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Abstract

Search-and-matching models give the match-specific productivity shock a central
role in job creation, job destruction, and worker turnover, but because output is rarely
observed at the match level, match quality has been difficult to measure directly. I
infer it from worker flows in a matched panel of workers and employers built from
LinkedIn profiles (Revelio Labs), 2007 to 2025. A Hidden Markov Model classifies em-
ployment spells into seven latent match states based on spell duration, exit outcome,
and the worker’s employment history. For each spell, I construct a match innovation,
the part of the realized outcome that could not have been predicted when the match
formed, as an empirical analogue of unexpected match quality, and aggregate these
innovations to the firm level. Among Compustat firms, conditional on firm controls,
a 10-percentage point shift in match composition from “churning” matches prone to
separation toward internal growth tracks predicts 3.9 percentage points higher em-
ployment growth, a 1.5 percentage point higher probability of survival, and 4.8 per-
cent higher sales. These effects are comparable to prior estimates for a one standard
deviation increase in TFP across U.S. manufacturing establishments, suggesting that
match quality is an important source of the firm level shocks that drive growth and
survival.
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support throughout this project. I also thank Stephanie Hao for the help with the data, and Katherine Abra-
ham, Hie Joo Ahn, Pierre De Leo, Guido Kuersteiner, Fulvia Pennoni, and John Shea for helpful comments
and discussions. Email: sding35@umd.edu
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1 Introduction

In search-and-matching models, match-specific productivity plays a central role in job
creation, job destruction, and worker flows (Mortensen and Pissarides, 1994; Burdett and
Mortensen, 1998; Moscarini and Postel-Vinay, 2016, e.g.). Often interpreted as the quality
of a particular worker-firm pairing, this productivity can evolve over time and governs
the value of the match: productive matches are formed and survive, while sufficiently
unfavorable realizations lead to separation. Match quality therefore shapes which em-
ployment relationships are formed, how long they last, and how they end. Despite its
theoretical importance, match quality is difficult to measure directly. It is inherently un-
observed, match-level output is rarely recorded, and any candidate proxy is confounded
by unobserved worker and firm heterogeneity. In this paper, I construct a residual-based
measure of match quality at the job-spell level using a matched worker-employer panel
built from LinkedIn profiles and standardized by Revelio Labs. Aggregating this measure
to the firm level, I show that firms” exposure to different match quality types has quan-
titatively important consequences for their subsequent performance: firms with more
favorable match quality experience faster employment and sales growth, and are more
likely to survive.

I use the term match quality to refer to the match-specific component of a worker-firm
pair that shapes how long the spell lasts and how it ends, including, for example, pro-
motion, a move to another employer, or a transition to nonemployment. This component
may evolve over time and does not transfer with the worker to a new employer. It is also
distinct from firm-level technical efficiency, which raises productivity regardless of whom
the firm hires. Conceptually, match quality captures forces such as complementarities be-
tween a worker and the incumbent workforce; a worker may be especially productive
on a team whose members she works well with. It may also reflect labor-augmenting
technology specific to the pair. For example, a salesperson may develop expertise in a
particular firm’s products that makes her especially effective at selling them.

Existing papers typically proxy for match quality with job duration or wages, on the
premise that better matches last longer and pay more (Bowlus, 1995; Miihlbauer and We-
ber, 2024).! While these proxies are informative about underlying match quality, they
have two limitations. First, no single match outcome is likely to capture all dimensions

of match quality. Second, and more importantly, realized match outcomes also reflect

1 An exception is Jackson (2013), who uses student achievement to estimate the productivity of specific
teacher-school pairings separately from persistent teacher and school effects. Defining match quality as the
time-invariant productivity of a given pairing, he shows that a sizable share of what would otherwise be
attributed to teacher quality is in fact school-specific.



unobserved worker and firm heterogeneity, making it important to distinguish these ef-
fects from the match-specific component. Using individual LinkedIn profiles compiled by
Revelio Labs, I construct a new measure of match quality that addresses both limitations.
The measure combines multiple dimensions of realized match outcomes and nets out the
component of these outcomes that was predictable before the match formed.

The Revelio data are particularly well suited for measuring match quality because
they provide detailed information on workers” employment histories at the position level.
I observe not only transitions across firms, but also the positions they hold within each
firm, including job titles, seniority rankings, and the timing of each transition. This al-
lows me to distinguish promotions, lateral moves, and demotions within firms, as well as
changes in job rank associated with moves across employers. These detailed career tran-
sitions provide multiple signals about how a worker-firm match evolves and ultimately
ends, capturing dimensions of the employment relationship that traditional employer-
employee records alone cannot provide.

I construct a residual-based measure of match innovation that captures the “surprise”
in match outcomes in three steps. Throughout, I use match quality to refer to the struc-
tural, match-specific productivity of a worker-firm pair, while match state refers to the
latent classification of realized match outcomes, which may also reflect worker- and firm-
specific factors. Match innovation refers to the residual component of the match-state dis-
tribution after removing the part that is predictable before the match is formed. I interpret
the effect of match innovations on firm outcomes, conditional on firm-level observables,
as the effect of match quality on firms.

In the first step, I classify each spell outcome into one of seven latent match states us-
ing a multichannel Hidden Markov model. I choose the number of states based on the
transition dynamics and give them economic meaning by examining the joint distribu-
tion of spell duration and transition type, which includes internal promotions, demotions,
lateral transfers, movements to higher- or lower-ranking positions at other firms, reloca-
tion, transitions into education or nonemployment, and ongoing employment. Each state
is characterized by its probabilities of generating these observable outcomes and by its
transition probabilities, which describe how workers move between latent states across
successive employment spells. Because the model does not use worker demographics,
tirm characteristics, or wages to define the states, it provides a fixed classification based
only on the observed evolution of employment relationships.

The seven states range from short, separation-prone positions to stable jobs with long
durations and opportunities for internal advancement. A definitive ranking of the seven

states is not always meaningful, since their relative desirability may depend on the out-



come of interest and on the stage of a worker’s career. However, separation-prone states
are generally vield as less favorable outcomes than states associated with internal growth
and stability. I assess the economic content of this classification using wages, which are
excluded from the estimation. Entry wages generally rise as states move from temporary,
separation-prone positions toward more stable positions with opportunities for internal
advancement.

In the second step, I compute, for each position, a posterior probability of belonging
to each of the seven states and examine which worker and firm observables predict this
classification. Rather than assigning a position to a single state, I retain the full posterior
distribution to account for classification uncertainty. I then estimate spell-level regres-
sions relating these posterior probabilities to observable worker and firm characteristics,
including workers’ age, gender, ethnicity, and educational attainment, as well as firms’
size, age, and sector. Observable characteristics predict the classification in intuitive ways.
For example, younger workers are more likely to hold shorter-duration, separation-prone
positions, while larger and older firms are more likely to offer positions associated with
stability and internal growth. These patterns indicate that characteristics observed prior
to match formation systematically predict realized match outcomes, motivating the con-
struction of match innovations that net out this predictable component.

In the third step, I construct the match innovation by comparing a position’s realized
posterior distribution across match states with the distribution predicted using all infor-
mation available before the current match is formed. I first re-estimate the initial-state
and transition equations using a richer set of predetermined worker characteristics, in-
cluding the worker’s employment history and demographic characteristics. These equa-
tions generate a predicted distribution across match states for each spell. The residual
between the realized and predicted distributions is my measure of match innovation,
capturing the component of the match realization left unexplained by systematic differ-
ences in expected outcomes across workers. This residualization reduces persistence in
match outcomes within an individual by more than 55%, with greater persistence remain-
ing for internal transitions within a firm than for job-to-job moves across employers. This
pattern is consistent with internal job transfers carrying more persistent match-specific
information.

To assess the quantitative importance of match innovations for firm outcomes, I ag-
gregate spell-level innovations among new hires to the firm level and examine how firms’
exposure to different match innovations affects subsequent employment growth and sur-
vival. Controlling for firm fixed effects, lagged firm outcomes, and industry-by-time fixed
effects, I interpret the remaining relationship between match innovations and subsequent



firm outcomes as reflecting firms” exposure to match quality.

I find that greater exposure to Churning matches—spells lasting less than 15 months
that typically end in nonemployment, relocation, or a job-to-job move to a lower-ranking
position at another firm—has the largest negative effect on employment growth. By con-
trast, innovations toward internal-growth states, which represent jobs that are more likely
to end in lateral transfers or promotions, have the largest positive effect on employment
growth. A 10 percentage point shift in the composition of a firm’s new hires from Churn-
ing to Maturing Growth matches is associated with a 2.1-2.8 percentage point increase in
subsequent employment growth and a 0.25 percentage point increase in the probability of
survival. Among Compustat firms, the same shift is associated with a 3.3—4.7 percentage
point increase in employment growth, a 0.08-1.4 percentage point increase in survival
probability, and 4.7 percent higher sales. The magnitude of the employment-growth ef-
fect is comparable to prior estimates of the effect of a one-standard-deviation increase in
tirm-level TFP among U.S. manufacturing establishments (Blackwood et al. (2021)).

Importantly, the effects of match innovations are not confined to the year immediately
following hiring. I trace their effects on employment growth, survival, and sales over the
subsequent three years. For many states and outcomes, the effects remain economically
meaningful two or three years later and, in some cases, become stronger over time. For
example, the positive sales effect associated with shifting 10 percentage points of new
hires from Churning to Early Growth matches rises from 4.7 percent in the following year
to 9.1 percent three years later. This persistence suggests that the consequences of match
quality extend beyond short-run worker turnover or adjustment following a hire. Taken
together, the large magnitude and persistence of these effects suggest that match quality

is an important source of firm-level productivity heterogeneity.

1.1 Literature

This paper contributes to the firm dynamics literature on the determinants of employ-
ment growth and survival. A large empirical literature shows that firm-level fundamen-
tals are central to firms” growth and survival (Syverson, 2011; Sterk et al., 2021; Decker
et al., 2020). For example, Blackwood et al. (2021) show that, across alternative measures
of firm productivity, a one-standard-deviation increase in TFP is associated with roughly
a 4.3-4.7 log-point increase in employment growth and a 1.4 percentage-point decline in
the probability of exit. On the theory side, models of persistent firm heterogeneity and
time-varying firm-specific shocks use these forces to generate labor adjustment as well
as firms” entry and exit decisions (Hopenhayn and Rogerson, 1993; Elsby and Michaels,



2013; Cooper et al., 2007). Yet the underlying sources of the time-varying firm-level het-
erogeneity that drives these dynamics remain less well understood. I show that firms’
exposure to unexpectedly favorable worker-firm matches is one such source: firms with
greater exposure to favorable match quality subsequently experience higher employment
growth and are more likely to survive.

This paper also contributes to the empirical literature on measuring worker-firm
match quality. Because match quality is not directly observed, existing work typically
relies on proxies such as wages and job tenure (Bowlus, 1995; van Ours and Vodopivec,
2008; Caliendo et al., 2013; Miihlbauer and Weber, 2024; Koenraadt and Timmermans,
2026), job satisfaction and employer performance evaluations (Ferreira and Taylor, 2011),
or measures of skill fit (Cabral Vieira, 2005; Mavromaras et al., 2007). However, as Belot
et al. (2024) emphasize, these measures may reflect factors other than match quality and
do not always correlate closely with one another, suggesting that they capture differ-
ent underlying objects of the employment relationship. Rather than selecting a single
observed outcome as a proxy for match quality, I infer a latent match state jointly from
multiple outcomes over the worker’s employment history. Spell duration and the way
a spell ends provide complementary signals about the underlying state of the match,
allowing otherwise similar employment spells to be distinguished by their transition
dynamics.

My empirical approach is related to a growing literature that uses hidden Markov and
latent-state models to recover persistent unobserved labor market heterogeneity from
workers” employment histories. Shibata (2019) estimates a hidden Markov model in
which latent labor market states summarize workers’ prior histories and predict subse-
quent transitions. Ahn et al. (2023) similarly use a hidden Markov model to uncover
segments of the U.S. labor market that differ in employment stability, unemployment
dynamics, and labor force attachment. More recently, Hong et al. (2026) allow workers’
latent wage types to evolve according to a hidden Markov process that depends on the
type of firm employing them. I focus on a different latent object: match states of worker-
tirm pairs at the spell level, rather than latent worker states. Methodologically, I develop
a three-step procedure that uses the model’s transition structure to separate the unex-
pected component of a realized match state from the predictable part using information
available before the match is formed.



2 Data

The primary data sources are the Individual Profile Data and Company References from
Revelio Labs. Revelio aggregates and standardizes information from LinkedIn profes-
sional profiles on a weekly basis, and has become increasingly used in academic research
in recent years ((Bloom et al., 2026; Chang et al., 2026; Gulati et al., 2026; Hampole et al.,
2025). The resume data provides detailed information on workers’ current and historical
employment positions, educational backgrounds, skills, and demographic characteristics.
The data allow us to directly observe firm-to-firm transitions, internal moves and promo-
tions within firms, as well as the timing of each position change. Employers are assigned
persistent identifiers, which allow employment positions to be linked across workers and
over time and enable us to construct longitudinal worker—firm employment histories as

well as firm-level workforce panels.

Definition of firms. Revelio provides an employer identifier, ultimate_parent _rcid, which
links related employer entities to their ultimate parent company. This definition more
closely corresponds to the enterprise-level concept of a firm in the firm-dynamics litera-
ture and may combine multiple subsidiaries, operating units, or establishments located in
different geographic areas under common ownership. We aggregate employment histo-
ries across all constituent rcids belonging to the same ultimate parent when constructing

tirm-level measures of employment, hiring, separations, growth, and survival.

Constructing worker—firm—position spells. The unit of analysis is the worker—firm
employment spell, defined as a contiguous period during which a worker remains em-
ployed at the same firm without changing positions. Each reported employment spell
is expanded into monthly observations, with a single primary position retained for each
worker-month. When a worker holds multiple positions simultaneously, priority is
given to a position with the same ultimate-parent employer (ultimate_parent_rcid) as in the
preceding month to preserve employment continuity. If no such position exists, the over-
lapping position with the highest reported pay is retained. Finally, months that overlap
with an education spell are classified as internships rather than regular employment.

Estimation Sample. The data contain a snapshot of LinkedIn profiles as of April 2026.
The estimation sample spans 2007-2025, a period over which Revelio provides broad

coverage of the U.S. labor market. The following restrictions are applied to construct the
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estimation sample. First, I exclude positions that ended before January 2007, as Revelio’s
coverage of historical employment records improves substantially thereafter. Second, I
retain workers with at least one year of education history after age 16, where age is in-
ferred from the reported education records.? Third, I keep workers with at least three
employment spells, where a new spell may reflect either a change in position within the
same firm or a job-to-job move. Requiring at least three spells provides sufficient within-
worker employment dynamics for estimation. For computational purposes, I cap the
number of employment spells per worker at 20; more than 99.5% of individuals have 20 or
fewer spells during the estimation sample. After imposing these restrictions, our baseline
sample contains 22,874,918 workers, 3,896,164 unique firms, and 113,560,440 worker—firm
matches.

Revelio provides broad coverage of the professional labor market. Appendix Tables 8-
11 report the number and share of unique workers and employers by sector at an annual
frequency and compare them with the corresponding statistics from the Quarterly Census
of Employment and Wages (QCEW). Coverage of individual employment positions is
broad across sectors and relatively stable over time, while gradually improving over the
sample period as online professional networking becomes more widespread. Because the
data are constructed from online professional profiles, representation is stronger among
more-educated workers and those in professional occupations, such as managers and
other professional workers, while lower-wage, less-educated, and informal workers are
less well represented. Across industries, information and professional services, financial
services, and education are relatively overrepresented. Larger and more established firms
are also better represented than younger and smaller firms, as documented in Chang et al.
(2026).

Comparisons with independent data sources suggest that Revelio-based employment
measures are informative about both aggregate and firm-level labor market dynamics.
Hampole et al. (2025), for example, compare firm employment measured in Revelio with
employment reported in Compustat and find correlations of 0.76 in employment levels
and 0.56 in five-year employment growth. Appendix Table ?? provides an additional
validation at the aggregate level by comparing hiring and separation rates constructed
from Revelio with the corresponding series from the Job Openings and Labor Turnover
Survey (JOLTS). The employment histories are also self-reported and may be updated
retrospectively, so some short employment spells or periods of nonemployment may be

2] exclude all workers without education records since education is used both to infer workers’ ages and
to distinguish employment gaps associated with education from periods of nonemployment. In addition, I
exclude workers with a single education spell lasting more than 10 years, as such records are more likely to
reflect profiles that have not been updated.



less completely recorded.

2.1 Measurement of spell transition types

A unique feature of the dataset is that it allows worker movements up and down the
job ladder to be measured during both job-to-job transitions and internal transfers. A
move to a higher-seniority position within a worker’s employment history is interpreted
as an improvement in the worker—firm match. These career movements therefore provide
information about whether the match-specific component of the worker—firm relationship
improves or deteriorates over time. The analysis first introduces the concept of a seniority
ladder, which is central to the classification of career progression, and then describes how

movements along this ladder are measured.

Seniority ladder. Iuse Revelio Labs’ seniority variable to infer whether an individual is
advancing in their career when they experience position change. Revelio Labs constructs
an ordinal seniority metric for each position using three inputs: (1) job title, employer, and
industry; (2) the individual’s employment history, including prior positions and their as-
sociated seniority levels; and (3) the individual’s age. These three measures are averaged
and benchmarked against the population distribution to produce a metric comprising
seven levels, ranging from 1 (entry level) to 7 (senior executive).’

This seniority ladder, defined over a worker’s relative hierarchical position across all
positions, is conceptually distinct from the firm-level job ladder studied in the literature.
The firm job ladder describes the tendency of workers to move toward more productive
and higher-paying firms (Burdett and Mortensen, 1998; Moscarini and Postel-Vinay, 2012,
2016). Under the firm-ladder definition, all positions within the same employer occupy
the same rung. However, workers at the same firm can hold positions at very differ-
ent seniority levels depending on their roles and responsibilities, generating meaningful

within-firm variation in match quality.

