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Abstract

This article studies the prevalent earnings cuts upon transitions (ECUTs) in the
U.S. labor market. Using data from the Longitudinal Employer-Household Dynam-
ics and the National Survey of College Graduates, I identify workers’ transition
motivations and quantify the incidence of ECUTs by motivation type. I find that
pecuniary motivation is the major driver for transitions. Yet many movers report-
ing it as the sole motivation still experience ECUTs. Further analyses show that
workers who transition for pecuniary reasons have higher future earnings growth
and higher probability of subsequent transitions. I argue that certain employers
serve as “stepping-stones” by offering better prospects for moving to better employ-
ers. Pursuing stepping-stone employers thus represents a pecuniary motivation
for job transitions and partially explains ECUTs. To formalize this mechanism,
I develop a random search model in which employers differ in both quantity and
quality of job offer arrival rates. Estimated results show that stepping-stone em-
ployers, particularly those with higher rates of quality offers, function as a critical
pecuniary motivation for transitions and ECUTs.
Keywords: Earnings cuts; Earnings dynamics; Transitions; Motivations for tran-
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1 Introduction

In standard search theory, workers typically climb up the job ladder by transitioning
to higher-paying jobs (e.g. McCall, 1970; Burdett and Mortensen, 1998). However,
an expanding body of micro-datasets reveals that a substantial portion of job-to-job
or employer-to-employer transitions involve earnings or wage cuts, with these cases
generally exceeding a third of such transitions.1 2 The prevalence of earnings cuts upon
transitions (hereafter, ECUTs) may indicate inefficiencies within the labor market or
declines in worker well-being. Understanding the motivations behind ECUTs provides
insights into underlying labor market dynamics and identifying potential targets for
policy intervention.

Recent research has proposed several potential explanations for ECUTs across four
main dimensions. First, limitations in data structure may introduce measurement er-
rors that overestimate the incidence of “real” cuts upon transitions (e.g. Bertheau and
Vejlin, 2022). Second, certain employer characteristics, such as better productivity
or learning environment, lead workers to accept lower initial wages in anticipation
of future wage growth within the same employer (e.g. Postel-Vinay and Robin, 2002;
Cahuc et al., 2006; Gregory, 2020). Third, non-wage compensation, or job amenities,
may play a role in ECUTs (e.g. Hall and Mueller, 2018; Sorkin, 2018). Finally, ECUTs
may result from reallocation shocks, or so-called “Godfather shock”, which relate to
the individual reasons including family-related or school-related issues (e.g. Moscarini
and Postel-Vinay, 2018).3 While these explanations offer valuable insights, empirical
evidence quantifying their relative contributions to transitions and earnings cuts re-
mains scarce, constraining our understanding of the primary drivers of ECUTs. Fur-
thermore, there is limited exploration of how specific employer characteristics might
shape future earnings trajectories following these transitions.

This paper addresses the aforementioned challenges from two main parts. First,
I utilize the Longitudinal Employer-Household Dynamics (LEHD) and the National
Survey of College Graduates (NSCG) data to empirically examine transitions and

1For instance, Postel-Vinay and Robin (2002) report that 32-55% of job-to-job transitions in France
involve real wage reductions, while Fujita (2010) find a similar share of 30-54% in the UK. In the U.S.,
Sorkin (2018) estimate that earnings cuts occur in approximately 37% of employer-to-employer (EE)
transitions and around 40% of all transitions across 27 states.

2As explained in Fujita et al. (2024) ‘job-to-job’ (J2J) may be internal restructuring and reorganiza-
tions within the employer. Although I acknowledge the effect of J2J transition on earnings, this paper
focus on the EE transitions. The distinction will be identified in the data section.

3The “Godfather shock” refers to a shock on workers analogous to “an offer they can’t refuse,” a phrase
famously delivered by Marlon Brando in Francis Ford Coppola’s film The Godfather.
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earnings dynamics. These datasets provide a unique lens through which we can ana-
lyze the motivations behind transitions and their impact on earnings dynamics. The
empirical findings introduce an often-overlooked pecuniary motivation for job tran-
sitions: the prospect of future transitions to other employers, which I refer to as
“stepping-stone motivation”. Employers that prompt this motivation are termed
“stepping-stone employers”. Accordingly, the second part of this paper is to formalize
the concept of stepping-stone employers and study its role in transitions and ECUTs,
while also taking into account the wage-tenure profile and non-pecuniary motivations.

I begin by investigating the share of transitions with earnings cuts in U.S. labor
markets using the LEHD dataset. Consistent with previous findings, I document that
earnings cuts occur in roughly one-third to two-fifths of EE transitions. This pattern
holds consistently across years and largely stable across worker characteristics, in-
cluding gender, education level, and age.

Given the frequent occurrence of ECUTs, the empirical analysis unfolds in three
stages. First, I investigate the driving factors behind these transitions and their as-
sociated earnings cuts. Using the administrative data, I verify that the prevalent
ECUTs are not primarily attributable to location difference or measurement errors in
transition timing. By linking the LEHD data with NSCG data, I further identify the
underlying motivations for these transitions and quantify the ECUT share associated
with each motivation. The results indicate that while non-pecuniary factors play a sig-
nificant role, pecuniary motivations predominate, accounting for approximately 60%
of all transitions. Importantly, non-pecuniary explanations alone do not fully account
for the occurrence of ECUTs. Notably, 29% of workers who report only moving for
pecuniary reasons still experience earnings cuts, suggesting that these workers may
anticipate future earnings gains following the initial transitions.

Second, I extend the analysis of pecuniary motivations for transitions by investigat-
ing the relationship between transition motivations and the post-transition earnings
trajectories. My analysis reveals that workers who move for pecuniary reasons exhibit
an post-transition earnings growth rate 6 percentage points higher than those who
transition for non-pecuniary reasons. This differential in earnings growth persists
consistently over a 1-6 year horizon following the initial transition. The effect is par-
ticularly pronounced for workers who experienced ECUTs. These findings highlight
the strategic role of pecuniary-driven transitions in navigating labor market dynam-
ics.

Third, I explore whether certain employers act as “stepping-stones” for workers
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and how this concept influences transitions and ECUTs. I define stepping-stone em-
ployers as those that offer better opportunities for transitioning to more desirable em-
ployers. Workers may therefore accept lower earnings in exchange for improved future
prospects. Using LEHD data, I document that firm-level transition rates exhibit both
significant dispersion and persistence. Regression results indicate a negative rela-
tionship between transition rate of one firm to other higher-paying firms and workers’
earnings changes upon moving into the firm. Additionally, movers driven by pecuniary
motives have a 5% higher probability of making subsequent transitions three years af-
ter initial transitions, compared to those motivated by non-pecuniary factors. These
findings suggest that the pursuit of stepping-stone employers represents another form
of pecuniary motivation in job transitions.

Building on these empirical results, I develop a search model to formalize and fur-
ther examine the role of stepping-stone employers in labor market dynamics. In this
model, each employer is characterized by three key attributes: employer group, pro-
ductivity, and offer arrival rate. The employer group determines the distribution of
productivity and offer arrival rate. Departing from the conventional search models,
offer arrival rates are constructed as vectors, indicating the employer groups from
which the offers are sent. The heterogeneity of vectorized offer arrival rates is the key
to make employers function as “stepping-stones” for workers.

The vectorized arrival rate captures both the quantity and quality of future job
offers. This arrival rate consist of two components: a scalar and a vector. The scalar
component measures the quantity aspect of potential offers. Conversely, the vector
component represents the conditional probability of transitioning from the current
employer group to other employer groups upon receiving an offer, thus capturing the
quality dimension of prospective opportunities. Together, these quantity and quality
components of future job opportunities critically influence workers’ decision-making
within the labor market.

The model further integrates job-specific amenities and individual shocks, allow-
ing for a detailed decomposition of transition motivations into pecuniary and non-
pecuniary drivers. Among pecuniary motivations, I distinguish between “productiv-
ity motivation” and a “stepping-stone motivation.” The stepping-stone motivation cap-
tures a worker’s incentive to transition toward employers offering a more favorable ar-
rival rate. This rate can be enhanced by either a higher scalar component (a greater
volume of job offers), or a vector component (signifying an increased likelihood that
offers come from more productive employers), or both.
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The model, calibrated using LEHD data, successfully replicates key labor mar-
ket moments. It also aligns well with the untargeted ECUT share, and its break-
down by reported motivations from the linked NSCG-LEHD data. Additionally, the
model yields insights into the role of stepping-stone employers, which is not directly
observable from the data. Notably, 48% of all transitions and 52% of transitions with
earnings cuts involves stepping-stone motivations. Furthermore, approximately 40%
of transitions for stepping-stone employers are associated with earnings cuts. These
findings underscore stepping-stone motivation as a major pecuniary motivation, not
only for transitions but also for earnings dynamics in the labor market.

Finally, I highlight the role of stepping-stone employers through three counterfac-
tual experiments, each isolating a distinct dimension of employer heterogeneity in offer
arrival rates while holding other parameters constant. Specifically, I control for vari-
ations in the quantity, quality, and combined attributes of offer arrival rates. These
counterfactuals suggest that the influence of stepping-stone employers primarily man-
ifests through the heterogeneity in offer quality encountered by workers engaged in
on-the-job search. Moreover, without stepping-stone employers, ECUT share is about
22% (or 8 percentage points) lower than the baseline scenario. These exercises further
illustrate that stepping-stone motivation plays a significant role in driving pecuniary-
motivated transitions and the incidence of ECUTs in the labor market.

Literature Review
This article speaks to an extensive literature that uses micro-level data to study earn-
ings dynamics and transitions (e.g. Abowd et al., 1999; Kopczuk et al., 2010; Card et al.,
2013; Jinkins and Morin, 2018; Song et al., 2019). Much of the existing research has
focused on the declining earnings associated with transitions, using either matched
employer-employee data (e.g. Postel-Vinay and Robin, 2002; Sorkin, 2018; Briggs et
al., 2019), or survey data (e.g. Fujita, 2010; Visschers and Wiczer, 2022; Faberman et
al., 2022). Recent studies have begun to integrate these two data sources to provide a
more comprehensive view of the labor market. For example, Flaaen et al. (2019) linked
LEHD to the Survey of Income and Program Participation (SIPP), while Haltiwanger
et al. (2023) merged the Current Population Survey (CPS) with LEHD data. This
paper extends this line of inquiry by linking LEHD data with the National Survey of
College Graduates (NSCG) to analyze ECUTs in the U.S. labor market and investigate
its underlying causes. To the best of our knowledge, this is the first study to examine
ECUTs in U.S. with detailed worker characteristics, quantifying the motivations of
these transitions and the associated earnings reductions.
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This paper examines the drivers of ECUTs by analyzing self-reported reasons from
linked survey-administrative data. This methodology bridges multiple strands of lit-
erature on the determinants of job transitions and the associated earnings reductions,
particularly drawing from two key areas. The first area recognizes that earnings cuts
may reflect non-pecuniary job characteristics, as acknowledged in several studies (e.g.
Sullivan and To, 2014; Hall and Mueller, 2018; Taber and Vejlin, 2020). Some struc-
turally estimate the non-pecuniary value of jobs (e.g. Lamadon et al., 2022, 2024).
For example, Sorkin (2018) estimates the non-pay value of jobs by analyzing worker
mobility through a revealed preference framework, which presumes universally held
firm rankings among workers and overlooks other potential causes for ECUTs, such
as pecuniary motivations and individual shocks. Additionally, Lentz et al. (2023) al-
lows for wage and non-wage attributes through both worker and firm heterogeneity.
Nevertheless, due to data limitations, studies in this domain lack direct evidence on
the relative importance of non-pecuniary versus pecuniary motivations in transitions
and ECUTs. This paper shed light on this literature by directly exploiting pecuniary
and non-pecuniary reported motivations for transitions and empirically distinguish-
ing their impact on earnings dynamics.

The second strand of literature emphasizes pecuniary motivations as the primary
explanation for the occurrence of ECUTs. This research often quantifies the long-term
pecuniary returns associated with workers’ forward-looking decisions to change em-
ployers. It is well-established that workers’ choices are driven by expectations of future
benefits. For example, Topel and Ward (1992) provide compelling evidence that work-
ers frequently change employers, and these job transitions are positively correlated
with long-term earnings growth. Similarly, Borovičková and Macaluso (2024) examine
heterogeneous job ladders through a life-cycle perspective, showing that early-career
employer transitions generally lead to wage increases, especially for high-income work-
ers. By leveraging linked survey-administrative data, I contribute by examining how
these motivations align with subsequent earnings outcomes and to further investigate
the influence of specific employer characteristics on this relationship.

In the context of forward-looking decision-making, the literature often empha-
sizes the role of employer characteristics (productivity) in offering wage-tenure profile
within the job. For instance, Postel-Vinay and Robin (2002) and Cahuc et al. (2006)
develop a novel sequential auction model in which workers may accept wage cuts to
transition to employers with higher productivity, who promise greater future wage
growth within the job. Since then, a growing body of research has further refined this
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wage-setting mechanism, incorporating heterogeneity among both workers and em-
ployers. For example, Gregory (2020) explores the impact of heterogeneous learning
environments regarding employer characteristics on workers’ human capital accumu-
lation.4 Jarosch (2023) examines how differing separation rates across jobs introduce
a trade-off between wages and job security for workers.

