Federal Reserve Bank of Cleveland Working Paper Series

Endogenous Labor Supply in an Estimated New-Keynesian Model:
Nominal versus Real Rigidities

Isabel Caird, Hess Chung, Francesco Ferrante, Cristina Fuentes-Albero,

Camilo Morales-Jiménez, and Damjan Pfajfar

Working Paper No. 25-08
March 2025

Suggested citation: Caird, Isabel, Hess Chung, Francesco Ferrante, Cristina Fuentes-Albero, Camilo
Morales-Jiménez, and Damjan Pfajfar. 2025. "Endogenous Labor Supply in an Estimated New-
Keynesian Model: Nominal versus Real Rigidities.” Working Paper No. 25-08. Federal Reserve Bank
of Cleveland. https://doi.org/10.26509/frbc-wp-202508.

Federal Reserve Bank of Cleveland Working Paper Series
ISSN: 2573-7953

Working papers of the Federal Reserve Bank of Cleveland are preliminary materials circulated to
stimulate discussion and critical comment on research in progress. They may not have been subject to
the formal editorial review accorded official Federal Reserve Bank of Cleveland publications.

See more working papers at: www.clevelandfed.org/research. Subscribe to email alerts to be notified
when a new working paper is posted at: https://www.clevelandfed.org/subscriptions.

This work is licensed under Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International. To view a copy of this license, visit https://creativecommons.org/licenses/by-nc-nd/4.0/



https://doi.org/10.26509/frbc-wp-202508
https://www.clevelandfed.org/research
https://www.clevelandfed.org/subscriptions
https://creativecommons.org/licenses/by-nc-nd/4.0/

Endogenous Labor Supply in an Estimated New-Keynesian Model:

Nominal versus Real Rigidities*

Isabel Cair6? Hess Chung? Francesco Ferrante! Cristina Fuentes-Alberot

Camilo Morales-Jiménez?* Damjan Pfajfar®

February 2025

Abstract

Standard macroeconomic models find it difficult to reconcile slow recoveries and missing disinflations
after deep deteriorations in the labor market. We develop and estimate a New-Keynesian model with
search and matching frictions in the labor market, endogenous intensive and extensive labor supply
decisions, and financial frictions. We conclude that the estimated combination of a low degree of
nominal wage rigidities and a high degree of real wage rigidities, together with a small role for pre-match
costs relative to post-match costs, is key in successfully forecasting slow recoveries in unemployment
and missing disinflations in the aftermath of recessions, such as the Great Recession. We find that data
on endogenous labor supply decisions (participation and hours) are very informative about the relative
degree of nominal and real wage rigidities and the slope of the Phillips curve. We also show that none
of the model-based labor market gaps are a sufficient statistic of labor market slack, but all contain
relevant information about the state of the economy summarized in a new indicator for labor market
slack that we propose.
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1 Introduction

Jobless recoveries after a deep deterioration in labor market conditions remain a puzzle for standard search
and matching models (Leduc and Liu, 2020). In particular, these models have a hard time predicting a
large enough degree of persistence in labor market outcomes after a sharp, rapid increase in the unemploy-
ment rate. Moreover, models with a traditional Phillips curve relationship pair labor market downturns
with disinflationary pressures and, hence, face difficulties in reconciling a slowdown in economic activity
with subdued but stable inflation as observed during the Great Recession and its aftermath.! In this
paper, we show that an estimated dynamic stochastic general equilibrium (DSGE) model with search
and matching frictions, endogenous labor force participation and hours, together with financial frictions
on investment, is able to deliver both a jobless recovery after a large increase in unemployment and a
relatively stable inflation.?

The empirical performance of our model relies on (i) a combination of a low degree of nominal
wage rigidities and a high degree of real wage rigidities, (i) the higher importance of job-training costs
(post-match recruiting costs) relative to vacancy-posting costs (pre-match recruiting costs), and (%)
the interaction between the labor market and the financial accelerator channel. Incorporating the three
margins of labor supply—hours, employment, and participation—into a New-Keynesian model a la Smets
and Wouters (2007) with search and matching frictions and financial rigidities as in Del Negro et al.
(2015) is key for the empirical performance of the model. Most of the theoretical literature focuses on
one or two of these margins but not on all of them simultaneously. However, employment is the biggest
component of the variation in total hours (Rogerson and Shimer, 2011), and labor force participation
explains between one-fourth and one-third of the cyclical variation in the unemployment rate (Barnichon
and Figura, 2015; Elsby et al., 2010). Therefore, introducing the three margins of labor supply in such a
model is a significant theoretical contribution to the literature.

We estimate the model with Bayesian techniques on a data set that includes a large set of labor
market variables such as the unemployment rate, the labor force participation rate (LFPR hereafter), the
workweek, and vacancies. We show that having both the LFPR, and hours worked as endogenous variables
in the model and in the observable set is key in assessing the underlying state of the economy as measured
both in terms of the output gap and the unemployment rate gap. In addition, the estimated model
successfully accounts for the observed labor market and inflation dynamics during the Great Recession
and the subsequent recovery. In particular, we assess the forecasting performance of the estimated model
at two critical points in time: (i) 2008:Q4, which corresponds to the quarter with the largest drop in
gross domestic product (GDP) growth, and (i) 2009:Q4, which corresponds to the quarter with the
highest unemployment rate, using data up to those dates. In doing so, we take into account the expected
duration of the effective lower bound (ELB) constraint on the nominal interest rate as in Kulish et al.

(2017). Evaluating the forecasting performance at these two dates allows us to show that the model is

!The lack of disinflation during the Great Recession was dubbed by Stock (2011) as the “missing disinflation” puzzle.

2 A version of this model is part of the suite of models used for policy analysis at the Federal Reserve Board. For example,
an earlier version of the model was used in the January 2019 Risks and Uncertainty section of Tealbook A made available to
the public in January 2025.


https://www.federalreserve.gov/monetarypolicy/files/FOMC20190130tealbooka20190118.pdf

able to account for the deep deterioration of the labor market conditions during the Great Recession
and for the subsequent slow recovery. While our model expected a slightly larger deterioration in the
unemployment rate during the Great Recession than what was observed, we can explain this ex-post by
assessing the role of the ELB constraint during this period. By doing a shock decomposition analysis,
we find that the deterioration in labor market conditions was not as dire as the model predicted due to
less-severe-than-expected effects of the ELB constraint. Our model also does a great job at forecasting
other labor market variables during this period, including wages, vacancies, and workweek as well as GDP
growth and investment growth. Moreover, the model is able to predict only a modest decrease in inflation
in 2009 and 2010 and a relatively subdued path for inflation in the years following the Great Recession.

Using counterfactual model projections, we identify three key features of the estimated model that
contribute to its good forecasting properties. First, we estimate a small degree of nominal wage rigidities
but a relatively large degree of real wage rigidities. To quantify the actual degree of real and nominal
wage rigidities in the estimated model, we develop a novel and parsimonious decomposition of nominal
wages that can be used in any model featuring search and matching frictions. Real (instead of nominal)
wage rigidities allow us to match the cyclicality of the LFPR and hours in the data, as real wages are
more sluggish with real rigidities, preventing labor supply from plunging in recessions. We find that the
estimated degree of real versus nominal wage rigidities relies on the information contained in the LFPR
and hours worked. Moreover, these two observable variables are key in identifying the slope of the price
Phillips curve. Therefore, information on the extensive and intensive margins of labor supply plays a
relevant role in delivering the sought-after smaller response of inflation after a large deterioration in labor
market conditions.

Second, our estimation results imply a relatively larger importance of post-match recruiting costs (job-
training costs) than pre-match costs (vacancy-posting costs). In an economic downturn, large post-match
recruiting costs (relative to pre-match recruiting costs) dampen the decline in marginal costs, and, as a
consequence, in inflation. The inference on the relative importance of the two components of the recruiting
cost function is mostly driven by the dynamics of vacancies. Indeed, if the model had a sizable pre-match
cost, the predicted vacancy volatility would be significantly smaller than in the data. We find that a
higher degree of post-match costs relative to pre-match costs helps in delivering not only higher labor
market volatility, but also persistence in labor market outcomes, which allows the model to account for a
large increase in the unemployment rate followed by a sluggish recovery. We also conclude that having a
higher degree of post-match costs than pre-match costs helps in delivering lower inflation volatility and
more persistent inflation dynamics.

Third, financial rigidities play a significant role in accounting for the joint behavior of labor market
variables and inflation during the recovery. In an economic downturn, financial rigidities are linked to
higher lending spreads, which generate a persistent decline in investment. This persistent decline in
investment, on the one hand, results in a prolonged weakness in labor demand, and, on the other hand,
prevents inflation from falling too much by raising the rental cost of capital.

In addition to assessing the forecasting performance of the model, we also exploit the richness of the



labor market block of the model to study the cyclical properties of labor market gaps. We find that
including endogenous labor supply in the model and labor supply data in the estimation does matter in
inferring the cyclical position of the labor market. First, based on the historical data decomposition, we
show that the LFPR and workweek are informative about the labor market gaps and the natural rate of
unemployment, potentially explaining about a 1 percentage point fluctuation in the latter. Second, based
on the historical shock decomposition, we show that exogenous shocks to labor supply are important
drivers of the economy—particularly of the natural rate of unemployment. In addition, we compute
multiple labor market gaps (employment, unemployment, unemployment rate, LFPR, workweek, total
hours, and vacancy gaps), and we find that there is no sufficient statistic of slack in the labor market.
Even though all labor market gaps are highly correlated and become negative within two or three quarters
after the onset of a recession, there is not a single labor market gap that always leads the deterioration
or recovery of the labor market. Based on this result, we propose a measure that summarizes the slack
of the labor market by taking the first principal component of all of our labor market gaps. We find that
this indicator had led the three recessions in our sample period, peaking about six quarters before the

start of the recession.

Related Literature This paper is related to four strands of the literature. First, this paper builds on
the literature that estimates medium-scale DSGE models to explain business cycle dynamics, in the spirit
of Smets and Wouters (2007) and Christiano et al. (2005). Gertler et al. (2008) extended the previous
papers by including both search and matching frictions in the labor market and staggered nominal wage
rigidities, but they did not use labor market variables in their estimation. They found that nominal wage
rigidities significantly improve the model’s ability to explain the data. More recently, Furlanetto and
Groshenny (2016) include vacancies in the Bayesian estimation of a search and matching model, finding
that matching efficiency shocks play a meaningful role in explaining fluctuations in the natural rate of
unemployment. All of the previous papers assumed a fixed labor supply along the extensive margin and,
in some cases, along the intensive and extensive margins. A key contribution of our paper is to build and
estimate a DSGE model with financial rigidities and search and matching frictions featuring both the
intensive and the extensive margins of labor supply, which successfully accounts for key business cycle
dynamics, including those related to the labor market.

Second, this paper is also related to the literature that studies endogenous labor supply decisions. In
particular, Cairé et al. (2022) and Krusell et al. (2017, 2020) study the cyclical fluctuations in the LFPR
and transition rates, highlighting the important role of small labor supply elasticities and wage rigidities
in explaining the weak procyclicality of the LFPR. Cacciatore et al. (2020) study the cyclical behavior of
hours in an estimated DSGE model and find that intensive-margin adjustments increase job losses during
postwar recessions and delay job recoveries. Nucci and Riggi (2018) use a search and matching model
with endogenous labor force participation and real wage rigidities to rationalize the divergent behavior
of the LFPR between the United States and the euro area during the Great Recession. Relative to these
papers, we develop a fully fledged New-Keynesian model with a rich labor market structure and estimate

it using Bayesian techniques on an expanded data set that includes labor market variables.



Christiano et al. (2015) and Christiano et al. (2021) feature medium-sized DSGE models with a labor
supply decision. Christiano et al. (2015) endogenize the LFPR in a model with only the extensive margin
of labor supply and financial-like wedges to study the Great Recession. They abstract from nominal
wage rigidities and assume a log-linear specification for the utility function, without disutility from labor,
so that they cannot parameterize the strength of the short-run wealth effects on labor supply. In turn,
Christiano et al. (2021) present a model with an endogenous LFPR (though without search frictions)
and conclude that using only employment or total hours in the estimation is not enough to explain the
unemployment or the LFPR responses observed in the data. Different from our paper, both studies
estimate their models using impulse response matching, consider a smaller set of macroeconomic shocks,
and do not focus on the role of real and nominal wage rigidities and pre- and post-match recruiting costs
in explaining business cycle dynamics.

Third, our paper is also related to the literature that studies the role of real and nominal rigidities in
models with search and matching frictions. Papers in this literature include Kuester (2010) and Thomas
(2011), who claim that strategic complementarities in price setting that arise when price setters are also
subject to labor market frictions are necessary in delivering smaller responses of inflation to shocks in
New-Keynesian models with search and matching frictions. While these types of real price rigidities do
not arise in our model, their findings are obtained within the context of simpler macroeconomic models
that do not include a labor force participation decision as in our paper. The inclusion of both the LFPR
and the workweek in our data set allows us to estimate a combination of the slope of the Phillips curve
and the degree of real wage rigidities that delivers the sought-after smaller response of inflation during
the Great Recession, as well as the sluggish recovery in the labor market.

Finally, this paper is related to recent papers that evaluate the performance of DSGE models during
the Great Recession. In particular, Leduc and Liu (2020) show that search and matching models with a
standard matching function fail to predict weak job recoveries following a deep labor market downturn.
By introducing search intensity and recruiting intensity in an otherwise standard model, they are able
to account for the weak job recovery observed after the Great Recession. Our paper shows that a good
forecasting performance can also be achieved by introducing two additional labor supply margins—LFPR
and hours worked—while relying on a standard matching function. Our paper is also related to the
literature investigating the causes for the the missing disinflation after the 2007-2009 financial crisis. Del
Negro et al. (2015) show that DSGE models can predict the missing disinflation when featuring financial
frictions and a high degree of nominal rigidities in an environment with forward-looking agents. Gilchrist
et al. (2017) develop a model in which financial frictions play a crucial role in explaining a more resilient
path of inflation following the Great Recession, but they abstract from studying the behavior of labor
market variables. Christiano et al. (2015) look at the interaction between financial frictions and labor
market dynamics in the wake of the financial crisis, but in their model financial wedges are exogenous
rather than endogenous as in our framework.?

