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Abstract

This paper examines the response of the U.S. labor market to a large and persistent job
separation rate shock, motivated by the ongoing economic effects of the COVID-19
pandemic. We use nonlinear methods to analytically and numerically characterize the
responses of vacancy creation and unemployment. Vacancies decline in response to the
shock when firms expect persistent job destruction and the number of unemployed
searching for work is low. Quantitatively, under our baseline forecast the unemployment
rate peaks at 19.7%, 2 months after the shock, and takes 1 year to return to 5%. Relative
to a scenario without the shock, unemployment uncertainty rises by a factor of 11.
Nonlinear methods are crucial. In the linear economy, the unemployment rate “only” rises
to 9.2%, vacancies increase, and uncertainty is unaffected. In both cases, the severity of
the COVID-19 shock depends on the separation rate persistence.
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1 INTRODUCTION

Beginning in mid-March 2020, U.S. initial unemployment claims sky-rocketed to an unprece-
dented level due to the COVID-19 pandemic and the ensuing “stay-at-home” policies implemented
throughout the country.! The incredible spike in unemployment claims will surely result in a sig-
nificant increase in the monthly unemployment rate, with estimates ranging from 14.0% to 32.1%
by mid-2020.2 As the economy enters this high-unemployment state, there are immediate issues
policymakers must tackle, especially related to providing financial relief to affected households,
businesses, and financial institutions. It is also crucial to look ahead and ask what the labor market
response might look like over the medium-term and how economic analysis might change as a con-
sequence of such a massive shock to the economy. The latter is the main contribution of this paper.

We use a standard search and matching model similar to Hagedorn and Manovskii (2008)
to study the economy’s response to a large and positive shock to the job separation rate, which
captures an important dimension of COVID-19’s economic impact. In particular, we focus on the
short and medium-term dynamics of the unemployment rate along the economy’s response path to
the shock. This exercise offers valuable insights into how the labor market will continue to respond
once the shock itself has dissipated. Such a response path is a key ingredient for any future policy
debate that seeks to alter the longer-run evolution of the labor market in the post-pandemic world.

The dynamics of unemployment are driven by the firm’s vacancy creation decision, so we begin
by analytically characterizing the response of vacancies to the separation rate. We show separation
rate shocks affect vacancy creation through two distinct channels. First, a positive separation rate
shock lowers the expected duration and hence the marginal benefit of a new job, which weakens the
firm’s incentives to post vacancies. Second, an increase in the separation rate eventually causes an
increase in the number of unemployed workers searching for jobs. This increases the probability of
filling a new vacancy, which all else equal encourages the firm to post new vacancies in equilibrium.

Our analytical approach uses second-order approximations to cleanly derive these effects. This
shows the conditions under which the first effect dominates the second effect, causing vacancies
to decrease in response to a positive separation rate shock. Intuitively, vacancies fall when the
increase in number of unemployed workers searching for jobs is sufficiently small, so that the
reduction in worker profitability dominates the increase in the likelihood of filling a new vacancy.

Furthermore, we use our second-order approximation to study how higher order moments re-

spond to separation rate shocks. In particular, we show the conditional variance of future unem-

'In February 2020 there were 211,000 initial unemployment claims on average, the lowest level since November
1969. In the second week of March, when the pandemic started to affect the U.S., initial claims rose to 3.31 million.

20n average, panelists from the April 2020 Blue Chip Economic Indicators survey estimated the peak U.S. un-
employment rate in 2020 would reach 14.0%. An estimate from the Federal Reserve Bank of St. Louis found the
unemployment rate could hit 32.1% in the second quarter (Faria-e-Castro, 2020a). Despite the wide range, either value
would reflect the highest monthly unemployment rate on record. The previous peak was 10.8% in November 1982.



ployment (i.e., uncertainty) increases in response to a positive separation rate shock. This result is
driven by the convex response of equilibrium job creation (vacancies times the job-filling rate) to a
separation rate shock. Intuitively, convexity implies a positive separation rate shock increases both
the conditional mean and conditional variance of future job creation, and therefore unemployment.

Our quantitative analysis is based on simulations of the nonlinear model. The severity of the
COVID-19 shock depends on the separation rate persistence, which determines the speed of the re-
covery. In response to the shock in our baseline simulation, the unemployment rate peaks at 19.7%,
2 months after the shock, and takes 1 year to return to 5%. Furthermore, unemployment uncertainty
increases by a factor of 11, relative to a scenario without the shock. We interpret these results as
demonstrating the potentially large and long-lasting economic impact of the COVID-19 pandemic.

In line with our analytical insights, the large unemployment response is driven by a marked
decline in vacancy creation by firms. This in turn is driven by a large reduction in the profitability of
new matches that initially outweighs the increase in the number of unemployed workers searching
for a job. When the separation rate declines, profitability increases, and vacancy creation recovers.

We emphasize the importance of using nonlinear methods by comparing the nonlinear re-
sponses to those from a log-linear version of the model. In the absence of higher-order effects,
unemployment increases to only 9.2%, well below current forecasts. Furthermore, vacancy cre-
ation increases in response to the shock. This will likely prove counterfactual and demonstrates the

role that higher order effects play in generating sensible model responses to a separation rate shock.

