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Abstract

We compare patterns of long-term unemployment and duration dependence between the U.S.

and Canada. First, we estimate the incidence of long-term unemployment by demographic group,

occupation, industry, region, and reason for unemployment, extending past research in the U.S. to the

most recent years available and producing new results for Canada covering the same sample period.

Second, we extend the matching model in Kroft et al. [2016], which allows for duration dependence

in the exit rate from unemployment and transitions between emloyment (E), unemployment (U), and

non-participation (N), to allow for duration dependence in the exit rate from non-participation. We

calibrate the model using restricted-access data from the Canadian Labor Force Survey and a new

historical vacancy series based on a proxy variable derived from time series employment trends in

“recruiting” industries. The main goals of this analysis are to decompose the sources of differences

in the incidence of long-term unemployment between the two countries in recent years, and also to

assess the role of duration dependence in non-participation in accounting for trends in long-term

unemployment and movements in the Beveridge curve in Canada.
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1 Introduction

The textbook model of the labor market features a matching function mapping unmet search demand

and supply into new employment relationships (Mortensen and Pissarides [1994]; Pissarides [1985]). The

Great Recession, which featured a dramatic rise in long-term unemployment and an outward shift of the

Beveridge curve, provides a valuable opportunity to learn whether and to what extent this framework

can capture labor market dynamics. In previous work, we examined the performance of this framework

over the Great Recession in the United States (Kroft et al. [2016]). In particular, we enriched a standard

mathcing model along two dimensions. First, we allowed for duration dependence in the job-finding rate

of the unemployed, consistent with empirical evidence in Kroft et al. [2013]. Second, we allowed for flows

between employment (E), unemployment (U), and non-participation (N), instead of focusing exclusively

on flows between E and U, as in a standard matching model. We calibrated our enriched matching

model on monthly data in the years before the onset of the Great Recession and studied how well the

calibrated model fit the data during the Great Recession, holding fixed the parameters. We treated

vacancies, transitions from E to U and N and transitions between N and U as the exogenous “forcing

variables” of our model and allowed job-finding rates for both the unemployed and non-participants to

evolve endogenously. This exercise demonstrated that our model could account for most the rise in

long-term unemployment and about half of the shift in the Beveridge curve

In this paper, we compare the labor market dynamics in the U.S. and Canada during the Great

Recession, using the model in Kroft et al. [2016]. This comparision is of interest because the dynamics

of the Great Recession in Canada and the U.S. were quite different, as we discuss below. By focusing

on Canada, we thus subject our matching model to a new “out-of-sample” test. In the process, we also

expand and build on our prior analysis in several ways. First, we exploit the recent data that has become

available to document how the U.S. labor market has evolved since March 2013 (where our prior analysis

left off). Second, we exploit restricted-use Canadian labor force data which has several unique features

which allow us to augment and improve the matching model that we analyzed previously. In particular,

the Canadian Labor Force Survey (LFS) – the counterpart the U.S. Current Population Survey (CPS) –

surveys respondents about their (ongoing) length of unemployment as well as their (ongoing) length of

joblessness. The latter question in the LFS is posed both to the unemployed and to non-participants and

thus allows us to estimate how job-finding rates among non-participants changes with the duration of

time since their most recent job. This information is not available in the CPS, and likely at least partly

explains why most work in the U.S. has focused on duration dependence among unemployed individuals.

By contrast, the LFS data will allow us to study duration dependence among the unemployed as well
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as among non-participants. This allows us to make a straightforward – but potentially important –

extension in our model to model duration dependence in the job-finding rates of both the unemployed

and among non-participants. This could potentially improve the fit of our calibrated model which in our

earlier work could not account for the increase in non-participation during the Great Recession.

Both the U.S. and Canada experienced a rapid, sharp increase in the unemployment rate during the

Great Recession, but the magnitude, persistence, and onset of the Great Recession differed between the

two countries. The NBER has determined the U.S. to be in recession from December 2007 to June 2009,

while the recession in Canada has been determined to last from November 2008 to May 2009.1 The

recession thus lasted 18 months in the U.S. compared to only 7 in Canada. The recessions differed not

just in length but also in their severity. The movements in labor shares, illustrated in figures 1 and 2,

were about twice as large in the U.S. as in Canada. Figure 1 shows that for the U.S., the unemployment

rate among 25-55 year olds increased from about 4 percent to about 9 perent and the employment-to-

population ratio declined by about 4 percentage points. On the other hand, Figure 2 shows that for

Canada, the unemployment rate rose from 4 percent to about 6 percent during 2008 and 2009 and the

employment-to-population ratio declined by only about 2 percentage points.2 The figures also show that

labor force rates in Canada recovered more rapidly from the increase in unemployment than in the U.S..

By mid-2010, the unemployment rate had dropped back by about half of its increase in 2009, whereas

for the U.S., the unemployment rate was still at levels similar to those in late 2009. Since then, both the

U.S. and Canada slowly returned to unemployment rates comparable to the pre-period. The U.S. has

however only managed to claw back about half of the decrease in the employment-to-population ratio.

The U.S. also experienced an extremely severe recession as measured by vacancies, as shown in Figure 3

(which compares the Great Recession to the early 1980s recession).

Our model is useful for understanding the dynamics of long-term unemployment. Figure 4 shows the

share of the unemployed with durations exceeding 6 months (for the U.S.) and the share with durations

exceeding 26 weeks (for Canada). In both countries, the LTU share increased, but the rise was much

more pronounced in Canada (see Figure 4). In the U.S., the LTU share increased from about 20 percent

to a peak of more than 50 percent. In Canada, the share increased from 15 percent to roughly 25 percent.

Additionally, the decline in the LTU share in both countries has been very slow. By October 2015, the

LTU share in the U.S. was about 30 percent and in Canada was about 20 percent.

Another use of our model is to try to account for outward shifts in the Beveridge curve. To do this, we
1See http://www.nber.org/cycles/cyclesmain.html for the U.S. and https://www.cdhowe.org/cpc-communique/cd-howe-

institute-business-cycle-council-issues-authoritative-dates-20082009-recession for Canada.
2In this paper, all statistics are constructed using prime age populations (25-55) and are age adjusted to the 2000 age

distributions in the two countries.
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Figure 1: Unemployment and Employment-to-Population Rate in the U.S. and Canada
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need to construct the Beveridge curve in Canada. To our knowledge, there is no widely-accepcted vacancy

series in Canada covering the years before, during, and after the Great Recession. The “before” period is

crucial because we would like to use data before the Great Recession to calibrate the model parameters.