This paper further contributes by introducing “stepping-stone employers” as an-
other pecuniary explanation of transitions and ECUTs. While the concept of “stepping-
stone” is not new in the literature, there has been limited investigation into how
employer-level heterogeneity in offer arrival rates affects earnings dynamics until very
recently.5 For instance, Nimczik (2023) employs a data-driven approach to endoge-
nously identify labor markets where firms vary in their ability to attract and release
workers. Similarly, Berger et al. (2024) examine the concentration of granular mar-
kets, demonstrating how this concentration leads to heterogeneous arrival rates for
workers. Additionally, Del Prato (2023) introduces the concept of “connectivity” as a
employer attribute that captures heterogeneity in meeting rates, empirically approxi-
mating this attribute using a firm’s degree centrality within the job-to-job network to
study labor dynamics in Italy. However, he classifies connectivity as a non-pecuniary
factor in transitions, disregarding job preferences. This paper distinguishes from ex-
isting literatures by defining stepping-stone employers with heterogeneous vectorized
offer arrival rates that captures both quantity and quality of future offers. I relate this
notion to pecuniary motivation for transitions and quantify its role in labor market.

Roadmap
The remainder of the paper is organized as follows. Section 2 describes datasets of
this paper. Section 3 examines the patterns of ECUTs and the reported motivations
for transitions, and their relationship with future earnings dynamics. Section 4 pro-
vide suggestive evidence that some employers function as stepping-stones for workers.
Section 5 develops a search model to formalize stepping-stone employers and quanti-
tatively analyze their role in transitions and ECUTs. Finally, Section 6 concludes.

4Arellano-Bover and Saltiel (2024) empirically demonstrates significant heterogeneity in learning
opportunities across firms.

5Previous literatures view “stepping-stone” differently. For example, Nyarko and Jovanovic (1997)
models “stepping-stone” jobs as positions where workers acquire transferable skills through specific
tasks, prompting movement to other occupations. Booth et al. (2002) conceptualize “stepping-stone”
jobs as transitory positions that can lead to improved job matches, particularly when a transition moves
workers from temporary to permanent roles. This paper builds on these insights by focusing directly on
the dynamics of employer-to-employer transitions, incorporating both learning and skill accumulation
mechanisms within the broader framework of job mobility.
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2 Data

In this study, I employ three datasets to examine worker transitions in the U.S. labor
market: the Longitudinal Employer-Household Dynamics (LEHD), the National Sur-
vey of College Graduates (NSCG), and a unique dataset created by linking the two. I
use LEHD dataset to examine the patterns of ECUTs in the U.S. and to explore tran-
sition rates at the firm level. The NSCG offers insights into workers’ motivations for
transitioning between employers. After linking the NSCG with the LEHD, I relate
the transition motivations to earnings dynamics and future mobility patterns. The
analysis covers employment records from 2010 to 2019 across 28 U.S. states.6

2.1 The Longitudinal Employer-Household Dynamics

The LEHD data set is matched employer-employee data of quarterly earnings.7 Be-
cause it is constructed from unemployment insurance (UI) records, an employer is a
state-level UI account.8 For a firm with a single establishment, this concept aligns
directly with the firm itself. However, for firms operating across multiple states, this
concept applies to a unit smaller than the entire firm.9 Sorkin (2018) suggests that
working conditions tend to be more homogeneous within establishments than across
an employer’s various locations. Consequently, adopting a narrower definition of the
employer, focused on establishments, may be more appropriate for accurately captur-
ing compensating differentials.

I clean the LEHD data by closely following Sorkin (2018).10 First, I restructure
the data into an annual panel, assigning each worker a primary employer for each
year based on the employer providing the highest total earnings within that calendar
year. Moreover, I require the following restrictions: (1) workers are aged 20-60 (in-

6AZ, CA, CO, CT, DE, IN, KS, MA, MD, ME, MT, ND, NE, NJ, NM, NV, OH, OK, PA, SC, SD, TN,
TX, UT, VA, WA, WI, WY. See a map in Appendix A.1.

7“Earnings” are defined by UI records. They includes “gross wages and salaries, bonuses, stock op-
tions, tips and other gratuities, and the value of meals and lodging”. They do not reflect “employer
contributions to Old-age, Survivors, and Disability Insurance (OASDI), health insurance; unemploy-
ment insurance, workers’ compensation, or private pension and welfare funds” (BLS 1997, 44). See
Abowd et al. (2009) for details about the LEHD.

8Employers and firms are considered interchangeable throughout this paper.
9Firms could have multiple UI accounts in many states or in one state if the they have business

in multiple industries. In the Successor-Predecessor Files (SPF), cross-state firm relocations are not
identified here, and such events would be interpreted as separations in the original state and accessions
in the destination state.

10The dataset employed by Sorkin (2018) covers the period from 2000 to 2008 and includes 27 states
that overlap with those analyzed in this paper.
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clusive); (2) firms must employ a minimum of 20 workers; (3) annualized earnings are
converted to 2011 dollars using CPI-U, with a minimum threshold of $3,200.11 The re-
sulting annualized LEHD panel contains approximately six hundred million worker-
year observations, encompassing one million distinct workers and five hundred and
forty thousand firms.

Second, I classify all transition into two types: employer-to-employer (EE) and
employer-to-nonemployment-to-employer (ENE).12 Specifically, I define an EE transi-
tion as occurring when the dominant employer in year t differs from that in year t− 1,
and there is at least one overlapping quarter of employment with both employers. This
overlapping quarter can fall in either year t − 1 or year t, depending on the timing of
the transition. An ENE transition is defined as the scenario where the dominant em-
ployer changes, but the transition does not qualify as an EE transition. It is important
to note that workers who exit the dataset and do not return cannot be observed. These
missing observations might represent unemployment, self-employment, or gig work.
In such cases, the type of transition is unobservable.

Third, to address potential data inaccuracies when large groups of workers move
from one employer to another in consecutive periods, I adjust the employer identifiers
using the Successor-Predecessor File. Specifically, I apply a threshold-based rule: if
70% or more of employer A’s workforce shifts to employer B, I interpret this as a rela-
beling or acquisition and exclude these cases from EE transition counts.

2.2 The National Survey of College Graduates

The NSCG is a longitudinal survey that collects information on employment, educa-
tional backgrounds, and demographic characteristics of the college-educated science
and engineering workforce in the United States.13 I utilize four survey cycles that to-
gether document respondents’ answers from the week of October 1, 2010, to the week

11In the Appendix A.2, I analyze the dispersion of earnings using the Abowd et al. (1999) (AKM)
estimation, and summarize the disclosed statistics in Table A1.

12Sorkin (2018) follows Hyatt et al. (2014) and Bjelland et al. (2011) in this classification of transitions.
Their classification is similar to the “within/adjacent quarter approach” in Haltiwanger et al. (2018).

13According to NSCG estimation technique: The final analysis of NSCG estimation weights account
for several factors, including the following: (1) Adjustments to account for undercoverage of recent im-
migrants and undercoverage of recent degree-earners; (2) Adjustment for incorrect names or incomplete
address information on the sampling frame; (3) Differential sampling rates; (4) Adjustments to account
for non-locatability and unit nonresponse; (5) Adjustments to align the dataset distribution with popu-
lation controls; (6) Trimming of extreme weights; (7) Overlap procedures to convert weights that reflect
the population of each individual frame (2013 ACS, 2015 ACS, 2017 ACS, and 2019 ACS) into a final
dataset weight that reflects the 2021 NSCG target population. The final dataset weights enable data
users to derive survey-based estimates of the NSCG target population.
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of February 1, 2019.14

The questionnaire of the NSCG provides detailed information about labor partici-
pation. Specifically, in the Part B of the Questionnaire, respondents are asked a series
of questions about their past employment.

Question B1:
Were you working for pay or profit during both of these time periods: the week of

February 1, t1, and the week of February 1, t2.

In Question B1, t1 and t2 are the starting and ending year of the survey, respec-
tively. For instance, in cycle year 2013, t1 = 2013, t2 = 2010; in cycle year 2019,
t1 = 2019, t2 = 2017. As shown in the Table Table 1, 79% of the respondents and
93.5% of employed workers marked “Yes” indicating they were working for pay/profit.15

Workers who answer “Yes” to Question B1 are guided to Question B2.16

Question B2:
(If Yes) During these two time periods - (survey reference periods) - were you working

for... [Mark one answer.]
1. Same employer and in same type of job
2. Same employer but in different type of job
3. Different employer but in same type of job
4. Different employer and in different type of job

As shown in the Table 1, 72% of the workers are stayers, marking the first response.
Selections 2, 3, or 4 indicate movers who changed jobs during the survey reference
periods. We can tell whether the transition is J2J transition (option 2) or EE transition
(options 3 or 4) from the question. This paper focus on the latter one, which account
for about three quarters of transitions from the Table 1.

Table 1 shows the basic characteristics of the respondents and answers about their
employment. Consistent with Bick et al. (2022), weekly working hours is heavily con-
centrated around 40 hours. The reported annual salary is nominal and increasing.

14Specifically, the reference periods survey cycle 2013, 2015, 2017, and 2019, are Oct. 1, 2010-Feb.
1, 2013, Feb. 1, 2013 - Feb. 1, 2015, Feb. 1, 2015 - Feb. 1, 2017, and Feb. 1, 2017 - Feb. 1, 2019,
respectively.

15The respondents include all labor force status. But workers unemployed or not in labor force are
not working for pay/profit.

16The answer “No” for B1 and the choice 1 of B2 will lead to question part C about other work-related
experience, which will be not discussed in this paper.
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The demographics and labor force status are stable across cycle years, with 53% male,
average age around 44, more than 60% of married workers, and about 2.6% unem-
ployment rate. The unweighted count includes respondents who may be surveyed in
multiple cycles. The last column take account of observations from all four survey
cycles.

Table 1. Summary of NSCG

Characteristics Cycle Year All
2013 2015 2017 2019

Male 0.530 0.532 0.543 0.546 0.537
Age 43.93 44.26 45.53 44.64 44.55
Married 0.656 0.673 0.690 0.677 0.673
Weekly hours worked 41.92 42.02 41.60 41.32 41.72
Annual salary (nominal) 77,889.16 83,727.09 88,842.13 90,468.57 84,924.70
Labor Force Status

Employed 0.834 0.844 0.832 0.844 0.839
Unemployed 0.034 0.024 0.024 0.021 0.026
Not in labor force 0.122 0.132 0.144 0.135 0.136

If employed, work for pay/profit 91.71 94.03 94.24 94.26 93.48
If “Yes”, (during survey periods)

1 Same employer and job 0.700 0.727 0.733 0.730 0.722
2 Same employer different job 0.084 0.077 0.072 0.076 0.077
3 Different employers same job 0.122 0.119 0.119 0.118 0.119
4 Different employers and job 0.094 0.078 0.076 0.076 0.082

Observations 104,599 91,000 83,672 92,537 371,808
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For workers who report to have two different employers during the survey periods
(options 3 or 4), they are guided to Question B3 about the motivation for transitions.

Question B3:
Why did you change your employer or your job? [Mark Yes or No for each item.]

1. Pay, promotion opportunities
2. Working conditions (e.g., hours, equipment, working environment)
3. Job location
4. Change in career or professional interests
5. Family-related reasons (e.g., children, spouse’s job moved)
6. School-related reasons (e.g., returned to school, completed a degree)
7. Laid off or job terminated (includes company closings, mergers, buyouts, grant or

contract ended)
8. Retired
9. Some other reasons

This question offers valuable insights into the motivations behind job transitions.
First, workers are allowed to report multiple reasons, which is quantitatively impor-
tant to understand worker decisions in practice. Second, Questions B1-B3 are sta-
ble and consistent across these four surveys. The respondents are also drawn from
the same dataset frame (the ACS). Third, the provided options encompass the likely
drivers of transitions, including pecuniary reasons, amenities (e.g. working condi-
tions, locations), individual reasons (e.g. family-related, school-related, changed in-
terest or career), and others (e.g. retire, laid off, some other reason).17 18 In Ma (2024),
I study the motivation behind transition with various datasets, and argue that the
NSCG is the best data among them at addressing transition motivations.

17The pecuniary reasons for workers when changing employers typically revolves around financial
incentives and benefits that the employer can provide with direct or indirect monetary gains. In this
paper, I consider the reason/motivation as “pecuniary” if it affects worker utility only through wages
protocol that is related to employer characteristics. In this sense, “Pay/promotion opportunities” defi-
nitely is pecuniary motivation. “Job location” and “Change in career or professional interests” may be
argued by some literature (e.g. Baum-Snow and Pavan, 2012; Visschers and Wiczer, 2022; Bilal, 2023)
as pecuniary-related, but they are also mostly related to personal fulfillment, job satisfaction, and over-
all well-being (e.g. Farzin, 2009, mentions the non-pecuniary aspect of the geographical location of
work), or more related to individual shock. Thus, I categorize them into non-pecuniary.

