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Abstract

We develop a matching model that predicts the impact of the COVID-19 lock-
down on US unemployment, while accounting for the contrasted impacts across
various job types. The model is calibrated on the subprime experience and is then
used to identify the job-specific lockdown shocks, using observed worker flows by
diploma. The model persistence — which is significantly larger than in the Diamond–
Mortensen–Pissarides model — is dampened by CARES act that facilitates the use
of temporary separations. Counterfactual experiments show that time-varying risk,
hiring cost externalities, and wage rigidity are needed to account for these crises.
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1 Introduction

The COVID-19 crisis has led to severe lockdown measures, on account of heightened
health and sanitation concerns. These sanitation measures have generated unprecedented
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Figure 1: Rises in monthly unemployment rates by diploma after a crisis. In-

creases in percentage points relative to the pre-crisis levels. Black: Less than High School diploma. Khaki:

High School diploma. Gray: College degree. Camel: Bachelor and more degree. Lines: COVID-19 crisis.

Dotted lines: Subprime crisis.

increase in US unemployment. Moreover, these measures did not affect all workers in the
same way, and so they have generated an unequal rise in unemployment risk (see Figure
1). Perhaps more so than in previous crises, this COVID-19 crisis, on account of both its
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Figure 2: Dynamics of monthly workers flows and stock after a crisis. Red:

COVID-19 crisis. Orange: Subprime crisis. Increases in percentage points relative to the pre-crisis levels.

brutality and magnitude (see Figure 2), challenges the Diamond–Mortensen–Pissarides
(DMP) model, the framework typically used to analyze unemployment dynamics.1 More-
over, the two last crises have induced very different changes in workers’ flows (see Figure

1Our work thus pursues those of Nicolas Petrosky and Zhang (2020), Hall (2017) and Hall and Kudlyak
(2020), which shows how the DMP model can explain previous crises.
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2) which makes it harder to identify a parsimonious model able to explain this particular
succession of crises.

In the current study, we develop a model that reproduces the impact of the lockdown
on heterogeneous workers in the United States. We propose an original extension of the
DMP model, which introduces (H1) worker heterogeneity, (H2) time-varying microeco-
nomic risks over the business cycle, (H3) congestion externalities in the hiring costs, and
(H4) real-wage rigidity. This model is calibrated to reproduce the impact of the 2008 sub-
prime crisis on unemployment and workers’ flows. Using this calibrated model, we reveal
the COVID-19 shocks, specific to each type of activity, that allow it to fit the monthly
labor market data since March 2020. The constraints on market exchanges induced by
the lockdown are modeled as reductions in Total Factor Productivity (TFP), while the
measures facilitating temporary layoffs induced by the Coronavirus Aid, Relief, and Eco-
nomic Security (CARES) act are modeled as temporary reductions in unit costs of hiring.
Taking advantage from our structural approach, we estimate the true lockdown induced
constraints for different jobs, as well as the effectiveness of the CARES act to damp the
impact of this recession on unemployment risk of different workers.

The main challenge consists in extending the DMP model such that it explains large
crises. Doing so is challenging for this textbook model, for the following four reasons.
First, unemployment rate more than doubled within one month of the COVID-19 crisis,
and this underscores the very large elasticity of unemployment in relation to the business
cycle. Second, in the past, in the wake of crisis, unemployment rate has never experienced
a rapid decline, and this suggests that matching externalities are not sufficient to explain
unemployment persistence.2 Third, the increase in unemployment risk during the crisis
depends highly on the worker type (i.e., heterogeneity matters).3,4 Fourth, the distribu-
tion of job productivity for each job varies during the business cycle, with heterogeneity

2Hall and Kudlyak (2020) show that, during periods of recovery over the past 70 years, we can see a
0.5-percentage-point reduction in unemployment per year, which suggests that the current crisis would
be resolved within 15 years.

3Robin (2011) and Lise and Robin (2017) show that heterogeneity matters in accounting for aggregate
labor dynamics. See also Ferraro (2018) & (2000) and Adjemian et al. (2019).

4Empirical investigations of Adams-Prassl et al. (2020) show that, for some occupations, workers’
ability to undertake a large percentage of their tasks from home (i.e., “telework”) is limited; this is
especially true for low-income professions. Using the European Union labor force survey, Fana et al.
(2020) show that most of the negative effects of the lockdown measures are concentrated on less-skilled
workers. Indeed, the sectors forcefully closed by decree of their decomposition are characterized by
low wages and high separation rates. These findings suggest that worker heterogeneity matters in the
evaluation of the lockdown impacts on unemployment.
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increasing during times of recession.5

To explain the impact of various crises on the US unemployment, an extended version
of the DMP model that included assumptions (H1)-(H4) is developed for an economy
where workers have heterogeneous educational attainments.6 We start by showing that
our model can reproduce the impact of the 2008 subprime crisis. Although this crisis
is not similar with the COVID-19 ones, having a model that reproduces the observed
asymmetric adjustments of the US labor market (i.e., rapid increase and slow recovery),
and the unemployment risk inequalities (i.e., the least educated are strongly impacted),
is essential to forecast the impact of the current crisis. Using this calibrated model,
we identify the size of the shocks needed to reproduce the COVID-19 crisis. We show
that the “direct” impact of the lockdown measures significantly differs across education
levels: in April 2020, workers without a high school diploma suffered from an almost
28% drop in their TFP, while those holding a bachelor degree or more saw their TFP
decreases by only 3%. The negative impact of the lockdown on worker TFP thus lies
between these two extreme cases for the two other worker types (i.e., -23% and -18%
for those with a high school diploma and college diploma, respectively ). When the
lockdown ended in May, productivity levels returned to their precrisis levels. We also show
that the CARES act raises unemployment by facilitating separations: the inducement of
temporary layoffs allowed by CARES act explains 32% of total separations from March
to November. However, the CARES act significantly reduces the average duration of
unemployment (from more than 3 weeks in April to 1 week in June), which was one of its
priority objectives. Finally, we show that for workers with less than a high school diploma,
wage losses amount to 12% three months after the first shock; these losses attenuate as
the postcrisis time horizon increases (i.e., even 24 months after the crisis, it remains at
4%), while for those with at least a bachelor degree, the losses amount to 6%. Given
that precrisis labor income inequalities were already high, it therefore appears that this
COVID-19 crisis will only exacerbate them, even if the effect measured here were only
transitory.

We show that all extensions of the DMP model are crucial in explaining US labor market
5This fact has been underscored by Bloom (2009).
6Heterogeneity in educational attainment is fixed over time so as it is consistent with a model that

lacks mobility among submarkets. This distinguishes our modeling strategy from that of Gregory et al.
(2020), who define three worker groups on the basis of their “performance” with respect to labor market
transitions. Heterogeneity by education level seems to be well suited to predicting workers’ type-specific
effects of the lockdown measures, and their heterogeneous effects (see Adams-Prassl et al. (2020) or Fana
et al. (2020)).
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fluctuations. First, worker heterogeneity matters, because only a small fraction of the
population can be highly sensitive to the business cycle and, despite its small mass, it
generates large unemployment rates in times of recessions through larger separations.
Second, time-varying microeconomic risk à la Bloom et al. (2018) (countercyclical risk)
helps the model generates persistent separations after the lockdown, as seen in US worker
flow data.7 Third, our counterfactual simulations show that the speed of convergence of
the DMP model is too fast compared to what it is actually observed; this leads to large
underestimations of the impact of recessions: the introduction of congestion externality à
la Hall and Kudlyak (2020) are thus crucial. Finally, as wage rigidities keep wages close
to their precrisis levels, firms continue to dismiss workers, even after the lockdown. As
a corollary, the COVID-19 shocks “estimated” by each restricted model (i.e., our model,
where one of these channels is shut off) are significantly different from those deduced from
our benchmark model, where a larger persistence in these forcing variables allows us to
compensate for the lack of propagation mechanisms in these restricted models.

There is already a significant literature studying the impact of the COVID-19 crisis on the
US labor market. Numerous empirical studies, including Gallant et al. (2020), Barrero
et al. (2020), Bartik et al. (2020) among others, attest the unprecedented amplitude
of the drop in hirings and the increase in separations, both leading to the spike in US
unemployment. Other works based on structural approaches improve our understanding of
the propagation mechanisms of this crisis, such as Gregory et al. (2020), Hall and Kudlyak
(2020) or Bernstein et al. (2020).8 Our paper complements these previous studies by
determining the most parsimonious structural model making it possible to quantitatively
account for the impact of the COVID-19 crisis on the US labor market, in terms of its
amplitude, its persistence and the resulting inequalities.

The remainder of this paper is organized as follows. Section 2 presents the model, and
Section 3 discusses calibration and model-fits regarding the 2008 subprime crisis data.
Section 4.1 presents projections for the impact of COVID-19 on the US labor market; at
the end of this section, we discuss alternative scenarios for the lockdown that would be
longer but less stricter. Finally, Section 5 concludes.

