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Abstract

We build a hybrid model of the aggregate labor market that features both standard
labor supply forces and frictions in order to study the cyclical properties of gross worker
flows across the three labor market states: employment, unemployment, and nonpar-
ticipation. Our parsimonious model is able to capture the key features of the cyclical
movements in gross worker flows. Despite the fact that the wage per efficiency unit is
constant over time, intertemporal substitution plays an important role is shaping fluctu-
ations in the participation rate.
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1 Introduction

Modern research on aggregate labor market dynamics stresses the importance of micro-
founded models of labor market flows as a way to connect micro and macro data. In this
paper we build a parsimonious model of individual labor supply in the presence of labor
market frictions and assess its ability to account for gross worker flows between employment,
unemployment, and nonparticipation over the business cycle.

Our model represents a hybrid of the two classes of benchmark models that dominate the
literature: heterogeneous agent models following in the spirit of Lucas and Rapping (1969),
and reflected in Chang and Kim (2006), and search models in the spirit of Mortensen and
Pissarides (1994). In the former, workers flow between employment and non-employment
and these flows represent optimal labor supply responses to changes in prices. In the latter,
workers are passive, always wanting to work but subject to frictions that sometimes prevent
them from working, thus generating flows between unemployment and employment. Reality
seems to reflect elements of both benchmarks, and to the extent that participation reflects
the desire to work and unemployment reflects frictions that create a wedge between desired
and actual labor supply, we think the natural starting point for assessing a hybrid model of
labor supply is to confront it with data on the gross worker flows.

Our analysis begins by documenting the cyclical properties of gross flows. We stress two
key patterns. First, although the participation rate is much less volatile over the business
cycle than either the unemployment or employment rate, the volatility of individual flows
into and out of the labor force is of roughly the same magnitude as are the much studied
flows between employment and unemployment. Second, the cyclical properties of some of
these flows seem counterintuitive; for example, the transition rate from unemployment to
nonparticipation is procyclical despite the fact that the participation rate is procyclical.

We then build a model in which households are subject to idiosyncratic shocks in the

presence of incomplete credit and insurance markets and labor market frictions, i.e., job-



loss and job-finding rates. Our specification allows for endogenous search effort while non-
employed, on-the-job search, heterogeneous match quality, and an unemployment insurance
(UI) system that reflects key features of the US system. Aggregating across heterogeneous
households yields a model of aggregate labor supply in the presence of frictions. The steady
state of the model features flows across labor market states from one period to the next. An
important part of our work is to show that, despite significant nonlinearities in how decision
rules depend on parameters, it is possible to calibrate the model to yield a close match
between the average flows in the US data and those in the model.

We then subject our model to aggregate shocks to the extent of labor market frictions,
i.e., job-finding rates and job-loss rates, and examine the implications for the cyclical patterns
in gross worker flows. We find that our benchmark model with shocks to frictions does a
good job of accounting for the key features of fluctuations in gross worker flows between
the three labor market states. In particular, it accounts for the fact that the participation
rate fluctuates much less than the unemployment and employment rates and is less highly
correlated with output, as well as generating large fluctuations in the flows into and out of
the labor force that have the same pattern of cyclical correlations as found in the data.!

The weak procyclical nature of the participation rate reflects two forces that are close
to offsetting in our analysis: a wealth effect that decreases the desire to participate in good
times, and an intertemporal substitution effect that creates an incentive for additional search
during good times. Although our model features a constant wage per efficiency unit of labor, a
standard intertemporal labor supply channel nonetheless emerges due to the fact that higher
job-to-job flows during good times imply that wages for individual workers increase more
rapidly during good times. In our model, flows between participation and nonparticipation

account for almost one third of fluctuations in the unemployment rate, consistent with the

! As Shimer (2013) demonstrates, a model that provides a good match with the data in the cyclical behavior
of the flows between unemployment and employment does not necessarily fit the cyclical pattern of labor force
participation once it is extended to incorporate the participation margin.



empirical findings in Elsby, Hobijn, and Sahin (2015).

Changes in the composition of individuals in the unemployment pool play a key role in
explaining how our model accounts for the patterns of correlations for the flows into and out
of the labor force. In particular, during good times the unemployment pool is more heavily
populated by individuals who are closer to being indifferent between participating and not-
participating, and as a result there is an increase in the rate at which workers transition from
unemployment to nonparticipation.

Our paper is related to several strands in the literature. One of these is the literature

2 Another is the literature on individual labor supply in the presence of

on gross flows.
frictions. Ham (1982) was an early effort to rigorously study unemployment in a labor
supply setting, showing that unemployment spells could not be interpreted as optimal labor
supply responses. Consistent with his findings, our model features both an operative labor
supply margin and unemployment, and unemployment is a departure from desired labor
supply. More recently, Low, Meghir, and Pistaferri (2010) study life cycle labor supply in
the presence of frictions. Our study is very much in the spirit of theirs, though because
our focus is on aggregate effects over the business cycle, our individuals are described in a
more stylized manner (without regard to age, etc.). Our own earlier work, e.g., Krusell et
al. (2010), is even more stylized and only looks at mechanisms in steady states, whereas the
present paper is focused entirely on aggregate fluctuations.?

A third strand is a recent literature that extends general equilibrium business cycle models

of employment and unemployment to allow for a participation decision.? The key feature

2This includes, for example, Abowd and Zellner (1985), Poterba and Summers (1986), Blanchard and
Diamond (1990), Davis, and Haltiwanger (1992), Fujita and Ramey (2009), Shimer (2012), and Elsby, Hobijn,
and Sahin (2015).

30ur earlier work is significantly less detailed: it does not have UL, costly search, nor on the job search. Our
modeling of search costs here, moreover, actually allows us to fit the steady state flows significantly better.
Finally, note that due to the nonlinearity of our model, with wealth effects, cutoff decision rules, etc., it is not
sufficient to make steady state comparisons as a way of understanding how cyclical movements are generated.

“These include Tripier (2004), Veracierto (2008), Christiano, Trabandt, and Walentin (2010), Galf, Smets,
and Wouters (2011), Ebell (2011), Haefke and Reiter (2011), and Shimer (2011).



that distinguishes our paper from these is our focus on gross worker flows—these papers only
consider labor market stocks. In addition, our model improves upon labor supply models
with household heterogeneity—such as in Chang and Kim (2006)—by introducing a labor
market with realistic features.

An outline of the paper follows. In the next section we document the key business cycle
facts for gross worker flows among the three labor market states for the US over the period
1978-2012. Section 3 describes our theoretical framework and explains how we calibrate it.

Section 4 examines the cyclical performance of the model. Section 5 concludes.
2  Worker Flows over the Business Cycle

In this section we document the business cycle facts for gross worker flows. A model that suc-
cessfully accounts for the behavior of gross worker flows will necessarily account for behavior
of the net flows and hence the three labor market stocks—FE (employment), U (unemploy-
ment), and N (not in the labor force)—though not vice versa. It follows that matching the
behavior of the three labor market stocks is a less stringent test of a model. Because it is
much simpler to describe the behavior of the stocks and they are subject to less measurement
error, we think it is useful to examine the properties of both the stocks and the flows in the
models that we consider.’

To begin our analysis, Table 1 presents summary statistics from the data for the business
cycle properties for the stocks.® We use u to denote the unemployment rate, U/(E + U),

lfpr to denote the labor force participation rate, (E 4+ U)/(E + U + N), and Y for GDP.

5The cyclical components in Table 1 and Table 3 are isolated using an HP-filter with a smoothing parameter
of 1600 applied to quarterly averages of monthly data.

5We restrict attention to the period 1978Q1-2012Q3 since that is the period for which we have consistent
data on adjusted gross flows.



Table 1
Cyclical Properties of Stocks: 1978Q1-2012Q3

U Lfpr E
std(x) 0.1170 0.0026 0.0099
corrcoef(z,Y) —0.84  0.21 0.83
corrcoef(z,x—_1)  0.93 0.69 0.92

The resulting patterns are relatively well known: employment is strongly procyclical, and
the unemployment rate is strongly countercyclical. Although the labor force participation
rate is procyclical, it is not as strongly cyclical as the other two series. The unemployment
rate is the most volatile of the three series, and the labor force participation rate is the
least volatile. All three series are highly autocorrelated. The fact that the participation rate
fluctuates relatively little compared to either the employment rate or the unemployment rate
might lead one to conclude that movements into and out of the labor force are not of first
order importance in understanding fluctuations in the unemployment rate. However, this
conclusion confuses the role of net flows with the role of gross flows. We now turn to look at
the behavior of gross flows, and will see that the small fluctuations in net flows into and out
of the labor force mask large fluctuations in the individual flows into and out of the labor
force.

We estimate gross flows using the matched Current Population Survey (CPS) data for
the period 19782012 following an algorithm similar to that used elsewhere.” While some of
the patterns that we highlight have been documented in previous work (see, e.g., Blanchard
and Diamond (1990) and Shimer (2012)), some details vary across studies and it is important

that we have a consistent set of statistics for the exercises we carry out later.®

"In particular, see Blanchard and Diamond (1990), Fujita and Ramey (2009), Shimer (2012), and Elsby,
Hobijn, and Sahin (2015).

8Differences include the method used to identify cyclical components, the time period, as well as whether
to report statistics for flows of workers as opposed to transition rates. For example, Blanchard and Diamond
(1990) focus on the component of the time series that is accounted for by what they call “aggregate demand
shocks”, whereas we focus on the cyclical component as identified using the HP filter. They consider the time
period 1968-1986, whereas we consider 1978Q1-2012Q3. And we characterize transition rates whereas they
characterize the level of flows. This last feature can make some properties appear different. For example,
whereas the transition rate from U to E (which we denote as fyg) is strongly procyclical, the fact that the



An important concern when analyzing gross flows data is the possibility of classification
error. Earlier research has found these errors to be substantial, especially for transitions be-
tween unemployment and nonparticipation.” We implement a correction following Blanchard
and Diamond (1990) and Elsby, Hobijn, and Sahin (2015) to address this issue. In particular,
we adjust the gross flows data using Abowd and Zellner’s (1985) estimates of misclassifica-
tion probabilities based on resolved labor force status in CPS reinterview surveys. Table 2
shows the average values of quarterly transition rates for the 1978Q1-2012Q3 period with
and without the Abowd-Zellner correction; in the table, f;; denotes the fraction of workers
that move from state i in the previous period to state j in the current period.'®

Table 2 reveals that the adjusted flows using Abowd and Zellner’s estimates of misclassi-
fication probabilities are systematically below their unadjusted counterparts. Put differently,
all three labor market states are more persistent than predicted by unadjusted flow rates.
As noted in the prior literature, flows that involve nonparticipation are affected much more
than other flows. Transition rates between employment and nonparticipation are approxi-
mately halved, while those between unemployment and nonparticipation are adjusted down
by around one third.

An alternative adjustment, suggested by Elsby, Hobijn, and Sahin (2015), involves re-
coding sequences of recorded labor market states to eliminate high-frequency reversals of
transitions between unemployment and nonparticipation. This procedure identifies individ-
uals whose measured labor market state cycles back and forth between unemployment and

nonparticipation from month to month and omits such transitions (“deNU Nification”). For

size of the unemployment pool is also countercyclical implies that the level of the U to E flow is actually
countercyclical.

9See, for example, Abowd and Zellner (1985), Poterba and Summers (1986), Chua and Fuller (1987), and
Elsby, Hobijn, and Sahin (2015).

0We do not make any correction for time aggregation when reporting statistics for the flows. Our model
will explicitly allow for some time aggregation, so the statistics in Table 2 will be the appropriate ones
for comparing with the values generated by our model. We note, however, that with the time aggregation
corrections, none of the qualitative patterns that we comment on below change. Shimer (2011) examines these
flows using data that are corrected for time aggregation but finds the same cyclical properties as we do.



example, a respondent who reported a sequence of labor market states of NUN is recoded as
being a nonparticipant NN N. Elsby, Hobijn, and Sahin (2015) show that this correction re-
sults in transitions rates between unemployment and nonparticipation that are quite similar
to the adjusted rates based on the Abowd and Zellner (1985) estimates. The average val-
ues of the fyy and fyy transition rates with the adjusted data using de NU Nification were
0.146 and 0.019, respectively. These values are similar to the corresponding Abowd-Zellner
adjusted data (0.135 and 0.022). In the remainder of our paper, we will use the average tran-
sition flow rates, as well as labor market stocks, adjusted using the Abowd-Zellner estimates
of misclassification as our benchmark to assess the performance of our model while we will

refer to both adjustments when we evaluate cyclical performance of our model as we discuss

below.
Table 2
Gross Worker Flows 1978Q1-2012Q3
Unadjusted Data Abowd-Zellner Correction DeNU Nified Data
FROM TO FROM TO FROM TO
E U N E U N E U N

E 0.957 0.015 0.028 E 0.972 0.014 0.014 E 0.957 0.015 0.028
U 0.254 0.535 0.211 U 0.228 0.637 0.135 U 0.263 0.591 0.146
N 0.047 0.028 0.925 N 0.022 0.021 0.957 N 0.048 0.019 0.933

Next we turn to the cyclical behavior of the gross flows. Table 3 presents summary statis-
tics from the data for the business cycle properties for gross flows data using the unadjusted
data as well as the Abowd-Zellner adjusted and deNU Nified flows data. The series are
quarterly, produced by taking the quarterly average of monthly series, and all series are then

logged and HP filtered.