18Survey data by Faberman et al. (2022) report that 11 percent of employed searchers cite either
relocation or advance notice of a layoff as their primary motivation for on-the-job search. But it is un-
clear how much this “job security” factor can account for the observed transitions. By tracking workers
across two consecutive surveys, I can compare their reported job security satisfaction ratings for their
two main jobs, adjusting for the importance assigned to these jobs by the workers themselves. The
model of this paper, however, attributes the separation rates solely to worker characteristics. For the
purpose of this paper, this factor should be categorized under “Other.”
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2.3 The Linked LEHD-NSCG

To study the relationship between employment and reported reasons of transitions, I
construct a quarterly panel from 2010Q1 to 2019Q1 by appending and merging four
NSCG surveys to the LEHD data based on the unique protected identification key.19

I focus on the sample with consistent workers and movers with one transition dur-
ing the survey period. Specifically, “consistent movers” are those whose employment
histories in the LEHD align with the data reported in the NSCG. In contrast, “in-
consistent movers” either report to have changed employers/jobs not observed in the
LEHD, or they report remaining with the same employer during the survey reference
period but are observed to have transitioned according to LEHD records.20

Furthermore, some workers report multiple employer changes within a single sur-
vey reference period, which could obscure the relationship between their reported tran-
sition motivations and their actual labor market behavior. To address this, I restrict
the sample to workers who are observed to change employers only once during each
survey reference period. Table 2 indicates that about 20% of consistent movers are
dropped from this restriction.

To increase the sample size and enhance the analysis of how initial transition moti-
vations relate to future earnings and subsequent transitions, I supplement the dataset
by appending employment records from the LEHD for consistent workers. This is par-
ticularly important because, after linking the NSCG to the LEHD, many workers who
responded to only one survey no longer have observable employment data after the
survey cycle year.

19Details on the data linking and restrictions are provided in Appendix A.3.
20There are many possible explanations for this inconsistency. (1) Respondents in the NSCG may

report job transitions that have occurred more recently or might anticipate future transitions that
haven’t yet been captured in the LEHD’s administrative records. (2) In the NSCG, job transitions are
self-reported, which may include non-traditional changes, such as internal job transfers within the
same company, changes in job roles, or changes in contract status. These may not always be captured
as job transitions in the LEHD data, which focuses on firm-level separations and hires. (3) Large firms
with multiple locations or subsidiaries may report workers under different UI accounts, leading LEHD
to track a job transition when the worker has just moved within the same firm or its subsidiaries.
(4) Respondents to the NSCG might misremember or incorrectly report their employment transitions,
particularly if the transition occurred some time ago or involved multiple employers in a short period.
(5) Workers may hold multiple jobs at the same time, with the LEHD capturing only the job with the
highest earnings or the most consistent employment record. A transition in the secondary job might be
reported in NSCG but missed in LEHD.
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Table 2 presents summary statistics for all consistent workers and for movers who
experienced a single transition during the survey reference period.21 The statistics
in the first five rows, drawn from the NSCG data, are broadly similar to those re-
ported in Table 1, despite the fact that workers in the linked data tend to be younger.
This suggests that inconsistent workers mainly come from older people who may work
fewer weekly hours. In addition, statistics of age, gender, and marital status for one-
transition movers are not significantly different from all movers including the ones
with multiple transitions. The fifth row shows the quarterly real earnings from the
LEHD, which count into the supplemented employment records.22

Table 2. Summary of the Linked NSCG-LEHD

Consistent dataset All Movers One-Transition Movers

Male worker share 0.53 0.54
Married worker share 0.60 0.61
Average age 35.6 35.7
Average weekly hours worked 42.2 42.6
Mean quarterly real earnings 23,620 25,160
# Firms 39,500 28,000
# Workers 24,500 19,500
# Obs. 229,000 173,000

The numbers are rounded.
21Dillon (2021a,b) linked the NSCG 2010 to the LEHD to evaluate conceptual alignment, coverage,

and agreement of employment history and employer information. She find that the LEHD data provides
very coverage of the NSCG dataset (93.95%). Her analysis found that 74.87 percent of the linked dataset
agreed on employment status, and nearly a third (31.96%) of the linked LEHD salary data is within
five percent of the NSCG value.

22Although I include weighted datasets in analyzing cross-sectional patterns like the distribution
of transitions motivations and the earnings cuts upon transitions, I focus on the unweighted datasets
to track and study the earnings dynamics after transitions. Because, according to NSCG estimation
technique, weights are not designed to account for all possible external factors or shocks that may in-
fluence the outcomes after the endogenous choice. Weights computed at one point in time may not
accurately reflect the worker’s representativeness in subsequent periods, especially if the worker’s sit-
uation changes significantly due to endogenous choices or external shocks. The dataset weights may
obscure the causal pathways of these endogenous choices because weights are typically designed to
adjust for sampling probabilities, not for endogenous decision-making processes. In addition, to tack
longer employment history, I keep the employment records from the LEHD if the workers are surveyed
in some years of NSCG but not seen after. So, for these workers, the survey weight would be miss-
ing after the survey periods. Therefore, weighted analysis might not adequately capture the dynamic
changes resulting from endogenous choices and external shocks.
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The linked data offer two key insights into EE transitions and earnings dynamics.
First, the linked data make use of the question in the NSCG that prompt workers to
report the starting month and year of their principal job, as illustrated below.

Question A20: During what month and year did you start this job (that is, the prin-
cipal job you held during the week of February 1, [cycle year])?

This information is crucial to identify EE transitions as discussed in Section 3.1. Given
that the data are structured as a quarterly panel, the month and year when a job be-
gins allow us to accurately pinpoint the first full quarter of earnings under the new
employer. While the survey also records the month and year of the last paid work for
unemployed respondents, this information pertains only to those who are currently
unemployed and thus does not provide a reliable indicator for determining the end
date of the last job held by currently employed workers.

Second, the linked LEHD-NSCG data with identified motivations for transitions
enable a detailed examination of ECUTs and their relationships with subsequent
transitions and earnings dynamics. Without distinguishing transition motivations,
observed post-transition earnings may obscure the rational basis of the initial transi-
tion decision. For instance, individuals transitioning for non-pecuniary reasons may
follow distinct post-transition earnings trajectories compared to those motivated by
pecuniary factors. Likewise, workers transitioning due to workplace conditions may
have a lower likelihood of subsequent transitions than those driven by pecuniary incen-
tives. Analyzing ECUTs solely through post-transition earnings could yield mislead-
ing conclusions, as aggregate earnings dynamics may mask significant heterogeneity
in transition motives. Therefore, identifying the motivations for initial transitions is
essential for accurately linking ECUTs to future earnings outcomes and the probabil-
ity of subsequent transitions.

3 Earnings Dynamics and Transitions

In this section, I first examine earnings cuts upon transitions (ECUTs) in U.S. labor
market. Based on this feature, I identify and analyze the patterns of transition moti-
vations and their relationship with ECUTs.
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3.1 ECUTs in U.S.

Using the annualized panel from the LEHD, I measure the frequency of ECUTs. Fig-
ure 1 presents the ECUT shares by year, categorized by transition types as defined
in Section 2. The ECUT rate remains persistent at approximately 38% among all
transitions, with a lower rate of 36% for employer-to-employer (EE) transitions. These
results indicate that ECUTs are both persistent and frequent in the U.S. labor market.

Figure 1. ECUT share

Furthermore, I examine the share of ECUTs across different worker characteris-
tics. As shown in Panel A of Table 3, the ECUT rate, measured across all types of tran-
sitions, is lower for college graduates compared to non-college workers; however, the
difference is not substantial. Similarly, the disparity in the ECUT rate between male
and female movers is minimal. While movers under the age of 40 have a lower ECUT
rate than those aged 40 and over, more than a third of transitions among younger
movers still involve earnings cuts.

Moreover, earnings cuts remain prevalent even when applying a more restrictive
criterion for defining ECUT incidence. Specifically, when ECUT is defined as a drop
in earnings of more than 5% upon transition, Table 3 shows that over a third of transi-
tions still result in earnings cuts. This suggests that a significant proportion of ECUTs
are not merely due to minor reductions in earnings. Overall, Figure 1 and Panel A of
Table 3 demonstrate that earnings cuts upon transitions are common in the U.S. labor
market, irrespective of education level, gender, or age.
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Nevertheless, two primary types of measurement error could bias the reported
ECUT share. The first arises from the well-documented variation in earnings across
locations.23. Glaeser (2012) shows that U.S. workers in metropolitan areas with popu-
lations exceeding 1 million earn, on average, 30 percent more than their counterparts
in rural areas. Similarly, Roca and Puga (2017) find that workers obtain earnings
premium when they relocate to larger cities. On the other hand, the cost of living
also varies significantly across regions. For example, a worker moving from Manhat-
tan, New York City, to Rochester, New York State, might see a 10 percent decrease in
earnings, but this reduction may not constitute a real cut, since the cost of living in
Rochester is much lower than in Manhattan.24 If many transitions are of this nature,
accounting for location changes would explain a substantial share of observed ECUTs.

To address location concerns, I focus on the workers whose employers before and
after the transitions are both located in the same county.25 Panel B of Table 3 presents
this county-specific ECUT share. Compared to the unconditional ECUT share in Panel
A, we observe that the ECUT share for movers within the same county is higher for
EE transitions, but lower for ENE and thus all transitions. However, these differences
are not substantial, and the ECUT shares are generally similar. This suggests that
regional factors are not the primary drivers of frequent ECUTs.

The second source of measurement error arises from the timing of employment,
which conflates EE transitions with ENE transitions, particularly when data fre-
quency is quarterly or annual. As highlighted by Bertheau and Vejlin (2022), the
absence of precise start and end dates for employment spells in most datasets hinders
our understanding of EE transitions. When an employer at time t differs from that at
t−1, naively calculating the difference in earnings between t and t−1 may result in an
overestimation of the ECUT ratio if the new job begins at t, and an underestimation
if it starts at t − 1. Consequently, the ECUT share presented in Table 3, based on
annualized earnings, may be biased towards 50%.

23Numerous studies have examined the possible mechanisms behind this phenomenon, such as
Baum-Snow and Pavan (2012) and Roca and Puga (2017). However, this is not the focus of this pa-
per.

24For information on cost of living in county/metro area/state, see data from MIT Living Wage Cal-
culator.

25Appendix A.4 details how I identify and control the counties of employers in the LEHD.
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To mitigate measurement issues, I use the reported job start dates from the linked
NSCG-LEHD dataset. If a worker’s employer at time t differs from the employer at
time t − 1, I compare the first full quarterly earnings with the new employer to the
last full quarterly earnings with the previous employer, and define the ECUT accord-
ingly. Specifically, since the end date of the last job is unknown, I use the earnings
at t − 2 as the last full quarterly earnings, ensuring the worker was employed by the
same employer from time t − 3 to t − 1. If the transition occurs at t∗ = t − 1, the first
full quarterly earnings are taken from t. If the transition occurs at t∗ = t, I define
the first full quarterly earnings as those at t+ 1. I ensure that the worker is continu-
ously employed by the same employer across adjacent quarters for the accuracy of full
quarterly earnings. Ultimately, the data identifies approximately 13,000 transitions,
encompassing around 12,000 distinct movers.

Table 4. ECUT share of Linked NSCG-LEHD data and LEHD data

NSCG-LEHD LEHD

Robust Measure Naive Measure Annualized

ECUT share 0.380 0.435 0.382
Total Transitions 13000 13000 8079000

Number of transitions are rounded to thousands.

The ECUT share based on this robust measure is shown in the first column of
Table 4, labeled “Robust Measure.” For comparison, the second column of Table 4,
labeled “Naive Measure,” reports the ECUT share derived by simply comparing quar-
terly earnings across periods where a different employer is observed. Since the linked
data only cover college graduates, the third column provides the ECUT share and total
number of transitions for movers with a bachelor’s degree or higher within the same
county, using annualized LEHD data as presented in Panel B of Table 3.

Table 4 conveys two main points from . First, it is important to use adjacent full
earnings periods to accurately capture the share of ECUTs, as ECUT share is approx-
imately five percentage points higher when measured without considering transition
timing. Second, the ECUT share of all transitions for college graduates from the an-
nualized LEHD data closely aligns with the ECUT share measured with the linked
NSCG-LEHD data.
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In sum, ECUTs are persist with notable frequency across the U.S. labor market
over the years, irrespective of worker characteristics, and this ECUT share is hardly
attributed to measurement errors.

3.2 Transition Motivations and ECUTs

ECUTs are a prominent feature of the U.S. labor market, but what underlying mech-
anisms drive this phenomenon? Addressing this question requires us to identify the
primary motivations behind transitions and ECUTs. If non-pecuniary factors domi-
nate, then non-wage job attributes or individual-specific shocks may provide key ex-
planations for ECUTs. Alternatively, if pecuniary motives are the primary drivers,
understanding the specific pecuniary factors contributing to observed ECUTs becomes
crucial.

Using the NSCG dataset, I find that pecuniary reason emerge as the predominant
reason for changing employers. Figure 2 displays the distribution of reported motiva-
tions for all EE movers from February 2010 to February 2019. The top panel reports
all selected motivations, including multiple-choice responses, and reveals that pecu-
niary reasons overwhelmingly drive transitions. Specifically, 56% of movers cite “pay
or promotion opportunities” as a key factor. Nevertheless, amenities - such as work-
ing conditions and locations - also contribute meaningfully to these transitions. While
individual reasons, such as a change in interests or family-related concerns, play a
comparatively smaller role, they are not trivial in explaining transitions.