Related Literature There are two broad categories of the emerging literature that examines the
economic effects of the COVID-19 pandemic. The first category uses the Markov-switching SIR
(i.e., people are either susceptible to, infected by, or recovered from the disease) epidemiology
model (Atkeson, 2020). For example, Alvarez et al. (2020) study optimal lockdowns that reduce
fatalities while also minimizing the economic costs. In a similar model, Berger et al. (2020) also
study the policies of disease testing and case-dependent quarantines. Eichenbaum et al. (2020)
extend the model so the shock affects supply and demand and find the economic costs are 6 to 7
times larger. Alternatively, Jones et al. (2020) and Piguillem and Shi (2020) argue the congestion
and limited capacity of the health care system is an important consideration for optimal policy.?
The second category of papers employ a New Keynesian and/or multi-sector model to analyze
different policies. In a New Keynesian model, Fornaro and Wolf (2020) highlight how a negative
supply shock can create a “doom loop” that disrupts supply and leads to a pessimism trap with
low growth and high unemployment, where aggressive fiscal policy is needed to prevent economic

stagnation. In a multi-sector nonlinear New Keynesian model, Faria-e-Castro (2020b) shows that

30ther papers examine the COVID-19 pandemic in a historical context. Jorda et al. (2020) compare the COVID-19
pandemic to past pandemics and wars and find longer-lasting economic effects of pandemics. Barro et al. (2020) study
the 1918 pandemic and argue the effects on GDP and consumption are an upper bound for the COVID-19 pandemic.



the shutdown of contact-intensive service sectors can trigger a deep recession and then studies the
effects of recent monetary and fiscal policies. Furthermore, Guerrieri et al. (2020) find an important
role for incomplete markets where firms shutdown and exit in response to aggregate supply shocks,
which has important policy implications for fiscal multipliers and preventing firms from exiting.
Our paper complements the existing literature in an important way. We examine the effects of
the COVID-19 pandemic through the lens of the labor market, which is a crucial element of the
pandemic’s transmission to the economy. To facilitate our analysis, we modify a textbook search
and matching model. Rather than shocking productivity, as others have done, the unprecedented
increase in initial unemployment claims is interpreted as a once-in-a-century job separation shock.
We also contribute to the literature that uses nonlinear methods to analyze search and matching
models. To our knowledge, we are the first to provide nonlinear analytical characterizations of key
variables such as vacancy creation, and higher order moments such as unemployment uncertainty.
These results are helpful in understanding the significant nonlinearities we numerically uncover.
Quantitatively, we build on Petrosky-Nadeau and Zhang (2017) and Petrosky-Nadeau et al. (2018),
who study the nonlinear responses to productivity shocks, by focusing on separation rate shocks.
The paper proceeds as follows. Section 2 introduces the economic environment, Section 3

contains our analytical results, and Section 4 presents our quantitative results. Section 5 concludes.

2 ENVIRONMENT

We situate our analysis in a textbook, infinite horizon search and matching model similar to Hage-
dorn and Manovskii (2008). A representative household and a representative firm interact in a
frictional labor market. In each period, members of the household are either employed or unem-
ployed. The mass of household members is normalized to unity so the number employed equals the

aggregate employment rate. Employed workers receive a wage determined by Nash Bargaining.

Search and Matching At the beginning of period ¢, the employment rate is n;_;. A fraction s; of

employed workers then lose their jobs, where s; is the exogenous separation rate, which follows
Insiy = (1—ps)Ins+ psIns; + o511, € ~ N(0, 1). (1
Therefore, the total number of unemployed people searching for work in period ¢ is given by
up =1 —n4_1 + sny_q. )
If firms post v; vacancies, then the number of new matches is determined by the following function

my = ujve/((uf)" + vp)'", (3)



where ¢ > 0 determines the curvature of the function. Define §; = v;/u; as labor market tightness

from the firm’s perspective. Then the job finding rate, f;, and job filling rate, ¢;, are given by

fo=myfu; =1/(1+6,)"", 4)
G =myfv, = 1/(1+0)Y" (5)

The specification of the matching function follows Den Haan et al. (2000). Compared to a Cobb-
Douglas specification, (3) ensures the job-filling and job-finding rates will remain between 0 and 1.
Following Blanchard and Gali (2010), we assume newly matched workers begin employment

in the same period they are matched with a firm, so aggregate employment evolves according to
ne = (1 — s¢)ne—1 + gy (6)
The unemployment rate, u;, is includes anyone who is not matched in period ¢, so
up =u;y —my =1—mny. @)

Firms A representative firm produces the final good by operating a constant returns to scale
technology that uses labor as the only input. Vacancies and labor demand {v;, n;} are chosen to
maximize the present value of dividends, V; = n,—wn;—rv,+ L E[V;11], subject to (6) and v; > 0,
where x > ( is the vacancy posting cost, w is the wage rate, and £} is the mathematical expectation
operator condition on information at time ¢. Letting \; denote the Lagrange multiplier on the non-

negativity constraint and .S, ; the Lagrange multiplier on (6), the optimality conditions are given by

Snt = K/q — M, @
Snt=1—wy + BE(1 — St41)nt+1)s 9

which imply
Klgg— M\ =1 —wy + BE[(1 — si01)(K/qe1 — Mea1)]- (10)

This condition states that the marginal cost of posting an additional vacancy at time ¢ equals the
marginal benefit of an additional worker. The benefit includes the time-¢ profit from the new match
plus the discounted expected value of the worker, net of the separations that occur at time ¢ + 1.

Also note that S,, ; is interpreted as the marginal surplus value of a new match to the firm at time ¢.

Households Given paths for employment and unemployment, the household maximizes lifetime

utility, J; = ¢; + SEJi11, subject to ¢; = wyny + buy, where b is the unemployment benefit. Ap-



plying the envelope theorem, we obtain the marginal utilities of employment and unemployment,

It = wi + BEJ(1 = 841 (1 — fr1))Intr1 + Sec1 (L — fivr) Jues1)],
Jut = b+ BE(fis1dnes1 + (1 — fror) Juisr)]-

Hence, the marginal surplus of employment over unemployment is given by

It — Jur = w — b+ BE((1 — fre1)(1 — sp41) (Jnpt1 — Jupt1)]- (11)

Wage Rate Wages are determined via Nash Bargaining between an employed worker and the firm.
The total surplus of a match is Ay = (J,; — Jy¢) + Sne. The equilibrium wage rate maximizes

(Jnt — Juz)"(Sns)' ™", where ) € [0, 1] is the household’s bargaining weight. Optimality implies

Ing — Jup = N\ (12)
or, equivalently,

Snt = (1—n)A. (13)
To derive the equilibrium wage rate, first plug (11) into (12) to obtain
Ay = wp — b+ nBE((1 — se11)(1 = frar)Aesal. (14)
Then plug (9) in (13) and combine with (14) to obtain
wy =11+ KBE(1 — 5141)0e41]) + (1 — )b 15)

The wage rate in period ¢ is a weighted average of the representative firm’s value of a new match
and the representative household’s cost of working. The firm’s value of a new worker includes the
additional output produced plus the discounted expected value of the foregone vacancy cost net of

separations that occur in period ¢ 4+ 1. The household’s cost is the foregone unemployment benefit.