The rest of this paper is organized as follows. Section 2 presents our model. Section 3 describes our

3Regarding alternative explanations for the missing disinflation, see also Hall (2011), Coibion and Gorodnichenko (2015),
and Harding et al. (2022).



estimation strategy, data, and results. Section 4 presents the results of forecasting the labor market and
inflation during the Great Recession with our model. Section 5 analyzes the role of real versus nominal
wage rigidities and pre-match versus post-match costs in our model. Section 6 presents a historical analysis
of the labor market based on our estimated model. We present multiple labor market gaps, data, and
shock decompositions, and propose a measure that summarizes the slack in the labor market. Finally,

Section 7 concludes.

2 Model Description

We build a quantitative general equilibrium model & la Smets and Wouters (2007) that features search
and matching frictions in the labor market, and financial rigidities, as in Bernanke et al. (1999). The
model incorporates several novelties. First, labor supply decisions encompass the standard intensive
margin—hours worked—of New-Keynesian models and the extensive margin, both through employment
and labor force participation. While these margins were previously studied in isolation, our model is the
first one to incorporate these three components of labor supply simultaneously in an estimated DSGE
model. Second, we extend the Jaimovich and Rebelo (2009) preferences to incorporate the extensive
margin of labor, enabling us to quantify the wealth effect in labor supply decisions. Third, in the spirit of
Furlanetto and Groshenny (2016), we include a generic recruiting cost function that depends on both the
number of vacancies posted and the number of new hires. Fourth, we extend the Nash bargaining process
of Gertler et al. (2008) by including hours and a generic recruiting cost function. All these features allow
us to empirically evaluate the relationship among different labor market gaps over the business cycle and
over history, the role of wealth in labor supply decisions, the relative importance of vacancy costs over
hiring costs, and a rigorous treatment of nominal wage rigidities in the labor market.

The model economy is populated by a representative household, a representative final goods producer,
monopolistically competitive retailers, competitive intermediate goods producers, a representative capital
producer, entrepreneurs, a government, and a monetary authority. Below, we present the key elements of

the model environment and make detailed derivations available in the Online Appendix.

2.1 Households

There is a representative household made up of a continuum of members—who can be employed, unem-
ployed, or out of the labor force at each point in time—with a mass normalized to 1. We assume perfect
consumption insurance within the household, which implies that all members of the household seek to
maximize the household’s utility function and consume the same basket of goods. The total number of
employed and unemployed workers is denoted by N; and U, respectively, and together they constitute
the labor force, which is denoted by L; = N + U;. Thus, we have 1 = Ny + Uy + Oy = Ly + Oy, where the
total number of workers out of the labor force is denoted as O;.

Unemployed workers receive real unemployment compensation equal to b;. Employed workers receive

a nominal hourly wage, Wy, and are exogenously separated from their jobs at a time-invariant rate ds. The
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timing of labor market decisions closely follows Campolmi and Gnocchi (2016). At the beginning of each
period, a fraction §, of the employed are separated from their job. The newly separated workers, together
with the unemployed and the nonparticipants, form the nonemployment pool Ui_1 + Oy_1 + dsNi—1 =
1—(1—=0s)N¢—1. Out of the nonemployment pool, some members will form the searching pool s;, and
the remaining ones will enter non participation O;. Therefore, s; + Oy =1 — (1 — §5)N;—1, which implies
st = Ly — (1 — 65)Ny—1. The searchers find a job with probability p;, and we allow for contemporaneous
hiring: Those who find a job are able to become employed immediately. Aggregate employment evolves
as follows: N; = (1 — 65)N¢—1 + piSt, and the unemployment rate is defined as u; = %:

We assume an instantaneous utility function that allows us to parameterize the strength of short-
run wealth effects on the labor supply as in Jaimovich and Rebelo (2009) (JR henceforth). Following
Cacciatore et al. (2020), we incorporate internal consumption habit formation in the JR preferences.
These preferences make compatible having very small wealth effects on labor supply in the short run
and are consistent with a balanced growth path in the long run. Given that the labor supply decision in
our model entails both the extensive margin (through participation in the labor force) and the intensive
margin (through hours worked), we propose the following extension of the JR preferences:

1+4p, 1-0oc

_H )Y h
e —heey + xS X (1) — xw T N X ()| — 1

U(ci—1, ¢, Hy, zhe, Xe(h), X (1), Ny) =

1—o0.

(1)

where X; (h) = (¢; — hee—1)™ X;—1 (h)' ™ is the process for the intensive labor margin—hours worked—
Yn € (0,1] is the parameter governing the magnitude of the short-run wealth effect on the supply of hours,
X, () = (et —he—1)™ X1 ()7 is the process for the extensive margin—labor force participation-
and 7, € (0,1] is the parameter governing the magnitude of the short-run wealth effect on participation.
Intuitively, utility functions of this form allow for short-run labor supply preferences that are close to those
introduced by Greenwood et al. (1988) (GHH), in which consumption and leisure are strong substitutes
and the wealth effect is entirely absent. However, unlike GHH preferences, the terms governing the utility
of leisure are scaled by processes, X; () and X; (h), that eventually converge to the level of consumption,
in which case the utility function takes on the more conventional King et al. (1988) (KPR) form required
for consistency with balanced growth. Specifically, when +; and 7; approach 1, both X;t(h) and Xy(l) are

144y, —oe

- 1711) zn
(A—Hy) 7% h NeXi(R)) 1

(ee—her—1) (14X T—4; Xt(l)*Xhtliiwh

equal to ¢; — heg—1 and U factors into e , which is in
the class of KPR utility functions. By contrast, when v, and ~; approach 0, preferences in the short run
are similar to GHH and converge only very slowly toward the KPR specification asymptotically, as the ~
parameters also control the rate of convergence.

The marginal rate of substitution between market and home goods consumption is governed by a
preference shock to the extensive margin of labor supply, x;:, which is assumed to follow the following
process 1og x1,0 = (1 — py,) 10g X1+ Py, 108 X161+ €x,,¢/100, with ey, s ~ N (0,02,). Similarly, a preference

shock to the intensive margin of labor supply, xn:, governs the marginal rate of substitution between



market goods and the intensive margin of labor supply. The process for the shock to the intensive margin
of labor supply is given by log xn: = (1 — py,) 108 Xa + Py, 108 Xnt—1 + €y,,¢/100, with £, ¢ ~ N (0, Uih).
We have that H; = N, 4+ I'U; denotes the total effort exerted by those members of the household in the
labor force and zh; stands for the average hours worked by each employee. For simplicity, we assume that
all employees work the same number of hours, which is determined at the household level.

The household problem is given by the following:

max E U(ce—1, e, Hy, zhe, Xe(h), Xt (1), N,
Ct,Bt,St,Ut,Lt,Ht,th,Nt7Xt(H),Xt(l) 0 ;B ( =1 t ¢ t t( ) t( ) t)
subject to

s¢ = Ly —(1—0s)N¢1, (2)
Ny = (1 —05)Ne—1 + pese, (3)
Ly = s+ (1—065)Ni—q, (4)
Ut = Lt - Nta (5)
H, = N,+TU;, (6)
X, (h) = (e —he)™ Xy (R)' (7)
Xe() = (¢t —he)" Xeoq (D (8)
e+ By < wiNizhy + b U + ,UtCYRtletfl + T} + Dy, 9)

where By is the total amount, in real terms, of risk-free government securities holdings; w; is the overall
hourly wage, with w; = fol [(Wje/Py) - (nje/Ni)| dj, where W is the nominal hourly wage earned by
employed workers at firm j; by = b- A, stands for unemployment benefits, which are fully financed by
lump-sum taxes and grow at the same rate as technological progress A;; Ry is the real interest rate on the
risk-free government security; 7; is lump-sum taxes; D; is profits,;and utcy is a convenience yield term,
which captures the premium associated with the safety and liquidity characteristics of Treasury securities
as in Del Negro et al. (2017).

The Euler equation for investing in risk-free government securities is given by
1=FE; [At,t—&-lMgﬁRt] ; (10)

where A;;yp is the stochastic discount factor between period ¢ and period ¢ + k. Following Del Ne-
gro et al. (2017), we assume that the convenience yield is an exogenous process given by logufY =
(1= pey) log uY + pey log u&Y| + ecy, /100, with ecyy ~ N (0, 02y).

The optimality conditions for household labor supply to firm j, labor force participation, and hours



worked are given by the following:*

h —0, Xht Zh%Wh h
‘/jt = wjtzht — [bt + (1 — I’),ut + ut CXt(h) Vo 14 wh] + Et[(l — 5S)At,t+1‘/jt+l]
—Ey[(1 = 0s)pra1A Vi) + (1 = 65) By [At,tJerﬁ_H] — By [Agrpee (1= 05) Vi ],

V" = T — by,
0 = Vipg+ Ve swilVy,

where pi; = (Vi,1/Ve) is the value of non-working activities in terms of consumption, V,* = fol [(vjt Jvt) Vjﬂ dj

is the average employment offer, V. ; is the marginal disutility of hours worked, and V,.; is the marginal

1+,
utility of consumption. Let us define the flow opportunity cost of employment as Q; = U, °¢ XneXe(h) zhy -

Vet 1+
be + (1 =) e

2.2 Labor Market

The total number of matches in the economy, m;, is a function of the total number of vacancies, v, and

job searchers, s;:
— l—om .o
mi(vg, S¢) = Tm vy TS, (11)

where oy, is the matching function elasticity with respect to unemployment, and @,,; is a time-varying
scale parameter that captures matching efficiency. Following Furlanetto and Groshenny (2016), we assume
the process for matching efficiency shocks is given by log@p: = (1 — ps,,) 108 Tm + po,, l0gTm -1 +
€s,, /100, with g5, ~ N (0, agm). The job-finding rate—p; = p(0;)—and vacancy-filling rate—q; = q(6;)—

are given by the following:

my(vg, S _ o
bt = 7t( L t) = Um,tetl ) (12)
St
me(vg, 8 _ _
G = t(Ut t) _ U'm,tet Um’ (13)
t

where 0, = v;/s; is labor market tightness.

2.3 Firms

There are five types of firms in the model economy: (i) final goods producers, (ii) retailers, (i) inter-
mediate goods producers, (iv) capital producers, and (v) entrepreneurs. The representative final goods
producer aggregates the differentiated goods produced by retailers into a final good that is sold for con-
sumption and capital production in a competitive market. Using intermediate goods, retailers produce
differentiated goods that are sold to the final goods producer in a monopolistically competitive market.
Intermediate goods producers use capital and labor as inputs to produce the intermediate good that is

sold to retailers in a competitive market. The representative capital producer uses a strictly concave

4See the Online Appendix for details.
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production function to transform the final goods into raw capital goods. These raw capital goods are
sold in a perfectly competitive market to entrepreneurs. Entrepreneurs, who are subject to financial fric-
tions, produce effective units of capital and rent them out to intermediate goods producers in a perfectly

competitive market.

2.3.1 Final Goods Producer

There is a representative final goods producer that aggregates the differentiated goods produced by

5

retailers, Y, ;, using a Kimball aggregator.” The final good, Y}, is produced according to the following

function:

1
Y.
G < -, 7€p> e =1, 14
/0 vy (14)

where G is strictly increasing and strictly concave, with G(1) = 1, and €} is a markup shock moving the

elasticity of substitution. The process for the markup shock is given by logel = pclogel | + &¢,/100 —

Occc+—1/100. From cost minimization, we obtain the implied demand function for intermediate good =z

, [P
Y., =G ( Iffﬁ) Y, (15)
t

where P, is the aggregate price index and 7 is given by

1
/ th)th
=[G ’ ~dz. 16
= [a(5)5 (16)

2.3.2 Retailers

There is a continuum of retailers, with a mass normalized to 1, that is indexed by z. Retailers produce
differentiated goods combining intermediate goods using a linear production function. These differentiated
goods are sold in a monopolistically competitive market to the final goods producer. We assume that
retailers face nominal price rigidities in the form of Calvo prices. Each period, an exogenous fraction
(1—Ap) of retailers are able to adjust prices, while the remaining firms partially index their prices to past

inflation. A retailer’s price in period t is given by

Py with probability 1 — A, (17)
7t = . K
: Pz,t,lwl?f 1771_71’ with probability A,

where P}, is the optimal reset price, my = F;/P;—1 is the aggregate inflation rate, v, is the degree of
indexation, and 7 is (aggregate) trend inflation. Given this environment, a retailer that reoptimizes

its price in period ¢ chooses a reset price P}, that maximizes the expected present value of the profits

5The Kimball aggregator is a generalization of the Dixit—Stiglitz aggregator that assumes elasticities of substitution that
vary with market shares. This assumption introduces real complementarities into the model and helps match key inflation
dynamics in the data, especially in a model with search and matching frictions.



generated while the price remains effective.

max F
Pz t

t+1

P P,
AA 2t Tp l=yp _ Z 40 ) yx
Z tt+z<Pt+ k=1 k1T P ) Tattilo
subject to (18)
* 4 P*t
Y =9 ! <PZ (ITj— 17Tt+k i )Tt+i> Yiti.
t+1