7See Baker et al. (2020) for an analysis of changes in uncertainty since the start of the COVID-19
crisis. Den Haan et al. (2020) show that time-varying risk improves the ability of the DMP model to
explain US unemployment dynamics.

8Let us notice that Kapicka and Rupert (2020) and Birinci et al. (2020) integrate DMP type models
into epidemiological models in order to better analyze the interplay between public health policies and
economic efficiency. This very interesting normative approach is let beyond the scope of the present
paper.
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2 Model

We aim to analyze the effect of aggregated and disaggregated shocks within a Search and
Matching model, using a general equilibrium approach.9

On the labor market, we add two important externalities with respect to the canonical
DMP model —both of which aim to account for the greatest difficulties in times of crisis—
to derive sound workforce information. First, it is assumed that units’ recruitment costs
will increase when unemployment diverges from its long-term value, and this introduces
a congestion externality on hirings. Second, the dispersion of idiosyncratic productivities
is assumed to be greater when unemployment diverges from its long-term value, which
makes microeconomic uncertainty countercyclical. The labor markets are segmented,
with each skill achieving only one task for producing one specific good. The workers are
heterogeneous with respect to their educational attainment s. The share of each skill
(educational attainment) within the mass of workers is ωs.

On the financial market, we assume that only a mass 1−ϕ of the population have access
to financial markets. Hence, the financial needs of companies wishing to reopen after
activity cessations are supplied by savers.

On the goods market, the household’s choice of her consumption basket generate interac-
tions among different labor markets, and this makes it possible to determine the relative
prices of goods in each period.

2.1 Consumers

The labor market for each skill s ∈ S is segmented, and we assume that each skill s can
produce only one type of product j. Hence, there is a perfect correspondence between s
and j. The preferences are defined over a set of goods j ∈ Jt ⇔ s ∈ St. When all markets
are open, St is s = 1, ..., S, where S is the maximal number of varieties bounded by the
number of skills S. Otherwise, dim(St) < S with a cardinal denoted Sn,t < S.

9We make abusive use of the term "shock" because we will perform deterministic simulations of
unanticipated sequences of exogenous variables.
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2.1.1 Financially unconstrained agents: the capitalist

The capitalists aim to maximize the sum of their discounted utility, which is given by

∞∑
t=0

βtt

(
(CK

t )1−ν

1− ν
+ AbBt

)
with CK

t = S
1

1−σ
n,t

(∑
s∈St

(CK
s,t)

σ−1
σ

) σ
σ−1

,

where CK
t denotes the basket of consumption goods and Bt the composite storable goods

that provide utility. The consumer price index (CPI) is defined by pt =
(

1
Sn,t

∑
s∈St p

1−σ
s,t

) 1
1−σ

and is normalized to unity (pt = 1, ∀t). Storable goods accumulate as follows:

Bt+1 = (1− δ)Bt + S
1

1−σ
n,t

(∑
s∈St

(IKs,t)
σ−1
σ

) σ
σ−1

− ϕ

1− ϕ
∑
s/∈St

ωsψsκs,tVs,t,

where we assume that a capitalist finances the firm’s reopening costs (i.e., the last term
of the last equation). Because markets s /∈ St are not open at this period t, the unit
cost of each transaction between the capitalist and a reopening firm is ψs. The budgetary
constraint of this representative agent is

CK
t + IKt =

ϕ

1− ϕ

(∑
s∈St

ωsDs,t −
∑
s/∈St

ωsψsκs,tVs,t

)
≡ Rt

⇒ Bt+1 = (1− δ)Bt +Rt − CK
t ,

where Ds,t are the dividends earned from the firms of sectors s = 1, ..., S. When s ∈ St,
this dividend is positive, whereas when s /∈ St, this dividend is negative and equal to
κs,tVs,t for each firm planning to reopen in the next period. The Euler equation defines

the discount factor β̃t = βt

(
CKt+1

CKt

)−ν
. In the following, we assume that Bt > 0, ∀t.10 This

assumption is sustainable, because the pricing of the vacancy costs prior to reopening (ψs)
can be arbitrarily low. The particular assumptions made with regard to the capitalist’s
preferences drive consumption to be autonomous; this property implies that all the income
fluctuations of the capitalist are absorbed by changes to their inventories Bt+1.11

10Indeed, we must have Bt ≥ 0, ∀t. When this constraint is binding, this implies that the capitalist
cannot finance the reopening costs of the firms; this leads them to close, regardless of anticipated profits.

11With the solution for the consumption CKt =
(

β̃tAb
1−β̃t(1−δ)

)−1
ν

, we have Bt+1 − (1− δ)Bt = Rt −CKt .
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2.1.2 Financially constrained agents: the workers

Workers are risk-neutral and are characterized by their skill q ∈ S. The preferences of
each agent i with the skill q are defined as follows:

CL
i,q,t = S

1
1−σ
n,t

(∑
s∈St

(CL
i,q,s,t)

σ−1
σ

) σ
σ−1

.

Their resource constraint is given by

Ii,q,t =
∑
s∈St

ps,tC
L
i,q,s,t = CL

i,q,t for Ii,q,t = {wi,q,t(α), bi,q} ∀q ∈ S,

where wi,t(α) denotes the real wage of the employed worker and bi is the real unemploy-
ment benefit of the unemployed worker. The value functions of each worker are

Wi,q,t(α) = wi,q,t(α) + β̃t

[
(1− sq,t+1)

∫ ∞
αrq,t+1

Wi,q,t
dG(α)

1−G(αrq,t+1)
+ sq,t+1Ui,q,t+1

]

Ui,q,t = bi,q + β̃t

[
fq,t+1(1− sq,t+1)

∫ ∞
αrq,t+1

Wi,q,t
dG(α)

1−G(αrq,t+1)
+ (1− fq,t+1(1− sq,t+1))Ui,q,t+1

]
,

where β̃t is the discount factor, sq,t the endogenous job-separation rate, and fq,t the
meeting rate between an unemployed job seeker and a vacant job position.

2.2 Labor market flows

As in the DMP model, a matching function generates meetings, whereas separations result
from the selection of workers that are more productive than an endogenous threshold.
The labor market for each skill . Workers and firms direct their search efforts in the
one corresponding submarket corresponding to a skill s ∈ S. Following Den Haan et al.
(2000), the matching function for each sector is

Ms(Us,t, Vs,t) =
Us,tVs,t

(U τ
s,t + V τ

s,t)
1/τ
,

ensuring that the probabilities of an unemployed worker finding a job per unit of time
fs(θs,t) = M(Ut,Vs,t)

Us,t
= (1 + θ−τs,t )−1/τ and the vacancy to be filled qs(θs,t) = M(Us,t,Vs,t)

Vs,t
=

(1 + θτs,t)
−1/τ are in the interval [0; 1].

At the beginning of each period t, the number of workers inside the firm is the sum of the
hirings in the previous period (qs,t−1Vs,t−1) and the previous employment stock (Ns,t−1).
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Then, in each firm i of sector s, an idiosyncratic shock takes place and the productivity
of worker (αi,s,t) is discovered. There are separations if α < αri,s,t. This threshold provides
the mass of endogenous separations. Note that the pool of separation includes old and new
matches. The microeconomic shock α is drawn in the time-varying distribution Gs,t(α),
which is a log-normal distribution with a mean µG and a variation σs,t. To account for
the increase in microeconomic risk in a recession, we assume that

σs,t = σG

(
Ut
U

)ξs
, (1)

where the current unemployment rate level Ut and its long-term value U are taken as
given at the level of the firm i on the labor market segment s. The parameter ξ controls
the impact of the recession on σt.12 Once the information on productivity is revealed,
the stock of employment available for production can be determined; from there, wage-
bargaining can occur and, finally, production takes place. It is only at the end of period
t that the stocks of unemployment (Us,t) and employment (Ns,t) are given, allowing one
to determine new matches that occur through the choice of Vs,t, based on qs,t.

The law of motion of employment is

Ns,t = (1− ss)(1−Gs,t(α
r
s,t))(Ns,t−1 + q(θs,t−1)Vs,t−1), (2)

where 0 < ss < 1 is the exogenous probability of job destruction. The job-separation rate
is defined by JSRt ≡ ss,t = ss + (1− ss)Gs,t(α

r
s,t), and it gives the INs to unemployment,

given the information of the period t. The job-finding rate is defined by JFRt ≡ fs,t =

(1− ss,t+1)fs(θs,t), and it gives the OUTs to unemployment, taking into account not only
the information of period t but also that of period t+ 1. Finally, the normalization of the
population size to unity leads to ϕ

∑S
s=1 ωs(Us,t +Ns,t) + (1− ϕ) = 1.

