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Abstract

The U.S. Beveridge curve’s recent outward shift has puzzled economists. We trace this puzzle to a

shifting composition of job openings, proposing a dual-vacancy model that splits vacancies into two types

those targeting the already-employed (poaching vacancies) and those aimed at hiring from unemployment

(non-poaching vacancies). Using U.S. labor market data from 1978-2026, our estimation reveals a fun-

damental disconnect: while poaching vacancies drive most vacancy fluctuations, the hiring of employed

workers is almost completely insensitive to them. When we adjust the Beveridge curve to include only

non-poaching vacancies, its puzzling behavior disappears, restoring its historical stability.
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1 Introduction

The negatively sloped relationship between the number of unemployed individuals and the number of job

openings over the business cycle, commonly known as the Beveridge curve, has served for decades as a central

diagnostic tool in macroeconomics. First formalized in the postwar period, the curve provides a visual and

quantitative representation of labor market tightness and matching efficiency, and has long been used by

policymakers to assess the state of the labor market and gauge the distance to full employment.

In recent years, however, the behavior of the Beveridge curve has become increasingly difficult to in-

terpret. As shown in Figure 1, the empirical curve has not only shifted outward but also changed slope

in ways that depart significantly from historical patterns. Whereas previous recessions were characterized

by movements along a relatively stable Beveridge curve with gradual shifts in intercept over time, the most

recent episode—spanning the mid-2010s through the post-pandemic recovery—has seen abrupt and repeated

changes in both slope and position. These changes have proven difficult to explain using standard narratives

such as a sudden persistent decline in matching efficiency, which would need to be implausibly large to

account for the data. This new behavior of the Beveridge curve presents an important puzzle.

The difficulty for standard models is not only empirical but also logical. If total vacancies rise sharply

while hires from unemployment remain stable, then a single matching function can reconcile the two pat-

terns only by assuming an implausibly large and persistent collapse in matching efficiency, a collapse in

employed search effort, or an implausibly permanently vertical Beveridge curve. None of these explanations

are consistent with external evidence: efficiency is unlikely to fall precisely when recruitment technologies

are improving, survey data show employed search remains robust, and empirical studies reject near-zero

vacancy elasticities. The only coherent interpretation is that many of the additional vacancies are simply

not relevant for unemployed workers.

In this paper, we formalize this idea by proposing a refinement of standard search-and-matching models:

distinguishing between vacancies designed to hire unemployed workers and those intended to hire already-

employed workers. While it is well understood that firms can choose to hire either from the pool of unem-

ployed or by poaching workers already employed elsewhere, existing macroeconomic models typically treat all

job vacancies as homogeneous. In contrast, we introduce a dual-vacancy model in which firms post two dis-

tinct types of vacancies: (i) those intended to be filled by unemployed individuals (non-poaching vacancies),

and (ii) those targeting already-employed workers (poaching vacancies). These two vacancy types operate

in segmented sub-markets with separate matching processes.

This distinction has direct implications for how we interpret movements in job vacancies. Vacancies

targeting unemployed workers affect both the unemployment rate and the overall level of employment. In
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Figure 1: Beveridge Curves over Business Cycles.
Source: BLS. Notes: Henderson moving averages of the unemployment and vacancy rates are shown.

contrast, vacancies filled by poaching do not affect unemployment: they involve the reallocation of workers

across jobs and may raise wages or improve match quality, but they do not alter employment aggregates.

Therefore, in our framework, only non-poaching vacancies should be considered in the Beveridge curve

relationship. Once we adjust the Beveridge curve to reflect this, the apparent breakdown in its behavior

disappears.

Our estimation reveals that this framework leads to an even starker conclusion about the nature of

vacancies, dictated by two powerful tensions in the data. First, the divergence between the surging aggregate

vacancy rate and the stable rate of hires from unemployment forces the model to attribute nearly all cyclical

volatility and the entire post-2010 trend in vacancies to the poaching component. Consequently, non-poaching

vacancies are found to be a much smaller, more stable series closely tied to unemployment dynamics.

Second, the model must then reconcile this highly volatile, trending series of poaching vacancies with the
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much more stable, observed rate of job-to-job transitions. The only way to do so is to conclude that the hiring

of employed workers is almost completely insensitive to the number of poaching vacancies posted. Taken

together, our findings suggest that the vast majority of measured vacancy fluctuations reflect a churning

process for already-employed workers that has surprisingly little impact on actual hiring outcomes.1

To precisely quantify these mechanisms, we estimate the dual-vacancy model using U.S. labor market

data spanning 1978 to 2026. We draw on a wide array of data sources, including the Current Population

Survey (CPS), the Job Openings and Labor Turnover Survey (JOLTS), and reconstructed historical vacancy

measures, as well as flow data from recent literature. This allows us to construct consistent time series of

stocks and transitions among employment, unemployment, and nonparticipation.

Our estimation recovers the time path of each vacancy type and characterizes their dynamics. In our

framework, hires are driven by a composite term that combines firms’ perceived profit-cost ratio of posting

a vacancy and the underlying efficiency of the matching process. While these two components cannot be

separately identified at business-cycle frequencies, we impose a minimal structure by assuming that the

baseline matching efficiency follows a log-linear trend, without any abrupt breaks.2 All higher-frequency

fluctuations are therefore attributed to cyclical variations in the underlying drivers of vacancy creation. Our

main findings prove robust to alternative flow definitions and data sources, including post-2000 JOLTS data,

as detailed in our robustness exercises.

While direct data on vacancy intentions are not available, largely because equal opportunity employment

laws prevent firms from stating explicit preferences for employed or unemployed applicants, we address

this challenge by evaluating the extent to which our model fits the observed data better than a standard

single-market model. We find that the dual-vacancy framework provides a significantly better fit to the

data, particularly in its ability to jointly match the observed behavior of hires from unemployment and from

employment. This improved fit reflects the fact that the responsiveness of these two flows to vacancy rates

differs substantially — a feature the standard model cannot accommodate with a single elasticity.

In addition to showing that the dual-vacancy model fits the data better, we go further by explaining what

drives the dynamics of the estimated vacancy split. A key contribution is showing how the evolution of each
1Our finding of a disconnect between posted vacancies and actual hiring is consistent with a growing

literature on “ghost jobs”—vacancies posted with no immediate intent to fill. Recent estimates by Ng (2025)
suggest that over 20% of online postings may be ghost jobs, a finding consistent with evidence from matched
micro-data that shows a declining yield of hires per posting (Revelio Labs, 2023). If a significant share of the
poaching vacancies we identify are not actionable, it would provide a partial explanation for our aggregate
estimate of a near-unit poaching elasticity.

2Matching efficiency and vacancy profitability are not separately identified in our framework, as both
affect hiring through the same structural channel. Our identifying assumption is that the long-run evolution
of baseline matching efficiency is a trend process, a view supported by literature that attributes apparent
efficiency shifts to factors like compositional mismatch rather than sharp changes in the matching technology
itself (e.g., Şahin et al., 2014).
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vacancy type is driven by an underlying, unobserved profit-cost ratio. Our decomposition reveals that the

significant increase in poaching vacancies since the mid-2010s is primarily driven by a strong and persistent

upward trend in their estimated profit-cost ratio, a pattern that predates the pandemic and persists across

sectors.

Although our paper does not focus on policy analysis, our results have implications for how vacancy

data should be interpreted in macroeconomic settings. When the share of poaching vacancies is large and

rising, a decline in aggregate vacancies may translate into only a modest increase in unemployment. In

such environments, aggregate vacancy measures may overstate the extent of labor market tightness that is

relevant for the unemployed. This insight helps reconcile the recent coexistence of historically high vacancy

rates and low unemployment with relatively mild changes in unemployment in response to shifts in labor

demand. We return to these implications in the conclusion.

The model we estimate is statistical in nature, but closely aligned with canonical search-and-matching

theory. It incorporates constant-returns-to-scale matching functions, free-entry conditions for vacancy cre-

ation, and a segmented structure for unemployed and employed job seekers. We include mechanisms to

account for cross-matching between vacancy types, on-the-job search, and flows into employment from out

of the labor force. Although our framework is not derived from micro-foundations or optimal choice behavior,

its equilibrium structure is consistent with widely used theoretical models in the literature. We estimate the

model using Bayesian methods, which offer a transparent and flexible framework for inference, particularly

in models with latent variables like ours. The Bayesian approach facilitates joint estimation of trends and

business-cycle fluctuations and ensures convergence in settings where multiple data sources and specifications

are used.

Our findings prove highly robust and extend to the sectoral level. Estimating the model for nine major

sectors of the U.S. economy, we confirm that the rising share of poaching vacancies is a broad-based phe-

nomenon and that the fundamental disconnect between poaching vacancies and hiring outcomes holds at the

sectoral level. The sectoral vacancy shift is consistently linked to an increase in the estimated incentive to

poach. This sectoral analysis also provides the basis for a powerful test of our framework’s external validity.

We document a new stylized fact that presents a deep puzzle for standard theory: between 2005 and 2019,

sectoral vacancy rates converged, while their underlying hiring strategies diverged. Our model, with its core

finding of a disconnect between poaching vacancies and hiring outcomes, is uniquely capable of resolving this

puzzle. These findings offer a new framework for interpreting vacancy data, which we now situate within

the existing literature.

Our paper contributes to three strands of the literature. First, we build on work analyzing the Beveridge

curve, the inverse relationship between unemployment and vacancies, originally noted by Beveridge (1944)
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and formalized by Dow and Dicks-Mireaux (1958). This relationship has been studied extensively in both

U.S. (e.g., Diamond and Şahin, 2014; Ahn and Crane, 2020) and international contexts (Hobijn and Şahin,

2012; Bonthuis et al., 2016), with recent shifts, especially outward movement and flattening, spurring renewed

interest (Elsby, Michaels, and Ratner, 2015). We offer a new explanation for these shifts based on vacancy

composition: once we exclude poaching vacancies, the Beveridge curve regains stability, narrowing the range

of needed explanations.

These recent shifts have fueled both academic and policy debates. Lubik (2021) links them to reduced

matching efficiency from sectoral change; Rodgers and Kassens (2022) cite altered incentives and demograph-

ics; others point to changes in job search technology. Most of these assume homogeneous vacancies. We

instead highlight a rising share of vacancies targeting employed workers, altering the relationship between ag-

gregate vacancies and unemployment. Our mechanism complements structural mismatch and friction-based

explanations while implying that, during periods of tightening (e.g., Figura and Waller, 2022; Blanchard et

al., 2022), unemployment may respond less to vacancy fluctuations due to shifts in labor demand composition.

Second, we contribute to the literature on matching functions. Traditional models (Pissarides, 1985, 2000;

Mortensen and Pissarides, 1994) use a single function matching all job seekers to total vacancies. We instead

estimate separate matching functions for vacancies targeting unemployed and employed workers, finding

that this structure fits the data far better. A central result is that the elasticity of matching with respect

to unemployment (α) is low — between 0.1 and 0.3 — well below standard estimates of 0.5–0.7 (Broersma

and van Ours, 1999, Petrongolo and Pissarides, 2001). Our findings align with Gottfries and Stadin (2024),

who also find little evidence that higher unemployment increases vacancy filling speed, reinforcing our view

that vacancy composition, not matching speed, drives Beveridge curve shifts.

Third, we contribute to the literature on labor market segmentation. Prior work has emphasized segmen-

tation among workers: for example, Hall and Kudlyak (2020) and Ahn et al. (2022) identify heterogeneity

in job seeker behavior. We extend segmentation to the firm side, estimating the composition of vacancies

by intended hire type. While our aggregate, reduced-form framework is not explicitly micro-founded, its

core premise aligns with the economic forces modeled in the targeted search literature (e.g. Cheremukhin

and Restrepo-Echavarria, 2025), where heterogeneous firms can endogenously create segmented markets by

targeting specific worker types. Our findings also complement the directed search framework of Menzio and

Shi (2011) by providing empirical evidence for the aggregate importance of vacancy heterogeneity. Related

work by Faberman et al (2022), and See, Birinci, and Wee (2024) documents systematic differences in job

search behavior and transitions by employment status, supporting our model’s behavioral foundation.