As we described in more detail below, we use employment in “recruiting” industries to construct a proxy

for vacancies, following the methodology in Landais et al. [2016]. This method has been shown to be a

useful proxy for the U.S., and we make the assumption that it is an equally suitable proxy in Canada.

This allows us to construct vacancy proxy that we can use to calibrate our matching model.

The remainder of the paper proceeds as follows. In Section 2 we describe the data sources used

in the analysis. Section 3 revisits the analysis in KLNK using U.S. data, replicating the main results

and extending the results to the most recent data available. Section 4 describes composition analysis

of LTU and long-term non-participation using LFS data, to learn about the incidence of LTU. Section

5 describes the construction of our vacancy proxy using “recruiting” industries. Section 6 describes the

extended model and discusses the model calibration and counterfactual results using the restricted-use

LFS data. Section 7 concludes.
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Figure 2: Unemployment and Employment-to-Population Rate in the U.S. and Canada

4
4.

5
5

5.
5

6
6.

5
D

es
ea

so
na

liz
ed

 U
ne

m
pl

oy
m

en
t R

at
e 

- A
ga

in
st

 J
un

e

2000m1 2005m1 2010m1 2015m1
date

Deseasonalized, Age 25-55, Age-adjusted, both Genders
Unemployment in Canada

80
81

82
83

84
D

es
ea

so
na

liz
ed

 E
m

pl
oy

m
en

t R
at

e 
- A

ga
in

st
 J

un
e

2000m1 2005m1 2010m1 2015m1
date

Deseasonalized, Age 25-55, Age-adjusted, both Genders
Employment in Canada

5



Figure 3: Dynamics of Vacancies in Great Recession and 1982 Recession (U.S.)

Figure 13: Model Predictions Using Vacancy Series During 1981 Recession (Instead of 2008 Recession)
And Ignoring Changes in N → U , U → N , and E → N

Panel A: Dynamics of Vacancies in 1981 Recession and 2008 Recession

.5
.6

.7
.8

.9
1

1.
1

V
ac

an
ci

es
 (

re
la

tiv
e 

to
 s

ta
rt

 o
f 

re
ce

ss
io

n)

0 6 12 18 24 30 36 42 48 54 60
Months since start of recession

1981 Recession 2008 Recession

Panel B: Long-Term Unemployment (> 26 weeks)

.2
.3

.4
.5

.6
L

on
g-

T
er

m
 U

ne
m

pl
oy

m
en

t S
ha

re

2002m1 2004m1 2006m1 2008m1 2010m1 2012m1
Date

Observed Counterfactual (Baseline)

Counterfactual (Alternative)

Notes: In Panel A, vacancy data for 2008 Recession come from JOLTS, while vacancy data for 1981 recession are filtered
data from Help Wanted Index from Elsby et al. (2011). In Panel B, figure uses data from the CPS. See main text for more
details on model calibration in these panels.
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2 Data

2.1 United States

This section briefly describes our data sources. See Kroft et al. [2013] for more details on the U.S. data.

Current Population Survey (CPS)

We use monthly CPS data between 2002 and 2013 (ending in April 2013), limiting the sample to individu-

als between the ages of 25 to 55. We focus on this prime-age sample to enable us to ignore issues of delayed

labor force entry of younger workers and changes in retirement patterns of older workers. We use these

CPS data in several ways. First, we use repeated cross-sectional data when investigating the role of com-

position, limiting the sample to unemployed workers. Second, we use both cross-section and panel data

(merging individuals across months to build panel data) to investigate the role of duration dependence

and non-participation. For this exercise, we use data on all employed, unemployed, and non-participants.

In the cross-section, we keep track of the total population of each category to estimate the "stocks." To

create panel data, we match observations across successive months, matching on household identifier, line

number, age, gender, and race. We use the matched panel data in addition to the CPS cross-sectional

estimates of the unemployed, the employed, and non-participants to estimate the transition rates between
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Figure 4: LTU Share in the U.S. and Canada
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unemployment, employment, and non-participation in each month. We also compute overall (pre-2008)

transition rates by unemployment duration (into both employment and non-participation). Finally, we

compute transition rates from employment and non-participation into unemployment by unemployment

duration.

Job Openings and Labor Turnover Survey (JOLTS)

We use monthly JOLTS data between 2002 and 2013 to compute the total number of vacancies. We use

these vacancy data to calibrate the matching model below during the pre-2008 period. We then use the

post-2008 vacancy data as one of the exogenous "forcing variables" for our counterfactual scenarios.

2.2 Canada

1. Canadian data from restrictued-access Canadian Labor Force Survey (LFS)

2. Data on labor force states is made to be comparable between CPS and LFS.

3. Age adjusted to 2000 age distributions in both countries and analysis is always limited to ages

25-55.

4. Labor Force transition rates made consistent with cross-sectional labor force statuses using proce-

dure outlined in Kroft et al. [2013].

Duration Dependence and Long-Term Joblessness

One of the advantages of the Canadian data is that respondents were asked not just about the duration

of unemployment, but also about the duration of joblessness. As Elsby et al. [2013a] and Kroft et al.

[2016] both report, reported unemployment durations in the CPS are frequently inconsistent with the

observed panel of labor force states when observations in the CPS are linked to construct a panel.

In the CPS, respondents are asked to report how long they have been unemployed. If respondents

interpreted their labor force states as labor statisticians do, they should report durations of less than a

month when surveyed in the month after transition from either employment or out of the labor force

to unemployment. However, respondents often report substantially longer durations of unemployment

during these months, suggesting recall bias and differences in how respondents interpret unemployment

compared to the classification procedures in the CPS. Durations of joblessness do not require interpreting

search behavior over time as required to determine unemployment durations. This suggests that responses

to the duration of joblessness are more likely to align with the concept in question. In addition, the

duration of joblessness question is asked both of the unemployed and of those out of the Labor Force.
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3 Replication and Extension of Kroft et al. [2016] Analaysis

Here we briefly review the methodology employed by Kroft et al. [2016].3 Our treatment here is sparse

and we refer the reader to Kroft et al. [2016] for details.