Equilibrium Given the production function, the aggregate resource constraint is given by
Cy + KUy = ny. (16)

A competitive equilibrium is sequences of quantities {c;, ng, ug, uf, vy, g }32,, prices {w; }32,, and
exogenous variables {s; }?°, that satisfy (1), (2), (5)-(7), (10), (15), and (16) given states {n_1, s }.

3 ANALYTICAL RESULTS

The dynamics of the standard search and matching model are driven by the representative firm’s

vacancy creation decision. In our context, this choice is crucial in determining the response of the

5



economy, in particular the unemployment rate, to the separation rate shock that occurs due to the
pandemic. This section combines simplifying assumptions with approximation techniques to shed
light on the determinants of vacancy creation at both the micro and macro levels. We also discuss

how vacancy creation drives endogenous fluctuations in uncertainty about the unemployment rate.
3.1 DRIVERS OF AGGREGATE VACANCY CREATION Substituting (15) into (10) implies*

k/q = (1 —=n)(1—b)+ BE[(1 — s¢41)(1 — n0r11qe41) K/ Q1]

In our quantitative exercise, we set the bargaining weight close to zero, following Hagedorn and

Manovskii (2008). Therefore, in order to simplify the qualitative analysis, we set 7 = 0 to obtain

k/q=1— b"’ﬁEt[(l - $t+1)’4/(]t+1]a (17)
~ = ~ v
MC; MB; MBi+1

which has a simple microeconomic interpretation. The left-hand side is the marginal cost of posting
a new vacancy—the flow cost of maintaining the posting multiplied by its expected duration. The
right-hand side captures the static and dynamic marginal benefits of a new vacancy. The static
benefit is the profit flow from a new match. The dynamic benefit captures the fact that, conditional
on the match surviving, the firm saves the marginal cost of posting a new vacancy in period ¢ + 1.

Total vacancies are given by v; = 6;(1 — (1 — s;)n;_1). Using (5) to substitute for #, we obtain

v = (k" (k/q)" — 1)1/L (1—(1—s)ne_1), (18)

which shows vacancies can be decomposed into two components. The first component is driven by
microeconomic considerations and is summarized by the firm’s marginal cost of vacancy creation.
All else equal, a higher marginal cost indicates the firm is creating more vacancies in equilibrium.
Greater vacancy posting drives down the job-filling rate and hence raises the firm’s marginal cost.
The second component is driven by the macroeconomic nature of the matching function. Recall
that uf = 1 — (1 — s;)n,_; is the number of unemployed workers searching for jobs in period ¢.
All else equal, when ;] is higher, more matches are created and the job-filling rate increases. This
drives down the marginal cost of vacancy creation and results in an increase in vacancies created.
To understand how vacancies respond to separation rate shocks, we need to examine how each
component responds. The second component increases in response to a positive separation rate
shock. The higher separation rate causes u; to rise, which ceteris paribus leads to higher vacancies.
Now consider how the first component responds to a positive separation rate shock. To facilitate

the analysis, we use a second-order approximation of (17). Formally, let &, = In(z;/z) denote the

“For tractability, we assume the constraint v; > 0 never binds when deriving our analytical results. Numerically,
the constraint only binds at extreme points in the state space, which we do not encounter in our quantitative exercise.



log deviation of a variable x; from its deterministic steady-state value. We look for a solution where

¢q,18t + 2 ¢q,23t

for some coefficients ¢, ; and ¢, 2.° The firm’s marginal cost, mc;, = k/q, is then approximated by

ncy = _qu,lét 2¢q 2315
Lemma 1. Suppose ¢, = ¢415; + 2¢q 252 solves (17). Then g1 > 0and g9 > 0.

Given the approximation to the vacancy creation equation, (17), this result says the job-filling
rate is increasing and convex in the separation rate s;, while the marginal cost is decreasing and
concave. We can also trace out the relation between mic; and 5; by revisiting (17). Consider a
positive and persistent shock to the separation rate, which causes both s; and E,;5;, to increase.
To a first order, the increase in £,5;,, lowers the dynamic benefit of posting a vacancy in period ¢
since there is a larger chance that it gets destroyed in period ¢ + 1. In response, the firm chooses to
post fewer vacancies, the job-filling rate increases, and the marginal cost of vacancy creation falls.®

To see the concavity, note that when F; s, increases, the future job-filling rate also increases.
As aresult, the future marginal cost of a vacancy falls, which exacerbates the reduction in the future
marginal benefit of creating a vacancy in period ¢. The second-order interaction of these effects am-
plifies the equilibrium decline in the marginal cost of a vacancy in period ¢. Hence the drop in the
firm’s marginal cost is larger when accounting for second-order effects of separation rate shocks.

The response of vacancies to a separation rate shock is determined by two opposing forces.
One, a positive shock lowers vacancy creation via the marginal cost channel—the future marginal
benefit of a vacancy declines so firms create fewer vacancies. Two, a positive shock increases the
number of unemployed workers searching for a job, which causes the job-filling rate and vacancies
to increase. To formalize the effects of these channels, we derive a second order approximation of

(18) in terms of 5; and n;_1, since vacancies directly depend on the endogenous state variable n; ;.

Proposition 1. Suppose G, = ¢,15; + %¢q’2§§ solves (17). Then
va 1(nt 1)St + 2¢v 25t + QZJ’U 1nt 1 + 27% 2nt 1

where ¢, 1(1) is an affine function and all coefficients depend only on the deterministic steady state.