Classification of spell transition types. I classify the spell transition types into one of

the nine categories described below:

3The seven seniority levels are: (1) Entry Level (e.g., Accounting Intern; Software Engineer Trainee;
Paralegal); (2) Junior Level (e.g., Accounts Receivable Bookkeeper; Junior Software QA Engineer; Legal
Adviser); (3) Associate Level (e.g., Senior Tax Accountant; Lead Electrical Engineer; Attorney); (4) Man-
ager Level (e.g., Account Manager; Superintendent Engineer; Lead Lawyer); (5) Director Level (e.g., Chief
of Accountants; VP of Network Engineering; Head of Legal); (6) Executive Level (e.g., Managing Direc-
tor, Treasury; Director of Engineering, Backend Systems; Attorney, Partner); (7) Senior Executive Level
(e.g., CFO; COO; CEO). For the full methodology, see https://www.data-dictionary.reveliolabs.com/
methodology.html#seniority.


https://www.data-dictionary.reveliolabs.com/methodology.html#seniority
https://www.data-dictionary.reveliolabs.com/methodology.html#seniority

Within-firm transitions.
1. Downgrade: an internal move to a lower-seniority position within the same firm.

2. Lateral transfer: an internal move to a position at the same seniority level within the

same firm.
3. Upgrade: an internal move to a higher-seniority position within the same firm.
Across-firm transitions.
4. Pull separation: a move to a different firm at a higher seniority level.
5. Push separation: a move to a different firm at the same or a lower seniority level.

6. Relocation: a move to a different firm that also involves a move to a different geo-
graphic area.* Relocations are classified separately from push and pull separations
because they may reflect changes in preferences or other personal constraints that

are less directly related to match quality.
Other outcomes.

7. Transition to education: the worker’s next recorded activity is enrollment in an edu-
cational program. Note that this includes part-time employment overlapping with

education.

8. Transition to nonemployment: the worker separates from the firm and does not record

a subsequent position or educational enrollment within the observation window.”
9. Ongoing: the position has not ended as of the last data update.

Section 8.3 describes more details about the classification and 8.1 in the Appendix
reports the descriptive statistics for the estimation sample.

“Geographic areas are defined using the BLS combined MSA classification.

5The spell-level share of transitions into nonemployment should not be interpreted as a layoff or dis-
charge rate measured at a regular frequency. The former is defined over completed employment spells,
with all observed job spells in the sample period serving as the denominator, whereas the latter is typi-
cally measured as the fraction of involuntary separations occurring within a given period. Transitions into
nonemployment may be measured with some upward bias because workers may be less likely to report
short-duration, part-time, or lower-ranking jobs on their profiles. However, such omitted transitions are
also likely to reflect relatively undesirable post-separation outcomes and therefore still contain information
consistent with low match quality at the previous employer. Grouping these cases with true transitions
into nonemployment is thus consistent with the interpretation of this outcome as signaling a relatively
poor prior match.
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Figure 1: Distribution of Spell Transition Types

Note: The figure shows the distribution of spell transition types across the full eligible sample of workers
with at least three spells. Shares are calculated over 113,560,440 spells with nonmissing exit types, including
ongoing spells. Upgrade, lateral transfer, and downgrade denote transitions within the same employer.

3 Classification of Match Outcomes

In this section, I estimate a multichannel latent Markov model to recover a discrete la-
tent match state for each position in a worker’s employment history. The model captures
the idea that unobserved latent match state is persistent but can evolve over a worker’s
employment history, and is only imperfectly observed through outcomes such as employ-
ment duration and exit type. This structure is analogous to a discrete state-space model,
in which the latent-state transition process plays the role of the state equation and the
emission process plays the role of the measurement equation. The latent state is allowed
to vary within a worker—firm pair, as changes in positions within the same firm may sig-
nal changes in the underlying match state.

The primary purpose of this step is classification: selecting the number of latent states
and characterizing the distinct types of worker—firm matches that they represent. I de-
liberately limit the covariates at this stage to construct a fixed definition of latent match
states based only on employment outcomes and career dynamics, rather than worker’s

demographic characteristics.
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Figure 2: Latent Markov Model Structure

Note: This figure illustrates the structure of the model. U;, denotes the latent match state for worker i in
position n, while Y}, denotes emission m observed for worker i in position n. The parameter ¢;" denotes
the emission probability for outcome m conditional on latent state k. The term P(U; 41 | U;,,) denotes the
transition probability between latent states across consecutive positions. The covariate v; enters the initial-
state distribution and corresponds to the worker’s birth cohort, while z; , enters the transition probabilities
and captures the nonemployment gap preceding the new position.

3.1 A Multi-channel Hidden Markov Model

I model latent match outcomes at the position level as a first-order Markov process. The
economic interpretation of this assumption is that, conditional on the current latent state
and observed characteristics of the transition between spells, earlier match states contain
no additional information about the state of the subsequent match. Thus, the current
state serves as a parsimonious summary of past employment history that are relevant for
future match formation. The first-order Markov structure allows the latent match states
to feature persistence and history dependence while keeping the worker’s employment
history tractable.

Figure 2 illustrates the structure of the model. Time is discrete. Letn = 1,2,...,N
index the worker’s employment positions in chronological order, where the number of
observed spells N; may vary across workers. Let U, € 1,2,..., K denote the latent match
state associated with spell n. To simplify notation, I suppress the worker index i through-
out this subsection unless it is needed for clarity.

Initial State Distribution. At the first observed position for each worker, the worker is
assigned to latent match state k with probability P(U;1; = k | v;), where v; denotes the

12



birth cohort of individual i. I allow the initial distribution of latent match states to vary
by birth cohort because the first observed positions of workers in earlier cohorts typically
occur in mid-career, whereas those of workers in later cohorts are more likely to represent
their first jobs.® I parameterize the initial-state probabilities using a multinomial logit
model with birth-cohort indicators.

Transition Probabilities. After the initial spell, the latent match state evolves across
successive employment spells. I allow the transition probabilities between latent match
states to depend on workers’ nonemployment gap preceding each spell. For each spell, a
worker transitions from match state U; ,, to U, ,, 1 with probability P(U;, = k' | U;,—1 =
k, z; »), where z, represents the length and nature of the nonemployment gap.” The
transition probabilities are parameterized using multinomial logit models, allowing the
probability of moving from each originating state to any destination state to vary by

nonemployment-gap category.

Emission Probabilities. The emission model describes probability of observing outcome
y™ in emission channel m when the underlying match is in latent state k. I consider two
emission channels: first, spell duration Y! which takes four values: 1-6 months, 7-15
months, 16-36 months, 37 or more months; second, job exit type Y?: takes nine val-
ues: downgrade, equal-level internal transfer, upgrade, transition to education, transi-
tion to nonemployment, pull separation, push separation, relocation, and ongoing em-
ployment. If a worker is in match state k for position n, then the probability of observ-
ing outcome y in emission channel m when the underlying match is in latent state k is
Pp'(y™) = P(Y" = y™ [ Uy = k).

The latent match states are assumed to capture all systematic dependence between
spell duration and exit type, as well as the persistence in observed outcomes across po-
sitions. Importantly, the latent states capture not only match-specific characteristics but
also worker- and firm-specific characteristics that contribute to explaining the dynamics
of spell duration and exit type. For example, if a worker’s demographic characteristics
make the worker systematically more likely to remain employed in stable matches, this
tendency will also be reflected in the latent states.

Conditional on the latent-state sequence U;, the remaining variation in observed out-

6y; contains indicators for eleven birth cohorts: pre-1982, for whom the first job likely occurred before the

start of the sample period; 1982-1984; and subsequent three-year cohorts through 2006-2008. An additional
category is included for workers with missing birth-year information.

"There are four categories for nonemployment gap: no gap, a short gap of one to six months, a long gap
of seven or more months spent enrolled in school, or a long gap of seven or more months out of both work
and school.
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comes is assumed to be idiosyncratic and independent across positions. Specifically, the
observed response vectors ¥; 1, ..., Y; y are assumed to be independent conditional on U;.
Within each position, the two emission channels are further assumed to be independent

conditional on the current latent state U, ,,.

Likelihood and Estimation. The model has four sets of parameters: T = {P(v), Q(z), ®!, ®?}.
P, is a1l x K vector giving the initial distribution over latent match states for birth cohort
v, and Q; is a K x K transition matrix associated with nonemployment gap category z.
The matrices ®! and ®? contain the emission probabilities for spell duration and job exit
type, respectively, with dimensions 4 x K and 9 x K.

Given the model parameters I', the likelihood of observing individual i’s employment
history (Y;) is

N;
P(Yi | v,z;T) = Y, P(Upx=ki|o) [TP(Uin =kn | Upp—1 = kn—1,2in)
ke{l,...,K}Ni n=2
N;
X H P(an | ui,n = le)P<Yz%n | ui,n = kn) (1)
n=1

N;
= Z Pvi (kl) I:IZ in,n (kn—ll H ¢k 4)kn )

ke{1,...,K}Ni

where the summations integrate over all (KN) possible sequences of latent match states.
The first term gives the probability of the initial latent state, the second captures tran-
sitions between latent states across successive positions, and the third gives the proba-
bility of the observed duration and exit outcomes conditional on each latent state. The
likelihood of simultaneously observing labor history of all the individuals {Y};c; can be

written as

I
=) log P(Y; | v;,z;;T). 2)
i=1

The model is estimated by maximizing the sample log-likelihood using a random sam-
ple of one million workers. I use the LMest package in R, which implements maximum
likelihood estimation through the expectation-maximization (EM) algorithm. The EM
algorithm alternates between computing posterior probabilities of latent states and tran-
sitions given the observed employment histories (E-step) and updating the model pa-
rameters to maximize the expected complete-data log-likelihood (M-step). I use five in-
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Figure 3: Bayesian Information Criterion

Notes: The figure reports the Bayesian Information Criterion (BIC) for latent Markov models estimated with
K € [2,40].

dependent random initializations and use the estimates with the highest log-likelihood.
Appendix 9.0.1 provides further details on the estimation procedure.

3.2 Number of Latent States and Model Selection

I choose the number of latent states to balance statistical fit with the ability to distinguish
stable and economically meaningful patterns in employment outcomes. Increasing the
number of states mechanically allows the model to fit the data more closely, but addi-
tional states may capture small distinctions only available in the sample data and make
the resulting classification more difficult to interpret.® I select K = 7 based on four consid-
erations: information criteria, out-of-sample fit, the similarity of transition patterns across

states, and the stability and economic interpretation of the estimated states.

* Information criteria. We estimate models with K = 2, ..., 40 latent states and compare
the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC).
Figure 3 reports the BIC, while Appendix Figure 12 reports the AIC. The BIC reaches
its global minimum at K = 28, while the AIC continues to decline through K = 40.
However, most of the improvement in fit occurs at relatively small values of K, and
both criteria flatten substantially after K = 5. Relative to the BIC improvement
attainable at its minimum, K = 7 already captures approximately 83% of the total
reduction in BIC.

8Theorem 6 in Allman et al. (2009) provides a generic identifiability bound on the number of latent states
as a function of the number of observable response combinations and repeated observations. In our setting,
the implied upper bound exceeds four million latent states and is therefore non-binding for the values of K
considered here.
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* Out-of-sample fit. We evaluate predictive performance on a separate sample of
100,000 workers. Table 14 reports the average log-likelihood per worker in the
training and validation samples for selected values of K. Out-of-sample fit im-
proves as the number of states increases, indicating that the additional states
capture some genuine structure in the data rather than over-fitting to small features

in the training sample. However, the improvement as K increases is very modest.

* Separation of the transition dynamics. With K = 7, the estimated transition matrices
are full rank and well behaved numerically. As K increases, the transition matrices
remain formally full rank but become increasingly close to singular, with several
columns becoming nearly linearly dependent. This pattern indicates that some of
the additional latent states have very similar transition dynamics and therefore pro-

vide limited additional distinction in workers” employment histories.

* Parameter stability and economic interpretation. Finally, we compare the estimated
emission and transition probabilities across independently drawn samples. With
larger values of K, the estimated parameters become increasingly sensitive to the
sample used for estimation: states that appear in one sample do not always have a
clear counterpart with similar emission and transition patterns in another. In con-
trast, the K = 7 specification produces stable parameter estimates across samples
and yields a consistent set of latent states with distinct and economically inter-

pretable employment-outcome patterns.

Taken together, larger models provide modest improvements in statistical fit, but these
gains come primarily from splitting the seven broader states into more weakly differen-
tiated clusters. The seven-state model captures most of the improvement in fit while
producing transition dynamics and emission patterns that are stable across samples and
readily interpretable economically.

3.3 Classification of latent match states

In this section, I characterize the seven latent match states that capture different stages of
the employment trajectory, and describe their emission profiles and transition dynamics
associated with each latent state

3.3.1 Characterization of the Latent States

Table 1 summarizes the employment-duration, spell transition-type, and transition pro-

tiles of the seven latent match states. The states can be broadly classified into three groups.
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Table 1: Summary of the Latent Match States

Labels

Employment-relationship profile

Most likely next states

Separation-Prone Matches

Stepping-
Stone

Churning

Transitional
Mismatch

Short-duration, with transition
concentrated in education (37%) and
nonemployment (26%).

Short-duration, with transition
concentrated in push separation (26%),
nonemployment (22%), and relocation
(20%).

Medium-duration and
separation-dominated, with frequent push
separation (33%), nonemployment (24%),
and pull separation (19%).

Stepping-Stone Job (45%);
Churning Job (30%).

Churning Job (35%);
Stable-Ongoing Match
(28%); Transitional
Mismatch (16%).

Transitional Mismatch
(45%); Stable-Ongoing
Match (37%).

Growth-Oriented Matches

Early Growth
Track

Maturing
Growth
Match

Stable-
Ongoing
Match

Medium-duration, advancement-oriented
relationships; same-level moves and
upgrades account for 64% of exits.

Medium-long duration,
advancement-oriented relationships;
same-level moves and upgrades account
for 50% of exits.

Long, ongoing relationships: 99% last at
least 37 months and 99.5% remain Ongoing
at the end of the observation window.

Early Growth Track (55%);
Stable-Ongoing Match
(20%); Transitional
Mismatch (10%).

Stable-Ongoing Match
(54%); Maturing Growth
Match (28%); Early
Growth Track (12%).

Stable-Ongoing Match
(79%); Early Growth Track
(20%).

Notes: The table summarizes the emission and transition profiles of the seven latent states
estimated by the multi-channel latent Markov model. The final column reports the most
likely destination states for consecutive employment spells with no intervening nonem-
ployment gap. Because State 7 primarily contains ongoing spells, its duration and persis-
tence partly reflect right-censoring.
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37 months or longer. Each bar represents the probability distribution of spell duration within a latent state.

Figure 4: Spell Duration Distribution by Latent Match State

The first consists of three separation-prone states: Stepping-Stone Job, Churning Job, and
Transitional Mismatch, characterized by frequent separations with the current employer.
The second consists of three growth-oriented states: Early Growth Track, Maturing Growth
Match, and Stable-Ongoing Match, characterized by internal advancement or stable em-
ployment relationships with the employer. The remaining state primarily captures the
tirst observation for older cohorts whose earlier histories are unobserved in the sample.
Figures 4 and 5 show the estimated emission probabilities for spell duration and exit type
for the six economically meaningful states. The underlying distribution of these latent

states, and their emission and transition probabilities are reported in Appendix 9.2.

Separation-Prone Matches. Stepping-Stone Matches consists primarily of short-duration
employment relationships, with 43 percent lasting 1-6 months and another 26 percent
lasting 7-15 months. Transitions to education and nonemployment together account for
over 62% of spell transitions. This state is especially prevalent in the initial match-state
distributions of later birth cohorts, whose employment histories are more likely to be ob-
served from labor-market entry. Thus, stepping stone matches often represent temporary
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or early-career employment.

Churning Match also consists of short employment relationships, with 47 percent last-
ing 1-6 months and 37 percent lasting 7-15 months. However, unlike Stepping-Stone Job,
exits from Churning matches are more concentrated in separations to other firms. These
patterns suggest unstable employment relationships characterized by frequent separa-
tions rather than early-career transitions into education.

Transitional Mismatch is similarly separation-prone but has a longer duration profile.
Approximately 43 percent of these relationships last 16-36 months, compared with only
17 percent for Churning Job. Separations to other firms account for an even larger share of
exits, with push separations accounting for 33 percent, followed by transitions to nonem-
ployment (24 percent) and pull separations (19 percent). Despite the prevalence of sep-
arations, the transition dynamics suggest that Transitional Mismatch is more likely than
Churning Match and Stepping-Stone Matches to be followed by a Stable-Ongoing Match, with
an estimated transition probability of 37 percent compared with 28 percent for Churning
Match and 2 percent for Stepping-Stone Mathces.

Growth-Oriented Matches. Early Growth Track is characterized by employment rela-
tionships of medium duration and frequent internal advancement. Approximately 36
percent of relationships last 7-15 months and 42 percent last 16-36 months. Same-level
internal transfers and upgrades together account for over 64 percent of spell transition
outcomes, the highest share among all latent states. These relationships are also likely to
be followed by another Early Growth Track or a Stable-Ongoing Match, suggesting contin-
ued employment progression.

Maturing Growth Match represents longer employment relationships with continued
opportunities for internal advancement. Approximately 55 percent last at least 37 months,
while another 40 percent last 16-36 months. Same-level transfers and upgrades account
for approximately 50 percent of spell transition outcomes. Compared with Early Growth
Track, Maturing Growth Match are more likely to be followed by Stable-Ongoing Match,
with an estimated transition probability of 54 percent. These patterns are consistent with
employment relationships becoming longer and advancement less frequent as workers
progress into more mature positions.

Stable-Ongoing Match consists almost entirely of long-duration employment relation-
ships that remain active at the end of the observation window. Approximately 99 percent
last at least 37 months, and 99.5 percent are still ongoing. This state is a common destina-
tion from several other states, particularly for Maturing Growth Match.
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distribution of exit outcomes within a latent state, with probabilities summing to one. Ongoing spells

refer to positions that have not ended by the end of the sample period.