The Matching Function

At the core of this analysis is a matching function which determines the number of meetings between job

openings and both unemployed and non-participants.

M(Ut + sNt, Vt) = m0 (Ut + sNt)α V 1−α
t

Here (Ut, Nt) are the unemployed and those officially “Out of the Labor Force” (OLF); Vt are vacancies

and (m0, s, α) are parameters. One can interpret (Ut+sNt) as the total units of search effort on the labor

supply side where each unit of search effort delivers an identical probability of a meeting with a vacancy.

Then s represents the relative search effort of those OLF. The probability of a meeting per unit of search

effort is M(Ut+sNt,Vt)
Ut+sNt

= m0x
1−α
t where xt = Vt

Ut+sNt
is a measure of market tightness that accounts for

the non-participants.4

The function A(d) is defined as the relative job finding rate of unemployed of different durations of

unemployment d. This function captures “true” duration dependence, that is a causal effect of longer

durations on the exit rate of unemployment. As described in Kroft et al. [2016], this modelling assumption

is motivated partly by recent field experimental evidence on duration dependence in “callbacks” for

interviews (Ghayad [2013], Kroft et al. [2013]). The job finding rates of unemployed of duration d and

the non-participants are then given by

λUE (xt; d) = A(d)m0x
1−α
t (1)

λNE (xt) = sm0x
1−α
t (2)

We normalize A(0) = 1 and assume as that A(d) follows a double-exponential decay function. We

estimate the parameters of A(d) and the parameter s using data on job finding rates by duration and

non-participation from the period 2002-2007 preceding the Great Recession.

Table 1 in Kroft et al. [2016] and replicated here reports the parameter estimates governing the
3Some of the formulations in this Section are lifted directly from that paper and edited for brevity.
4See Kudlyak and Lange [2014] for a index of labor search that accumulates various different groups among the non-

employed including the marginally attached, the discouraged and those with diverse labor search histories in a similar
manner.
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transitions into employment. These parameters are estimated using the data from the pre-period 2002-

2007.

a 1  (intercept parameter 1) 0.314

a 2  (intercept parameter 2) 0.393

b 1  (slope parameter 1) 1.085

b 2  (slope parameter 2) 0.055

    A (d ) = (1 − a 1 − a 2) + a 1exp(−b 1 × d ) + a 2exp(−b 2 × d )

α 0.753

m 0  (scale parameter) 0.435

s      (relative search intensity of inactive) 0.218

    M (U  + sI , V ) = m 0(U  + sI )α V 1 − α

Table 1
Model-Based Estimates

Notes:  This table reports the model-based estimates using monthly CPS 
data and JOLTS data from 2002-2007. See main text for more details.  
These parameter estimates are used to create the counterfactual predictions 
reported in the figures.

Matching Model Parameters

Duration Dependence Parameters

29

The functional form and parameters of the functions M(U + sN, V ) and A(d) ands are constant over

time. Thus, when we examine the performance of our model over the Great Recession, we ask whether

the search environment accounting for duration dependence is stable over the Great Recession except for

the demand for labor.
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Simulating labor flows

To simulate the labor market, we require flows between all three labor force states (E,U,N) and we need

to model the duration distribution of the flows into unemployment.5 Above we showed how to model

the endogenous flows into employment: λUEt (d) and λNEt . The remaining flows in the labor market are

exogenous driving variables in our analysis. As stated in Kroft et al. [2016], to construct these flows we

assume that if “non-participants move to unemployment, they draw an unemployment duration from the

(empirical) distribution of unemployment durations estimated from observed N-to-U transitions ... when

employed workers move into unemployment, they draw an unemployment duration from the empirical

distribution of unemployment durations. ... . These two empirical distributions are θNUt (d) and θEUt (d),

respectively.” (page #)

The dynamic equations governing changes in the stocks are then

Nt+1 = Nt

(
1 − λNUt − λ̂NEt

)
+ Etλ

EN
t + Utλ

UN
t (3)

Ut+1 (0) = Etθ
EU
t (0)λEUt +Ntθ

NU
t (0)λNUt (4)

Ut+1 (d) = Ut (d)
(

1 − λ̂UEt (d) − λ̂UNt (d)
)

+ Etθ
EU
t (d)λEUt +Ntθ

NU
t (d)λNUt (5)

Et = Pt −Nt − Ut (6)

where Pt denotes the total population aged 25-55. We placed “^” above the endogenous flow variables

where as the other flow variables are exogenous driving variables (together with the vacancies) in our

analysis.

3.1 Updating KLNK to Oct. 2015

The analysis in Kroft et al. [2016] exploit data up until April 2013. In this Section, we explore the

implications and performance of the model up since then. Before we turn to that analysis, we however

have to face an uncomfortable task.

Discrepancy from Kroft et al. [2016]

Some of the results shown here for the period up to April 2013 differ slightly from those reported in Kroft

et al. [2016]. In preparation for this paper, we revisited the code used for KLNK and discovered a slight
5The latter is necessary because there is amble evidence Elsby et al. [2013a,b] (@I think those are the correct cites.

Check) that both new unemployed coming from both employment or non-participation often report durations greater than
0. Thus, to match the duration data we need to account for these distribution of these flows.
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coding error in the dynamic equations used in constructing the flows. In particular, the calculation of the

flows did not exactly match the equations above (which were correct in paper but not in the computer

code). Upon rerunning the analysis, we found that this mistake did not affect our basic conclusions but

it did have a some effect on a few of the quantitative results.

In Figure 5, we compare the predicted and observed shares in LTU in Panel A and B. Panel A shows

the results updated to October 2015 using our original code. By contrast, Panel B shows results using

the updated code. Panel B shows that we underestimate the actual share of long-term unemployed in

the population of unemployed by about 5 - 10 percentage points.

This implied that we reported a higher average duration of unemployment in our counterfactual series

than warranted. By implication, our reported counterfactual job finding rate was too low. Consequently,

while our prior simulations from Kroft et al. [2016] fit the job finding rates conditional on unemployment

very closely, we now tend to find a counterfactual job finding rate conditional on unemployment that

exceeds the actual job finding rate by about 2 percentage points in the period following the Great

Recession (see 6). This tends to narrow as the discrepancy in the LTU share declines towards the later

years.