2.3 Firms

For firm i from sector s, hirings result from a search process that consists of posting the
number of vacancies Vi,s,t that will be matched with unemployed workers with a probability
qs,t; this is not controlled by the firm. The unit cost, in production units, of each vacancy
is given by

κi,s,t = κs,t = κs

(
Us,t
Us

)γs
∀i, (3)

12The countercyclicality of firm-level microeconomic risk is documented by Bloom (2009) and Bloom
et al. (2018).
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where both the current unemployment rate level Us,t and its long-term value Us are taken
as given at the level of the firm i on the labor market segment s; this leads one to
interpret the time-varying component of the vacancy cost as a congestion externality.13

Given that γs depends on s, this congestion externality is sector-specific. Unit costs are
higher during a recession, because at such a time, each vacant job (which are scarce in
such period) receives a very large number of applications (and the number of unemployed
individuals is important). Therefore, recessions increase the cost of treatment for each
application.14

Denoting α̃s,t =

∫+∞
αrs,t

αdGs,t(α)

1−Gs,t(αrs,t)
, the production function is15 Ys,t = As,tAtα̃s,tNs,t, where As,t

and At are the skill-specific and aggregate productivity, respectively. Denoting w̃s,t =∫+∞
αrs,t

ws,t(α)dGs,t(α)

1−Gs,t(αrs,t)
, the firm’s objective is to maximize its discounted profits:

max
+∞∑
τ=0

β̃τtDs,t+τ = max
+∞∑
τ=0

β̃τt {ps,t+τYs,t+τ − w̃s,t+τNs,t+τ − κs,t+τVs,t+τ} ,

subject to Equation (2) and the Kuhn–Tucker conditions, given by16

qs(θs,t)Vs,t ≥ 0, λs,t ≥ 0, and λs,tqs(θs,t)Vs,t = 0.

Regime 1. If the expectation of the average job value is sufficiently large to lead Vs,t > 0,
then λs,t = 0. In this case, the dynamics are given by

0 = ps,tAs,tAtα
r
s,t − ws,t(αrs,t) +

ps,tκs,t
q(θs,t)

ps,tκs,t
qs(θs,t)

= β̃t

[
(1− ss,t+1)

(
ps,t+1As,t+1At+1α̃s,t+1 − w̃s,t+1 +

ps,t+1κs,t+1

qs(θs,t+1)
− λs,t+1

)]
.

Note that when the firm cannot sell today (i.e., ps,t does not exist) but expects a recovery,
it can borrow resources from the capitalist and then restart its activity, even after activity
cessation in period t.

13We choose the same functional form as Hall and Kudlyak (2020), but we introduce a sector-specific
parameter γs that induces a sector-specific congestion externality.

14Blanchard and Diamond (1994) were the first to elucidate the foundations of these countercyclical
unit costs, based on the existence of exchange externalities: they show that in a labor market where
entrepreneurs prefer hiring short-term unemployed workers, recessions lead to an increase in the share of
long-term unemployed workers who then congest the hiring process. Hall and Kudlyak (2020) show why
this congestion effect matters if the DMP model is to reproduce the observed persistence of unemployment
after a recession. Moreover, Engbom (2019) and Molavi (2018) suggest that countercyclical hiring unit
costs are supported by the data.

15In the following, we omit for simplicity the index i, which denotes firm i in each sector s because the
equilibrium is symmetrical within sectors.

16See Appendix A for more details on the firm’s problem solutions.
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Regime 2. If the expectation of the average job value is sufficiently low leading to
Vs,t = 0, then λs,t > 0. When Vs,t = 0, we have θs,t = 0 ⇔ q(θs,t) → 1. Therefore, the
dynamics are given by

0 = ps,tAs,tAtα
r
s,t − ws,t(αrs,t) + (ps,tκs,t − λs,t)

λs,t = ps,tκs,t − β̃t
[
(1− ss,t+1)

(
ps,t+1As,t+1At+1α̃s,t+1 − w̃s,t+1 +

ps,t+1κs,t+1

qs(θs,t+1)
− λs,t+1

)]
.

When the solution is constrained at θs,t = 0, then we haveNs,t = (1−ss)(1−Gs,t(α
r
s,t))Ns,t−1

until θs,t+n > 0 in n periods. Note that it is possible to reach Ns,t = 0 if αrs,t leads to
Gs,t(α

r
s,t) = 1.

2.4 Wages

To determine the equilibrium wage, we use a sharing rule of a generalized Nash bargaining
process between the worker and the firm where ηs ∈ (0, 1) is the heterogeneous workers’
relative bargaining weight and bs is the heterogeneous workers’ flow value of unemployment
activities. Moreover, as usual in quantitative evaluation of standard DMP models, it
is relevant to introduce real wage rigidities17 — recently reaffirmed by the studies of
Kurmann and McEntarfer (2019) and Jardim et al. (2019)18 and put back in the spotlight
by Cortes and Forsythe (2020) using the COVID-19 crisis experience19. There are several
ways to introduce real wage rigidities in DMP models: (i) an alternating offer bargaining
game as in Hall and Milgrom (2008) or (ii) the incorporation of a wage norm or social
consensus as in Hall (2005). Following Blanchard and Gali (2010) or Leduc and Liu (2019),
we adopt the second modelling strategy, knowing that its implications are quite similar
to the first one. Therefore, the real wage is a weighted average of the Nash bargaining
wage and the steady state wage:

ws,t(α) = %s [ηs(ps,tαAsAt + ps,tκs,tθs,t) + (1− ηs)bs] + (1− %s)ws, (4)

where the free parameter %s ∈ [0, 1] measures the skill specific wage rigidity, and ws the
steady-state average wage for each s-type worker. Following Daly et al. (2012) empirical

17See, among others, Blanchard and Gali (2010), Christiano et al. (2016), Leduc and Liu (2019),
Nicolas Petrosky and Zhang (2020) . These papers show that DSGE models with a labor market Ã la
DMP must introduce real wage rigidities to fit the observed characteristics of the US business cycle.

18These studies show that roughly 20% of job stayers experienced nominal wage cuts during the reces-
sion, while less than 10% had their earnings frozen. See also the survey of Elsby and Solon (2019).

19They show that earnings changes for workers who remain employed during the COVID-19 crisis are
not atypical during this time period.
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study20, we assume that wage rigidity decreases with educational level. Hence, we assume
that %s = a%x+ b% where a% < 0.

2.5 General equilibrium

In the following, we normalize the CPI pt = 1, ∀t.

Demand. Given that the baskets of consumption and inventories are described by the
same constant elasticity substitution functions, the aggregate demand for each sector
(Y D

s,t) is given by

Y D
s,t = p−σs,t

(
ϕ
∑

j∈St ωjC
L
j,t + (1− ϕ)

(
CK
t + IKt

)
Sn,t

)
,

implying that the aggregate demand is Y D
t =

∑
s∈St ps,tY

D
s,t.

Supply. In each goods market, the aggregate supply Y S
s,t is given by

Y S
s,t = ωs (Ys,t − κs,tVs,t) ,

implying that the aggregate supply is Y S
t =

∑
s∈St ps,tY

S
s,t.

Equilibrium. Given that Y D
s,t = Y S

s,t ≡ Y ∗s,t at the equilibrium, ∀s—which implies Y D
t =

Y S
t ≡ Y ∗t —the equilibrium prices are deduced from

ps,t =

(
1

Sn,t

Y ∗t
Y ∗s,t

) 1
σ

∀s ∈ St.

Labor market. Using the wage equation (Equation (4)), we obtain the job-destruction
condition (reservation productivity), and the job-creation condition (hirings) by regroup-
ing Equations (10)–(13) of Appendix A:

αrs,t = max

{
0;

1

(1− ηs)ps,tAs,tAt

(
(1− ηs)bs + ηps,tκs,tθs,t −

ps,tκs,t
q(θs,t)

− λs,t
)}

(5)

ps,tκs,t
qs(θs,t)

− λs,t = β̃t

[
(1− ss,t+1)

(
ps,t+1As,t+1At+1α̃s,t+1 − w̃s,t+1 +

ps,t+1κs,t+1

qs(θs,t+1)
− λs,t+1

)]
(6)

Closure and reopening of a business sector. A recession can lead one sector s to
close (Ns,t = 0) or be unable to sell (Ys,t < κs,tVs,t) in period t. If this be the case, then the
number of exchanged varieties is lower that its maximal number (i.e., dim(St) < S). At

20See https://www.frbsf.org/economic-research/indicators-data/nominal-wage-rigidity/

for updated data until 2020
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the same time, however, the entrepreneur’s expectations can lead them to reopen in t+ 1.
Therefore, it is necessary to borrow in t from the capitalist an amount of their storable
goods to post vacancies at period t in order to restart the activity in t + 1. Given that
this sector s has a “negative” net supply (Y S

s,t = ωs (Ys,t − κs,tVs,t) < 0), there are no sales
for sector s in period t. Without any information on the relative price of these goods s
in t, this transaction is valued at the price ψs in the budget constraint of the capitalist.21

If the capitalist does not exist, firms cannot reopen after a period without sales.