Figure 5: Spell Transition Distribution by Latent Match State
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3.3.2 Transition Dynamics of the Seven States

Figure 6 reports the estimated transition matrices separately by the gap between consec-
utive employment spells. Rows denote the state of the previous spell, while columns
denote the state of the subsequent spell. The first panel reports transitions with no in-
tervening gap, the second reports transitions following a short gap of 1-6 months, and
the final two panels report transitions following gaps of at least seven months associ-
ated with education and nonemployment, respectively. Approximately 65.7 percent of
transitions involve no gap, 10.0 percent follow a short gap, 11.5 percent follow a long
education-related gap, and 12.7 percent follow a long nonemployment gap. Shaded cells
indicate transition probabilities that have large standard errors because the corresponding
origin—destination transition have a small number of observations in the estimation sam-
ple. Imprecisely estimated transition probabilities are concentrated among transitions
involving employment gaps, because some combinations of pre-employment gap cate-
gories and state-to-state transitions are observed only rarely in the data. I calculate stan-
dard errors using the delta method, accounting for the nonlinear mapping from the es-
timated multinomial-logit coefficients to transition probabilities. Appendix 9.4 describes
the delta-method calculation and reports the standard errors for the transition matrices.

The no-gap transition matrix shows a clear concentration along the diagonal and in
the upper-right portion of the matrix. The large diagonal entries indicate persistence of
the latent states: workers frequently enter a subsequent employment relationship of the
same latent type as their previous relationship. At the same time, transitions above the
diagonal are generally more common than transitions below it, indicating that workers
tend to move toward longer duration jobs with more internal advancement opportunities.
The process is not monotonic, however. We also observe repeated states and movements
toward moving down the career trajectory, suggesting that career progression often in-
volves recurring or transitional steps rather than a one-directional movement up a deter-
ministic ladder.

A short employment gap weakens the asymmetry between the upper-right and lower-
left portions of the matrix. After such a gap, the two growth-oriented states transition
mainly into shorter duraton, separation-prone states. Early Growth Track) and Maturing
Growth Match moves mainly to Churning Match and Transitional Mismatch. An employ-
ment interruption thus breaks the upward career trajectory seen in no-gap transitions.
Direct transitions between growth-oriented states after a gap are often imprecisely esti-
mated. Few workers in the data end a growth-oriented match with a nonemployment
spell and then move immediately into another growth-oriented match, so these estimates

rely on a small number of cases.

21



left-censored

Stepping Stone Job

Churning Job

Transitional Mismatch

Early Growth Track

Maturing Growth Track

Stable-Ongoing Match

left-censored

Stepping Stone Job

Churning Job

Transitional Mismatch

Early Growth Track

Maturing Growth Track

Stable-Ongoing Match

Notes: Each panel reports the estimated probability of transitioning from the latent match state shown on
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subsequent employment relationship. Shaded cells indicate imprecisely estimated transition probabilities
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Figure 7: Wage and Age distribution by State

The transition matrix following a long education-related gap is estimated less pre-
cisely still, since this category is smaller and some origin-state—gap combinations are rare.
Transitions following education are especially poorly measured for Transitional Mismatch
and Stable-ongoing Match, because these two states are unlikely to be followed by edu-
cation. Among the more precisely estimated cells, Stable-ongoing Matches remains a key
destination. Maturing Growth Mathches moves to Stable-ongoing Matches with near-certain
probability, consistent with workers using an education spell to move from a maturing
growth relationship into a stable, ongoing one. Early Growth Matches is also highly per-
sistent after education: workers return to it with probability 0.71, suggesting education
reinforces an early growth trajectory. Churning Matches is another common destination
after education, including from Stepping-Stone Matches — possibly reflecting a period of
renewed search and experimentation as workers look for a suitable post-education match.

Following a long nonemployment gap, the transition distribution becomes more dis-
persed, and transitions from growth-oriented states are again frequently imprecisely es-
timated. Among the precisely estimated transitions, Churning Jobs and Transitional Mis-
match emerge as common destinations, suggesting that workers returning to the labor
market often pass through short-to-medium-duration, separation-prone matches before
settling into more stable employment. Transitions from Maturing Growth Matches to Stable-
Ongoing Matches are also prevalent, potentially reflecting recalls to previous employers.
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3.3.3 Descriptive evidence on wages and age by states

Figure 7 compares the mean entry wages and median entry ages across states. The bars
report mean wages and the markers report the median age of workers for that group.
Note that neither wages nor worker age is used to define the latent states, so system-
atic differences along these dimensions provide an independent check that the estimated
states capture economically meaningful differences across matches.

The patterns broadly align with a life-cycle interpretation of the latent match states.
States associated with workers’ initial labor-market experiences tend to have lower mean
wages, whereas more mature matches are associated with higher wages. Stepping-Stone
Jobs, Churning Jobs, and Early Growth Matches are disproportionately held by younger
workers. This pattern is particularly pronounced for Stepping-Stone Jobs, which has a
median age of 22. Its strong concentration among very young workers supports the inter-
pretation of Stepping-Stone Jobs as an entry-stage employment state rather than one that is
prevalent throughout workers’ careers. In contrast, Maturing Growth Matches, Transitional
Mismatches, and Stable-Ongoing Positions have median ages of 30 or above.

In the next section, I examine these relationships more systematically using spell-level
multinomial regressions that relate latent-state membership to a broader set of worker

and firm characteristics.

4 Characteristics of Latent Match States

In the second step, I recover the posterior distribution over latent states for each employ-
ment spell and provide descriptive evidence on how worker and firm characteristics are
associated with the types of matches formed. This analysis helps identify predetermined
factors that should be controlled for in the third step.

4.1 Posterior State Distribution

Taking the model parameters estimated in the first step as given, the second step recov-
ers the posterior distribution over latent match states for each observed position. Rather
than assigning each position to its most likely state, the full vector of posterior probabili-
ties across the K latent states is retained. This soft classification preserves uncertainty in
latent-state assignments.

Two posterior distributions are considered, differing in the information used to infer

the latent state. First, local decoding conditions on the worker’s full observed employment
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history. For position n of worker i, the locally decoded posterior probability of latent state
k is

it = P (Ui = k| Yoany zian, 0T ©)
where Y;1.n. = (Yi1,...,Yin,) denotes the full sequence of observed employment out-

comes for worker i, and z; 1.y, = (z1,...,2;n;) denotes the corresponding sequence of
employment gaps.

Second, filtered decoding assigns the posterior probabilities conditioning only on infor-
mation observed through the current position.

n}f}quj{ered =P (ui,n =k | Yi,l:nrzi,lznr (%7, F) . (4)

Unlike local decoding, filtered decoding does not use outcomes from positions occurring
after n. It therefore represents the posterior distribution over the current latent state based
only on the worker’s employment history observed up to that point.

Both procedures produce a K-dimensional probability vector for each spell, &/ =

(ﬁgnll, cee, ﬁgn/K>, where ZkK:l ﬁ?,n,k = 1, where d € {Local, Filtered} denotes local or
filtered decoding.

For the spell-level analysis in this section, I use the locally decoded posterior proba-
bilities because the objective is to characterize the latent states as accurately as possible
using the worker’s complete observed employment history. In Section 5, where I con-
struct match-state innovations, I instead use filtered posterior probabilities so that the in-
ferred state at position n does not incorporate information from subsequent employment

outcomes.

4.2 Worker and Firm Characteristics of Latent Match States

Next, a spell-level multinomial logit model is estimated to characterize how worker and
firm attributes are associated with decoded match quality. The estimates are interpreted
as descriptive associations between observable characteristics and match-type member-
ship rather than causal effects of these characteristics on match quality.

Let Ufj denote the decoded match-quality state between worker i and firm j at quar-

ter t. I model the log-odds of being in state k relative to the baseline state, Transitional
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Mismatch (54), as a linear function of worker and firm characteristics:

P(UL =k | Xiit)
log ij ]
P(L[fj = Transitional Mismatch | Xj;)

= k4 X! ].tfyk, k # Transitional Mismatch,
()

where Xjj; includes bins for worker age, worker’s highest educational attainment at the
start of the match, worker ethnicity, firm industry, firm size, firm age, and year-quarter
fixed effects. Each element of 7¥ gives the change in the log-odds of state k (relative to
Transitional Mismatch) associated with moving from the reference category to the cor-
responding covariate bin, holding all other covariates fixed. exp(7*) is the odds ratio
associated with that covariate bin. Tables 17-23 in Appendix 9.5 report the estimated
coefficients and odds ratios for each state—characteristic combination.

Figures 8 and 9 report the estimated odds ratios from the multinomial logit regres-
sions, organized by covariate and latent match state. I focus on four economically in-
terpretable, non-censored states—Stepping-Stone Jobs (S1), Churning Jobs (S3), Early
Growth Track (S5), and Maturing Growth Track (S6)—and omit the two states that are
strongly affected by censoring. The baseline outcome category in the multinomial logit is
Transitional Mismatch (54). Appendix Tables 17-23 report the corresponding coefficient
estimates and standard errors.

The first row of Figure 8 reports odds ratios by worker age, using workers between
ages 30 and 35 as the reference group. Age is strongly associated with the type of match
formed. Younger workers are substantially more likely to be observed in Stepping-Stone
Jobs, Churning Jobs, and Early Growth Track positions relative to Transitional Mismatch.
The age gradient is particularly pronounced for Stepping-Stone Matches: workers under
age 20 have much higher odds of belonging to this state, and the odds decline sharply
with age. This pattern is consistent with Stepping-Stone Jobs disproportionately captur-
ing positions held early in workers” careers. Churning Matches display a similar, though
less pronounced, age gradient. Early Growth Track positions are also more common among
younger workers, while workers above age 35 are progressively less likely to be observed
in this state. In contrast, the Maturing Growth Track is concentrated more heavily among
prime-age workers: workers below age 30 and workers above age 45 are less likely to be
observed in this state than workers ages 30-35.

The second row reports odds ratios by workers” highest degree at the time of hire, with
a bachelor’s degree as the reference category. Educational attainment is also strongly re-
lated to the distribution of workers across latent match states. Workers with only a high-
school or associate degree are substantially less likely to be observed in the two growth-
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track states, particularly the Maturing Growth Track. By contrast, workers with graduate
degrees are generally more likely to appear in several of the non-censored states. Mas-
ter’s, MBA, and doctoral degree holders have particularly high odds of being observed in
Stepping-Stone and Churning Jobs relative to workers with a bachelor’s degree. MBA hold-
ers are also substantially more likely to be observed in the Early Growth Track, while the
differences between bachelor’s and graduate-degree holders are smaller for the Maturing
Growth Track.

The third row reports odds ratios by gender, with male workers as the reference
group. Female workers are more likely than male workers to be observed in Stepping-
Stone Matches, Churning Jobs, and Early Growth Track positions relative to Transitional Mis-
match. The difference is largest for Stepping-Stone Matches and Early Growth Track posi-
tions. In contrast, female workers are slightly less likely to be observed in the Maturing
Growth Track.

The final row reports odds ratios by ethnicity, with White workers as the reference
group. The associations differ considerably across latent states. API, Black, and Hispanic
workers are more likely than White workers to be observed in Stepping-Stone Matches,
with particularly large differences for API workers. Black and Hispanic workers are also
somewhat more likely to be observed in Churning Jobs. In contrast, these groups are less
likely than White workers to be observed in either the Early Growth Track or the Maturing
Growth Track. The estimates for workers classified as Multiple or Native ethnicity are less
precise in several specifications, as reflected in their wider confidence intervals.

Figure 9 reports the estimated odds ratios for firm characteristics, including firm size,
tirm age, and sector, using Transitional Mismatch as the omitted match-state category.
Thus, the coefficients describe how firm characteristics are associated with the odds of
belonging to each reported state relative to Transitional Mismatch.

The first row reports odds ratios by firm size, with firms employing 1-10 workers as
the reference group. Firm size is strongly associated with the distribution of latent match
states, particularly for the two growth-oriented states. The odds of being observed in the
Early Growth Track increase monotonically with firm size. The relationship is even more
pronounced for the Maturing Growth Track, where the odds rise more distinctly across
firm-size categories, with the largest firms substantially more likely to form these matches
than firms with 1-10 employees. In contrast, larger firms are less likely to form Stepping-
Stone Matches, while the relationship between firm size and Churning Matches is compar-
atively weak. These patterns suggest that larger firms are disproportionately associated
with matches characterized by internal advancement and longer-term career progression.

The second row reports odds ratios by firm age, with firms younger than one year
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serving as the reference group. Firm age is positively associated with several match states,
but the pattern differs across states. Older firms are more likely to form Stepping-Stone and
Churning Jobs relative to very young firms, with the association remaining fairly stable
across much of the firm-age distribution. The Early Growth Track also becomes more likely
as firms age, particularly among the oldest firms. The strongest age gradient appears
for the Maturing Growth Track. Firms in the intermediate age categories are initially less
likely than newly established firms to be associated with this state, but the relationship
reverses among more established firms: firms aged 31-50 years and especially firms older
than 50 years are substantially more likely to form Maturing Growth Tracks. Importantly,
these associations are estimated conditional on firm size, indicating that the relationship
between firm maturity and growth-oriented matches is not driven solely by older firms
being larger.

The final row reports odds ratios across sectors, with Manufacturing as the reference
category. There is substantial heterogeneity in the distribution of latent match states
across industries. Educational Services and Arts, Entertainment, and Recreation are rel-
atively more likely to be associated with Stepping-Stone and Churning Jobs, while being
less likely to form either Early or Maturing Growth Track Matches. Retail Trade shows
a similar, though less pronounced pattern, with relatively greater representation in the
shorter-duration states and lower odds of appearing in the growth-oriented states.

By contrast, Utilities stands out for its relatively high representation in the growth-
oriented states, particularly the Maturing Growth Track. Mining, Quarrying, and Oil and
Gas Extraction is also more likely to be associated with the Early Growth Track, although
its association with the Maturing Growth Track is less precisely estimated. Several service
sectors, including Real Estate, Administrative and Support Services, and Health Care
and Social Assistance, also have relatively low odds of appearing in the growth-oriented
states. These sector-level estimates should be interpreted with some caution because Rev-
elio have relatively poor coverage in these sectors compared to their representations in the
economy.

LinkedIn coverage is particularly high in Professional, Scientific, and Technical
Services and Information, reflecting the platform’s strong representation of knowledge-
intensive and highly skilled labor markets. These sectors exhibit less pronounced
differences across latent match states than sectors such as Education, Arts and Entertain-
ment, or Retail Trade, although their state distributions are still not uniform. Information
sector is relatively more concentrated in Churning Jobs and less represented in the Matur-
ing Growth Track, while Professional, Scientific, and Technical Services is somewhat less
likely to be associated with either growth-oriented state. These patterns are consistent
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with the relatively high employment turnover commonly observed in these sectors.

5 Match Innovations

In the third step, I construct a spell-level innovation to isolate the match-specific com-
ponent of a worker—firm relationship. The latent Markov model’s initial-state and transi-
tion equations are re-estimated using a richer set of predetermined worker characteristics.
These estimates generate a predicted distribution over latent match states for each spell,
conditional on the worker’s observable characteristics and prior employment history. The
match-state innovation is then constructed as the difference between the realized poste-
rior state distribution and the predicted distribution. It therefore measures the extent to
which the realized match outcome differs from what could have been predicted based
on information available to the firm at the time the match was formed. Relative to the
residual from a two-way fixed-effects model, this measure also allows for time-varying
worker heterogeneity summarized by the worker’s most recent employment spell.

The term match innovation refers to the empirical object recovered from the data, while
match quality is reserved for its structural interpretation. Even if workers are equally likely
to meet all firms, the distribution of realized matches need not be independent across em-
ployment spells because hiring is selective. As emphasized by Borovickova and Shimer
(2024), while the distribution of potential match quality may be independent across jobs
for a given worker, the quality of realized matches can remain correlated across spells
through selection. To assess the extent to which the innovation measure removes per-
sistent worker heterogeneity, the persistence of match innovations across consecutive
employment spells within workers is compared with that of the underlying latent-state
distributions. Match innovations exhibit substantially lower persistence, providing sug-
gestive evidence that the innovation measure removes much of the persistent worker

heterogeneity embedded in the raw match-state probabilities.

5.1 Construction of Spell-level Match Innovations

Re-estimating State Distributions with Expanded Worker Covariates. We construct the
match-state innovation as the difference between the realized posterior distribution over
latent match states and the distribution that would have been predicted using informa-
tion available prior to the current match. We fix the latent-state definitions and emission
probabilities estimated in Step 1 and estimate richer covariate-dependent models for the

initial-state and transition distributions.
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For the first observed position, we estimate a weighted multinomial logit for the
initial-state distribution. Let X;; denote the predetermined worker characteristics ob-
served at the first position, including gender, ethnicity, education, and year-quarter of

hire, while v; denotes the worker’s birth cohort. The model yields initial distribution
P(ui,l =k | Xi,llvi), k=1,...,K (6)

The initial-state model is estimated by weighted multinomial logit, using the locally de-
coded posterior probability nlLi’Ck“l from step 2 as the weight associated with state k. Thus,
each first position contributes to each candidate state in proportion to its posterior prob-
ability, rather than being assigned deterministically to a single state.

For subsequent positions, we estimate a separate multinomial logit for each possible
origin state. X;,~ additionally contains worker age instead of birth cohort, worker eth-
nicity, gender, education attainments, and the quarter of the hire, and let z; ,. 1 denote the

pre-employment gap preceding position n + 1. The transition model is
P(Ujpsr =K | Ui =k Xipi1,Zins+1) n=1,...,N;—1 ()

For each origin state k, the model is estimated using the joint soft-assignment local de-
coding weight

__ .—Local ._Local
Win+1,kk = Tk TCnt1ks 8)

so that each observed transition contributes to all possible origin—destination state pairs in
proportion to their posterior probabilities. We use the locally decoded posterior probabili-
ties as weights since they provide the most informative ex-post measure of the probability
that each position belongs to a given latent state.