The first-order condition for the retailer is

Py .
E; ;A Attt (1+6y) P kl:[l (Tt ko 1) - 9tpt+z 2t+i — 0, (19)
where
G |G, (FEm
@t — 1 [ ( Pt >:| (20)

’ " / Pz, :
0 () g o ()]
2.3.3 Intermediate Goods Firms

There is a continuum of intermediate goods firms, with a mass normalized to 1, that is indexed by j.
Intermediate goods firms produce a homogeneous good using capital, kj;, and labor, nj;, in a Cobb—
Douglas production function. Intermediate goods are sold in a perfectly competitive market to retailers
at real price pj*. To hire labor, firms post vacancies in a frictional labor market subject to a strictly
convex recruiting cost function (-). Vacancies are filled with probability ¢, and it is assumed that new
matches become productive immediately. Capital rental decisions are assumed to be frictionless. The

optimization problem for intermediate goods firm j is given by

F(’UNth? Njt—1, 3t> = k_tf{rlL?Lth ) {p;nyjt - AtUN)jtnjt - H(Uju njt—l) - Tfkjt + Et[At,t+1F(11~th+17 T jt, 3t+1)]}
Jtrtv3ts g
subject to
yjit = ki (Agnj)' ™% — A®, (21)
njt = (1 —06s)nje—1 + qoji, (22)
1+ 142

k1A [ qjt Ko Ay Vjt
K(Vje, Nje— = Nit—1 + Tjt—1 - 23
(vt mji-1) 1+ <njt—1> T 4y Njt—1 =t (23)

post-match costs pre-match costs

where A; is technological progress and & is a fixed cost of production so that profits are zero at the

steady state. We introduce exogenous growth into the model by assuming that v, = Aj?il with logy; =
(1= py) + pylogyi—1 + 4,/100 with e,y ~ N (0,02).
As in Yashiv (2000) and Furlanetto and Groshenny (2016), we consider a generalized recruiting cost

function, equation (23), with two components: pre-match and post-match hiring costs. The pre-match
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component is the cost of posting vacancies, such as the costs of advertising, screening, and selecting new
workers, and its importance in overall recruiting costs is governed by the parameter k3. The post-match
component is the cost of adjusting the hiring rate, such as training costs, and its importance in overall
recruiting costs is governed by the parameter xq. It is well known in the existing literature that the
relative importance of pre-match hiring costs in overall recruiting costs is key in shaping the role of
matching efficiency costs in driving the natural rate of unemployment. In Section 3, we estimate the
relative share of both types of recruiting costs, as well as the parameters 11 and 12, which govern the
convexity of the recruiting cost function.

The optimality conditions for capital and vacancies are given by the following:

rf o= pl'mpkye, (24)
O0k(vje, nji—1) R —— (25)

8’[)]'15

where mpk;; = a%, Jjj¢ is the value of a filled vacancy and

wmn
Jjt = pi'mplj; — ngcht + By [Atgr16nt+1] + Ee [Arir1(1 — 05) Tje], (26)
t
with mpl;; = (1 — a)% and K = _%. Also, let us define zj; = %ﬁi.

Wages Wages are renegotiated at the beginning of each period with probability 1 — AY; otherwise, they

are partially indexed to past inflation:

1 with probability 1 — A%
Witt1 =
*‘ywzwp Wjs, with probability A%

where 7y, is the degree of indexation to inflation. We introduce the term 4 = w1~ 7w» to ensure that
nominal rigidities do not distort the steady state. Under Nash bargaining, the contract wage W;* is chosen
to maximize the Nash product {V;(W)™" - J,(W;)!~" }, where V;(W;") denotes the worker’s surplus and
Ji(W}) is the value of a filled vacancy for the intermediate goods firm defined in equation (26). We assume
that workers’ bargaining power, 7, evolves exogenously as logn; = (1 — py)logn + pnlogn;—1 + €,/100
with e, ~ N (0,07).°

2.3.4 Capital Producers

There is a representative capital producer that solves the following optimization program

{It}?i() t=0

max  Ep {Z Aoy [qf[t,ut] (1— f(L/I-1)) — It> } (27)

5The wage derivations are available in the Online Appendix.
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where ¢F is the price of investment goods, I; is the units of the final good used in the production of the
capital good, p! is an investment-specific technology shock that evolves as logu! = (1 — puz) log pu! +
ppr log pl oy + €,1/100, and f(-) is an increasing and convex function capturing adjustment costs in

investment. In particular, we assume f(z) = % (z — )2

2.3.5 Entrepreneurs

Following Bernanke et al. (1999), we assume there is a continuum of infinitely lived, risk-neutral en-
trepreneurs indexed by e. Entrepreneurs purchase physical capital, K., at price qF, invest their own
net worth, NW,;, and use external financing, B, ;. After buying K. ; units of raw capital, entrepreneurs
produce we K. units of capital services, where we; is an idiosyncratic productivity shock that has
a unit-mean log normal distribution. Following Christiano et al. (2014), we assume that the stan-
dard deviation of logw.; denoted by o,; is time-varying and that it follows the process logo,; =
(1—po,)logoy, + po,logoyi—1 + €o,.+/100 with €5 ¢ ~ N(O,Ugw). This entrepreneurial risk shock
captures the degree of cross-sectional dispersion in idiosyncratic productivity. In this environment, fi-
nancial rigidities arise because there is asymmetric information between borrowers and lenders: While
entrepreneurs observe the realization of their idiosyncratic productivity shock, lenders must pay monitor-
ing costs to observe an individual borrower’s realized return. In the model, a debt contract is characterized
by the amount of the loan, B.;, the contractual rate, Rlc?’t, and a schedule of state-contingent threshold
values of the idiosyncratic shock, &'y ,, where n refers to the state of nature. For values of the id-
iosyncratic productivity shock above the threshold, the entrepreneur is able to repay the lender at the
contractual rate. For values below the threshold, the entrepreneur defaults and lenders only recover a
fraction (1 — i1) of the realized entrepreneurial revenue, where 11 is referred to as the marginal bankruptcy
cost.

After observing the realization of the idiosyncratic productivity shock, entrepreneurs choose the capital
utilization rate, u’;t, such that the capital services rented to intermediate good producers are given by
ket = u’;twe,tKe,t. The capital services demand for entrepreneur e is then given by the gross real return

on holding one unit of capital from ¢ to ¢t + 1 given by

U’é,trﬁ,t - a(u’;t) +(1— 5/’4)%{f

k bl
;1

ng,t = (28)
where Jj is the capital depreciation rate, which is assumed to be identical for all entrepreneurs, and
a(uf) =ty et (4 =1) _ 1] is the utilization cost function. As the capital utilization problem is static,
all entrepreneurs choose the same level of capital utilization.

Let us define the leverage of entrepreneur e as ¢.; = que,t /NW, ;. Then, the optimization problem

faced by entrepreneurs is given by

R RF
max Ly {1 — Ft(@e,tﬂ)} C%H@,tNWe,t
Pe,t Ve, t+1 Nt+1Rt
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subject to
E¢ ([ft(@e,tﬂ) - ﬂét(@e,tﬂ)] ng,t+1¢e,t> > (e — 1) uZY Ry, (29)

where Iy (@es41) = G(@ess1) + [1 "y (@e,tﬂ)} Berst, Ctl@erss) = [ wiprdFy(w), and Fy(@ess1) =
fg} +1 Fy(w). Note that the spread between the entrepreneurs’ expected return on capital and the return
on risk-free bonds depends on entrepreneurial leverage, the wedge linked to the financial rigidity, and the
wedge arising from the convenience yield.

We assume that entrepreneurs exit with probability (1 —4) and new entrants start off with an endow-
ment equal to W¢. The law of motion for aggregate entrepreneurial net worth (average net worth across

entrepreneurs) is given by
A ~ A k_ CY cy e
NWe =4 {1 | (1= AGi@n)) BE = uf Ria| + uRoor } Wiy + W, (30)

2.4 Monetary Policy

We assume that the monetary authority follows an inertial Taylor-type rule that responds to deviations
of inflation from the inflation target n*; to the output gap, defined as the ratio of aggregate output in
the economy Y; to output in the flexible economy, Y;f ; and to the growth rate in the output gap. The
flexible economy is defined as the model economy but with flexible prices and wages, constant workers’
bargaining power, and constant price markup. We also assume that the ELB on the nominal interest rate

is not binding. The monetary policy rule is thus given by the following:

K kgy (1—pi)
mye (Y v VT m
() ) ] o

where 7; is the nominal interest rate, R and 7 are the steady-state values for the real interest rate and

i =i

inflation, respectively, and pj* stands for the monetary policy shock, which is assumed to evolve as
log 1" = (1 — pym) log ™ + p log 1" | +€m ¢ /100 with &, ¢ ~ N (0, 0,,). The ex-ante real interest rate is
given by the Fisher equation R, = iy/Eymy1.

2.5 Capital Stock Dynamics, Aggregate Resource Constraint, and Government Spend-

ing

Taking into account investment adjustment costs and the effects of variable capital utilization on depre-

ciation, the evolution of capital in this economy is given by the following:

K= (1= 6k) K1 +pi L (1— f (I;/Li—1)). (32)
Given that recruiting costs are pecuniary, the aggregate resource constraint can be written as:

Y = Ci + I + k(v, Ni_1) + GiYs + a(uf) K + A® + uG (@) RF¢F K, (33)
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where the process for government spending is given by G; = <1 — é) . The government-spending shock fol-
lows the stochastic process log g; = (1 — pg) log g+ pg log g1—1+¢€4,:/100+0c.e+,: /100 with e, ~ N (0, 04).
The last three components of the aggregate resource constraint correspond to the capital utilization
costs, a(uf)Kt_l, the fixed costs of production of the intermediate good, A;®, and the bankruptcy costs,
uG (@) REqf | K.

3 Estimation

We estimate the log-linearized model using Bayesian techniques on a rich data set that includes, unlike
other estimation exercises in the existing literature, multiple labor market variables: the LFPR, the work-
week, the unemployment rate, and vacancies. In this section, we first describe the data, the measurement
equations, and the exogenous processes in the model. Second, we discuss the assumptions on the prior
distributions for the parameters and their estimated posterior distributions. We close the section with
an overview of model fit and an external-validity exercise for two key latent variables of the model: the

unemployment rate gap and the output gap.

3.1 Data

In addition to the standard macroeconomic data in the estimation of DSGE models—the growth rate of
real GDP per capita, the growth rate of real consumption per capita, the growth rate of real investment
per capita, inflation, and the federal funds rate—we use credit spreads, defined as the difference between
the Baa corporate rate and the 10-year Treasury yield, and a rich set of labor market variables that
includes data on the extensive margin—the unemployment rate and LFPR; the intensive margin—the
workweek; a vacancies index, and the growth rate of real wage per capita. Following Barsky et al. (2014),
we do not match the model’s concept of price and wage inflation to one observed series but rather use
factor structures to match the model’s concept of price and wage inflation to two indicators for each model
variable. A detailed description of the data sources and transformations is available in Appendix A. The
quarterly data sample spans 1987:Q1 to 2010:Q2. We start in 1987 as it is the earliest point at which
the unemployment rate is near its steady-state value, and we do not include additional years in order to
prevent our estimates from being distorted by the ELB constraint on nominal interest rates and other
nonlinearities. However, in Section 4, we use our estimated parameters to filter the data up to 2019:Q4
to study the behavior of the variables of interest beyond the estimation period.”

We first provide the measurement equations for all variables but price and wage inflation. Given
the complexity of the model and the richness of the data set, we introduce measurement errors for all
observable variables but those for which we observe the exact values: the federal funds rate and the

corporate spread.® We map the model’s concept of spread to the observed spread, which is defined as

"In Section 4, we follow the methodology proposed by Kulish et al. (2017) to take into account the ELB constraint on
nominal interest rates.

8 Guerron-Quintana (2010) argues that given that the exact values of interest rates are observed contemporaneously, there
is no need to include a measurement error in its corresponding measurement equation.
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the corporate Baa rate over the 10-year Treasury yield, using the 10-year average of the model-implied

quarterly excess returns.

Output growth = 100 - [log}z —log Vi1 + log ’yt} + €/,

Consumption growth = 100 - [log 6} — log 5}_1 + log 'yt} + cge + €5,
Investment growth = 100 - [log E — log ft,l + log fyt} + cq; + ef;,
FFR = 100 -logi,
Unemployment rate = 100 - uy + &,
Labor force participation rate = 100- L; + EtL,

Log-Workweek = log (zhs/zhy) + €,

Vacancies = 100 - log (vt /vy) + €},
40
Spread = 100 * Z (1/40) - (EtRf+j - RHJ',l) ,
j=1

where T refers to detrended variables, - is the growth rate of the economy, cg4. is a constant equal to
the observed difference in sample means between the growth rates for consumption and output, cg; is a
constant equal to the observed difference in sample means between the growth rates of investment and
output, v, is the steady-state value for vacancies, and ¢} stands for the measurement error of observable
z. Following Guerron-Quintana (2010), we assume that measurement errors are i.i.d and Gaussian
ef ~N(0,0.x).

Following Barsky et al. (2014), we use factor structures in the measurement equations for price and
wage inflation. We consider two observable variables for price inflation—the log difference of the GDP

deflator and core PCE inflation—and specify the corresponding measurement equations as follows:

Inflation rate GDP deflator = Ay, [100 -log ()] + gdeft,

Inflation rate Core PCE = 100 - log (m;) + €/,

where A, is the factor loading for core PCE inflation in the model’s concept of inflation, efef s the
measurement error for inflation measured by the GDP deflator, and & is the measurement error for
inflation measured by core PCE inflation.