Table 3

Cyclical Properties of Gross Worker Flows
Unadjusted Data

fev  fen  fue fun  fNne  [nu
std(x) 0.075 0.033 0.077 0.053 0.041 0.064
corrcoef(xz,Y) -0.70 035 0.79 066 0.61 —0.70
corrcoef(z,x_1) 069 0.22 0.82 071 052 0.78

Abowd-Zellner (AZ) Correction

fev  fen  fue  fun  INne  [nu
std(x) 0.089 0.083 0.088 0.106 0.103 0.072
corrcoef(z,Y) -0.63 043 0.76 061 052 —0.23
corrcoef(z,x_1) 059 029 0.75 0.62 038 0.30

DeNU Nified Data

fev  fen  fue  fun  fne  fNu
std(z) 0.069 0.036 0.076 0.066 0.042 0.063
corrcoef(z,Y) —-0.66 0.29 0.81 055 0.57 —0.56
corrcoef(xz,x_1) 070 022 085 058 048 0.57

While there is a lot of information in this table, we focus our discussion around four
basic observations. First, although as noted previously the stock of nonparticipants does
not vary much over the business cycle relative to the other two stocks, Table 3 shows that
the flows between nonparticipation and the other states exhibit large movements at business
cycle frequencies. Specifically, whereas the fluctuations in the participation rate are an order
of magnitude smaller than the fluctuations in the unemployment rate, the fluctuations in the
transition rates into and out of nonparticipation are of roughly the same order of magnitude
as those in the much-studied flows between F and U. For example, looking only at the
two flow rates into employment, fyr and fyg, one would not be led to conclude that the
participation rate plays only a minor role in accounting for employment fluctuations. The
reason that the labor force participation rate does not move more over the cycle is because
of the offsetting effect of an increased U-to-N transition rate during good times. In fact, the
recent work of Elsby, Hobijn, and Sahin (2015) finds that flows between U and N account
for almost one third of cyclical fluctuations in the unemployment rate.

Second, consistently with the earlier work of Blanchard and Diamond (1990), the U and



N states are not observationally equivalent. For example, whereas the flow rate from E into
U is strongly countercyclical, the flow rate from F into N is weakly procyclical.

Third, some of the cyclical properties revealed in Table 3 might reasonably be viewed as
counterintuitive. For example, although the participation rate increases during good times,
both of the flow rates out of participation, fgny and fiy, actually increase during good times.

Fourth, the fact that the U-to-N flow rate decreases during recessions is contrary to an
apparent piece of conventional wisdom that holds that unemployed workers are more likely
to become discouraged during bad times. Note that this is not inconsistent with the fact
that the stock of discouraged workers is higher during recessions: even with a constant flow
rate between unemployment and discouragement, the fact that the stock of unemployment
is higher in recessions will also imply that the stock of discouraged workers is higher.

The cyclicality of flows are very similar for each of the two misclassification adjustments
we considered. However, applying the misclassification adjustment following the estimates
of Abowd and Zellner increases the volatility of the flow rates involving nonparticipation
considerably while the deNU Nification process does not result in a notable change for the
volatility of these flow rates. This is consistent with the type of adjustment that the two
correction procedures involve. The Abowd-Zellner correction is a time-invariant correction
method that applies the correction probabilities to any occurrence of the state N indepen-
dently while deNU Nification applies the correction to the high frequency reversals between
N and U. When we compare models to the data, we will report comparisons with the data
adjusted using both methods to provide a better assessment of the performance of our models.

For future reference we note a related finding in the recent work by Elsby, Hobijn, and
Sahin (2015). They find that the composition of the unemployment pool shifts towards
more attached workers during recessions; this factor accounts for around 75 percent of the
decline in the U-to-N transition rate during recessions. The most important dimension of

attachment turns out to be prior employment status. This feature will be present in the
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quantitative model that we study. Moreover, our relatively parsimonious model will deliver

natural explanations for all of the patterns just documented.
3 Labor Supply and Gross Worker Flows

Our core model is one of individual consumption and labor supply in the presence of imper-
fectly insurable uncertainty and job finding frictions. The individual is subject to a variety
of shocks. Some of these shocks are shared by other agents (they are aggregate shocks),
whereas others are purely idiosyncratic. Through the budgets, prices—mnotably the wage per
efficiency unit of labor and interest rate—appear, and we assume that all agents face the
same prices. Moreover, we take these prices as exogenous. Thus, our strategy is to solve
for individual behavior given prices and then aggregate across the population, taking into
account that some shocks are shared. Our focus is on how labor-supply decisions are made
across the population and we do not require that prices clear the labor market at all points
in time: we solve for a partial equilibrium. However, as we explain in detail below, the prices
we do subject the agents to are calibrated so as to clear markets on average.'!

Our setting blends together the Bewley-Huggett-Aiyagari heterogeneous-agent assump-
tions to model consumption choice with a search model restricting the individual’s ability to
choose in the labor market. The latter incorporates search both on and off the job. Overall,
our aim is for the modeling as well as the calibration to be standard and in line with the large
associated literatures. Thus, we did not design the model to deliver certain outcomes for our
focus of analysis: how the gross flows across labor market states change over the business
cycle.

Thus, consider an individual with preferences given by:

E; Z Ik [log(ct) — aey — ysy)

t=0

11n an earlier version of the paper, we also closed the general-equilibrium side of the model, which requires
assumptions on how prices and frictions are determined. Under the assumptions we made, it turned out that
the results were very similar to those obtained in the corresponding partial equilibrium analysis.
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where ¢; > 0 is consumption in period t, e; € {0,1} is employment status in period ¢, and
s¢ € {0,1} is a discrete variable that reflects whether the individual engages in active job
search in period t. The parameters a > 0,y > 0 are the disutilities of work and active search
respectively and 0 < 8 < 1 is the discount factor. A key element of our model is that an
individual’s (net) return from work in the market is stochastic. In reality the relevant shocks
could influence both the reward to market work and the opportunity cost of market work,
but since it is ultimately the relative value of market work that matters, we capture this
with a single shock, which we model as an idiosyncratic shock to market productivity, z;.

We assume it follows an AR(1) process in logs:

log 2111 = p.log 2t + €441

where the innovation &; is a mean zero, normally distributed random variable with standard
deviation ..

The traditional literature on individual labor supply assumes that the relevant market
conditions faced by an individual are prices, most notably the wage rate (w) and the interest
rate (r). A key innovation of our labor supply model is to expand the set of market conditions
to also include four parameters—A\,, A\n, Ae, and o—that describe labor market frictions. We
will refer to A\, A, and A. as employment opportunity arrival rates: A, is the probability that
a non-employed individual who engages in active search receives an employment opportunity;
An is the probability that a non-employed individual who does not engage in active search
receives an employment opportunity, and A is the probability that an employed individual
receives an additional employment opportunity with another employer. The subscripts u

and n reflect the fact that active search will determine whether an individual is counted

as unemployed or not in the labor force. The parameter ¢ is the employment separation

12Because z is mean-reverting, some movements in the return to market work will be predictable whereas
some will not. A richer model would include more detail, perhaps with part of the predictable component
reflecting age effects, and with multiple random components that differ in persistence. We view our approach
as a parsimonious first step.
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rate and is the probability that an individual employed in period ¢ — 1 loses his or her
job at the beginning of period . We collect the aggregate variables into a vector, A =
(w, 7, Ay Ans Ae, 0), that follows a law of motion over time. We describe how we calibrate this
law of motion in the sections below.

A salient feature of the data on gross worker flows that we presented in the previous
section is that even after cleaning the data to remove spurious flows, there remain large
movements of non-employed individuals between active and passive search. To capture this
in our model we assume that the disutility of active search, -y, is random. In our calibrated
model we assume that draws are iid over time and distributed according to a three-point
distribution with mean % and support {y—¢,,7,¥+¢4} with equal probability at each point.

An employed worker’s labor earnings is the product of three components: the market
wage per efficiency unit of labor services (w), the idiosyncratic worker component z described
above, and a match quality component (¢). Whenever an individual receives an employment
opportunity, it is accompanied by a realization of the match quality ¢, which is an iid draw
from a log normal distribution with mean 0 and standard deviation o,. This value is fixed
for the duration of the match and is observed at the time the employment opportunity is
received.

There is a Ul program, specified so as to capture key features of the Ul system in the
US while also maintaining tractability. To be eligible for UI, a worker must have previously
been employed and experienced an employment separation shock. That is, individuals who
leave employment by choice are not eligible. In order to receive benefits, we require that
an eligible individual engage in active search. Although we implicitly assume that the Ul
authority can monitor search activity, we do not assume that the Ul authority can observe
any received employment opportunities, so the receipt of benefits imposes no restrictions on
an individual’s decision to accept an employment opportunity. To capture the fact that Ul

benefits have finite duration while minimizing the state space, we assume that an eligible
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individual loses eligibility each period with probability p. We will represent a non-employed
individual’s eligibility status by the indicator variable IZ, with the convention that a value
of one indicates eligibility. Another feature of the UI system in the US is that benefits are
related to past earnings, subject to a cap. To capture this we assume that an individual’s
UI benefit is a linear function of his or her idiosyncratic shock z, up to a maximum of b.!3

Formally,

boZ if boZ < l_)
b(z) =< - .
b otherwise.

We assume a market structure that is standard in the incomplete markets literature. The
individual cannot borrow and there are no markets for insuring idiosyncratic risk, but can
accumulate an asset, whose level we denote by a, and offers a rate of return given by r. To
capture the presence of various transfer programs that implicitly provide some insurance,

we assume that there is a proportional tax 7 on labor earnings and a lump sum transfer 7.

Combining these features, the individual’s period budget equation is given by:
ct 4 arp1 = (L+7)as + (1 — wzegees + (1 — e) IPsi(1 — 1)b(2) + T

where, as above, e, € {0,1} is the employment indicator.

Next we describe how events unfold within a period. At the beginning of period t an
individual will observe new realizations for z,~, I?, and A. To detail the subsequent events
we need to distinguish individuals according to three scenarios. In the first scenario, the
individual was not employed in the previous period and did not receive an employment
opportunity while searching. In the second scenario, the individual was not employed in the
previous period but did receive an employment opportunity and associated match quality
while searching. In the third scenario, the individual was employed in the previous period.

We begin with the individual in the first scenario. Having received new realizations for

3We index benefits to z rather than past earnings in order to economize on the state space while still
allowing for feedback from market opportunities to Ul benefits.
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z, v, IB, and A, this individual chooses whether to engage in active or passive search and
makes a consumption-saving decision. Following these decisions, the outcome of search will
be realized. If the individual receives an employment opportunity (and an associated draw
of match quality) he or she will enter period ¢ 4+ 1 as an individual in scenario two.

Next consider an individual who enters the current period in scenario two. This indi-
vidual begins the period with an employment opportunity in hand. If the individual ac-
cepts the employment opportunity they will work this period, receive labor earnings, make
a consumption-savings decision and enter the subsequent period as an individual in scenario
3. If the individual chooses to reject the employment opportunity, they are now identical to
an individual who entered the period under scenario one, and once again makes choice about
search effort, consumption and saving.

Finally, we consider an individual who enters the period in scenario three. In the process
of transiting from the previous period to the beginning of this period we allow for two types
of developments. First, we implicitly assume that employed workers engage in passive search
and hence may receive additional employment opportunities. Second, as noted earlier, we
allow for the possibility that past employment positions are destroyed, causing the worker
to be separated. While there are various ways that one could formulate the joint outcomes,
we assume that this individual experiences one of four mutually exclusive events as follows.
With probability 1 — o — A\¢ the individual retains the previous employment opportunity and
does not receive an additional opportunity. With probability A, the individual retains the
previous opportunity but also receives an additional employment opportunity with an ¢id
draw from the match quality distribution. With probability oA, the individual is separated
from the previous employment opportunity but receives a new employment opportunity with

a new draw from the match quality distribution.'? Lastly, with probability o(1 — \,) the

14We interpret these individuals as the very short-term unemployed, who find a job within the month of
separation, which is the main reason we use A, for the probability of new offer. Alternatively, we could have
set this probability equal to oA., on the grounds that a separating worker has the same chance of getting
an outside offer within the period as does a non-separating worker. As a practical matter this makes little

15



individual is separated from the previous employment position and does not simultaneously
receive a new employment opportunity.

