 438 461 393 337
Average Wages 29 30 21 20
Average Employment Share 100 81 4 15

Notes: Summary statistics are presented for two analysis datasets. The top set are of the non-imputed earnings, hours,
and wages data from four states. The bottom set are of the non-imputed earnings data and mostly imputed hours and
wages data from eleven states. Sample size is the number of unique persons (PIKs) from 1996Q1 to 2015Q4. Average
Earnings, Hours, and Wages are the averages of quarterly averages from 1996Q1 to 2015Q4. Quarterly averages are
calculated as the average of the means in quarters t and t-1. Average Employment Share is the average employment
share from 1996Q1 to 2015Q4. Overall indicates the overall average. Stayers the average for job stayers. Emp. to
Emp. the average for those changing employers. Residual theaverage for those entering and exiting nonemployment.

While we focus on growth in earnings for the majority of our analysis, it is useful to document
the earnings levels data that is the basis for our analysis. Figure D1 shows average earnings for job
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stayers, employer-to-employer transitions, and flows intoand out of nonemployment. Job stayers in
timest −1 andt have the highest average earnings and exhibit incremental increases from timet −1
to timet. These increases are smallest during economic downturns (indicated by shaded areas). The
next to highest earnings levels are found in the earnings of job-to-job flows in timet. These earnings
tend to be markedly higher, about $3,000 more, than earningsfor the same workers in timet −1. The
remaining lines show earnings of workers transitioning into and from nonemployment. Earnings of
exiters in timet −1 tend to be about $500 greater than earnings of entrants in time t, which can be
attributed to tenure and composition effects. Figure D2 shows the same figure in logs.

Since we decompose earnings growth into change in average earnings and change in shares by
type of job transition, it is also important to look at how employment shares have changed over the
past two decades. In Figure D3, we see employment is generally dominated by job stayers. In the
late 1990s, this group of workers made up roughly 86% of employment. This share subsequently
increased by about 3%, largely due to a level shift after the 2001 recession, and has remained just
under 90% since 2010. Meanwhile, the share of employer-to-employer transitions fell from 5% in the
late 1990s to a low of 3% after the 2007-2009 recession. It hassubsequently returned to levels seen
before the 2001 recession and is approximately 5% again. Theshares of entrants and exiters started
at roughly 9% of employment in the beginning of the time series but have decreased, mostly during
recessions, to 7%.

For workers who have full quarter earnings in timest −1 andt, i.e. job stayers and employer-to-
employer transitioners, it is also important to note their shares vary depending on whether employment
at timet −1 or t is used as the denominator. In the U.S., employment typically grows from timet −1
to time t, so employment shares by type of job transitions, and consequently contributions to the
average, change even though the numerator remains the same.To better understand this, consider job
stayers. When employment grows, the number of job stayers in time t remains the same but their
share is lower when the denominator is employment in timet compared to employment in timet −1.
In Figure D3, we see the solid blue line is generally lower than the red line. This is similarly the case,
although to a far smaller degree, for employer-to-employertransitioners.
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Figure D1: Average Quarterly Earnings for Stayers and Transitioners in the U.S., 1996-2015

Notes: All data are presented in 2014 constant dollars, and are seasonally-adjusted and Henderson-filtered using x12.
Shaded areas indicate recessions. Stayers Earnings at timet indicates the earnings of job stayers in timet. Stayers
Earnings at timet −1 indicates the earnings of job stayers in timet −1. Emp. to Emp. Earnings at timet indicates the
earnings of employer-to-employer transitions in timet. Emp. to Emp. Earnings at timet −1 indicates the earnings of
employer-to-employer transitions in timet − 1. Entrants Earnings at timet indicates the earnings of workers entering
employment from nonemployment in timet. Exiters Earnings at timet − 1 indicates the earnings of workers exiting
employment into nonemployment in timet −1.
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Figure D2: Average Quarterly Log Earnings for Stayers and Transitioners in the U.S., 1996-2015

Notes: All data are presented in log 2014 constant dollars, and are seasonally-adjusted and Henderson-filtered using x12.
Shaded areas indicate recessions. Stayers Log Earnings at timet indicates the log earnings of job stayers in timet. Stayers
Log Earnings at timet −1 indicates the log earnings of job stayers in timet −1. Emp. to Emp. Log Earnings at time
t indicates the log earnings of employer-to-employer transitions in timet. Emp. to Emp. Log Earnings at timet − 1
indicates the log earnings of employer-to-employer transitions in timet −1. Entrants Log Earnings at timet indicates the
log earnings of workers entering employment from nonemployment in timet. Exiters Log Earnings at timet −1 indicates
the log earnings of workers exiting employment into nonemployment in timet −1.
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Figure D3: Share of Employment Transitions, 1996-2015

Notes: All data are seasonally-adjusted and Henderson-filtered using x12. Shaded areas indicate recessions. Stayers
Share of Employment at timet − 1 indicates the number of job stayers divided by employment in time t − 1. Stayers
Share of Employment at timet indicates the number of job stayers divided by employment intime t. Emp. to Emp. Share
of Employment at timet −1 indicates the number of employer-to-employer transitions divided by employment in time
t −1. Emp. to Emp. Share of Employment at timet indicates the number of employer-to-employer transitionsdivided by
employment in timet. Exiters Share of Employment at timet −1 indicates the number of workers exiting employment
into nonemployment divided by employment in timet −1. Entrants Share of Employment at timet indicates the number
of workers entering employment from nonemployment dividedby employment in timet.
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E Additional Results

In Table E1, we apply a common sample selection technique that dates at least back to Bils (1985) and
drops nonemployment transitions that have a relatively long duration. We also drop recalls. Regres-
sions run on this restricted sample have some small differences relative to our main results in Table 1.
New hires from nonemployment appear to respond differentlyto changes in the unemployment rate
from new hires from other employers. This is especially apparent in the first difference specification,
where earnings of new hires from nonemployment respond muchmore strongly to changes in the
unemployment rate.