Constructing Match Innovations with Filtered State Probabilities. Then, we use the
filtered decoded posterior probabilities to construct the match-state innovation at the
spell-level. This ensures that both the predicted and realized state distributions do not
incorporate information from employment positions happening after the current match.
For the first observed position, the predicted state distribution is given directly by the

estimated initial-state model:
Piik = 13<Ui,1 =k| v, Xl{l) - )

For positions n > 2, we combine the filtered posterior distribution over the previous

latent state with the estimated covariate-dependent transition probabilities. Specifically,
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the predicted probability that worker i enters state k in position 7 is

K

= Filtered p /
Pintik = Z ni,;l,kere P<ui,n+1 =k | Ul-,n = k, Xi,n+1zzi,n+1) , n=1,..., Nl' —1. (10)
k=1

Let pin = (Pina,---,Pink) denote the vector of the one-step-ahead predicted distribu-
tion over latent match states, and let 7/, éltmd = (nf ;ltf”d, o TTE fj’f”d) denote the vector
of filtered posterior probabilities over the realized matches. We define the match-state

innovation for state k as

Filtered =
Ein = ﬂi,n — Pin- (11)

Because both rrFiltered

in and p; , are probability distributions,

K
2 si,n,k =0. (12)
k=1

The distinction between local and filtered decoding is important for the construction.
Local posterior probabilities are used when re-estimating the richer initial and transition
models because they provide the most informative ex-post classification of each position.
On the other hand, filtered probabilities are used when constructing the predicted and
realized state distributions so that the innovation does not incorporate information from
future employment outcomes. The resulting innovation measures the component of the
current match-state distribution that cannot be predicted from the worker’s observable
characteristics and employment history available before the current match outcomes are
formed.

Table ?? reports summary statistics for the seven components of the spell-level match
innovation. The mean innovation is close to zero for every state, indicating that the pre-
dicted state distributions are well aligned with the realized filtered distributions on av-
erage. At the same time, the innovations exhibit substantial dispersion at the spell level.
The standard deviation ranges from 0.094 for Stable-Stagnant Matches (S2) to 0.317 for
Stable-Ongoing Matches (57), while the mean absolute innovation ranges from 0.046 to
0.203 across states.

Part of this difference in dispersion reflects the way the two censored states are iden-
tified in the data. Stable-Stagnant Matches (52) is associated with left-censored employ-
ment histories and is concentrated among the first observed positions of workers whose
earlier employment histories are not observed. Because this censoring status is almost

entirely defined by worker’s demographic characteristics, assignment to this state is com-
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Table 2: Summary Statistics of Spell-Level Match Innovations

Mean Std. Dev. Mean Absolute Value

inn; (Stepping-stone) 0.002 0.141 0.083

inn, (Stable-Stagnant) 0.001 0.094 0.046

innz (Churning) -0.001 0.176 0.120

inny (Transitional) -0.002 0.211 0.169

inns (Early Growth) 0.000 0.224 0.161

inng (Maturing Growth) -0.002 0.130 0.079

inny (Stable Ongoing) 0.002 0.317 0.203

Notes: The table reports summary statistics for the seven components of the
spell-level match innovation, &;,, = nf é”md — Pin. Statistics are calculated

over 86,108,301 employment spells in the sample.

paratively easier to predict from information available prior to the current match. Stable-
Ongoing Matches (S7), by contrast, captures matches that remain ongoing at the end of
the sample. Whether a currently observed match will ultimately remain ongoing through
the sample endpoint is inherently more difficult to predict in advance. As a result, re-
alized posterior probabilities for S7 may differ more from their predicted probabilities,

contributing to the larger dispersion of its match innovation.

5.2 Innovation Persistence within an Individual

The match innovation is designed to remove the component of the realized match state
that is predictable from worker characteristics and prior employment history. Now, we
evaluate how well the innovation achieves this goal and how much of the persistence in
latent match states is removed by the prediction procedure.

I compare the cosine similarity between the seven-dimensional vectors associated
with consecutive job spells of the same worker, using a random sample of one million
workers.” We run the exercise separately for transitions across firms and transitions be-
tween positions within the same firm. We compare the observed similarity with a firm-
random baseline, constructed in the following way: for each actual transition, we replace
the subsequent-spell vector with a vector belonging to a different worker, drawn from
the same hire-quarter and pre-employment-gap cell. Note that the random baseline may
differ for transition across firms and within firms, because the distribution across hire-

quarter and gap cells may differ between transitions within the same firm and across

For two seven-dimensional vectors x and y, cosine similarity is defined as cos(x,y) = x'y/(||x||||y|)-
We calculate this measure directly from the raw state-probability or innovation vectors without standard-
ization.
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tirms. If cosine similarity of the actual transition relative to this random baseline equals
zero, then it indicates that consecutive spells of the same worker are no more similar than
observably comparable spells drawn from unrelated workers and firms, suggesting that
the innovation fully eliminate worker persistence effect in the latent-state distribution.

Table 3 shows that the prediction procedure removes a major fraction of the persis-
tence in latent match states. For workers moving across firms, mean cosine similarity
talls from 0.552 for state probabilities to 0.148 for match innovations. For workers chang-
ing positions within the same firm, it falls from 0.631 to 0.119. Relative to the common-
pool firm-random baseline, excess similarity falls from 0.225 to 0.102 across firms and
from 0.315 to 0.136 within firms, reductions of approximately 55 and 57 percent, respec-
tively. Thus, the innovation construction substantially reduces the persistence present in
the latent-state distributions, although the remaining across-firm similarity is still statis-
tically different from the firm-random baseline.

Next, we compare job-to-job moves across firms with position changes within firms.
Since our construction of match innovations is not abstract of firm-specific effect, we ex-
pect greater persistence when a worker remains at the same firm. The results support
this prediction. Relative to the common-pool firm-random baseline, cosine similarity of
match innovations is 0.119 for position changes within the same firm and 0.148 for job-to-
job moves across firms.

Finally, we repeat these comparisons separately by pre-employment-gap category and
the results are reported in Appendix Table 13. The innovation construction substantially
reduces persistence across most gap categories, especially among job transitions with no
gap in between.

In the Appendix, I also evaluate persistence using an unrestricted vector autoregres-
sion that allows each cell of the previous spell’s state distribution to predict each cell of
the subsequent spell’s distribution. Appendix Tables 25 and 24 report the coefficient ma-
trices for state probabilities and match innovations. Consistent with the cosine-similarity
results, the predictive relationships are substantially weaker for match innovations than
for the underlying state probabilities. In particular, the innovation coefficients are gen-
erally small in magnitude, indicating that much of the state-specific dependence across
consecutive spells is removed by the prediction procedure. The remaining dependence is
not eliminated completely, however, consistent with the positive excess cosine similarity

documented above.
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Table 3: Cosine Similarity of State Probabilities and Match Innovations

Consecutive Random Consecutive Number of

Spells Baseline minus Random Pairs
Match innovations
Different firm 0.148 0.046 0.102 1,651,815
Same firm (no gap) 0.119 -0.017 0.136 815,155
State probabilities
Different firm 0.552 0.326 0.225 1,651,815
Same firm (no gap) 0.631 0.316 0.315 815,155

Notes: This table reports the cosine similarity of state-probability vectors across consec-
utive job spells within the same worker, using a random sample of one million work-
ers. Each entry reports the mean cosine similarity between two seven-dimensional vec-
tors. Actual consecutive spells compare adjacent spells belonging to the same worker. For
different-firm transitions, the worker changes firms; for same-firm transitions, the worker
changes positions within the same firm. The common-pool firm-random baseline keeps
the source worker’s previous-spell vector fixed and pairs it with a next-spell vector be-
longing to a different worker and firm in the same hire-quarter and pre-employment-gap
cell. Randomized next-spell vectors are drawn from all eligible transitions before separat-
ing the same-firm and different-firm source samples. The comparisons use 1,651,563 valid
different-firm randomized pairs and 988,622 valid same-firm randomized pairs. Results
use the filtered one-million-worker sample.

6 Firm Growth and Survival

Having constructed spell-level measures of match-state innovations, we next aggregate
these innovations to the firm level and examine whether changes in firms” exposure to
tavorable and unfavorable match innovations predict subsequent firm activity. The main
analysis focuses on innovations associated with newly formed positions. We first exam-
ine employment growth and survival in the full Revelio sample. We then link firms to
Compustat and test whether the same match innovations predict employment growth,

survival, and sales among publicly listed firms.

6.1 Firm-level Exposure to Match Innovations

I construct firms’ exposure to match innovations at the annual frequency using all new po-
sitions formed during the year. Although the underlying data allows measuring changes
in firms” exposure to match innovations at the monthly frequency, I aggregate these mea-
sures to the annual level. This reduces the influence of short-run fluctuations in hiring and
worker turnover and allows the firm-level measures to capture more persistent changes
in the composition and quality of a firm’s worker matches.

For each firm j in year t, its match innovation for state k is
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E;t’t,k = Lm Y €nk me {Newspells, Stock} (13)

jt (im)esy

For the new-position measure, S ]-I;] W consists of spells beginning at firm j during year
t, so Ejzgfw captures the average match innovation among new positions over the year. For
the stock measure, S ]SttOCk consists of employment spells active at firm j in the fourth quar-
ter of year t; Eﬁlt{“k therefore summarizes the average unexpected component of match
quality among the firm’s year-end workforce. Since the spell-level innovation vector

sums to zero across states, the firm-level averages satisfy the same adding-up restriction:

K
Y & =0. (14)
k=1

Because the seven innovation components sum to zero, they cannot all be included
in a regression simultaneously. We therefore omit Transitional Match (54) throughout, so
each included coefficient is interpreted relative to S4: an increase in the innovation toward
state k, holding the other included innovations fixed, corresponds to an equal reduction
in the innovation toward Transitional Match. Coefficients thus capture reallocations of
unexpected match-state probability rather than independent increases in individual com-
ponents. For the same reason, we focus our discussion on the four states with the clear-
est economic interpretation—Stepping-Stone (S1), Churning (S3), Early Growth (S5), and
Maturing Growth (S6)—and set aside Stable-Stagnant (S2) and Stable Ongoing (57), both
of which are disproportionately shaped by the censored endpoints of workers” observed
employment histories.

Table 4 reports summary statistics for the firm-year innovations. The first two columns
use the full Revelio sample, and the last two restrict to firms matched to Compustat.
Standard deviations vary substantially across states—from 0.093 for Early Growth in the
full sample to 0.112 for Churning. The dispersion is generally, though not uniformly,

smaller among Compustat firms.

6.2 Empirical Methods

I estimate the following regression at the firm level:

Ojr = Y. 1k +Cia1 + (15)
ke {123,567}
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Table 4: Summary Statistics of Firm-Year Exposure to Match Innovations

Full Sample Compustat Firms

Stock New Positions Stock New Positions

inn; (Stepping-stone) —0.041 (0.101)  0.007 (0.127)  —0.037 (0.045) —0.004 (0.059)
inn, (Stable-Stagnant)  0.023 (0.102) 0.004 (0.086) 0.093 (0.192)  —0.016 (0.140)
inn3 (Churning) —0.087 (0.112) —0.002 (0.154) —0.064 (0.053) —0.004 (0.075)
inny (Transitional) —0.027 (0.215)  0.014 (0.184) —0.004 (0.113)  0.014 (0.102)
inns (Early Gr) —0.079 (0.093) —0.048 (0.113) —0.048 (0.066)  0.002 (0.085)
inng (Maturing Gr) —0.009 (0.101) —0.015 (0.082)  0.032 (0.068) 0.004 (0.058)
inny (Stable Ongoing)  0.220 (0.375) 0.042 (0.295) 0.028 (0.055) 0.004 (0.048)

N (firm-years) 17,053,441 10,083,811 87,745 81,513

Notes: The table reports summary statistics for the seven match innovations aggregated to
the firm-year level. Each cell reports the mean, with the standard deviation in parentheses.
The stock measure averages spell-level innovations across employment spells active at the
firm in the fourth quarter of each year. The new-hire measure averages spell-level innova-
tions across employment spells beginning at the firm during the year. Columns (1)—(2) report
statistics for the full Revelio sample, while columns (3)—(4) restrict the sample to firm-years
matched to Compustat. Source: Revelio Labs and Compustat.

where O;; measures the activity of firm j in year f and €;; 14 is the firm’s realized match
innovation for outcome k in year t — 1. In the full Revelio sample, we consider four
outcomes: (1) firm’s annual separation rate, (2) firm’s annual hiring rate, (3) the firm'’s
annual employment growth rate, following Davis et al. (2013), and (4) an indicator for
whether the firm survives from t — 1 to ¢. 1° Cjt—1 contains lagged firm-level controls
that vary across specifications. We estimate the survival regression as a linear probability
model, and we cluster standard errors at the firm level throughout.

The identification rests on two assumptions. First, the predicted probability distribu-
tion of employment outcomes captures all unobserved worker heterogeneity, including,
for example, persistent differences in ability and the accumulation of human capital over
time. Because the hidden Markov model conditions on workers” employment histories
and a rich set of worker covariates, including worker’s birth cohorts, education attain-
ments, gender, ethnicity, employment gap before the current position, and the time of

the hire, the realized match innovations are plausibly exogenous with respect to worker-

19The separation and hiring rates are defined as the number of separations and new hires during the
year, respectively, divided by employment at the beginning of the year. Employment growth is measured

N — N
using the DHS growth rate, ¢;; = —L -1
& & 3t 3(Njg+Nj1)

employment in year f. Because employment is measured using LinkedIn profiles, the disappearance of
a firm’s observed workforce may indicate a substantial contraction or cessation of activity, but does not
necessarily imply firm exit.

. The survival indicator equals one if the firm has positive
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specific effects. The persistence exercise in section 5.2 also provides supporting evidence
that the procedure substantially reduces worker-specific persistence.

Even if the assumption that match innovations are independent of unobserved worker
heterogeneity does not fully hold, the results provide new evidence on how unexpected
match outcomes relate to subsequent firm performance. At the time of hiring, firms may
infer workers’ otherwise unobserved characteristics from their observable attributes and
employment histories. To the extent that these characteristics are captured by the informa-
tion used to construct the predicted match-state distribution, their influence is removed
from the match innovation. The resulting measure therefore captures deviations from ex-
pected match outcomes conditional on this information. The findings thus shed light on
the economic value of unexpectedly favorable or unfavorable matches to firms.

Second, the identification assumes that conditional on C;; 1, realized match innova-
tions are orthogonal to other time-varying firm-level determinants of subsequent out-
comes. We need suitable firm-level controls because the distribution of exposure to match
innovations across industries and business characteristics is not random, as shown in sec-
tion 4. For example, employment in retail is typically much less stable than in manufac-
turing, and large firms are more likely than small startups to offer internal job ladders.
Because the predicted probabilities contain no information about the destination firm,
controlling for firm characteristics is important when estimating effects on firm outcomes.

I consider the following set of controls. I include firm fixed effects to absorb persistent
differences in firm-level demand and productivity, which prior work identifies as impor-
tant determinants of firms’” growth paths (Sterk et al., 2021). I also include industry-by-
year fixed effects, with industries defined at the six-digit NAICS level, incorporating more
than 1,000 industry cells per year. These fixed effects capture time-varying industry-level
demand and technology shocks that may jointly affect match outcomes and firm perfor-
mance. In addition, I control for lagged firm outcomes to account for transitory firm-
level shocks that may influence subsequent firm activity. In a second set of regressions,
I additionally control for workers” predicted match-state distributions aggregated to the
tirm level. These controls capture the observable composition of a firm’s new matches,
which may be correlated with realized match innovations through sorting and may inde-
pendently affect subsequent firm outcomes. Reassuringly, all specifications yield similar
magnitudes and identical rankings of the effects across match-outcome states.

The empirical specification relies on the assumption that realized match innovations
are unrelated to other time-varying firm-level shocks that independently predict subse-
quent firm outcomes. This would fail if, for example, a positive firm-specific technology
shock in year t both generated better match outcomes and raised subsequent employ-
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ment growth, biasing our estimates upward. The firm-level controls capture an impor-
tant part of demand and productivity heterogeneity. To further assess the role of match
innovations, I estimate the effects over longer horizons. If the estimates were driven only
by transitory demand or productivity shocks, the effects may attenuate as the horizon
lengthens. Instead, they remain statistically significant and, for some match states, the
effect become stronger. I therefore interpret the estimates as economically informative

about the effect of match-quality innovations on subsequent firm outcomes.

6.3 Match Innovations and Firm Outcomes

Table 5 reports the effect of match innovations on firm separation rates, hiring rate,
growth rate and survival. Columns (1)-(4) controls for industry-by-year fixed effects,
firm fixed effects and lagged firm outcomes; columns (5)-(8) additionally control for
lagged predicted state probabilities, aggregated to the firm-level in the same way as
match innovations. Columns (5)-(8) are my preferred estimates. Table 6 reports the
corresponding results restricted to Compustat firms.

Effects in the following year using the full sample. The clearest contrast is between
Churning and the two growth-track states. In the full Revelio sample, a 10 percent-
age point shift toward Churning matches is associated with a 0.87 percentage point
higher separation rate, while the same shift toward Early Growth and Maturing Growth
matches is associated with declines in the separation rate of 0.80 and 2.13 percentage
points, respectively. It is perhaps unsurprising that greater exposure to shorter-duration,
separation-prone matches predicts higher subsequent separation rates than exposure
to growth-oriented matches. However, the differences in estimates across states with
similar spell-duration distributions are particularly interesting. Although Stepping-stone
and Churning matches have similar spell-duration distributions, a shift from Transitional
Mismatch toward these two states has opposite effects on firms’ subsequent separation
rates: greater exposure to Stepping-stone matches predicts lower separations, while
greater exposure to Churning matches predicts higher separations. Furthermore, Early
Growth matches have substantially longer durations than Stepping-stone matches, and
their transition outcomes are characterized primarily by internal advancement rather
than separation. Nevertheless, greater exposure to Stepping-stone matches predicts a
larger decline in subsequent separation rates than greater exposure to Early Growth
matches. Taken together, these findings suggest that the estimated effects on subse-

quent separations are not simply a mechanical reflection of the spell durations and exit
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outcomes used to infer the latent match states. Instead, differences in firms” exposure
to these states contain additional information about subsequent workforce dynamics
beyond the observed characteristics used to classify individual matches.