In order to highlight how the marginal cost of vacancy creation and the number of unemployed

workers searching for jobs create opposing effects of separation rate shocks on vacancy creation, it

3In general, we would approximate a function ¢; = q(s;,n;_1) that also depends on the endogenous state variable.
However, it turns out the dependence of ¢; on n;_; is numerically negligible compared to its dependence on s;. There-
fore, we streamline the analysis by restricting attention to an approximate solution in which ¢, only depends on s;.

 Appendix A defines the coefficients and provides detailed proofs of each lemma and proposition in this section.
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is sufficient to focus on the function ¢, 1(7) in the first term of Proposition 1. Appendix A shows

Gui(fu—1) = f(L+ 1 /U%) — ¢g1 /(1 — @),

where a bar denotes a steady-state value. The first term in this expression captures the positive
effect stemming a larger number of unemployed workers searching for jobs. It is increasing in
the employment rate at the start of the period, n;_;. All else equal, higher employment results in a
larger number of newly searching unemployed workers when the separation shock hits. The second
term captures the marginal cost channel. All else equal, this expression shows the marginal cost
channel will dominate when n;_; is sufficiently small. In this case, the reduction in marginal cost

driven by a fall in the future marginal benefit of a vacancy dominates the rise in the job-filling rate.

3.2 UNEMPLOYMENT UNCERTAINTY An advantage of our nonlinear approach is that we can
study how shocks to the first moments of exogenous variables induce changes in the higher order
moments of endogenous variables. Given our application, we focus on the uncertainty surrounding
the unemployment rate, which we measure as the expected volatility of the 1-period ahead forecast

error following Plante et al. (2018). Specifically, for a generic variable z, uncertainty is given by

o = VE{(z1 — EBilzea])?).

The same definition is also used in recent empirical work on uncertainty (e.g., Jurado et al. 2015).
Applying this definition to the unemployment rate, u; = 1 — (1 — s;)n¢_1 — q;vy, together with
our approximations for the job-filling rate and vacancies, yields the following expression for {4, , ;.

Lemma 2. If Lemma 1 and Proposition 1 hold, (squared) unemployment uncertainty is given by

i1 = (q0( g1 + Po1 (1) — L4 (b2 + G2y + bu2 + Gu1 (1) — 1)psdy))os.

The more §;41 and 041 respond to §;1, the larger is ¢y 1 + ¢,1(7—1) — 1 > 0, and the larger
is the conditional variance of u; ;. Beyond these first order considerations, Lemma 2 also shows
that a shock to the separation rate in period ¢ affects uncertainty about period ¢ + 1. In other words,

first moment shocks to an exogenous variable affect the second moments of endogenous variables.

Proposition 2. Suppose that Lemma 2 holds. Then

dUfy 1 /dss = qo(gg2 + ¢2,1 + P2 + Gu1(Ri1)? — 1)psos.

To streamline the exposition, we restrict our attention to the case in which di4, , /d3; > 0, so
unemployment uncertainty is increasing in the current separation rate. We focus on this particular
case because it is the most quantitatively relevant. Proposition 2 shows this occurs when vacancies

and the job-filling rate are sufficiently convex in the separation rate, so that ¢, 9 + ¢, 2 — 1 > 0.

8



Why does the convexity of vacancies and the job-filling rate result in a positive response of
unemployment uncertainty to separation rate shocks? Consider the impact of a positive separation
rate shock in period ¢ on the conditional distributions of s; 1, ¢;11, and 9;,1. While the mean of the
conditional distribution of s, increases, the conditional variance is unaffected since the shocks
are exogenous. In contrast, the convexity of ¢, and v;,; with respect to 5,1 implies the increase
in the conditional mean of §;,, increases their conditional means and conditional variances. As a

result, uncertainty about u,,; increases in response to a positive separation rate shock in period ¢.

4 QUANTITATIVE ANALYSIS

In this section, we present our main numerical exercise and study the economy’s response to a
large positive separation rate shock. We view this exercise as informative of how frictions in the

U.S. labor market will affect the response of unemployment to a large increase in job separations.

Subjective Discount Factor g 0.9983 Vacancy Posting Cost K 0.615
Nash Bargaining Weight n 0.052 Average Separation Rate 5 0.035
Unemployment Benefit b 0.955 Separation Rate Persistence Ps 0.7071
Matching Function Curvature ¢ 1.27 Separation Rate Standard Deviation O 0.3533

Table 1: Baseline parameter values.

4.1 CALIBRATION Table 1 summarizes our baseline parameter values. A period in the model
corresponds to 1 month. The subjective discount factor implies an annual real interest rate of 2%.
The household’s bargaining weight, 1, and flow value of unemployment, b, are set to the values in
Hagedorn and Manovskii (2008). The curvature in the matching function, ¢, is consistent with the
value in Den Haan et al. (2000). The average separation rate, S, is 0.035, which is the average in
the Job Openings and Labor Turnover Survey (JOLTS) since the series began in 2001. The vacancy
cost, x, implies an average unemployment rate of 6%, which equals the JOLTS sample average.
We calibrate the parameters of the exogenous separation rate process, (1), to reflect the effects
of the COVID-19 pandemic. The baseline persistence of the process is based on a half-life of 2
months, but we also show the results with half-lives of 1 and 3 months to consider different recov-
eries. The low persistence captures that the temporary increase in separations is likely to quickly
decline as state governments lift “stay-at-home” orders. We set the shock standard deviation so a
COVID-19-type pandemic occurs once every 100 years, since the COVID-19 pandemic is widely
considered the worst public health crisis since the 1918 influenza pandemic about 100 years ago.
The size of the COVID-19 shock is calibrated to unemployment claims data since the onset of
the pandemic. From March 15-April 11, 2020, initial unemployment claims increased 22,034,000.
In February 2020, there were 5,560,000 total separations, of which 1,755,000 were either layoffs or

9



discharges, and 152,487,000 people employed. These values equate to a 3.7% separation rate. Us-
ing the increase in initial unemployment claims data over the last month as a proxy for the increase
in layoffs, we estimate the first month of the pandemic will increase the separation rate to 17.0%
(100 x (3805 +22034)/152487), a staggering 13.3 percentage point increase from February 2020.