3 Calibration based on the subprime crisis experience

In this section we present our calibration strategy. We use worker flows by education
level and the major features of the 2008 subprime crisis. This allows us to identify the
parameters allowing our model to explain a crisis driven by a common shock on each labor
market segment.

3.1 Parameters based on external information

The model is calibrated at a monthly rate. Thus, the average value for β̃t = 1/(1 +

0.0573)1/12.22 For the capitalist’s preference parameters, we set δ = 0.025/12 following
Harding et al. (2007); we also set ν = 1.7, which is in the range of the estimation of
Attanasio and Vissing-Jorgensen (2003). We calibrate the share of this population to
represent 2% of the overall population, with a saving rate of 10% (See Saez and Zucman
(2014)). This allows us to deduce the steady-state values for CK and BK and identify Ab.

For the workers, we normalize the average of the aggregate productivity component to
unity (A = 1). Each “sector” represents the production of a worker type, which is identified
by their educational attainment.23 We restrict the log-normal distributions of α to be the
same for each subpopulation, with a zero mean and a standard deviation equal to 0.12,
as in Krause and Lubik (2007).

21This shadow price ψs is calibrated such that the storable goods of the capitalist always respect Bt > 0.
22This value matches the mean discount rate in international data, which is 5.37% per annum.
23As this characteristic practically does not change after entering the labor market, this segmentation

justifies the absence of mobility between “sectors” assumed in our model.

12



3.2 Parameters based on first-order moments restrictions

Using data from Cairo and Cajner (2016), we derive worker flows based on Current
Population Survey (CPS) data (January 1976–January 2014). To use a larger sample,
we rescale these data to be coherent with aggregate worker flows calculated from US
Bureau of Labor Statistics (BLS) data (1947–2020).24 The first-order moments of worker
flows used to identify the model parameters are shown in Table 1, where all job-finding
rates (JFR) are the same, as they are not significantly different from the average. At the
steady state, these moments are linked by the restrictions URs = JSRs

JSRs+JFRs
. Assuming,

LHS HS Coll. Bach. Aggregate
JFR 0.411 0.411 0.411 0.411 0.411
JSR 0.052 0.029 0.024 0.019 0.024
UR 0.112 0.066 0.055 0.030 0.057

Population shares 8.984% 28.626% 35.406% 26.982% 100%

Table 1: Worker flows and stocks. Data came from Cairo and Cajner (2016) and cover the

1976–2014 period; we rescaled these data. For population shares, the data came from the BLS and cover

the 2000–2020 period. The educational attainment typologies are as follows: less that high school diploma

(LHS), high school diploma (HS), college diploma (Coll.) and bachelor degree or more (Bach.).

LHS HS Coll. Bach.
sendos 0.0172 0.0095 0.0079 0.0041
sexos 0.0353 0.0198 0.0165 0.0087
α̃s 1.0119 1.0099 1.0095 1.0085
ηs 0.4234 0.4841 0.4992 0.5406
rbs 0.9577 0.9508 0.9487 0.9417

Table 2: Results of the calibration using labor market restrictions.

as in Den Haan et al. (2000) or Krause and Lubik (2007), that 68% of the separations
are exogenous, the job-separation rates by skill (JSRs) give the equilibrium values of the
productivity reservation threshold (αrs). Using the job-finding rates by skill (JFRs), we
deduce the equilibrium value of the skill specific unemployment rate (θs). Applying the
definitions of the skill specific unemployment rate (URs), we can then deduce vacancies
(Vs) at the steady state. Finally, with the log-normal distribution of α, we deduce the

24See Appendix B for more details on the data.
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mean productivity of each skill (α̃s). Using Equations (5)–(6) taken at the steady state and
assuming that κs is proportional to As, s.t. κs = kAs, we identify ηs and b̃s ≡ bs/(psAs),

which are thus skill-specific. The value of k is chosen such that the average bargaining
power over all skills is equal to 1/2.25 The results of this calibration procedure are reported
in Table 2.

Moreover, we restrict the set of parameters to minimize the distance between the skill-
specific relative wage in the model and its empirical counterpart.26 Hence we restrict the
values of {As}Ss=1 such that the model matches the average wages by education level, as
observed in the United States:

wdatas

mean(wdatas )
=

psAsΓs∑4
s=1 ω̃spsAsΓs

with Γs = ηs(α̃s + kθs) + (1− ηs)̃bs,

where empirical data are denoted as wdatas . Nevertheless, this restriction depends on the
equilibrium prices ps. Therefore, this identifying system is solved using all the general
equilibrium restrictions:

ps =

(
1

S

∑S
s=1 psωs (Ys − κsVs)
ωs (Ys − κsVs)

) 1
σ

with Ys,t = AsNsα̃s,

which give the consistent relative prices ps, ∀s. This procedure obtains a unique solution
if we add the normalization

∑
s ωspsAs = 1 (i.e., the average productivity is equal to

unity).

3.3 Parameters based on out-of-steady state model implications

To generate a financial crisis, we introduce a common financial shock—which is to say,
one that strikes all economic players uniformly—to reproduce the depression and recovery
observed in the US labor market. Following Hall (2017), we model this financial shock as

25See Appendix C for more details.
26The wage statistics derive from weekly and hourly earnings data from the CPS, over the 2000 Q1 to

2020 Q1 period.
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a drop in the discount rate, as if this rate included variations in the risk premium.27,28

Given that the DMP model is an asset-pricing model, expectations in the risk premium are
important for valuating jobs, and so they have a direct impact on hiring and separation
decisions. By reducing the discount factor, the financial crisis reduces the discounted
value of expected profits, then instantaneously reduces (increases) hirings (separations).
We assume that the sequence of βt is given by the following process:

βt = ρbβt−1 + (1− ρb)β −
εb,0

ϑ
(t/µb)
b

,

where ρb gives the persistence of the AR part of the process, εb,0 the initial size of shock,
and ϑ(t/µb)

b the chronic property of the shocks as a function of εb,0. To identify the remain-
ing parameters

Ψ = {σ, τ, {ξ}Ss=1, {γs}Ss=1, a%, b%, ρβ, εβ,0, ϑβ, µβ},

with dim(Ψ) = 8 + 2× S and S = 4, we choose moments that describe the worker flows
during the 2008 subprime crisis (i.e., the most recent crisis, prior to COVID-19). This
allows the model to reveal under which restrictions it can generate a deep crisis.29

We identify Ψ using
Φ =

{
{JSRs,t}t1t=t0 , {JFRs,t}t1t=t0

}S
s=1

,

where t0 corresponds to September 2008 and t1 to December 2013. Given that dim(Φ) =

64 × 4 × 2 = 512 > dim(Ψ) = 16, this strategy can be interpreted as an informal test
27Indeed, the risk premium data exhibited a prominent spike in 2008–2009, when it exceeded its

historical average during this Great Recession: the difference between the yield on a risky bond (given by
the 5-Year High Quality Market (HQM) Corporate Bond Spot Rate) and the yield on a Treasury bond
of equivalent maturity rose from 0.6 points in January 2007 to 5.45 points in October 2008. In 2008, the
expectations of an increase in risk led to an increase in the risk premium and thus induced a drop in the
discount factor. Since the risk premium measures expectations of credit risk and default in the economy,
it serves as an important measure by which to monitor markets and ascertain whether a downturn is
expected in the near future.

28In Martellini et al. (2020), a discount rate decrease- by reducing the expected profits- cuts incentives
to open vacancies, but also the job-to-job mobilities and thus job separations, given that agents can
search on-the-job. Hence, the impact of discount rate changes on unemployment is ambiguous. This is
not the case in our model where the reduction of the expected profits cuts the job finding rates and rises
job separation rates leading unambiguously to unemployment increases.

29We assume that the economy is initially at the steady state. At date t0, the aggregate shock makes
the economy deviate from its steady path. At the final date t?, the economy converges back to its steady
state. We set T = t?− t0 = 120, which means that 10 years after the shock, the economy has reverted to
its steady state.
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of the model.30 We search Ψ, which minimizes the root mean square error for each time
series in Φ. Table 3 reports the value of the identified parameters.

σ τ a% b%

Common 2 1.5 -0.14 0.57
Parameters ρb εb,0 ϑb µb

0.1 0.085 1.17 2.6

LHS HS Coll. Bach.
Specific As 0.48 3.07 5.21 8.27

Parameters ξs 0.6 0.55 0.5 0.35
γs 0.9 0.6 0.5 0.3

Equilibrium values
ps 4.95 1.07 0.74 0.66
psAs 2.40 3.30 3.85 5.47
ws∑
s ωsws

0.60 0.82 0.96 1.36

Table 3: Results of the calibration.