In the event that the individual has only one employment opportunity, the situation is
identical to scenario two. In the event that the individual has two employment opportunities,
it is optimal to take the one with the higher match quality and discard the other, at which
point the individual again is in scenario two. Note that the combination of on-the-job search
and heterogeneous match quality implies that our model features a job ladder in which
employed individuals tend to transition to higher paying jobs over time. Finally, an individual
who is separated and has no employment opportunity is identical to an individual in scenario
one.

We express the individual’s decision problem recursively. We formulate the problem at
the point where all new shocks have been realized, so that the individual knows the current
value of z, the current value of v, whether they have an employment opportunity and if so
the value of the match quality, the current Ul eligibility status, and the assets brought into
the period.

An individual without an employment opportunity (i.e., what we called scenario one
above) decides both whether to engage in active or passive search and on consumption versus
saving. Let Ul(a,z,v,I%,A) and N(a,z,v,IP,A) denote the Bellman values for such an
individual conditional upon active search (i.e., unemployed) and passive search (i.e., out of
the labor force), respectively. An individual in this “jobless” situation will have a value

denoted by J(a, z,,I%, A) that is simply the maximum of these two options:

J(a, z,7, IB,A) = maX{U(a,z,'y,IB,A),N(a,z,’y,IB,A)}.

An individual with an employment opportunity (i.e., what we called scenario two above)

difference, but our choice captures the possibility that a separating worker may be able to generate additional
offers through contacts. More generally we could have introduced another independent parameter to capture
this probability.
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has an additional decision: whether to accept or reject the employment opportunity. An
individual who rejects the employment opportunity will become identical to an individual
who did not have an employment opportunity, and hence receive the value J(a, 2,7, IZ, A).
Let W (a, z,q,I7, A) denote the Bellman value for an individual who accepts an employment
opportunity. An individual with an employment opportunity will choose the maximum of

these two values, which we will denote by V(a, z,q,7, IZ, A):

V(a,z,q,, IB, A) = max{W(a, z, q, IB, A), J(a, z,fy,IB,A)}.

Having developed the notation for all of these Bellman values we can now write out the
individual Bellman equations that define these values. Working backwards from the end of

the period decisions, the Bellman equation for W is given by:

W(a,z,q,IB,A)
= >151alx>0{lnc —a+BEy g ya[(1—0— /\e)V(a’, Z.q,7,0, A/) + )\E{V(a’, 2, max{q, q’}, 7,0, A/)
- +o{(1 = A)J(d, 2, L,A)+ NV (d, 2, ¢+, 1,A)}]}
subject to

ct+d =0+nr)a+(1—1)wzq+T.

The future terms on the right-hand side reflect the four mutually exclusive events discussed
previously that can transpire between the end of this period and the beginning of the following
period for an individual who works today.

Next consider the Bellman equations for active and passive search. For active search we

have:

U(CL, Z7, IBv A) - >r(r)1a;x>0{ln C_fy—i_BEz’,q’,v’,IBﬂA’ [)\UV(CLI, Zla qu ’7/7 IB/? A/)—i_(l_Au)J(alv Zlv ’Yla IB/7 AI)]}

subject to
c+d =0+r)a+ (1—-7)IPb(2)+T,
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and for passive search we have

N(a,z,7,I%,A) = max {lnc+p3E L 1B A MV (d, 2, q A I NY+(1=\p) T (d, 2, 8 A

¢>0,a’>0 z
subject to

ct+ad =0+r)a+T.

Our model provides a clear mapping to the data with regard to classifying a worker as
either employed, unemployed, or out of the labor force. Specifically, an individual who works
in period t is labeled as employed. An individual who is not employed in period ¢, but
engages in active search during period ¢ is labeled as unemployed. The residual category, an
individual who is not employed in period ¢ and does not engage in active search, is labeled
as out of the labor force.

To generate implications for aggregate gross worker flows we assume that there are a
large number of workers, each of whom is just like the individual described above, with all
of the shock realizations being iid across individuals. Given a set of market conditions (i.e.,
prices and frictions), we can then look for a stationary distribution of individuals. In this
stationary distribution there is an invariant distribution of individuals over the individual
state variables, an invariant distribution of individuals over the three labor market states
(employment, unemployment, and out of the labor force), and an invariant distribution over

gross flows.!?

3.1 Calibrating the Stationary Distribution

This section describes our procedure for calibrating the parameters of our model so that the

stationary distribution with constant market conditions matches the gross worker flows in

15 Although we only analyze the labor supply side of the market, we note that our framework is consistent
with a general equilibrium model that features two islands, one associated with employment (work island) and
the other associated with nonemployment (leisure island). The work island consists of many districts, each
with a constant returns to scale production function using capital and labor. In this setup, the productivity
z is attached to a worker and follows them as they move across districts. The match quality shock ¢ is
worker-district specific. Free mobility of capital implies that the marginal product of capital is equated across
districts, which because of constant returns to scale will also imply that the efficiency wage per unit of labor
is also equated across districts. See Appendix A.8 for details.
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the data. The numerical solution methods are explained in Appendix A.2.

The model has a large number of parameters that need to be assigned: preference pa-
rameters 3, o, 4 and €, idiosyncratic productivity shock parameters p, and o, the variance
of the match quality shock o, frictional parameters (o, Ay, A¢, and A;,), the tax rate 7, the
transfer 7', the parameters of the Ul system (b, b, and p), and prices (r and w). Because
data on labor market transitions are available monthly, we set the length of a period to be
one month.

Several parameters are set without solving the model. We calibrate the shock process z to
estimates of idiosyncratic wage shocks, and so assume an AR(1) process, with p = 0.996 and
o = 0.096. Aggregated to an annual level this would correspond to persistence of 0.955 and
a standard deviation of 0.20, which we take as representative values from this literature.'®
Note that the tax rate on labor income is inconsequential, since it effectively amounts to
a renormalization of the wage. We introduce it as a way to generate the revenue for the
lump-sum transfer and Ul system in an internally consistent manner. In line with various
studies, we set 7 = 0.30.17 The lump sum transfer 7" will be set so that the government
budget balances in steady state equilibrium.

The parameters of the Ul benefit system are chosen as follows. First, the parameter p
is set to 1/6 so that the average duration of benefits is equal to six months. We set the
cap on benefits to be 46.5 percent of the average wage in our steady state equilibrium. In
our model, all exogenously separated individuals are eligible for UI, and will collect if they
are unemployed and search actively. In reality, many exogenously separated individuals may
either not be eligible or choose not to apply. To incorporate this we set our replacement rate
b so that total Ul payments in steady state is in line with the data. Over the 1978Q1-2012Q3

period, total UI payments are 0.75 percent of total compensation. We use a replacement rate

163ee for example, estimates in Card (1994), Floden and Linde (2001), and French (2005).

Following the work of Mendoza, Razin, and Tesar (1994) there are several papers which produce estimates
of the average effective tax rate on labor income across countries. Minor variations in methods across these
studies produce small differences in the estimates, but 0.30 is representative of these estimates.
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of 0.23, which results in the total Ul payments of 0.74 percent of total earnings.

The remaining parameters are chosen so that the steady state equilibrium matches specific
targets. Although this amounts to a large set of nonlinear equations which is solved jointly,
we think it is informative to describe the calibration as a few distinct steps.

We begin with the five parameters a, 7, o, Ay, and A,. We discipline the value of 7 relative
to the value of a based on measures of search time relative to working time. In particular,
since average time devoted to search for unemployed workers is approximately 3.5 hours per
week in the American Time Use Survey (ATUS) according to Mukoyama, Patterson, and
Sahin (2016), and average hours of work for employed individuals are approximately 40,
we set ¥ = %’a. Intuitively, holding all else constant, the disutility from working a will
directly affect the desire of individuals to work and hence exerts a direct influence on the
employment rate. The gap between )\, and A, will influence how the non-employed are split
between active and passive search. For a given gap, the level of A, will directly impact on
the flow from N to E. And the value of o will intuitively have a direct impact on the flow
from F into U. Accordingly, we set the values of «, o, Ay, and A, so as to match the labor
force participation rate (0.66), the unemployment rate (0.068), the E-to-U flow rate (0.014),
and the N-to-E flow rate (0.022). All these values are averages from 1978Q1 to 2012Q3.

The two parameters A\, and o, will directly impact the nature of job-to-job transitions
in the model. Accordingly, we set these two values so as to match a job-to-job transition
rate of 2.2% per month (from the Current Population Survey, using the tabulation of Fallick
and Fleischman (2004) for 1994Q1 to 2012Q3) and an average wage gain upon experiencing
a job-to-job transition of 3.3% (from Tjaden and Wellschmied (2014)).

The final preference parameter to be determined is €., which governs the variation in the
disutility associated with active search. This parameter plays a very specific role in terms of
allowing our model to match the patterns in gross worker flows. As noted previously, a key

feature of the gross flow data is that even after correcting for potential spurious flows due
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to misclassification, there are still large flows between U and N. Taking these flows at face
value, they suggest important temporary shocks that influence the decisions of non-employed
individuals. We generate these flows by assuming a shock to the disutility of active search.
While this could reflect real demands on an individual’s time that make search more costly,
it could also reflect psychological effects associated with the job search process. We set ¢, so
as to match this aspect of the gross flow data.

While our subsequent analysis is partial equilibrium, we impose that our steady state
values for » and w are consistent with factor prices generated from a Cobb-Douglas aggregate
production function with capital share parameter equal to 0.30 assuming factor inputs are
those implied by our steady state model. We set 5 so that the return to capital (1 + r)
derived from the background general equilibrium model is 1.00327 (1.04 in annual value).
This leads us to 8 = 0.99465. This value of r implies w = 2.48. The government budget
balance condition then implies that T = 1.36.

Table 4 summarizes values for the other calibrated parameter values and Table 5 dis-
plays the implications for steady state gross flows in our calibrated model, as well as the
corresponding average values for these flows for the US over the period 1978Q1-2012Q3. We
report the 95% confidence intervals for the flow rates in the data that were calculated using
bootstrapping on the microdata. Further details regarding data sources and the construction

of labor market flows are provided in Appendix A.1.

Table 4

Calibration

Parameter Values

B Pz Oc 2 «a v Ay An g Ae Oq Exy
0.99465 0.996 0.096 1/6 0.485 0.042 0.278 0.182 0.0178 0.121 0.034 0.030
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Table 5
Gross Worker Flows in the Data and the Model

AZ-Adjusted Data Model
FROM TO FROM TO
E U N E U N

E 0.972 0.014 0.014 E 0.972 0.014 0.014
95% CI  (0.970,0.974) (0.013,0.015) (0.012,0.015)

U 0.228 0.637 0.135 U 0.219 0.652 0.130
95% CI  (0.211,0.246) (0.616,0.657) (0.119,0.152)

N 0.022 0.021 0.957 N 0.022 0.020 0.958
95% CI  (0.019,0.025) (0.018,0.023) (0.954,0.960)

While the nonlinear nature of the model prevents a perfect match to the gross flow data
given the number of free parameters and the additional moments being matched, Table 5
indicates that the model does a very good job of matching the gross flows found in the data.
All flow rates lie within the 95% confidence interval for the flow rates. To the best of our
knowledge, ours is the first structural model to present such a close fit to these data. Previous
work has not been able to provide such a close match to the flows between unemployment
and nonparticipation, and since flows must sum to one, these earlier studies have necessarily

missed on the other flows as well.

3.1.1 Gross Flows by Wealth

The previous discussion focused on the ability of the calibrated model to match the aggregate
gross flows data. The model also has predictions for these flows conditioned on individual
state variables. In particular, the model makes predictions for the pattern of gross flows
by wealth. The CPS does not contain data on wealth, so here we exploit the Survey of
Income and Program Participation (SIPP) to assess the model’s predictions regarding the
relationship between gross flows and wealth.

The SIPP consists of a collection of multi-year panels. Within a panel, respondents are
interviewed three times per year about the previous four months. Panels range in duration

from 2 to 4 years. We use the 1990-2008 SIPP panels, which cover October 1989 through
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November 2013 with gaps. Between one and four times per panel, households report their
assets, including checking and savings accounts, mutual funds, retirement accounts, and
real estate. We approximate household wealth in each month using the most recent wealth
measure. Similar to the CPS, the SIPP reports labor market status of respondents over
a panel which allows the calculations of individual worker transitions. Although the labor
force status definitions in the SIPP differ slightly from those in the CPS, we create a labor
force status nearly analogous to the CPS. As is well known and discussed extensively in
Fujita, Nekarda, and Ramey (2007), the flow rates computed using the CPS and SIPP differ
in levels. Since our model is calibrated to the CPS data, we report the flow rates for each
quintile relative to the overall average flow rates in Table 6 to make the comparison of the

model with the data easier.