0.06 T T T T T T T

February 2020 COVID-19 Shock
0.05 - (3.7%) (17.0%) ]
0.04 |+ _
0.03 - _

Difference

0.02 (13.3 pp)

0.01

0 2 4 6 8 10 12 14 16 18
Separation Rate (%)

Figure 1: Separation rate distribution.

Based on this calibration, Figure 1 plots the separation rate distribution from the model, which
is asymmetric due to the log normality of the exogenous process. The COVID-19 shock appears far
in the right tail of the distribution, reflecting that disruptions to the labor market of this magnitude

are very rare and only affect the tail of the distribution of the household’s expectations in the model.

4.2 SOLUTION METHODS We compare the predictions of our model using both the log-linear
and fully nonlinear solutions. The linear version is solved using Sims’s (2002) gensys algorithm.
Using the linear solution as an initial conjecture, we solve the nonlinear model with the policy
function iteration algorithm described in Richter et al. (2014), which is based on the theoretical
work on monotone operators in Coleman (1991). Each iteration, the algorithm minimizes the
Euler equation errors on every node in the discretized state space. It then computes the maximum
distance between the policy functions on any node and iterates until that distance falls below the
tolerance criterion. We approximate the continuous separation rate processes with an /V-state
Markov chain following Rouwenhorst (1995) and use piecewise linear interpolation to calculate
the period-t + 1 policy functions.” To ensure that v; does not violate the non-negativity constraint,
we introduce an auxiliary variable, ji;, that is continuous in the state of the economy following

Garcia and Zangwill (1981). See Appendix B for a detailed description of the nonlinear algorithm.

"Petrosky-Nadeau and Zhang (2017) show the Rouwenhorst method is crucial to accurately capture nonlinearities.
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Figure 2: Responses to a COVID-19 shock in deviations from a baseline simulation without the shock.
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4.3 IMPULSE RESPONSES Figure 2 plots generalized impulse response functions (GIRFs) of
key macroeconomic variables to the COVID-19 shock using the nonlinear solution to the model
and compares them to traditional impulse responses using the linear solution. To compute a GIRF,
we follow the procedure in Koop et al. (1996). We first calculate the mean path from 10,000 sim-
ulations of the nonlinear model, conditional on random shocks in every quarter. We then calculate
a second mean from another set of 10,000 simulations, but this time the shock in the first quarter
is replaced with the COVID-19 shock. The GIRF reports the difference between two mean paths.
All of the simulations are initialized at a 3.5% unemployment rate, the rate from February 2020.
We begin by focusing on the solid-black curves in the left panel, which plot the responses to the
baseline shock conditional on the nonlinear solution and our baseline calibration. There has been
much speculation that the COVID-19 shock will result in a substantial increase in unemployment,
as workers are laid-off or furloughed in response to virus-containment precautions. Our model is
consistent with this prediction. Unemployment peaks at 19.7%, 16.2 percentage points above the
rate in February 2020 and 2 months after the start of the pandemic. Furthermore, the model shows
it takes 1 year for the unemployment rate to return to 5%. The large increase in separations caused
by COVID-19 has immediate and medium-term implications for the health of the labor market.
As we emphasized in the analytical section, the response of unemployment is driven by the
dynamics of vacancy creation, which is plotted in the second graph. In response to the shock, the
level of vacancies plummets on impact, before increasing and decaying back to its pre-shock level.
To understand the non-monotonic dynamics of vacancy creation, we rely on our analytical
results together with the third and forth panels of Figure 2, which show the responses of the two
components of vacancy creation: marginal cost and the number of unemployed workers searching
for jobs. In line with our analytical approximations, the marginal cost of vacancy creation drops
in response to the shock, while the number of searching workers increases before decaying back
to its pre-shock level. The fact that vacancies initially fall indicates that the drop in marginal cost
dominates the rise in searching workers. Intuitively, the large and persistent increase in separations
causes a severe decline in the marginal benefit of vacancy creation since firms do not expect new
matches to last. Therefore, they initially cut back on vacancy creation. As the separation rate
declines, however, the returns to vacancy creation increase, causing firms to create more vacancies.
There has been much debate over the severity of the job separations caused by COVID-19. In
our model, severity is captured by the persistence parameter p;. To analyze the effects of persis-
tence, we compare the solid-black curves to the dashed-blue and dotted-red curves, which plot the
responses to a shock with an equal magnitude but half-lives of 1 and 3 months, respectively. Lower
persistence results in a smaller response of unemployment that peaks at “only” 13.7%, 1 month af-
ter the shock. The higher persistence leads to an alarming 26.9% unemployment rate, 3 months af-

ter the shock. Furthermore, the half-life affects when the economy normalizes. The unemployment
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rate returns to 5% after 8 months under a 1-month half-life and 17 months under a 3-month half-life.
The response of the unemployment rate is driven the by response of vacancies. With a 3-month
half-life, there is a larger decline in vacancies relative to the baseline calibration. With a 1-month
half-life, vacancies significantly increase on impact. Intuitively, the persistence of the shock affects
the marginal benefit of vacancy creation. With a lower persistence, the marginal benefit of vacancy
creation does not fall as much on impact, as captured by the muted response of marginal cost. As a
consequence, the response of vacancies is driven by the increase in unemployed workers searching
for a job, which generates a higher job-filling rate and causes firms to post additional vacancies.
Interestingly, adding the unemployment rate responses to the initial unemployment rate of 3.5%
results in a 13.7%-26.9% range of peak unemployment in second quarter 2020, which aligns with
the range of forecasts mentioned in Section 1. This suggests the persistence of job separations

caused by COVID-19 is a driving factor behind the uncertainty in the unemployment projections.