Our findings also relate to recent work on vacancy heterogeneity. Adding to the critique of aggregate

vacancy data by Qiu (2022), who notes that many postings are unfilled or not seriously pursued, we document
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that the macroeconomic impact of vacancies differs depending on the target applicant pool. Furthermore,

our results offer a quantitative perspective on the “vacancy chains” literature (Fujita and Nakajima, 2016;

Mercan and Schoefer, 2020; Elsby, Gottfries, Michaels, and Ratner, 2025). While these studies demonstrate

how replacement hiring can multiply aggregate vacancies, our estimate of a near-unit poaching elasticity

points to a quantitative bound on this mechanism. The post-2010 increase in poaching vacancies yielded

a comparatively small rise in actual job-to-job transitions. This indicates that micro-frictions, such as

counteroffers and speculative posting, may dampen the efficient propagation of these chains in the aggregate

data.

Finally, our findings complement recent work by Afrouzi, Blanco, Drenik, and Hurst (2025), who develop

a model in which higher inflation encourages job-to-job transitions, prompting firms to post additional

vacancies to replace departing workers. Their inflation-driven mechanism provides a structural catalyst for

the increased poaching incentives we identify. However, our empirical framework introduces an additional

dimension to this narrative. While the estimated recruiting effort directed at employed workers increased, the

realized flow of workers appears constrained by declining vacancy yields. Together, these dynamics illustrate

how aggregate vacancies can rise due to the attempted churn of employed workers, without necessarily

creating new opportunities for the unemployed.

In sum, our dual-vacancy framework offers a new lens on Beveridge curve dynamics and labor market

tightness. It also cautions against interpreting aggregate vacancy data as a proxy for slack when poach-

ing dominates vacancy growth. Beyond improving fit, our structure lays a foundation for future models

incorporating vacancy types, search channels, and segmented labor market adjustment.

The paper is organized as follows. Section 2 presents the dual-vacancy model. Section 3 describes the

data sources and measurement strategy. Section 4 presents our identification strategy and main empirical

results, including a sectoral analysis and an external validation of our framework. Section 5 compares the

fit of the dual-vacancy model to that of the standard single-vacancy framework. Section 6 analyzes the

implications of our results for interpreting the Beveridge curve. Section 7 concludes with a discussion of

broader implications and directions for future research.

2 Dual Beveridge Curve Model

Our statistical model builds on standard search-and-matching frameworks but does not explicitly model

optimizing behavior. Instead, we specify matching functions, flow identities and equilibrium conditions

rooted in canonical theory. These conditions will be familiar to readers from the search and matching

literature. Rather than deriving each equation from first principles, we adopt a reduced-form approach that
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emphasizes identification and tractability while retaining a close structural link to the underlying theory.

The labor market in period t is characterized by a number of unemployed workers Ut searching for jobs,

and a number of employed workers Et, making together the labor force:

Lt = Ut + Et. (1)

Firms interested in employing workers post a number of vacancies Vt. A subset of employed workers,

Ht, are interested in better job opportunities and actively search on the job. Some firms are interested in

experienced workers and know that there is supply of such workers among the employed, so they design a

subset of vacancy postings Vϵ,t specifically to poach already employed workers. The rest of the vacancies

Vu,t (presumably low-level or entry positions) will consider and hire mostly unemployed workers. The total

number of vacancies is a combination of these two types:

Vt = Vu,t + Vϵ,t. (2)

The unemployed Ut search for non-poaching vacancies Vu,t and get hired according to a standard constant-

returns-to-scale matching function:

Mu,t = Bu,tU
α
t V

1−α
u,t ,

where Mu,t is the number of hires from the unemployment pool, α ∈ [0, 1] is the matching elasticity, and

Bu,t characterizes the efficiency of the matching process.

A subset of employed workers Ht engage in on-the-job search and match with poaching vacancies Vϵ,t.

The number of such matches is described by a second matching function:

Mϵ,t = Bϵ,tH
β
t V

1−β
ϵ,t ,

where Mϵ,t is the number of workers who quit their positions to join a new employer, β ∈ [0, 1] is the

matching elasticity, and Bϵ,t is the efficiency of the matching process for already-employed workers.

We use a simplified version of a targeted search model (see Cheremukhin, Restrepo-Echavarria, and

Tutino (2020)) as an inspiration to generalize our matching function specifications to the case where both

types of workers sometimes confuse the two vacancy types and therefore apply to the wrong type of vacancy,

so both types of vacancies run the risk of being filled by workers for which they were not originally designed.

This confusion creates additional cross-matches, and their numbers should have the following forms: M+
u,t =

AuU
αV 1−α

ϵ,t , and M+
ϵ,t = AϵH

β
t V

1−β
u,t . These matches would be counted as unemployment-to-employment
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and employment-to-employment transitions respectively.

In addition, to accommodate the effect of substantial flows of workers between employment and out-

of-the-labor-force states, we add a term capturing the potential matches of workers out of the labor force

with total vacancies to produce additional flows into employment: M++
u,t = BLN

ψ
t V

1−ψ
t To make the overall

estimated expressions somewhat more flexible, we postulate the following general functional forms:

Mu,t = Bu,tU
α
t V

1−α
u,t

[
1 +Au

(
Vϵ,t
Vu,t

)γ]
+BLN

ψ
t V

1−ψ
t , (3)

Mϵ,t = Bϵ,tH
β
t V

1−β
ϵ,t

[
1 +Aϵ

(
Vu,t
Vϵ,t

)γ]
, (4)

where the mixing coefficients Au and Aϵ are the fractions of unemployed workers that are able to get a job

with a firm that intended to poach and of employed workers that take up jobs intended for the unemployed.

The elasticity γ adds flexibility by allowing the cross terms to reflect variations in either of the vacancy

types. The parameter ψ captures the matching elasticity with respect to the number of civillians out of the

labor force Nt and total vacancies Vt, and parameter BL captures the matching efficiency.

The stock of employment increases when unemployed (or out of the labor force) workers find jobs, but

declines when employed workers are laid off:

Et+1 = Et (1− st) +Mu,t, (5)

where st is the layoff/separation rate. Note that matches created by employed workers and vacancies do not

enter this equation. This is because when a person leaves a job and moves into a different job, the number

of employed workers does not change.

We also need to make assumptions about the search effort of employed workers, Ht. In a study of search

effort of workers searching on the job Faberman et al (2022) find that on average 78 percent of employed

workers do not search at all, while the remaining 22 percent search even more effectively than the unemployed.

While this study does not shed light on how this share varies over the business cycle, it stands to reason

that it should vary with employment. As the baseline, we assume that there is the slow-moving bulk of

employed workers, on average accounting for 78 percent of employment, that do not search. A simple proxy

for this fraction would be a smoothed out trend of employment multiplied by 0.78. To compute a smoothed

trend we HP-filter the employment series with parameter 106, and denote it E∗
t . We assume that the rest of

employed search at full strength, as much as the unemployed:
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Ht = Et − ξtE
∗
t , (6)

where ξt is the share of employed that do not search. We calibrate it to be 0.78 on average but let it vary

over time and estimate it as an unknown shock.

To close the model, we need to add equations determining how many vacancies of each type are posted.

The search and matching literature usually does this by assuming a free entry of vacancies, whereby vacancies

are added until their expected benefit equals their cost. As a result, the vacancy filling rate times the profit-

cost ratio for each vacancy type equals one:

Mu,t

Vu,t
yt = 1, (7)

Mϵ,t

Vϵ,t
zt = 1, (8)

where yt and zt denote the profit-cost ratios for vacancies designed for the unemployed and poaching va-

cancies respectively. Note that because firms cannot perfectly distinguish between applicants originating

from unemployment and those re-entering from out-of-the-labor-force, the relevant matching rate for a firm

posting a non-poaching vacancy incorporates both applicant pools. Consequently, the effective yield in the

free-entry condition for non-poaching vacancies implicitly captures the total flow of non-poaching hires.

We further simplify the model and notation by detrending by the labor force, for each variable X defining

a lower case detrended analog xt = Xt/Lt. This simplifies the model to the following 8-equation system:

(1) mu
t = But u

α
t v

1−α
u,t

(
1 +Au

(
vε,t
vu,t

)γ)
+BLn

ψ
t v

1−ψ
t

(2) mε
t = Bεt h

β
t v

1−β
ε,t

(
1 +Aε

(
vu,t
vε,t

)γ)
(3) vu,t + vε,t = vt

(4) ht = et − ξte
∗
t

(5) et + ut = 1

(6) et+1δl,t = et (1− st) +mu
t

(7) vu,t = mu
t yt

(8) vε,t = mε
tzt

where δl,t is the growth rate of the labor force. The model is defined by a system of endogenous variables (

et, ut, vu,t, vϵ,t,m
u
t ,m

ϵ
t, ht, vt) that are driven by a set of exogenous shock processes (yt, zt, st, ξt, δl,t, e∗t , nt)
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and two matching efficiency terms (But Bϵt ).

A key aspect of our identification strategy concerns the treatment of shocks to matching efficiency. We

assume that the baseline matching efficiencies, But and Bϵt , evolve along deterministic log-linear trends.

This approach is motivated by our argument that an abrupt, structural collapse in matching efficiency is

implausible. However, we explicitly allow for higher-frequency, cyclical fluctuations in matching efficiency.

Because such fluctuations are structurally indistinguishable from shocks to vacancy profitability, we do not

model them as independent processes. Instead, any cyclical variation in matching efficiency is captured

within our estimated composite shock series, yt and zt.

To estimate the model, we use nine observable time series, each measured with a white-noise error: the

unemployment rate (ut), the vacancy rate (vt), hires from unemployment (mu
t ), hires from employment (mϵ

t),

the separation rate (st), the employment-to-employment transition rate (eet), the labor force growth rate

(δl,t), the share of the population not in the labor force (nt), and the trend component of the employment

rate (e∗t ). For the EE rate, we consider two specifications based on how search effort is measured: hires as a

share of total employment (eet =
mϵ

t

et
, baseline) and as a share of active searchers (eet =

mϵ
t

ht
, robustness).

Finally, to account for the low-frequency movements in the data, we assume that the seven exogenous

shock processes fluctuate around piece-wise linear time trends in an autoregressive manner. As detailed in

Appendix A, we parameterize these trends, link them to the trends in the observable data, and use this

structure to detrend all series before log-linearizing the model for estimation.

3 Data

To estimate the model over the longest possible horizon and maintain internal consistency, our baseline

utilizes a unified set of labor market stocks and flows derived from the Current Population Survey (CPS)

spanning January 1978 to February 2026. We supplement this with the Job Openings and Labor Turnover

Survey (JOLTS) for post-2000 robustness checks.

The CPS provides monthly data on the Civilian Labor Force (lt), composed of Employed (et) and

Unemployed (ut) workers, as well as those Not in the Labor Force (nt), for the population aged 16 and over.

For aggregate job openings, we use the methodology developed by Barnichon (2010) that extends the JOLTS

measure of total vacancies (vt) back in time using the Conference Board help-wanted index of online and

newspaper advertising.