Table 6
Flow Rates by Wealth Quintile Relative to the Aggregate
Data Model
QL Q2 Q3 Q4 Q5 QL Q2 Q3 Q4 Q5

EU 182 1.15 0.87 070 054 | EU 1.13 1.05 0.97 0.97 0.96
EN 1.15 092 091 097 1.09 | EN 454 124 054 0.63 0.72
UEF 088 1.08 1.04 110 106 | UE 1.05 092 1.02 1.03 1.02
UN 106 094 099 094 1.04 || UN 154 1.04 0.81 .087 0.80
NE 1.05 134 099 089 084 | NE 116 133 089 0.70 0.73
NU 179 137 086 063 047 | NU 073 1.87 1.11 0.88 0.83
EE 095 099 1.01 102 102| EF 093 1.00 101 1.01 1.01
vu 107 097 097 095 091 | UU 087 1.02 1.03 1.02 1.03
NN 097 096 101 1.02 1.03 || NN 100 097 1.00 101 1.01
JJ 129 112 94 8 079 JJ 1.68 1.01 092 0.96 0.95

Overall, the model does a reasonably good job of matching the qualitative features found
in the SIPP data. In particular, the E to U flow rate decreases with wealth both in the SIPP
data and in our model. In the model this is driven by wealth effects: wealthy individuals who
suffer a job loss are more likely to leave the labor force. The E to N flow rate is U-shaped
with respect to wealth both in the SIPP data and in our model: workers in the upper and

lower wealth quintiles are more likely to leave employment for nonparticipation. This pattern
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reflects two different reasons for leaving the labor force in the model. Workers in the lowest
quintiles are typically the ones with low productivity making them leave the labor force,
while at the highest wealth quintiles, the wealth effect is important in causing labor force
withdrawal. These two forces are more stark in our model than they are in the data. The U
to E flow rate, often referred to as the job finding rate, is approximately flat with respect to
wealth both in the model and in the data. The N to E flow rate decreases by wealth both in
the data and in our model. Once again, in the model this is driven by wealth effects. Finally,
we note that the job-to-job (JJ) flow rate decreases by wealth both in the data and in the
model. In the model this is driven by the fact that employed individuals with high wealth
are more likely to have higher quality matches, making job-to-job transitions less likely.'®

Two patterns which do not match qualitatively are the U to N flow rate and the N to
U flow rate. The U to N flow rate is approximately flat with respect to wealth in the data
while it is the higher for workers with lower wealth in our model. In our model, unemployed
individuals with low wealth are more likely to have entered unemployment from N and so
are close to the boundary between these two regions, making them more likely to transition
to N. The N to U flow rate decreases with wealth in the data, whereas in our model it is
non-monotonic: consistent with the data it is decreasing after Q2, but it increases going from
Q1 to Q2.

In addition to implications for gross flows by wealth, the model has detailed implications
for asset accumulation and decumulation related to labor market status as well as for the
distributions of wealth and productivity. We discuss these in some detail in Appendix A.3

and argue that they are in line with empirical microeconomic studies.

¥Note that in Table 6, FE refers to workers who continue to be employed regardless of changing jobs or
not, while JJ stands for job-to-job transitions.
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3.2 Calibrating the Aggregate Shocks

Our main goal is to examine the extent to which our labor supply model of gross worker flows
can match the properties of fluctuations in Tables 1 and 2 when subjected to empirically
reasonable shocks to market conditions. We will assume that the only source of shocks is
to frictions, i.e., we will assume that the two prices—w and r—remain constant. This is a
natural starting point of this kind of analysis since many researchers, e.g., Hall (2005), have
argued that a model in which wages are perfectly rigid offers a good account of labor demand
movements in the sense that it accounts for cyclical movements in the job-finding rate in a
model with a fixed labor force. Moreover, the state of the literature on wage cyclicality is
still unsettled. We will thus take as given the fluctuations in frictions found in the data and
ask whether such a model also provides a good account of labor market flows in a model that

explicitly allows for an endogenous participation margin.

3.2.1 Modeling Shocks to Frictions

There are a few different ways that we could proceed. One strategy would be to estimate
the model using some type of simulated moments estimator on time series data. We instead
adopt a much simpler and, we think, more transparent approach that offers some important
insights into the role that different driving forces play in shaping the cyclical properties of
gross worker flows. Specifically, given that our focus is on business cycle fluctuations and that
a key feature of business cycles is comovement among series, we effectively focus on perfectly
correlated movements in market conditions that reflect business cycle movements. We then
ask whether such movements can account for business cycle fluctuations in gross worker flows
if the relative variances of the movements in each variable are set to empirically reasonable
values. Intuitively, we want to consider shocks to labor demand that manifest themselves
in fluctuations in prices and frictions. However, for our purposes, the ultimate source of

labor demand shocks is immaterial and, indeed, the shocks we consider are consistent with
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a variety of such sources.

The simplest implementation of this method would posit a latent aggregate state s that
follows a Markov process, with prices and frictions all being functions of this latent aggregate
state 5.1 As is common in the business cycle literature with heterogeneous agents, we assume
that the shocks to market conditions follow a two-state Markov process. We will refer to one
state as the “good” state (denoted by a superscript GG) and the other state as the “bad” state
(denoted with a superscript B). The good state will have a high value for the employment
arrival rates Ay, Ae, and A\,, and a low value for the employment separation rate o. We
denote the two possible realizations for the market conditions shock as (A&, \G A&, ¢¥) and
(AB AB AB oB). We parameterize these shocks as AG = A\ +e* A8 = \r — e 0C = 0% — ¢,
and 0P = o* + €%, where \! and o* are the values for the model calibrated to match
average transition rates. We assume that movements in A, and A, are such as to maintain
constant ratios relative to \,. We assume that the transition matrix for the Markov process
is symmetric, with diagonal element denoted by p.

In our model, both the level and fluctuations in fyg closely mimic the level and fluctu-
ations in \,. For this reason we choose the value of €* so that the fluctuations in fyg in
the simulated model match the standard deviation of the fluctuations in firg found in US
data. This leads to e* = 0.0662. Given values for the \;’s, which influences the impact of
time aggregation on measured fgy, the level and fluctuations in fry closely follow the level
and fluctuations in o, so we choose €7 = 0.00239 so as to match the fluctuations in fry. We
match the volatility values based on the Abowd-Zellner correction procedure. The value of

p is set to 0.983, which generates an empirically reasonable amount of persistence.

9More generally, one might consider a specification in which the innovations are perfectly correlated but
in which the individual components display different degrees of persistence.
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4 Fluctuations in Gross Worker Flows

This section presents the quantitative implications of our calibrated model for the flows of
workers across labor market states over the business cycle.?? We begin with a discussion of
stocks and then turn to flows. As some key mechanisms in our model involve a compositional
channel, we also examine data that allows corroboration of these effects. We also conduct a
variance decomposition of unemployment changes in the data and the model into the different

gross flows.

4.1 Cyeclical Properties of Stocks

We begin with the less stringent test in which we assess the ability of the model to match the
cyclical movements in the three labor market stock variables—employment, the unemploy-
ment rate, and the participation rate. Table 6 shows the results for the benchmark model and
the data. To compute correlations with output in our partial equilibrium model we generate
a series for output by taking our model generated series for capital and efficiency units of
labor and using them as inputs into a Cobb-Douglas production function with capital share
parameter of 0.30. All the model generated statistics are aggregated to quarterly frequency
and HP-filtered using a smoothing parameter of 1,600, following the exact procedure that we

apply to the data.

Table 7
Behavior of Stocks
Data Model
U Lfpr E U Lfpr E
std(x) 0.1170 0.0026 0.0099 | 0.1207 0.0015 0.0096

corrcoef(z,Y) | —0.84  0.21 083 | —0.99 037  0.995
corrcoef(r,x—1) | 0.93 0.69 0.92 0.87 0.71 0.89

20A relevant question is whether the business cycle analysis we conduct offers important insights beyond
those that would emerge from considering steady state differences in response to permanent changes in fric-
tions. We address this in detail in Appendix A.10. While this analysis does convey some of the qualitative
elements of our analysis, it misses others and is quite different quantitatively. In particular, intertemporal
substitution effects are not captured in a steady state exercise, and as a result the participation rate becomes
countercylical.
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Table 7 reveals that our model of labor supply with shocks to frictions as the sole driving
force does a very good job of accounting for the behavior of the three labor market stocks,
not only qualitatively but also quantitatively. The key result here is that the behavior of
the participation rate in the model closely matches its behavior in the data. In a two-
state model with an exogenously fixed participation rate, shocks to job-finding and job-
loss rates that match the movements in the data will necessarily provide a close match to
observed movements in £ and U precisely because movements in participation are modest in
comparison to movements in employment. The key issue then is whether our model featuring
an endogenous participation margin will generate empirically reasonable movements in the
participation rate. Table 7 shows that our model is able to account for more than half
of movements in the participation rate, as well as the modest procyclical nature of these
fluctuations.

It is important to emphasize that it is not clear a priori that this model would match
even the qualitative features of participation rate fluctuations. The reason for this is that
there are several competing forces. In a much simpler model based on steady state analysis,
Krusell et al. (2010) show that holding all else constant, decreases in job finding rates and
increases in job separation rates lead to less time spent in employment, thereby lowering
income. The negative wealth effect on labor supply associated with this decrease in income
leads individuals to seek to increase time spent working in order to compensate for the loss
in income. Individuals who desire to work more will be more likely to engage in active search
when not employed, and will be less likely to leave a job when employed. These responses
tend to generate a countercyclical participation rate.

But another force works in the opposing direction. In this model, participation for a
non-employed worker represents an investment decision, in that a worker needs to pay the
up-front cost associated with active search in order to generate a potential flow of income

associated with successful job search. In good times there are three factors tending to increase
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the return on this investment. First, the probability of a successful search is greater. Second,
the fact that separation rates are lower implies that a job match will last longer. Third
and most importantly, because arrival rates of outside opportunities for employed workers
are higher, the prospects for wage increases via job-to-job transitions are greater.?! Taken
together, these three factors make it more likely that the individual will engage in active
search in good times, leading one to expect procyclical participation.

There are also effects that interact with the presence of Ul benefits. In bad times there
is an increase in separations, and these workers are all assumed to be eligible for UIl. But
collecting Ul requires active search. Benefits may induce some individuals to search actively
who otherwise would not. On the other hand, lower arrival rates of jobs in bad times can
increase the probability that benefits expire for an individual, which may lead to fewer
individuals receiving benefits.

Despite the opposing forces at play, Table 7 shows that our model not only matches the

key qualitative properties found in the data, but also does a good job quantitatively.

4.2 Cyclical Properties of Gross Flows

We next consider the more stringent test of whether the model is able to account for the key
patterns in the gross flows that underlie these patterns for the stocks. Table 8 displays the
key business cycle facts about the gross flows in the data and in the model. While we targeted
the volatility of fgy and fyg using the Abowd-Zellner adjusted data, we also include the

data based on the alternative adjustment.

2I'We document this mechanism in Appendix A.4.
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Table 8

Gross Worker Flows
A. AZ-Adjusted Data
Jev  fen  fue  fun  [ne  fnu
std(x) 0.089 0.083 0.088 0.106 0.103 0.072
corrcoef(x,Y) —-063 043 0.76 0.61 052 —0.23
corrcoef(x,x—1) 0.59 029 075 0.62 038  0.30

B. DeNU Nified Data

fev  fen  fue  fun  fne  fau

std(z) 0.069 0.036 0.076 0.066 0.042 0.063
corrcoef(x,Y) —066 029 081 055 057 —0.56
corrcoef(x,x—1) 070 0.22 085 0.58 048  0.57

C. Model
fev  fen fue fun  fne  [nu
std(m) 0.089 0.057 0.088 0.029 0.051 0.076
corr(x,Y) —-0.79 0.21 0.69 0.47 0.57 —0.96
corr(z,z_y) 076 021 070 034 066 0.7

The model is able to account for the key cyclical patterns: it captures the countercycli-
cality of unemployment inflows (E-to-U and N-to-U flow rates), the procyclicality of unem-
ployment outflows (U-to-E and U-to-N flow rates), and the procyclicality of flows between
FE and N. Although the model is very successful in replicating the cyclicality of the flows,
there are some discrepancies between the data and the model in terms of the magnitudes
of fluctuations for some of the flows. However, it is important to note that the alternative
method for correcting for classification error (what we refer to as “de NU Nification”) implied
levels of volatility that are much more in line with those predicted by our model. In view
of this we feel that less weight should be attached to the discrepancies in volatility levels in
Table 8.