The the bottom panel of Figure 2 focuses on cases where a single reason was in-
dicated, excluding “layoff or job termination” as a motivation.26 This analysis further
highlights the dominance of pecuniary motivation, with 6% of movers indicating it as
their exclusive reason for changing employers. These patterns are consistent across
survey cycles and are robust to the use of weighted data.

Using the linked NSCG-LEHD data, Table 5 displays ECUT share and number
of transitions by motivations. The categories are defined as follows: “payonly” cap-
tures transitions driven solely by pecuniary reasons, specifically “pay or promotion
opportunities”; “payplus” represents transitions motivated by both pecuniary and non-
pecuniary reasons; and “nopay” refers to transitions motivated exclusively by non-
pecuniary factors. We find that pecuniary motivations account for approximately 65%
of all transitions, with 8% of transitions driven purely by pecuniary considerations.

2612% of all EE movers choose “layoff or job terminated” as their sole reason for transitions, with the
majority entering a period of unemployment before their next employment.
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Figure 2. Reported Reasons for Transitions
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Furthermore, transitions motivated by pecuniary reasons are associated with lower
rates of ECUT compared to those driven by non-pecuniary factors. In Table 5 , workers
who transitioned for pecuniary reasons alone exhibit a 28.8% share of ECUT under
the robust measure, while those driven by both pecuniary and non-pecuniary motiva-
tions display a 29.7% share. In contrast, transitions motivated solely by non-pecuniary
reasons show a significantly higher ECUT share of 53.9%. Additionally, the naive mea-
sure indicates that ECUT shares are notably higher for pecuniary-driven transitions
and somewhat lower for non-pecuniary transitions.

Table 5. ECUT Share by Motivations

Motivations Robust Measure Naive Measure Total Transitions

payonly 0.288 0.400 1100
payplus 0.297 0.396 7400
nopay 0.539 0.508 4500

Dataset: Linked NSCG-LEHD

I reexamines the statistics from Table 5 and illustrates in Figure 3 the propor-
tion of pecuniary versus non-pecuniary motivations for employer transitions, condi-
tioned on whether the transition involved an earnings cut (ECUT=1) or not (ECUT=0).
Among transitions with earnings cuts (ECUT=1), approximately half are driven solely
by non-pecuniary factors, with 6.2% of these transitions occurring for exclusively non-
pecuniary reasons. In contrast, for transitions without earnings cuts (ECUT=0), about
one-quarter are motivated purely by non-pecuniary factors, while the share of transi-
tions driven exclusively by pecuniary reasons rises to 9.4%.

The relationship between pecuniary motives and the incidence of ECUTs raises
a key hypothesis: workers driven by pecuniary reasons may face a trade-off between
immediate earnings and future earnings upon transition. In the following, I will ex-
amine whether post-ECUT earnings outcomes are consistent with these underlying
transition incentives.

3.3 Transition Motivations and Earnings after ECUTs

In this subsection, I apply OLS regression to show that pecuniary motivation relates
to higher post-transtion earning growths. Consider a worker i, who is employed by
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Figure 3. Motivations by Transitions with/without Earnings Cuts

employer j′ in quarter t−1 and transitions to employer j in quarter t. Let wit+τ denote
worker i’s future earnings τ quarters after the transition, where k referes to the em-
ployer at that time.27 For simplicity, I define the worker’s base earnings of transition
in t, w̃it, as the last full quarterly earnings from employer j′.28 I define the indica-
tor variable, Dpaytotal

it = 1, if worker i reports pecuniary motivation for the transition
(denoted “paytotal”, including “payonly” and “payplus”).

I estimate the following regression, where the dependent variable is the log wage
ratio log(wit+τ

w̃it
):

log(
wit+τ

w̃it

) = βτ
1D

paytotal
it + βτ

2Xit + βτ
3Zj(i)t + ατ

i + λτ
j(i) + ητt + 󰂃τijt, (1)

where Xit represents time-varying worker characteristics (including wage growth at
transitions, wage growth at the prior employer, weekly working hours at the current
employer, a polynomial in age, and marital status), and αi captures time-invariant
worker characteristics (e.g., gender, race). Similarly, Zj(i)t denotes time-varying char-
acteristics of the employer j where worker i is employed (such as employment size,
payroll growth), while λj(i) controls for time-invariant employer characteristics (e.g.,

27The employer k could either be j (the current employer) or a new employer, depending on whether
the worker undergoes a subsequent transition. The probability of such transitions will be addressed in
the next section.

28Formally, w̃it = wit−2. Since transitions may occur during quarter t − 1, I restrict the sample to
workers employed at firm j′ from quarter t−3 to t−1 to ensure the availability of full quarterly earnings
in t− 2.
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Figure 4. β̂τ
1 and 90% Confidence Interval

sector and state). Finally, ηt is year fixed effect of quarter t.
We are interested in the coefficients βτ

1 with future horizon τ ∈ {4, 8, 12, 16, 20, 24}.
Figure 4 shows workers who transitioned for pecuniary reasons consistently experi-
enced higher wage growth compared to those who transitioned for non-pecuniary rea-
sons. The wage growth premium fluctuates slightly across different time horizons,
peaking at 3 years after the initial transition (6.0%) and being lower in earlier and
later periods. Overall, the results indicate that the motivations behind transitions
are consistent with post-transition earnings trajectories.

4 Stepping-stone Employers

The growth in post-transition earnings encompasses both the earnings growth within
the initial employer following the transition and the gains associated with the em-
ployers after subsequent transitions.29 This decomposition informs the introduction
of “stepping-stone employers” as a distinct pecuniary motivation.

Definition: Stepping-stone employers are those that provide workers with enhanced
prospects for future transitions to more desirable employers.

29Pending U.S. Census approval, I will provide detailed disclosure of post-transition earnings tra-
jectories, breaking down growth into contributions from within-employer advancements and earnings
increases due to further transitions.
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Stepping-stone employers shape both worker mobility and earnings dynamics through
firm-level heterogeneity in transition rates. To begin with, I document the dispersion
and persistence of firm-level transition rates. I analyze whether the transition rate
from one firm to higher-paying employers is systematically associated with workers’
earnings growths following their transitions into the firm. I then establish a link
between the pecuniary motivation driving initial transitions and the probability of
subsequent transitions.

4.1 Transition Rates on Firm Level

The existence of stepping-stone employers hinges on heterogeneous transition rates
on employer level. I construct a firm-level panel by aggregating the LEHD data by
firm ID and year. I calculate firm-level Employer-to-employer (EE) transition rates,
denoted by Πj

t , as the ratio of a firm’s workers making EE transitions to its total em-
ployment in year t. The average firm-level EE transition rate, weighted by firm size,
is 0.062. When firms are categorized into three groups based on their fixed effects in
wage payments (described in greater detail in the following subsection), the results in
Table 10 reveal significant dispersion in firm-level transition rates. Specifically, the
weighted average EE rates for the three groups are 0.076, 0.059, and 0.051, respec-
tively, with corresponding standard deviations within each group of 0.045, 0.046, and
0.043.

I next establish the persistence of firm-level transition rates by estimating the fol-
lowing specification:

Πj
t = βΠj

avg(t) + 󰂃t

where Πj
avg(t) is the three-year average transition rate before year t.30 Table 6 presents

the results of various specifications. Columns (1) shows the results of simple OLS
regressions. Regression in column (2) drops extreme values of the regressors that
are larger than 0.7 or lower than 0.01. Column (3) replicates the regression from
column (1), but applies employment size as weights. Similarly, column (4) extends
the specification in column (2) by also weighting by employment size and including
year fixed effects. The findings consistently demonstrate that transition rates exhibit
significant persistence.

30In Appendix C, I use the firm-level transition rate in the previous year, Πj
t−1, as an alternative

proxy to predict Πj
t . The results are robust.
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Table 6. Persistence of firm-level transition rates

Πj
t (1) (2) (3) (4)

Πj
avg(t) 0.91 0.95 0.91 0.96

(0.0005) (0.0004) (0.005) (0.0004)
Year FE N Y N Y
R2 0.72 0.72 0.79 0.80
Observations 2,342,000

The number of observation is rounded with fours significant digits.
Std.errs are included in the brackets.

4.2 Transition Rates and Earnings Dynamics Upon Transitions

The intuition behind the role of stepping-stone employers in ECUTs is that workers
may accept lower wages from current employers at the beginning if they anticipate
higher probabilities of transitioning to more desirable firms, based on the employer’s
past transition patterns. This reflects not only the scale of firm-level transition rates
but also the direction of these transitions in determining labor market outcomes. I
test this intuition in two steps.

First, I use higher-paying firms as proxy for “more desirable” employers. To rank
firms by their pay levels, I estimate the firm fixed effects using the method introduced
by Abowd et al. (1999) (hereafter, AKM), as described below:

logwit = αi + ψj(it) +Xitβ + εit (2)

where wit is the annualized earnings of worker i in year t, αi is worker fixed effect, ψj(it)

is the fixed effect of firm j where worker i is employed, and Xit is a set of covariates
including higher-order polynomial terms in age.31

I partition the estimated firm fixed effects, ψ̂j, into three distinct groups.32 Firms
in Group 3 offer the highest wages, followed by those in Group 2, with firms in Group
1 offering the lowest wages. Figure 5 illustrates the average flow ratio of workers who
make EE transitions across these groups. A majority of workers transitioning within

31The control variables follow the specification in Song et al. (2019). Table A1 in the Appendix
presents the decomposition of earnings dispersion and compares it with other studies that utilize LEHD
data.

32The choice of three groups is not critical to the analysis. This choice was made for two reasons:
(1) an odd number of groups facilitates analyzing labor flows from the middle group to the others,
maintaining a symmetric distribution of higher and lower ψ̂j ; and (2) increasing the number of groups
would complicate the data disclosure process without providing additional analytical insights.
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their own employer groups. Transitions from Group 1 to Group 3 are infrequent, oc-
curring with a probability of only 15.5%, while moves from Group 3 to Group 1 are
even rarer, with a probability of 7.3%.

Figure 5. Labor Flow Ratio Between Firm Groups

In the second step, I examine the relationship between the transition rate of one
firm to higher-paying firm groups and the earnings changes of worker who just move
into this firm. Specifically, I denote πup

jt as the expected transition rate, in year t, from
employer j to higher-paying employers. Then, I estimate the following regression for
workers who have recently made EE transitions in the LEHD panel:

∆ log(wit) = βup
1 πup

j(i)t + β2xit + β3zj(i)t + αi + ηt + 󰂃ijt, (3)

where the dependent variable (log(wit)−log(wit−1)) captures the change in log earnings
for worker i in year t following the EE transition, with wit representing annualized
earnings in year t. The explanatory variables on the right-hand side includes αi, a
worker fixed effect; xit, a set of time-varying worker characteristics (e.g., a polynomial
function of age); zjt time-varying employer characteristics; and ηt, a year fixed effect.33

I employ two estimation strategies. The first is an OLS regression, which directly
uses the three-year average transition rates prior to year t from firm j to higher-
payingfirms, serving as proxies for πup

jt .34 The second approach leverages these three-
year average transition rates as instruments in a Two-Stage Least Squares (2SLS)

33In addition to firm size and growth, zjt also includes πdown
jt which represents the expected transition

rate from employer j to lower-paying employers in year t.
34The term πup

j(i)t captures instances where worker i transitions from group 3 to either group 2 or 3,

26



framework to predict πup
jt . Intuitively, we expect the coefficients of the upward transi-

tion rates, βup
1 , to be negative if there is a “stepping-stone” premium in wages.

The negative estimators in Table 7 are consistent with our hypothesis. The first
two columns report OLS estimates, while columns (3) and (4) present results from the
2SLS specification. Given that πup

jt is constructed between 0 and 1, the findings suggest
that a one percentage point increase in the transition rate to higher-paying employer
groups is associated with a 1.6 to 1.8 percentage point decrease in the earnings growth
rate upon transitioning to employer j.

Table 7. Earnings dynamics upon transitions and transition rates

OLS 2SLS

∆ log(wit) (1) (2) (3) (4)
πup
j -1.65 -1.64 -1.81 -1.81

(0.009) (0.009) (0.011) (0.011)
Year FE Y Y Y Y
Worker FE Y Y Y Y
State FE N Y N Y
Observations 9,652,000

The number of sample observation is rounded with four significant digits.
Std.errs are included in the brackets.

4.3 Transition Motivations and Subsequent Transitions

Workers often undergo additional transitions within a relatively short period following
an initial move. In this part, I examine the link between pecuniary motivations and
the probability of subsequent transitions. Table 8 presents the unconditional proba-
bility of subsequent transitions with the number of years since the initial transition
increases.

In the following regression, the regressor is a dummy variable, I{jt+τ ∕= jt}, which
takes the value of one if worker i transitions to a different employer j within τ quarters
(τ = 4, 8, 12, . . . , 24) after their initial move.