With these parameters, our model appears to reproduce the magnitude and persistence of
the impact of this crisis, as well as these contrasted impacts on heterogeneous workers (see
the Figures in Appendix D). The peak in unemployment for those with a diploma lower
than those issued in high schools saw a five points increase in the unemployment rate
compared to the 2008 summer level. This increase was by only 3.5 points for those who
graduated from a high school, 3 points for those with a diploma issued by a college, and
1.5 points for those having a bachelor degree or more. The model succeeds in reproducing
this heterogeneity on the labor market. Consistent with the work of Cairo and Cajner
(2016), these differences in the adjustment of unemployment rates are due to the greater
amplitudes of separations according to educational attainment: less-educated graduates
lose their jobs more easily than more-educated ones, while for all types of graduates
the chances of finding a job decrease in the same proportions. Therefore, endogenous
separations are crucial for explaining heterogeneity in unemployment dynamics.

Despite the absence of persistence of microeconomic shocks, our model extends beyond
the usual limits of the DMP model by generating a large endogenous persistence: unem-
ployment reverts to its initial value after seven years.

Hence, our model appears to reproduce the magnitude and the persistence of a crisis, as
30In accordance with the model where the participation rate is constant and mobility across submarket

is nil, the job finding and separation rates (JFRs,t, JSRs,t) give the unemployment rate (URs,t), ∀s, t.

16



well as the contrasted impacts on heterogeneous workers. For these reasons, this model
can be used to predict economic fallout dovetailing from the COVID-19 crisis.

4 Explaining the impact of COVID-19

We model the lockdown by two exogenous changes in the parameters. First, we con-
sider that the restrictions on transactions induced by the lockdown are as if the TFP
has been reduced. Secondly, we assume that the CARES act reduces the costs of re-
employing workers after a separation. Indeed, the Paycheck Protection Program (PPP)
of the CARES act allow firms to reimburse their loans if they maintain their precrisis
level of full-time equivalent employees.31 More formally, we assume that the unit cost of
a vacancy is

κ̃s,t = (1− (1− ς × t)$s)κs,t for t ∈ [t̃0, t̃1] with

{
t̃0 = 0 in April 2020
t̃1 = 7 in November 2020

where $s is the initial drop in hiring cost and ς the speed decrease in cost reductions.
These shocks on hiring costs induced by policy responses to pandemic crisis generated by
the lockdown are necessary because, as Figure 2 shows, the composition of separations
between temporary and not temporary job losers has highly changed between the two
last crises: during the COVID-19 crisis, the larger share of temporary separations suggest
than the recall option is more used, then reducing the hiring costs during the recovery.32

The empirical studies of Adams-Prassl et al. (2020) and Fana et al. (2020) have also
shown that the lockdown measures have unequal impacts on workers. This suggests that
the lockdown shocks are worker–skill specific. Assuming that the structure of the US
economy has not changed, we use our model, calibrated on subprime crisis, to reveal the
monthly sequences of shocks that has hit each type of job since March 2020. We find these
sequences of skill-specific shocks by minimizing the distance between data and simulated

31Borrowers can reimburse their loans corresponding to their expenditures on payroll, rent, utilities,
and mortgage interest in the eight weeks after loan receipt, if the borrower maintains their precrisis level
of full-time equivalent employees. Otherwise, the amount forgiven falls in proportion to the headcount
reduction (payroll expenses must account for at least 75% of the forgiven amount). Therefore, the
loan becomes a subsidy if covered operating costs exceed the loan amount and the borrower maintains
headcount. See Baker et al. (2020) for more details.

32This point has been already suggested by Gregory et al. (2020) and supported by empirical analysis
provided by Chodorow-Reich and Coglianese (2020).
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Figure 3: Separations: temporary vs. not temporary job losers.

data. Hence, we aim at identifying the following parameters

Γ =
{
{As,t}t1t=t0 , $s, ς

}S
s=1

with t0 =March 2020 and t1 =November 2020

that allow the model to match the following moments:

Υ = {{URs,t}S−1s=1 , JFRt, JSRt}t1t=t0 .

Given that dim(Υ) = 9 × 5 = 45 > dim(Γ) = 9 × 4 + 5 = 41, this strategy can be
interpreted as an informal test of the model. Beyond revealing the unequal impact of the
lockdown shocks on each specific occupation, we can also use the model to predict the
persistence of the crisis and its consequences in terms of earning losses for each worker
type.

4.1 Explaining unemployment during the pandemic crisis

Identifying COVID-19 shocks. Figure 6 shows the sequences of shocks that allow the
model to match the disaggregate unemployment rate, as well as the aggregate job-finding
and separation rates (Υ). This figure highlights the large unequal impact of lockdown
measures, as suggested by Adams-Prassl et al. (2020) and Fana et al. (2020).

In March 2020, the lockdown measures had a negative but moderate impact, estimated
between -1.25% and -2.85% of TFP. In April, the impact of the lockdown was much
greater, and very unequal. For those with less than a high school diploma, the lockdown
reduced workers’ productivity by almost 30%, while those who hold a bachelor degree
or more saw their productivity decrease by only 3%; for the two other workers types,
the negative impact of the lockdown on TFP were between these two extremes (i.e., -
23% for those with a high school diploma and -18% for those with a college diploma).
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Mar. Apr. May Jun Jul. Aug. Sep. Oct. Nov. Dec.
LHS TFP -2.85 -28.5 -1.9 0 0 0 0 0 0 0

HC 0 13.5 11.6 9.7 7.8 5.9 4.0 2.2 0.3 0
HS TFP -2.25 -22.95 -4.5 0 0 0 0 0 0 0

HC 0 12.0 10.3 8.6 7.0 5.3 3.6 1.9 0.2 0
Coll. TFP -2 -18 -1.2 0 0 0 0 0 0 0

HC 0 10.5 9.0 7.6 6.1 4.6 3.1 1.7 0.2 0
Bach. TFP -1.25 -3 0 0 0 0 0 0 0 0

HC 0 6.7 5.8 4.9 3.9 3.0 2.0 1.1 0.1 0

Table 4: Productivity (TFP) and Hiring Costs (HC) reductions ∀s, t in % The

TFP losses are 100× (As,t −As)/As, whereas the HC reductions are 100× (1− (1− ς × t)$s).

Subsequently—which is to say, from June, the month in which the lockdown ended—
productivity returned to its precrisis levels, suggesting that economic efficiency is no
longer reduced by these restrictive measures.

For the hiring costs, the estimated impact of the CARES act are reductions from 13.5%
for the Less that High School workers to 6.7% for those with a Bachelor and more. These
cost reductions linearly decline at the same speed for all workers until becoming nil in
November 2020.

Model fit. Figure 4 shows that (i) data already includes a turning point and (ii) the
recovery observed after this date is, at this time, largely more rapid than those seen in
previous crises. This suggests that the shock was brutal, and stronger than that seen
in previous crises. But, the smaller persistence suggests that the large incentives for
temporary separations offered by the CARES act have change the hiring behaviors.

Unemployment peak. With calibrated shocks of Table 4, the model reproduces the 12-
percentage-point increase in US unemployment (see Panel (c) of Figure 4). The shock
sequences that allow the model to match the disaggregated unemployment rates must hit
workers unequally (see Table 4), because the increase in unemployment rate among those
with less than a high school diploma was by 15.23 percentage points, whereas for those
with a bachelor degree or more was by only 6.4 percentage points (see Figure 5). This
sharp rise in unemployment is largely due to the impressive drop in hiring (see Panel (a)
of Figure 4). However, without the very sharp rise in layoffs (see Panel (b) of Figure
4), the steep increase in the unemployment rate between March and April would not
have been possible. Panel (d) of Figure 4 shows the contributions of separations and
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Figure 4: Aggregate outcomes. Panels (a)–(c). Red lines: data; Blue lines: model. Panel (d).

Line: benchmark case; Dotted line with circles: unemployment rates when JSR are at their steady-state

levels; Dotted line with squares: unemployment rates when JFR are at their steady-state levels.

findings in unemployment dynamics. The initial increase in unemployment is mainly due
to separations (82% of the initial jump in the unemployment rate); however, after three
months, unemployment rate adjustments are driven by the job-finding rate.33

Unemployment persistence. The rapid decline in unemployment is observed for all worker
types: in the four labor markets, the fall in unemployment in June had already absorbed
half of the increase recorded in April, at the peak of the crisis. Despite the strong recovery
observed after April 2020, panel (b) of Figure 4 shows that the separation level still exceeds
the February one, which is also matched by the model. This very strong recovery therefore
thus requires a very sudden shock sequence for some submarkets, but very little persistence
for all. This explains the shapes of the TFP drops reported in Table 4. At the same time,
the high speed of unemployment decline, which has never been observed in the previous
crisis, requires a significant decline of the congestion costs in the hiring process, thus,
leading to the costs reductions reported in Table 4 that will allows the model to match
a lower unemployment persistence compared to the previous crises. This also gives the

33See Appendix E for more details on labor market indicators by education level.
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Figure 5: Disaggregate unemployment rate.

estimated cuts in unit hiring costs induced by the CARES act.