To empirically discipline the non-poaching and poaching matching functions, we require accurate, long-

run measures of transitions into and out of employment. We rely on recent advancements in the measure-

ment of CPS worker flows to construct these series back to 1978. For transitions between unemployment
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and employment (the UE and EU flows), we use the historically consistent series provided by LaborMar-

ketUpdate.net. (Hobijn and Şahin, 2025).3 To isolate voluntary versus involuntary separations, we utilize

the data constructed by Ellieroth and Michaud (2024), who decompose transitions out of employment into

voluntary quits and involuntary layoffs.4

We map these empirical series to our model’s unobserved variables based on the following economic

logic. First, we measure hires from unemployment (mu
t ) using the aggregate unemployment-to-employment

(UE) flow. To maintain strict internal consistency with the modeled evolution of the employed and un-

employed populations, we correspondingly measure the separation rate (st) using the total employment-

to-unemployment (EU) flow. To capture the pure transition rate for employed searchers (eet), we utilize

the direct employment-to-employment (EE) rate constructed by Fujita, Moscarini, and Postel-Vinay (2024).

Available from 1994 onwards, this series serves as a conservative baseline for quantifying on-the-job matching

efficiency.

Measuring the overall volume of job-to-job reallocation, however, presents a distinct challenge, as workers

frequently take short breaks between jobs. A stark stylized fact emerges from the decomposed CPS data: vol-

untary quits into unemployment (EUQ) and out of the labor force (ENQ) are strongly procyclical and highly

correlated with direct EE flows at business-cycle frequencies. This co-movement suggests that a significant

portion of voluntary flows into unemployment and non-participation effectively act as short “waiting rooms”

for workers who have already secured a new position or are engaged in immediate reallocation. Relying

strictly on direct EE transitions, which by definition require zero days of non-employment, would therefore

severely undercount the true scale of firm poaching. To more accurately capture the poaching volume (mϵ
t)

generated by poaching vacancies, we instead use the aggregate CPS Quits rate. This measure is not only

highly correlated with direct EE transitions but also properly accounts for these short reallocation spells and

allows us to extend our sample back to 1978.

To remove structural trends relating to the size of labor supply, we convert all raw headcounts to rates

relative to the labor force. This brings the measured series close to stationarity and in accordance with the

assumptions of our model, as shown in Figure 2. As the measure of the exogenous variable δl,t we take the

growth rate of the labor force. As the measure of HP-filtered employment e∗t , we take the employment rate

3Crucially, these series are explicitly adjusted for survey classification errors, time-aggregation bias, and
the 1994 CPS redesign, following the continuous-time correction methodology detailed in Elsby, Hobijn, and
Şahin (2015). This ensures a stationary and accurate measurement of gross worker flows dating back to
1978.

4Concurrent work by Graves, Huckfeldt, and Swanson (2024) develops a similar methodology to construct
long-run series for labor market transitions from the CPS. Their resulting data are highly consistent with
the series from Ellieroth and Michaud (2024) that we use, and our substantive findings are robust to using
either data source.
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Figure 2: Data used in the Estimation.
Source: BLS, Fujita et al. (2024), Ellieroth and Michaud (2024), Barnichon (2010), Conference Board, LaborMarketUpdate.

HP-filtered with parameter 106. All stock and flow variables used in the estimation are expressed in natural

logs.

By establishing this extended, unified CPS-based dataset as our singular baseline, we provide a consistent

evaluation of labor market dynamics over nearly five decades. For our baseline estimation, we define the

employment-to-employment transition rate unconditionally as the ratio of job-to-job hires to total employ-

ment (eet = mϵ
t/et). This is the standard, observable measure of reallocation in the macro-labor literature

and avoids relying on parametric assumptions about unobserved worker search behavior.

To ensure that our core findings are not artifacts of CPS measurement methodology or our specific

definition of the employment-to-employment transition rate, we conduct a suite of robustness exercises

detailed in the Appendix. First, we estimate a secondary specification using JOLTS data for the post-

2000 period, utilizing JOLTS Hires minus Quits for mu
t , JOLTS Quits for mϵ

t, and JOLTS Layoffs for st.

Second, because the literature lacks consensus on how to best specify the search effort of employed workers,

we re-estimate our models under an alternative theoretical specification that divides job-to-job hires by an

estimated measure of active on-the-job search effort (eet = mϵ
t/ht). Our main findings, particularly the

identification of a near-unit matching elasticity for poaching vacancies (β ≈ 1), hold robustly across both

the CPS baseline and the JOLTS robustness specifications under both specifications of search effort.
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Figure 3: Implied Matching Efficiency under a Single Matching Function.
Source: authors’ calculations.

4 Results

Identification: Linking Model and Data Before presenting our formal Bayesian estimation results,

we begin with a detailed discussion of the identification logic that underpins our model. This logic clarifies

why standard search-and-matching models fail to account for key labor market dynamics in the post-2010

U.S. economy and motivates our dual-vacancy framework as a necessary generalization. The estimation that

follows can be viewed as a disciplined implementation of this data-driven logic.

The core puzzle, illustrated in Figure 2, lies in the divergence between total vacancies vt and hires from

unemployment mu
t . While vt exhibits a dramatic and sustained post-2010 upward trend documented across

multiple sources, including JOLTS and alternative vacancy indices (e.g., the Help Wanted Online Index from

Lightcast and the Indeed Hiring Lab; see also Mongey and Horwich, 2024), the hires rate from unemployment

mu
t and the job-finding rate mu

t /ut remain stable and show no comparable trend break.

Under a standard constant-returns-to-scale (CRS) matching framework, unemployed and employed job

seekers search across a single vacancy pool, with hires from unemployment satisfying: mu
t = Bt · ut ·(

vt
ut+ht

)1−α
. To reconcile a surging vt with stable mu

t and ut, one of four counterfactual conditions must

hold:
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1. Collapse in Matching Efficiency (Bt): Matching efficiency would need to decline sharply and per-

sistently to perfectly offset the unprecedented rise in vt. To evaluate the plausibility of this re-

quirement, we invert the standard matching function to extract the implied efficiency parameter,

Bt = (mu
t /ut) · ((ut + ht)/vt)

1−α. Figure 3 plots the resulting series under our baseline assump-

tions (α = 0.5, ht = et − 0.78e∗t ), alongside several robustness checks covering alternative elasticities

(α ∈ [0.3, 0.7]) and alternative measures of employed search effort (ht = 0 and ht = 0.22et).

As Figure 3 illustrates, rationalizing the post-2010 labor market under a single matching function

requires an immense, permanent, 30 to 50 percent collapse in aggregate matching efficiency. Such a

secular deterioration is highly implausible. While cyclical mismatch can temporarily depress efficiency

during deep recessions (e.g., Şahin et al., 2014), a permanent collapse extending into the ultra-tight

labor markets of 2019 and 2023 defies economic logic. Furthermore, it contradicts the proliferation of

efficiency-enhancing hiring technologies deployed over this exact period. To ensure this collapse is not

merely an artifact of excluding job-to-job matches, Figure 3 also plots the implied Bt required to fit

total observed hires (mt = mu
t +mϵ

t). Because total hires remained relatively stable while aggregate

vacancies surged, the implied efficiency parameter still exhibits a similarly implausible collapse.

2. Collapse in Employed Search Effort (ht): Employed search would have to fall substantially, boosting

the relative share of unemployed matches. However, survey data from the NY Fed’s Survey of Consumer

Expectations show that a stable and substantial share of employed workers continue to search on the

job.

3. Near-Zero Matching Elasticity (α ≈ 1): Implies an implausibly vertical Beveridge curve, sharply at

odds with the empirical literature.

4. Vacancy Market Segmentation: The standard matching function is misspecified. A growing share of

aggregate vacancies are irrelevant for unemployed job seekers.

To formalize the assertion that the post-2010 divergence constitutes a structural puzzle rather than a

standard cyclical recovery, we conduct structural break tests on the variables entering the matching function.

We test the null hypothesis of a single, log-linear trend against the alternative of a continuous trend-shift

(a kinked slope) at an unknown break date τ . Because labor market time series are highly persistent,

standard F -tests can spuriously identify business cycle fluctuations as structural breaks. We therefore

compute Supremum Wald statistics using Newey-West Heteroskedasticity and Autocorrelation Consistent

(HAC) standard errors, explicitly controlling for the 2020–2021 pandemic period to isolate secular shifts.

Figure 4 plots these robust Wald statistics, scaled relative to the 99% asymptotic critical value for
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Figure 4: HAC-Robust Structural Break Test for a Change in Trend Slope.
Notes: The figure plots the Wald statistic testing the null hypothesis of a single log-linear trend against the alternative of a
piece-wise linear trend with a slope break at candidate date τ . Statistics are computed using Newey-West standard errors
(12-month lag) to correct for serial correlation, and regressions control for the 2020–2021 pandemic period. The y-axis is

scaled so that 1.0 (the dashed line) represents the 99% Sup-Wald critical value for an unknown break date.

an unknown break date (Andrews, 1993). The test statistics for the unemployment rate (ut) and hires

from unemployment (mu
t ) remain consistently below the critical threshold, indicating that their long-run

trajectories are reasonably well-described by a single secular trend. In contrast, the aggregate vacancy rate

(vt) exhibits a pronounced, statistically significant peak around 2010, formally rejecting a stable historical

trend.

Notably, the series for poaching hires (mϵ
t) also exhibits significant evidence of structural breaks, with

peaks occurring around the 1994 CPS redesign and again tracking the post-2010 period. This mathematical

decomposition suggests that the apparent breakdown of the aggregate matching function is not driven by the

pool of unemployed job seekers (ut,mu
t ), but rather by structural shifts isolated to the vacancy and job-to-job

margins (vt,mϵ
t). Motivated by this evidence, our subsequent estimation strategy will allow for joint, kinked

trends in the latent poaching variables (vϵ,t and mϵ
t) to capture these secular shifts, while maintaining a

single long-run trend for the non-poaching market.

The implausibility of the first three conditions points to the fourth: segmentation in the vacancy market.

Our dual-vacancy model formalizes this insight by positing separate matching functions for the unemployed

and employed. Specifically, we estimate enhanced versions of mu
t = Bu,t · uαt · v1−αu,t , mϵ

t = Bϵ,t · hβt · v1−βϵ,t ,
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where vu,t are vacancies targeting unemployed workers, and vϵ,t = vt− vu,t are poaching vacancies targeting

employed workers.

Because mu
t and ut remain stable post-2010, vu,t must also be relatively stable. This pins down the non-

poaching component of total vacancies. The remainder, vϵ,t, absorbs the entire trend and excess volatility in

vt. The matching elasticity α is identified from the relative cyclical volatilities of mu
t and ut. Since hires are

less volatile than unemployment, the model estimates a low α. In contrast, the poaching vacancy series vϵ,t,

inferred as the residual, is highly volatile and exhibits a strong post-2010 trend increase. Yet, the observed

job-to-job flow series mϵ
t remains relatively smooth. Reconciling an explosive input (vϵ,t) with a stable output

(mϵ
t) requires the matching elasticity β to be close to 1.

In specifying the model, we have also assumed that matching efficiency follows a log-linear trend over time,

without breaks. Any higher-frequency fluctuations in efficiency (including fluctuations in “mismatch” and

related concepts) cannot be separately identified and are therefore subsumed into the estimated profit–cost

ratios yt and zt. The assumption of a log-linear trend is consistent with our earlier argument that large

trend breaks in efficiency are implausible, while still allowing the model to fully capture short-run variation

in search effort and matching efficiency, lumped together with vacancy profitability through yt and zt.

Appendix B formalizes our identification strategy. The model is log-linearized and the mapping from

observed to latent variables is inverted in closed form. Estimation then chooses parameters to maximize

marginal data density, effectively minimizing the propagation of high-volatility inputs (vt, ut) into observed

match flows. To avoid implausible volatility in mu
t , the estimation pushes cross-market spillovers, governed

by Au and γ, toward zero, isolating the unemployed segment. Similarly, to mute the propagation from

volatile vϵ,t to mϵ
t, the estimation favors β close to 1.