I{jt+τ ∕= jt} = βτ
1D

pay
it + βτ

2Xit + βτ
3Zjt + ατ

i + λτ
j + ητt + 󰂃τijt, (4)

as well as transitions from group 2 to group 3. Conversely, πdown
j(i)t represents the probability that worker

i moves from group 3 to either group 2 or 1, or transitions from group 2 to group 1.
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Table 8. Unconditional probability of subsequent transitions

Years after initial transition 1 2 3 4 5 6
Unconditional prob. 0.057 0.200 0.350 0.445 0.517 0.558
Observations 10500 8400 7000 5300 4200 2600

Dataset: Linked NSCG-LEHD

where Dpay
it is the dummy variable indicating the pecuniary reason selected, and other

variables are the same as those in the equation (1). Specifically, Xit is time-varying
worker characteristics (including wage growth at transitions, wage growth at the prior
employer, weekly working hours at the current employer, a polynomial in age, and
marital status), and αi represents time-invariant worker characteristics (e.g., gender,
race). Similarly, Zj(i)t includes time-varying characteristics of the employer j where
worker i is employed, such as employment size, payroll growth, while λj(i) controls for
time-invariant employer characteristics (e.g., sector and state). ηt is year fixed effect
of quarter t.

I construct two indicators for Dpay
it . The first, labeled “payonly,” takes a value of

one if the worker reports moving solely for pecuniary reasons. The second, labeled
“payand,” expands the definition of “payonly” to include movers motivated by pecu-
niary reasons as well as other non-pecuniary factors, with the exception of “working
conditions.”35

The estimation results reveal a positive correlation between pecuniary motivations
for the initial job transition and the likelihood of subsequent transitions. Specifically,
Figure 6a demonstrates that workers who transition primarily for pecuniary reasons
tend to experience an elevated probability of making additional transitions over the
next four years. This relationship is statistically more significant in Figure 6b, where
the sample size is larger. However, we observe that, in either panel, the effect peaks
at 5% in year three and then diminishes.

4.4 Discussion

One possible concerns regarding estimating the role of stepping-stone employers lies
in the fact that observed transition rates may primarily reflect the characteristics of
workers hired by these firms, rather than firm-specific attributes. For instance, some

35The exclusion of ’working conditions’ is crucial, as shown in Appendix D, their strong negative
impact on subsequent transitions obscures the positive effects of pecuniary motivations.
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(a) Indicator: payonly (b) Indicator: payand

Figure 6. β̂τ
1 and 90% Confidence Interval

firms may disproportionately employ workers with a higher propensity for job tran-
sitions. However, if this is the case, firm-level transition rates should have a negligi-
ble effect on workers’ earnings changes following a transition into these firms, after
controlling for worker characteristics and fixed effects. The results in regression (3)
suggest that this concern is unlikely to be significant.

In summary, this section provides empirical evidence that firms exhibit hetero-
geneity in their transition rates to better firms. These transition dynamics should in-
fluence workers’ initial earnings when they strategically switch employers. Moreover,
workers who transition for pecuniary reasons tend to experience higher probabilities
of subsequent transitions. The findings introduces an additional pecuniary motiva-
tion that drives workers to make transitions - “stepping-stone employers,” , attracting
workers who seek to improve their prospects for future transitions to more desirable
positions. The presence of stepping-stone employers, alongside other factors, shapes
earnings dynamics during labor market transitions.

5 Model

To quantify the aggregate impact of stepping-stone employers, I develop a discrete-
time partial equilibrium model of wage and employment dynamics within a frictional
labor market, where jobs (matches) vary across three dimensions: employer’s pro-
ductivity, employer’s offer arrival rates, and match-specific preferences. This model
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enables a quantitative decomposition of transition motivations, including the role of
stepping-stone employers, and assesses their effects on both earnings and transition
dynamics.

5.1 Environment

Search and Matching
Workers randomly search and match with employers. The sequence of events within
each period follows this order:
(i) At the beginning of the period, employed workers produce output and receive their
wages w, while unemployed workers receive a flow value bx.
(ii) An exogenous separation shock δx then occurs, which transitions a fraction of em-
ployed workers into unemployment the next period.36

(iii) The remaining employed workers, along with the unemployed, engage in random
search activities, with the offer arrival rates depending on their current employment
states and the characteristics of the employer. Employers send take-it-or-leave-it of-
fers.
(iv) Upon receiving an offer, a worker draws her match-specific preference φ and de-
cides whether to move, renegotiate, or maintain the status quo.37

(v) If no offer arrives during the period, the worker may experience a reallocation (God-
father) shock that forces either a transition to a new employer or to unemployment.38

Workers
Workers live infinitely and are heterogeneous in their time-invariant ability type x ∈
X. Workers are either employed or unemployed. The utility per period for an employed
worker is u(w,φ) and u(bx, 0) for an unemployed worker.

Employer
Each employer of type y is defined by three characteristics: (1) the employer group g

to which it belongs; (2) its productivity, py; and (3) its vector of offer arrival rate, −→λy.
36This paper assumes that separation rates primarily depend on worker characteristics, as suggested

by survey data indicating that they play a secondary role in employer transitions. However, the extent
to which job security is more closely tied to worker versus employer characteristics remains debated
in the literature. For example, Bonhomme and Jolivet (2009) view job security as a worker-valued
job amenity, while Jarosch (2023) attributes it to employer characteristics. Sorkin (2018) models job
security as a hybrid of both worker and employer characteristics.

37The offer contains perfect information ex ante about the employer characteristics and job preference.
38This shock reflects non-pecuniary factors driving job transitions beyond the consideration of job-

specific amenities.
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Formally, we represent an employer of type y as y = (g, py,
−→
λy).

Introducing the employer group allows to model the quality of each offer. Specif-
ically, each employer group g ∈ {1, 2, . . . , G} is associated with distinct distributions
of employer’s productivity and the distribution of the arrival rates, such that py ∼ Fg

and −→
λy ∼ Λg × Γg.

I introduce a vectorized offer arrival rate, −→λy = [λg1, ...λgg′ , ...λgG]
′, where λgg′ rep-

resents the offer arrival rate from group g′ to group g. The probability of receiving
no offers is assumed to lie within the interval (0, 1), or equivalently,

󰁓
λg· ∈ (0, 1). I

divide the vectorized arrival rate into two distinct components, such that

−→
λy =

󰁛
λg·

󰀗
λg1󰁓
λg·

, ...,
λgg′󰁓
λg·

, ...,
λgG󰁓
λg·

󰀘′

󰁿 󰁾󰁽 󰂀
G elements

= λ̃y ·
−→
Ry.

The first component, λ̃y, represents the total arrival rate of offers to employer y, and
is assumed to follow group-specific distribution Λg. This scalar component captures
the quantity of potential offers that may reach the employer. The second component is
a normalized vector, −→Ry = [rgg′ ]1×G, which follows group-specific distribution, Γg, and
characterizes the quality of those offers. Each element, λgg′󰁓

λg·
= rgg′ , denotes the condi-

tional probability that an offer comes from employer g′, given that an offer has arrived
at employer g. In contrast, the arrival rates for unemployed workers are assumed to
be predetermined but in a similar construction, such that

−→
λu = λ̃u

−→
Ru = λ̃u [ru1, ...rug′ , ...ruG]

′
󰁿 󰁾󰁽 󰂀

G elements

The benefits of decomposing the arrival rate into two distinct components are:
(a) It distinguishes the quality of arrived offers from the quantity of these offers, which
helps model the stepping-stone employers. The structure of these vectors implies that
both the probability of receiving job offers and the characteristics of the employers
making those offers play a role in the workers’ decisions. As such, “better” opportu-
nities may encompass a higher probability of receiving competing offers (quantity), a
greater likelihood of offers from more desirable employers (quality), or a combination
of both factors.
(b) This decomposition simplifies both the estimation and simulation processes by
reducing the problem from requiring assumptions about G distinct distributions to
just two distributions for constructing λ̃y and −→

Ry. Specifically, I assume λ̃y ∼ Λg, and

31



−→
Ry ∼ Γg. Moreover, the separated components allow for a direct comparison with prior
studies where the scalar component is constant, and the offer quality is irrelevant,
such that rgg′ = 1/G.

Decisions and Wage Dynamics
Agents make decisions within a sequential auction framework, following Cahuc et
al. (2006) and Postel-Vinay and Robin (2002). In this model, wages are determined
through a bargaining process between employer and worker with a threat offer. I de-
note a (matched) offer of a job by a worker and employer in type y as θ. θ is character-
ized by the employer’s attributes py and −→

λ y, and the worker’s job-specific preference
φ. Formally, the matched offer is θ = (py,

−→
λ y,φ), while a threat offer sent from em-

ployer y′ is similarly expressed as θ′ = (py′ ,
−→
λy′ ,φ

′). When a worker’s outside option is
unemployment, the threat offer is denoted by θu.

Let U(x) represent the value of unemployment for a worker of type x. For an em-
ployed worker x with current offer θ and a threat offer θ′, her value is W (x, θ, θ′). Cor-
respondingly, J(x, θ, θ′) denotes the value that the employer y obtains from the match
with worker x.

The joint surplus generated by a match is defined as:

S(x, θ, θ′) = max{W (x, θ, θ′)− U(x) + J(x, θ, θ′), 0},

Only matches with strictly positive surplus are formed and sustained. If the match is
formed by an employer and an unemployed worker, the joint surplus is:

S(x, θ, θu) =
W (x, θ, θu)− U(x)

α
,

where parameter α is worker share of the joint surplus, implying worker’s bargaining
power.

When a worker of type x, with current offer θ and a threat offer θ′, receives a new
offer θz = (pz,

−→
λ z,φz) from employer z, her decision will be one of the following three

cases.
Case 1: The worker accepts θz. Let Ω1(x, θ, θ

′) denote the set of offers in this case.
Formally, θz ∈ Ω1(x, θ, θ

′) ≡ {θz|S(x, θz, θ) > S(x, θ, θ′)}. The wage is determined by the
following surplus-sharing rule:

W (x, θz, θ)− U(x) = S(x, θ, θ′) + α[S(x, θz, θ)− S(x, θ, θ′)].
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Case 2: The worker rejects the offer but updates the threat offer to θz. The set of offers
for this case is denoted by Ω2(x, θ, θ

′). Formally, θz ∈ Ω2(x, θ, θ
′) ≡ {θz|S(x, θz, θ) ≤

S(x, θ, θ′),W (x, θ, θz) > W (x, θ, θ′)}. The worker remains with her current employer but
renegotiates her wage based on the new threat, with the wage satisfying:

W (x, θ, θz)− U(x) = S(x, θz, θ) + α[S(x, θ, θ′)− S(x, θz, θ)].

Case 3: The worker discards θz. That is, θz ∈ Ω3(x, θ, θ
′) ≡ (Ω1∪Ω2)

∁. This case happens
when θz would not improve the joint surplus.

The sequential auction protocol captures the wage dynamics and transitions. In
Case 1, a transition takes place, which may result in an ECUT, where wages can
increase, decrease, or remain constant depending on the characteristics of the new
contract, θz, and the threat offer, θ. In contrast, Case 2 describes scenarios where
no transition occurs, and wage adjustments are strictly upward, reflecting a increas-
ing wage-tenure profile within the current employer. Finally, in Case 3, the contract
remains unchanged, and wages stay constant.

5.2 Value Functions

An unemployed worker in type x has value

U(x) = u(bx, 0) +

β

󰀗
(1− λ̃u)U(x) + λ̃u

󰁛

gz

rugz

󰁝 󰀕󰁝󰁝󰁝
max{W (x, θz, θu), U(x)}dFgzdΛgzdΓgz

󰀖
dH(φz)

󰀘
.

(5)

In the bracket, the first term is the expected value if no offer received. The second
term is the expected value of receiving a new offer θz sent by the employer in type
z = (gz, pz,

−→
λz) and with a match preference φz.39

An employed worker in type x under the contract θ = (py,λy,φ) and with threat
39Note that the employer group g only indirectly affects the value of an offer by determining the

distribution of the productivity and the vectorized offer rates of the employer. Given the productivity,
arrival rates, and the match preference, employer group is irrelevant to workers’ decisions.
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offer θ′ = (py′ ,
−→
λy′ ,φ

′) has value

W (x, θ, θ′) = u(w(x, θ, θ′),φy) + β

󰀫
δxU(x) + (1− δx)

󰀗
λ̃y

󰁛

gz

rggz×
󰁝

φ

󰀓󰁝󰁝󰁝

Ω1

W (x, θz, θ)dFgz(pz)dΛgz(λ̃z)dΓgz(rgzg′) +

󰁝󰁝󰁝

Ω2

W (x, θ, θz)dFgzdΛgzdΓgz+

󰁝󰁝󰁝

Ω3

W (x, θ, θ′)dFgzdΛgzdΓgz

󰀔
dH(φz) + (1− λ̃y)

󰀕
(1− ρ)W (x, θ, θ′)+

ρ
󰁛

rugz′

󰁝 󰀓󰁝󰁝󰁝
max{W (x, θz′ , θu), U(x)}dFgz′dΛgz′dΓgz′

󰀔
dH(φz′)

󰀖󰀘󰀬
.

(6)

The first term is current flow value at employer y, and the second is discounted future
value. Specifically, after the wage, w(x, θ, θ′), is paid, an exogenous match destruction
shock realizes. Subsequently, the workers that stayed on their jobs may receive outside
job offers. Given an offer at hand, she may move to a new employer of certain group, or
use the offer to renegotiate. In either case, her negotiation threat offer gets updated.
If the new outside offer is not good enough to use, she continues on her current job.
Nevertheless, if there is no offer arrived, a reallocation shock may force the worker to
move to another employer.