Some of these cyclical patterns in the gross flows are quite intuitive and so do not merit
much discussion. For example, the procyclical flow rate from U to E is mechanically driven
by the procyclical shocks to A, and the countercyclical flow from E to U is mechanically
driven by the countercyclical pattern in the shocks to o. However, as noted earlier, we
believe that two of the patterns that the model is able to replicate are at least somewhat

counterintuitive. Specifically, during good times the transition rates from E to N and U to
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N are both higher, despite the fact that the stock of workers in IV is countercyclical. In what
follows we therefore focus on describing the the economics behind these patterns.

In thinking about the response of flows to a change in market conditions it is useful to
distinguish two broad types of effects. At any point in time, individuals are distributed across
the space of individual state variables. For a given set of market conditions, decision rules
partition this space into the three labor market states E, U, and N and gross flows result
from individuals crossing the boundaries between these regions. Hence a key determinant
of these flows will be the mass of individuals who are near the boundary. When market
conditions change, the boundaries of these regions change, and some individuals will change
labor market states even conditional on not experiencing any change in their individual state
variables. Note, however, that these are essentially one time changes in flows, in the sense that
once the boundaries have adjusted and individuals are reclassified, going forward in time the
flows will again be dictated by the mass of individuals crossing fixed boundaries. While both
one-time and persistent effects will shape the resulting correlation patterns, in the presence
of persistent shocks to market conditions the correlations will intuitively be dominated by
the persistent responses, which reflect movements of individuals across boundaries, rather
than the movements in the boundaries themselves.

We start with the flow from U to N. To understand its behavior, it is essential to
consider the changing composition of the unemployed. In particular, the key dynamic is that
in good times the composition of this group shifts toward individuals who are less attached
to work (i.e., close to the boundary of indifference between U and N), thereby increasing
the fraction of unemployed individuals who cross the boundary into nonparticipation.?? To
see why, note that in good times unemployed workers exit to employment more quickly, so

the pool of unemployed individuals is relatively more composed of individuals who have just

221n fact, for a given distribution of workers in the unemployment pool the immediate impact of a decrease
in frictions is to expand the participation region (i.e., shrink the region of the state space that maps into N)
and decrease the fraction who cross from U into N. But the resulting dynamic effects associated with lower
frictions change the composition of the unemployment pool and increases the U to N flow.
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entered unemployment. Since employed workers are less likely to enter unemployment in
good times (recall that the job separation probability decreases in good times), new entrants
to unemployment are dominated by individuals that transition from N to U. But these
individuals are more likely to be close to the boundary, making them more susceptible to
a transition that puts them back in the N state. This model feature is consistent with
the empirical findings of Elsby, Hobijn, and Sahin (2015), who show that in the CPS data,
the composition of the unemployed pool shifts towards more “attached” workers during
recessions, where the most important dimension of attachment is prior employment status.
They show that this mechanism accounts for around 75 percent of the decline in the UN
flow rate during recessions.

A related but distinct channel that may play a role in generating composition effects
is the receipt of UI benefits. In our model a Ul-eligible individual must actively search in
order to receive benefits. Intuitively, an individual who is eligible for benefits is less likely
to transition to non-participation. In our model, the higher separation rate in bad times
implies that a higher fraction of the unemployment pool is Ul-eligible in bad times. Our
model does not include Ul extensions to the duration of Ul benefits, but allowing for them
would generate similar effects. To better understand the specific role of Ul, we recompute
the business cycle statistics in a model without UI system in Appendix A.11. We find that
the U-to-N flow rate remains procyclical suggesting that the composition effect in our model
is not driven by the effects of UL This finding is consistent with the recent literature on the
labor supply and job search effects of Ul extensions analyzed in Rothstein (2011) and Farber,
Rothstein, and Valletta (2015). These effects are estimated to be small suggesting that Ul

extensions themselves can not account for the strong procyclicality of flows from U to N.23

2There is another channel through which UT extensions could affect the labor market, which is the effect of
UI on vacancy creation examined in Hagedorn et al. (2015). They find the macro effect on vacancy creation
to be quite large. When a worker and an employer agree to form a match, the extension of UI benefits
may require an employer to offer higher wages given that more generous UI benefits improve the bargaining
position of workers. This effect would show up as a lower value to an employer of a filled job. To the extent
that the effect of Ul is through the job creation/labor demand margin, it is already taken into account in our

32



Next we consider the flow from F to N. In the model this flow is very weakly procyclical.
Note also that similar to the data, this flow exhibits very little serial correlation. These two
properties stem from the fact that the persistent response in the EN flow turns out to be very
close to zero, so that the statistics for this flow are dominated by the immediate one-time
changes in flows that are associated with the change in boundaries defined by the decision
rules.? To understand these effects it is important to note that there is an option value
associated with staying employed. In particular, an employed individual understands that
after a quit and hence a transition to N, it will be costly to return to F in the future (due
to search costs and the time it takes to receive an employment opportunity). It follows that
an employed individual needs to consider this option value when deciding whether to remain
employed. As is standard in such a setting, an individual will remain employed even when
it is “statically” suboptimal, on account of the option value of staying employed. When an
aggregate shock decreases the level of frictions, the implicit costs of finding employment go
down, and the option value diminishes. This results in a one time flow from F into N.

Lastly we consider the N-to-U and N-to-E flows. In the model the former flow is coun-
tercyclical and the latter is procyclical, as in the data. To see why the model delivers this
pattern, note that the primary source of flows from N into U or E is those individuals who
are close to the boundary but on the NN side. A small shock to individual state variables could
push such an individual across the boundary and into the U or F regions. For an individual
to flow into U, the individual must not receive an acceptable employment opportunity in
the meantime, since this will take them from N into E instead. But during good times the
increase in job opportunity arrival rates implies that marginal N workers are more likely to

receive offers that take them into F, thus decreasing the flow of these workers into U.

calibration of the cyclicality of the job offer arrival rates. Since we continue to be agnostic on the sources of
fluctuations in job offer arrival rates (the As), our model is consistent with UI having a large effect on job
creation as estimated by Hagedorn et al. (2015).

24The small persistent effect in turn reflects the combined effect of several small effects, including compo-
sitional effects (this time including the distribution of match quality) and changes in wealth.
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Note that our discussion highlights composition effects for flows involving workers in U
but not for the other states. The reason for this is that the extent to which composition effects
matter is very much influenced by the duration of spells within a state. If most workers in N
stay in IV for a long time, then it is hard for changes in the characteristics of workers flowing
in to have a large impact on composition. In contrast, if workers do not stay in a state for
long, then changes in the characteristics of workers who flow into the state can have a large
impact on the composition. In fact, if one looks at the fraction of workers who stay in each
of the three states from one month to the next then it is apparent that composition effects
will be most relevant for the pool of unemployed workers. This is also consistent with the
empirical findings of Elsby, Hobijn, and Sahin (2015) who only find important compositional

effects for flows out of unemployment, something we turn to next.
4.3 Composition Effects in the Data

A key channel through which our model is able to match the cyclical flows into and out of
the labor force is through changes in the composition of the unemployment pool over the
cycle. Consistent with our model, Elsby, Hobijn, and Sahin (2015) argue that a large part
of the cyclicality of U-to-IN flows can be attributed to cyclical shifts in the composition of
unemployed workers. As argued above, what is key in our model is the variation in the share
of workers who are close to the UN boundary. One proxy for closeness to this boundary
is the extent of attachment that an individual has to being in the labor force. To examine
this, Figure 1 plots the cyclical variation in the share of unemployed accounted for by various
subgroups: job losers, job leavers, and entrants. As the figure shows, a higher fraction of
unemployed are job losers during recessions. This is just one dimension of heterogeneity that
is consistent with the compositional shifts in labor force attachment. Table 9 summarizes
other compositional shifts over the business cycle that might proxy for labor force attachment,
such as gender and education. As the table shows, the unemployed pool shifts towards: male,

prime-age, more educated workers, as well as workers who were employed a year ago and
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Figure 1: Share of Unemployed Accounted for by Different Subgroups
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workers who classify themselves as job losers. The table also shows the unemployment to
nonparticipation transition rates. Most of the groups whose unemployment shares rise during
recessions also have lower unemployment to nonparticipation transition rates. In other words,
the composition of the unemployed pool shifts towards workers who are more attached to
the labor force during recessions. In fact, depending on the recession, around 75 percent of
the recessionary decline in the rate at which unemployed workers exit the labor force can be

traced to compositional shifts according to Elsby, Hobijn, and Sahin (2015).

4.4 Participation Flows and Unemployment Rate Fluctuations

As an additional test of the model’s implications for flows, we use the method of Elsby, Hobijn,
and Sahin (2015) to assess the importance of various flows in accounting for unemployment
rate fluctuations. Table 10 summarizes the results for our model and the data, both with
and without adjustments for classification error. The key result is that our model does a
very good job of matching the variance decomposition results derived from the data that

have been adjusted for classification error using either the Abowd-Zellner correction or the
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Table 9
Heterogeneity in U-to-N Transition Probabilities

Subgroup of the Change in unemployment
unemployed fun  share w in recessions (%)
Gender:

Men 17.8 4.7
Women 26.6 —4.7
Age:

16 to 24 28.6 —6.4
25 to 54 17.5 5.4
55 and over 23.9 0.9
Education:

No High-school degree 28.5 —6.5
Only High-school degree 19.1 3.1
Some college 20.1 1.8
College degree 15.4 1.5
Labor force status one year ago:

Employed 14.7 3.0
Unemployed 194 2.4
Nonparticipant 36.6 —5.4
Reason for unemployment:

Job leaver 19.7 —-3.6
Job loser 13.3 12.4
Entrant 34.3 —8.8

deNU Nified correction. In particular, in all three cases the flows between U and N account
for roughly 30 percent of unemployment rate fluctuations, with the remaining share driven
virtually entirely by flows between E and U.?°> We take the result of this exercise to imply
that our model not only captures the key qualitative patterns in the cyclical correlations of
the various flows, but also accounts for the quantitative significance of flows into and out of

the labor force over the business cycle.

25Table A9 in Appendix A.9 shows the contribution of each flow to the fluctuations in the unemployment
rate. This table reveals that although the model does a good job of attributing unemployment fluctuations
to fluctuations in flows between U and N, it underpredicts the role of the UN flow and overpredicts the role
of the NU flow relative to the data.
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Table 10

Variance decomposition of changes in the unemployment rate

Total between
Uand E U and N F and N

Model 74.2 31.1 -3.8
Data-Abowd-Zellner 70.1 30.0 0.6
Data-De NU Nified 67.7 28.7 0.3

4.5 Sensitivity Analysis

In this subsection, we examine the robustness of our findings along various dimensions.
Role of job-finding and job-loss shocks. Throughout our analysis we assumed that there
were aggregate shocks to both the job-finding rates and to the job-loss rates. It is also of
some interest to assess the relative importance of these two types of shocks. To evaluate this
we use the identical parameterization of the model but then simulate the model with the
business cycle shock to the job loss rate shut down. In the interest of space we do not present
the detailed results, but instead offer a brief summary. For the behavior of the three labor
market stocks the main finding is that this specification reduces the volatility of both the
unemployment and employment rates by about one third relative to the benchmark, while
leaving the volatility of the participation rate almost unchanged.