Equilibrium adjustments: prices and quantities. The TFP and HC reductions
reported in Table 4 are in units of output of each sector. However, what matters for de-
cisions is the real values of these changes, ie. ps,tAs,t and ps,tκs,t not simply As,t and κs,t.
Therefore, the prices adjustments ps,t induced by general equilibrium must be taken into
account. Panel (a) of Figure 6 shows that prices of all goods increase due to TFP losses,
except for the sector where TFP value is the highest (the ones employing workers with a
Bachelor degree or more): in April, the price changes are +14.4% for the goods produced
by LHS workers, +7% for those produced by HS workers, +2% for those produced by Coll.
workers, but -7% for those produced by Bach. workers. The prices increase mitigates the
negative impact of the reductions in TFP (modeling the restrictions on sales) and there-
fore explains that the most important impact of the crisis is ultimately on the marginal
revenues of firms employing High schoolers and College degree workers (see panel (b) in
Figure 6). For hiring costs, our calibration revealed that the least educated were victims
of greater congestion effect (γs decreasing with the level of education). Thus, for the same
increase in unemployment, it is those with a low educational attainment who see their
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Figure 6: Equilibrium impact of COVID-19 shocks for each occupation. Panel

(a): price changes ps,t/ps. Panel (b): TFP losses in real values in % ie. (ps,tAs,t − psAs)/psAs. Panel

(c): changes in unit costs of hiring, in real values, ie. ps,t(1− (1− ς × t)$s)κs,t/(psκs).

hiring costs in units of goods increase the most. These first adjustments in κs,t are ampli-
fied by the price adjustments: the unit costs of hiring in real value are therefore higher for
those with a low level of education after a hard recession (see panel (c) in Figure 6). The
impact of the CARES act on these dynamics is to moderate these rises in hiring costs, in
particular for the less educated workers (see Table 4).

Disentangling impact of hiring cost reduction. Figure 7 shows that without hiring
cost reductions, the labor hoarding value is larger and thus the increases in separations
and hence in unemployment would have been smaller.
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Figure 7: Aggregate outcomes. Panels (a)–(c). Red lines: data; Blue lines: benchmark model.

Green lines: model without hiring cost reductions.

Therefore, the first impact of the hiring cost reduction that accounts for the CARES
act is to increase unemployment by facilitating separations. Given that the CARES
act lasts after April, it also induces a persistent increase in separations that would not
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occurred without this program. Hence, the inducement of temporary layoffs allowed by
CARES act explains 32% of total separations from March to November34. Table 5 shows
that the CARES act makes it possible to significantly reduce the average duration of
unemployment (from more than 3 weeks in April to 1 week in June), which was one of its
priority objectives.

Mar. Apr. May Jun Jul. Aug. Sep.
∆ Dur. Unemp. 3.2 1.5 1.3 1 0.8 0.6 0.4

Table 5: Hiring costs reductions and unemployment duration in weeks. ∆ Dur.

Unemp.: Difference between unemployment duration in the benchmark model and those in model without

hiring costs reductions.

Earning losses. It seems to us that calculations of the wages lost on account of the
pandemic can take two forms. The first is based on the workers’ value functions and
consists in calculating the cost of the crisis as permanent wage losses that would have
been perceived in the absence of a crisis. However, it is well known that this calculation
leads to a very low estimate of the costs of a crisis, because the time duration of a crisis
represents only a very small fraction of the time of an agent with an infinite life-horizon.35

The second method focuses more on the short term and consists in measuring wage losses
over finite horizons (i.e., first 3 months,..., until the first 24 months after the start of the
crisis). In the absence of any information regarding the recurrence of pandemic crises,
we favor this latter approach. Therefore, we calculate the transfer, making it possible
to compensate for wage losses, with the reference wage being that before the crisis (i.e.,
the stationary state).36 Figure 8 shows the wage losses by horizon. Obviously, the longer
the horizon is, the smaller the losses will be; in this way, individuals benefit from longer
recovery periods. A regularity emerges from Figure 8: the lower the education level is,

34These results from our model are supported by the empirical analysis of Bick and Blandin (2020).
Based on the Real-Time Population Survey, they show that the share of unemployed workers who expect
that they could return to their employers from February, if the conditions improved rapidly, are between
50% and 35%.

35This calculation does not bias the evaluation of crises if one takes into account their recurrences and
therefore their multiple appearances during an agent’s infinite lifetime.

36In practice, we calculate the average monthly wage on a horizon T (i.e., 1
T

∑T
t=0 ws,tNs,t, which

we compare to what would have been perceived in the absence of crisis wsNs). The wage loss is then
Lw =

(
1
T

∑T
t=0 ws,tNs,t − wsNs

)
/Ns, or ∆w = Lw/ws in percentage. The division by Ns indicates that

the reference population is that before the crisis (i.e., the steady state here); this population is able to
evolve within the crisis, as can the chances of being employed.
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Figure 8: Wage losses as function of the horizon.

the greater the loss of wages will be, irrespective of horizon. These wage losses have two
causes—namely, variations in the wages of those who are employed, and changes in the
chances of being employed. In the model, salary variations compared to the precrisis
period do not exceed 5.3%,37 while variations in employment rates (i.e., the chance of
having a job) can drop by 15%. If we look at the period from March to September 2020,
the wage losses amount to 12% for workers with less than a high school diploma; for those
with at least a bachelor degree, however, that number is 6.9%. Labor income inequalities
were already high before the crisis, and it appears that this COVID-19 crisis will only
exacerbate them, even if the effect measured here is only transitory.

4.2 Contributions of each extension

In this section, we analyze the contribution of (i) the hiring cost function that accounts for
congestion effects varying with the unemployment; (ii) real-wage rigidity, which reduces
the response of wages with respect to a wage-setting rule based on the Nash bargain-

37In the DMP model, only a fraction of the salary is variable over the business cycle; the portion
associated with unemployment benefits is fixed. In addition, in the variable part, productivity and hiring
costs that tend to reduce wages in times of crisis are partially offset by the greater selectivity linked to
endogenous destruction.

24



ing solution; and (iii) varying risk, which accounts for the increase in microeconomic
uncertainty in recession. We then shut off one of these extensions and recalibrate the
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Figure 9: TFP changes. Black: Benchmark model. Dark gray: Model without wage rigidity. Khaki:

Model without congestion effect on hiring costs. Gray: Model without microeconomic uncertainty. For

each scenario, each bar reports the gap relative to the steady-state values.

T ×S = 36-specific shocks, thus allowing the model to match the 36 unemployment rates
moments by education level, observed from March to November 2020. We assume that
the reductions in hiring costs induced by CARES act are the same than in the benchmark
model. Figure 9 reports the estimated sequences of the productivity shocks.38 For March
2020, the identified shocks all remain the same, irrespective of the model; this can be
attributed to the small impact of the crisis during that month. For April and later on,
the shocks identification largely depends on model, emphasizing the importance of each
extension introduced in the basic DMP model. When the hiring costs are constant—as in
the basic DMP model—then the amplitude of the shocks must be smaller, irrespective of
education level. However, they must be more persistent: indeed, without the externality

38Appendix F provides the exact number for new calibrated values of As,t, whereas Appendix G provides
the model fits of UR by skill for the alternative scenarios.
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on hiring cost, the internal persistence of the DMP model is very low and must therefore
be “replaced” by negative shocks over a greater number of periods, so that the model
reproduces the observed data. The absence of wage rigidity or a constant microeconomic
risk (which is countercyclical in our benchmark model) drives the estimated shocks to be-
come larger than those in our benchmark model, especially for workers with a high school
or college diploma. This finding highlights the fact that these two extensions increase the
basic DMP model’s sensitivity to the economic cycle.
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Figure 10: Aggregate outcomes. Red lines: data; Blue lines: benchmark model; Green lines:

constrained models. “Hiring cost”: results with γs = 0; “Wage rigidity”: results with %i = 1; “Varying

risk”: results with ξ = 0.

One can also determine the importance of each of the aforementioned extensions by mea-
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suring gaps relative to overidentifying conditions. Indeed, our calibration strategy con-
straints the model to match the monthly unemployment rate by diploma but leaves free
the worker flows (JFR and JSR) observed at the aggregate level from March to Novem-
ber 2020. The large differences between the constrained models and the JFR and JSR
data show that each extension makes a significant contribution (see Figure 10).