The value of employer y having employed a worker in type x is

J(x, θ, θ′) =f(x, py)− w(x, θ, θ′) + β(1− δx)

󰀗
(1− λ̃y)(1− ρ)J(x, θ, θ′) + λ̃y

󰁛
rggz×

󰁝

φ

󰀓󰁝󰁝󰁝

Ω2

J(x, θ, θz)dFgzdΛgzdΓgz +

󰁝󰁝󰁝

Ω3

J(x, θ, θ′)dFgzdΛgzdΓgz

󰀔
dH(φz)

󰀘

(7)

It includes the current profit, f(x, py) − w(x, θ, θ′), and discounted future values. An
unmatched job has no continuation value. A matched job value will continue only if
the arrived outside offer falls into Case 2 or Case 3 above. Using the definition of joint
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surplus along with the bargaining protocol, Appendix E derives the joint surplus,

S(x, θ) = max

󰀫
0, c(φy) + f(x, py) − bx

− βαλ̃u

󰁛
rugz

󰁝󰁝󰁝󰁝
S(x, θz)dFgzdΛgzdΓgzdH(φz)

+ β(1− δx)

󰀗
αλ̃y

󰁛
rggz

󰁝󰁝󰁝󰁝

Ω1

[S(x, θz)− S(x, θ)]dFgzdΛgzdΓgzdH(φz)

+ (1− λ̃y)ρα
󰁛

rugz

󰁝󰁝󰁝󰁝
S(x, θz)dFgzdΛgzdΓgzdH(φz)

+ [1− ρ(1− λ̃y)]S(x, θ)

󰀘 󰀬

(8)

The joint surplus first reflects current total flow surplus c(φy) + f(x, py) − bx. From
Appendix E, when utility is quasilinear in wage, i.e. u(w,φ) = w + c(φ), the joint sur-
plus function does not depend on the outside threat, i.e. S(x, θ, θ′) = S(x, θ). As a
consequence of the transferable utility, wages do not enter the expression and neither
does any future renegotiation that reallocate worker’s share within the match. The
second line reflects the opportunity cost of searching in unemployment. The continua-
tion value first consists of the possibility that the worker receive a new offer and move
to a new employer. It also includes the expected value of being reallocated to another
job, as in the fourth line. The last line captures the continuation value when none of
shocks realized.

5.3 Equilibrium

Given the environment of the model, the equilibrium is defined as follows:

1. The value functions (5)-(7) solve the worker’s and employer’s optimization prob-
lems;

2. Workers and employers split the total surplus that satisfy the equation (8);
3. Transitions and wages are the results of the negotiations between workers and

employers following one of three specified Nash bargaining cases;
4. The stationary distributions satisfy the condition that the inflows equal the out-

flows of workers across employment states and employer types.
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5.4 Theoretical Results

5.4.1 Effect of Vectorized Arrival Rates

Joint surplus, S(x, θ), is key to worker’s decisions. From equation (8), surplus is in-
creasing with match specific preference (φ), employer productivity (p), and total arrival
rate (λ̃):

∂S

∂φ
> 0,

∂S

∂p
> 0, and ∂S

∂λ̃
> 0.

There is a tradeoff between productivity and total offer arrival rates when holding the
joint surplus constant. This is illustrated as a negative relationship in an iso-surplus
contour plot in Figure 7.40

*Joint surplus of a match in employer group 2.

Figure 7. Relationship between productivity and total arrival rate

However, this tradeoff needs not hold for the arrival rate of offers sent from a par-
ticular employer group. That is, if we increase the arrival rate of offers from a spe-
cific employer group (λgg′), we may not see productivity decreasing given the surplus
value. Because increasing the probability of receiving offer from a specific employer
group may lead to lower probability of receiving offers from other employer groups,
which could result in lower joint surplus. This is a key result with the introduction of
vector component in the arrival rate −→

Ry. In Figure 8, I predefine 3 employer groups
where group 1 represents lower-productivity group and group 3 corresponds to higher-
productivity employer group.41 All figures show the joint surplus value in group 2.

40This is consistent with the plot by Del Prato (2023).
41Using the calibrated parameters in Section 5.5, average productivity of employer group 1 is 30%

lower than that in group 2, and average productivity of group 3 is 47% higher than group 2.
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(a) (b)

(c) (d)

Joint surplus of a match in employer group 2.
The x axes in left and right panel represent the conditional probability of the offer from group 1 (r21)
and group 3 (r23), respectively, given an arrived offer to a firm in group 2.

Figure 8. Relationship between productivity and vectorized arrival rates

Figures 8a and 8b show a non-monotonic relationship between productivity and
the proportion of offers from other employer groups, the offer “quality”42. The non-
monotonicity arises because an increase in the conditional probability of offers from
one employer group reduces that from other groups, which may lower the joint surplus
of the match. Figures 8c and 8d illustrate the combined effects of offer quantity (λ̃) and
offer quality (−→Ry) on the tradeoff with productivity.43 While higher offer arrival rates
may be beneficial, this is not universally true; offers from lower-productivity firms
(group 1) may be less desirable despite their higher frequency.

Two main takeaways from Figure 8: (a) The relationship between productivity and
42The horizontal axes in panel (a) and (b) are represented by r21 and r23, respectively.
43The horizontal axes in panel (c) and (d) are represented by λ21 and λ23, respectively.
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arrival rates from specific employer groups is not strictly monotonic, as it varies with
the heterogeneity in offer quality; (b) The value of a job match depends not only on the
quantity of the offers arrived at an employer but also on the quality of the offers, as
indicated by their origins and composition. Empirically, this implies that workers may
transition to new employers with lower productivity and receive fewer offers during on-
the-job search compared to their previous employer. However, these offers may come
with a higher likelihood of being from high-productivity employers.

5.4.2 Motivations for Transitions

The decision to transit from employer y to employer y′ is directed by the Case 1 in wage
contract: workers make transitions if and only if the new surplus high enough so that,
given a constant bargaining power, the worker will enjoy more surplus. Based on the
factors that would affect the total surplus of a match, I categorize motivation into four
types:
(1) Amenity: A motivation that induce transition by improved preference for the match,
characterized by φy < φy′ .
(2) Productivity: A motivation that induce transition by higher productivity, such that
py < py′ .
(3) Stepping-stone: A motivation that induce transition by “better” offer arrival rate.
A “better” offer arrival rate should increase the joint surplus controlling other factors.
Formally, λy′ of employer y′ is better than the arrival rate in employer y if S(x, θ) <

S(x, θ̃), where θ̃ = (py,λy′ ,φy).
(4) Others: A motivation that induce transition by other reasons not categorized above
(e.g. family or school), due to the reallocation shock.

I further categorize the four motivations into pecuniary and non-pecuniary ones.
Pecuniary motivation refers to any transition driven by higher productivity or the
prospect of working for stepping-stone employers. In contrast, non-pecuniary moti-
vations include factors such as job amenities and personal considerations unrelated
to direct financial gains. As illustrated in Figure 9, motivations (1) to (3) are not mu-
tually exclusive; workers may transition for multiple of these reasons once an offer is
received. The reallocation shocks captures transitions driven by individual-specific or
other non-pecuniary factors.

The concept of stepping-stone motivation stems from the heterogeneity in vector-
ized arrival rates of offers. The scalar component, λ̃, represents the quantity of future
offers, and −→

Ry captures the quality of those offers. Importantly, offer quality becomes
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relevant only when the productivity distribution varies across employer groups; oth-
erwise, stepping-stone dynamics merely reflect differences in offer quantity. Both the
quantity and quality of offers, along with employer productivity, influence the wage
dynamics as well as the job transitions.

5.5 Parameterization and Calibration

I calibrate the model using the LEHD dataset at an annual frequency. Five parame-
ters are calibrated externally, including the discount factor, β, which is set at 0.96 to
match an annual interest rate of 4%. In addition, fifteen parameters are calibrated
internally using the Simulated Method of Moments (SMM). Table 9 summarizes the
parameters and the empirical moments used as calibration targets. Although the in-
ternally calibrated parameters are listed alongside their respective targets, they are
estimated jointly.

Worker-Related Parameters
Worker abilities are assumed to follow a Pareto distribution, Pareto(x; ι, xm) = 1−(xm

x
)ι,

where the scale parameter xm = 1.0. The shape parameter ι is internally calibrated
to match the observed earnings growth among stayers. Worker bargaining power, α,
is internally set to match w̄0/w̄, where w̄0 represents the average earnings of newly
employed workers, and w̄ denotes the average earnings of all workers. We further
assume four distinct worker types, corresponding to the four educational levels in the
LEHD dataset.44 The separation rate for each worker type, δx, is predetermined using
the observed ENE rates across these education levels in the LEHD data.

Match-specific preferences are parameterized by φ, which is discretized into three
grid points uniformly distributed over the interval (0, φ̄). Consistent with earlier as-
sumptions, utility is quasilinear in wages, with match-specific preference function
c(φ) = φ.

The arrival rate for unemployed workers, λu = λ̃u
−→
Ru, consists of a scalar compo-

nent, λ̃u = 0.87, corresponding to a quarterly job-finding rate of 0.4 (Birinci et al.,
2023), and a vector component, −→

Ru, which is calibrated to match the outflow rates
from unemployment based on ENE transition rates of (0.3930, 0.2870, 0.3200) from the
LEHD data. The flow value for unemployed workers is normalized to b = 1.0. Addi-
tionally, the reallocation shock parameter is calibrated to match the overall average
employer-to-employer (EE) transition rate.

44The four levels of educational attainment are: “less than high school,” “high school,” “some college,”
and “bachelor’s degree or higher.”
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Employer-Related Parameters
I model three employer groups (G = 3), corresponding to the three employer groups
established by the AKM firm fixed effects, as outlined in Section 4. For the purposes
of the simulation, I partition the productivity distribution evenly across these three
groups.

The production function is specified as f(x, p) = x+ p, where productivity p follows
a log-normal distribution, log(p) ∼ N(µp, ν

2
p). I externally set the variance νp = 0.35 to

match the observed standard deviation of estimated firm fixed effects. Subsequently,
I calibrate µp internally to ensure that the replacement rate b/E(w) = 0.4, reflecting
the ratio of claimants’ weekly benefit amount (WBA) to their average weekly wage.45

The arrival rate is a product of a scalar component and a vector component, each
following different group-specific distributions. I internally calibrate the distributions
of these components to match the moments of the transition rate distribution. The
scalar component of the arrival rates is assumed to follow a Beta distribution with
group-specific parameters, i.e., Λg ∼ Beta(κg, σg). For each employer group g, I choose
values of κg and σg to compare the simulated moments and two empirical moments of
the firm-level EE rate weighted by employment sizes.46 Within each group, py and λ̃y

are assumed to be independently drawn. However, when considering all three groups
together, py and λ̃y exhibit a negative correlation.

The vector component −→
Ry is assumed to follow a Dirichlet distribution, Dir(−→γg),

with group-specific parameters −→γg = (γg1, γg2, γg3).47 To calibrate −→γg for each employer
group g, I utilize the estimated labor flow ratios across the three employer groups, as
illustrated in Figure 5. The approximation of Ry proceeds in two steps:
(Step 1) Initiation: For each employer group g, I choose an initial value of vector −→γg
close to the referenced vector 󰁦−→γg . The referenced vector is derived by the property of
the Dirichlet distribution based on the empirical moments from the LEHD. Appendix
F presents the detailed derivation.
(Step 2) Discretization: I discretize the distribution of vectors using a method analo-
gous to vector quantization (VQ), following four stages. First, I generate a simulated
dataset via Monte Carlo sampling from a Dirichlet distribution, Dir(−→γg), with an ini-
tial vector value −→γg . Second, I apply k-means clustering to the Monte Carlo sample,

45For more information, refer to the UI Replacement Rates Report from the U.S. Department of Labor.
46Appendix F shows the derivation of the referenced value used for the initial selection.
47Dirichlet distribution is a multivariate generalization of the beta distribution. For more informa-

tion, refer to Chapter 26 of Johnson et al. (1995) or Chapter 40 of the first edition of Continuous Mul-
tivariate Distributions.
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with the number of clusters corresponding to a pre-specified number of grid points.
Third, I extract the centroids of each cluster, where k-means clustering minimizes
within-cluster variance to ensure that these centroids serve as representative approx-
imations of different segments of the distribution. These centroids are then used as
grid points for the vector component −→

Ry. Finally, I assign workers to these centroids
with probabilities proportional to the relative frequency of observations in each clus-
ter, ensuring a probabilistic match between workers and the discretized representation
of the distribution.

5.6 Quantitative Results

5.6.1 Model Validations

As shown in Table 10, the model performs well across several dimensions. It replicates
the dispersion in earnings dynamics by aligning with key targets such as the earnings
gap and the earnings growth of stayers and EE movers. Moreover, the model captures
the wage level through the replacement rate, b/E(w). In addition, the model generates
significant labor market dynamics, accurately reflecting the directed transition rates
from unemployment to each employer group and the transitions between employer
groups.

I further evaluate the model’s fit using the untargeted share of EE transitions in-
volving earnings cuts (ECUT share), which is the primary focus of this paper. In Table
11, the first column shows the ECUT shares from the linked NSCG-LEHD data (row
1-3) and the LEHD (row 4-5). Columns 2 and 3 show simulated ECUT shares from
the model. Since the linked data only include workers with bachelors or higher, I com-
pare the ECUT shares by motivations to those for the highest ability workers in the
model. The first row reports the ECUT shares, from both data and model, for transi-
tions driven exclusively by pecuniary motivations (“payonly”). The second row shows
shares for transitions motivated by a combination of pecuniary and amenity consid-
erations (“payplus”), while the third row displays shares for transitions driven purely
by amenity-based or other non-pecuniary factors (“nopay”). While the model slightly
under-predicts ECUT share relative to the data for the “payonly” category, the simu-
lated shares demonstrate close alignment with the linked NSCG-LEHD data.