In terms of hiring rates, Stepping-stone and Early Growth matches have the largest
positive associations with subsequent hiring. A 10 percentage point shift from Tran-
sitional Mismatch toward Stepping-stone matches is associated with a 0.24 percentage
point higher hiring rate, while an equivalent shift toward Early Growth matches is asso-
ciated with a 0.22 percentage point higher hiring rate. By contrast, the same shift toward
Maturing Growth matches is associated with a 0.33 percentage point lower hiring rate.

Together, these results suggest that match innovations are important predictors of sub-
sequent net employment growth and firm survival. A 10 percentage point shift toward
Churning matches is associated with 1.0 percentage point lower employment growth and
a 0.14 percentage point lower probability of firm survival. In contrast, shifts of the same
magnitude toward Early Growth and Maturing Growth matches are associated with 1.0
and 1.7 percentage points higher employment growth, respectively, and 0.09 and 0.11 per-
centage points higher survival probabilities. Taken together, a 10 percentage point shift in
match composition from Churning toward either of the two growth-track states predicts
2.0-2.7 percentage points higher employment growth and a 0.23-0.25 percentage point

higher probability of firm survival.

Effects in the following year using Compustat firms. When restricting the sample to
Compustat firms, the effect on subsequent firm performances is even stronger. Table 6
reports the corresponding results, where separation, hires, growth and survival are all
measured using Revelio data. A 10 percentage point shift from Transitional Mismatch to-
ward Churning matches is associated with a 0.88 percentage point higher separation rate,
while shifts of the same magnitude toward Early Growth and Maturing Growth matches
are associated with 0.78 and 2.27 percentage point lower separation rates, respectively.
In terms of hiring, Stepping-stone and Early Growth matches have the largest positive
associations, with a 10 percentage point shift toward these states predicting 0.25 and 0.24
percentage point higher hiring rates, respectively. By contrast, the same shift toward Ma-
turing Growth matches predicts a 0.33 percentage point lower hiring rate.

Together, these differences translate into substantial variation in subsequent employ-
ment growth and firm survival. A 10 percentage point shift toward Churning matches is
associated with 1.03 percentage points lower employment growth and a 0.14 percentage
point lower probability of firm survival. In contrast, shifts of the same magnitude toward
Early Growth and Maturing Growth matches predict 1.01 and 1.82 percentage points
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higher employment growth, respectively, and 0.09 and 0.11 percentage point higher sur-
vival probabilities. Taken together, a 10 percentage point shift in match composition
from Churning toward either of the two growth-track states predicts 2.04-2.85 percentage
points higher employment growth and a 0.23-0.25 percentage point higher probability of
tirm survival.

Table 7 reports the effects on employment growth, firm survival, and log sales using
Compustat annual data (SP Global Market Intelligence, 2026). The Compustat data pro-
vide an independent check on the effects estimated above, as the employment and sales
measures come from a separate data source. A 10-percentage-point shift in exposure
from Churning toward either of the two growth-track states predicts 3.31-3.91 percent-
age points higher employment growth, a 1.45-1.49 percentage point higher probability of

firm survival, and a 2.34-4.76% increase in sales.

Effects over the next three years using Compustat firms. Next, I trace the effects of
match innovations on firm outcomes over the subsequent three years. For many states
and outcomes, the effects remain economically meaningful two or three years later and,
in some cases, become stronger over time. Figure 10 reports the effects of a 10-percentage-
point shift in new-hire match innovations from Transitional Mismatch toward each of the
indicated states on annual employment growth, firm survival (left axis), and log sales
(right axis), using Compustat annual data. All specifications control for the aggregated
predicted state probabilities. The figures also report 90% confidence intervals.

The most striking result is the strengthening positive association between Early
Growth matches and firm sales. A 10-percentage-point shift in new positions from
Transitional Mismatch toward Early Growth predicts approximately 2% higher sales in
the first year. The difference increases to over 5% in year t + 2 and becomes even larger in
year t + 3, suggesting that favorable matches are associated with persistent and growing
positive effects on firm sales levels several years after hiring. In contrast, the negative
association between Churning matches and sales remains relatively stable over time,
potentially because these unfavorable matches have limited lasting effects on firm sales
as the workers involved leave the firm.

Turning to employment growth, a shift toward Stepping-Stone, Early Growth, or Ma-
turing Growth matches predicts higher annual employment growth even in the third year
after hiring. For Maturing Growth matches, the effect on employment growth during the
second year is even stronger than during the first year. Interestingly, while Churning
matches initially predict lower employment growth, they predict higher annual employ-

ment growth in the second year, with an even stronger positive association in the third
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Table 5: New-Hire Match Innovations and Firm Outcomes

Sep. Hires  Growth  Surwv. Sep. Hires  Growth  Surwv.
) 2) (3) (4) ©) (6) 7) (8)
inn_1 (Stepping-st) —0.1002* 0.0240* 0.1154* 0.0153* —0.1057* 0.0246* 0.1208* 0.0154*
(0.0010) (0.0010) (0.0013) (0.0004) (0.0010) (0.0010) (0.0013) (0.0004)
inn_3 (Churning) 0.0874* 0.0116* —0.1039* —0.0136* 0.0877* 0.0108* —0.1029* —0.0135*
(0.0010) (0.0009) (0.0012) (0.0003) (0.0010) (0.0009) (0.0012) (0.0003)
inn_5 (Early Gr) —0.0803* 0.0217* 0.1058* 0.0093* —0.0777* 0.0235* 0.1010*  0.0094*
(0.0008) (0.0009) (0.0011) (0.0003) (0.0008) (0.0009) (0.0011) (0.0002)
inn_6 (Maturing Gr) —0.2128* —0.0327* 0.1665* 0.0106* —0.2265* —0.0329* 0.1819* 0.0113*
(0.0012) (0.0013) (0.0016) (0.0003) (0.0011) (0.0013) (0.0016) (0.0003)
inn_7 (Stable Ongoing) —0.1015* —0.0039* 0.0897* 0.0041* —0.1049* —0.0037* 0.0933*  (0.0044*
(0.0005) (0.0006) (0.0007) (0.0002) (0.0005) (0.0006) (0.0007) (0.0002)
pred_1 (Stepping-st) 0.0033*  0.0307* —0.0215* —0.0037*
(0.0013) (0.0014) (0.0017) (0.0004)
pred_3 (Churning) 0.0324*  0.0391* —0.0611* —0.0156*
(0.0016) (0.0018) (0.0022) (0.0006)
pred_5 (Early Gr) 0.0486* 0.0348* —0.0832* —0.0004
(0.0017) (0.0019) (0.0023) (0.0006)
pred_6 (Maturing Gr) —0.0827* 0.0843* 0.0409* —0.0139*
(0.0036) (0.0040) (0.0049) (0.0012)
pred_7 (Stable Ongoing) —0.0806* 0.0390* 0.0600* —0.0006
(0.0014) (0.0016) (0.0019) (0.0004)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes Yes Yes
Predicted No No No No Yes Yes Yes Yes
Within R? 0.0346  0.0117 0.0168 0.0092  0.0381  0.0118  0.0191  0.0097
N 7,476,741 7,476,741 7,509,821 7,576,673 7,476,741 7,476,741 7,509,821 7,576,673

Notes: This table reports estimates of lagged match-state innovations of new positions to firm outcomes
using the full sample. Outcomes are annual separation and hiring rates, employment growth following
Davis et al. (2013), and firm survival. All models include firm and 6-digit NAICS industry-by-year fixed
effects, firm fixed effects, and lagged firm outcomes. Separation and hiring regressions control for their
lagged outcome; growth and survival models control for lagged employment growth. All lags are one
year. Columns (5)—(8) also include lagged predicted state probabilities. State 4 (Transitional Mismatch) is
the reference for innovations and probabilities. I report the within R-square and standard errors are clus-
tered at the firm level. * p < 0.10 Source: Revelio Labs.
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Table 6: New-Hire Match Innovations and Firm Outcomes I (Compustat Firms)

Sep. Hires Growth  Surv. Sep. Hires Growth  Surw.
) () ©) 4) (5) (6) ) (8)
inn_1 (Stepping-st) —0.1646* 0.0268 0.1861* —0.0079* —0.1718* 0.0348* 0.2029* —0.0076*
(0.0157) (0.0171) (0.0232) (0.0038) (0.0160) (0.0173) (0.0236) (0.0038)
inn_3 (Churning) 0.1248* —0.0931* —0.2348* —0.0079* 0.1238* —0.0917* —0.2340* —0.0081*
(0.0152) (0.0150) (0.0232) (0.0035) (0.0152) (0.0150) (0.0231) (0.0036)
inn_5 (Early Gr) —0.1376* 0.0969* 0.2295* —0.0014 —0.1383* 0.0973* 0.2308* —0.0013
(0.0107) (0.0122) (0.0168) (0.0020) (0.0107) (0.0122) (0.0168) (0.0019)
inn_6 (Maturing Gr) —0.3043* —0.0474* 0.2393* 0.0003 —0.3060* —0.0484* 0.2394*  0.0004
(0.0150) (0.0170) (0.0239) (0.0030) (0.0149) (0.0170) (0.0236) (0.0029)
inn_7 (Stable Ongoing) —0.1569* 0.0161* 0.1648* —0.0027* —0.1592* 0.0180* 0.1692* —0.0026
(0.0080) (0.0090) (0.0125) (0.0016) (0.0081) (0.0090) (0.0125) (0.0016)
pred_1 (Stepping-st) —0.0029 —0.0466* —0.0545* 0.0023
(0.0174) (0.0204) (0.0275) (0.0049)
pred_3 (Churning) —0.0191 —0.0392 —0.0443 0.0048
(0.0254) (0.0298) (0.0400) (0.0047)
pred_5 (Early Gr) 0.0869* —0.0592* —0.1518* 0.0065
(0.0214) (0.0233) (0.0322) (0.0049)
pred_6 (Maturing Gr) —0.0948* —0.1472* —0.1095 0.0097
(0.0471) (0.0524) (0.0741) (0.0098)
pred_7 (Stable Ongoing) —0.0976* 0.0059  0.0918* 0.0084*
(0.0221) (0.0251) (0.0346) (0.0047)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes Yes Yes
Predicted No No No No Yes Yes Yes Yes
Within R? 0.0771  0.0729  0.0978  0.0031  0.0800  0.0740  0.1005  0.0036
N 72,815 72,815 72,831 72,869 72815 72,815 72,831 72,869

Notes: This table reports estimates of lagged match-state innovations of new positions to firm outcomes
using Compustat firms. Outcomes are annual separation and hiring rates, employment growth following
Davis et al. (2013), and firm survival, all measured using Revelio Labs data. All models include firm and
6-digit NAICS industry-by-year fixed effects, firm fixed effects, and lagged firm outcomes. Separation and
hiring regressions control for their lagged outcome; growth and survival models control for lagged em-
ployment growth. All lags are one year. Columns (5)—(8) also include lagged predicted state probabilities.
State 4 (Transitional Mismatch) is the reference for innovations and probabilities. I report the within R-
square and standard errors are clustered at the firm level. * p < 0.10 Source: Revelio Labs, Compustat.
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Table 7: Match Innovations and Firm Outcomes II (Compustat Firms)

Emp. growth Survival Logsales Emp. growth Survival Log sales

1) (2) 3) 4) &) (6)

inn_1 (Stepping-st) 0.1172*  0.0514*  0.0400 0.1341*  0.0536*  0.0684

(0.0365)  (0.0180) (0.0691)  (0.0367)  (0.0181) (0.0709)
inn_3 (Churning) —0.1675*  —0.0988* —0.2407*  —0.1586* —0.0973* —0.2341*

(0.0327)  (0.0195) (0.0771)  (0.0328)  (0.0195) (0.0779)
inn_5 (Early Gr) 0.2324*  0.0513* 0.2360*  02327*  0.0517*  0.2420*

(0.0266)  (0.0137) (0.0695)  (0.0268)  (0.0138) (0.0705)
inn_6 (Maturing Gr) 0.1719*  0.0475*  0.0002 0.1721*  0.0473*  0.0030

(0.0332)  (0.0165) (0.0844)  (0.0334)  (0.0164) (0.0843)
inn_7 (Stable Ongoing) 0.1376*  0.0554*  0.0468 0.1419*  0.0560*  0.0565
(0.0189)  (0.0105) (0.0447)  (0.0190)  (0.0105) (0.0448)

pred_1 (Stepping-st) —0.1054* —0.0179 —0.2162*
(0.0379) (0.0239)  (0.0924)
pred_3 (Churning) —0.1552*% —0.0290 —-0.3214*
(0.0545) (0.0350)  (0.1336)
pred.5 (Early Gr) —0.2934*  —0.0429 —0.1850
(0.0478) (0.0287)  (0.1289)
pred_6 (Maturing Gr) —0.3072*  —0.0489 —0.6028*
(0.1025) (0.0641)  (0.2429)
pred_7 (Stable Ongoing) —0.0666 —0.0296 —0.1058
(0.0505) (0.0316) (0.1391)
Firm FE Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes
Predicted No No No Yes Yes Yes
Within R? 0.0117 0.0114  0.4673 0.0136 0.0116  0.4677
N 59,908 61,691 53,831 59,908 61,691 53,831

Notes: This table reports estimates of lagged match-state innovations of new positions to firm
outcomes using Compustat firms. Outcomes are employment growth following Davis et al.
(2013), firm survival and log of sales , all measured using Revelio Labs data. All models in-
clude firm and 6-digit NAICS industry-by-year fixed effects, firm fixed effects, and lagged firm
outcomes. Separation and hiring regressions control for their lagged outcome; growth and sur-
vival models control for lagged employment growth. All lags are one year. Columns (4)—(6) also
include lagged predicted state probabilities. Transitional Mismatch is the reference for innova-
tions and probabilities. I report the within R-square and standard errors are clustered at the firm
level. * p < 0.10 Source: Revelio Labs, Compustat.
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year. One possible explanation is that firms gradually replace these unfavorable matches
with new workers in subsequent years, leading to increased hiring and a recovery in em-
ployment growth as firms rebuild their workforce.

I report the remaining results on hiring and separation rates, employment growth,
and firm survival using the full sample, as well as results for Compustat firms based on

Revelio data, in Appendices 9.7 and 9.8.

7 Conclusion

This paper develops a new measure of worker-firm match quality and studies whether
unexpected changes in match quality predict subsequent firm performance. Using a
matched employer-employee panel from Revelio Labs, I classify employment spells into
seven latent match states using a multichannel Hidden Markov model and construct
match innovations as the difference between realized and predicted state probabilities.

Aggregating these innovations to the firm level, I find that changes in match quality
predict subsequent employment growth, survival, and sales, even after controlling for
firm fixed effects and the ex ante predicted distribution of match states. Because Transi-
tional Match (S4) is the omitted reference state, the coefficients measure outcomes associ-
ated with reallocating unexpected match probability from S4 toward the indicated state.
Relative to Transitional Match, greater exposure to Churning predicts weaker firm perfor-
mance, while greater exposure to Early Growth predicts faster growth, higher survival,
and higher sales. Maturing Growth also predicts stronger employment outcomes. These
patterns are present in the full Revelio sample and remain visible among firms matched
to Compustat.

The results suggest that variation in the realized quality of worker-firm matches is an
important dimension of firm dynamics that is distinct from persistent firm heterogeneity.
Models of firm growth that focus only on technology or demand shocks may therefore
miss an additional channel operating through the quality of firms” employment relation-
ships. Future work could further investigate the mechanisms linking match quality to
firm performance and how these innovations interact with hiring, separations, and inter-

nal worker mobility.
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Notes: Each panel plots the estimated effects of a 10-percentage-point increase in new-hire match inno-
vations for the indicated state, relative to Transitional Mismatch, on firm outcomes one, two, and three
years after hiring. Estimates are obtained from separate regressions for each horizon and do not rep-
resent cumulative effects. Error bars indicate approximate 90% confidence intervals. All specifications
include firm and six-digit NAICS industry-by-year fixed effects and lagged predicted state probabilities.
Employment growth and survival regressions control for lagged employment growth, while log-sales
regressions control for lagged log sales. Lagged outcome controls are measured at the same lag as the
match innovations. Employment growth and survival effects are expressed in percentage points on the
left axis, while log-sales effects are interpreted as percentage changes and displayed on the right axis. The
corresponding regression estimates are reported in Appendix 9.8.

Source: Revelio Labs and Compustat.

Figure 10: Effects of Match Innovations on Firm Outcomes Over Three Years
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8 Data Appendix

8.1 Descriptive Statistics

PLACEHOLDER Table ?? reports descriptive statistics for the main analysis sample. The
sample comprises [X] million workers, [Y] million worker—firm employment spells, and
[Z] thousand unique employer firms, with workers observed in an average of [A] spells
each. Spell sequences range in length from 1 to [B] spells per worker, with a median of
[C] spells.

Duration distribution. Spells are distributed across the four duration categories as fol-
lows: [X]% are classified as very short (1-6 months), [Y]% as short (7-15 months), [Z]%
as medium (16-36 months), and [W]% as long (37 months or more). The concentration
of spells in the shorter categories reflects both the reality of high labor market turnover
and the tendency of workers to omit short-lived positions from their profiles, potentially
understating the true incidence of very short spells.

Exit-type distribution. Among concluded spells, the most common exit type is upgrade
([X]%), followed by pull separation ([Y]%), stay or equal-level transfer ([Z]%), and push
separation ([W]%). Downgrades account for [V]% of exits, transitions to education for
[U]%, and transitions to nonemployment for [T]%. Ongoing or right-censored spells rep-

resent approximately 23% of all spells in the sample.