4.4 THE IMPORTANCE OF NONLINEARITIES Our analytical and numerical exercises examine
nonlinear responses of the macroeconomy to separation rate shocks. To demonstrate the value of
capturing these nonlinearities, we plot impulse responses using the log-linear solution in the right-
hand panels of Figure 2. Using linear solution methods, we find much smaller responses of all vari-
ables to the COVID-19 shock, even though its underlying magnitude is unprecedented. Unemploy-
ment increases but by at most 7.1 percentage points, which is well below the expectations of most
forecasters and policymakers. This makes sense, since linear solutions shut down higher-order am-
plification mechanisms by construction. For example, the response of the marginal cost is no longer
concave, so the effect of separation rate shocks is simply proportional to the size of the shock.

In addition to generating smaller responses, the linear solution predicts that vacancies rise in
response to the shock due to the rise in unemployed searching. This forecast is likely to be qualita-
tively counterfactual and is inconsistent with the existing evidence for the response of vacancies to
separation rate shocks (Shimer, 2005). To see why the qualitative response of vacancies changes,

consider the linear vacancy equation (dropping second order terms from Proposition 1), given by
0= (f = g1/ (1 = §))3; — (1 — &)y 1 /7.

The response of vacancies to the separation rate shock balances two opposing forces: a decrease
driven by the decline in the marginal benefit (and hence marginal cost) of vacancy creation and an
increase in vacancies driven by more searching workers. The numerical response of vacancies indi-
cates that, using our standard calibration, the marginal cost channel is weak, and the coefficient on
S 1s approximately zero. Therefore, the first-order response of vacancies is entirely driven by the
dynamics of employment. This result also highlights further the importance of accounting for non-

linearities, which qualitatively affect the response of vacancy creation to the separation rate shock.
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Figure 3: Responses to a COVID-19 shock. Uncertainty is shown relative to a simulation without the shock.

4.5 ENDOGENOUS UNCERTAINTY We now turn to examining the quantitative response of un-
certainty to the COVID-19 pandemic. The top row of Figure 3 shows the response of the unem-
ployment rate and its uncertainty over the next month to the separation rate shock. The uncertainty
response is reported as a ratio relative to a baseline simulation without the shock, ~§ft +1- Following
the shock, ~§ft 41 increases to 11, so uncertainty is 11 times larger than in the baseline simulation.
In the economy without the separation rate shock, unemployment uncertainty is only 0.05
percentage points. Given an actual unemployment rate of 3.5% (as reported in February 2020),
this implies there is a 95% chance that the 1-Month ahead unemployment rate forecast is between
3.4% and 3.6%. In contrast, when the separation rate shock hits the economy, 4", | increases to
0.6 percentage points. Given the realized unemployment rate of 19.7%, this level of uncertainty
implies that, 95% of the time, unemployment rate forecasts are between 18.5% and 20.9%, which is
a larger confidence interval than in the baseline simulation without the shock. This result indicates
the increase in uncertainty in the data is likely a reaction to the first moment effects of the pandemic.
We investigate the sources of the increase in uncertainty by examining the changes in uncer-
tainty for vacancy creation and the job-filling rate. These responses are shown in the bottom row of
Figure 3. The results provide clear evidence that uncertainty increases for vacancies and the job-

filling rate, reflecting the strong underlying convexities of their responses to separation rate shocks.
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Figure 4: Policy function contour plots, shown in log deviations from the deterministic steady state.
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4.6 BEYOND THE COVID-19 SHOCK While our main results are motivated by the ongoing
pandemic crisis, we find it useful to distill some broader insights from our analysis. To this end,
Figure 4 contains contour plots of the time-invariant policy functions for key macroeconomic vari-
ables. We compare the contours from the linear solution (top panel) to those obtained when we
solve the model nonlinearly (bottom panel). All units on the axes and contours are in log deviations
from the deterministic steady state to permit a direct comparison between the two approximations.

In both cases, an increase in the job separation rate causes unemployment to increase. However,
the presence of higher-order amplification results in a stronger response of unemployment in the
nonlinear model, as the impulse responses demonstrated. Comparing the vacancy plots highlights
the stark effect of nonlinearities. To a first order, vacancies do not respond to the separation rate
as the opposing effects of the shock cancel out. When we allow for higher-order terms, however,
the response of vacancies becomes highly nonlinear. Depending on the employment state, n; 1, a
rise in the separation rate may cause vacancies to increase or decrease. Thus, there are states of the
economy where the nonlinear model’s predictions are qualitatively different than the linear model.

The discrepancy in the behavior of vacancies is in turn driven by qualitative differences in the
responses of marginal cost. While marginal cost is generally unresponsive to employment, the
linear model misses significant concavity in its response to the separation rate. This concavity
plays a crucial role in ensuring that the falling marginal cost of hiring, which reduces vacancies,

dominates the increase in vacancies caused by the increase in the number of unemployed searching.

5 CONCLUSION

This paper examines the response of the U.S. labor market to a large and persistent job separation
rate shock, motivated by the ongoing economic effects of the COVID-19 pandemic. We use nonlin-
ear methods to analytically and numerically characterize the responses of vacancy creation and un-
employment. Vacancies decline in response to the shock when firms expect persistent job destruc-
tion and the number of unemployed searching for work is low. Quantitatively, under our baseline
forecast the unemployment rate peaks at 19.7%, 2 months after the shock, and takes 1 year to return
to 5%. In the linear economy, the unemployment rate only rises to 9.2% and vacancies increase.
This shows nonlinearities are crucial to obtain reasonable predictions for the effects of COVID-19.