The consequence of this coding discrepancy is fairly minor relative to the observed job finding rates

that typically vary between 20 and 30 percent. Given these large rates of finding jobs conditional on

unemployment, a deviation of around 2 percentage points in the rate of finding jobs will not substan-

tively affect the ability of the model to fit the simulated stocks in the labor market and thus leaves our

conclusions largely unchanged.

KLNK since April 2013

How did the model fare in the two-and-a-half years since we completed the previous analysis? We find

that the model does quite well when considering the share of LTU (4) and the job finding rates conditional

on unemployment 6. Indeed, on both dimensions the model does better later in the latter period than

in the period up to April 2013. Figure (4) shows that the stock of LTU declines rather slowly even if

steadily. By the end of 2015, the observed and counterfactual share of LTU has declined to 35 and 30%

respectively from about 50 and 40% respectively right after the Great Recession.

The model however fits the data much less well when we consider job finding rates among the non-

participants. Those rates are consistently overestimated after 2008 (see 6, Panel B). The persistent

feature of the U.S. labor market that is most difficult to explain is not unemployment or long-term

unemployment, but non-participation since 2008.

Consider next the Beveridge curve shown in 7. Since April 2013, labor demand as measured by

12



Figure 5: LTU Old and Fixed
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Figure 6: Job finding rates conditional on unemployment
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Figure 7: The Beveridge Curve

.0
2

.0
25

.0
3

.0
35

.0
4

.0
45

Va
ca

nc
ie

s 
/ P

op
ul

at
io

n

.03 .04 .05 .06 .07 .08
Unemployed / Population

Observed Counterfactual

vacancies has continued to increase and unempoyment continued to decline. However, even though

vacancies exceed the rates observed at any time between 2002 and 2007, unemployment however has not

declined to those levels seen in that period - indicating that the Beveridge curve has indeed shifted.

With regards to the performance of our model, we note that in Kroft et al. [2016] we reported that

up until April 2013 we could explain about half of the shift in the Beveridge curve using the changing

duration structure. A gap of about 1 percentage point however remained to be explained outside of our

model and maybe due to changes in the structure of the matching relationship. Since then, we have

seen the gap between the observed and the counterfactual Beveridge curve close from about 1 percentage

point to about half a percentage point. Overall, the model does a fairly good job of accounting for these

additional 30 month of data on unemployment and vacancies.

As noted in Kroft et al. [2016], the model fails to explain the shift along the non-participation margin

over the period up until April 2013 and it continues to do so until Oct. 2015 (see Figure 8). It should be

noted however that the failure comes entirely from predicing a sharp decline in non-participation rather

than the observed increase during the first half of the period up until about April 2013. Besides this shift

early in the Great Recession, the model has tracked how the stock of non-participants evolved quite well.
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Figure 8: Non-Participation and Vacancies
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4 LTU and LTN in Canada: Assessing the Role of Composition

[To be completed]

5 Constructing Vacancy Series in Canada

In Kroft et al. [2016], we used the Job Openings and Labor Turnover Survey (JOLTS) to compute the

total number of vacancies each month. Unfortunately, in Canada, there is no counterpart data series that

allows us to directly compute vacancies for the relevant time period. The vacancy measure from the Job

Vacancy Statistics (JVS) series is only available since 2011 and the measure from the Job Vacancy and

Wage Survey (JVWS) is only available since 2015.6 While other data sources exist, none is adequate for

our purposes.7

6The JVS is reported monthly and the data is collected at the establishment level, whereas the JVWS is reported
quarterly and the data is collected at the business location level. The JVWS also has a larger sample, and includes
vacancies from businesses primarily involved in agriculture, which the JVS does not. For more information on these two
vacancy series, see the publication http://www.statcan.gc.ca/pub/75-514-g/75-514-g2015002-eng.htm.

7The Canadian Federation of Independent Businesses (CFIB) produces a survey of vacancies. However, it suffers from a
number of limitations. First, it excludes the public and utilities sector. Second, it allows for passive job search and doesn’t
require an open position to exist, just for the business to have an unmet need. Third, it comes from registered CFIB
members who voluntarily take the "Your Business Outlook Survey". Non-responses to the vacancy question are coded as
zero vacancies. The other source of vacancy data comes from the Conference Board which uses online data from roughly 80
job-posting websites collected by WANTED Technologies. However, this vacancy series also suffer from serious limitations
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Recently, Landais et al. [2016] have developed a proxy for vacancies in the U.S. This proxy called the

"recruiting-producer ratio" is defined theoretically as the ratio of the number of recruiters in a firm to

the number of workers engaged in production in a firm. Empirically, this is defined as

τ = ξ × rec

l − ξ × rec

where rec is the seasonally-adjusted monthly number of workers in the recruiting industry, with North

American Industry Classification System (NAICS) code 56131 and l is the seasonally-adjusted monthly

number of workers in all private industries.8 The parameter ξ is a scaling factor used to adjust for labor

devoted to recruiting by firms not belonging to the recruiting industry. In the U.S., Landais, et al (2016)

set ξ = 8.4 based on survey evidence from 1997. Why should this measure be correlated with vacancies?

The basic idea is that when firms are posting relatively more jobs, there are more resources tied up in

recruiting. Thus, τ should be procyclical. This is indeed what Landais et al. [2016] find.

We adopt this same methodology to impute a vacancy series for Canada over the relevant time horizon.

Unfortunately, employment counts by 5-digit NAICS codes are not available in Canada. Thus, we used

the Survey of Employment, Payrolls and Hours to construct employment levels for the industry 5613. To

measure total private employment, we use the industrial aggregate, excluding unclassified businesses.9

We estimated the adjustment factor as one of the parameters to be estimated below and found ξ = 6.