For real wage inflation growth, we use two measures, average hourly wages and compensation per

hour, and the measurement equations are given by the following:

Growth rate compensation per hour = 100 [logw; — logw;—1 + log V4] + cauw + £¢F h,

Growth rate average hourly earnings = Ay, (100 [logw; — log ;1 + log 7)) + crw + €2,

where Ay, is the factor loading for average hourly earnings in the model’s concept of wage growth, cqy,
and cr,, are constants capturing the difference in estimated means between output and wage growth

. : : . h
computed using compensation per hour and average hourly earnings, respectively, and ;7" and ethe are
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Table 1: CALIBRATED PARAMETERS

Capital depreciation Ok 0.025
Capital share « 0.33
Share of government spending in GDP at the steady state Gf,'—f* 0.20
Share of investment in GDP at the steady state é—: 0.20
TFP growth at the steady state Va 1.004
Net inflation at the steady state (quarterly) T 0.005
100*Spread at steady state 100 - (RlC - R) 0.5085
Kimball aggregator © 5.19
Jobfilling rate at the steady state 'R 0.95
Survival rate for firms q 0.975
100*Entrepreneurial default rate at steady state 100 - F () 0.56
Constant in the consumption meas. equation Cdc 0.13
Constant in the investment meas. equation Cde -0.29
Constant in the comp. per hour meas. equation Cdw -0.02
Constant in the average hourly earnings meas. equation Cahe -0.20

Notes: The constants in the measurement equations are computed as the average of the differences in the growth rates of
the corresponding variable and output.

the measurement errors for compensation per hour and average hourly earnings, respectively.’

3.2 Prior and Posterior Distributions

The parameter space can be partitioned into three sets: (i) parameters with degenerate priors, (%i)
estimated parameters, and (i) endogenous parameters, which are obtained conditional on parameters in
sets (i) and (i1).

The set of parameters with degenerate priors, reported in Table 1, contains parameters usually cali-
brated, such as the capital depreciation rate, the capital share, or government spending as a share of GDP
at the steady state, which are set equal to 0.025,0.33, and 0.20, respectively. We also set the steady—state
value of the share of investment in GDP equal to 0.20. Moreover, we use sample averages of observable
variables as degenerate priors for the steady—state values of total factor productivity (TFP) growth, net
inflation, and the spread to overcome the well-known difficulty of DSGE models to match them. We
calibrate the Kimball aggregator such that the markup is equal to 1.238, which is along the lines of Chris-
tiano et al. (2005).1 We also calibrate two key parameters for financial rigidities: the entrepreneurs’
survival rate, 74, and the entrepreneurial default rate at the steady state, 100 - F (w). We set 4 equal to
0.975, which lies in between the 0.973 in Bernanke et al. (1999) and 0.985 in Christiano et al. (2014). We
set 100 - F (w) equal to 0.56, which is the estimated value for the parameter in Christiano et al. (2014).
Finally, we set the constants in the measurement equations equal to the average of the differences in the

growth rates of the corresponding variable and output.

9The estimated parameter values for the factor loadings are reported in Table B.2 in the Appendix.
10T a log-linearized model, like our estimated model, inflation dynamics under a Kimball aggregator are similar to those
under a Dixit-Stiglitz aggregator.
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Table 2: ESTIMATED ECONOMIC PARAMETERS

: LABOR FRICTIONS RELATED PARAMETERS

PARAMETER PRIOR POSTERIOR
Mode St. Dev.
Steady-state unemployment rate Uss N (0.05,0.10) 0.06 0.00
Steady—state labor force participation rate Lss N (0.64,0.02) 0.66 0.00
Steady-state job finding rate Dss N (0.75,0.03) 0.83 0.02
Matching elasticity with respect to unemployment Om B(0.84,0.10) 0.81 0.03
Ratio of vacancy posting costs parameters log ko1 N (0.00,5.00) -6.49 2.47
Hiring-rate cost elasticity 1 N (1.00, 1.00) 1.53 0.38
Vacancy-rate cost elasticity Y2 N (1.00,1.00) 1.17 0.86
SS ratio of outside option to MPL plus hiring cost Qp B (0.72,0.05) 0.83 0.03
SS ratio of b plus utility cost of employ to outside option re B (0.50,0.10) 0.43 0.05
SS ratio of b to the participation component of outside option  b° B (0.50,0.25) 0.98 0.03
Log of JR parameter for hours logvn N (—0.70,0.75) -2.56 0.29
Log of JR parameter for participation margin log v N (=0.70,0.75) -3.29 0.39
Inverse employment elasticity (o G (5.00,5.00) 1.86 0.29
SS workers’ bargaining power n B (0.50,0.10) 0.57 0.08
Nominal wage rigidity Aw B (0.50, 0.20) 0.04 0.03

Notes: B stands for Beta distribution. N stands for Normal distribution. G stands for Gamma distribution. SS stands for
steady state. MPL stands for marginal product of labor. JR stands for Jaimovich-Rebelo.

We estimate 65 parameters, which are reported in Table 2 in the main text and in Tables B.1 to B.4
in Appendix B. Our estimates for standard economic parameters, reported in Table B.1 in Appendix B,
are consistent with the literature. We use identical location and dispersion parameters in the prior
distribution for all structural shocks, as shown in Table B.3 in Appendix B. Following Ferroni et al.
(2019), we assume Gaussian priors centered at 0 for the size of the measurement errors, as reported in
Table B.4 in Appendix B.

In the main text, we focus our discussion on the parameters related to the labor frictions in the
model, reported in Table 2, and also steady—state values for relevant variables. In particular, we estimate
the steady—state value for the unemployment rate, the LEFPR, and the probability of employment. The
estimated values are consistent with sample averages.

Unlike Furlanetto and Groshenny (2016) and Cacciatore et al. (2020), who use a degenerate prior for
the matching elasticity with respect to unemployment, o,,, we estimate this parameter. Given that our
model and data are at quarterly frequency, the matching elasticity in the model will be higher than in
studies using monthly data.!! Therefore, we choose a location parameter for the Beta distribution in the
prior specification equal to 0.84, which is in the upper end of the range of values reported in the survey
by Petrongolo and Pissarides (2001). Indeed, as shown in Table 2, the estimated value for the matching

elasticity is higher than the standard values in monthly models.

1 As discussed in Appendix E, because newly separated workers are immediately able to search, the pool of searchers in
this model is much larger than in models where only the previously unemployed are able to search, while percent deviations
in the number of searchers are less volatile. Consequently, we expect the weight on searchers in the matching function to be
appreciably higher than in models without immediate search by the recently separated. Note also that the location parameter
of the prior distribution for o, and its posterior mode are consistent with Barnichon and Figura (2015).
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Instead of estimating the two coefficients loading the two components of the recruiting cost function
defined in equation 23, we define ko1 = :—f Redefining the coefficients in equation (23) allows us to have
a system of linear equations when solving the steady state. If instead we were to use the two coefficients
k1 and kg separately, the system of equations at the steady state would be nonlinear, which complicates
solving the model a multiple of times as required by the posterior sampler in the estimation. We use
a pretty agnostic prior for log k91, but, as shown in Table 2, the posterior clearly favors the hiring or
post-match component of the cost function over the vacancy or pre-match component, with the weight
of the latter at virtually zero (see Table 3). Pissarides (2009) and Christiano et al. (2016) also find a
more important role for post-matching costs to account for the observed dynamics. As we discuss further
in Section 6.3, the relative importance of the pre-match component of the cost hiring function is key in
determining the drivers of the natural rate of unemployment in our model. We choose priors centered at
quadratic functions for both the vacancy-rate and the hiring—rate cost elasticities, 11 and g, respectively,
but allow for a relatively large dispersion. These elasticities determine the degree of convexity of each
of the components of the recruiting cost function. Given the estimated value for log k21, although the
posterior estimates for both elasticities are similar (see Table 2), only the hiring-rate cost elasticity is
relevant for overall recruiting costs.

Our preference specification contains four preference parameters associated with labor supply deci-
sions: (i) the parameter governing the magnitude of the short-run wealth effect on the supply of hours,
~r; (1) the parameter governing the magnitude of the short-run wealth effect on participation, ;; (%)
the parameter governing the disutility of the extensive margin of labor supply, 9, or inverse employment
elasticity; and (4v) the parameter governing the disutility of the intensive margin of labor supply, ¥5,.12 We
estimate a log-transformation of the first two parameters to add flexibility to the posterior-optimization
routine. The implied priors for the parameters associated with the short-run wealth effect on labor supply
are centered approximately at 0.50. The implied values at the posterior mode for v, and ; are quite low:
0.11 and 0.05, respectively. Note that the limiting case of no wealth effects would be v, — 0 and v; — 0.
While we estimate the inverse employment elasticity, v¢;, by imposing a relatively loose prior, we solve
endogenously for the parameter governing the disutility of the intensive margin of labor supply, ¥y. As
reported in Table 3, at the posterior mode, the parameter linked to the disutility of the extensive margin
of labor supply is almost twice as large as the one governing the disutility of the intensive margin of labor
supply.

Following Gertler et al. (2008), we set the location and dispersion parameters in the prior distribution
for the workers’ Nash bargaining power at the steady state, ), equal to 0.5 and 0.1, respectively. Our
estimate of the workers’ bargaining power is 0.56, which is within the range of values considered in the
literature—[0.5,0.7]—and similar to the recent estimation results in Cacciatore et al. (2020). Following
the literature, we choose a relatively loose prior for the parameter governing nominal wage rigidities, A,.
Our estimation points to a relatively small value of the nominal wage rigidity. However, as we point out

below, the model displays a significant degree of real wage rigidities.

12This parameter, 15,, corresponds to the inverse Frisch elasticity of labor supply with standard preferences.

18



Table 3: ENDOGENOUS PARAMETERS EVALUATED AT THE POSTERIOR MODE

Steady—state pref parameter extensive margin X1 0.070
Steady—state pref parameter intensive margin Xh 0.950
Separation rate Os 0.338
Elasticity of intensive labor supply (oS 1.054
Effort parameter r 0.984
Steady—state matching efficiency Om 0.854
Post-match cost parameter K1 0.855
Pre-match cost parameter Ko 0.001
Flow opportunity cost of employment relative to productivity Q/(p"mpl)  0.845
Unemployment benefits relative to productivity b/(p™mpl)  0.359
Steady—state leverage Pe 4.269
Steady—state entrepreneurial risk Ow 0.105
Steady—state entrepreneurial endowment We 0.001
Fixed cost P 0.055
Scale factor for capital utilization costs Lu,0 0.043

We estimate three parameters that govern steady—state relationships linked to workers’ outside option
in the bargaining process and that ultimately determine the degree of real wage rigidities: (i) the steady—
state ratio of the workers’ outside option to the sum of the marginal product of labor and hiring costs,
Q,; (4) the steady—state ratio of the flow opportunity cost of moving from unemployment to employment
to the workers’ outside option, I'*; and (iii) the steady state ratio of unemployment benefits to the
participation component of the workers’ outside option, °.' These parameters determine the estimated
degree of real wage rigidities at the steady state, as shown below. To facilitate comparison with the
existing literature that does not include the extensive margin of labor supply, our steady-state estimate
for the flow opportunity cost of employment relative to productivity is Q/(p™mpl) = 0.85, which is close
to the unemployment benefits parameter of 0.71 in Hagedorn and Manovskii (2008) and Pissarides (2009).

Table 3 reports the endogenous parameters when evaluating the estimated parameters at the posterior
mode. When optimizing the posterior and running Markov Chain Monte Carlo (MCMC), we impose the
condition that the model-implied level of leverage at the steady state is between 1 and 8 to avoid exploring
unreasonable areas of the parameter space. As shown in Table 3, at the posterior mode, the steady—state
value for leverage is 4.3, which is within the range of sample averages of the equity-to-debt ratio reported
in Christiano et al. (2014).

3.2.1 Measuring the Degree of Nominal and Real Wage Rigidities

Different types of wage rigidities have been proposed in the literature to account for the observed dynamics

in labor market variables and inflation. This has been addressed using different types of wage rigidities,

13The flow opportunity cost of moving from unemployment to employment consists of the forgone unemployment benefits

and the forgone consumption value of nonworking time. In particular, the flow opportunity cost of employment in the model
144y,
zhy

; — 7/—0c XntXt(h) : . — 9]
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different sources of wage rigidities, and the cyclical properties of these rigidities. For example, regarding
the sources of wage rigidities, we have that real wage rigidities can take the form of Calvo-type frictions
on real wages as in Gertler and Trigari (2009) or a fixed and large unemployment benefit as in Hagedorn
and Manovskii (2008). However, an approach to measuring the degree of each type of wage rigidities
in search and matching models with real and nominal wage rigidities does not exist. In this paper, we
propose a parsimonious way of quantifying the degree of nominal and real wage rigidities in any search
and matching model.

We claim that, in any search and matching model, the nominal wage can be decomposed as the
weighted average of a nominal rigidity term (N;), a real rigidity term (F%), the marginal product of labor

(P:), a cyclical component (C;), and a term that depends on labor market frictions (£;)
Wi = a1N; + aaFy + azPy + aaCr + as Ly, (34)

where aq, ag, a3, ag, and as are a combination of structural model parameters. The nominal (N;) and
real (F;) rigidity terms include all variables that are fixed in nominal and real terms at the beginning of
period ¢, respectively. The cyclical component (C;) refers to any economic variable not directly related
to the labor market that moves cyclically and affects wages. For example, wealth effects that move the
outside option of workers are captured by this cyclical component.'* Finally, the term that depends on
labor market frictions (£;) includes, for example, the effects of labor market tightness or vacancy costs
on wages. Dividing (34) by W;, we can get a sense of how important each one of these elements is for

wages:

ai Ny  asF:  asPr  asCr  asl

| = 35
W, Cw T w T w, tTw (35)
—— N N N
Ny Ry PF Cp LF

In this context, we define nominal wage rigidities, N}, as frictions or features of the model economy

that prevent a fraction of nominal wages from moving.