While this paper is motivated by the ongoing COVID-19 pandemic, we do not claim to provide
a fully integrated analysis of the labor market in the presence of complex infection dynamics and
containment policies. Instead, our contribution is to use a standard model to develop insights into
the labor market’s short and medium-term response to an important dimension of the pandemic’s
economic impact—a large and persistent increase in the job separation rate. Eventually, the health
risks associated with the pandemic will subside and economic activity will resume. We hope our

analysis serves as a useful input into policy discussions on the medium-term economic recovery.
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A PROOFS

Proof of Lemma 1 We insert our approximation for ¢; into (17) to obtain

(15/@) exp(— g8t — 504287) = 1 = b+ B/ Q) Ee[(1 — se41) exp(—(Pg18e41 + 50q25111))].

Substituting s;,1 with 5exp(s,,1) yields

(K/Q) exp(—¢q18: — 204287) =1 — b+ B(k/Q) Eexp(—(Pg,15¢11 + 30g25741))]
— B5(k/Q) Ex[exp(8i41 — (Gg15041 + 204.257.1))]-

Now impose the separation rate process, 5.1 = pg5¢ + €541, t0 Obtain

(k/q) exp(—¢q,18t — %¢q,2§?) =1-b
+ B(k/ Q) Et[exp(—pg,1(psde + €s641) — %(bq,z(ps@ + 65715_._1)2)]
— B5(k/q) Er[exp((1 — ¢q,1)(ps5t + €s,t41) — %¢q,2(ps§t + 85,t+1)2)].

We can then simplify to obtain

exp(— g1t — 564257) = q(1 - ) /x
+ BEexp(—¢q,1(psét + €s141) — 30g2(p287 + 205845141 + €5441))]
— BSE[exp((1 — ¢g,1)(psst + €s41) — 30q,2(p287 + 20585041 + €2 441))]
=q(1-b)/k
+ Bexp(—g1p58t — 56420257
X Ei[exp(—(¢q,1 + ¢q.2ps5t)€s,t41 — %¢q,25§,t+1)]
— B5exp(—g,1ps5t — 5¢q,20357) exp(pssr)

X Eilexp((1 — ¢g1 — ¢g,2055t)€s, 041 — %¢q,25§,t+1)]-
To evaluate the expectations, note that if ¢, ; ~ N(0, 0?), then

1 a?c

2
Elexp(agit1 — bgfﬂ)] = exp(; 1+2ba2)\/1+12W'

Applying this result implies

exp(—(pg,15¢ + %¢q,2§f)) =q(l—-"b)/k
2 (¢q,l+¢q,2ps§t)20§>

N 1 2 A 1 1
+ exp(_¢q,1psst - §¢q,2p53t) \/W eXp(§ 1+6q.202

1 ~

— B5 exp(—g,155; — %cbquiéf)m exp(psé)
q, s

l (1_¢q,1_¢q,2ps§t)20-§ )
2 1+¢q720'§ :

X exp(
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To ensure that the approximation is valid, we apply the limit as o5 — 0 to obtain

exp(— (g8 + 50q257)) = A(1 = b) /55 + Bexp(—dy1psst — 50q20257) (1 — 5 exp(pssr)),

which is an identity in §;,. To solve for the coefficients ¢, ; and ¢, 2, we twice differentiate the

identity with respect to 5. The left-hand side has first and second derivatives given by

_(‘bq,l + ¢q,2§t) eXp(_(‘bq,lgt + %qu,?g?))

and

. oy B . R .
—Pg,2 €xXP(—(Pg,18¢ + %¢q,233))5 + (¢g1 + ¢q,23t)2 eXp<_(¢qJSt + %gbq,?sz))-
When evaluated at s; = 0, these expressions become

— Qg1 and — Qg2+ ¢§,1-

The right-hand side has derivatives

B(—dg1ps — ¢q,2p§§t) exp(—@g10s5 — %¢q,2pg§§)
—B5((1 = ¢g1)ps — Pg,20280) exp((1 = Pg1)psbt — 504.20357)
and
B(=q202) eXP(—Gg1ps81 — 50q20257)
+B(¢q,1 95 + Gg2035:)” exp(—¢g1ps8: — %¢q,2p§§f)
—38(=q.207) exP((1 = $g1)pst — 504,2035;)
+B5((L = dg1)ps — dg2p280)* exp((1 = 94,1)ps81 — 304,20357)-

When evaluated at s; = 0, these expressions become

—Bdg1ps — 55((1 - ¢q71)p5)

and

B(_¢q72p§) + 5(¢q71p8)2 - Bg(_qbq,?pg) — B5((1 - qu,l)Ps)?-

Equating the left-hand and right-hand sides for the first and second derivatives yields

_ Bpss
P e
2z = 2 2
ber = Bpis Bs(1 — Bp;) + (1 = Bps) -0

C1=BpA1-5) (1= Bps(1 - 5))?

Hence ¢, is increasing and convex in the separation rate.
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Proof of Proposition 1 Recall mc; = r/q;. Taking natural logs of (18) yields
Inv, = 2In(k"“mc; — 1) + In(1 — (1 — s5;)ne_1).

Define mc = k~*mc* and n = 1 — n + Sn. Then apply a second order Taylor expansion to obtain

N ~92
+ mc /{ vmce

1 -t L ~ 1 _
sIn(k"'me; — 1) = ;In(mc — 1) + 2% 2(mc Ty kg
and
—~ ~ 30/ A 142 13272 A2
In(1 —ngq +smy—1) R Ini+ Z(8 + 55;) — 5725 5;
n(1-5) 2 n A2

~ 1n 1 n%(1-5)?
(nt,1 + Ent_1> + 5 72 t 1 + ~2 Stnt 1-

Combining the previous two approximations then yields

by = Gﬂu—ml)nw@%m+<ﬂ&ﬂ I (Byo + =2 1))S7

(17~1 3) ~ it n(l1— )2n(1n25) 177/?,1-

To simplify the expressions, we make use of the following deterministic steady-state relations:

O=0-q)"/q, f=0-3)"", n=a0/(5+3q0(1-53),
u=351-q0)/(s+q0(1—5), @ =5/(5+f1-35), f=sn/v.
Using these conditions, we obtain

= ¢y (Ny—1)3; + 2% 287 4 y i1 + 21% 2N}y,

where

Gor = F(L+ 7 1/0%) = @41 /(1 = 7'

Sup = F(L=f) = (1= )92+ qed7,) /(1 — )
Yp1 = —n(1 = 8)/u’

o =1(1 - 5)(20(1 — 5) — 1)/(@")?