The next figure compares the recruiter-producer ratio in the U.S. with the vacancy measure taken

from JOLTS and also shows the recruiter-producer ratio for Canada. Note that in the U.S., the recruiter

producer ratios based on NAICS code 56131 and 5613 behave very similarly over time. Further, over

time, the recruiter-producer ratio and JOLTS show the same behavior - rapid declines at the on-set of

the 2001 and 2008 recession with recovery in between and comparable relative movements during the

recovery and the recessions. The recruiter-producer ratio for Canada taken from SEPH show similar

behavior except that the magnitude of the decline during the Great Recession is about comparable with

the increase between 2001 and 2007. This lines up with the general observation that the recession was

less severe in Canada than in the U.S. In calibrations with Canadian data, we use scaling parameter

of 6.0. When calibrating the matching model in the pre-recession period, we replace the V stock that

was used in KLNK with the Landais et al. [2016] recruiter-producer ratio. We then calibrate the scaling

parameter p in the recruiter-producer ratio along with the other matching model parameters m0, alpha

and s.
and was infact discontinued because of reliability issues.

8This official name for this industry is "employment placement agencies and executive search services".
9The seasonally-adjusted employment counts were available from CANSIM table 281-0047.
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6 Long-Term Unemployment and the Great Recession in Canada

Transition Rates in Canada

Unemployment-to-Employment transitions (U-to-E): Turning to transitions from unemployment

in Canada, we see that the monthly job-finding rate from unemployment to employment was around 30

percent in the pre-recession period, dropped sharply to 24 percent at the end of 2009, and then rebounded

somewhat to around 26-27 percent. By contrast, the monthly job-finding rate for the U.S. was around

25 percent in the pre-recession period and dropped to around 18 percent during the recession. The

decline appears rather smoother in the U.S. than it is for Canada. Additionally, while the job-finding

rate remained at low levels in the U.S., it tended to rebound more quickly in Canada, reflecting the fact

that the recession was more persistent in the U.S.

Non-participation-to-Employment transitions (N-to-E): Focusing on flows from non-participation,

we see that the monthly transition rate from non-participation to employment is about 12 percent in the

pre-recession period and drops to 10 percent during the recession. The magnitudes for the U.S. are very
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similar; the transition rate is roughly 8 percent and drops to about 5-6 percent during the recession. As

we saw above, the low monthly job-finding rate for non-participants implies that the bulk of them have

very long non-employment spells.

LTU Shares in Canada

The share of long-term unemployed (LTU) for Canada, defined as being unemployed for more than 26

weeks, increased sharply starting at the end of 2009 from roughly 12 percent to 20 percent. This increase

occurred very rapidly. While this share has recovered somewhat, it still remains elevated around 16

percent. Thus, half of the increase in long-term unemployment still remains.

Turning to the U.S., we found that the share of long-term unemployed increased from around 20

percent in the pre-recession period to a staggering 45 percent. This increase in long-term unemployment

began earlier than the corresponding increase in Canada, reflecting the fact that the recession hit the

U.S. earlier, and also appears to have been more smooth than the increase in Canada. Thus, the overall

severity of the recession, as reflected in the the LTU share, was much deeper in the U.S. than it was in

Canada.

A neat feature of the Canadian data is that we can observe spell length for non-participants, something

that the CPS does not keep track of. Thus, we can document trends in joblessness for this group. Similar

to the unemployed, see that the share of long-term joblessness for non-participants was on somewhat of a

downward trend in the pre-recession period and increased slightly from around 77 percent to about 79-80

percent during the recession. Thus, rates of long-term joblessness are much higher for non-participants

than they are for the unemployed and this increased only slightly during the recession. This reflects the

fact that this group is not on the margin of the labor market.

Duration Dependence in Canada

Next, we examine duration dependence among the unemployed. In particular, we plot the job-finding rate

at duration d relative to the job-finding rate at duration 0 during the pre-recession period. This is the

function A(d) reported in Kroft et al. [2016]. By construction, this series is 1 for the newly unemployed.

Here, we do not control for observables. Interestingly, the pattern of duration dependence for Canada is

very similar to the pattern for the U.S. In particular, we see that in Canada after 3 months, this ratio is

60 percent and then levels off to around 40 percent after 15-20 months although the data are noisy for

the last few months. For the U.S., we find the exact same pattern.

One thing we were unable to evaluate for the U.S. is duration dependence among non-participants.

This is because the CPS does not record the spell length and thus, we cannot fully observe transitions
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from N-to-E for each d. However, the Canadian data allows us to gauge this. In the next figure, we repeat

the same exercise but instead focus on transitions from non-participation. Similar to our figures for the

unemployed, we find that the relative job-finding rate falls to about 60 percent after several months.

However, the job-finding rate falls off to about 20 percent after 15 months, more than double what we

find for the unemployed.

We next examine how the job-finding rate changes over time based solely on changes to the distribution

of unemployment. The is the average of the A(d) function. Intuitively, in a recession, longer spells

receive more weight and so pull down the mean A(d). For Canada, the mean is roughly 90 percent in

the pre-recession period and drops to about 85 percent during the recession. For the U.S., the predicted

job-finding rate is about 75 percent and falls to about 65 percent during the recession. Again, this is

consistent with the trends in LTU for both countries, showing that the recession was much deeper in the

U.S.

Since we can estimate the A(d) function for non-participants in Canada, we also report the predicted

job-finding probability for this group based solely on the distribution of durations. The average A(d) is

much lower for non-participants than it is for the unemployed, starting around 23 percent in the pre-

recession period and falling to about 21-22 percent during the recession. This reflects the fact that most

of the jobless among the non-participants have very long spells and long-term joblessness increased only

slightly for this group.

The Canadian data has a significant advantage over the U.S. data in that it allows us to track duration

of joblessness, not just duration of unemployment. Joblessness is a less difficult concept to understand

for survey respondents than unemployment. As conceived by labor economists, unemployment is defined

as a period of non-employment during which individuals actively search for employment. Unemployment

duration refers to the duration of continuous active search for employment. Responses to the duration

question in the CPS are however not consistent with this definition. In many instances, individuals

report long durations of unemployment even though they were just observed to transition from OLF to

unemployment. It is plausible to us that such respondents might report on the length of time they have

been out of a job as opposed to reporting on the duration of active serach. Since joblessness does not

require understanding the concept of active search, survey responses related to joblessness are likely to

align more closely with how labor economists interpret this concept.