In summary, identification flows from two central tensions: stable mu
t but surging vt necessitates a sta-

ble vu,t and implies that the upward trend is absorbed by poaching vacancies, stable mϵ
t but volatile vϵ,t

necessitates near-unit β, shutting down the influence of vϵ,t on job-to-job flows. These tensions yield our

main result: most fluctuations in aggregate vacancies reflect poaching activity, which has little bearing on

actual job-to-job transitions and even less on the prospects of the unemployed. This mechanism explains

the puzzling post-2010 shifts in the Beveridge curve without invoking implausible movements in matching

efficiency or search effort.

Aggregate Estimation We now proceed to formally estimate the dual-vacancy model to quantify the

mechanisms outlined above. Our primary goal is to recover the latent time series for non-poaching and

poaching vacancies (vu,t and vε,t) and to estimate the key structural parameters, particularly the matching

elasticities α and β. To do this, we employ a Bayesian approach, which is well-suited for estimating mod-
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els with unobserved state variables and allows for a transparent handling of parameter uncertainty. The

Bayesian approach is particularly useful here because some parameters may not be fully identified, and the

likelihood surface can exhibit flat regions or multiple local maxima. By combining the likelihood with rela-

tively uninformative priors, the method introduces additional curvature into the parameter space, improving

convergence and aiding exploration of the posterior distribution.

We evaluate the posterior distribution using a Random Walk Metropolis (RWM) algorithm, as described

in An and Schorfheide (2007). For each model variant, we run multiple chains initialized at the posterior

mode, generating a total of 100,000 draws. We monitor convergence by checking that acceptance rates stay

between 0.2 and 0.5 and that posterior means are stable across chains.

Our detrending methodology first identifies long-run trends in the data. We find that the separation rate

and the unemployment rate have long-term downward trends, consistent with the literature on the secular

decline in U.S. labor market dynamism (e.g., Molloy et al., 2016) and the natural rate of unemployment

(e.g., Crump et al., 2019). Critically, we find that the estimated profit-cost ratio for poaching vacancies, zt,

exhibits a trend break around 2011, with a positive slope emerging thereafter. It is this upward trend in the

profitability of poaching that generates the corresponding trends in aggregate vacancies, poaching vacancies,

and hires from employment in our estimated model.

The estimated model also recovers the full time series for the exogenous shocks yt and zt, representing the

composite profit-cost ratios, and the resulting split of job openings into poaching and non-poaching types.

We report these series for our baseline specification in Figure 5, along with 90-percent confidence interval to

reflect uncertainty from both data measurement and parameter estimation.

Two key observations emerge from Figure 5. First, the share of poaching vacancies increases significantly

after the mid-2010s. This trend is closely associated in both timing and magnitude with the rising trend

in the profit-cost ratio for poaching, zt, suggesting the latter as the primary causal factor. Second, the

business-cycle behavior of the two vacancy types diverges after 2015. While both types previously fell during

recessions, in the 2020 recession poaching vacancies fell briefly and recovered, while non-poaching vacancies

actually increased.

We now turn to the structural parameter estimates. Our estimated parameters using the CPS data

specification are shown in Table 1 and illustrated in Figure 6. Confirming our identification logic, we

estimate the matching elasticity for the unemployed, α, to be low, in the [0.1–0.3] range, while the elasticity

for the employed, β, is high, in the [0.8–1] range. We also find that the cross-market spillover elasticity, γ, is

close to zero, supporting the market segmentation hypothesis. The log-linear parameters for cross-matching,

cu and ce,5 are likewise small, indicating that hires from the “wrong” vacancy type are infrequent. Finally,
5The parameters cu and cϵ are the log-linear analogs of parameters Au and Aϵ in the full model, measuring
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Figure 5: Estimated Shocks and Vacancy Split.

Figure 6: Prior and Posterior Estimates of Parameters.

the share of net flows from out of the labor force is estimated to be modest, with a modal value for bL around

3%.

Sectoral Estimation and External Validation To test the robustness and explore the heterogeneity

of our aggregate findings, we next apply our estimation procedure to nine major sectors of the U.S. economy

using JOLTS data from 2000–2024. This sectoral analysis serves two purposes. First, it allows us to verify

that our core results—particularly the rising share of poaching vacancies—are a broad-based phenomenon and

the fractions of hires from employment and unemployment pools respectively that are formed using the wrong
types of vacancies.
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Table 1: Parameter estimates of the model

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

α 0.5 0.2 0.162 0.169 0.012 [0.142, 0.197]
β 0.8 0.1 0.936 0.939 0.014 [0.915, 0.962]
γ 0.5 0.2 0.039 0.060 0.019 [0.006, 0.116]
cu 0.2 0.1 0.037 0.036 0.009 [0.019, 0.053]
cϵ 0.2 0.1 0.029 0.040 0.019 [0.007, 0.074]
ψ 0.5 0.2 0.780 0.571 0.097 [0.258, 0.905]
bL 0.2 0.1 0.028 0.035 0.022 [0.009, 0.063]

Notes: The priors for α, β, γ, cu, cϵ were drawn from a beta distribution with support on the interval [0, 1], prior for bL was
drawn from a gamma distribution with positive support.

Figure 7: Estimated Shocks and Vacancy Split, across 9 sectors.

Table 2: Posterior (mode) estimates of parameters for sectors of the economy using post-2000 JOLTS data

α β γ cu cϵ bL
Construction 0.066 0.990 0.014 0.109 0.057 0.047

Manufacturing 0.029 0.985 0.006 0.164 0.136 0.120
Transportation, Utilities 0.045 0.978 0.011 0.098 0.089 0.053

Wholesale Trade 0.081 0.967 0.016 0.090 0.060 0.040
Retail Trade 0.082 0.964 0.013 0.071 0.073 0.060

Business Services 0.037 0.979 0.013 0.141 0.081 0.052
Education, Health 0.019 0.944 0.007 0.124 0.144 0.079

Leisure 0.038 0.948 0.021 0.073 0.109 0.073
Government 0.003 0.975 0.010 0.106 0.134 0.035

Notes: The priors for α, β, γ, cu, cϵ were drawn from a beta distribution with support on the interval [0, 1], prior for bL was
drawn from a gamma distribution with positive support.

20



not driven by a single part of the economy. Second, and more importantly, it allows for a test of the model’s

external validity. If our model is correctly identifying a meaningful economic distinction between poaching

and non-poaching activity, then its internal findings should align with external, observable characteristics of

sectoral labor markets.

The estimation results, reported in Table 2 and Figure 7, are broadly consistent with the aggregate

findings across all nine sectors. We consistently estimate low values for α, high values for β, and near-zero

spillovers (γ, cu, ce). In each case, the apparent upward trend in a sector’s total vacancies is driven by a

rising trend in the estimated poaching component, which is in turn linked to the profitability shock zt.

To provide a powerful, external validity test for our framework, we document a new stylized fact about

the U.S. labor market and show that our dual-vacancy model is uniquely capable of explaining it. The

puzzle lies in two seemingly contradictory cross-sectoral patterns that emerged between 2005 and 2019, a

period spanning the pre- and post-Beveridge curve shift, as shown in Figure 8. First, we observe a strong

convergence in sectoral vacancy rates (left panel). Sectors that began with lower vacancy rates in 2005

experienced significantly faster vacancy rate growth over the subsequent fourteen years. Second, and in

stark contrast, we find a divergence in actual hiring strategies (right panel). Using data from the Census

Bureau’s Job-to-Job Flows program, we measure a sector’s hiring strategy by its “J2J Share”—the share of

total hires that come from other employers. Sectors that were already specialized in poaching in 2005 saw

that share grow even larger by 2019, while sectors less reliant on poaching saw their share grow much less.

These two facts—converging vacancy effort alongside diverging hiring outcomes—present a deep puzzle

for standard search-and-matching theory. In a conventional model with a single matching function and a

typical vacancy elasticity, hiring outcomes are directly and elastically linked to vacancy posting. In such a

world, a convergence in vacancy rates must lead to a convergence in hiring rates and, consequently, in hiring

shares. A model with a stable, elastic link between vacancies and hires cannot simultaneously generate both

patterns observed in the data. The contradiction suggests that this foundational assumption is flawed.

Our dual-vacancy model resolves this puzzle through its central estimate: the matching elasticity for

employed workers, β, is close to unity. When β ≈ 1, the number of actual job-to-job hires (mϵ
t) becomes nearly

disconnected from the number of poaching vacancies posted (vϵ,t), and is instead governed by deeper, more

slow-moving structural factors. This single finding explains how the two contradictory facts can coexist. The

convergence in vacancy rates reflects a defensive “catch-up” in recruiting effort, as previously less-competitive

sectors were forced to dramatically increase their vacancy posting to compete for talent. However, because

β ≈ 1, this surge in vacancy posting effort had a negligible impact on actual hiring outcomes. Only the sectors

that were already structurally efficient at poaching could translate the new incentives into more job-to-job

hires, leading them to specialize further and explaining the observed divergence in hiring strategies.
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Figure 8: Convergence of vacancy rates, but divergence of hiring strategies.

In conclusion, the documented divergence between hiring strategies and the convergence of vacancy rates

provides strong external validation for our framework. It shows that the economy behaves as if the link

between poaching vacancies and poaching hires is broken. Our model’s estimate of a near-unit β is not a

statistical artifact, but the necessary economic mechanism to reconcile these stark empirical facts. Having

established the core empirical results from our framework, we now provide formal evidence that this dual-

vacancy structure is a necessary feature to explain the data by comparing its fit to a standard, single-market

model.

5 Model Fit and Comparison with Standard Model

In our identification discussion in Section 4, we argued that a standard model with a single matching function

cannot reconcile the divergent long-run trends in vacancies and hires. We now provide formal quantitative

evidence that goes a step further: even after accounting for these trends, a standard model fails to match

the fundamentally different business cycle dynamics of the two hiring margins. This failure to capture the

cyclical properties of the data demonstrates the necessity of our dual-vacancy framework.

According to the standard model, a single constant-returns-to-scale matching function combines the total

number of job seekers Ut+Ht with the total number of vacancies Vt to produce the total number of matches

Mu
t +M ϵ

t . To give the model its best chance of matching the data, we add extra flexibility to this overly

restrictive model. We allow the proportion of total matches going to the unemployed to differ from their

share of the search effort and estimate an additional parameter responsible for this split. Thus, our version
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Table 3: Parameter estimates of the model with a single matching function

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

CPS
α 0.5 0.2 0.454 0.455 0.008 [0.443, 0.467]
ψ 0.5 0.2 0.971 0.962 0.020 [0.929, 0.995]
bL 0.2 0.1 0.220 0.221 0.021 [0.185, 0.261]

JOLTS
α 0.5 0.2 0.084 0.085 0.007 [0.074, 0.096]
ψ 0.5 0.2 0.984 0.977 0.014 [0.957, 0.997]
bL 0.2 0.1 0.288 0.289 0.013 [0.266, 0.311]

Notes: The priors for α, ψ were drawn from a beta distribution with support on the interval [0, 1], prior for bL was drawn
from a gamma distribution with positive support.

Table 4: Comparison of model fit

Sector Marginal Data Density Bayes factors
DVM DVM(α = β) SMF α = β Total

CPS 8952 8862 7223 exp(90) exp(1729)
JOLTS 8804 8717 7118 exp(87) exp(1686)

Notes: DVM stands for dual vacancy model, and SMF stands for single matching function model. The marginal data density
was computed using Geweke’s (1999) modified harmonic mean method.

of the traditional model consists of two equations with a single vacancy elasticity, 1− α:

Mu
t = BuUt

(
Vt

Ut +Ht

)1−α

, (9)

M ϵ
t = BϵHt

(
Vt

Ut +Ht

)1−α

. (10)

We replace the matching equations of our model with these alternative equations and estimate this

traditional model using the same methods as our dual-vacancy model. This allows for a direct comparison of

fit. The key restriction is that the traditional model has only one matching elasticity, α, and one aggregate

series, Vt, to explain the dynamics of both hiring from unemployment and from employment. Meanwhile, the

dual-vacancy model has two elasticities of the matching function, α and β, and recovers a hidden variable,

the split of the vacancies.