The average change in earnings, hours, and wages in levels and by component is shown in Figure
E1. The main differences relative to Figure 1 are the contributions of nonemployment and employer-
to-employer transitions to earnings and wages. In levels, nonemployment transitions detract and
employer-to-employer transitions contribute comparatively less to earnings and wage growth. In con-
trast, the relative contributions to hours are qualitatively similar to the results in logs. This is a natural
consequence of the log transformation, which gives proportionately more weight to changes in earn-
ings and wages for workers who earn relatively little. For example, a roughly 10% proportionate
earnings change from an employer-to-employer transition for a low-earnings worker will contribute
more to the average after a log transformation than before. These earnings gains are still driven by
gains in hours.
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Table E1: Unemployment Rate Regressions: Dropping Recalls andLong Nonemployment Spells

First Difference Person-specific Fixed Effects Match-specific Fixed Effects
Earnings Hours Wages Earnings Hours Wages Earnings Hours Wages

Four States with Observed Hours Data,
Unbalanced Panel of States

Baseline −0.008∗∗∗ −0.007∗∗∗ −0.002∗∗∗ −0.018∗∗∗ −0.009∗∗∗ −0.009∗∗∗ −0.009∗∗∗ −0.005∗∗∗ −0.004∗∗∗

(γ1) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
New hire: −0.035∗∗∗ −0.014∗∗∗ −0.020∗∗∗ −0.019∗∗∗ −0.012∗∗∗ −0.006∗∗∗ −0.003∗∗∗ −0.005∗∗∗ 0.002∗∗∗

Emp. (γ2) (0.004) (0.004) (0.003) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
New hire: −0.097∗∗∗ −0.051∗∗∗ −0.038∗∗∗ −0.014∗∗∗ −0.008∗∗∗ −0.005∗∗∗ −0.004∗∗∗ −0.004∗∗∗ 0.000
Nonemp. (γ3) (0.004) (0.004) (0.003) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Eleven States with Earnings 1996-2015,
Mostly Imputed Hours and Wages

Baseline −0.008∗∗∗ −0.003∗∗∗ −0.006∗∗∗ −0.014∗∗∗ −0.006∗∗∗ −0.009∗∗∗ −0.009∗∗∗ −0.002∗∗∗ −0.007∗∗∗

(γ1) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
New hire: −0.062∗∗∗ −0.029∗∗∗ −0.033∗∗∗ −0.018∗∗∗ −0.012∗∗∗ −0.006∗∗∗ −0.003∗∗∗ −0.004∗∗∗ 0.000
Emp. (γ2) (0.001) (0.002) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
New hire: −0.101∗∗∗ −0.028∗∗∗ −0.060∗∗∗ −0.014∗∗∗ −0.007∗∗∗ −0.007∗∗∗ −0.003∗∗∗ −0.002∗∗∗ −0.001∗∗∗

Nonemp. (γ3) (0.002) (0.002) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Regressions were run using two analysis datasets. The top set of results are from regressions using non-imputed, disaggregated earnings, hours, and wages data
from four states. The bottom set of results are from regressions using non-imputed, disaggregated earnings data and mostly imputed, disaggregated hours and
wages data from eleven states. Regressions were run using a first difference specification as well as with person-specificfixed effects and match-specific fixed
effects. They were further restricted to exclude flows to andfrom nonemployment that were recalls to a previous job as well as those that involved nonemployment
spells longer than five quarters. Additional control variables for all three specifications include age, job tenure, andvarious dummy variables that indicate whether
a worker is newly hired from another employer or nonemployment, whether it is the last quarter of a specific employer-employee match by type of new hire, and
specific time trends and seasonal effects that are specific toparticular transition types. Earnings and wages series arepresented in log 2014 constant dollars.γ1

is the parameter estimate for the seasonally-adjusted national unemployment rateut , and provides the responsiveness of job stayers.γ2 is the parameter estimate
for the interaction term of the seasonally-adjusted national unemployment rate and a flag for a new hire from an employer-to-employer transitionutqit , i.e., the
responsiveness of employer-to-employer transition hiresrelative to stayers.γ3 is the parameter estimate for the interaction term of the seasonally-adjusted national
unemployment rate and a flag for flows from nonemployment to employmentutnit , i.e., the responsiveness of new hire from nonemployment relative to stayers *
denotes statistical significance at the 10% confidence level, ** at the 5% confidence level, and *** at 1%.
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Figure E1: Average Change and Contribution by Component, in Levels

(a) Earnings

(b) Hours

(c) Wages

Notes: All series have been seasonally-adjusted and Henderson-filtered using x12. Earnings and wages series are

presented in 2014 constant dollars. Shaded areas indicate recessions. Overall indicates the total change. Stayers

indicates the component attributable to the change for job stayers multiplied by the average share of job stayers.

Emp. to Emp. indicates the component attributable to the change for employer-to-employer transitions multiplied by

the average share of employer-to-employer transitions. EN& NE indicates the sum of the component attributable to

the difference between entrants and exiters multiplied by the average share of entrants and exiters and the change in

share of employment where data are observable multiplied bythe average for that quarter.
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