The behavior of the gross flows are relatively unaffected with two exceptions. The first
is the volatility of fpy. Not surprisingly, with shocks to ¢ shut down the volatility of fry
is reduced dramatically. However, the time aggregation implicit in our model specification
does lead to countercyclical movements in fry even in the absence of shocks to o, though
this effect accounts for only about 30 percent of the movement in fgy. The other notable
difference is that the correlation between fyyn and output turns negative. This is consistent
with the explanations that we have articulated above.?S Specifically, we argued that the
procyclical movement in fyn resulted from a composition effect, due to the fact that in good

times the unemployment pool was increasingly composed of individuals who entered U from

26This helps to explain why the volatility of the participation rate is relatively unaffected even though the
volatility of unemployment and employment decline.
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N. But the decrease in the job-separation rate during good times was one of the factors
that influenced the size of this composition effect, since in good times it served to reduce the
number of individuals in U who entered from E. It follows that shocks to the job loss rate
are important in shaping the observed behavior of flows between U and N.
Role of job-to-job transitions. In our discussion of the model’s implications for the
cyclicality of the participation rate we emphasized the role of intertemporal substitution
that operates via the implicit effect of on-the-job search on wage cyclicality. To confirm
this we have also conducted our analysis in a version of the model that eliminates on-the-
job search. Full details are provided in Appendix A.7, but the key result that we want to
emphasize here is that the participation rate becomes strongly countercyclical in this version
of the model. Moreover, the volatility of the participation rate is reduced by almost an order
of magnitude relative to our benchmark model.
Role of the idiosyncratic productivity process. We also consider how changing the
features of the idiosyncratic productivity process affect our findings. In particular, we con-
sider alternative values for the persistence parameter p, (0.94 and 0.97 at annual frequency)
with adjustments to o, in order to compensate for the implied change in the cross-sectional
variation in z. Complete results are provided in Appendix A.6; here we present the key find-
ings. For both values of p, there is a very slight worsening in the model’s ability to match
the steady state flows. For the higher value of p, the implied business properties are virtually
unchanged. For the lower value of p, there is one slight change in the business cycle results:
instead of the participation rate being mildly procyclical it becomes mildly countercyclical.
In the second exercise we lower the value of o2 so that the implied annual standard
deviation is 0.15 instead of 0.20. Once again, we seek to match the same targets, implying
changes to several other parameter values. The same two findings emerge here as well: the
overall fit to the average gross flows in the data is slightly worse, and in the business cycle

exercise the correlation between the participation rate and output is once again modestly
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negative (—0.21).

We draw two main conclusions from these two exercises. First, the properties of the
idiosyncratic shock process matter for the ability of the model to match the average gross
flows data. And second, matching these flows does matter for the model’s implications for

business cycle fluctuations.

4.6 Summary

The discussion following our main results on flows laid out the key intuition for the qualitative
patterns found in Table 8. Several mechanisms we emphasized are intimately connected
with changes in the composition of individuals in different labor market states and we then
turned to the data to find that the compositional changes appear to occur in the data as
well.  Of course, the extent to which the model can reproduce the quantitative features
of fluctuations in gross flows depends not only on the qualitative patterns but also the
quantitative magnitudes of the various effects. It is reasonable to think that a key factor for
the quantitative results is the mass of individuals that are near the participation boundary.
In this regard, the discipline in our quantitative work derives from the fact that our steady

state model is consistent with the average level of gross flows.

5 Conclusion

We have developed a model of individual labor supply in the presence of frictions and used
it to simulate the effects of aggregate shocks to frictions on the labor market outcomes for
a large set of households. Our model is calibrated to match the average values of the gross
flows between all three labor market states. Our key finding is that fluctuations in job-finding
and job-loss rates alone do a good job in accounting for both the qualitative and quantitative
business cycle patterns in the gross flows data. Importantly, despite the fact that our model
assumes a constant wage rate per efficiency unit of labor, intertemporal substitution effects

play a key role in allowing the model to account for the movements in the participation
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rate. This channel emerges because of cyclical movements in frictions: a higher job finding
rate in good times implies that workers can climb up the job ladder more quickly, implying
faster wage growth. This highlights the important interactions between the two benchmark
frameworks that we have merged: the frictionless model of intertemporal substitution, as in
Lucas and Rapping (1969), and the frictional model as in Mortensen and Pissarides (1994).
We believe that our model provides a compelling description of labor market flows. At any
point in time most individuals are far from indifferent between working and not working.
Flows from employment to unemployment do not reflect desired labor supply. But at any
point in time there are individuals who are close to indifferent between working and not
working and for these individuals desired labor supply, and how it responds to changes in
the economic environment, does matter. In particular, intertemporal substitution effects and
involuntary separations into unemployment can coexist. All in all, we consider our current
model a much more satisfactory account of how labor market participation evolves over the
business cycle. It is also interesting to note, in particular, that as a corollary our model
with worker heterogeneity can match the fluctuations in the participation rate with a rather
standard formulation of household preferences, something which has proved challenging with
other setups.

Our model offers a rich yet parsimonious description of individual labor supply in a setting
with heterogeneity, search frictions, and an empirically reasonable market structure. It is the
first paper to consider the effects of aggregate shocks on individual labor market transitions in
this setting. However, it is also simplistic in some dimensions relevant for the microeconomic
data. One of these dimensions regards our model of the household as an infinitely-lived
unit. Clearly, an extension that distinguishes different members of the households would be
relevant, as would an age dimension, along the lines of Low, Meghir, and Pistaferri (2010).
We do believe that our framework is a very useful starting point for these and many other

extensions. It can also be used to understand how policy influences labor supply responses.
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For example, we could use our model to analyze how changes in features of the Ul system
would influence the labor supply side of the labor market.

Related, we also believe that it is useful for assessing a variety of further issues. One
involves using the model to study specific historic episodes; in fact, in Appendix A.5 we
indicate how one might begin to conduct an analysis of the participation movements during
the Great Recession from the perspective of the model. Another interesting issue involves
heterogeneous effects of business cycles on various subgroups of the population. While we
have focused on aggregate shocks to frictions, we can also study the effects of other aggregate
shocks, including shocks to the wage distribution and the returns to saving. It would also
be relevant in this context to consider a general equilibrium model where prices as well as
frictions are endogenous. Given our results here, we are rather hopeful that such a model

can be constructed.
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Appendix (not for publication)

A.1 Data

The Current Population Survey (CPS) reports the labor market status of the respondents
each month that allows the BLS to compute important labor market statistics like the unem-
ployment rate. In particular, in any given month a civilian can be in one of three labor force
states: employed (E), unemployed (U), and not in the labor force (N). The BLS definitions

for the three labor market states are as follows:

e An individual is counted as employed if he or she did any work at all for pay or profit
during the survey month. This includes part-time or temporary work as well as full-time

year-round employment.

e An individual is considered unemployed if he or she does not have a job, has actively

looked for employment in the past 4 weeks and is currently available to work.

e An individual is classified as not in the labor force if he or she is included in the labor
force population universe (older than 16 years old, non-military, noninstitutionalized)

but is neither employed nor unemployed.

Households are interviewed for four consecutive months, rotate out for eight months and
then rotate in for another four months. The panel feature of the CPS makes it possible to
calculate transitions by individual workers between these three labor market states. However,
not all the respondents stay in the sample for consecutive months; the rotating feature of the
panel implies that only 75 percent are reinterviewed according to the CPS sampling design.
Moreover, many other respondents cannot be found in the consecutive month due to various
reasons and are reported as missing. The failure to match individuals in consecutive months
is known as margin error and it causes biased estimates of the flow rates as discussed by

Abowd and Zellner (1985), Fujita and Ramey (2009), and Poterba and Summers (1986). The
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simplest correction for margin error is to simply drop the missing observations and reweight
the transitions that are measured, a procedure that is known as the missing-at-random
(MAR) method. However, this procedure could lead to biases if missing observations are
not missing at random. To deal with this problem, Abowd and Zellner (1985) and Poterba
and Summers (1986) proposed alternative corrections for margin error which use information
on labor market stocks. Their correction reweighs the unadjusted flows in order to minimize
the distance between the reported labor market stocks and the stocks that are imputed
from the labor market transitions. We follow the algorithm proposed by Elsby, Hobijn, and
Sahin (2015), which is similar in spirit to Poterba and Summers’ method, but differs in
implementation. We use the basic monthly CPS files from January 1978 to September 2012.
All transition probabilities are calculated for the population older than 16 years old and are
seasonally adjusted. In addition, we correct for classification error using the estimates of
Abowd and Zellner (1985) which use the reinterview surveys to purge the gross flows data of
classification error. For a detailed discussion of this procedure see Elsby, Hobijn, and Sahin
(2015).

We also compute 95% confidence intervals for various statistics we report related to
gross flows data using bootstrapping. We begin by sampling with replacement 5,000 times
from each month of the longitudinally linked CPS data (each drawn sample has the same
number of observations as the original data), from January 1978 to September 2012. For
each of the 5,000 sample data series, we calculate raw flow rates using the labor status
variable and CPS final weights. We then apply the Abowd and Zellner (1985) and margin
adjustment corrections to each sample data series. Finally, we seasonally adjust the time
series of flow rates for each of the 5,000 sample series (any month for which a longitudinal
link cannot be made for any observations are linearly interpolated). By computing the
statistics using each of the 5,000 series, we are able to construct a distribution of values for

standard deviations, correlations, and autocorrelations. We then report bootstrapped means
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and confidence intervals.

A.2 Computation

As is described in Section 3.1, the calibration of some parameters of the steady state
model involves building a simple general equilibrium model in the background. In particular,
we calculate the steady state values of w, r, and T" as the outcome of the general equilibrium
described below. In addition, b is a function of the average wage of the economy, and thus it
is also a fixed-point object.

The general equilibrium structure is very simple. The economy is populated by a con-
tinuum of (population one) workers whose decision problem is described in the main text.
On the firm side, there is a representative firm who operates competitively with production

function

Y, = K{L;~’,

where 0 is set at .3.27 K; = [ andi is aggregate input of capital services (which is the sum
of the workers’ assets) and L; = f eitzitqirdi is aggregate input of labor services (which is
the sum of the employed workers’ efficiency unit of labor). Output Y; can be used either
for consumption or investment, and capital depreciates at the rate § = .0067. From the
assumption of the competitive factor market, wy and r;+ ¢ are set at the level of the marginal
products of efficiency unit of labor and capital stock.

The government balances budget every period, that is, it sets the lump-sum transfer T;
by

T = / TwieitZitqitdi,

where 7 = .30 as we specified in the main text.

One can define a recursive competitive equilibrium of this economy in a standard manner,

that is, (i) workers optimize given the prices, (ii) the representative firm optimizes, (iii) the

TThe “island” structure associated with the model is as in Krusell et al. (2011); see Appendix A.8 for
details.
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markets clear, and (iv) the government budget clears.

The computation steps of the equilibrium is as follows.

1. Guess the steady state level of K/L (which determines w and r), T, and the average

wage.
2. Perform the optimization of the workers.
3. Compute the invariant distribution of the workers over the individual state variables.

4. Compute K/L, T, and the average wage that are implied by the invariant distribution,
and compare with the earlier guess. If they do not coincide, revise the guess and repeat

from Step 2 until convergence.

For the worker optimization (Step 2), we set 48 uneven grids (more grids closer to zero)
over individual capital stock (from a = 0 to a = 1440), 20 grids on z, and 7 grids on ¢. Both
stochastic processes of z and ¢ are discretized using Tauchen’s (1986) method (the ranges of
the grids are set at two unconditional standard deviations). We have converted the annual
AR(1) process into monthly AR(1) process using the formula analogous to the ones in Chang
and Kim’s (2006) Appendix A.2. In optimization, we have allowed for choosing off-grid values
of a;y1 by linearly interpolating the value functions across the grids.

For the computation of the invariant distribution, we represent the distribution of workers
in terms of the “density” (i.e. how many people are at each state) over the state variables
(a, z) in addition to the employment status and UI eligibility. For employed workers, ¢ is an
additional state variable. We iterate the density using the decision rules that were derived in
Step 2 and the Markov transition matrices for stochastic processes until it converges to an
invariant density. In the a direction, we have used a finer set of grids (1,000 grids) instead of
the original 48 grids in calculating the density. (The decision rules are linearly interpolated.)

In the economy with shocks, we take the values of r, T, and b as constant. Given the
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shocks on M's, o, and w, we can calculate the outcomes in the main texts in the following

two steps.

1. Perform the optimization of the workers.

2. Simulate the aggregate behavior using the decision rules from the optimization and the

stochastic processes.

The optimization procedure is similar to the steady state case. Simulation starts from
the invariant distribution derived in the steady state model. We simulate the economy for

5,000 periods and discard the initial 1,000 periods in calculating the statistics.

A.8 Some Properties of the Model Steady State

In this section, we lay out some of the microeconomic properties of the benchmark model
(without aggregate shocks) and relate them to facts reported in microeconomic studies.

First, studies such as Rendon (2006) show that in general employed workers accumulate
asset and nonemployed workers decumulate asset. We can see that this is consistent with
the saving behavior of the model agent.

Figure A3.1 draws the decision rules (in terms of net increase in asset) for each employ-
ment (and Ul eligibility) status. These decision rules are evaluated at the average values of
z and ¢ for each status (the value of ~ is set at the median value of the distribution). As we
can see, employed workers accumulate assets unless a is very large and nonemployed workers
decumulate asset.