The parameter estimates for the traditional model are presented in Table 3.The estimates of the matching

elasticity tend to be driven by the matching process for the unemployed and therefore give values for α in

a range similar to the dual-vacancy model (see Table 1).However, the inability of the model with a single

matching function to explain the matching process for the employed leads to much poorer overall fit.

In Table 4 we present formal measures of model fit. The dual-vacancy model (DVM) fits the data uni-
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formly better than the standard single matching function (SMF) model based on marginal data density: in

both cases, Bayes factors strongly favor the dual-vacancy framework. The reason for this superior perfor-

mance is that the business cycle responsiveness of job-to-job flows to the vacancy rate is substantially different

from that of hires from unemployment. A single matching function, constrained by a single elasticity, cannot

simultaneously replicate these two different cyclical sensitivities.

To verify that the superior fit of the dual-vacancy framework is not driven solely by the addition of a

free elasticity parameter, we estimate a restricted version of the model that imposes symmetric elasticities

(α = β). The results in Table 4 allow us to decompose the sources of the model’s empirical performance.

The marginal data density of the restricted model falls by approximately 90 log units relative to the

baseline, confirming that the matching processes for employed and unemployed workers exhibit statistically

distinct cyclical sensitivities. However, even under this strict parameter restriction, the dual-vacancy model

continues to outperform the standard single matching function by over 1,600 log units. This quantitative

decomposition indicates that while asymmetric elasticities improve the model’s precision, the primary driver

of its overall fit is the structural separation of aggregate vacancies into distinct poaching and non-poaching

pools.

Parameter stability and out-of-sample prediction. A potential concern with our full-sample estima-

tion is that the post-2010 surge in aggregate vacancies might mechanically force the model to estimate a

near-unit elasticity for employed workers (β ≈ 1) simply to fit the anomaly, implying a structural break in

the matching technology itself. To address this, we conduct an out-of-sample forecasting exercise.

We re-estimate our dual-vacancy model using only data prior to the Great Recession (1978–2008). Re-

markably, even when completely blind to the post-2010 vacancy surge, the model’s posterior estimates are

nearly the same. The matching elasticity for employed workers (β = 0.93) remains close to 1, and the

elasticity for the unemployed (α = 0.25) remains low. We then freeze these pre-2008 parameters and run

the Kalman smoother over the full 1978–2026 dataset to extract the implied latent variables, finding them

to be visually indistinguishable from those obtained in our full baseline estimation.

Thus, the out-of-sample model successfully predicts both the stable trajectory of non-poaching vacancies

(vu,t) and the massive, unprecedented surge in poaching vacancies (vϵ,t). This confirms that the fundamental

“disconnect” between poaching vacancies and actual hiring outcomes is a persistent, structural feature of

the U.S. labor market, not a recent artifact. The post-2010 Beveridge curve puzzle does not represent a

breakdown in the economy’s matching function, but rather the natural consequence of this pre-existing,

highly inelastic poaching market responding to an exogenous increase in the structural incentive to recruit

already-employed workers.
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Economic mechanisms underlying a near-unit poaching elasticity. As demonstrated, a central

and robust finding of our estimation is that the matching elasticity for employed workers, β, is close to

unity. Mathematically, this implies that the volume of job-to-job hires (mϵ
t) is almost entirely determined

by the supply of active searchers and matching efficiency, and is highly inelastic with respect to the number

of poaching vacancies posted (vϵ,t). To a skeptical observer, this raises a natural economic question: why

would the aggregate stock of poaching vacancies surge so violently if they yield so few marginal job-to-job

transitions?

A near-zero elasticity of hires to the vacancy stock (1 − β ≈ 0) is the signature of a market where the

vacancy yield (hires per posting) has collapsed. We argue this is not a statistical artifact, but a reduced-form

aggregate of intense, procyclical micro-frictions that disproportionately affect the recruitment of employed

workers:

1. Speculative Posting and “Ghost Jobs”: As the marginal cost of online job posting has fallen to near

zero, firms increasingly engage in speculative posting to build candidate pipelines, monitor labor market

conditions, or satisfy internal metrics, with no immediate intent to hire. Recent literature estimates

that over 20% of online postings may be these non-actionable “ghost jobs” (Ng, 2025; Handwerker and

Pepper, 2025), a phenomenon reflected in micro-data showing a sharp, secular decline in the hires-per-

posting ratio (Revelio Labs, 2023). Because this speculative activity is primarily directed at passive,

high-skill employed candidates, it acts as a massive wedge between the stock of vϵ,t and the flow of mϵ
t.

2. Monopsony Power, Surplus Buffers, and Counteroffers: Unlike unemployed job seekers, em-

ployed workers possess an immediate outside option in their current employer. The dynamics of this

poaching market are fundamentally shaped by information frictions and the resulting distribution of

match surplus. On the worker side, employed individuals systematically underestimate their outside

options and exhibit significant inertia (Jäger et al., 2024). On the firm side, these information frictions

allow incumbent firms to exercise extreme monopsony power (Cheremukhin and Restrepo-Echavarria,

2025). Because equilibrium wages are pinned to the worker’s history-dependent outside option rather

than their actual match productivity, incumbent firms capture almost the entire match surplus, creat-

ing a massive profit buffer. When a competing firm posts a poaching vacancy and extends an offer, the

origin firm can easily dip into this surplus buffer to match it. The worker’s wage updates based on this

newly revealed outside option, but the worker ultimately remains at the origin firm. Consequently,

a surge in poaching vacancies largely triggers retention bidding wars and internal wage renegotia-

tions rather than actual job-to-job transitions, severing the cyclical link between posted vacancies and

realized mϵ
t flows.
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3. The Depleted Job Ladder: As a macroeconomic expansion matures, employed workers systemati-

cally reallocate into higher-quality, higher-paying matches (Moscarini and Postel-Vinay, 2023). Conse-

quently, the pool of easily “poachable” workers depletes. Firms continue to post poaching vacancies to

compete for talent, but employed searchers become highly selective, demanding immense wage premi-

ums to move. The marginal poaching vacancy faces a near-zero probability of acceptance, rendering

aggregate job-to-job flows supply-constrained (ht) rather than demand-driven (vϵ,t).

In sum, a near-unit β perfectly encapsulates the reality of firm-side market segmentation. Recruiting

from the employed pool requires firms to navigate speculative pipeline building, aggressive counteroffers,

and a depleted job ladder. The resulting explosion in the stock of poaching vacancies, disconnected from the

flow of actual hires, is a defining structural feature of the modern U.S. labor market that a single matching

function obscures.

An important corollary of this near-unit elasticity is that it provides a novel perspective on the quan-

titative role of “vacancy chains” (e.g., Elsby, Gottfries, Michaels, and Ratner, 2025; Mercan and Schoefer,

2020). In a labor market where dynamics are primarily driven by vacancy chains, a job-to-job hire triggers a

replacement vacancy. This mechanism inherently generates a strong, proportional co-movement between the

aggregate stock of vacancies and the flow of job-to-job transitions over both the business cycle and long-run

trends. If the post-2010 vacancy surge were predominantly driven by an amplification of these chains, we

would expect to observe a proportionately massive surge in realized job-to-job churn alongside a much lower

estimated elasticity (β → 0). The fact that aggregate poaching vacancies nearly tripled while job-to-job

hiring grew only modestly suggests that, while vacancy chains are undoubtedly a real feature of the labor

market, they are quantitatively overshadowed by frictions that sever the link between posting and hiring.

This implies that the defining aggregate characteristic of the modern employed labor market is not the effi-

cient propagation of successful matches, but rather a profound and secular deterioration in the vacancy yield.

This reveals a distinct puzzle for future macro-labor research regarding the limits of replacement hiring.

Having established that our dual-vacancy framework provides a statistically robust, stable, and eco-

nomically grounded description of the data, we now turn to its important macroeconomic implication: the

reinterpretation of the Beveridge curve.

6 Dual Beveridge Curve

The key output of our estimation is the decomposition of total vacancies into a stable, non-poaching com-

ponent relevant for the unemployed and a volatile, poaching component. This finding takes center stage

in understanding the recent behavior of the Beveridge curve. Because only non-poaching vacancies match
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Figure 9: Classical and Adjusted Beveridge Curves

with unemployed workers and lead to net increases in employment, a properly specified Beveridge curve

relationship should consider only this component and disregard poaching vacancies. The adjusted Beveridge

curve for the whole economy is shown in the right panel of Figure 9, compared with the unadjusted (or

classical) Beveridge curve in the left panel.

Figures 5 and 9 are illustrative of what happened in labor markets since the onset of the Covid pandemic.

The first few months of the pandemic saw a decline in demand due to widespread social distancing, which

increased unemployment and reduced poaching. In the next few months, mask and distancing mandates led

to a separation shock where many more people were laid off than would be consistent with lower demand; so

non-poaching vacancies increased, and a lot of people were hired back from unemployment very quickly. After

the spike in hires from unemployment ended, stimulative fiscal and monetary policy increased purchasing

power and created strong excess demand for goods. The excess demand prompted firms to expand, but this

excess demand for workers could not be met by hiring from the unemployment pool. Together with supply

chain bottlenecks, the excess demand for goods led to a surge in inflation; and excess demand for workers

led to an increase in poaching, which then drove up nominal wage growth.

This interpretation provides us with two lessons. First, the (adjusted) Beveridge curve relationship

between unemployed workers and non-poaching vacancies has not changed, at either the aggregate or sectoral

level. In other words, the current puzzling behavior of the Beveridge curve disappears once we replace total
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vacancies with non-poaching vacancies. Second, abnormalities in the classical Beveridge curve are due to

a disproportional expansion of poaching vacancies after 2010. Our estimation suggests that the underlying

cause for this shift is the dramatic increase in the profit-cost ratio for poaching vacancies.

To better understand the shift, we can think of the steady-state version of our model and consider how

it would be affected by a trend increase in the profit-cost ratio and the increase in the steady-state share of

poaching vacancies. Equations of the model can be further simplified by substituting the matching functions

and the search effort of the employed to get:6

(1− u) s = Buu
(vu
u

)1−α
,(vu

u

)α
= Buy,(

vϵ
0.27− u

)β
= Bϵz.

where we omitted the mixing matching terms for simplicity. Although these three equations have three

endogenous variables u, vu, vϵ, the first two equations could be solved separately with respect to u and vu

— whose relationship determines the adjusted Beveridge curve. Poaching vacancies are then determined by

the third equation, driven by fluctuations in their profitability z and the unemployment rate. The solution

to the model then looks as follows:

u =
1

1 + Bu

s (Buy)
1
α−1

,

vu = u (Buy)
1
α ,

vϵ = (0.27− u) (Bϵz)
1
β .