Furthermore, the model aligns closely with the observed ECUT shares reported in
Table 3. Specifically, it estimates that 37.5% of EE transitions involve ECUTs, which
corresponds closely to the observed 36.3% ECUT share for EE transitions within the
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Table 9. Calibration

Param. Description Value Targets

External Calibration

β Discounting rate 0.96 Risk-free interest rate 4%

b Unemployment flow value 1.0 Normalization

νp Std. of productivity distribution 0.35 S.d. of firm fixed effect

λ̃u Scalar component of λu 0.87 Quarterly job-finding rate 0.4

δx Separation rates by worker type (.108, .092, .086, .070) ENE rates by education levels

Internal Calibration

α Worker bargaining power 0.36 Earnings gap 1− w̄0/w̄

ι Shape param. of Worker ability 2.8 Earnings growth of stayers

ρ Reallocation shock 0.015 Overall mean EE rate

Ru Vector component of λu (0.425, 0.275, 0.300) Outflow from unemployment

µp Mean of productivity 0.8 Replacement rate b/E(w)

φ̄ Upper bound of match preference 1.2 Earnings growth of movers

(κ1, σ1) Shape parameters of Λ1 (12.3, 58.0) EE rate distribution of group 1

(κ2, σ2) Shape parameters of Λ2 (11.8, 52.8) EE rate distribution of group 2

(κ3, σ3) Shape parameters of Λ3 (27.1, 63.7) EE rate distribution of group 3

γ1 Parameter of Γ1 = Dir(γ1) (4.9, 1.25, 0.35) Outflow ratio from group 1

γ2 Parameter of Γ2 = Dir(γ2) (3.4, 2.9, 0.8) Outflow ratio from group 2

γ3 Parameter of Γ3 = Dir(γ3) (3.7, 11.8, 6.8) Outflow ratio from group 3
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Table 10. Targeted Moments

Moment Model Data

General Targets

Earning gap 1− w̄0/w̄ 0.267 0.165

Earning growth of stayers 0.030 0.048

Earning growth of EE movers 0.168 0.178

Replacement rate b/E(w) 0.32 0.40

Overall mean EE rate 0.058 0.062

Outflow ratio from unemployment (0.360,0.305,0.335) (0.393,0.287,0.320)

Group-specific Targets

Average EE rate in group 1 0.074 0.076

S.d. of EE rate in group 1 0.045 0.045

Outflow from group 1 (0.518, 0.326, 0.156) (0.543, 0.296, 0.161)

Average EE rate in group 2 0.056 0.059

S.d. of EE rate in group 2 0.048 0.046

Outflow from group 2 (0.209, 0.474, 0.316) (0.257, 0.450, 0.293)

Average EE rate in group 3 0.046 0.051

S.d. of EE rate in group 3 0.043 0.043

Outflow from group 3 (0.073, 0.215, 0.712) (0.092, 0.226, 0.682)

same county. Similarly, the model generates 31.2% of transitions that are associated
with earnings declining more than 5%, closely mirroring the observed figure of 32.1%.
Additionally, the modelâĂŹs ability to replicate similar ECUT shares across high-
ability workers and all worker types is supported by the observations in Table 3. For
subsequent analyses, motivations and transitions will be assessed across all worker
types.

43



Table 11. ECUT Share: Data vs. Model

Motivations Data Model

Highest Ability Worker All Worker Types

payonly 0.29 0.18 0.15
payplus 0.30 0.34 0.32
nopay 0.54 0.59 0.59
All (cutoff=0%) 0.363 0.383 0.375
All (cutoff=5%) 0.321 0.314 0.312

*Row 1-3 are ECUT shares from the linked NSCG-LEHD data which include workers with
bachelor degrees or higher. Row 4-5 are ECUT shares from the LEHD data.

5.6.2 Motivation for Transitions and ECUTs

Following model validation, I use the model to relate each motivation type to both job
transitions and ECUTs. The breakdown of pecuniary motivation is not directly observ-
able in the data. However, the model highlights the role of stepping-stone motivation
in shaping transitions and the resulting earnings dynamics.

In Figure 9a, the box represents the universal set of transitions. Circles inside the
box indicate the sets of transitions driven by previously defined motivations. Stepping-
stone motivations, when combined with other factors, account for 48% of transitions
and for 8% when they are the sole motivator. Transitions driven solely by productivity
make up 23% of all transitions, but when combined with additional factors, produc-
tivity influences 59% of transitions. Non-pecuniary motivations affect 49% of transi-
tions, with 16% driven exclusively by amenity considerations. Furthermore, 50% of
transitions are driven by multiple factors, including 6% influenced by a combination
of productivity, stepping-stone, and amenity motivations.

Figure 9b focus on the transitions with earnings cuts (ECUTs) and its distribu-
tion by different motivations. Specifically, stepping-stone motivations relate to 52% of
ECUTs - 8% exclusively and 44% in combination with other motivations.48 In contrast,
38% of ECUTs involve productivity. While non-pecuniary factors are the predomi-
nant driver of transitions involving earnings cuts - associated with 79% of ECUTs -
stepping-stone motivations are the primary pecuniary driver in these cases.

48For transitions without earnings cuts, 46% involve stepping-stone motivations, 71% relate to pro-
ductivity, and 30% are driven by amenity considerations.
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(a) All Transitions

(b) Transitions with Earnings Cuts (ECUTs)

Figure 9. Share of Transitions by Motivations
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Table 12 provides a different perspective by examining the share of ECUTs within
each motivational category. Specifically, 24% of transitions driven by productivity in-
volve earnings cutsbut when productivity is the exclusive motivator, the ECUT share
drops to 7%, which explains the model’s lower predicted ECUT share for transitions
labeled as “payonly” in Table 11. In contrast, transitions motivated by stepping-stone
employers exhibit a 40% ECUT share, which remains high at 38% for those driven
solely by stepping-stone motivations. Transitions driven by non-pecuniary factors are
associated with significantly higher ECUT shares compared to those driven by pecu-
niary considerations.49 Overall, stepping-stone motivation emerges as a critical factor
not only for transitions but also for earnings cuts, highlighting the significance of fu-
ture opportunities in shaping both job mobility and wage dynamics.

Table 12. ECUT Share by Motivation

Motivations Inclusively Exclusively

Productivity 0.24 0.07
Stepping-stone 0.40 0.38
Amenity 0.60 0.57
Others 0.38 0.73

5.7 Counterfactual

To anatomize the influence of stepping-stone employers, I conduct three counterfactual
exercises, each targeting a different aspect of employer heterogeneity in offer arrival
rates, leaving other parameters unchanged.

In the first exercise, I eliminate differences in potential offer quantity by fixing the
overall offer arrival rate constant at the average of total arrival rates in the baseline
model. Offers remain heterogeneous in quality: once an offer arrives, it may originate
from one of three employer groups, each with distinct productivity distributions. In
the second counterfactual experiment, I neutralize variation in offer quality by setting
the vector component −→

Ry = (1/3, 1/3, 1/3). This adjustment maintains heterogeneity
in arrival rates but unifies productivity distributions across received offers. Finally,

49The ECUT share for the transitions inclusively motivated by “Others” is 37.5%, as reported in Table
11, because this category indicates all transitions.
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I remove heterogeneity in arrival rates altogether, assuming that workers search on-
the-job with identical offer arrival rates, and all arrived offers are drawn from a unified
productivity distribution, leaving employer differences confined to productivity, as in
standard search models.

Table 13. ECUT Share of Counterfactuals

Motivations Baseline Quantity-Controlled Quality-Controlled No Stepping-stone

payonly 0.176 0.109 0.098 0.030
payplus 0.339 0.288 0.255 0.152
nopay 0.589 0.639 0.599 0.665
All (cutoff=0%) 0.375 0.364 0.314 0.292
All (cutoff=5%) 0.312 0.304 0.262 0.246

Table 13 reports the ECUT shares across three counterfactual scenarios, mirroring
the structure of Table 11. The “Baseline” column restates the model’s original results
as a reference point. Across all transitions and within each motivation category, we ob-
serve a decline in the ECUT share. In the first counterfactual, “Quantity-Controlled,”
controlling for the heterogeneity in the quantity of offers results in a slight reduction
in the ECUT share, though the effect is less pronounced compared to the second coun-
terfactual, “Quality-Controlled.” This pattern suggests that, while offer quantity het-
erogeneity influences ECUTs, variations in offer quality play a more significant role.
In the third counterfactual, where both offer quantity and quality heterogeneities are
neutralized, no stepping-stone motivation remains, leading to a minimal ECUT share
of only 3% for pecuniary-driven transitions. For all transitions, the ECUT share falls
below 30%, about 20% (7 percentage points) lower than the baseline. The ECUTs
are driven primarily by non-pecuniary motivations. There are two main takeaways
from the counterfactual results: First, the role of stepping-stone employers is mostly
reflected by the heterogeneity in quality of offers that may arrive to the workers dur-
ing on-the-job search. Second, stepping-stone motivation significantly contributes to
transitions and ECUTs in the labor market, especially for those workers labeled for
pecuniary reasons.
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6 Conclusion

This paper provides an investigation into transitions, associated earnings dynamics,
and highlights the role of stepping-stone employers in labor market dynamics. Using
the LEHD and NSCG data, I confirm the prevalent ECUTs in U.S. and identify the mo-
tivations for transitions. The empirical evidence shows that, although non-pecuniary
motivations do play a role, pecuniary motivations predominantly drive transitions.
Even among workers who report financial gain as their sole reason for moving, ECUTs
are frequent.

Further, the findings reveal that initial pecuniary motivations for job transitions
align with higher future earnings growth and an increased likelihood of subsequent
transitions. This pattern suggests that workers leverage certain transitions as strate-
gic moves toward longer-term earnings potential rather than immediate gains. I iden-
tify a subset of firms that serve as “stepping-stones,” offering workers improved transi-
tion opportunities toward more desirable employment outcomes. Finally, the theoreti-
cal model introduced in this paper provides a structured framework to interpret these
findings. By modeling firms heterogeneous in job offer arrival rates, the model high-
lights that stepping-stone employers is an important pecuniary motivation for transi-
tions and ECUTs in the labor market. Together, the empirical analysis and theoretical
framework reveal that ECUTs are not merely an anomaly but rather an integral part
of workers’ forward-looking strategies to achieve improved career outcomes.

There are several potential sources of the observed heterogeneity in firms’ tran-
sition rates. One is the differing importance of human capital accumulation across
firms, as studied by Gregory (2020). Alternatively, Del Prato (2023) briefly discusses
that certain firms may excel in signaling the abilities of their workers. This sig-
naling advantage could be facilitated through social networks among coworkers (e.g.
Fontaine, 2008; Bayer et al., 2008; Barwick et al., 2019), or through business interac-
tions between firms, such as input-output relationships or firm-to-firm transactions
(Cardoza et al., 2022; Komatsu, 2023). A future avenue could incorporate stepping-
stone function into firm dynamics and relate these mechanism to demand side of labor
market.

Census DMS Numbers
Project 2799: CBDRB-FY24-P2799-R11722
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Appendix
A Datasets

A.1 Accessible States

28 accessible states are labeled in blue.

A.2 Statistics of the LEHD Dataset

Following the approach of Sorkin (2018), I implement two decomposition methodolo-
gies to achieve these aims. The decompositions serve two primary purposes. First,
they facilitate an understanding of earnings dispersion within the annualized LEHD
data analyzed in this study. Second, they yield estimates of firm fixed effects, which
are subsequently employed to classify employers and identify “stepping-stone employ-
ers”.

The first estimation is “ensemble decomposition” that follows the estimation by
Card et al. (2018):

V ar(log(wit)) = Cov(αi, log(wit))+Cov(ψj(i,t), log(wit))+Cov(Xitβ, log(wit))+Cov(εit, log(wit)).

In this decomposition, the proportion of earnings variance attributable to firms is
given by Cov(ψj(i,t),log(wit))

V ar(log(wit))
. As indicated in Table A1, workers explain approximately

51% of the earnings variance, while firms explain about 24%. These results are closely
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aligned with those from Sorkin (2018), where workers account for 57% and firms for
21% of the variance.

The second approach is the AKM decomposition:

V ar(log(wit)) = V ar(αi)+V ar(ψj(i,t))+V ar(Xitβ)+V ar(εit)+2Cov(αi,ψj(i,t))+2Cov(αi+ψj(i,t), Xitβ).

Table A1 shows that the firm’s contribution is approximately 15%, which is comparable
to the 14% reported by Sorkin (2018) and the 12% reported by Song et al. (2019). The
worker share in my sample (44%) is slightly lower than that in Sorkin (2018) (51%)
and Song et al. (2019) (52%).