A second and maybe more important advantage of the data on joblessness duration is that it is

available for both the unemployed and for those Out of the Labor Force. We can thus examine the

duration structure and its impact on the job finding rate among both those OLF and unemployed. The

next figures show the trends in long-term joblessness (LTN) overall as well as in long-term joblessness
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condition on unemployment and OLF.

As figures 9 reveal, long-term joblessness increased among both the unemployed and those OLF

since 2009. However, while most of this increase in long-term joblessness concentrated in the first few

months of the Great Recession among the unemployed, the increase in LTN among the OLF has been

much more gradual. It is indeed not clear whether this increase in LTN has run its course by October

2015, when our data ends. Overall, the relative increase in LTN is much more pronounced among the

unemployed since the share of LTN is of course much lower among the unemployed. OLF includes many

individuals permanently separated from the labor market, maybe because of disabilities or for other

reasons. Nevertheless, since so many more individuals are OLF as compared to unemployed, an increase

in 4 percentage points from through to peak in LTN among the OLF is an important empirical pattern.

How do job-finding rates vary with LTN? The panel structure of our data allows us to answer this

question as well. The next figures show the job finding rates among both U and OLF conditional on

LTN. These empirical relations between joblessness duration and job finding rates are taken from the

period prior to the Great Recession and we will use them to augment the model described above.

The pattern in duration dependence with joblessness are similar to those found among the unemployed

when we consider duration of unemployment as the independent variable. Job-finding rates decline rapidly

over the first few months and then less quickly as durations accumulate. Job-finding rates among the

long-term jobless conditional on OLF are very low and amount to just 10% of those exiting to OLF from

employment.

The equations above described the job finding rate conditional on unemployment duration for the

unemployed and unconditionally for those out of the labor force. In this section, we now model the job

finding rate of those OLF analogously to the job finding rate of the unemployed using as our duration

measure the time-period that an agent has been jobless. Thus, we replace equation for job-finding rate

for unemployed with the following

λNE (xt) = sB(d)m0x
1−α
t (7)

where B(d) captures the duration dependence in the job finding rate among those OLF analogously to

A(d) in equation 1. Besides this change, the model remains unchanged.

Calibrating the model with Canadian data

[To be completed]
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Figure 9: Long Term Joblessness
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Figure 10: Job Finding Rates by Duration of Joblessness (Canada)
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Counterfactual Results

To obtain counterfactual predictions, we implement the estimation procedure in Kroft et al. [2016] for

Canada. Our estimates of the matching function are contained in Table [To be completed]. We begin by

plotting our model predictions of the job-finding rates for the unemployed and non-participants. For the

unemployed, we do a fairly decent job of matching job-finding rates in the pre-period although there is a

bit of a gap between the predicted and observed series. Qualitatively, our model predicts a drop in the

job-finding rate in 2010, similar to the patterns in the observed job-finding rate. However, we see that the

drop-off is less pronounced than what is observed in practice. This stands in contrast to our results for the

U.S. where we can also quantitatively much the magnitude of the decline in the unemployed job-finding

rate with our model. Turning to job-finding rates for non-participants, we see that incorporating duration

dependence into the job-finding rate does not appear to considerably improve the fit of the model.

Next, we perform counterfactuals for long-term unemployment (>26 weeks and >52 weeks). For

Canada, we see qualitatively that the model can match the predicted increase in LTU shares although

because we over-predict job-finding rates during the recession, we slightly under-predict LTU shares. In

the U.S., we also slightly under-predicted LTU shares although the model fit was better.

Turning to our results for the Beveridge curve, our results for Canada show a decent fit of the

model, with a slight under-prediction of unemployment again due to the inflated job-finding rates for the

unemployed. Similar to our results for the U.S., the fit of the N-V curve is worse for Canada.

7 Conclusion
[To be completed]
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Figure 11: Vacancy Rate Proxy and Job-Finding Rate for Unemployed (Canada)
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Figure 12: Counterfactual Long-Term Unemployment Share (Canada)
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Figure 13: Beveridge Curve (V-U) and V-N Curve (Canada)

2
2.

5
3

3.
5

4
V

ac
an

ci
es

 / 
P

op
ul

at
io

n

.035 .04 .045 .05 .055
Unemployed / Population

Observed Counterfactual

2
2.

5
3

3.
5

4
V

ac
an

ci
es

 / 
P

op
ul

at
io

n

.14 .15 .16 .17
Non-Participants / Population

Observed Counterfactual

27



References
Daniel Aaronson, Jonathan Davis, and Luojia Hu. Explaining the decline in the u.s. labor force partici-
pation rate. Federal Reserve Bank of Chicago Chicago Fed Letter, 296, 2012.

Joseph G. Altonji, Prashant Bharadwaj, and Fabian Lange. Changes in the characteristics of american
youth: Implications for adult outcomes. Journal of Labor Economics, 30(4):783 – 828, 2012.

Patricia M Anderson and Simon M Burgess. Empirical matching functions: estimation and interpretation
using state-level data. Review of Economics and Statistics, 82(1):93–102, 2000.

David Autor and Mark Duggan. The growth in social security disability rolls: A fiscal crisis unfolding.
Journal of Economic Perspectives, 20(3):71–96, 2006.

David Autor, Nicole Maestas, Kathleen Mullen, and Alexander Strand. Does delay cause decay? the effect
of administrative decision time on the labor force participation and earnings of disability applicants.
Working Paper, 2013.

Regis Barnichon. Vacancy posting, job separation, and unemployment fluctuations. Journal of Economic
Dynamics and Control, 36(3):315–330, 2012.

Regis Barnichon and Andrew Figura. Labor market heterogeneity and the aggregate matching function.
Working Paper, 2013.

Andrew Barr and Sarah Turner. Down and enrolled: An examination of the enrollment response to
cyclical trends and job loss. unpublished Manuscript, University of Virgina, 2012.

Una-Louise Bell et al. A comparative analysis of the aggregate matching process in france, great britain
and spain. Technical report, Banco de Espa a, 1997.

Leila Bengali, Mary Daly, and Rob Valletta. Will labor force participation bounce back? Federal Reserve
Bank of San Francisco Economic Letter, May 2013.

Andre Bernard and Jeannine Usalcas. The labour market in canada and the us since the last recession.
Economic Insights, (36), 2014.