Log-linearizing the model with respect to u and vu, we find that the slope of the adjusted Beveridge curve is

− α+u∗(1−α)
(1−u∗)(1−α) . We further denote the “steady-state” share of poaching vacancies by ϕ∗ =

v∗u
v∗u+v

∗
ϵ
. To find the

slope of the classical Beveridge curve, we need to understand the relationship between movements in y and

z over the business cycle. In standard search models, movements in profitability of a match y reflect changes

in productivity or demand driving the business cycle. It is natural to expect the profitability of poaching

vacancies to be driven by similar factors. Therefore, we would expect y and z to have a common factor

reflecting business-cycle fluctuations. We denote the elasticity of the co-movement between profitabilities by

dy, reflecting the ratio of their log standard deviations: ln
(
y
y∗

)
∝ dy ln

(
z
z∗

)
. In fact, in our estimated model

6Note that based on our model approximation search effort of the employed can be expressed as a function
of the number of unemployed Ht = Et − 0.78E∗

t = Lt − Ut − 0.78 (Lt − U∗
t ) = 0.22Lt + 0.78U∗

t − Ut ≈
0.27Lt − Ut.
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we estimated the factor xt which is a common driver of both yt and zt and from the filtered estimates of the

three shocks we can deduce a value for dy of around 0.2. Then we can show that the slope of the classical

Beveridge curve is:

−ϕ∗ α+ u∗ (1− α)

(1− u∗) (1− α)
− (1− ϕ∗)

(
u∗

0.27− u∗
+

1

dyβ

(
1 +

α+ u∗ (1− α)

(1− u∗) (1− α)

))
.

The first term reflects movement in non-poaching vacancies in the adjusted Beveridge curve. The second

term reflects the movements in search effort of the employed and the movements in the profitability of

poaching vacancies over the business cycle.

To put some numbers to these slopes, we use the estimated parameters α = 0.16, β = 0.90, the steady-

state share of non-poaching vacancies ϕ∗ = 0.45,7 and the steady-state level of unemployment u∗ = 0.04. For

this calibration, the slope of the adjusted Beveridge curve is -0.33, consistent with the slope of the adjusted

Beveridge curve shown in Figure 9. Assuming the estimated parameter dy = 0.17, we also get the slope of

the classical Beveridge curve right at -1, consistent with Figure 9 and the commonly accepted value of the

slope in the literature. If the steady-state level of poaching vacancies were to increase to 0.85, as we have

seen recently, then the Beveridge curve could have steepened to a slope of -1.4.

Figure 9 compares the joint behavior of unemployment and vacancies with the predictions of our calibrated

theoretical model for the dual Beveridge curve. Instead of parameter values for Bu, Bϵ, s, z, and y, we input

their estimated linear trend values for 2007 and 2019, two pre-recession peaks commonly used as reference

points.The adjusted Beveridge curve in the right panel shifted down only mildly due to the reduced labor

market dynamism, as captured by the decline in the trend separation rate. The classical Beveridge curve

in the left panel both shifted outward and steepened its slope, due to the increase in steady-state profit-

cost ratio z and the consequent expansion in the steady-state level of poaching vacancies. It expanded and

steepened even further for the estimated trend values of 2023, but we think it premature to project an

indefinitely growing trend, and thus the estimate for 2019 represents a conservative estimate.

7 Broader Implications and Future Directions

Our results are important for policy considerations, in particular, for monetary policy’s effect on unemploy-

ment. As argued by Figura and Waller (2022), a steeper Beveridge curve could imply that tighter monetary

policy would result in a larger decline in vacancies corresponding to only a mild increase in the unemployment

rate.
7To take a conservative approach, we use the estimated vacancy split that we observe prior to 2010.
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In this paper, we attribute the Beveridge curve puzzle to the disproportional expansion of poaching

vacancies. Our estimates combined with a theoretical model indicate that the slope of the Beveridge curve

has indeed steepened from -1 to at least -1.25 and possibly -1.4. This coefficient implies that a decline in

the vacancy rate from 7% to 5% should correspond to an increase in the unemployment rate from 3.5 to at

most 4.6 percent, and possibly 4.4 percent, as opposed to 4.9 percent previously. Another consequence of

the expansion of poaching vacancies is the outward movement of the Beveridge curve, which suggests that

a coexistence of a 6% vacancy rate (rather than 4% vacancy rate) with a 4% unemployment rate may be

the new normal. Consequently, a monetary tightening in the 2020s is likely to lead to a larger decline in job

openings corresponding to a milder increase in the unemployment rate, consistent with a notion of a “soft

landing.”

The future is uncertain, however. The interpretation of the most recent behavior of the Beveridge curve

depends on the reason for the expansion in poaching vacancies and whether it is likely to continue. Among

the possible explanations are both factors that reduced the costs associated with filling vacancies and factors

that increased their benefits to firms. The first set of factors includes the effects of the expansion of online

job search tools and increased use of AI (Acemoglu et al, 2022), the expansion of available temporary and

remote work (Bloom et al, 2023), and the expansion of the online gig economy (Stanton and Thomas, 2021).

The second set of factors could include rising market concentration and markups (Autor et al, 2020, De

Loecker et al, 2020) and the associated expansion of monopsony power of firms (Azar et al, 2019, Berger

et al, 2022). If some of these factors are at play, the expansion of poaching vacancies could continue for as

long as these trends continue. Therefore, more changes in monetary policy could be absorbed by poaching

vacancies, with little impact on non-poaching vacancies and only a small increase in unemployment.

Alternatively, the expansion of poaching vacancies could be due to a reduction in mis-measurement:

according to Davis et al. (2013), as of 2011, 42% of hires occurred at establishments that did not have any

job openings. While this suggests an undercounting of true vacancies, a recent literature on “ghost jobs”

points to a countervailing mismeasurement where posted vacancies overstate actual hiring intent (Ng, 2025;

Handwerker and Pepper, 2025). Both measurement issues: unreported hires gradually becoming reported

and non-hiring vacancies cluttering the data — would manifest as an outward shift in the measured Beveridge

curve. In either case, as reporting practices or the prevalence of ghost jobs stabilize, there are limits to such

an expansion, and the Beveridge curve would settle at a new level and slope.

In addition to clarifying how to interpret the Beveridge curve, our model also offers a practical tool for

disentangling structural and cyclical components in key labor market indicators. Because the estimated

trends in poaching and non-poaching profitability reflect slow-moving changes in firm hiring strategies, we

can use them to construct detrended versions of observed series such as vacancies and quits. Figure 10 shows

30



Figure 10: Detrended vacancies and quits.

the raw and adjusted vacancy and quits series after removing the structural trend components implied by

our estimated model. This adjustment reveals that much of the increase in aggregate vacancies in recent

years reflects long-term shifts in vacancy composition, rather than heightened cyclical labor demand. These

adjusted series may serve as more reliable indicators for short-run policy analysis going forward.8

Another important takeaway point is that economists and statistical agencies need to put resources into

more and better measurement of the vacancy split, between vacancies targeting unemployed workers and

vacancies designed for hiring workers that already have a job. Surveys of firms conducted by statistical

agencies could ask the firms a question that would shed light on this issue and enable direct measurement of
8While our adjusted vacancy and quit series are not intended as real-time policy tools, they provide a

proof of concept for improving cyclical indicators by accounting for the composition of labor demand. Future
work could explore operationalizing this adjustment using higher-frequency job posting data.
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the vacancy split. Such measurement would both enable the development of better theoretical models and

a better real-time assessment of the state of the labor market.
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Appendix A: Full Model

Main equations for endogenous variables:

(1) mu
t = Bu,trt uαt v

1−α
u,t

(
1 +Au

(
vε,t
vu,t

)γ)
+BLn

ψ
t v

1−ψ
t matching of unemployed

(2) mε
t = Bε,trt hβt v

1−β
ε,t

(
1 +Aε

(
vu,t

vε,t

)γ)
matching of employed

(3) vu,t + vε,t = vt vacancy split

(4) ht = et − ξte
∗
t search effort of employed

(5) et + ut = 1 labor force identity

(6) et+1δl,t = et (1− st) +mu
t evolution of employment

(7) vu,t = mu
t yt free entry of non-poaching vacancies

(8) vε,t = mε
tzt free entry of poaching vacancies

Exogenous variables of the model:

(9) st = strt expφ1t separation shock

(10) yt = ytrt exp (dyxt) expφ2t low skill productivity shock

(11) zt = ztrt expxt expφ3t high skill productivity shock

(12) ξt = ξ0 expφ4t share of ss employed that do not search

(13) δl,t = δl0 expφ5t growth rate of labor force

(14) nt = n0 expφ6t evolution of not in the labor force

(15) e∗t = e∗0 expφ7t evolution of hp-filtered employment

Log-linearized version of the model (relative to trend, to be described below):

(1) m̂u
t = αût + (1− α) v̂u,t + cuγ (v̂ε,t − v̂u,t) + bL (ψn̂t + (1− ψ) v̂t)

(2) m̂ε
t = βĥt + (1− β) v̂ε,t + cεγ (v̂u,t − v̂ε,t)

(3) ϕv̂u,t + (1− ϕ) v̂ε,t = v̂t vacancy split ϕ = vu
v steady state

(4) ĥt =
1

1−ξ0 êt −
ξ0

1−ξ0

(
ξ̂t + ê∗t

)
search effort of employed

(5) (1− u0) êt + u0ût = 0 labor force identity

(6) êt+1 + δ̂l,t = (1− s0) êt − s0ŝt + s0m̂
u
t evolution of employment

(7) v̂u,t = m̂u
t + ŷt free entry of non-poaching vacancies

(8) v̂ε,t = m̂ε
t + ẑt free entry of poaching vacancies

(9) ŝt = φ1t separation shock

(10) ŷt = dyxt + φ2t low skill productivity shock

(11) ẑt = xt + φ3t high skill productivity shock

(12) ξ̂t = φ4t share of ss employed that do not search

(13) δ̂l,t = φ5t growth rate of labor force
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(14) n̂t = φ6t evolution of not in the labor force

(15) ê∗t = φ7t evolution of hp-filtered employment

Evolution of shocks:

xt = ρx1xt−1 + ρx2xt−2 + σxεxt common component of productivity in both sectors

φit = ρφi φit−1 + σφi ε
φ
it unknown shocks i = [1, 7]

Measurement equations:

(M1) ũt = ût + ω1t unemployment rate

(M2) ṽt = v̂t + ω2t vacancy rate

(M3) m̃u
t = m̂u

t + ω3t hires-quits/LF, UE flow/LF

(M4) m̃ε
t = m̂ε

t + ω4t quits/LF, EE flow/LF

(M5) s̃t = ŝt + ω5t Layoffs/Employment, EU flow/Employment

(M6) ẽet = m̂ε
t − êt + ω6t E-E rate, version 0

(M6′) ẽet = m̂ε
t − ĥt + ω6t E-E rate, version 1

(M7) δ̃l,t = δ̂l,t + ω7t
LFt

LFt+1
growth rate of labor force

(M8) ñt = n̂t + ω8t
Nt

LFt
out of the labor force rate

(M9) ẽ∗t = ê∗t + ω9t hp-filtered (1000000) employment rate

Measurement errors:

ωjt = σωj ε
ω
jt white noise measurement errors j = [1, 9]

Endogenous variables:

êt, ût, v̂u,t, v̂ε,t, v̂t, m̂
u
t , m̂

ε
t , ĥt, ŝt, ŷt, ẑt, ξ̂t, δ̂l,t, n̂t, ê

∗
t (15)

ũt, ṽt, m̃
u
t , m̃

ε
t , s̃t, ẽet, δ̃l,t, ñt, ẽ

∗
t (9)

Exogenous variables: xt, φit

41 equations, 41 variables, 17 shocks

Estimated parameters: α, β, γ, cu, cε, ψ, bL, ρx1 , ρx2 , σx, ρ
φ
i , σ

φ
i , σ

ω
j

Calibrated parameters: ϕ = 0.45, ξ0 = 0.78, u0 = 0.04, s0 = 0.013, σωi = 0.03 for i ∈ [1, 6],

σωi = 0.005 for i ∈ [7, 9], σφ5 = σφ7 = 0.002.