When the externality in the hiring cost is suppressed, we re-encounter the usual draw-
back of the DMP model: the persistence in the job-finding rate below its precrisis value
is largely underestimated (Panel (a) of Figure 10): without congestion externality on unit
hiring costs, the larger number of unemployed workers in a recession facilitates hiring.
To counterbalance this shortcoming, the negative TFP changes for LHS, HS and Coll.
workers needed to mimic unemployment rates are more persistent, and thus lead to an
overestimation of the job-separation rates (Panel (b) of Figure 10). At the end of lock-
down, it is also necessary to introduce TFP increases for jobs held by graduates of a
bachelor’s degree or more, which is counterfactual.

When the wage rigidity is removed, TFP changes are strongly persistent in order to
compensate for the lack of internal persistence. Despite this over-estimated persistence
of shocks, the persistence in JSR is lower than in the benchmark model (Panel (e) of
Figure 10). This shortcoming comes from persistent wages below their precrisis levels,
which prevents firms from firing workers after the months where shocks are negative. The
discrepancy between the model and the data is even more larger when the hiring cost
reductions (CARES act effect) are removed simultaneously with wage rigidity. In this
case, the job-separation rates fall below their steady-state level three months after the
start of the crisis (see panel (a) of the Figure 17 in Appendix H). This is at odds with the
data.

When the time-varying risk of microeconomic shocks is removed (σs,t = σG, ∀s, t), both
the JSR and JFR are biased, despite the good fit of unemployment. During a recession,
the increase in σs,t (with the average of the distribution remaining constant) expands
the weight of both excellent and very bad draws. Since the distribution that matters for
evaluating expected profits is cut to the left by reservation productivity, an increase in
variance raises the expected profits, which in turn boosts hires. Panel (g) of Figure 10
shows that without this effect, the expected profits would be lower, which would lead to
fewer hires. For separations, this effect also acts to reduce JSR, but it is overcompensated
by (i) the increase in labor market tightness, which increases wages, and (ii) the thickening
of the left-tail distribution, which pushes up the mass of firings. Hence, an increase in
the variance of the distribution implies an increase in the mass of low-productive jobs
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at the profitability limit.39 Therefore, in the absence of this effect, there would be less
separations (see Panel (h) of Figure 10).

4.3 Alternative scenarios: longer but less stricter lockdown

What would happened if we had less stricter lockdown but a more persistent one? In
order to control that only, the lockdown duration changes. TFP changes are calibrated
so that the sums of their variations are identical in each scenario. We assume that the
hiring costs reductions are the same than in the benchmark model and thus are operative
one month before the end of each lockdown. Figure 11 compares the TFP changes in the
benchmark, a 3 month lockdown and a 6 months lockdown.
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Figure 11: TFP changes for different scenarios.

Panels (a) and (d) of Figure 12 show that a longer but less strict lockdown (with the same
TFP losses for all the scenarios) makes it possible to have a lower unemployment peak
(+9.5pp or +6.5pp respectively for a lockdown of 3 or 6 months) than in the benchmark
(+11.7pp). However, a 6-months lockdown implies a greater persistence of unemployment
than shorter lockdowns (benchmark and 3 months). Thus, if extending the lockdown by
making it less strict is beneficial at the start, this is no longer true beyond a certain
length. These differences comes from the nonlinear impact of unemployment on hiring
costs (κs,t) and microeconomic risks (σs,t).40 The less stricter lockdowns, leading to lower
unemployment increases, imply smaller changes in κs,t and σs,t. For a sufficiently large
unemployment increase (the 3-months lockdown), the changes in microeconomic risk are
dominated by the ones of unit hiring costs: with respect to the benchmark, the smaller
raise in hiring costs allows the JFR to be larger41, explaining the smaller unemployment

39See Pissarides (2020), ch.2, for analytical derivations of these results.
40See Equations (1) and (3) for the links between unemployment rates and κs,t and σs,t.
41Smaller congestion externality than in the benchmark facilitates the hiring process. See section 4.2.
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Figure 12: Aggregate outcomes: longer but less stricter lockdown.

persistence. At the opposite, when the raise in unemployment is sufficiently small (the 6-
months lockdown), the changes in hiring costs are dominated by the ones of microeconomic
risk: with respect to the benchmark, the smaller raise in microeconomic risk leads the
JFR to be lower42, explaining the higher unemployment persistence.

Finally, using the same method than in section 4.1, Table 6 gives the wage losses in
each scenario. Given that the lower unemployment persistence is in 3-month lockdown
scenario, the lower wage losses are also reached in this scenario.

LHS HS Coll. Bach. Total
Basic framework -3.9% -3.6% -3.2% -2.4% -3.4%

3 months lockdown -3.5% -3.2% -2.9% -2.0% -2.9%
6 months lockdown -3.6% -3.3% -2.9% -2.0% -3.0%

Table 6: Comparison of earning losses. Horizon of 24 months

42The draws at the top of the distribution are reduced, and thus the expected profits. See section 4.2.
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5 Conclusion

This study evaluates the impact of the COVID-19 crisis on the US labor market; it does
so by using an extension of the Diamond–Mortensen–Pissarides model in a general equi-
librium setup. We introduce several extensions: (i) heterogeneity of workers by education
level, making it possible to combine heterogeneous adjustments in labor markets; (ii)
endogenous separations, accounting for sharp increases in unemployment and business
closures; (iii) time-varying microeconomic risks over the economic cycle; (iv) congestion
externalities explaining the persistence of unemployment during recovery; and (v) wage
rigidity, allowing the model to account for job separations even after the lockdown.

First, the model makes it possible to identify the size of the shocks needed to reproduce
the first nine observed months of the crisis. Second, it predicts a highly persistent unem-
ployment rate, despite the limited duration of the lockdown, with a return to the precrisis
state in 2023. Finally, counterfactual simulations—in which one of the above extensions
is shut down—stresses the importance of each one in explaining labor market dynamics.

Our work opens up the field to the question of how best to evaluate economic policies;
future research that does so can benefit from the use of our structural model.
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A The first-order conditions of the firm’s problem

Denoting α̃s,t =

∫+∞
αrs,t

αdGs,t(α)

1−Gs,t(αrs,t)
, the production function is

Ys,t = As,tAtNs,t
1

1−Gs,t(αrt )

∫ +∞

αrs,t

αdGs,t(α) = As,tAtα̃s,tNs,t,

where As,t and At are the skill-specific and aggregate productivity, respectively. Denoting

w̃s,t =

∫+∞
αrs,t

ws,t(α)dGs,t(α)

1−Gs,t(αrs,t)
, the firm maximizes the following problem:

Vs,t(Ns,t, At) = max
Vs,t,Ns,t,αrs,t

Ds,t + β̃tVs,t+1(Ns,t+1, At+1)

s.t


Ds,t = Ns,t (ps,tAsAtα̃s,t − w̃s,t)− ps,tκs,tVs,t

Ns,t+1 = (1− ss,t+1)(Ns,t + q(θs,t)Vs,t)

Vs,t ≥ 0 (λs,t)

The first-order conditions (FOCs) are

0 = −ps,tκs,t + q(θs,t)β̃t(1− ss,t+1)
∂Vs,t+1

∂Ns,t+1

+ λs,tq(θs,t) (7)

0 =
∂Ns,t

∂αrs,t
(ps,tAsAtα̃s,t − w̃s,t) +Ns,t

(
ps,tAsAt

∂α̃s,t
∂αrs,t

− ∂w̃s,t
∂αrs,t

)
+β̃t

∂Vs,t+1

∂Ns,t+1

∂Ns,t+1

∂Ns,t

∂Ns,t

∂αrs,t
(8)

∂Vs,t
∂Ns,t

= ps,tAsAtα̃s,t − w̃s,t + β̃t(1− ss,t+1)
∂Vs,t+1

∂Ns,t+1

(9)

. The Kuhn–Tucker conditions are given by

qs(θs,t)Vs,t ≥ 0, λs,t ≥ 0, and λs,tqs(θs,t)Vs,t = 0.

Knowing that 1− ss,t = (1− ss)(1−Gs(α
r
s,t)) and using

∂Ns,t

∂αrs,t
= −(1− ss)(Ns,t−1 + q(θs,t−1)Vs,t−1)dGs(α

r
s,t) = −(1− ss)

Ns,t

1− ss,t
dGs(α

r
s,t)

∂α̃s,t
∂αrs,t

=
dGs(α

r
s,t)

1−Gs(αrs,t)
(α̃s,t − αrs,t)

∂w̃s,t
∂αrs,t

=
dGs(α

r
s,t)

1−Gs(αrs,t)
(w̃s,t − ws,t(αrs,t)),

the equation (8) can be rewritten as follows.