Pre-spell gap categories. [PLACEHOLDER: frequencies of the pre-spell gap categories,
capturing the elapsed time between the end of a worker’s previous spell and the start of

the current one.|

Worker characteristics. The sample skews toward college-educated workers: [X]% hold
at least a bachelor’s degree, compared with [Y]% in the Current Population Survey for
employed individuals over the sample period. Male workers account for [Z]% of the
sample; [W]% are predicted non-Hispanic White, [V]% Asian, [U]% Hispanic, and [T]%
Black. Occupation categories are dominated by professional and technical roles, consis-
tent with the stronger coverage of Revelio Labs in knowledge-intensive sectors.

Firm characteristics. The median firm in our sample employs [X] workers (as observed
in the Revelio Labs data), has been in operation for [Y] years, and is located in one of the

top-25 U.S. metropolitan areas. Approximately [Z]% of firms are in professional services
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or information technology. Employment growth rates average [W]% per quarter, with

substantial cross-sectional and time-series dispersion.

Firm growth and survival. Over the sample period, [X]% of firms survive through the
end of the observation window. Average employment growth is [Y]% per year, with con-
siderable heterogeneity: [Z]% of firm-years record employment declines. These outcomes
are examined in the second-stage analysis in relation to the match-quality distributions
recovered from the HMM.

8.2 Distribution of Firms and Employment Across Sectors by Year

8.3 Classification of job exit types

Internal transfers. We first check whether a subsequent position at the same employer
begins within 31 days of the end date of the current position. If so, we classity the transi-
tion as one of three internal transfer types based on the seniority level of the next position
relative to the current one. A downgrade captures a move to a lower-seniority position
within the same firm, signaling a deterioration in match quality that nonetheless remains
above the worker’s reservation threshold. A lateral transfer denotes a move to a differ-
ent position at the same seniority level and carries no direct signal about the direction
of match quality change. An upgrade captures a move to a higher-seniority position and
signals an improvement in match quality. We then advance to the next position in the
employment spell and repeat this classification until no subsequent qualifying position
exists, at which point we treat the final position in the spell as a separation and apply the
classification procedure described below.

Job-to-job moves within the same area. A transition is classified as a job-to-job move
if a position at a different employer begins within 31 days of the end date of the current
position, provided the new position extends beyond that end date. Among same-area
job-to-job moves, we distinguish between two types. A pull separation is a move to a
different employer within the same area at a strictly higher seniority level, indicating that
the new match offers higher quality than the previous one. A push separation is a move to
a different employer within the same area at an equal or lower seniority level. Although a
downward move along the seniority ladder does not necessarily mean the previous match
quality fell below the reservation threshold, it suggests the new match offers substantially
higher utility for the worker to accept a lower rank.

Relocation. We classify a job-to-job move as a relocation if the new position is in a

different geographic area and begins within two months of the end date of the current
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position. Geographic area is defined at the MSA or CSA level.!! Internal transfers across
regions are not classified as relocation, since they reflect changes in match quality with
the same employer rather than a geographic reallocation decision. We interpret relocation
as primarily driven by shifts in personal or household preferences rather than a deterio-
ration in the prior employment match.

Transition into education. A position is classified as transitioning into education if
an education record begins within three months of the position’s end date. Because en-
rollment decisions are typically planned in advance, this transition does not necessarily
reflect declining match quality with the previous employer and is therefore treated as a
separate category.

Transition into nonemployment. A position is classified as transitioning into nonem-
ployment if none of the above conditions are met: there is no same-area position begin-
ning within one month, no different-area position beginning within two months, and no
education record beginning within three months. A transition into nonemployment sig-

nals that match quality with the previous employer has fallen below the quality threshold.

Figure 11a shows the distribution of transition types for all completed primary posi-
tions. Overall, 27.6% of separations end in nonemployment. This share is higher than
expected, partly because users tend to omit jobs that could signal poor performance or
low ability. We do not view this as a major concern for our estimates, since these missing
transitions likely also reflect very low match quality with the previous employer, similar
to true transitions into nonemployment.

We observe push separations (21.2%) at nearly twice the rate of pull separations
(10.7%). This pattern may seem counterintuitive. Why would more job-to-job transitions
ended in equal or lower seniority roles? There are two potential explanations for this:
First, workers may rationally accept a lower-seniority position at a more productive firm,
tolerating short-term wage losses in exchange for better long-run career prospects.!?
Second, push separations likely over represent secondary-sector workers, who experi-

'We do not classify moves across MSAs within the same CSA as relocation, since CSAs represent re-
gions with overlapping labor and commuting markets. The BLS defines CSAs as groups of metropolitan or
micropolitan statistical areas with an employment interchange of at least 15%.

12A recent case illustrates this dynamic well. Andrej Karpathy — former Al director at Tesla and
founding research scientist at OpenAl — joined Anthropic as a senior research leader after founding the
Al education startup Eureka Labs. His transition from CEO of Eureka Labs to a research role at An-
thropic would be classified as a push separation (though this specific move falls outside my sample, which
ends in December 2025; see \url{https:/ /www.reuters.com/business/autos-transportation/former-tesla-
ai-executive-openai-founding-member-andrej-karpathy-joins-anthropic-2026-05-19/}).  Karpathy’s deci-
sion suggests that his match quality at Anthropic is likely higher than it was at Eureka Labs at the time
of the change, making the transition productively rational despite the nominal demotion in title.
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ence high churn and rarely climb the job ladder in a linear fashion. For these workers,
match quality is highly dispersed across employers, so most matches are short-lived, and
early-career workers in particular tend to move laterally across jobs while searching for a
good fit (Ahn et al. (2023), Gregory et al. (2025)). In both cases, a push separation either
indicates the previous match have substantially fallen in quality, or the new match have
much higher match quality.

Internal transfers across the seniority ladder are associated with larger salary changes
than job-to-job moves across firms. As shown in Figure 11a, 19.3% of position changes
are classified as internal transfers, with promotions (8.7%) and lateral transfers (7.3%) oc-
curring more frequently than downgrades (3.3%). This distribution is consistent with the
finding of Forsythe (2023) using CPS and SIPP data, who find that over 40% of moves
are to lower ranked occupations. Although downgrades are relatively rare, they are as-
sociated with substantial salary losses, averaging $17,400 in annual salary — more than
double the average decline of $8,125 observed for push separations. Promotions, by con-
trast, are associated with an average annual salary gain of $26,720, meaningfully larger
than the $23,349 average gain for pull separations ??. Table 12 shows these patterns are
robust to controlling for year-month (Column 2) and sector fixed effects (Column 3), in-
dicating that the pattern is not driven by aggregate macroeconomic conditions or by the
concentration of different transition types in particular industries.

Turning to cyclical patterns, salary changes across all transition types decline dur-
ing recessions, but internal promotions and push separations are most affected. Relative
to normal times, salary growth associated with promotions falls by $1,789 during reces-
sions, and push separations experience an additional decline of $1,766. Notably, during
recessions the salary gains from promotions and pull separations become statistically in-
distinguishable, suggesting that the advantage of internal advancement over cross-firm

mobility compresses during downturns.

8.4 Worker and Firm Covariates

The Revelio Labs data provide a rich set of observable worker and firm characteristics,
which we use in the descriptive second-stage analysis to examine the determinants of the
latent match-quality states recovered by the LMM. These variables are not included in
the baseline LMM, which is estimated on the two emission channels alone to preserve the

model’s interpretive parsimony.
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Table 12: Salary Change and Tenure by Separation Type

(1) (2) 3) (4) (5) (6)
pct pct pct pct USD pct
Main effects
Upgrade 0.345*** 0.346*** 0.352%** 0.350***  21821.9***  0.314***
(0.003) (0.003) (0.003) (0.003) (110.1) (0.006)
Downgrade —0.238***  —0.239***  —0.232"** —0.232*** —20299.8*** —0.207***
(0.003) (0.003) (0.002) (0.003) (93.2) (0.004)
Pull sep. 0.448*** 0.443*** 0.417** 0.416*** 19501.9***  0.367***
(0.004) (0.004) (0.003) (0.004) (82.3) (0.007)
Push sep. —0.085***  —0.089*** —0.096*** —0.098***  —9857.1***  —0.098***
(0.003) (0.003) (0.003) (0.003) (106.9) (0.004)
Relocation 0.120*** 0.116*** 0.102*** 0.102*** 473.7*** 0.078***
(0.004) (0.004) (0.005) (0.005) (101.8) (0.012)
x USREC
Upgrade x Rec. 0.030*** —458.9
(0.010) (350.0)
Downgrade x Rec. —0.006 601.8*
(0.005) (310.5)
Pull sep. x Rec. 0.017** 58.7
(0.008) (315.4)
Push sep. x Rec. 0.031 —184.8
(0.026) (352.0)
Relocation x Rec. 0.006 720.0
(0.009) (459.0)
x UNRATE
Upgrade x UR 0.007***
(0.001)
Downgrade x UR —0.004"**
(0.001)
Pull sep. x UR 0.009***
(0.001)
Push sep. x UR 0.000
(0.001)
Relocation x UR 0.004**
(0.002)
Year-month FE No Yes Yes Yes Yes Yes
Sector FE No No Yes Yes Yes Yes
Observations 80,005,113 80,005,113 71,065,892 71,065,892 71,065,892 71,060,757
R? 0.001 0.001 0.001 0.001 0.109 0.001

Notes: The dependent variable in columns (1)—(3) is the salary change in USD, defined as the start salary
of the next position minus the end salary of the current position. Column (4) uses a random sample. The
baseline group is Stay (same employer, same seniority level). All specifications include a constant (not re-
ported). Standard errors (in parentheses) are two-way clustered by worker and year-month. *p < 0.10,

**p < 0.05, ***p < 0.01.
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(a) Job duration by separation types

Note: This figure shows the mean, 10th percentile, and 90th percentile of job duration
for primary jobs, grouped by the type of subsequent separation. Source: Revelio Labs

Worker characteristics. For each worker we observe highest level of educational attain-
ment (high school or below, some college, bachelor’s degree, master’s degree, profes-
sional or doctoral degree), which is drawn from the Revelio Labs education file. Age at
the time of hire is inferred from the year of the worker’s earliest recorded educational
enrollment. Gender is predicted from the worker’s name using a classification algo-
rithm, and predicted ethnicity (White, Black, Hispanic, Asian, or other) is similarly in-
tferred from name and, where available, location signals. We also observe each worker’s
occupation category (mapped to the Revelio Labs jobs taxonomy), the geographic loca-
tion of the position (state and metropolitan area), and the worker’s prior employment
history—including the number and types of prior spells, prior seniority progression, and
prior separations—which we summarize in a set of pre-spell history variables. All worker
characteristics are measured as of the start of each spell.

Firm characteristics. For each employer we observe total employment (headcount),
firm age (years since the earliest position recorded in the data), industry sector, and pri-
mary metropolitan area of operations. Where financial data are available from Compustat
(for publicly listed firms), we supplement these with balance-sheet and income-statement

characteristics. We also observe time-varying organizational characteristics such as the
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Table 13: Cosine Similarity by Pre-Employment-Gap Category

Consecutive Random  Actual Minus Number of
Spells Baseline Firm Random Pairs

Panel A: No gap transition

Match innovations, different firm 0.1552 0.0375 0.1178 1,018,697

Match innovations, same firm 0.1190 -0.0170 0.1360 815,155

State probabilities, different firm 0.6004 0.3130 0.2874 1,018,697

State probabilities, same firm 0.6308 0.3162 0.3146 815,155
Panel B: Pre-employment gap of 1-6 months

Match innovations, different firm 0.1654 0.0676 0.0977 250,588

Match innovations, same firm 0.0788 0.0625 0.0163 16,492

State probabilities, different firm 0.5589 0.3824 0.1764 250,588

State probabilities, same firm 0.5049 0.3704 0.1346 16,492
Panel C: Pre-employment gap of 7 or more months due to education

Match innovations, different firm 0.0823 0.0654 0.0169 130,472

Match innovations, same firm 0.1138 0.0649 0.0488 136,483

State probabilities, different firm 0.2977 0.2953 0.0024 130,472

State probabilities, same firm 0.4063 0.2955 0.1108 136,483
Panel D: Other pre-employment gaps of 7 or more months

Match innovations, different firm 0.1360 0.0518 0.0842 252,058

Match innovations, same firm 0.0261 0.0565 -0.0304 20,857

State probabilities, different firm 0.4782 0.3410 0.1371 252,058

State probabilities, same firm 0.4231 0.3427 0.0804 20,857

Notes: Each entry reports the mean cosine similarity between two seven-dimensional vectors.
Actual consecutive spells compare adjacent spells belonging to the same worker. For different-
firm transitions, the worker changes firms; for same-firm transitions, the worker changes posi-
tions within the same firm. The common-pool firm-random baseline keeps the source worker’s
previous-spell vector fixed and pairs it with a next-spell vector belonging to a different worker
and firm in the same hire-quarter and pre-employment-gap cell. The donor pool is constructed
from all eligible transitions before separating the same-firm and different-firm source samples.
The final column reports the number of actual consecutive-spell pairs. Results use the filtered

one-million-worker sample.

8.5.1 Cosine similarity

8.5.2 Vector autoregression
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serve as proxies for firm-level labor demand conditions.

8.5 Testing persistence by employment gap

tirm’s recent employment growth rate and its recent hiring and separation rates, which

The rows of each matrix correspond to lagged components in states 1,...,7, while the
columns correspond to next-spell components in states 1,...,7. The matrices A nn and
A Inn describe innovation persistence across and within firms, respectively. The matrices
A g and A Sp provide the corresponding results for the latent-state probability vectors.



7

inn; 1k = Y Ap ki +€inie  k=1,...,7 (16)
=1

[ 0.1475 —0.0523 0.0349  0.0572 —0.1408 0.0079 —0.0544]
—0.0680 0.0190 -0.0107 0.0037  0.1468 —0.0591 —-0.0318
0.0436 —0.0051 0.0554 —-0.0172 —-0.1716 0.1017 —0.0068

@S" = 0.0148 0.0671 —0.0539 -—-0.0232 0.0257 —0.0348 0.0043

—-0.0629 0.0783  0.0037 —0.0107 0.0692 —0.0749 —0.0027
0.0296 —0.0588 0.0296  0.0421 —0.1613 0.1640 —0.0454

| —0.1047 —0.0483 —0.0589 —0.0520 0.2320 -—0.1047 0.1367 |
(17)

[—0.0245 —0.0011 0.0267 —0.0626 0.1147 —0.0475 —0.0056]
—0.0380 —0.0221 —-0.0039 —-0.0192 0.0901 0.0313 —0.0383
0.0613 0.0011 0.1008 —0.0667 —0.0886 0.0236 —0.0315
Aénn = | 0.0955 —0.0059 -0.0386 0.0216 —0.0228 0.0061 —0.0558
0.0241 0.0415 —-0.0305 0.1138 —0.1387 0.0040 —0.0142
—0.0185 0.0156 —0.0297 0.0796 —0.1195 0.0882 —0.0158

| —0.0999 -0.0291 -0.0247 —-0.0666 0.1648 —0.1057 0.1611 |
(18)

3.6595 0.0834 8.6382 —4.7580 —6.4308 —0.5466 —0.6458]
3.1977 0.5441 8.6277  —4.6041 —6.9447 —0.1754 —0.6454
2.5744 0.1206 9.0315 —4.6568 —5.6923 —0.7137 —0.6638
A\g = | 3.0725 0.0525 8.7802  —3.5147 —-7.1097 —-0.6310 —0.6499
—19.3296 —0.9756 —52.6047 26.7694 39.6381 29162  3.5863
3.2377 0.1136 8.6760 —4.6148 —6.5269 —0.2470 —0.6387

| 3.5877 0.0614 8.85611 —4.6210 —6.9338 —0.6026 —0.3429|
(19)
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[ 07910 —0.0644 —0.0787 —0.6979 0.0302  0.0697 —0.0499
—0.0970 0.3711 0.0135 —0.0756 —0.5060 0.3520 —0.0581
—0.3148 —0.0794 0.4291 —0.0598 0.3088 —0.2133 —0.0705
g; = | —-0.1827 —0.0809 0.1272  0.6756 —0.3306 —0.1494 —0.0592
—0.2995 —-0.0598 —-0.9240 0.3795 1.0890 —-0.1706 —0.0147
—0.0041 —-0.0236 0.0865 —0.2341 —0.0686 0.2903 —0.0465

| 0.1070 —0.0630 0.3464  0.0123 —0.5229 —-0.1788 0.2989 |
(20)

8.6 Firm-Level Outcomes

To examine how match quality relates to firm performance, we construct a panel of firm-
quarter observations tracking firm-level employment and survival outcomes. Firm em-
ployment in a given quarter is defined as the number of workers with an active spell at
the firm during that quarter. Employment growth is the quarter-on-quarter log change in
employment. Firm survival is an indicator equal to one if the firm has at least one active
position recorded in the data in each quarter through the end of the observation window.

Because Revelio Labs data are derived from online profiles, coverage of firms is in-
herently incomplete and unequal. Large firms with a strong online presence are well
represented, whereas small or private firms with few workers on professional network-
ing platforms may have only a handful of observed positions—or none at all. Observed
employment therefore understates true employment, and the degree of understatement
varies across firms and over time. We account for this by including firm fixed effects in all
tirm-level regressions and by focusing on within-firm variation in employment growth
and survival rather than cross-sectional levels.

Where relevant, we supplement the employment panel with information from Revelio
Labs job postings. Expected hires is a forward-looking measure constructed from the stock
of active job postings, scaled by historical offer-acceptance rates, and serves as a proxy for
the firm’s intended employment growth. This variable allows us to distinguish between
realized employment changes and planned hiring activity.
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9 Multi-channel Latent Markov Model Appendix

9.0.1 Estimation

We maximize the log-likelihood (??) using the EM algorithm. Direct maximization of (??)
is computationally demanding because equation (1) sums over K latent-state histories.