Np =2 (36)

Similarly, we define real wage rigidities, R}’, as frictions or features of the economy preventing a fraction

of real wages from moving.

asFy
RY = . 37
= (37)

N and R}’ are between 0 and 1 and their sum is strictly less than 1. N/’ and R}’ indicate how important
nominal and real rigidities are for wage determination, respectively, at least from one period to another.
Hence, the closer N/’ or R}’ is to 1, the greater the degree of nominal or real wage rigidities in the

economy.

11n particular, the cyclical component captures cyclical movements in the forgone value of leisure.
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Nominal and real wage rigidities, in turn, can be further decomposed into per-period rigidities and
super-rigidities. Per-period rigidities refer to those nominal (real) rigidities that prevent nominal (real)
wages from moving from one period to another but not over the long run. Calvo-type pricing frictions,
which prevent a fraction of real wages from moving from one period to another but not over the long
run, are an example of per-period real rigidities. In contrast, super-rigidities are rigidities that prevent a
fraction of wages from moving at any point in time. For example, fixed unemployment benefits determine
a fraction of real wages that never moves over the business cycle and, hence, fixed unemployment benefits
are a real super-rigidity. We proceed to further decompose the expressions for nominal and real wage

rigidities given by equation (36) and equation (37), respectively, as:

_aiNy  an Ny . a2 Ny

NY = 38
A W, W, ' (38)
—— ——
Ny Ntw
w F  anFP  axnF!
RY = = 39
W W, W, (39)
S—— =

Ry Ry

where N and RY stand for the degree of super-rigidities, and Nt“’ and th“ refer to the degree of per-period
rigidities.

In our model, the expression for the nominal wage decomposition introduced in equation (34) is given
by

Wy =X Wi 4 (1= X)(1 — xt) by
———— N~ ~~
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— qt+1

as ~"

Ly

where, as shown in the Online Appendix, x; = mr is the workers’ effective bargaining power,

€t,t

Nt
ne+(1—n¢)

where 1y and €;; are the firms’ and workers’ discounting factors, respectively.!?

Given our estimated parameters, the model-implied real and nominal wage rigidities at the steady
state are reported in Table 4, where we also report the values for seminal papers in the literature.'6 We
conclude that our estimation implies a larger relative importance of real wage rigidities and a low degree

of nominal wage rigidities. While Riggi (2010) argues that models (without endogenous labor supply)

15 As explained by Gertler and Trigari (2009), staggered Nash bargaining generates different discount factors for firms and
workers.

161n our baseline model, all nominal rigidities are per-period rigidities while the real rigidities are super-rigidities, as in
most of the papers cited in Table 4 with the exception of Gertler and Trigari (2009), who have per-period real rigidities
coming from Calvo-type frictions and super-real rigidities coming from fixed unemployment benefits.
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Table 4: REAL AND NOMINAL RIGIDITIES IN WAGE SETTING

N¥ N¥ RY Rv
Baseline model 0 004 015 O 0.56 0.21 0.05
Shimer (2005) 0 0 0.11 0 0.73 0 0.15
Hagedorn and Manovskii (2008) 0 0 094 0 0.05 0 0
Gertler et al. (2008) 0 0.72 0.02 0 0.25 0 0.01
Gertler and Trigari (2009) 0 0 089 0.03 0.05 0 0.03

Notes: N* stands for the degree of nominal wage rigidity, R* is the degree of real wage rigidity, N;* is the degree of nominal
super-rigidities, N stands for the degree of nominal per-period rigidities, R}’ is the degree of real super-rigidities, RY refers to
the degree of real per-period rigidities, P" is the marginal product of labor, F is a fixed real term, C* is a cyclical component,
and LY is a term that depends on labor market frictions. The contributions may not sum up to 1 because of rounding.

tend to better explain empirical macroeconomic dynamics when nominal wage rigidities are assumed,
Cairé et al. (2022) show that some degree of real wage rigidity may be needed to explain the dynamics of
labor supply. Different from the previous papers, our model incorporates both nominal and real rigidities
and two endogenous labor supply margins (hours and a participation decision), and, thus it is well-suited
to evaluate the relative importance of both real and nominal rigidities. The implied level of real rigidities
from our model estimates is along the lines of the value computed in Shimer (2005), whose model does
not allow for nominal rigidities or a labor supply margin. Most of our real rigidities are super-rigidities,
as in Shimer (2005). Among the references included in the table, the only model that allows for nominal
and real rigidities is Gertler et al. (2008). In this case, the relative weight of nominal rigidities versus real
rigidities is substantially higher than in our baseline model, though Gertler et al. (2008) do not feature
endogenous labor force participation decisions. Section 5.2 shows that incorporating endogenous labor
supply decisions is key in assessing the relative importance of nominal versus real wage rigidities in our

model economy.

3.3 Model Fit

We finish this section with an overview of model fit. Panel A in Table 5 presents business cycle moments
computed using US data from 1987:Q1 to 2010:Q2, while panel B reports these moments for the model
counterparts, evaluating the model parameters at the posterior mode. Overall, the model does a good job
of capturing the volatility, autocorrelations, and the correlation with GDP of key main macroeconomic
variables. Regarding labor market variables, the model is able to explain most of the observed volatility
of the unemployment rate, the LEFPR, vacancies, and workweek, as well as their correlation with output.'”

An alternative way of assessing the model’s ability to capture key features in the data is by comparing
the autocorrelation functions of the model variables with their data counterparts. Figure 1 reports the
autocorrelation functions up to eight leads and lags for the observable variables (dashed lines) and for
their model-implied counterparts evaluated at the posterior mode (solid lines). Overall, the model does a

very good job capturing the dynamics of most of the variables, with perhaps the exception of the inflation

7Table C.1 in the Appendix presents cross correlations for all variables for both the data and the model.
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Table 5: BUSINESS CYCLE STATISTICS

GDP c I T w i u LFPR v ww  spread

Panel A: US Data, 1987:Q1 to 2010:Q2

Mean 1.01 1.01  0.057 0.66

Std. Dev. 0.022 0.015 0.083 0.002 0.019 0.004 0.178 0.005 0.174 0.006 0.245

Autocorr. 0.96 0.94 0.98 0.44 0.95 0.96 0.97 0.89 0.95 0.88 0.87

Corr. with GDP 1 0.92 0.96 0.26 0.67 0.63 -0.91 0.54 0.82 0.67 -0.29
Panel B: Model

Mean 1.00 1.01  0.065 0.66

Std. Dev. 0.015 0.008 0.035 0.001 0.006 0.003 0.137 0.004 0.142 0.005 0.330

Autocorr. 0.94 0.96 0.96 0.83 0.81 0.94 0.94 0.87 0.90 0.87 0.75

Corr. with GDP 1 0.75 0.90 0.16 0.61 0.38  -0.80 0.69 0.72 0.75 -0.30

Notes: To compute volatilities and correlations, we express the variables in logs as deviations from a Hodrick-Prescott
trend with a smoothing parameter of 10°. C stands for consumption, I for investment, 7 for inflation, w for real wages, i
for the nominal interest rate, u for the unemployment rate, LFPR for the labor force participation rate, v for vacancies,
and ww for the workweek.

Figure 1: CrROSS-CORRELATIONS WITH GDP OF SELECTED VARIABLES—DATA vS. MODEL
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Notes: ¢ stands for consumption, I for investment, w for real wages, u for the unemployment rate, LFPR for the labor
force participation rate, v for vacancies, 7 for inflation, i for the nominal interest rate, and ww for the workweek. The
data series for wages is real compensation per hour.

beyond lead/lag equal to two quarters.

3.4 External Validity

In this section, we do an external validation exercise for the model-based estimates of two key latent
variables of the model: the unemployment rate gap and the output gap. In particular, we perform two
exercises. First, we compare our model-based estimates with the estimate from established sources such as
the Congressional Budget Office (CBO) and the most recent public estimates from the Board of Governors

of the Federal Reserve System (FRB). Second, we compare our model-based estimates with estimates from
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Figure 2: EXTERNAL VALIDITY FOR MODEL-BASED GAPS

(b) Output gap

(a) Unemployment rate gap
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Notes: Baseline and alternative models are defined in the text. CBO stands for Congressional Budget Office estimates and
FRB stands for the Federal Reserve Board staff estimates.

an alternative model that does not feature the labor force participation margin and the hours margin in

order to establish the role of these new features in estimating the unemployment rate gap and the output

gap_18

Figure 2 reports the model-based and CBO or FRB estimated unemployment rate and output gaps.
The unemployment rate gap is computed as the difference between the observed unemployment rate and
the natural rate of unemployment estimated by the model, the CBO, or the FRB. The model-based
output gap is computed as the percent difference between the level of output in the model economy and
the corresponding one in the flexible economy. The CBO/FRB output gap is computed as the percent
difference between the observed real GDP and the real potential GDP estimated by the CBO/FRB.
As shown in Figure 2, the CBO and FRB estimates, the dotted black and dash-dotted green lines,
respectively, are highly correlated—the correlation is 0.98 for the unemployment rate gap and 0.95 for the
output gap. The baseline model-based measures of economic slack, in solid blue, are similar to the ones
estimated by the CBO and the FRB. In particular, the correlation between the model-based measure of
the unemployment rate gap and the corresponding CBO and FRB estimates ranges between 0.87 and
0.91. The corresponding values for the output gap are also very high—in the range of 0.82 to 0.92. There
are, however, periods with notable differences.

We assess the role of the two new labor supply margins in our model (the LFPR and hours) by
comparing the model-implied gaps in the baseline model, in solid blue in Figure 2, and the alternative

model without these two margins, in dashed red. As shown, the baseline model does a better job than the

8The alternative model is identical to the baseline model, but we impose the condition that the LFPR and hours worked
are constant and equal to their steady—state values. Moreover, we shut off the preference shock to participation or home
production and the preference shock to hours. That is, we set equal to zero the two shocks affecting the additional margins
of labor supply introduced in the baseline model. When estimating the alternative model, we use a reduced information set
because the observed LFPR and the workweek data series are not included as observables.

19See Appendix A.2 for additional details on the CBO and FRB estimates.
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alternative model at accounting for the underlying state of the economy summarized by the unemployment
rate gap and the output gap. Moreover, Figure C.1 in the Appendix shows that the estimated gaps when
excluding only one margin at a time are similar to the ones reported when both margins are excluded.
Hence, we conclude that having the LFPR and hours worked as endogenous variables in the model
and in the observable set is key in assessing the underlying state of the economy summarized by the

unemployment rate gap and the output gap.?’

4 Forecasting Performance of the Model

The significant deterioration of labor market conditions during the Great Recession was followed by
a jobless recovery. In turn, the response of inflation was muted during the Great Recession, and the
subsequent recovery featured a long-lasting period of subdued inflation. In this section, we assess the
ability of the estimated model in delivering jointly a deterioration of labor market conditions and a small
response in inflation in addition to a jobless recovery and inflation persistently subdued. To do so, we
examine the forecasting performance of our estimated model for key labor market variables and inflation
at two critical points during the Great Recession: (i) 2008:Q4, which is the quarter with the largest drop
in GDP growth, and (i) 2009:Q4, which is the quarter with the highest unemployment rate. In these
forecasting exercises, we use the Kulish et al. (2017) methodology to control for the binding ELB on the

federal funds rate.2!

4.1 Description of the Model Forecast

The solid lines in Figure 3 report the observed variables, the dashed lines show the model forecast
conditional on data up to 2008:Q4, and the dotted lines report the model forecast conditional on data
up to 2009:Q4. Conditional on 2008:Q4 data (the dashed lines), the model does a good job at predicting
the behavior of output and investment. In addition, the model predicts a significant deterioration in
labor market conditions during 2009 and early 2010, with a slow recovery thereafter. However, the actual
deterioration in the unemployment rate and vacancies was not as dire as expected. For example, as
shown in panel (d), our model predicted that the unemployment rate would peak above 11 percent in
2010, above the realized peak of 10 percent, but the timing of the peak was closely predicted. As shown
in panel (e), the model paired the projected increase in the unemployment rate with a larger decline
in vacancies than in the data. By contrast, panel (f) shows that the size of the dip projected for the
workweek was indeed similar to the one observed. Moreover, panels (d), (e), and (f) suggest that the
model can match reasonably well the pace of the recovery in these labor market variables in the aftermath
of the Great Recession. The model is also able to predict the initial fall of the LFPR in 2009 and 2010

(see panel (g)), but it fails to predict the secular downward trend (structural decline). We explore the

20Tables B.5 to B.10 in Appendix B report the estimation results for the model with fixed labor supply along the two
margins. The estimation results for the models with one margin excluded at a time are available upon request.

2Kulish et al. (2017) show that the dynamics at the ELB can be well approximated by a time-varying linear policy function
for a given expected ELB duration. Technical details about the solution method, ELB, and shock decomposition can be
found in Appendix D.
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Figure 3: MODEL FORECAST: 2008:Q4 AND 2009:Q4
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Notes: Solid lines represent the dynamics for the unemployment rate, the LFPR, the workweek, vacancies, real wage growth
and inflation between 2008 and 2013. Dashed and dotted lines represent the model forecast based on data up to 2008:Q4
and 2009:Q4, respectively.

sources behind the misses in the LFPR forecast in Section 4.2, where we illustrate the role of preference
shocks to participation in explaining the downward trend in the LFPR. Despite the dire forecast of the
labor market, the model does not predict a large wage and price disinflation, as shown in panels (b) and
(h) of Figure 3. The model’s predictions are similar to those observed in the data. Therefore, we argue
that the model does not exhibit the missing disinflation puzzle.