Appendix Table A1. LEHD: 2010-2019

Sample Decomposed Share

# Worker-year 601,300,000
# Worker 107,100,000
# Employer 544,000
Mean of log earnings 10.6
Variance of log earnings 0.78

Ensemble Decomposition
Worker 0.40 0.51
Employer 0.18 0.24

Variance Components
Var(worker) 0.34 0.44
Var(employer) 0.12 0.15
Cov(worker, employer) 0.05
Corr(worker, employer) 0.25

A.3 Constructing the Linked NSCG-LEHD

I first link the quarterly LEHD data to each NSCG survey cycle year using the personal
identity key in the crosswalk files. Each linked panel data covers the periods of the
corresponding survey. Then I append these four linked panels together.

Before the appending, If a worker is observed in two consecutive surveys, I drop
the last quarter of the first survey, which is also the first quarter of the second survey.
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Note that workers may still have the last quarter of the survey if it’s not followed by
another survey.

A.4 Controlling Counties of Employers in the LEHD

To link the county of firms, I first need unique year-firm-county pair, which cannot
be directly extract from the Employer-Characteristics Files (ECF). Because ECF are
quarterly data, a firm may have multiple corresponding counties in the same year but
different quarters.

There are 2 variables to identify “county”: MODE_ES_COUNTY_EMP and MODE_LEG_COUNTY_EMP.
While MODE_ES_COUNTY_EMP means that the information was sourced from the es202
data, MODE_LEG_COUNTY_EMP refers to the longitudinal employer geography (LEG) pro-
cess that used to work towards assigning geographic information to the LEHD data. If
a variable has the “LEG” naming convention, then it was assigned using this process.
This paper uses MODE_LEG_COUNTY_EMP to identify and control counties of employers.

B More results about earnings dynamics after ECUT

B.1 Pecuniary motivation and future earning levels

I begin with constructing “long-term earnings” to indicate future earning levels. Then
I compare the change of estimated long-term earnings upon transitions for different
motivations using the linked NSCG-LEHD dataset.

“Long-term earnings” at quarter t, LTEt, is defined as the average quarterly log
earnings over the subsequent four years, using a sample of workers with available
records. The long-term earnings are then estimated based on the following specifica-
tion:

LTEit = β1xit + β2xi + ηt + 󰂃it

where xit is time-variant variables including the log earnings and earnings growth rate
at quarter t, marital status, and polynomial of ages; xi indicates the time-invariant
variables including race and gender; ηt is year fixed effect.

In Figure A1, I compare the ECUT share measured by estimated long-term earn-
ings, 󰁥LTEt, with the share calculated using a robust measure of ECUTs. I combine the
categories “payonly” and “payplus” into a single category, “paytotal,” which includes
all movers motivated by pecuniary factors.
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Appendix Figure A1. ECUT Share: Robust v.s. LTE

Compared to the share of ECUTs calculated using immediate earnings, a smaller
proportion of movers experience a decline in 󰁥LTEt following transitions, especially
those who move for pecuniary reasons. Additionaly, among movers with immediate
earnings declines, 29% also experience a reduction in 󰁥LTEt. In contrast, this condi-
tional probability is only 10% for movers without immediate earnings cuts. Therefore,
while earnings may initially decline following a transition, they typically recover and
eventually exceed pre-transition levels.

B.2 Pecuniary motivation and future earning growths

To examine whether movers driven by pecuniary motives experience distinct earn-
ings dynamics depending on the occurrence of an earnings cut (ECUT), I estimate
regression 1 separately for two groups of movers: those who experience an earnings
cut (ECUT=1) and those who do not (ECUT=0). If the hypothesis holds that workers
who transition for pecuniary reasons but encounter an earnings cut anticipate higher
future earnings, we would expect the coefficients βτ

1 for movers with ECUTs to ex-
ceed those for movers without ECUTs. Figure A2 provides evidence in support of this
hypothesis.

For workers who experience earnings cuts during transitions, those motivated by
pecuniary factors exhibit, on average, 11 percentage points higher wage growth com-
pared to those driven by non-pecuniary factors. This wage growth premium remains

56



Appendix Figure A2. β̂τ
1 and 90% Confidence Interval

stable over a 1-6 year period following the initial transition. In contrast, for workers
who did not experience earnings cuts, the correlation between motivation and wage
growth is either insignificant or slightly negative, suggesting that pecuniary moti-
vation does not yield significantly different wage outcomes relative to non-pecuniary
motivation. This implies that, for workers who already maintain or increase their
wages upon transition, the initial reason for their move (pecuniary or non-pecuniary)
does not appear to matter much in terms of future wage growth. Both groups tend to
experience similar wage trajectories after the transition.

C Persistence and Dispersion of Transition Rates

ΠEE
t = βΠEE

t−1 + 󰂃t

Figure A3 illustrates the group-specific moments from Table 10, each solid bar rep-
resents the weighted average transition rate for each employer group, with weights
based on firm employment size. The error bars show one standard error within each
employer group. Notably, the figure demonstrates a substantial dispersion of tran-
sition rates both within each employer group and across the overall distribution. In
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Πt (1) (2) (3) (4)
ΠEE

t−1 0.8754 0.8796 0.9015 0.9167
(0.0003499) (0.0003201) (0.001156) (0.000276)

Year FE N N Y Y
R2 0.7502 0.7521 0.8355 0.8381
Observations 3110000 3110000 3110000 3110000

Following the disclosure policy of U.S. census, the number of observations are rounded numbers.

Appendix Table A2. Coefficients of AR(1) for transition rates

addition, employer group 3, which has the highest level of ψ̂j, exhibits the lowest mean
transition rate, whereas employer group 1, with the lowest level of firm fixed effect,
displays the highest mean transition rate.

Appendix Figure A3. Mean and standard deviation of EE Transition rates by employer
groups

D Subsequent transitions and Working Conditions

Reported pecuniary motivations, alongside factors related to “working conditions,”
show a negative association with the likelihood of subsequent job transitions. Fig-
ure A4 illustrates a strong negative correlation between “working conditions” and the
probability of future transitions.
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Appendix Figure A4

Appendix Figure A5. β̂τ
1 and 90% Confidence Interval

E Derivation of Joint Surplus

By definition, S(x, θ, θ′) = max{W (x, θ, θ′) − U(x) + J(x, θ, θ′), 0}. After plugging equa-
tions (6) and (7), we have

S(x, θ, θ′) = max

󰀫
0, u(w,φy) + f(x, py)− w(x, θ, θ′) + βδxU(x)− U(x)

+ β(1− δx)

󰀗
λ̃y

󰁛

gz

rggz

󰁝

φ

󰀕󰁝 󰁝 󰁝

Ω1

W (x, θz, θ)dFgzdΛgzdΓgz

+

󰁝 󰁝 󰁝

Ω2

[W (x, θ, θz) + J(x, θ, θz)]dFgzdΛgzdΓgz

+

󰁝 󰁝 󰁝

Ω3

[W (x, θ, θ′) + J(x, θ, θ′)]dFgzdΛgzdΓgz

󰀖
dH(φz)

+ (1− λ̃y)
󰁫
(1− ρ)

󰀕
W (x, θ, θ′) + J(x, θ, θ′)

󰀖

+ ρ

󰁝

φ

󰁝 󰁝 󰁝
max{W (x, θz′ , θu), U(x)}dFgz′dΛgz′dΓgz′dH(φz′)

󰁬󰀘󰀬
.
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Then replace the W (x, θ, θ′) and J(x, θ, θ′) with S(x, θ, θ′) and U(x) using the definition,

S(x, θ, θ′) = max

󰀫
0, u(w,φ) + f(x, py)− w(x, θ, θ′) + βδxU(x)− U(x)+

β(1− δx)

󰀗 󰁝

φ

λ̃y

󰁛

gz

rggz

󰀕󰁝 󰁝 󰁝

Ω1

󰀅
U(x) + S(x, θ, θ′) + α[S(x, θz, θ)− S(x, θ, θ′)]

󰀆
dFgzdΛgzdΓgz

+

󰁝 󰁝 󰁝

Ω2

[S(x, θ, θz) + U(x)]dFgzdΛgzdΓgz +

󰁝 󰁝 󰁝

Ω3

[S(x, y,φ, y′,φ′) + U(x)]dFgzdΛgzdΓgz

󰀖
dH(φz)

+ (1− λ̃y)
󰁫
(1− ρ)

󰀕
S(x, θ, θ′) + U(x)

󰀖

+ ρ

󰁝

φ

󰁝 󰁝 󰁝
[W (x, θz′ , θu)− U(x)]+dFgz′dΛgz′dΓgz′dH(φz′) + ρU(x)

󰁬󰀘󰀬

Plugging equation (5) and replacing U(x) in the above,

S(x, θ, θ′) = max

󰀫
0, u(w,φ) + f(x, py)− w(x, θ, θ′)− u(bx)

− αβ

󰁝

φ

󰀕
λ̃u

󰁛

gz

rugz

󰁝 󰁝 󰁝 󰀅
S(x, θz, θu)

󰀆+
dFgzdΛgzdΓgz

󰀖
dH(φz)+

β(1− δx)

󰀗 󰁝

φ

λ̃y

󰁛

gz

rggz

󰀕󰁝 󰁝 󰁝

Ω1

󰀅
S(x, θ, θ′) + α[S(x, θz, θ)− S(x, θ, θ′)]

󰀆
dFgzdΛgzdΓgz

+

󰁝

Ω2

[S(x, θ, θz)]dFgz(z) +

󰁝

Ω3

[S(x, θ, θ′)]dFgzdΛgzdΓgz

󰀖
dH(φz)

+ (1− λ̃y)
󰁫
(1− ρ)S(x, θ, θ′) + ρα

󰁝

φ

󰁝
[S(x, θz′ , θu)]

+dFgz′dΛgz′dΓgz′dH(φz′)
󰁬󰀘󰀬

If the utility function is quasi-linear in wages, such that u(w,φ) = w + c(φ), and
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conjecture that the surplus function does not depend on the outside options, then

S(x, θ, θ′) = S(x, θ) = max

󰀫
0, c(φ) + f(x, py)− u(bx)

− αβ

󰁝

φ

󰀕
λ̃u

󰁛

gz

rugz

󰁝 󰁝 󰁝 󰀅
S(x, θz)

󰀆+
dFgzdΛgzdΓgz

󰀖
dH(φz)+

β(1− δx)

󰀗 󰁝

φ

λ̃y

󰁛

gz

rggz

󰀕󰁝

Ω1

󰀅
S(x, θ) + α[S(x, z,φz)− S(x, θ)]

󰀆
dFgzdΛgzdΓgz

+

󰁝

Ω2

S(x, θ)dFgzdΛgzdΓgz +

󰁝

Ω3

S(x, y,φ)dFgzdΛgzdΓgz

󰀖
dH(φz)

+ (1− λ̃y)(1− ρ)S(x, θ) + (1− λ̃y)ρα

󰁝

φ

󰁝
[S(x, θz′)]

+dFgz′dΛgz′dΓgz′dH(φz′)
󰁬󰀘󰀬

Recall that Ω3(x, θ, θ
′) ≡ (Ω1∪Ω2)

∁, we can combine and simplify the integral terms
with offer sets, such that

S(x, θ) = max

󰀫
0, c(φ) + f(x, py)− u(bx)

− αβλ̃u

󰁛

gz

rugz

󰁝

φ

󰁝 󰁝 󰁝 󰀅
S(x, θz)

󰀆+
dFgzdΛgzdΓgzdH(φz)+

β(1− δx)

󰀗
α
󰁛

gz

λggz

󰀕󰁝

φ

󰁝 󰁝 󰁝

Ω1

[S(x, θz)− S(x, θ)]dFgzdΛgzdΓgz

󰀖
dH(φz)

[1− ρ(1− λ̃y)]S(x, θ) + (1− λ̃y)ρα

󰁝

φ

󰁝 󰁝 󰁝
[S(x, θz′)]

+dFgz′dΛgz′dΓgz′dH(φz′)

󰀘󰀬

This is the expression offered in the main text which also verifies that the joint
surplus does not depend on the threat offer.
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F Referenced Values for Initiation

Derive the referenced value of Beta distribution for scalar component: I initially choose
the values close to the referenced values derived by the weighted mean (Êg) and vari-
ance (V̂g) of the group g in the dataset. I back out the referenced values by:

κg =
Êg(1− Êg)

V̂ 2
g

− 1, and σg = κg

󰀣
1− Êg

Êg

󰀤
.

Derive the referenced value of Dirichlet distribution for vector component: Specif-
ically, let r̂jgg′ be the estimated flow ratio of firm j from group g to group g′, i.e. r̂jgg′ =󰁓

1{EE movers to g′}󰁓
1{EE movers} . Using the mean and variance of r̂jgg′ , we can derive the reference val-

ues γ̂gk(k = 1, 2, 3) for a Dirichlet distribution. Following

E(r̂jgk) =
γ̂gk
γ̂0
g

, and Var(r̂jgk) =
γ̂gk(γ̂

0
g − γ̂gk)

(γ̂0
g)

2(γ̂0
g + 1)

,

where γ̂0
g =

󰁓
k′ γ̂gk′ , we can derive

γ̂gk =
E2(pjk)[1− E(pjk)]

V ar(pjk)
− E(pjk) =

E(r̂jgk)[E(r̂jgk)− E((r̂jgk)
2)]

E((r̂jgk)
2)− E2(r̂jgk)

.

where E(r̂jgg′) and E((r̂jgg′)
2) are mean flow ratios and their squared form weighted by

firm size in group g.
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