The EM algorithm alleviates this difficulty by alternating between two steps:

¢ E-step: Compute the posterior distribution of the latent-state history given the cur-
rent parameter estimates, leveraging the Markovian structure through the Baum-
Welch (forward-backward) algorithm. This reduces the computational complexity
from O(KT) to O(K?T).

* M-step: Update all parameters by maximizing the expected complete-data log-
likelihood given the posterior state probabilities from the E-step.

The algorithm iterates until the relative change in log-likelihood falls below 10~°. Because
the EM algorithm can converge to local optima, we estimate each model from five inde-
pendent random restarts and retain the solution with the highest log-likelihood. Each
restart is run as an independent task on a high-performance computing cluster and as-
signed a distinct seed to ensure reproducibility.

The model is estimated on a training sample of one million workers drawn from the
Revelio Labs data. The remaining workers are used for out-of-sample validation, as de-

scribed in Section ??.

9.1 Model Selection

Table 14: Out-of-Sample Log-Likelihood per Worker

k Training mean Testmean Train—testgap Training workers Test workers

7 —14.65269 —14.64467 —0.00802 100,000 900,000
9 —14.62349 —14.68503 0.06154 100,000 100,000
15 —14.54983 —14.61068 0.06085 100,000 100,000
28 —14.51930 —14.58378 0.06448 100,000 100,000

Notes: Log-likelihoods are reported as means per worker. A less negative test log-likelihood indicates
better out-of-sample fit.
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Figure 12: Akaike Information Criterion

Notes: The figure reports the Akaike Information Criterion (AIC) for latent Markov models estimated with
different numbers of latent states K.

Table 15: Estimated Emission Probabilities

Initial distribution 1 2 3 4 5 6 7
0582 0.309 0.013 0.036 0.044 0.004 0.012

Emission 1: Employment duration 1 2 3 4 5 6 7

1-6 months 0429 0.043 0468 0.048 0.165 0.005 0.009
7-15 months 0.263 0.138 0.371 0.289 0.361 0.050 0.000
16-36 months 0.204 0.298 0.152 0.432 0.423 0.400 0.000
37 months or more 0.103 0.521 0.009 0.231 0.051 0.545 0.991
Emission 2: Job-exit type 1 2 3 4 5 6 7

Education 0367 0.105 0.094 0.000 0.034 0.017 0.000
Nonemployment 0.257 0.205 0.223 0.240 0.003 0.010 0.000
Downgrade 0.005 0.050 0.010 0.005 0.151 0.108 0.002
Same level 0.044 0.096 0.053 0.010 0.306 0.193 0.002
Upgrade 0.019 0.112 0.048 0.031 0.338 0.306 0.002
Pull separation 0.042 0.120 0.117 0.190 0.047 0.109 0.000
Push separation 0.150 0.203 0.255 0.334 0.087 0.154 0.000
Relocation 0.116 0.109 0.200 0.191 0.034 0.103 0.000
Ongoing 0.000 0.000 0.000 0.000 0.000 0.000 0.995

Notes: This table reports the estimated initial and emission probabilities from the seven-
state multi-channel latent Markov model. The reported initial distribution is the weighted
average of the cohort-specific initial distributions, where the weights are the cohort shares
in the estimation sample. The complete set of cohort-specific initial distributions is re-
ported in Appendix Table 16. The first emission is employment duration, and the second
is job-exit type. Within each emission panel, a column reports the conditional distribu-
tion of the corresponding emission given the latent state. Entries may not sum exactly to
one because of rounding.Sources: Revelio Labs and authors’ calculations.
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category. Percentages sum to 100%. Sources:  Revelio Labs and author’s calculations.

Figure 13: Distribution of Latent States

9.2 Emission Probabilities
9.3 Estimated Initial Distribution by Cohorts

9.4 Standard Errors for Transition Probabilities.

We compute standard errors for the estimated transition probabilities using the delta
method. The latent Markov model parameterizes each row of the transition matrix as a
multinomial logit, so the transition probabilities are nonlinear functions of the estimated
logit coefficients. Let 4 denote the vector of transition coefficients and let \77 denote its
estimated covariance matrix, obtained from the inverse observed information matrix. For

a given category, the corresponding transition probabilities can be written as

where x contains the covariates of the model. We approximate the covariance matrix of

these probabilities using

V.-cv,¢, c=%x
oy =Y
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Table 16: Initial Distribution of Latent Match States by Birth Cohort

Birth cohort S1 S2 S3 S4 S5 S6 S7

Pre-1982 0.0000 0.0260 0.0000 0.0000 0.0046 0.0000 0.9694
1982-1984  0.0007 0.2065 0.0000 0.0315 0.0040 0.0000 0.7572
1985-1987  0.0161 0.4330 0.0000 0.0585 0.0047 0.0000 0.4876
1988-1990  0.0257 0.6135 0.0000 0.0775 0.0054 0.0000 0.2778
1991-1993  0.0375 0.7282 0.0000 0.0867 0.0071 0.0002 0.1403
1994-1996  0.0395 0.8115 0.0000 0.0907 0.0091 0.0004 0.0487
1997-1999  0.0327 0.8629 0.0005 0.0706 0.0114 0.0087 0.0132
2000-2002  0.0332 0.8872 0.0063 0.0286 0.0165 0.0184 0.0098
2003-2005  0.0612 0.8249 0.0173 0.0157 0.0267 0.0304 0.0238
2006-2008  0.0965 0.6553 0.0189 0.0095 0.0326 0.0870 0.1002
Missing 0.0561 0.3511 0.0000 0.0110 0.0087 0.0000 0.5732

Overall 0.0363 0.5818 0.0039 0.0437 0.0119 0.0132 0.3092

Notes: The table reports the estimated initial distribution over the seven latent match states by worker
birth cohort. Each row reports the probability that a worker’s first observed position is assigned to each
latent state. The final row reports the overall initial-state distribution in the estimation sample.

The reported standard error of each transition probability is the square root of the corre-
sponding diagonal element of V . By explicitly incorporating the Jacobian of the multino-
mial logit transformation, this procedure properly propagates the covariance among the
estimated coefficients into the covariance of the transition probabilities, while respecting

the adding-up constraint that each row of the transition matrix must sum to one.

9.5 Spell-level regression coefficients

9.6 VAR for match innovations

These two tables are now centered correctly:

9.7 Lagged firm outcomes (Full sample)

9.8 Lagged firm outcomes (Compustat)
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Table 17: Worker age odds ratios by latent state

S2 S6 S4 S3

<20 60277 7782  1.680  0.501
(0.843) (0.064) (0.031) (0.007)
2025  13.398 3494 1819  0.630
(0.138) (0.020) (0.019) (0.004)
25-30 2424 1612 1288  0.852
(0.020) (0.009) (0.008) (0.004)
3545 0638 0726 0750  0.993
(0.007) (0.005) (0.006) (0.006)
45-55 0581 0645 0515 0.815
(0.009) (0.006) (0.007) (0.007)
55+ 0636 0.686 0436  0.657
(0.018) (0.012) (0.009) (0.010)
Missing 11713 1.808 0798  0.604
(0.198) (0.024) (0.015) (0.010)

Table 18: Gender odds ratios by latent state

S2 Sé6 S4 S3

F 1065 1.064 1.091 0987
(0.007) (0.005) (0.007) (0.005)
Missing 1112  1.068 1.188  1.017
(0.036) (0.024) (0.035) (0.025)

Table 19: Education odds ratios by latent state

S2 Sé6 S4 S3

High School 0931 0982 0565  0.529
(0.014) (0.013) (0.010) (0.009)
Associate 0534 1.035 0.627 0.756
(0.007) (0.010) (0.009) (0.008)

MBA 1218 1348 1376 1.103
(0.014) (0.010) (0.017) (0.010)
Master 1789 1412 1019  0.992
(0.013) (0.009) (0.010) (0.008)
Doctor 1.810 1500 0.891  1.074
(0.032) (0.022) (0.014) (0.012)
Missing 0821 1291 1301 1.052

(0.092) (0.117) (0.198) (0.142)
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Table 20: Ethnicity odds ratios by latent state

) S6 S4 S3
API 1286 0961 0844  0.926
(0.019) (0.009) (0.011) (0.014)
Black 1120 1.055 0.827  0.828

(0.008) (0.006) (0.007) (0.006)
Hispanic 1.154 1.050  0.879  0.858
(0.009) (0.007) (0.009) (0.007)
Multiple 1252 1.045 0907  0.882
(0.043) (0.031) (0.039) (0.034)
Native 1187 1078 0.821  0.874
(0.083) (0.064) (0.072) (0.072)
Missing 1287  1.087 0919  0.944
(0.139) (0.095) (0.132) (0.123)

Table 21: Firm size odds ratios by latent state

S2 S6 S4 S3

11-30 0931 1015 1399 1.053
(0.007) (0.006) (0.014) (0.009)
31-50  0.878 1.006 1685 1.112
(0.008) (0.007) (0.020) (0.011)
51-200  0.840 1.002 1973  1.167
(0.007) (0.006) (0.022) (0.011)
200+ 0870 1.057 2.811 1410
(0.010) (0.008) (0.037) (0.015)
Missing 1797 1210 1458 1.271
(0.057) (0.027) (0.053) (0.038)
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Table 22: Firm age odds ratios by latent state

S2 S6 S4 S3

1-3year 1240 1242 1268 0.885
(0.027) (0.020) (0.029) (0.017)
35year 1243 1275 1376  0.885
(0.028) (0.022) (0.035) (0.018)
6-9year 1217 1264 138 0915
(0.026) (0.020) (0.034) (0.018)
10-14 year 1214 1247 1371 0992
(0.026) (0.020) (0.034) (0.020)
15-30 year 1229 1228 1304  1.060
(0.027) (0.020) (0.031) (0.021)
31-50 year 1263 1228 1360 1218
(0.030) (0.021) (0.039) (0.029)
50+ year 1409 1285 1598  1.490
(0.035) (0.023) (0.044) (0.033)
Missing 1296 1241 1299  1.098
(0.028) (0.020) (0.030) (0.021)
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Table 23: Sector odds ratios by latent state

S2 56 54 S3

Admin and Waste Management and Remed Serv [NAICS 56] 1.093 1.239 0.803 0.755
(0.032) (0.022) (0.046) (0.042)

Agriculture, Forestry, Fishing and Hunting [NAICS 11] 1.252 1.126 1.022 1.036
(0.091) (0.045) (0.081) (0.085)
Arts, Entert, and Recr [NAICS 71] 1.898 1.400 0.792 0.763
(0.058)  (0.023) (0.034) (0.021)
Construction [NAICS 23] 1.016 1.010 0.842 0.948
(0.065) (0.058) (0.040) (0.027)
Educational Services [NAICS 61] 2.073 1.636 0.693 0.819
(0.059) (0.027) (0.021) (0.019)
Finance and Insurance [NAICS 52] 0.902 0.951 0.954 1.043
(0.027) (0.016) (0.032) (0.024)
Health Care and Social Assistance [NAICS 62] 1.169 1.164 0.656 0.768
(0.046) (0.022) (0.018) (0.017)
Information [NAICS 51] 1.012 1.074 1.036 0.922
(0.032) (0.017) (0.031) (0.027)
Mng of Companies and Enterprises [NAICS 55] 0.931 0.968 0.873 0.925
(0.056)  (0.038) (0.089) (0.050)
Mining, Quar and Oil and Gas Extrac [NAICS 21] 1.055 1.024 1.305 1.079
(0.054) (0.027) (0.176)  (0.101)
Prof, Scien, and Tech Services [NAICS 54] 1.011 1.044 0.899 0.911
(0.035) (0.020) (0.023) (0.021)
Real Estate and Rental and Leasing [NAICS 53] 0.920 0.935 0.725 0.786
(0.030) (0.020) (0.078)  (0.023)
Retail Trade [NAICS 44 /45] 1.530 1.272 0.912 0.783
(0.052) (0.025) (0.060) (0.032)
Trans and Warehousing [NAICS 48/49] 1.022 1.089 0.890 0.917
(0.031) (0.018) (0.041) (0.036)
Utilities [NAICS 22] 0.922 0.999 1.168 1.354
(0.040) (0.030) (0.082) (0.095)
Wholesale Trade [NAICS 42] 1.077 1.044 0.909 0.944
(0.048)  (0.025) (0.038) (0.030)
Missing 1.449 1.200 1.174 1.126

(0.138)  (0.088) (0.136)  (0.119)
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Table 24: Persistence of Match Innovations across Consecutive Employment Spells

Panel A: Different-firm transitions

Subsequent spell
Previous spell inn; inn, inng inng inns inng inny
inng 0.148 -0.052 0.035 0.057 -0.141 0.008 -0.054
inny -0.068 0.019 -0.011 0.004 0.147 -0.059 -0.032
inns 0.044 -0.005 0.055 -0.017 -0.172 0.102 -0.007
inng 0.015 0.067 -0.054 -0.023 0.026 -0.035 0.004
inns -0.063 0.078 0.004 -0.011 0.069 -0.075 -0.003
inng 0.030 -0.059 0.030 0.042 -0.161 0.164 -0.045
inny -0.105 -0.048 -0.059 -0.052 0.232 -0.105 0.137

Panel B: Same-firm transitions

Subsequent spell
Previous spell inng inn, inns inny inns inng inny
inng -0.024 -0.001 0.027 -0.063 0.115 -0.047 -0.006
inny -0.038 -0.022 -0.004 -0.019 0.090 0.031 -0.038
inns 0.061 0.001 0.101 -0.067 -0.089 0.024 -0.031
inng 0.095 -0.006 -0.039 0.022 -0.023 0.006 -0.056
inns 0.024 0.041 -0.030 0.114 -0.139 0.004 -0.014
inng -0.018 0.016 -0.030 0.080 -0.119 0.088 -0.016
inny -0.100 -0.029 -0.025 -0.067 0.165 -0.106 0.161

Notes: The table reports the unrestricted persistence matrix for seven-dimensional match-innovation vec-
tors across consecutive employment spells. Rows index the innovation associated with the previous spell
and columns index the innovation associated with the subsequent spell. Estimation accounts for the linear
dependence among the seven innovation components using six orthonormal Helmert coordinates. Each
innovation component is demeaned by the subsequent spell’s hire-quarter, pre-employment-gap category,
and same-firm status prior to estimation. Panel A uses 1,651,815 transitions in which the worker changes
firms. Panel B uses 988,987 transitions between positions within the same firm.
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Table 25: Persistence of Latent-State Probabilities across Consecutive Employment Spells

Panel A: Different-firm transitions

Subsequent spell
Previous spell p1 p2 p3 P4 ps Pe p7
P1 3.660 0.083 8.638 -4.758 -6.431 -0.547 -0.646
P2 3.198 0.544 8.628 -4.604 -6.945 -0.175 -0.645
p3 2.574 0.121 9.032 -4.657 -5.692 -0.714 -0.664
P4 3.073 0.053 8.780 -3.515 -7.110 -0.631 -0.650
ps -19.330 -0.976 -52.605 26.769 39.638 2916 3.586
Pe 3.238 0.114 8.676 -4.615 -6.527 -0.247 -0.639
p7 3.588 0.061 8.851 -4.621 -6.934 -0.603 -0.343

Panel B: Same-firm transitions

Subsequent spell
Previous spell P1 p2 p3 P4 Ps Pe p7
P 0.791 -0.064 -0.079 -0.698 0.030 0.070 -0.050
p2 -0.097 0.371 0.014 -0.076 -0.506 0.352 -0.058
p3 -0.315 -0.079 0.429 -0.060 0.309 -0.213 -0.071
P4 -0.183 -0.081 0.127 0.676 -0.331 -0.149 -0.059
ps -0.300 -0.060 -0.924 0.380 1.089 -0.171 -0.015
Pe -0.004 -0.024 0.087 -0.234 -0.069 0.290 -0.047
p7 0.107 -0.063 0.346 0.012 -0.523 -0.179 0.299

Notes: The table reports the unrestricted persistence matrix for seven-dimensional posterior latent-state
probability vectors across consecutive employment spells. Rows index the state probability associated with
the previous spell and columns index the state probability associated with the subsequent spell. Because
the seven probabilities sum to one, estimation is conducted using six orthonormal Helmert coordinates,
with the resulting coefficients mapped back to the seven-state representation shown in the table. Each
probability component is demeaned by the subsequent spell’s hire-quarter, pre-employment-gap category,
and same-firm status prior to estimation. Panel A uses 1,651,815 different-firm transitions and Panel B uses
988,987 same-firm transitions.
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Table 26: New-Hire Match Innovations and Firm Outcomes (Full Sample, Lag 2)

Sep. Hires  Growth  Surwv. Sep. Hires  Growth  Surwv.
1) (2) ) (4) ®) (6) ) (®)

inn_1 (Stepping-st) —0.1031* —0.0045* 0.1074* 0.0135* —0.1055* —0.0049* 0.1090* 0.0136*
(0.0010) (0.0010) (0.0013) (0.0004) (0.0010) (0.0010) (0.0013) (0.0004)
inn_3 (Churning) —0.1292* —0.0212% 0.1189* 0.0022% —0.1298* —0.0218* 0.1198*  0.0023*
(0.0009) (0.0009) (0.0011) (0.0003) (0.0009) (0.0009) (0.0011) (0.0003)
inn_5 (Early Gr) —0.0488* 0.0120* 0.0725* 0.0109* —0.0429* 0.0115* 0.0631* 0.0104*
(0.0009) (0.0009) (0.0011) (0.0003) (0.0009) (0.0009) (0.0012) (0.0003)
inn_6 (Maturing Gr) ~ —0.2076* —0.0370* 0.1812* 0.0132* —0.2134* —0.0371* 0.1874* 0.0137*

(0.0011) (0.0013) (0.0016) (0.0003) (0.0011) (0.0013) (0.0016) (0.0003)
inn_7 (Stable Ongoing) —0.1232* —0.0170* 0.1147* 0.0085* —0.1247* —0.0169* 0.1162* 0.0087*
(0.0005) (0.0006) (0.0007) (0.0002) (0.0005) (0.0006) (0.0007) (0.0002)

pred_1 (Stepping-st) —0.0051* 0.0291* 0.0115* —0.0029*
(0.0013) (0.0013) (0.0016) (0.0004)
pred_3 (Churning) —0.0056* 0.0306* 0.0036* —0.0096*
(0.0016) (0.0017) (0.0021) (0.0006)
pred_5 (Early Gr) 0.0619*  0.0234* —0.0770* —0.0053*
(0.0017) (0.0018) (0.0023) (0.0006)
pred_6 (Maturing Gr) —0.0588* 0.0681* 0.0646* —0.0101*
(0.0036) (0.0038) (0.0048) (0.0012)
pred_7 (Stable Ongoing) —0.0424* 0.0393* 0.0522* —0.0000
(0.0015) (0.0015) (0.0019) (0.0004)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes Yes Yes
Predicted No No No No Yes Yes Yes Yes
Within R? 0.0159  0.0019 0.0067 0.0038 0.0168 0.0021  0.0075  0.0040
N 6,902,126 6,902,126 6,930,601 6,989,518 6,902,126 6,902,126 6,930,601 6,989,518

Notes: Estimates relate lagged new-hire match-state innovations to firm outcomes in the full sample. Out-
comes are annual separation and hiring rates, employment growth following Davis et al. (2013), and firm
survival. All models include firm and 6-digit NAICS industry-by-year fixed effects. Separation and hir-
ing models control for their lagged outcome; growth and survival models control for lagged employment
growth. All lags are 2 years. Columns (5)—(8) also include lagged predicted state probabilities. State 4
(Transitional) is the reference for innovations and probabilities; state 2 (Stable/Stagnant) coefficients are
estimated but not displayed. R? is within R?; N counts firm-years. Standard errors are in parentheses. Co-
efficients and standard errors are rounded to four decimal places.