Conditional on data available up to 2009:Q4 (the dotted lines), which is after the peak unemployment
rate during the Great Recession, we evaluate the forecasting performance on the persistence during the
recovery for the unemployment rate, vacancies, and the workweek. As shown in Figure 3, the model
matches very well the observed size and pace of the recovery in these labor market variables. For example,
between 2010 and 2013 the model predicts a decline of about 2 percentage points in the unemployment
rate, a similar decline to the one observed in the data.

In the remainder of this section, we analyze the drivers of the model projections conditional on data
up to 2008:Q4.%2
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Figure 4: LABOR MARKET FORECAST: 2008:Q4

(a) Unemployment rate (b) Vacancies (c) Workweek (d) LFPR
A~ 0 66
4 DN J——
10 4 RN 0N e = -
E/ L~ SRR --"
; e~ e 65 B NS
8 \s, e N A N < O R SO
S S 64
6 o~ -100
2009 2010 2011 2012 2013 2009 2010 2011 2012 2013 2009 2010 2011 2012 2009 2010 2011 2012 2013
(e) Unemployment rate (f) Vacancies (g) Workweek (h) LFPR

Forecast Error

Forecast Error

Forecast Error

Forecast Error

0.02

o

=)

S

- -0.02
2009 2010 2011 2012 2013 2009 2010 2011 2012 2013 2009 2010 2011 2012 2013 2009 2010 2011 2012 2013

[ Convenience yield [l Gov. spending [ JInvestment-specific tech.
I Monetary policy [ Productivity Il Price markup

I Bargaining power [l Participation/home production ElRisk

[ ]Matching efficiency [l Preferenec hours [ ]Trend inflation

I Initial I ELB

Notes: The solid black lines in the top panels present the dynamics for the unemployment rate, the LFPR, the workweek,
and vacancies between 2008 and 2013. The dashed black lines are the model’s forecast based on data up to 2008:Q4. The
dotted gray lines are the model’s forecast plus the x; contributions to the forecast error. The dashed-dotted pink lines are
the model’s forecast in the absence of the ELB constraint. The bottom panels present the forecast error (Yiys — Et [Yits])
decomposition.

4.2 Understanding the Model Forecast Using a Shock Decomposition Approach

As discussed before, the model predicts a sizable deterioration in the labor market during the Great
Recession and a plausible subsequent recovery. We rely on the forecast error shock decomposition to
better understand the model forecast.?? Figure 4 reports the model forecast for labor market variables
conditional on data available in 2008:Q4 (the dashed lines) in the upper row and the forecast error
shock decomposition in the bottom row. For the unemployment rate and vacancies, the bulk of the
forecast errors during the Great Recession is accounted for by the ELB constraint on the nominal interest
rate (pink bars). For the LFPR, shocks to participation/home production (dark gray bars) are key in
accounting for the secular trend.?* We assess the role of the ELB and participation shocks by computing
two counterfactual model projections: (i) a projection that adds in the contributions of participation
shocks to the forecast error of a given variable (the dotted gray lines) and (%i) a projection that abstracts
from the ELB constraint (dash-dotted pink lines).

First, when including the shocks to the participation margin to the forecast for the LFPR (gray dotted
line), the model is able to reproduce the secular trend observed in the data. Implicitly, we argue that
a forecaster could use existing projections on demographic trends to inform the model and improve the
LFPR forecast. Also, during the recovery period, adding the participation shocks improves the forecasting

performance for the unemployment rate and vacancies.

22The analysis conditional on data up to 2009:Q4 is available in Appendix C.2.
23The forecast error for variable Y in period t + s is defined as Yiys — Ey¢ [Yis].
*TFor a discussion on the structural decline in the LFPR after the Great Recession, see, e.g., Aaronson et al. (2014).
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Figure 5: REAL WAGE AND INFLATION FORECAST: 2008:Q4
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Notes: The solid black lines in the top panels present the dynamics for the annualized real-wage growth and the annualized
price inflation between 2008 and 2013. The dashed black lines are the model’s forecast based on data up to 2008Q4. The
dotted gray lines are the model’s forecast plus the x; contributions to the forecast error. The dash-dotted pink lines are
the model’s forecast in the absence of the ELB constraint. The bottom panels present the forecast error (Yiys — Et [Yi4s])
decomposition.

Second, taking into account the ELB constraint (dash-dotted pink lines) suffices in delivering the
size of the increase in the unemployment rate and the decline in vacancies during the Great Recession.
The contributions of the ELB constraint in the forecast error decomposition have two sources: (i) the
amplification of shocks (relative to a linear response) and (i7) an ELB duration that is longer than initially
expected (see Appendix D for details). For the unemployment rate and vacancies, the lower-than-expected
severity of the ELB constraint is the main source of the ELB contribution to the forecast errors.

Unlike other New-Keynesian DSGE models, our model is also able to forecast the “missing disinflation”
observed in the aftermath of the Great Recession. Using Figure 5, we study the role of the ELB constraint
for the forecast of inflation and the real wage growth. We find that the forecast for inflation and real
wage growth is somewhat improved when taking into account the expected ELB constraint. Specifically,
the less-severe-than-expected ELB constraint explains part of the “small” missed disinflation and allows
the model to not predict a further decline in real wage growth.

The findings discussed in this section are not enough to explain why the model can jointly forecast
both the worsening of labor market conditions and the subdued response of inflation in the aftermath of

the crisis—a key question that we explore next.

4.3 Understanding the Model Forecast Using a Structural Approach

Figure 3 has shown that our model successfully simultaneously predicts a modest decline in wage and

price inflation and a severe deterioration in the labor market followed by a prolonged recovery. We argue
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Figure 6: ALTERNATIVE MODEL PROJECTIONS
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Notes: Solid black lines correspond to the observed variables for investment growth, unemployment rate, workweek, and
LFPR. Solid black lines correspond to the model-implied (net of measurement error) PCE inflation and real compensation
per hour. Dashed black lines report the baseline model forecast conditional on data available in 2008:Q4. Dotted red
lines represent the counterfactual model projection without financial frictions. Dashed blue lines report the counterfactual
model projection with smaller real wage rigidities but higher nominal wage rigidities. Dash-dotted green lines show the
counterfactual model projection with a larger role for pre-match costs.

that three distinctive features of our estimated model are key in delivering jointly the observed patterns:
(i) the relatively high degree of real wage rigidities; (i) the small or nonexistent role of pre-match costs
in the recruiting cost function; and (4i) the presence of financial rigidities.2> We proceed by generating
counterfactual projections in which we can better illustrate the specific role played by each of these features
in delivering the baseline projection. Figure 6 shows the observed variables (solid black), the baseline
model forecast conditional on data available in 2008:Q4 (dashed black), and the three counterfactual
model projections: (i) the counterfactual projection when the relative importance of real and nominal
wage rigidities is flipped (dashed blue), (i) the counterfactual projection with a larger role for pre-match
costs in the recruiting cost function (dash-dotted green), and (iii) the counterfactual projection without
financial frictions (dotted red).

First, regarding wage rigidities, Del Negro et al. (2015) show that a model featuring a high degree of
nominal rigidities can explain the muted response of inflation during 2010 and 2011. However, our model,
which can also explain the “missing disinflation,” features a low degree of nominal rigidities and a high

degree of real wage rigidities. To show the relative role of real wage rigidities in the inflation forecast, we

25In Nucci and Riggi (2018), the effect of wage rigidity on inflation is almost offset by the countercyclicality of the LFPR,
which implies that the degree of real wage rigidities is irrelevant for inflation dynamics in their calibrated model with
endogenous participation. In our model, as in the data, the LFPR is procyclical, which implies that the degree of real wage
rigidities plays a relevant role in defining the inflation dynamics.
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reduce the degree of real wage rigidities and increase the degree of nominal wage rigidities in our model,
keeping the overall degree of wage rigidities, as reflected in Table 4, constant. In particular, we set the
relative size of the unemployment benefits (b°), the Calvo parameter (\,), the relative size of the outside
option (£2,), and workers’ bargaining power (7) such that nominal wage rigidities are more important
than real wage rigidities, keeping the other components in Table 4 constant.26

As shown in panels (a) and (c) of Figure 6, the counterfactual projections with flipped wage rigidities
(dashed blue line) predict a larger deterioration of economic activity than in the baseline paired with
a smaller unemployment peak and a larger decline in hours worked as shown in panel (e). The peak
unemployment rate projected in these two counterfactuals is closer to the observed one than the one
in the baseline model—but at the expense of predicting a pace for the recovery that is faster than the
observed one and faster than the projected pace in the baseline model. Therefore, there is a trade-off
between predicting the size of the peak and the pace of the recovery in unemployment. However, as shown
in panel (b) and panel (d), the relative success in forecasting the unemployment rate comes at the cost
of projecting substantial price and wage disinflation during the Great Recession. Note that the declines
in price and wage inflation are projected even with the flat Phillips curve we estimated.

Second, regarding pre-match costs, Leduc and Liu (2020) conclude that search intensity and recruiting
intensity—which in their model entail pre-match costs—are quantitatively important in explaining the
weak job recovery in the aftermath of the Great Recession. However, their model does not feature nominal
rigidities and, hence, has no role for inflation. In our estimated model, pre-match costs are negligible.
Thus, to examine the possible role of pre-match costs that are larger than we estimate, we increase the
role of pre-match costs in the recruiting cost function. In particular, we increase the ko/k1 ratio from
0 to 0.5 in our estimated model. Figure 6 shows that the model forecast with higher pre-match costs
(dash-dotted green) produces dynamics similar to the ones obtained with flipped wage rigidities. The
main difference is represented by a faster deterioration in the LFPR. Therefore, the model economies
characterized by either a lower degree of real wage rigidities or a relatively more prominent role for the
pre-match component of recruiting costs than in our estimation (all other parameters equal) are subject
to the missing disinflation puzzle ubiquitous in standard New-Keynesian DSGE models. In Section 5, we
show that the combination of the high level of real wage rigidities and the small role of pre-match costs
makes the marginal cost less cyclical, preventing inflation from falling too much in recessions. Moreover,
these two features allow the model to match the cyclicality of the LFPR and the unemployment rate.
Our results are consistent with Cairé et al. (2022), who show that some degree of real wage rigidities
is needed to match the cyclicality of the LFPR in the data. In addition, we show that a small role of
pre-match costs allows us to match the observed unemployment volatility conditional on the observed
vacancy volatility.

Third, Gilchrist et al. (2017) argue that financial frictions play a relevant role in accounting for

the missing disinflation during the Great Recession.?” In our model, financial frictions affecting the

26The implied values for the parameters are b° = 0.34, Qp, =0.77, A = 0.15, and n = 0.66.
27 Also Christiano et al. (2015) develop a model with a rich labor market in which the missing disinflation is due to a
financial wedge that pushes up firms’ cost of working capital. However, in their model there are no endogenous financial
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entrepreneurial sector generate an endogenous inverse relationship between capital accumulation and
spreads. As shown in panel (c¢) in Figure 6, absent financial frictions (dotted red), the model fails to
forecast the large and persistent decline in investment.?® The faster recovery of capital in the model
without financial frictions leads to two counterfactual patterns in the recovery after the Great Recession.
First, higher capital results in higher labor demand and consequently in a much faster recovery in the
unemployment rate, in hours, and in the LFPR. Second, in our baseline model, the expected low path
for capital implies a higher expected capital rental rate, putting upward pressure on marginal costs and
on inflation. Interestingly, the absence of this channel in the model without financial frictions results in a
shallower path for inflation, despite a faster recovery in the labor market. Hence, through the lens of our
model, the interaction between financial frictions and labor market rigidities plays a key role for obtaining

a persistent increase in unemployment without a large decline in prices.

5 Key Labor Market Mechanisms in the Model

As stated earlier, the role of financial rigidities in accounting for the missing disinflation during the Great
Recession was already explored by Gilchrist et al. (2017) and in delivering labor market dynamics by
Christiano et al. (2015). Therefore, in this section, we focus on further exploring the role played by the
key labor market mechanisms, that is, the higher degree of post-match costs relative to pre-match costs in
our estimated model and the higher degree of real wage rigidities relative to nominal wage rigidities. To
do so, we use the estimation results from two alternative settings. First, we re-estimate the model using
the same data set but impose a significant weight on the pre-match portion of the generic recruiting cost
function. This exercise allows us to isolate the role played by this parameter. Second, we re-estimate the
model by imposing a fixed labor supply on a data set that excludes the LFPR and the workweek from
the observable set. In this case, the estimated vector is characterized by a flatter Phillips curve, a lower
degree of real wage rigidities, and a higher degree of nominal rigidities. Therefore, we can study the role

played by real versus nominal rigidities in the model-implied dynamics.

5.1 The Importance of Pre- versus Post-Match Recruiting Costs

To study the relative importance of the two components of the recruiting cost function, we explore the
role they play in the dynamics of the marginal cost. The (detrended) marginal cost in the model economy

(see Appendix F) is given by

(%) (b

- (’7;1") 11—« aa(l _ a)l—a )

(41)

frictions on investment, and the financial wedge is assumed to be an exogenous process.

28In particular, to preserve the same steady state as in the baseline, in the model without financial frictions we assume
the presence of a fixed spread between the return on capital and the real interest rate, while in our model the spread moves
endogenously in response to shocks and movements in the entrepreneurial net worth (see panel (h)).
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where % is the detrended marginal labor cost and W, is the detrended marginal cost of hiring a worker,

which is given by:

= . Kot _ Rot41

W, = Wjizne + — — Yelhigr1Fner1 — Vel — i (42)
qt qgt+1
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Therefore, if a firm hires a new worker, it has to pay her wages w;;z;; and the recruiting cost %. However,
the firm saves on recruiting costs in the next period as the number of employees increases k41 and it
can retain a fraction of the new workers hired today—#r,;+1. Note that we use observable variables for
all the endogenous variables affecting % because we have data on the workweek, zp;, vacancies, v,
unemployment, 1 — n;;, and wage growth, AW;. Thus, conditioning on the observed volatility of these

variables, the model parameters determine the volatility and cyclicality of the marginal labor cost. Given

that labor market tightness, (njjil ), enters into equation (42), the cyclicality of labor costs is a function
of the relative importance of the pre-match component in overall recruiting costs. For example, if the
pre-match component is relatively more important than the post-match component—=~s is higher than
k1—then labor costs are very cyclical and the cyclicality of hiring is low.