De-trending We allow for non-linear trends in the data series. More specifically, we assume that under-

lying shocks are the source of trends, and derive the correspondence to the trends in the data. We then

estimate trends in the data from which we infer parameters of trends in the underlying shocks. We assume

the following trends in shock variables:

Bu,trt = Bu0 exp (−aut) Bε,trt = Bε0 exp (−aε,1t− aε,2K(t, τ1, τ2))

strt = s0 exp (−ast) ytrt = y0 exp (ayt) ztrt = z0 exp (azK(t, τ1, τ2))
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where K(t, τ1, τ2) = max(0, t−τ1)−max(0, t−τ2) is a piece-wise linear function that introduces a temporary

slope change between dates τ1 and τ2, returning to the initial trend slope thereafter.

If we substitute these trends into equations (1− 15), we can derive the following trend properties of

observed variables:

m̃tr
u,t = −ast s̃trt = −ast

Estimate −as as the average of the regression coefficients of lnmu,t and ln st on a constant and a linear

time trend (controlling for the 2020–2021 pandemic period).

ũtrt = (1− u0)
(
−as + au

α + α−1
α ay

)
t

Estimate
(
−as + au

α + α−1
α ay

)
as 1

(1−u0)
of the regression coefficient of lnut on a constant and a linear

time trend.

ṽtrt = ϕ (−as + ay) t+ (1− ϕ)
(
− 1
βaε,1t+

1
β (az − aε,2)K(t, τ1, τ2)− u0

(
−as + au

α + α−1
α ay

)
t
)

m̃tr
ε,t = − 1

βaε,1t+
1
β ((1− β)az − aε,2)K(t, τ1, τ2)− u0

(
−as + au

α + α−1
α ay

)
t

We can use the parameters we already measured from other series to derive that
ṽtrt −ϕ(−as+ay)

(1−ϕ) − m̃tr
ε,t = azK(t, τ1, τ2)

Rather than imposing break dates, we perform a grid search to select the structural break points τ1 and

τ2 that minimize the sum of squared residuals. This procedure endogenously identifies the onset of the trend

shift in late 2011 (τ1 = Oct2011) and a subsequent reversion point in early 2021 (τ2 = Apr2021). This yields

consistent estimates of aε,1, aε,2, and az.

Given all the trend parameters as, au, ay, aε,1, aε,2, az, τ1, τ2, we subtract the trends from the measured

series to obtain:

ũt = lnut − (1− u0)
(
−as + au

α + α−1
α ay

)
t

ṽt = ln vt − ϕ (−as + ay) t− (1− ϕ)
(
− 1
βaε,1t+

1
β (az − aε,2)K(t, τ1, τ2)− u0

(
−as + au

α + α−1
α ay

)
t
)

m̃u
t = lnmu

t − ast

m̃ε
t = lnmε

t +
1
βaε,1t−

1
β ((1− β)az − aε,2)K(t, τ1, τ2) + u0

(
−as + au

α + α−1
α ay

)
t

s̃t = ln st − ast

ẽet = ln eet +
1
βaε,1t−

1
β ((1− β)az − aε,2)K(t, τ1, τ2) + u0

(
−as + au

α + α−1
α ay

)
t+ u0

1−u0
ast

δ̃l,t = ln δl,t

ñt = lnnt

ẽ∗t = ln e∗t

All of the series are then de-meaned to be consistent with a steady-state value of zero.
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Appendix B: Identification

The log-linearized model (1− 15) can be separated into the endogenous block, containing equations (1, 2, 3, 7, 8)

and the exogenous block containing the rest of the equations. Because through equation (6) employment êt

is the state variable of the model determined one period in advance, and through equation (5) the same is

true for unemployment ût, and so the search effort ĥt is also exogenous through equation (4), they can be

all substituted in to obtain the following system of equations.

(1) (1− α− cuγ) v̂u,t + cuγv̂ε,t = m̂u,t − αût − bLψn̂t − bL (1− ψ) v̂t

(2) (1− β − cεγ) v̂ε,t + cεγv̂u,t = m̂ε,t + β u0

1−u0

1
1−ξ0 ût + β ξ0

1−ξ0 ξ̂t

(3) ϕv̂u,t + (1− ϕ) v̂ε,t = v̂t

(7) v̂u,t = m̂u,t + ŷt

(8) v̂ε,t = m̂ε,t + ẑt

This system can be written in matrix form as follows:



1− α− γcu γcu 0 0 0

γcε 1− β − γcε 0 0 −a2

ϕ 1− ϕ 0 0 0

1 0 −1 0 0

0 1 0 −1 0





vu

vε

y

z

ξ



=



−bLψ −α −bL(1− ψ) 1 0

0 a1 0 0 1

0 0 1 0 0

0 0 0 1 0

0 0 0 0 1





n

u

v

mu

mε


where we denoted a1 = β u0

1−u0

1
1−ξ0 a2 = β ξ0

1−ξ0 . This form can be used to understand the mapping

from observables to unobservables. Inverting the system (and assuming bL = 0, we obtain:

vu

vε

y

z

ξ


=



0 −α (1− ϕ)D −γcuD D (1− ϕ) 0

0 αϕD (1− α− γcu)D −ϕD 0

0 −α (1− ϕ)D −γcuD D (1− ϕ)− 1 0

0 αϕD (1− α− γcu)D −ϕD −1

0 αG−a1
a2

D F
a2
D − G

a2
D − 1

a2
D





n

u

v

mu

mε


where D = 1

(1−ϕ)(1−α)−γcu , F = ((1− β) (1− α)− γcu (1− β)− γcε (1− α)), G = ((1− β)ϕ− γcε)

From this expression we can deduce how the vacancy split (on the left) and parameters are identified from

properties of the data (on the right). The series for both types of vacancies, vu and vϵ, and the shock y only

depend on the number of matches made by unemployed, the number of unemployed and the total number

of vacancies. Since vacancies and unemployment are quite volatile compared with the matching rate for the
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unemployed, the estimated model tends to give low estimates of parameters cu and α. It is notable that none

of the variables vu, vϵ, y, z depend on the behavior of out of the labor force, or the parameters β, cϵ, ψ, bL.

The high estimate of β is likely determined by the fact that it only enters in the last line determining the

search effort of the employed always in the form 1 − β. Making β close to 1, and therefore this value close

to zero, minimizes the variance of the unobserved search effort.

The system of 5 equations can also be written to determine endogenous variables as a function of exoge-

nous variables:

(1− α− cuγ) cuγ bL (1− ψ) −1 0

cεγ (1− β − cεγ) 0 0 −1

ϕ 1− ϕ −1 0 0

1 0 0 −1 0

0 1 0 0 −1





vu

vε

v

mu

mε


=



−α 0 0 0 −bLψ

a1 0 0 a2 0

0 0 0 0 0

0 1 0 0 0

0 0 1 0 0





u

y

z

ξ

n


This system can also be inverted in closed form (we again assume bL = 0 for simplicity):



vu

vε

v

mu

mε



= E ·



α(β + γcε)− a1γcu β + γcε γcu γcu 0

αγcε − a1(α+ γcu) γcε α+ γcu α+ γcu 0

α(β + γcε)−
a1(α(1− ϕ) + γcu) βϕ+ γcε γcu + α(1− ϕ) γcu + α(1− ϕ) 0

αγcε − a1γcu

β(1− α− γcu)

+γcε(1− α) γcu γcu 0

αγcε − a1(α+ γcu) γcε

α(1− β − γcε)

+γcu(1− β) α+ γcu 0





u

y

z

−a2ξ

n


where we denoted E = 1

αβ+βγcu+αγcε
. When cε and cu approach 0, this further simplifies to:

vu

vε

v

mu

mε


=



1 1
α 0 0 0

−a1
β 0 1

β
1
β 0

1− a1(1−ϕ)
β

ϕ
α

1−ϕ
β

1−ϕ
β 0

0 1−α
α 0 0 0

−a1
β 0 1−β

β
1
β 0





u

y

z

−a2ξ

n


It is clear that vu and mu are driven only by u and y. The parameter cu controls the spillovers from

z. The remaining vacancies, as well as matches of the employed, are in addition affected by z and ξ, and

the strength of these effects are controlled by parameters β and cϵ. Parameter ϕ enters to determine total

vacancies as the sum of the two types.
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Appendix C: Estimation Results

In Figure 11 and Tables 5 and 6 we report the estimates of parameters. We estimate α to be low (in

the 0.1-0.2 range) and β to be high (in the 0.8-1 range). Figures 12-13 report the fit to the data and the

estimated shocks for two specifications, when data are taken from the CPS or from JOLTS, and Figure 5

shows the estimates of the vacancy split and profit-cost ratios for CPS. Both specifications find that the share

of poaching vacancies increased after 2010 and that this was driven by an increase in the profit-cost ratio

for poaching vacancies. Estimates of parameters with restrictions on the matching functions are presented

in Tables 7, 8, 9 and 10.

We estimate the same specification of the model for 12 two-digit sectors of the economy using the JOLTS

version of the data (as the only one available for the sectors). Estimates of parameters, reported in Figure 14,

show that estimates for the sectors are largely consistent with the aggregate estimates. The behavior of the

underlying shocks, illustrated for the manufacturing, business services, trade, transportation and utilities,

and health and education services in Figures 15-18 show the same general pattern for the shocks as for the

overall economy.
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Figure 11: Prior and Posterior Estimates of Parameters.
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Figure 12: Model Fit and Shocks for CPS estimation.
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Figure 13: Model Fit and Shocks for JOLTS estimation.
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Table 5: Parameter estimates of the DV model in the CPS specification

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

α 0.5 0.2 0.162 0.169 0.012 [0.142, 0.197]
β 0.8 0.1 0.936 0.939 0.014 [0.915, 0.962]
γ 0.5 0.2 0.039 0.060 0.019 [0.006, 0.116]
cu 0.2 0.1 0.037 0.036 0.009 [0.019, 0.053]
cϵ 0.2 0.1 0.029 0.040 0.019 [0.007, 0.074]
ψ 0.5 0.2 0.780 0.571 0.097 [0.258, 0.905]
bL 0.2 0.1 0.028 0.035 0.022 [0.009, 0.063]
dy 0.5 0.2 0.182 0.194 0.028 [0.126, 0.266]
ρx 0.5 0.2 0.905 0.842 0.121 [0.712, 0.972]
ρx2 0.0 0.5 0.080 0.143 0.113 [0.014, 0.272]
ρφ1 0.9 0.03 0.832 0.822 0.021 [0.785, 0.858]
ρφ2 0.5 0.2 0.377 0.370 0.036 [0.272, 0.473]
ρφ3 0.5 0.2 0.948 0.948 0.013 [0.926, 0.969]
ρφ4 0.5 0.2 0.374 0.381 0.041 [0.298, 0.467]
ρφ5 0.1 0.03 0.088 0.076 0.018 [0.038, 0.115]
ρφ6 0.9 0.03 0.948 0.948 0.009 [0.931, 0.966]
ρφ7 0.9 0.03 0.941 0.939 0.010 [0.920, 0.959]
σx 0.05 0.02 0.022 0.024 0.003 [0.018, 0.029]
σφ1 0.1 0.05 0.112 0.112 0.004 [0.106, 0.118]
σφ2 0.05 0.02 0.016 0.016 0.001 [0.014, 0.019]
σφ3 0.1 0.05 0.083 0.083 0.004 [0.075, 0.091]
σφ4 0.01 0.005 0.018 0.018 0.001 [0.017, 0.020]
σφ6 0.005 0.001 0.005 0.005 0.000 [0.005, 0.006]

Notes: The priors for α, β, γ, cu, cϵ, ψ, ρx, ρφi were drawn from a beta distribution with support on the interval [0, 1], priors
for bL and dy were drawn from a gamma distribution with positive support, priors for σx and σφ

i were drawn from an inverse
gamma distribution with positive support, prior for ρx2 was drawn from a normal distribution.