* p < 0.10, based on unrounded reported p-values. Source: Revelio Labs.
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Table 27: New-Hire Match Innovations and Firm Outcomes (Full Sample, Lag 3)

Sep. Hires  Growth  Surwv. Sep. Hires  Growth  Surwv.
1) (2) ) (4) ®) (6) ) (®)

inn_1 (Stepping-st) —0.0267* —0.0078* 0.0301* 0.0083* —0.0274* —0.0087* 0.0297*  0.0082*
(0.0010) (0.0010) (0.0012) (0.0003) (0.0010) (0.0010) (0.0012) (0.0003)
inn_3 (Churning) —0.0933* —0.0321* 0.0758* 0.0033* —0.0939* —0.0324* 0.0766* 0.0034*
(0.0010) (0.0009) (0.0011) (0.0003) (0.0009) (0.0009) (0.0011) (0.0003)
inn_5 (Early Gr) —0.0047* 0.0014 0.0098* 0.0083* 0.0001 —0.0005 0.0009 0.0078*
(0.0009) (0.0009) (0.0011) (0.0003) (0.0009) (0.0009) (0.0012) (0.0003)
inn_6 (Maturing Gr) ~ —0.0802* —0.0231* 0.0756* 0.0085* —0.0826* —0.0217* 0.0796* 0.0087*

(0.0011) (0.0012) (0.0015) (0.0003) (0.0011) (0.0012) (0.0015) (0.0003)
inn_7 (Stable Ongoing) —0.0598* —0.0160* 0.0538* 0.0066* —0.0602* —0.0157* 0.0545* 0.0068*
(0.0005) (0.0006) (0.0007) (0.0002) (0.0005) (0.0006) (0.0007) (0.0002)

pred_1 (Stepping-st) —0.0027* 0.0322* 0.0213* —0.0016*
(0.0013) (0.0013) (0.0016) (0.0004)
pred_3 (Churning) —0.0064* 0.0318* 0.0194* —0.0067*
(0.0017) (0.0017) (0.0021) (0.0006)
pred_5 (Early Gr) 0.0445*  0.0159* —0.0546* —0.0032*
(0.0018) (0.0018) (0.0022) (0.0006)
pred_6 (Maturing Gr) —0.0261* 0.0853* 0.0726* —0.0083*
(0.0036) (0.0037) (0.0047) (0.0012)
pred_7 (Stable Ongoing) —0.0132* 0.0507* 0.0461*  0.0005
(0.0015) (0.0015) (0.0019) (0.0004)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes Yes Yes
Predicted No No No No Yes Yes Yes Yes
Within R? 0.0081  0.0005 0.0036 0.0018 0.0083 0.0008 0.0040 0.0019
N 6,318,902 6,318,902 6,344,316 6,394,277 6,318,902 6,318,902 6,344,316 6,394,277

Notes: Estimates relate lagged new-hire match-state innovations to firm outcomes in the full sample. Out-
comes are annual separation and hiring rates, employment growth following Davis et al. (2013), and firm
survival. All models include firm and 6-digit NAICS industry-by-year fixed effects. Separation and hir-
ing models control for their lagged outcome; growth and survival models control for lagged employment
growth. All lags are 3 years. Columns (5)—(8) also include lagged predicted state probabilities. State 4
(Transitional) is the reference for innovations and probabilities; state 2 (Stable/Stagnant) coefficients are
estimated but not displayed. R? is within R?; N counts firm-years. Standard errors are in parentheses. Co-
efficients and standard errors are rounded to four decimal places.

* p < 0.10, based on unrounded reported p-values. Source: Revelio Labs.
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Table 28: Match Innovations and Firm Outcomes II (Compustat Firms, Lag 2)

Emp. growth Survival Log sales Emp. growth Survival Log sales

(1) () ) (4) (©) (6)
inn_1 (Stepping-st) 0.0957* 0.0649*  0.1339 0.0944* 0.0681*  0.1565
(0.0382) (0.0189) (0.0941) (0.0389) (0.0191)  (0.0964)
inn_3 (Churning) 0.0884* 0.0049 —0.3118* 0.0912* 0.0032 —0.3023*
(0.0335) (0.0192) (0.0907) (0.0336) (0.0192)  (0.0908)
inn_5 (Early Gr) 0.1835* 0.0637*  0.5261* 0.1830* 0.0650*  0.5248*
(0.0279) (0.0148) (0.0833) (0.0285) (0.0148) (0.0844)
inn_6 (Maturing Gr) 0.2144* 0.0766*  0.2072* 0.2166* 0.0750*  0.2033*
(0.0356) (0.0168) (0.0984) (0.0356) (0.0166)  (0.0990)
inn_7 (Stable Ongoing) 0.1692* 0.0671*  0.1641* 0.1694* 0.0676*  0.1697*
(0.0202) (0.0108)  (0.0579) (0.0203) (0.0108)  (0.0588)
pred_1 (Stepping-st) —0.0136  —0.0053 —0.1039
(0.0420) (0.0242) (0.1072)
pred_3 (Churning) —0.0395  —-0.0138 —0.0970
(0.0623) (0.0373) (0.1534)
pred.5 (Early Gr) —0.0583 0.0539* —0.3123*
(0.0545) (0.0301) (0.1654)
pred_6 (Maturing Gr) 0.0077 —0.0784 —0.3203
(0.1141) (0.0624) (0.2942)
pred_7 (Stable Ongoing) —0.0167  —0.0182 0.0112
(0.0614) (0.0325) (0.1422)
Firm FE Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes
Predicted No No No Yes Yes Yes
Within R? 0.0078 0.0040  0.2199 0.0079 0.0042  0.2203
N 54,192 59,475 48,759 54,192 59,475 48,759

Notes: Estimates relate lagged new-hire match-state innovations to Compustat firm outcomes.
Outcomes are employment growth following Davis et al. (2013), firm survival, and log sales.
All models include firm and 6-digit NAICS industry-by-year fixed effects. Growth and sur-
vival models control for lagged employment growth; sales models control for lagged log sales.
Innovations, predicted probabilities, and outcome controls are lagged 2 years. Columns (4)-
(6) additionally include predicted state probabilities. State 4 (Transitional) is the reference for
innovations and probabilities; state 2 (Stable/Stagnant) coefficients are estimated but not dis-
played. R? is within R?; N counts firm-years. Standard errors are in parentheses. Coefficients
and standard errors are rounded to four decimal places.
* p < 0.10, based on unrounded reported p-values. Source: Revelio Labs and Compustat.
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Table 29: Match Innovations and Firm Outcomes II (Compustat Firms, Lag 3)

Emp. growth Survival Log sales Emp. growth Survival Log sales

(1) () (3) (4) (©) (6)
inn_1 (Stepping-st) 0.0900* 0.0255  0.0763 0.0940* 0.0273  0.0962
(0.0369) (0.0187) (0.1025) (0.0372) (0.0189) (0.1046)
inn_3 (Churning) 0.1171* —0.0233 —0.3126* 0.1238* —0.0227 —0.3044*
(0.0381) (0.0188)  (0.0965) (0.0382) (0.0188)  (0.0969)
inn_5 (Early Gr) 0.0564* 0.0659*  0.6062* 0.0573* 0.0672*  0.6026*
(0.0289) (0.0154) (0.0954) (0.0291) (0.0154) (0.0969)
inn_6 (Maturing Gr) 0.1531* 0.0250  0.1980* 0.1566* 0.0247  0.1946*
(0.0349) (0.0166) (0.1106) (0.0348) (0.0166) (0.1102)
inn_7 (Stable Ongoing) 0.0953* 0.0529*  0.2003* 0.0976* 0.0536*  0.2052*
(0.0221) (0.0116) (0.0654) (0.0224) (0.0116) (0.0665)
pred_1 (Stepping-st) —0.0342  —0.0259 —0.1900
(0.0410) (0.0254) (0.1238)
pred_3 (Churning) —0.0912  —-0.0069 —-0.1821
(0.0631) (0.0383) (0.1703)
pred.5 (Early Gr) —0.1385*  —0.0078 —0.2464
(0.0522) (0.0308)  (0.1905)
pred_6 (Maturing Gr) —0.0329  —0.0500 —0.5940*
(0.1062) (0.0662) (0.3435)
pred_7 (Stable Ongoing) —0.0247  —0.0115 —0.0661
(0.0561) (0.0389) (0.1670)
Firm FE Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes
Predicted No No No Yes Yes Yes
Within R? 0.0050 0.0023  0.1088 0.0055 0.0024  0.1092
N 48,530 53,657 43,728 48,530 53,657 43,728

Notes: Estimates relate lagged new-hire match-state innovations to Compustat firm outcomes.
Outcomes are employment growth following Davis et al. (2013), firm survival, and log sales.
All models include firm and 6-digit NAICS industry-by-year fixed effects. Growth and sur-
vival models control for lagged employment growth; sales models control for lagged log sales.
Innovations, predicted probabilities, and outcome controls are lagged 3 years. Columns (4)-
(6) additionally include predicted state probabilities. State 4 (Transitional) is the reference for
innovations and probabilities; state 2 (Stable/Stagnant) coefficients are estimated but not dis-
played. R? is within R?; N counts firm-years. Standard errors are in parentheses. Coefficients
and standard errors are rounded to four decimal places.
* p < 0.10, based on unrounded reported p-values. Source: Revelio Labs and Compustat.
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Table 30: New-Hire Match Innovations and Firm Outcomes I (Compustat Firms, Lag 2)

Sep. Hires Growth Surwv. Sep. Hires  Growth  Surv.
1) 2) (3) (4) ©) (6) 7) (8)
inn_1 (Stepping-st) —0.1662* 0.0205 0.2082* 0.0017 —0.1727* 0.0212 0.2137*  0.0017
(0.0157) (0.0171) (0.0236) (0.0033) (0.0160) (0.0173) (0.0239) (0.0034)
inn_3 (Churning) —0.1658* —0.0438* 0.1364* —0.0013 —0.1664* —0.0421* 0.1378* —0.0011
(0.0142) (0.0164) (0.0221) (0.0036) (0.0142) (0.0164) (0.0220) (0.0036)
inn_5 (Early Gr) —0.1011* 0.0892* 0.2103* 0.0017 -—0.1015* 0.0875* 0.2087*  0.0019
(0.0110) (0.0123) (0.0171) (0.0014) (0.0110) (0.0124) (0.0172) (0.0015)
inn_6 (Maturing Gr) —0.3125* 0.0177 0.3514* —0.0009 —0.3126* 0.0174  0.3515* —0.0004
(0.0143) (0.0169) (0.0228) (0.0019) (0.0142) (0.0168) (0.0227) (0.0018)
inn_7 (Stable Ongoing) —0.1994* 0.0404* 0.2540* 0.0009 —0.2013* 0.0404* 0.2555* 0.0010
(0.0084) (0.0094) (0.0128) (0.0012) (0.0084) (0.0095) (0.0128) (0.0012)
pred_1 (Stepping-st) —0.0033 —0.0140 —0.0132 —0.0050
(0.0174) (0.0196) (0.0274) (0.0037)
pred_3 (Churning) 0.0040  0.0057 —0.0048 —0.0107*
(0.0271) (0.0281) (0.0401) (0.0049)
pred.5 (Early Gr) 0.0454* —0.0748* —0.1357* —0.0003
(0.0208) (0.0234) (0.0322) (0.0048)
pred_6 (Maturing Gr) —0.0062 —0.0186 —0.0055 —0.0094
(0.0457) (0.0519) (0.0727) (0.0072)
pred_7 (Stable Ongoing) —0.0649* 0.0149 0.0732* —0.0042
(0.0222) (0.0251) (0.0342) (0.0032)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes Yes Yes
Predicted No No No No Yes Yes Yes Yes
Within R? 0.0365  0.0101 0.0268 0.0010 0.0377 0.0110 0.0283  0.0015
N 69,014 69,014 69,026 69,056 69,014 69,014 69,026 69,056

Notes: Estimates relate lagged new-hire match-state innovations to firm outcomes in the Compustat-
matched sample. Outcomes are annual separation and hiring rates, employment growth following
Davis et al. (2013), and firm survival. All models include firm and 6-digit NAICS industry-by-year fixed
effects. Separation and hiring models control for their lagged outcome; growth and survival models
control for lagged employment growth. All lags are 2 years. Columns (5)—(8) also include lagged pre-
dicted state probabilities. State 4 (Transitional) is the reference for innovations and probabilities; state
2 (Stable/Stagnant) coefficients are estimated but not displayed. R? is within R?; N counts firm-years.
Standard errors are in parentheses. Coefficients and standard errors are rounded to four decimal places.
* p < 0.10, based on unrounded reported p-values. Source: Revelio Labs; Compustat sample.
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Table 31: New-Hire Match Innovations and Firm Outcomes I (Compustat Firms, Lag 3)

Sep. Hires Growth Surv. Sep. Hires  Growth  Surwv.
1) 2) (3) (4) ®) (6) ) (8)

inn_1 (Stepping-st) —0.0700* 0.0043 0.0833* 0.0002 —0.0716* 0.0063 0.0888* 0.0003
(0.0152) (0.0165) (0.0237) (0.0023) (0.0155) (0.0167) (0.0239) (0.0023)
inn_3 (Churning) —0.1290* —0.0039 0.1402* —0.0006 —0.1298* —0.0015 0.1427% —0.0006
(0.0146) (0.0134) (0.0204) (0.0027) (0.0145) (0.0135) (0.0204) (0.0027)
inn_5 (Early Gr) —0.0033 0.0270* 0.0373* 0.0030 —0.0014 0.0245* 0.0331* 0.0028
(0.0106) (0.0118) (0.0167) (0.0020) (0.0106) (0.0119) (0.0168) (0.0019)
inn_6 (Maturing Gr) ~ —0.1661* 0.0291* 0.2047* 0.0019 —0.1663* 0.0291* 0.2045* 0.0017

(0.0131) (0.0151) (0.0208) (0.0017) (0.0130) (0.0150) (0.0206) (0.0016)
inn_7 (Stable Ongoing) —0.1018* 0.0390* 0.1568* 0.0018 —0.1023* 0.0395* 0.1584* 0.0018
(0.0082) (0.0089) (0.0126) (0.0012) (0.0082) (0.0089) (0.0126) (0.0012)

pred_1 (Stepping-st) —0.0193 0.0095  0.0098 —0.0054
(0.0167) (0.0195) (0.0269) (0.0034)
pred_3 (Churning) —0.0197 —0.0053 —0.0067 —0.0025
(0.0240) (0.0273) (0.0379) (0.0041)
pred_5 (Early Gr) 0.0677* —0.1010* —0.1910* —0.0065
(0.0212) (0.0232) (0.0334) (0.0045)
pred_6 (Maturing Gr) —0.0536 0.0149  0.0105 —0.0155
(0.0449) (0.0516) (0.0704) (0.0112)
pred_7 (Stable Ongoing) —0.0516* 0.0201  0.0631* —0.0067
(0.0227) (0.0263) (0.0353) (0.0045)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Ind.-year FE Yes Yes Yes Yes Yes Yes Yes Yes
Predicted No No No No Yes Yes Yes Yes
Within R? 0.0126  0.0020 0.0091 0.0014 0.0136  0.0035 0.0116  0.0020
N 64,971 64971 64,986 65,014 64971 64971 64,986 65,014

Notes: Estimates relate lagged new-hire match-state innovations to firm outcomes in the Compustat-
matched sample. Outcomes are annual separation and hiring rates, employment growth following
Davis et al. (2013), and firm survival. All models include firm and 6-digit NAICS industry-by-year
fixed effects. Separation and hiring models control for their lagged outcome; growth and survival
models control for lagged employment growth. All lags are 3 years. Columns (5)-(8) also include
lagged predicted state probabilities. State 4 (Transitional) is the reference for innovations and prob-
abilities; state 2 (Stable/Stagnant) coefficients are estimated but not displayed. R? is within R?; N
counts firm-years. Standard errors are in parentheses. Coefficients and standard errors are rounded to
four decimal places.  * p < 0.10, based on unrounded reported p-values. Source: Revelio Labs; Com-
pustat sample.
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