In our estimation, post-match costs are much more important than pre-match costs, which has relevant
implications for labor market dynamics and inflation. We explore the extent of the influence of this result
on model dynamics by estimating a version of the model with a fixed coefficient that governs the relative
importance of the two types of recruiting costs. In particular, we fix log ko1 = 2.2° This value implies
parameters values for k1 = 0.014 and ko = 0.105, which are very different from the estimated values
k1 = 0.855 and ko = 0.001 in our baseline model. The estimation exercise uses the same data set and
the same prior choices for the other parameters as in the baseline estimation. Tables B.5 to B.10 in
Appendix B report the estimation results for this version. The data clearly favor the baseline model since
the posterior odds for the baseline model over the alternative discussed here are about 45 log points.

Table 6 reports cyclical volatilities for labor market variables and inflation. The higher value for pre-
match costs imposed on the alternative model implies volatilies for the labor market variables (the LFPR,
the unemployment rate, and vacancies) that are well below the sample standard deviations, thus explaining
why our estimated model prefers very small pre-match costs. In the estimation, other parameters that
also affect the volatilities of these variables are estimated; hence, they can adjust to compensate for the
direct effect of the higher relative share of pre-match costs. In fact, the estimated values for parameters

governing the convexity of the recruiting cost function and the workers’ outside option suggest higher

29Tn the baseline estimation, the estimated parameter value was log k21 = —6.55.
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Table 6: CYCLICAL VOLATILITIES FOR LABOR MARKET VARIABLES AND INFLATION

us W u LFPR \s WW

Panel A: US Data, 1987:Q1 to 2010:Q2

Std. Dev. 0.002 0.019 0.178 0.005 0.174 0.006

Relative Std. Dev. 0.07 088 8.19 0.22 8.04 0.26
Panel B: Baseline Model

Std. Dev. 0.001 0.006 0.137 0.004 0.142 0.005

Relative Std. Dev. 0.09 041 9.29 0.26 9.61 0.34
Panel C: Alternative Model with Higher Pre-Match Costs

Std. Dev. 0.002 0.012 0.098 0.005 0.096 0.011

Relative Std. Dev. 0.07 0.55  4.68 0.22 4.59  0.54

Notes: See notes to Table 5. Relative volatility is computed as the standard deviation of each variable relative to output.

volatility for the variables of interest.?C However, the effect on cyclical volatilities of more prevalent pre-
match costs dominates those of the remaining labor market parameters as shown when comparing panel
B and panel C in Table 6, where the volatilities of the unemployment rate and vacancies are about half
of those in the baseline estimation and the data.’!

Because wages become more responsive to labor market tightness in the alternative model, the volatil-
ity of working hours increases, exceeding the volatility in the baseline model and the data. Therefore,
the lower volatility of the extensive margin of labor decisions is compensated by higher volatility of the
intensive margin of labor supply.

Despite the differences in labor market volatilities between the baseline model and the alternative
estimation presented here, the volatility of inflation is similar. The higher volatility of marginal cost in
the alternative estimation is compensated by an even flatter estimated slope of the Phillips curve compared

with the baseline model.??

In addition, we show in Section 5.2 that estimating the relative importance
of pre- and post-match recruiting costs is key in assessing the relative importance of real wage rigidities

versus nominal rigidities.

5.2 The Importance of Real Wage Rigidities versus Nominal Wage Rigidities

As we have seen so far, our model can jointly explain the evolution of labor market variables and inflation
during and after the Great Recession. In Section 4, we argued that this result hinges on our estimated low
degree of nominal wage rigidities and high degree of real wage rigidities. In this section, we further inves-
tigate the role of nominal and real rigidities in our baseline model by evaluating the relative importance

of nominal and real wage rigidities in the baseline vis-a-vis two alternative models using the decompo-

30The estimated parameters governing the convexity of the recruiting cost function (1)1 and 1)2) are almost zero, suggesting
linearity on both of its components, which, ceteris paribus, increases the cyclicality of the unemployment rate and vacancies.
The estimated higher value of workers’ outside option relative to the sum of the marginal product of labor and hiring costs
also generates additional volatility in labor market variables.

3'Figures C.2 and C.3 in Appendix C show that, in general, all shocks generate meaningful volatility in the labor market.
In particular, our model would not be subject to an amplification problem if technology shocks were considered to be the
sole driver of economic fluctuations.

32The slope of the Phillips curve is estimated to be 0.66 in the alternative model versus 1.10 in our baseline model.
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Table 7: REAL AND NOMINAL RIGIDITIES IN WAGE SETTING

N RY P C L
Baseline model 0.04 0.15 0.56 0.21 0.05
Alt. model with higher degree of pre-match costs 0.27 0.10 0.48 0.13 0.03
Alt. model without LFPR and hours decisions 0.33 0.09 0.38 0.16 0.04

Notes: N* stands for the degree of nominal wage rigidity, R" is the degree of real wage rigidity, P is the marginal
product of labor, F is a real term, C is a cyclical component, and £ is a term that depends on labor market frictions.
The contributions may not sum up to 1 because of rounding.

sition put forward in Section 3. The first alternative model, presented in Section 5.1, imposes a larger
importance on pre-match hiring costs than post-match costs. The second alternative model explores the
importance of the two additional margins of labor supply we have introduced in the paper: participation
and hours worked. To do so, we fix participation and hours worked to their steady-state values and we
estimate this alternative model by removing the LFPR and the workweek from the data set. This second
alternative model allows us to isolate the role of endogenous labor supply decisions and data on labor
supply in informing the model about the degree of nominal and real wage rigidities. The estimation re-
sults for this second alternative model are characterized by substantially different estimates for the slope
of the Phillips curve (slope is equal to 1.10 in the baseline versus 4.75 in the alternative estimation), the
nominal wage rigidity parameter (A, is 0.04 in the baseline versus 0.33 in the alternative), and one of the
parameters governing the outside option (b° is 0.98 in the baseline versus 0.79 in the alternative).??
When comparing the first two columns of Table 7, we conclude that the two alternative models present
substantially higher levels of nominal rigidities than the baseline model and a lower degree of real rigidities.
Therefore, while the baseline model displays a larger relative importance of real wage rigidities, the two
alternatives rely more on nominal wage rigidities. Comparing the estimates and implied levels of nominal
versus real wage rigidities for the baseline model and for the model with fixed labor supply, we conclude
that data on both the LFPR and the workweek are informative in identifying the degree of (nominal and

real) wage rigidities and the slope of the price Phillips curve.*

6 Model-Based Labor Market Gaps

This section presents an analysis of the main model-based labor market gaps featured in our model
economy. We start with a historical analysis of model-based latent variables for the labor market. We
show that none of the model-based labor market gaps are a sufficient statistic of labor market slack.
However, all labor market gaps contain important information about the state of the economy, which we
summarize in a labor market indicator constructed using principal components analysis. Finally, we show
that data on the intensive and extensive margins of labor supply are important drivers of the natural rate

of unemployment, which summarizes the state of the labor market.

33Estimation results for the alternative models are available in Tables B.5 and B.6 in Appendix B.

34To further support our conclusions, we have also estimated a version of our model that is identical to our baseline model
but imposing a tight prior on A,, around 0.5. Posterior odds are very sensitive the choice of prior for A,,. They clearly favor
the baseline model over this alternative model with a tight prior on A, by more than 150 log points.
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Figure 7: A COMPARISON OF MODEL-BASED LABOR MARKET GGAPS
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Notes: The flexible-price gap for the labor market variable z is defined as 100- (x — xﬂ”), where the superscript flex denotes
variables in the flexible-price economy. For comparison purposes, the LFPR gap is multiplied by 10, the unemployment gap
and the unemployment rate gap are multiplied by -1, the vacancies gap and the labor market tightness gap are multiplied
by 0.1. The output gap is defined as the percentage deviation of output with respect to its flexible-price counterpart times
100. The shaded areas represent NBER recessions.

6.1 Is the Unemployment Rate a Sufficient Statistic for Labor Market Slack?

The richness of our labor market modeling allows us to compute several measures of labor market slack
in the economy and evaluate whether the unemployment rate gap is a sufficient statistic for assessing the
degree of labor market slack in the US economy over the estimation sample. Figure 7 reports all the
flexible-price labor market gaps featured in our model over the estimation period, alongside the flexible-
price output gap.?> As shown in Figure 7 and Table 8, all gaps are highly correlated, with correlations
ranging from 0.84 to 1 in absolute value, with the exception of the workweek gap, whose correlation
with all gap measures but the LFPR gap is significantly smaller. The strong correlation between the
flexible-price output gap and most flexible-price labor market gaps is also present in the scatter plots in
Figure 8.

Moreover, from Figure 7 and Figure 8, we highlight the following six observations. First, not all
labor market gaps are fully synchronized—that is, they do not become positive or negative at the same
time. While all the labor gaps become negative within two or three quarters during recessions, the timing
of when the labor gaps become positive during recoveries is more heterogeneous. Indeed, it may take
several quarters for all gaps to turn positive after the first gap becomes positive. Second, over the three
recessionary periods in the estimation sample, the relative relationships among the labor market gaps are
not constant. As shown in Figure 7, there is not a single labor market gap that always turns positive or
negative first (or last). For example, the LFPR gap is the last gap to turn negative in the 1991 recession

and the second to turn positive during the recovery. However, in the aftermath of the 2001 recession,

35 All gaps are the smoothed series computed when the model is evaluated at the posterior mode.
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Table 8: MODEL-BASED GAPS: CORRELATION MATRIX

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) Emp. gap 1 -0.996 -0.997 0.878 0.988  0.480  0.997 0.997  0.989
(2) Unemp. gap 1 1 -0.831 -0.971 -0.403 -0.996 -0.999 -0.974
(3) Unemp. rate gap 1 -0.835 -0.972 -0.408 -0.997 -0.999 -0.975
(4) LFPR gap 1 0.939 0.828 0.858 0.844 0.931
(5) Total hours gap 1 0.610 0982 0977  0.998
(6) Workweek gap 1 0.459  0.429  0.592
(7) Vacancies gap 1 0.999  0.986
(8) Tightness gap 1 0.980
(9) Output gap 1

Notes: To compute correlations, we express the variables in logs as deviations from a Hodrick-Prescott trend with a
smoothing parameter of 10°.

the LFPR gap is the last gap to become positive. Third, from the estimated Okun’s law coefficients
reported in Figure 8, we conclude that LFPR fluctuations matter for unemployment dynamics because
the estimated Okun’s law coefficient for the unemployment gap is close to 2 (see panel (b) in Figure
8), while the estimated Okun’s law coefficient for the unemployment rate gap is around 1.2. Fourth,
as shown in Figure C.5 in Appendix C, Okun’s law errors tend to decline in recessions, implying that,
in recessions, labor market gaps become relatively more negative than the output gap. Fifth, Figure
C.5 in Appendix C shows that the Okun’s law errors for the LFPR gap and for the workweek gap are
quite cyclical. In particular, the turning points (peaks) in these errors—if you smooth through higher—
frequency variations—Ilead recessions in our sample and could be a candidate for an early-warning indicator
of recessions. Finally, as shown in Table 9, the labor market gap most tightly linked to the output gap is
the total hours gap, as the Okun’s law errors for that gap exhibit the smallest standard deviation.
Based on these results, we conclude that the unemployment rate gap is not a consistent indicator
of broad labor market conditions, as it conveys only a partial view of overall labor market conditions.
A positive or negative unemployment rate gap does not imply that all of the other labor market gaps
are positive or negative. In addition, as shown in Table 9, the relationship between the output gap and
the unemployment rate gap is more volatile than the relationship between the output gap and some
of the other labor market gaps. Thus, the unemployment rate gap (or any other labor market gap) is
not a sufficient indicator of labor market conditions nor the most accurate predictor of the output gap.
As a consequence, no single labor market gap can accurately describe the state of broad labor market
conditions. From Figure C.5 and Table 9, the employment gap might be preferred because it can most
accurately predict the output gap. However, it still does not include information on the total hours gap,
which is also informative about broad labor market conditions. In addition, at the onset of recessions,
the output gap is usually smaller than implied by the estimated Okun’s law relationships for most labor

market gaps, indicating the output recovery is actually slower than the recovery of the labor market.
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Figure 8: OuTPUT GAP AND LABOR MARKET GAPS
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Notes: This figure plots the flexible-price output gap against the flexible-price labor market gaps. Gaps are smoothed series
when the model is evaluated at the posterior mode. Red lines represent the linear relationship between the output gap and

the corresponding labor market gap.

Table 9: OKUN’S LAW ERRORS: STANDARD DEVIATIONS OF LABOR MARKET GAPS

(e) (f) (&) (h)

(a) (b) () (d)
Emp. Unemp. Unemp. rate LFPR Total hours Workweek Vacancies Tightness
0.174  0.271 0.264 0.435 0.077 0.959 0.202 0.237

6.2 Labor Market Conditions Indicator

Given our assessment on not having a single labor market gap that is a good summary statistic of
the state of the economy, we proceed to compute a summary of the informational content in all labor
market gaps using principal component analysis. Figure 9 reports the resulting first principal component
series, representing the underlying state of the labor market. This series explains 88 percent of the total
variability of labor market gaps and is the only principal component to explain at least one gap’s worth
of variability. Also, as shown in Table 10, the loading factors of the standardized labor market gaps are
very similar, indicating that all gaps contribute significantly to this principal component.?® As shown in
Figure 9, the principal component peaks between one and one and a half years before a recession starts,
suggesting that this aggregator of labor market conditions is a good leading indicator of recessions.