Second, some studies, such as Stancanelli (1999), Bloemen and Stancanelli (2001), Algan
et al. (2002), and Lise (2013) document how asset levels are associated with the change in
employment status. In general, it is found that increasing one’s asset level decreases the
probability of moving from nonemployment to employment (making the reservation wage

higher) and increases the probability of moving from employment to nonemployment.
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Figure A3.1: Decision rules for next period asset (net increase), for a given asset level
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In our model, this can be seen from the decision rules for searching when nonemployed
and quitting when employed. In space of idiosyncratic productivity z and wealth a, Figure
A3.2 shows the threshold level of idiosyncratic productivity of searching for UI eligible and
ineligible workers. (They search above the threshold.) Nonemployed workers start searching
for a job if their productivity is above a certain threshold. This productivity threshold can
also be interpreted as a proxy of the reservation wage. As the figure shows, the wage required
to engage in costly search is higher for wealthier individuals for both eligible and ineligible
workers, consistent with the stylized facts.

Here, Ul eligible workers start searching at lower levels of productivity. This is because
we assume that they can receive Ul benefits only when they engage in search. In other
words, here Ul acts to subsidize their job search. This finding turns out to be consistent with
the findings of Mukoyama, Patterson, and Sahin (2014) who find that UI eligible workers
search more even controlling for observable characteristics of workers. It also accords with

the findings of Elsby, Hobijn, and Sahin (2015) that workers who were employed a year
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ago are less likely to stop searching and leave the labor force. Recall that to be Ul eligible
workers need to have been employed recently. In this regard, Lentz and Tranaes (2005)
find, using Danish data, that search intensity exhibits positive duration dependence over
the unemployment spell, which suggests that wealth has a negative effect on job search as
suggested by our model.

As for the threshold to quit working, we plot the threshold productivity for employed
workers with different levels of wealth (for a given value of ¢). (They quit below the thresh-
old.) As Figure Figure A3.2 shows, wealth increases the threshold productivity that the
worker continues to work. Workers who have high match quality continue to work even when
their idiosyncratic productivity is low.

Next we describe the properties of the wealth distribution of the benchmark model. Table

A3.1 summarizes the wealth level at each quintile, normalizing the 60% level to 1.

Table A3.1

Wealth level at each quintile (compared to 60%)
20 40 80 90 95 99

Data | 0.004 0.33 2.51 4.59 9.56 42.12
Model | 0.003 0.20 3.63 6.41 8.80 12.61

The data figures are taken from Diaz-Giménez et al. (2011, Table 1). The difficulty of
this type of model in matching the very top of the wealth distribution is well-documented.
Except for the very top, however, the model does a decent job in generating a large amount of
wealth heterogeneity that is in line with the data. The properties of the wealth distribution
of this type of model has been studied extensively in the literature. See, for example, Krusell

and Smith (1998), Castaneda et al. (2003), and Lise (2013).
Table A3.2

Average wealth levels
Total FE U N
26.3 29.6 24.8 20.5

All numbers are normalized to the (pre-tax) average earnings of employed workers. Fi-

nally, we present the average productivity (only the z part) of each employment category.
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Figure A3.2: Upper panel: the threshold level of idiosyncratic productivity of searching for UI
eligible and noneligible workers; lower panel: the threshold level of idiosyncratic productivity
of quitting into nonemployment for Ul eligible and noneligible workers—benchmark model.
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Table A3.3

Average productivity z
Total FE U N
1.72 239 1.84 0.47

A.4 Additional Model Properties: Wages
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There are three components of individual wages: an aggregate component w;, individual
productivity z;, and match quality ¢;. As the composition of employed workers change over
the business cycle, the average values of z; and ¢ move cyclically.

Table A4.1
Behavior of average wages: benchmark model

avg(wzq) w  avg(z) avg(q)
std(x) 0.0010  0.0000 0.0013 0.0009

corrcoef(z,Y) 0.44 NA  —-0.07 0.68

Table A4.1 summarizes the behavior of average wages. (As in the main text, all variables
are aggregated to quarterly, logged, and HP-filtered with the parameter value of 1600.) The
wage per efficiency unit of labor, w, is acyclical by assumption. However, the average wage
per employed worker, avg(wzq), is procyclical. Average values of z is weakly countercyclical
and the average value of ¢ is procyclical. We can see that the main driver of wage cyclicality

is ¢ (and thus the job-to-job transitions).

A.5 Model Comparison with Great Recession Data

In this Section, we look at a specific episode of the Great Recession in light of our
model. The labor force participation rate declined significantly during the Great Recession.
A substantial part of this phenomenon is related to demographic trends, in particular the
aging of the U.S. labor force. The Figure below shows the labor force participation rate
starting from 1996, the year that the share of prime-age workers peaked in the labor force.
After 1996, the U.S. population gradually started to age. A simple way to isolate the effect of
aging is to compute age-adjusted labor force participation rate. First let us define the labor
force participation rate as the weighed average of labor force participation rates of different

age groups ¢ where s;; is the population share of age group 4 at time t:

Lfpre = Zsz’t X Lfprig.

(2
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Then let us set the population shares to their values in 1996 and define the age-adjusted

labor force participation rate as

Lfpry =) sito06 X Lfprir.
i

We choose 1996 as our base year since 1996 was the year that the share of prime-age popula-
tion peaked and the share of individuals older than 55 started to increase. Figure A5.1 shows
that as the baby boom generation moved from their prime ages (the age category with the
highest participation rates) into the older ages, the labor force participation rate declined;
fixing the population shares at their 1996 levels explains more than 60 percent of the decline

in the labor force participation rate which took place starting in 2008.

Figure A5.1: Actual and age-adjusted labor force participation rates.
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Since demographic change is beyond the scope of our paper, we now provide a comparison
of the model’s prediction for a sample recession with the demographically adjusted labor force
participation rate in the Great Recession period. In the upper panel of Figure Figure A5.2,
we normalize the actual and age-adjusted labor force participation rates to their 2007 levels

and plot the change in the 12-month centered average of these rates, along with the change
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in the unemployment rate for the 2007-2011 period. We also plot a sample recession from
the simulations of our model in the lower panel of Figure A5.2. As the model shows, there
is an initial pick-up in participation which reverses rapidly. This is similar to the Great
Recession where the participation rate did not start to decline until after the second half of
the recession. In the rest of the sample, the unemployment rate increase is accompanied by
declining participation, quite in line with how it behaved during the Great Recession. Thus,
we think that our model is a promising starting point for thinking about this particular

episode and we plan to pursue this issue more in future work.
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Figure A5.2: Upper panel: change in actual and age-adjusted labor force participation rates
and the unemployment rates relative to 2007. Lower panel: labor force participation and
unemployment rates in the model simulation—benchmark model.
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A.6 Robustness with Respect to the Idiosyncratic Shock Process

We use the following specification of idiosyncratic productivity shocks:

log 2441 = p.log 2z + €441.

In the main text, we have set p, to .996 and o. (standard deviation of ;41) to .096, which
imply the values of .955 and .20 for the corresponding AR(1) process on an annual frequency.

In this Appendix, we examine the robustness of our results to changes in p, and o..

1. A higher p,: we set p = 0.97 (the monthly value of p, = 0.997465). Using the same targets

as in the main text, we obtain the parameter values

Table A6.1

Calibration

Parameter Values

I3 Pz O n « 5 Au An o Ae o Evy
0.9951 0.997 0.070 1/6 0.567 0.050 0.256 0.169 0.0170 0.154 0.0335 0.036

and a steady state as follows.

Table A6.2
Gross Worker Flows
AZ-Adjusted Data Model
FROM TO FROM TO
E U N E U N
E 0.972 0.014 0.014 E 0.974 0.014 0.012
95% CI  (0.970,0.974) (0.013,0.015) (0.012,0.015)
U 0.228 0.637 0.135 U 0.186 0.689 0.126
95% CI  (0.211,0.246) (0.616,0.657) (0.119,0.152)
N 0.022 0.021 0.957 N 0.022 0.016 0.962
95% CI  (0.019,0.025) (0.018,0.023) (0.954,0.960)

The cyclical properties, based on calibrating the shocks with the same targets as before

(delivering e* = 0.0630 and £” = 0.00244) are, for stocks,
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Table A6.3
Behavior of Stocks

Data Model
U Lfpr E U Lfpr E
std(x) 0.1170 0.0026 0.0099 | 0.1184 0.0027 0.0098

corrcoef(x,Y) | —0.84  0.21 0.83 | —0.99 0.30 0.99
corrcoef(z,x_1) | 0.93 0.69 0.92 0.88 0.73 0.90

and, for flows,

Table A6.4
Gross Worker Flows
A. AZ-Adjusted Data
JEU Jen  fue fun  [nE Inu
std(x) 0.089 0.083 0.088 0.106 0.103 0.072
corrcoef(x,Y) —-063 043 0.76 0.61 052 —0.23
corrcoef(x,z_1)  0.59 029 075 062 0.38 0.30
B. DeNU Nified Data,
fEU fen fue fun [nE Inu
std(x) 0.069 0.036 0.076 0.066 0.042 0.063
corrcoef(x,Y) —0.66 029 081 055 0.57 —0.56
corrcoef(x,x—1) 0.70  0.22 085 0.58 048  0.57

C. Model
fev  fen fue fun  Ine  fnu
std(x) 0.089 0.086 0.088 0.019 0.052 0.088
CO’I“T(JL‘, Y) —-0.74 0.05 0.62 0.47 0.48 —0.98
corr(x,x_1) 0.76 0.12 0.70 0.31 0.66 0.90

2. A lower p,: we set p = 0.94 (the monthly value of p, = 0.994857). Using the same targets

as in the main text, we obtain the parameter values

Table A6.5
Calibration
Parameter Values
B Pz . I a Y Ay An o Ae aq €y
0.030

0.9944 0.995 0.110 1/6 0.480 0.042 0.370 0.215 0.0183 0.115 0.0350

and the steady state as in the following table.
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Table A6.6

Gross Worker Flows

AZ-Adjusted Data Model
FROM TO FROM TO
E U N E U N

E 0.972 0.014 0.014 E 0.969 0.014 0.017
95% CI  (0.970,0.974) (0.013,0.015) (0.012,0.015)

U 0.228 0.637 0.135 U 0.261 0.584 0.152
95% CI  (0.211,0.246) (0.616,0.657) (0.119,0.152)

N 0.022 0.021 0.957 N 0.022 0.030 0.948
95% CI  (0.019,0.025) (0.018,0.023) (0.954,0.960)

The cyclical properties, given a recalibration with e*

in stocks according to

= 0.0994 and €% = 0.00265, results

Table A6.7
Behavior of Stocks
Data Model
u Lfpr E u Lfpr E
std(x) 0.1170 0.0026 0.0099 | 0.1180 0.0017 0.0088
corrcoef(z,Y) | —0.84  0.21 083 | —0.99 —-0.14  0.99
corrcoef(z,x_1) | 0.93 0.69 0.92 0.86 0.62 0.88
and flows given by the following table.
Table A6.8
Gross Worker Flows
A. AZ-Adjusted Data
fev  fen  fue  fun  Ine  fyu
std(x) 0.089 0.083 0.088 0.106 0.103 0.072
corrcoef(x,Y) —063 043 0.76 0.61 052 —0.23
corrcoef(x,x—1) 0.59 029 075 0.62 038 0.30
B. DeNU Nified Data
fev  fen  fue  fun  fne  fNu
std(x) 0.069 0.036 0.076 0.066 0.042 0.063
corrcoef(x,Y) —-0.66 0.29 0.81 0.55 0.57 —0.56
corrcoef(x,z_1)  0.70 022 085 058 048 0.57
C. Model
fev  fen  fue  fun  fne [N
std(x) 0.089 0.058 0.088 0.047 0.067 0.045
corr(x,Y) —-0.84 032 071 094 070 -0.94
corr(x,z_1) 078 031 069 070 071 0.87

3. A lower o.: with the lower value reported in
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Table A6.9

Calibration

Parameter Values

I5] Pz e L o 5 Au An o Ae o4 Eny
0.99485 0.996 0.072 1/6 0.645 0.056 0.655 0.242 0.0153 0.242 0.035 0.040

we obtain a steady state

Table A6.10
Gross Worker Flows
AZ-Adjusted Data Model
FROM TO FROM TO
E U N E U N
E 0.972 0.014 0.014 E 0.966 0.014 0.019
95% CI  (0.970,0.974) (0.013,0.015) (0.012,0.015)
U 0.228 0.637 0.135 U 0.294 0.567 0.139
95% CI (0.211,0.246) (0.616,0.657) (0.119,0.152)
N 0.022 0.021 0.957 N 0.022 0.031 0.947
95% CI  (0.019,0.025) (0.018,0.023) (0.954,0.960)

and the cyclical properties, based on e* = 0.202 and €7 = 0.0042, become

Table A6.11
Behavior of Stocks
Data Model
U Lfpr E U Lfpr E
std(x) 0.1170 0.0026 0.0099 | 0.1028 0.0043 0.0072

corrcoef(z,Y) | —0.84  0.21 083 | —0.98 —0.21  0.92
corrcoef(z,x_1) | 0.93 0.69 0.92 0.88 0.65 0.88

for stocks and
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Table A6.12
Gross Worker Flows
A. AZ-Adjusted Data

fev  fen  fue  fun  fne  fau
Std(a?) 0.089 0.083 0.088 0.106 0.103 0.072

corrcoef(x,Y) —0.63 043 076 0.61 052 —0.23
0.59 029 0.7 062 0.38 0.30
B. DeNU Nified Data
fev  fen  fue  fun  INe  fnu
std(x) 0.069 0.036 0.076 0.066 0.042 0.063
corrcoef(x,Y) —066 029 081 055 057 —0.56
022 085 058 048 0.57

corrcoef(x,x_1)

corrcoef(x,z_1)  0.70

C. Model
Jev  fen  fue fun  [ne  fnu
std(m) 0.089 0.094 0.088 0.028 0.067 0.035
corr(x,Y) —0.87 0.18 0.70 0.43 0.62 —0.84
corr(z,z_1) 081 026 076 019 075  0.80

for flows.