Olivier J. Blanchard and Peter Diamond. Ranking, unemployment duration, and wages. Review of
Economic Studies, 61(3):417–434, 1994.

Olivier Jean Blanchard, Peter Diamond, Robert E Hall, and Janet Yellen. The beveridge curve. Brookings
papers on economic activity, 1989(1):1–76, 1989.

John E. Bregger and Steven E. Haugen. Bls introduces new range of alternative unemployment measures.
Monthly Labor Review, 118:19–26, 1995.

Simon M Burgess. A model of competition between unemployed and employed job searchers: an ap-
plication to the unemployment outflow rate in britain. The Economic Journal, 103(420):1190–1204,
1993.

Maria Canon, Marianna Kudlyak, and Marisa Reed. Is involuntary part-time employment different after
the great recession? The Regional Economist, Federal Reserve Bank of St. Louis, July 2014.

David Card and Craig W. Riddell. A comparative analysis of unemployment in canada and the united
states. NBER Chapters, in: Small Differences That Matter: Labor Markets and Income Maintenance
in Canada and the United States, pages 149–190, 1993.

David Card, J. Kluve, and A. Weber. Active labour market policy evaluations: A meta-analysis. The
Economic Journal, 120:452–477, November 2010.

Kim B. Clark and Lawrence H. Summers. Labor market dynamics and unemployment: A reconsideration,.
Brookings Papers on Economic Activity, 1:13–60, 1979.

28



Bruno Crepon, Esther Duflo, Marc Gurgand, Roland Rathelot, and Philippe Zamora. Do labor market
policies have displacement eeffect? evidence from a clustered randomized experiment. The Quarterly
Journal of Economics, 128(2):531–580, 2013.

Steven J. Davis, Jason R. Faberman, and John C. Haltiwanger. The establishment-level behavior of
vacancies and hiring. Quarterly Journal of Economics, 128(2):581–622., 2013.

Peter Diamond. Cyclical unemployment, structural unemployment. NBER Working Paper, 18761, 2013.

Michael W. Elsby, Ryan Michaels, and Gary Solon. The ins and outs of cyclical unemployment. American
Economic Journal: Macroeconomics, 1(1):84–110, 2009.

Michael W. Elsby, Bart Hobijn, and Aysegul Sahin. The labor market in the great recession. Brookings
Papers on Economic Activity, pages 1–69, 2010.

Michael W. Elsby, Bart Hobijn, Aysegul Sahin, and Robert G. Valletta. The labor market in the great
recession - an update to september 2011. Brookings Papers on Economic Activity, pages 353–371, 2011.

Michael W. Elsby, Bart Hobijn, and Aysegul Sahin. On the importance of the participation margin for
labor market fluctuations. Federal Reserve Bank of San Francisco Working Paper Series, 2013-05, 05
2013a.

Michael W. Elsby, Bart Hobijn, and Aysegul Sahin. Unemployment dynamics in the oecd. Review of
Economics and Statistics, 95(2):530–548, 2013b.

Christopher Erceg and Andrew Levin. Labor force participation and monetary policy in the wake of the
great recession. Unpublished manuscript, April 2013.

Stefan Eriksson and Dan-Olof Rooth. Do employers use unemployment as a sorting criterion when hiring?
evidence from a field experiment. American Economic Review, forthcoming.

Henry S. Farber and Robert G. Valletta. Do extended unemployment benefits lengthen unemployment
spells? evidence from recent cycles in the u.s. labor market. Federal Reserve Working Paper, 2013.

Henry S Farber, Dan Silverman, and Till Von Wachter. Factors determining callbacks to job applications
by the unemployed: An audit study. Technical report, National Bureau of Economic Research, 2015.

Christopher J. Flinn and James J. Heckman. Are unemployment and out of the labor force behaviorally
distinct labor force states? Journal of Labor Economics, 1(1):28–42, 1983.

Harley J. Frazis, Edwin L. Robinson, Thomas D. Evans, and Martha A. Duff. Estimating gross flows
consistent with stocks in the cps. Monthly Labor Review, 128(9):3–9, 2005.

Shigeru Fujita. Constructing the reason-for-nonparticipation variable using the monthly cps. 2014a.

Shigeru Fujita. On the causes of declines in the labor force participation rate. Federal Reserve Bank of
Philadelphia, 2014b.

Shigeru Fujita and Giuseppe Moscarini. Recall and unemployment. 2013.

Shigeru Fujita and Garey Ramey. The cyclicality of separation and job finding rates. International
Economic Review, 50(2):414–430, 2009.

Rand Ghayad. Why is it so hard for job-seekers with valuable experience to find work? evidence from a
field experiment. Northeastern Working Paper, 2013.

Rand Ghayad and William Dickens. What can we learn by disaggregating the unemploymentvacancy
relationship? Federal Reserve Working Paper, 2012.

Robert J. Gordon. The phillips curve is alive and well: Inflation and the nairu during the slow recovery.
NBER Working, (19390), 2013.

29



Reuben Gronau. Wage comparison - a selectivity bias. Journal of Political Economy, 82(6):1119–1141,
1974. First paper to point out that job search strategies can induce variation in observed wage distri-
butions from wage offer distributions.

Robert E Hall. Job loss, job finding, and unemployment in the u.s. economy over the past fifty years.
NBER Macroeconomics Annual, 20:101–137, 2005.

Robert E. Hall and Sam Schulhofer-Wohl. Measuring matching efficiency with heterogeneous jobseekers.
mimeo, 2013.

James D Hamilton. Time series analysis. princeton university press: Princeton nj. Harvey, A.C. Time
Series Models. Halsted Press: New York NY, 1981, 1994.

James J. Heckman and Burton Singer. The identifability of the proportional hazard model. Review of
Economic Studies, 51(2):231–241, 1984.

Richard Hendry, James A. Riccio, Richard Dorsett, David Greenberg, Genevieve Knight, Joan Phillips,
Philip K. Robins, Sandra Vegeris, and Johanna Walter. Breaking the low-pay, no-pay cycle: Final
evidence from the uk employment retention and advancement (era) demonstration. Technical Report
765, Department for WOrk and Pensions, UK, 2011. Experiment on job search assistance and incentive
for work programs. Low effectiveness on single parents. Effective on LTU.