Proof of Lemma 2 First note u; = 1 — ny, so it is sufficient to focus on employment:
ny = n(sy,m—1) = (1 = sg)mu—1 + qror.
Using second order Taylor expansions, we obtain

(1= s)nis ~ (L= 38)a+ (1 — 8)a(fy_1 + 2a7_,) — s0(8 + 357)
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and
grve & QU+ qo(0r + 507) + qo(Ge + 547)-
Combining the previous two approximations then yields
ny & (1= 8)i+ (1= 8)ilf1 + 302 1) — 57(8 + 582) + 0 + qo(d, + 202) + qo(G, + 32).
Using Lemma 1 and Proposition 1, this simplifies to

ny = (1 —5)0 + q0 + qo(dg,1 + Gu1 — 1+ (g2 + ¢2,1 + Pu2 + ¢31 — 1)ps81-1)0sEs4
z7(@1,1 + Qv — 1>Ps§t—1 + %q@(ﬁbqﬂ + (/5?1,1 + Pu2 + ¢12;1 - 1)P§§?71

U(¢g2 + Gy + bu2+ 0y — L)ose, + (1 = 5)n — quiby 1)

(1= 8) + qo(toz +¥71))0i .

+ + +
NI NI e ]
—~ Q

The variance of n;, conditional on period ¢ — 1 information and up to a second order is given by

Vit (ne) 2 (q0(dg1 + dua — 1+ (g2 + G501 + boz + 351 — )pssi))?or.

Since V;_1(u¢) = V;_1(n;), we obtain

ugft—&-l = (gﬁ(¢q,l + va,l(ﬁt—l) -1+ (qu,? + ¢3,1 + P2+ ¢v,1(ﬁt—1)2 —1)psbt))os.

Proof of Proposition 2 Using Lemma 2 implies
Uy y1/dse = qo(gg2 + ¢371 + o2+ Gu1(fu_1)? — 1)ps02.

B SOLUTION METHODS

Nonlinear Solution We begin by writing the equilibrium system as E[g(x;11, Xy, £141)|2¢, ¥] = 0,
where ¢ is a vector-valued function, x; is a vector of variables, ¢, is a vector of shocks, z, is a vector
of states, and ¥ is a vector of parameters. There are many ways to discretize the exogenous state,
s¢. We use the Markov chain in Rouwenhorst (1995), which Kopecky and Suen (2010) show out-
performs other methods for approximating autoregressive processes. The bounds on the endoge-
nous state variable, n;_1, are set to [—50%, +6%) of the deterministic steady-state value, 72, which
contain at least 99% of the ergodic distribution and minimize extrapolation for the COVID-19 sep-
aration rate shock simulations. We discretize the n;_; and s, into 101 and 11 evenly-spaced points,
respectively. The product of the points in each dimension, D, represents the total nodes in the state
space (D = 1,111). The realization of z; on node d is denoted z;(d). The Rouwenhorst method pro-

vides integration nodes, [s;;1(m)], with weights, ¢(m), form € {1,..., M }. Since the separation
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rate evolves according to a Markov chain, the number of realizations of s, is the same as s; (11).

Since vacancies v; > 0, we introduce an auxiliary variable, y;, such that v; = max{0, y;}>
and \; = max{0, —u; }?, where ), is the Lagrange multiplier on the non-negativity constraint. If
pe > 0, then v; = p? and Ay = 0. When y; < 0, the constraint is binding, v; = 0, and \; = 2.
Therefore, the constraint on vy is transformed into a pair of equalities (Garcia and Zangwill, 1981).

The vector of policy functions and the realization on node d are denoted pf, and pf,(d) (pf, =
[114(2¢), we(z¢)]). Our choice of policy functions simplifies solving for the variables in the nonlinear

system of equations given z;. The following steps outline our policy function iteration algorithm:
1. Use Sims’s (2002) gensys algorithm to solve the log-linear model. Then map the solution
for the policy functions to the discretized state space. This provides an initial conjecture.
2. Oniteration j € {1,2,...} andeachnode d € {1,..., D}, use Chris Sims’s csolve to find
pf,(d) to satisfy Eg(-)|z:(d), ] = 0. Guess pf,(d) = pf;_,(d). Then apply the following:
(a) Solve for all variables dated at time ¢, given pf,(d) and z;(d).

(b) Linearly interpolate the policy functions, pf;_,, at the updated state variables, z;,1(m),

to obtain pf, , (m) on every integration node, m € {1,..., M}.

(¢) Given {pf,.,(m)}¥_,, solve for the other elements of s;1(m) and compute
Elg(xt41, %4(d), €111)|24(d), I] ~ Zgzl o(m)g(xe11(m), x4(d), g1 (m)).

When csolve converges, set pf,(d) = pf,(d).
3. Repeat step 2 until maxdist; < 107°, where maxdist; = max{|pf; — pf;_,|}. When that

criterion is satisfied, the algorithm has converged to an approximate nonlinear solution.

Linear Solution We solve the following log-linear equilibrium system according to Sims (2002):

Oy = 2,
ny = (1 —38)ny_1 — 88 + 5(q; + 0y),
0 = v, — 5,
w’uy = sns — (1 — s)nng_q,
aty + nny =0,
ey + KU, = Ny,
Go=—0'0,/(1+8),
Wiy = Bnr(l — 5)0(Ef1 — 5E51/(1 = 5)),
(5/@)qr = Wiy + B(1 — 8)(k/q)(EtGer + 5EiSe1 /(1 — 5)),

St = PsSp—1 T Os€s,t+1-
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