46



Table 6: Parameter estimates of the DV model in the JOLTS specification

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

α 0.5 0.2 0.127 0.123 0.026 [0.094, 0.150]
β 0.8 0.1 0.941 0.937 0.022 [0.900, 0.974]
γ 0.5 0.2 0.022 0.030 0.017 [0.002, 0.056]
cu 0.2 0.1 0.155 0.144 0.015 [0.119, 0.171]
cϵ 0.2 0.1 0.027 0.047 0.023 [0.006, 0.083]
ψ 0.5 0.2 0.203 0.514 0.149 [0.169, 0.887]
bL 0.2 0.1 0.021 0.033 0.020 [0.007, 0.057]
dy 0.5 0.2 0.386 0.364 0.070 [0.243, 0.486]
ρx 0.5 0.2 0.802 0.818 0.100 [0.673, 0.966]
ρx2 0.0 0.5 0.182 0.167 0.102 [0.019, 0.311]
ρφ1 0.9 0.03 0.726 0.747 0.023 [0.704, 0.791]
ρφ2 0.5 0.2 0.413 0.289 0.059 [0.157, 0.420]
ρφ3 0.5 0.2 0.979 0.977 0.013 [0.965, 0.990]
ρφ4 0.5 0.2 0.675 0.669 0.040 [0.609, 0.733]
ρφ5 0.1 0.03 0.373 0.325 0.020 [0.280, 0.379]
ρφ6 0.9 0.03 0.954 0.949 0.007 [0.934, 0.965]
ρφ7 0.9 0.03 0.939 0.938 0.011 [0.919, 0.958]
σx 0.05 0.02 0.021 0.021 0.004 [0.017, 0.025]
σφ1 0.1 0.05 0.121 0.121 0.004 [0.114, 0.129]
σφ2 0.05 0.02 0.018 0.017 0.002 [0.015, 0.020]
σφ3 0.1 0.05 0.049 0.049 0.004 [0.043, 0.055]
σφ4 0.01 0.005 0.017 0.018 0.001 [0.016, 0.020]
σφ6 0.005 0.001 0.005 0.005 0.000 [0.005, 0.006]

Notes: The priors for α, β, γ, cu, cϵ, ψ, ρx, ρφi were drawn from a beta distribution with support on the interval [0, 1], priors
for bL and dy were drawn from a gamma distribution with positive support, priors for σx and σφ

i were drawn from an inverse
gamma distribution with positive support, prior for ρx2 was drawn from a normal distribution.
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Table 7: Parameter estimates of the SMF model in the CPS specification

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

α 0.5 0.2 0.454 0.455 0.008 [0.443, 0.467]
ψ 0.5 0.2 0.971 0.962 0.020 [0.929, 0.995]
bL 0.2 0.1 0.220 0.221 0.021 [0.185, 0.261]
dy 0.5 0.2 0.290 0.318 0.099 [0.130, 0.496]
ρx 0.5 0.2 0.947 0.902 0.146 [0.810, 0.993]
ρx2 0.0 0.5 0.026 0.068 0.117 [-0.023, 0.161]
ρφ1 0.9 0.03 0.814 0.819 0.025 [0.781, 0.858]
ρφ2 0.5 0.2 0.966 0.906 0.062 [0.762, 0.995]
ρφ3 0.5 0.2 0.977 0.976 0.009 [0.961, 0.990]
ρφ4 0.5 0.2 0.712 0.714 0.035 [0.664, 0.767]
ρφ5 0.1 0.03 0.075 0.078 0.022 [0.043, 0.114]
ρφ6 0.9 0.03 0.949 0.948 0.008 [0.931, 0.964]
ρφ7 0.9 0.03 0.936 0.937 0.012 [0.916, 0.959]
σx 0.05 0.02 0.025 0.025 0.003 [0.020, 0.031]
σφ1 0.1 0.05 0.112 0.113 0.003 [0.107, 0.119]
σφ2 0.05 0.02 0.030 0.029 0.004 [0.020, 0.038]
σφ3 0.1 0.05 0.041 0.043 0.004 [0.036, 0.050]
σφ4 0.01 0.005 0.030 0.030 0.001 [0.028, 0.032]
σφ6 0.005 0.001 0.005 0.005 0.000 [0.005, 0.006]

Notes: The priors for α, ψ, ρx, ρφi were drawn from a beta distribution with support on the interval [0, 1], priors for bL and
dy were drawn from a gamma distribution with positive support, priors for σx and σφ

i were drawn from an inverse gamma
distribution with positive support, prior for ρx2 was drawn from a normal distribution.

Table 8: Parameter estimates of the SMF model in the JOLTS specification

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

α 0.5 0.2 0.084 0.085 0.007 [0.074, 0.096]
ψ 0.5 0.2 0.984 0.977 0.014 [0.957, 0.997]
bL 0.2 0.1 0.288 0.289 0.013 [0.266, 0.311]
dy 0.5 0.2 0.205 0.275 0.083 [0.089, 0.438]
ρx 0.5 0.2 0.915 0.900 0.069 [0.806, 0.988]
ρx2 0.0 0.5 -0.320 -0.154 0.116 [-0.418, 0.076]
ρφ1 0.9 0.03 0.928 0.931 0.010 [0.911, 0.951]
ρφ2 0.5 0.2 0.963 0.843 0.037 [0.662, 0.988]
ρφ3 0.5 0.2 0.968 0.964 0.011 [0.946, 0.984]
ρφ4 0.5 0.2 0.987 0.985 0.012 [0.977, 0.993]
ρφ5 0.1 0.03 0.369 0.340 0.032 [0.301, 0.379]
ρφ6 0.9 0.03 0.948 0.948 0.009 [0.932, 0.963]
ρφ7 0.9 0.03 0.936 0.937 0.011 [0.917, 0.957]
σx 0.05 0.02 0.021 0.022 0.002 [0.017, 0.027]
σφ1 0.1 0.05 0.130 0.130 0.005 [0.123, 0.137]
σφ2 0.05 0.02 0.029 0.026 0.004 [0.020, 0.032]
σφ3 0.1 0.05 0.036 0.038 0.003 [0.033, 0.043]
σφ4 0.01 0.005 0.019 0.020 0.001 [0.018, 0.021]
σφ6 0.005 0.001 0.005 0.005 0.000 [0.005, 0.006]

Notes: The priors for α, ψ, ρx, ρφi were drawn from a beta distribution with support on the interval [0, 1], priors for bL and
dy were drawn from a gamma distribution with positive support, priors for σx and σφ

i were drawn from an inverse gamma
distribution with positive support, prior for ρx2 was drawn from a normal distribution.
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Table 9: Parameter estimates of the DV model with α = β in the CPS specification

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

α 0.5 0.2 0.247 0.242 0.012 [0.216, 0.268]
γ 0.5 0.2 0.064 0.057 0.021 [0.017, 0.096]
cu 0.2 0.1 0.015 0.021 0.004 [0.008, 0.038]
cϵ 0.2 0.1 0.712 0.727 0.023 [0.690, 0.767]
ψ 0.5 0.2 0.891 0.804 0.044 [0.592, 0.982]
bL 0.2 0.1 0.071 0.058 0.018 [0.013, 0.103]
dy 0.5 0.2 0.366 0.338 0.035 [0.232, 0.445]
ρx 0.5 0.2 0.912 0.888 0.045 [0.797, 0.985]
ρx2 0.0 0.5 0.073 0.098 0.044 [-0.002, 0.185]
ρφ1 0.9 0.03 0.813 0.819 0.010 [0.785, 0.849]
ρφ2 0.5 0.2 0.369 0.340 0.025 [0.252, 0.426]
ρφ3 0.5 0.2 0.950 0.948 0.017 [0.928, 0.970]
ρφ4 0.5 0.2 0.519 0.510 0.041 [0.444, 0.578]
ρφ5 0.1 0.03 0.090 0.080 0.010 [0.047, 0.113]
ρφ6 0.9 0.03 0.948 0.951 0.004 [0.935, 0.964]
ρφ7 0.9 0.03 0.937 0.938 0.015 [0.919, 0.958]
σx 0.05 0.02 0.021 0.022 0.003 [0.018, 0.027]
σφ1 0.1 0.05 0.111 0.113 0.005 [0.107, 0.119]
σφ2 0.05 0.02 0.021 0.021 0.002 [0.018, 0.024]
σφ3 0.1 0.05 0.079 0.079 0.004 [0.072, 0.087]
σφ4 0.01 0.005 0.227 0.245 0.007 [0.209, 0.282]
σφ6 0.005 0.001 0.005 0.005 0.000 [0.005, 0.006]

Notes: The priors for α, γ, cu, cϵ, ψ, ρx, ρφi were drawn from a beta distribution with support on the interval [0, 1], priors for
bL and dy were drawn from a gamma distribution with positive support, priors for σx and σφ

i were drawn from an inverse
gamma distribution with positive support, prior for ρx2 was drawn from a normal distribution.
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Table 10: Parameter estimates of the DV model with α = β in the JOLTS specification

Parameter Prior Posterior
mean st.dev. mode mean st. dev. conf. int. [5-95]

α 0.5 0.2 0.272 0.268 0.021 [0.222, 0.307]
γ 0.5 0.2 0.017 0.024 0.025 [0.003, 0.045]
cu 0.2 0.1 0.110 0.109 0.021 [0.075, 0.141]
cϵ 0.2 0.1 0.604 0.646 0.060 [0.587, 0.710]
ψ 0.5 0.2 0.946 0.869 0.018 [0.776, 0.968]
bL 0.2 0.1 0.153 0.114 0.049 [0.029, 0.199]
dy 0.5 0.2 0.132 0.164 0.057 [0.045, 0.286]
ρx 0.5 0.2 0.852 0.769 0.111 [0.597, 0.953]
ρx2 0.0 0.5 0.129 0.187 0.095 [0.010, 0.356]
ρφ1 0.9 0.03 0.750 0.756 0.018 [0.707, 0.803]
ρφ2 0.5 0.2 0.964 0.962 0.013 [0.943, 0.980]
ρφ3 0.5 0.2 0.972 0.974 0.013 [0.960, 0.989]
ρφ4 0.5 0.2 0.799 0.784 0.026 [0.740, 0.834]
ρφ5 0.1 0.03 0.333 0.330 0.024 [0.290, 0.379]
ρφ6 0.9 0.03 0.950 0.949 0.009 [0.932, 0.965]
ρφ7 0.9 0.03 0.938 0.935 0.012 [0.914, 0.956]
σx 0.05 0.02 0.022 0.022 0.003 [0.018, 0.027]
σφ1 0.1 0.05 0.122 0.122 0.005 [0.114, 0.129]
σφ2 0.05 0.02 0.029 0.029 0.003 [0.024, 0.033]
σφ3 0.1 0.05 0.037 0.039 0.003 [0.034, 0.045]
σφ4 0.01 0.005 0.138 0.162 0.005 [0.125, 0.197]
σφ6 0.005 0.001 0.005 0.005 0.000 [0.005, 0.006]

Notes: The priors for α, γ, cu, cϵ, ψ, ρx, ρφi were drawn from a beta distribution with support on the interval [0, 1], priors for
bL and dy were drawn from a gamma distribution with positive support, priors for σx and σφ

i were drawn from an inverse
gamma distribution with positive support, prior for ρx2 was drawn from a normal distribution.
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Figure 14: Prior and Posterior Estimates of Parameters for 12 sectors of the economy using JOLTS data.
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Figure 15: Model Fit and Shocks for Manufacturing Sector estimation.
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Figure 16: Model Fit and Shocks for Trade, Transportation and Utilities estimation.
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Figure 17: Model Fit and Shocks for Business Services estimation.
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Figure 18: Model Fit and Shocks for Health and Education estimation.
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