Andreas Hornstein. Accounting for unemployment: The long and short of it. Reserve Bank of Richmond
Working Paper, 12(07), 2012.

Andreas Hornstein and Marianna Kudlyak. Estimating matching effi ciency with variable search effort.
Technical report, Mimeo, 2015.

Andreas Hornstein, Per Krusell, and Giovanni L Violante. Frictional wage dispersion in search models:
A quantitative assessment. Technical report, National Bureau of Economic Research, 2007.

Andreas Hornstein, Marianna Kudlyak, and Fabian Lange. A new measure of resource utilization in the
labor market. Federal Reserve Bank of Richmond, mimeo, April 2014a.

Andreas Hornstein, Marianna Kudlyak, Fabian Lange, and Tim Sablik. Does the unemployment rate
really overstate labor market recovery? Federal Reserve Bank of Richmond Economic Brief, June
2014b.

Julie L. Hotchkiss. Changes in the aggregate labor force participation rate. Federal Reserve Bank of
Atlanta Economic Review, 4:1–6, 2009.

Gregor Jarosch and Laura Pilossoph. Statistical discrimination and duration dependence in the job
finding rate. 2015.

Stephen R. G. Jones and Craig W. Riddell. The measurement of unemployment: An empirical approach.
Econometrica, 67(1):147–162, 1999.

Stephen R. G. Jones and Craig W. Riddell. Unemployment and nonemployment: Heterogeneities in labor
market states. The Review of Economics and Statistics, 88(2):314–323, 2006.

Michael Joyce, Jerry Jones, and Jonathan Thomas. Non-employment and labour availability. Bank of
England Quarterly Bulletin, 2003.

Lawrence F. Katz. Layoï¿œs, recall and the duration of unemployment. NBER WP, 1825, 1986.

Lawrence F. Katz and Bruce D. Meyer. Unemployment insurance, recall expections, and unemployment
outcomes. Quarterly Journal of Economics, 105(4):973–1002, 1990.

Lawrence F. Katz and Kevin M. Murphy. Changes in relative wages, 1963-1987: Supply and demand
factors. Quarterly Journal of Economics, 107(1):35–78, 1992.

30



Jochen Kluve. The effectiveness of european active labor market programs. Labour Economics, 17:
904–918, 2010.

Kory Kroft, Fabian Lange, and Matthew J. Notowidigdo. Duration dependence and labor market condi-
tions: Evidence from a field experiment. Quarterly Journal of Economics, 128(3):1123–1167, 2013.

Kory Kroft, Fabian Lange, Matthew J. Notowidigdo, and Lawrence F. Katz. Long-term unemployment
and the great recession: The role of composition, duration dependence, and non-participation. Journal
of Labor Economics, 34(S1):S7–S54, 2016.

Alan B. Krueger, Judd Cramer, and David Cho. Are the long-term unemployed on the margins of the
labor market? Brookings Papers on Economic Activity, Spring 2014.

Marianna Kudlyak and Fabian Lange. Measuring heterogeneity in job finding rates among those out of
the labor force. mimeo, 2014.

Rafael Lalive, Camille Landais, and Josef Zweimï¿œller. Market externalities of large unemployment
insurance programs. IZA Working Paper, (7650), 2013. Large Expansion of UI benefit in Austria -
effects on non-eligible and eligible. Finds large effects on non-eligible workers.

Camille Landais, Pascal Michaillat, and Emmanuel Saez. A macroeconomic approach to optimal unem-
ployment insurance ii: Applications. Working Paper, 2016.

Brigitte C. Madrian and Lars John Lefgren. A note on longitudinally matching current population survey
(cps) respondents. NBER Working Paper, (T0247), 1999.

Dale T. Mortensen and Christopher A. Pissarides. Job creation and job destruction in the theory of
unemployment. Review of Economic Studies, 61(3):397–415, 1994.

Congressional Budget Office. Understanding and responding to persistently high unemployment. 2012.

Arthur M. Okun. Upward mobility in a high-pressure economy. Brookings Papers on Economic Activity,
4(1):207–262., 1973.

Raymond E. Owens and Pierre-Daniel G. Sarte. How well do diffusion indexes capture business cycles?
Federal Reserve Bank of Richmond Economic Quarterly, 91(4):23–42, 2005.

Barbara Petrongolo and Christopher A Pissarides. Looking into the black box: A survey of the matching
function. Journal of Economic literature, 39(2):390–431, 2001.

Christopher Pissarides. Unemployment and vacancies in britain. Economic policy, 1(3):499–541, 1986.

Christopher A. Pissarides. Short-run equilibrium dynamics of unemployment, vacancies, and real wages.
American Economic Review, 75:676–90, 1985.

Anne E. Polivka and Stephen M. Miller. The cps after the redesign: Refocusing the economic lens. Labor
Statistics Measurement Issues; Studies in Income and Wealth, 60, 1998.

Layard Richard, Stephen Nickell, and Richard Jackman. Unemployment: Macroeconomic performance
and the labour market, 1991.

Jesse Rothstein. Unemployment insurance and job search in the great recession. Brookings Papers on
Economic Activity, 43(2):143–213., 2011.

Aysegul Sahin, Joseph Song, Giorgio Topa, and Giovanni L. Violante. Mismatch unemployment. American
Economic Review, forthcoming.

Mark Schweitzer. Ready, willing, and able? measuring labour availability in the uk. Federal Reserve
Bank of Cleveland Working Paper, 0303, 2003.

Robert Shimer. The cyclical behavior of equilibrium unemployment and vacancies. American Economic
Review, 95(1):25–49., 2005.

31



Robert Shimer. Reassessing the ins and outs of unemployment. Review of Economic Dynamics, 15:
127–148, 2012.

JanC van Ours. The efficiency of the dutch labour market in matching unemployment and vacancies. De
economist, 139(3):358–378, 1991.

Marcelo Veracierto. Worker flows and matching efficiency. Federal Reserve Bank of Chicago Economic
Perspectives, 35(4):147–169, 2011.

Mark W Watson. Inflation persistence, the nairu, and the great recession. The American Economic
Review, 104(5):31–36, 2014.

32