A.7 Model without On-the-Job Search
We use the same set of targets as the main text in calibration. The fit of the gross flows

are better in the specification of the main text.

Table A7.1
Calibration
Parameter Values
B Pz Oc¢ 1% Q v Au An g Ae Oq Ey
0.9947 0.993 0.097 1/6 0.480 0.042 0.239 0.136 0.018 0 0 0.030
The steady state becomes
Table A7.2
Gross Worker Flows
AZ-Adjusted Data Model
FROM TO FROM TO
E U N E U N
E 0.972 0.014 0.014 E 0.969 0.014 0.013
95% CI  (0.970,0.974) (0.013,0.015) (0.012,0.015)
U 0.228 0.637 0.135 U 0.211 0.717 0.071
95% CI (0.211,0.246) (0.616,0.657) (0.119,0.152)
N 0.022 0.021 0.957 N 0.022 0.011 0.966
95% CI  (0.019,0.025) (0.018,0.023) (0.954,0.960)
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and the cyclical properties, given recalibration using e* = 0.049 and ” = 0.0024 become

Table A7.3
Behavior of Stocks
Data Model
u Lfpr E u Lfpr E
std(x) 0.1170 0.0026 0.0099 | 0.1104 0.0025 0.0086

corrcoef(z,Y) | —0.84  0.21 083 | —0.997 —-0.74  0.99
corrcoef(z,x_1) | 0.93 0.69 0.92 0.88 0.67 0.89

for stocks and

Table A7.4

Gross Worker Flows in the Data and the Model
A. AZ-Adjusted Data
Jev  fen  fue fun  [ne  fnu
std(x) 0.089 0.083 0.088 0.106 0.103 0.072
corrcoef(x,Y) —0.63 043 076 0.61 052 —0.23
corrcoef(x,z_1)  0.59 0.29 075 0.62 0.38 0.30
B. DeNU Nified Data
fev  fen  fue  fun  Ine  fyu
std(x) 0.069 0.036 0.076 0.066 0.042 0.063
corrcoef(x,Y) —066 029 081 055 057 —0.56
corrcoef(x,z_1) 070 022 0.85 0.58 048  0.57

C. Model
fev  fen  fus  fun  fne  fnu
std(x) 0.089 0.073 0.088 0.036 0.058 0.054
corr(z,Y) -0.76 026 0.73 072 079 —-0.84
corr(xz,x_1) 079 026 073 072 079 0.84

for flows.

A.8 General Equilibrium Framework

Consider an economy which is populated by a continuum of (population one) workers.
Each worker is on one of two islands, the work island or the leisure island. The work island is
divided into many districts. There is a continuum of districts with total measure one. Each
district is populated by competitive firms with total measure one in each district.

On the leisure island, a worker can choose whether to search or not in each period. If
he searches, he incurs the utility cost «, and receives a job offer in the next period with

probability A,. If he does not search, the job offer probability is A,. The job offer comes
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with the name of the district in the work island where he will land. His productivity contains
a district-specific component (or district-worker-match-specific component; they will have
the same outcome in our context); call it qg for a worker ¢ in district j. Once he receives the
job offer, he has a choice of moving to the work island or staying on the leisure island.

On the work island, competitive firms operate with a constant-returns to scale technology.

Let the production function for the representative firm in district j be
Y7 = [K)°[L7)°,

where Y7 is output, K7 is the capital input, and L’ is the efficiency units of labor in district
j, though it should be noted that our arguments go through with any constant returns to
scale production function. Assume that capital is freely mobile across districts, while labor
mobility is restricted as we will describe below.

Because capital is freely mobile, the rental rate is common across districts. From the

i\ 0—1
KJ
r=90 (u)

holds. This means that K7/L’ is common across districts. In particular, it is equal to the

firm’s optimization,

aggregate capital-labor ratio K /L. The per efficiency unit wage rate at district 7, w’, is

w = (1-6) <I§>9

Because K7 /L7 is common across districts, w’ is also common at the level w = (1—6)(K/L)?.

When a worker starts a period on the work island, he always has the option of staying
in the same district or moving to the leisure island. With probability A., he receives an
opportunity for moving to a randomly-drawn district k, with district-specific productivity
qf. Because the per efficiency unit wage is common, he moves if and only if qf > qg . Within
a district, a worker has no reason to move across different firms because the wage he receives
is exactly the same. We assume that the worker changes his employer only when he moves

across districts (this is the case, for example, when there is a very small employer-switching
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cost). Therefore, we observe a job-to-job transition only when the worker moves across
different districts. With probability o, the worker is forced to be separated from the current
district. For these workers, with probability A,, there is a job opportunity with a new district
draw. With probability (1 — A,), he is forced to move to the leisure island.

The efficiency units that worker ¢ provides at district j is ziqf , where z; is the worker-

specific component. Let d(i) be the district where ¢ lives in. The aggregate capital stock

K:/aidi

L= /eiziq;j(i)di,

where e; = 1 if worker ¢ is in the work island and e; = 0 otherwise.

is

and the aggregate labor input is

A.9 A More Detailed Variance Decomposition of Unemployment into Flows

The following table adds more detailed information relative to Table 10 in the text.

Table A9
Variance decomposition of changes in the unemployment rate
Class. error Share of variance Total between
adjustment EU UE NU UN EN NE residual Uand E Uand N FEand N
Model 289 453 264 48 -6.7 29 -1.5 74.2 31.1 -3.8
Abowd-Zellner 25.6 445 3.2 268 -1.7 23 -0.6 70.1 30.0 0.6
DeNU Nified 252 425 116 171 -0.8 1.1 3.3 67.7 28.7 0.3

All samples start in January 1978; AZ-adjusted sample ends in September 2012 and deNU Nified sample

ends in November 2011.

A.10 Comparative Statics Based on Steady States

Consider the benchmark steady state and departures from it by choices of A and ¢ that
are those used in the business cycle analysis in the body of the paper for the good and bad
aggregate state, respectively. In the tables below, we report the departures (up or down)

from the benchmark steady state for each of the good and the bad state; hence one can glean
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the “cyclicality” of the reported variables resulting from these permanent changes in A and

o.
Table A10.1
Deviation from the original steady state
Good Bad
u Lfpr E u Lfpr E
(x — xz45)/xss | —0.228 —0.00545 0.0111 | 0.338 0.00541 —0.0193
Table A10.2
Deviation from the original steady state
Good
JEU JEN Juk Jun INE Inu
(r — xgs)/wss  —0.177  0.079 0.139 —-0.020 0.061 —0.185
Bad
feu fen Juk Jfun INE Inu

(x —xss)/zss  0.181  —0.081 —0.168 —0.075 —0.075 0.189

A.11 Model without UI

We now present, as a separate exercise into the role of UI behind the cyclicality of gross
flows, a version of the model without Ul. Once again, the calibration targets are the same as

the main text, resulting in benchmark parameter values

Table A11.1

Calibration

Parameter Values

I3 Pz Oe 7 « y Au An o Ae o4 Eny
0.9947 0.996 0.0957 — 0.473 0.041 0.295 0.181 0.0237 0.080 0.0380 0.030

and steady state flows
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Table A11.2

Gross Worker Flows in the Data and the Model

AZ-Adjusted Data Model
FROM TO FROM TO
E U N E U N

E 0.972 0.014 0.014 E 0.968 0.014 0.018
95% CI  (0.970,0.974) (0.013,0.015) (0.012,0.015)

U 0.228 0.637 0.135 U 0.278 0.550 0.172
95% CI  (0.211,0.246) (0.616,0.657) (0.119,0.152)

N 0.022 0.021 0.957 N 0.022 0.035 0.943
95% CI  (0.019,0.025) (0.018,0.023) (0.954,0.960)

Notice that the model without UI is not able to match the flows quite as well as that

with UL

As for the model with shocks, with the same calibration targets the resulting parameter

values for shocks are e = 0.0585 and €7 = 0.00350. We obtain, for stocks,

Table A11.3
Behavior of Stocks
Data Model
U Lfpr E U Lfpr E
std(x) 0.1170 0.0026 0.0099 | 0.1238 0.0024 0.0114
corrcoef(z,Y) | —0.84  0.21 0.83 | —0.996 0.90  0.997
corrcoef(z,x_1) | 0.93 0.69 0.92 0.87 0.88 0.88
and, for flows,
Table A11.4
Gross Worker Flows in the Data and the Model
A. AZ-Adjusted Data
fev  fen  fue  fun  fne v
std(x) 0.089 0.083 0.088 0.106 0.103 0.072
corrcoef(x,Y) —0.63 043 0.76 0.61 052 —0.23
corrcoef(x,x_1)  0.59 0.29 0.75 0.62 0.38 0.30
B. DeNU Nified Data
fev  fen  fue  fun  fne  fau
std(x) 0.069 0.036 0.076 0.066 0.042 0.063
corrcoef(z,Y) —0.66 0.29 0.81 055 057 —0.56
corrcoef(x,x_1)  0.70 022 085 0.58 048  0.57
C. Model
JEU Jen  fue fun  fne  fnu
std(x) 0.089 0.030 0.088 0.049 0.040 0.49
corr(x,Y) —-0.84 —-0.33 0.76 0.93 0.45 —0.99
corr(z,r_1) 078 —-0.08 074 0.69 058 0.87
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We note that the cyclical patterns are broadly similar. The model without Ul performs
somewhat worse in that it implies too high a procyclicality of the labor force participation
rate and implies a mild countercyclicality of the EN flow (the model with UI gives a mild

procyclicality, in line with data).

68



Appendix References

[1] Algan, Y., A. Chéron, J.-O. Hairault, and F. Langot, “Wealth Effect on Labor Market

Transitions,” Review of Economic Dynamics 6 (2002), 156-178.

[2] Bloemen, H., and E. Stancanelli, “Individual Wealth, Reservation Wages, and Transitions

into Employment,” Journal of Labor Economics 19 (2001), 400-439.

[3] Castaneda, A., J. Diaz-Giménez, and J.-V. Rios-Rull, “Accounting for the US Earnings

and Wealth Inequality,” Jouranl of Political Economy 111 (2003), 293-346.

[4] Diaz-Giménez, J., A. Glover, and J.-V. Rios-Rull, “Facts on the Distributions of Earn-
ings, Income, and Wealth in the United States: 2007 Update,” Federal Reserve Bank of

Minneapolis Quarterly Review 34 (2011), 2-31.

[5] Krusell, P., T. Mukoyama, R. Rogerson, and A. Sahin, “A Three State Model of Worker

Flows in General Equilibrium,” Journal of Economic Theory 146 (2011), 1107-1133.

[6] Krusell, P., and A. A. Smith Jr., “Income and Wealth Heterogeneity in the Macroecon-

omy,” Journal of Political Economy 106 (1998), 867-896.

[7] Lentz, R. and T. Tranaes, “Job Search and Savings: Wealth Effects and Duration De-

pendence,” Journal of Labor Economics 23 (2005), 467-489.

[8] Lise, J. “On-the-Job Search and Precautionary Savings,” Review of Economic Studies 80

(2013), 1086-1113.

[9] Rendén, S. “Job Search and Asset Accumulation under Borrowing Constraints,” Inter-

national Economic Review 47 (2006), 233-263.

[10] Stancanelli, E. “Do the Wealthier Stay Unemployed Longer? An Empirical Study for

the UK,” Oxford Bulletin of Economics and Statistics 61 (1999), 295-314.

69



[11] Tauchen, G. “Finite State Markov-Chain Approximations to Univariate and Vector Au-

toregressions,” Economics Letters 20 (1986), 177-181.

70