0 = ps,tAsAtα
r
s,t − ws,t(αrs,t) +

(
ps,tκs,t
q(θs,t)

− λs,t
)
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These FOCs of the firm’s program lead to the following intertemporal job-destruction and
job-creation conditions:

Js,t(αs,t) = ps,tAs,tAtαs,t − w(αs,t) + β̃t(1− ss,t+1)Js,t+1 ∀αs,t ≥ αrs,t (10)

Js,t(α
r
s,t) = 0 (11)

Js,t = ps,tAs,tAtα̃s,t − w̃s,t + β̃t(1− ss,t+1)Js,t+1 (12)
ps,tκs,t
q(θs,t)

− λs,t = β̃t(1− ss,t+1)Js,t+1, (13)

where Js,t = ∂Vs,t
∂Ns,t

is the marginal value of employment, which can also be defined as

Js,t ≡
∫+∞
αrs,t

Js,t(α)dGs,t(α)

1−Gs,t(αrs,t)
, where Js,t(α) is the marginal value of a job after the realization

of the idiosyncratic productivity α. Because Js,t(α) ≥ 0, ∀α ≥ αrs,t, the average job
value, defined by Js,t, is necessarily positive. The intertemporal job-destruction condition
indicates that the current losses (ps,tAs,tAtαrs,t − ws,t(αrs,t)) must be compensated by the
expected future gains generated by the job. The intertemporal job-creation condition
equalizes the marginal costs of hiring at time t to the firm’s marginal value of hiring,
which is represented by the marginal benefits of hiring at time t+ 1 discounted to t with
the stochastic discount factor β. Hirings are based on the expectations of this average
value of a job Js,t+1, as α is revealed after the contact.

Using the wage equation, and given that α ∈ [0,+∞) when the distribution is log-normal,
the equilibrium reservation productivity is

αrs,t = max

{
0;

1

(1− ηs)ps,tAsAt

[
(1− ηs)bs(At) + ηps,tκs,tθs,t −

(
ps,tκs,t
q(θs,t)

− λs,t
)]}

.

The FOCs of the firm’s program lead to the following intertemporal job-creation condition:

ps,tκs,t
qs(θs,t)

− λs,t = β̃t

[
(1− ss,t+1)

(
ps,t+1AsAt+1α̃s,t+1 − w̃s,t+1 +

ps,t+1κs,t+1

qs(θs,t+1)
− λs,t+1

)]
The Kuhn–Tucker conditions are given by

qs(θs,t)Vs,t ≥ 0, λs,t ≥ 0, and λs,tqs(θs,t)Vs,t = 0.

When λs,t = 0, the equilibrium paths are the same as in the DMP model. When λt > 0,
we have Vs,t = 0, and the solution is constrained with θs,t = 0 and Nt = (1 − ss)(1 −
Gs(α

r
s,t))Ns,t−1.
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B Data

Aggregate data. The macro-level unemployment rate, job-finding rate, and job-separation
rate data that we use are constructed from BLS data, from 1948 to the present. Data
pertaining to monthly employment and unemployment levels for all people aged 16 and
over are seasonally adjusted. To construct worker flows following Adjemian et al. (2019),
we use the number of unemployed workers who have been unemployed for more than five
weeks. After dividing the unemployment levels in each month by the sum of unemploy-
ment and employment, we obtain monthly series for Um and U5

m (where m refers to the
monthly frequency); these correspond to the proportion of unemployed individuals and
the proportion of individuals unemployed for more than five weeks, respectively. The
worker flows are given by JSRm = Um+1−U5m+1

Em
and JFRm =

Um−U5
m+1

Um
.

Data by skill. We use constructed data from Cairo and Cajner (2016), which are
based on CPS basic monthly data from January 1976 to January 2014. They construct
the number of short-term unemployed individuals (i.e., unemployed for fewer than five
weeks) for each education group; doing so allowed them to calculate the heterogeneous
job-finding and separation rates.

Rescaling method. To use both data sets, we first need to rescale them. We assume
our aggregate data would remain unchanged.

First, we construct the artificial macro-level unemployment rate (burt, bjsrt, and bjfrt)
by using micro data (urs,t, jsrs,t, and jfrs,t) and the weight of each skill in the economy
ωs: burt =

∑S
s=1 ωsurs,t, bjsrt =

∑S
s=1 ωsjsrs,t, and bjfrt =

∑S
s=1 ωsjfrs,t. We then

calculate the coefficient of rescaling xi such that x1s,t = jfrs,t/bjfrt, x2s,t = urs,t/burt, and
x3s,t = jsrs,t/bjsrt.

Second, we reconstruct the micro data to match the macro data (UR, JFR, and JSR):
hjsrs,t = x1s,tJFRt, hurs,t = x2s,tURt, and hjsrs,t = x3s,tJSRt.

Finally, to test our estimation, we calculate the macro data using the rescaled micro data:
hburt =

∑S
s=1 ωshurs,t, hbjfrt =

∑S
s=1 ωshjfrs,t, and hbjsrt =

∑S
s=1 ωshjsrs,t; we then

compare these data to the original data (UR, JFR, and JSR). We find that the rescaling
matches the data well.
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C Steady-state restrictions identifying ηs and bs

We use the two FOCs of the firm’s program with respect to θs,t and αrs,t to identify two
parameters in each sector. We choose to identify ηs and b̃s ≡ bs/(psAs), which are thus
skill-specific. If we assume that the steady-state value of κs is proportional to As, s.t.
κs = kAs, then we identify ηs as follows.

ηs = 1− k

qs(θs)β(1− jsrs)(α̃s − αrs)
,

where k is chosen s.t.
∑
s ωsNsηs∑
s ωsNs

= 0.5, leading to k = 0.103. The other FOC allows us to

identify b̃s = bs
psAs

:

b̃s = αrs −
ηs

1− ηs
kθs +

1

1− ηs
k

q(θs)
,

which leads to a ratio of home production to production in business of b̃s/α̃s.
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D The fit of the 2008 crisis

Figure 13 presents the results and shows that the model can match the dynamics of the
four labor markets (LHS, HS, Coll., and Bach. or more).
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Figure 13: Worker flows and stock by education level. The circles represent the raw

monthly data leading to smoothed polynomials (in red), with confidence bands (95%) (in gray). The blue

lines represent smoothed polynomials generated by the model.

Figure 14 illustrates the accuracy of our model results, as it compares our predictions to
aggregate indicators of the US labor market.

40



2008 2009 2010 2011 2012 2013 2014

-0.01

-0.005

0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

(a) UR
2008 2009 2010 2011 2012 2013 2014

-0.12

-0.1

-0.08

-0.06

-0.04

-0.02

0

0.02

0.04

(b) JFR
2008 2009 2010 2011 2012 2013 2014

-4

-3

-2

-1

0

1

2

3

4

5

6
10

-3

(c) JSR

Figure 14: Aggregate worker flows and stock. In Panels (a)–(c), the circles represent the

raw monthly data leading to smoothed polynomials (in red), with confidence bands (95%) (in gray). The

blue lines represent the smoothed polynomials generated by the model.

41



E Labor market indicators of the benchmark model
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Figure 15: Outcomes by education level. Panels (a)–(d): Black lines for the less than high

school diploma (LHS); Khaki lines for the for the high school diploma (HS); Gray lines for the college

diploma (Coll.); Camel lines for the bachelor degree or more (Bach.).
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F Model calibration when one extension is removed

Mar Apr May Jun Jul Aug Sep Oct
Less than High School

Basic Framework -0.0285 -0.285 -0.019 0 0 0 0 0
No congestion on hiring costs -0.0285 -0.133 -0.095 -0.038 -0.038 -0.038 0 0

No wage rigidity -0.0285 -0.380 0 0 0 0 0 0
No uncertainty -0.0285 -0.323 0 0 0 0 0 0

High School
Basic Framework -0.0225 -0.2295 -0.045 0 0 0 0 0

No congestion on hiring costs -0.0225 -0.0990 -0.027 -0.009 -0.009 -0.009 0 0
No wage rigidity -0.0225 -0.3600 0 0 0 0 0 0
No uncertainty -0.0225 -0.3150 0 0 0 0 0 0

College
Basic Framework -0.02 -0.1800 -0.0120 0 0 0 0 0

No congestion on hiring costs -0.02 -0.0480 -0.0160 0 0 0 0 0
No wage rigidity -0.02 -0.1880 0 0 0 0 0 0
No uncertainty -0.02 -0.2608 0 0 0 0 0 0

Bachelor and more
Basic Framework -0.0125 -0.0300 0 0 0 0 0 0

No congestion on hiring costs 0 0.0250 0.0375 0.015 0.01 0 0 0
No wage rigidity 0 0 0 0 0 0 0 0
No uncertainty -0.0125 -0.0375 -0.0250 -0.020 -0.015 -0.01 -0.01 -0.01

Table 7: Productivity loss
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G Model fit when one extension is removed
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Figure 16: Unemployment rate by education level. In Panels (a)–(l), the red lines

represent the data.
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H Counterfactual simulation
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Figure 17: Simulation without wage rigidity and hiring costs subsidies. In Panels

(a)–(c), the red lines represent the data, the blue lines represent the benchmark model,the green lines

represent the model without wage rigidity and the turquoise lines represent the model without wage

rigidity and hiring costs subsidies.
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