Following Chung et al. (2021), we decompose the principal component, which is a summary of latent
variables in the model, into contributions of the structural shocks (shock decomposition) and contributions

of the observable variables (data decomposition) in Figure 10. The solid line represents the estimated

36Standardized gaps refer to the gaps normalized by their respective mean and standard deviation.
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Figure 9: LABOR MARKET CONDITIONS INDICATOR: PRINCIPAL COMPONENT OF ALL MODEL-BASED
LABOR MARKET GAPS
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Notes: The principal component analysis is performed at the optimization mode and at each 10,000-th posterior draw so we
can compute the median (dashed line) and credible intervals reported in the figure.

path for the principal component. For the shock decomposition, reported in panel (b), the bars above
(below) the zero line correspond to the cumulative effects of shocks that increase (decrease) the principal
component in a particular quarter. The data decomposition allows us to gauge which salient features of
the data shape the alternative measures of slack in the labor market.

As stated earlier, the labor market gaps are defined as the difference between a given variable and
its counterpart in the flexible-price economy. Consequently, most of the data drivers of a labor market
variable in the economy with nominal frictions are also the drivers of the flex-price counterpart. Thus,
as shown in Figure C.6 in the Appendix, non-labor market-related real and nominal variables, such as
investment growth (in yellow), inflation (in red and dark brown), the federal funds rate (in dark gray),
and spreads (in light green) are essential in defining the labor market gaps. However, there are two labor
market variables with large information content about labor market gaps: the unemployment rate (in
black) and the LFPR (in light gray). The relatively large role played by these two variables in driving the
model-implied labor market gaps allows us to conclude that a model without the participation margin
would have a hard time delivering sensible estimates of the labor market gaps. The fact that the workweek
data are not very informative about our principal component (Figure 10) should not be confused with

the fact that the workweek gap is informative about our principal component (Table 10).

6.3 Historical Decomposition of the Natural Rate of Unemployment

To further study the role of the new margins of labor supply in the estimated state of the economy,
we focus on the historical shock and data decomposition of the natural rate of unemployment reported
in Figure 11. As shown in panel (b), our model estimates that there are two main shocks that have

been exerting upward pressure on the natural rate of unemployment: the investment-specific shock (in
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Figure 10: LABOR MARKET—-CONDITIONS INDICATOR: HISTORICAL DECOMPOSITIONS

(a) Data decomposition (b) Shock decomposition
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Table 10: LOADING FACTORS PRINCIPAL COMPONENT

Labor Market Gap Mode 5th Median 95th

Employment 0.3789 0.3627 0.3768 0.4056
Unemployment -0.3723 -0.3988 -0.3700 -0.3594
Unemployment rate -0.3729 -0.3993 -0.3706 -0.3597
LFPR 0.3365 0.1680 0.3278 0.3581
Total hours 0.3812 0.3650 0.3793 0.3980
Workweek 0.1966 0.0110 0.2343 0.3116
Vacancy 0.3761 0.3620 0.3737 0.4017
Labor market tightness 0.3744 0.3610 0.3720 0.4004

Notes: This table reports the loading factors of the labor market gaps normalized by their historical mean and standard
deviation. LM stands for labor market. The column titled “Mode” refers to the loading factors of the model evaluated at
the optimization mode. The columns titled 5th, Median, and 95th represent the percentiles of the posterior draws.

yellow)—especially during the mid-1990s period and from 2005 onward—and, to a smaller extent, the
participation shock (in dark gray). On the other hand, two other shocks exert downward pressure on the
natural rate of unemployment: the hours preference shock (bright blue) and the government-spending
shock (orange).

Previously, Furlanetto and Groshenny (2016) concluded that the main source of variation in the
natural rate of unemployment in a DSGE model with matching frictions and similar hiring cost function
specifications is matching efficiency shocks. The role assigned to these shocks by our estimation results
(light gray) is almost negligible. We have further studied the source of this discrepancy by estimating
versions of our model that are closer to the Furlanetto and Groshenny (2016) specification and concluded
that the relative role of matching efficiency shocks in driving the natural rate of unemployment depends
on the relative size of pre-match hiring costs in the hiring costs function—in particular, the larger the

size of pre-match hiring costs in the overall hiring cost function, the larger the contribution of matching
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Figure 11: NATURAL RATE OF UNEMPLOYMENT: HISTORICAL DECOMPOSITION

(a) Data decomposition (b) Shock decomposition
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efficiency shocks to the fluctuations in the natural rate of unemployment. Note that matching efficiency
shocks only affect the unemployment rate when firms face pre-match hiring costs. While Furlanetto and
Groshenny (2016) find a role for pre-matching hiring costs, our estimation provides an almost zero weight
to this component of the hiring cost function, consistent with the findings in Christiano et al. (2016) and

references therein.

7 Conclusion

In this paper, we develop a model with a rich treatment of the labor market that can account for slow
recoveries and missing disinflations after deep deteriorations in the labor market. The main innovation of
our theoretical model with respect to existing New-Keynesian models is the introduction of endogenous
labor force participation and hours worked in a search and matching environment. Other relevant the-
oretical contributions include the following: (i) providing an extension of Jaimovich and Rebelo (2009)
preferences, (ii) introducing a more flexible specification of a recruiting cost function, (i) providing an
extension of Gertler et al. (2008) staggered nominal wage bargaining, and (iv) developing a decomposition
of the nominal wage in search and matching models that allows us to quantify the degree of nominal and
real wage rigidities. On the empirical side, our main contribution is using a wider set of labor market
indicators to estimate the model than was previously used in the literature.

We show that a higher degree of post-match costs relative to pre-match costs not only delivers higher
labor market volatility and persistence in labor market outcomes, but also helps in delivering lower
inflation volatility and more persistent inflation dynamics. The model’s ability to account for the empirical
evidence also relies on having a low degree of nominal wage rigidities and a high degree of real wage
rigidities. These parameters are informed by the additional labor supply margins in the model and

their corresponding observables. Our results show the key importance of incorporating participation’s

40



contribution to the extensive margin of labor supply jointly with the intensive margin of labor supply to

improve the forecasting performance of a New-Keynesian DSGE model.
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Appendix

A Data Description

A.1 Data Used for Model Estimation

e Growth rate of real per capita GDP. Data for nominal GDP are available from the Bureau of Eco-
nomic Analysis (BEA) Survey of Current Businesses Table GDP.1.1.5, line 1 (Haver: USNA/GDPX).
These data are deflated by the seasonally adjusted implicit price deflator found in the BEA Survey of
Current Businesses Table GDP.1.1.9, line 1 (Haver: USECON/DGDP). This new series is divided
by the quarterly average of the monthly civilian noninstitutional population (ages 16 and older)
found in the Employment Situation release - Current Population Survey Table A1, line 2 (Haver:
USECON/LNN) to obtain per capita values. The data provided by the BEA are annualized.
Growth rates are computed by taking 100*log differences (quarterly growth rate).

e Growth rate of real consumption. To get real consumption, we first sum “Personal Consump-
tion Expenditures: Nondurable Goods”—available at the BEA Survey of Current Businesses Ta-
ble GDP.1.1.5, line 5 (Haver: HAVERUSNA/CNX)—and “Personal Consumption Expendi-
tures: Services”—found in the BEA Survey of Current Businesses Table GDP.1.1.5, line 6 (Haver:
HAVERUSNA/CSX). These resulting data are deflated by the seasonally adjusted implicit
price deflator available at the BEA Survey of Current Businesses Table GDP.1.1.9, line 1 (Haver:
USECON/DGDP). This new series is divided by the quarterly average of the monthly civilian
noninstitutional population (ages 16 and older)—available from the Employment Situation release
- Current Population Survey Table Al, line 2 (Haver: USECON/LN N)—to obtain per capita
values. The data provided by the BEA are annualized. Growth rates are computed by 100*log

differences (quarterly growth rate).

e Growth rate of real investments. To get real investment, we first sum private fixed investment—
found in the BEA Survey of Current Businesses Table GDP.1.1.5, line 8 (Haver: USNA/F X )—and
“Personal Consumption Expenditures: Durable Goods”—found in the BEA Survey of Current Busi-
nesses Table GDP.1.1.5, line 4 (Haver: USNA/CDX). These resulting data are deflated by the
seasonally adjusted implicit price deflator available at the BEA Survey of Current Businesses Table
GDP.1.1.9, line 1 (Haver: USECON/DGDP). This new series is divided by the quarterly average
of the monthly civilian noninstitutional population (16 years and older)—available from the Employ-
ment Situation release: Current Population Survey Table A1, line 2 (Haver: USECON/LN N )—to
obtain per capita values. The data provided by the BEA are annualized. Growth rates are computed

by taking 100*log differences (quarterly growth rate).

e Inflation. To get inflation, we use two indicators: the implicit price deflator found in the BEA Survey
of Current Businesses Table GDP.1.1.9, line 1 (Haver: USECON/DGDP) and core PCE inflation
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found in Table GDP 2.3.4, line 25 (Haver: USECON/JCXFFE). Growth rates are computed by
taking 100*log differences (quarterly growth rate).

Wage inflation. To get wage inflation we use two indicators: compensation per hour—which is
calculated as the ratio between total compensation of employees available at the BEA Survey of
Current Businesses Table GDP.1.12, line 2 (Haver: USECON/YCOMPX) and the quarterly
average of civilian employment (ages 16 and over) found in the BLS Employment Situation release
Table Al, line 5 (Haver: USECON/LE)—and average weekly earnings—which is calculated as
“Average Weekly Earnings: Prod & Nonsupervisory: Total Private Industries” available as part
of the BLS Employment Situation release (Haver: USECON/LKPRIV A). Growth rates are
computed by taking 100*log differences (quarterly growth rate).

Federal funds rate. We use the quarterly average of the monthly average of the yearly effective
federal funds rate from the Selected Interest Rate Table H.15, line 1, published by the Board of

Governors of the Federal Reserve System. We divide this series by 4 to make it quarterly.

Spreads. Spreads are calculated by taking the difference between the quarterly average of the
monthly average Moody’s yield on “Seasoned Corporate Bonds: All industries, BAA” published in
Table 1.35, H.15, line 30 and the market yield on US Treasury securities at 10-year constant maturity,
quoted on an investment basis available in the Selected Interest Rate Table H.15, published by the
Board of Governors of the Federal Reserve System. We divide this series by 4 to make it quarterly.

Unemployment rate. We use the quarterly average of the monthly Unemployment Rate: 16 Years—+
series available from the Employment Situation release: Current Population Survey Table A1, line
8 (Haver: HAVER_EMPL/RA16Q).

Labor force participation rate. We use the Civilian Participation Rate: 16 Years+ series avail-
able from the Employment Situation release: Current Population Survey table Al, line 4 (Haver:
USECON/LP).

Vacancies. The series for vacancies is calculated monthly using a methodology explained in Barni-
chon (2010). This series is then transformed to quarterly by taking the average. We take 100*log
of the series that is divided by the population index such that we adjust for changes in population.

Finally, we demean the series before using it in the estimation.

Estimates on Latent Variables from the CBO and the FRB

CBO estimate of the natural rate of unemployment. The Congressional Budget Office (CBO) defines
the natural rate of unemployment as the rate that results from all sources except fluctuations in
aggregate demand, and it reflects the normal turnover of jobs and mismatches between the skills of
available workers and the skills necessary to fill vacant positions. We retrieve the data from FRED
(Federal Reserve Bank of St. Louis)—series NROUST.
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e CBO estimate of the output gap. In order to compute the CBO estimate of the output gap, we first

retrieve the CBO estimate of potential GDP from FRED—series GDPPOT. The CBO estimate of
potential GDP is defined as the maximum sustainable output of the economy. We then compute

the output gap as the ratio between real GDP and potential GDP. We retrieve real GDP from
FRED—series GDPCI1.

FRB estimate of the natural rate of unemployment. We use the Federal Reserve staff’s real-time
estimates of the natural rate of unemployment. We retrieve those estimates from the Real-Time
Data Research Center at the Federal Reserve Bank of Philadelphia: https://www.philadelphiafed.org/
surveys-and-data/real-time-data-research/nairu-data-set. We use the latest available vintage, which

corresponds to the December 2016 Tealbook estimates.

FRB estimate of the output gap. We use the Federal Reserve staff’s real-time estimates of the
output gap. We retrieve those estimates from the Real-Time Data Research Center at the Federal
Reserve Bank of Philadelphia:

https://www.philadelphiafed.org/surveys-and-data/real-time-data-research/gap-and-financial-data-set.

We use the latest available vintage, which corresponds to the December 2016 Tealbook estimates.

Additional Estimation Results

B.1 Baseline Model

Table B.1 presents the posterior estimates of additional economic parameters for the baseline model.

Tables B.2 and B.3 show the posterior estimates of all parameters related to the shock processes in the

baseline model. Finally, Table B.4 presents the posterior estimates for measurement errors in the baseline

model.
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Table B.1: EsTIMATED ECONOMIC PARAMETERS: OTHER PARAMETERS

PARAMETER
Discount factor 8
Intertemporal elast. of substitution 1/o.
Habit parameter h
Capital utilization bu,1
Capital adj. cost Vi
Slope of the Phillips curve slope
Inflation indexation Vp
Wage indexation to past inflation Ywp
Inflation coefficient (Taylor rule) Kr
Output gap coefficient (Taylor rule) Ky
Output gap growth coefficient (Taylor rule) Kyg
Taylor rule smoothing pi
Fraction of capital diverted m

PRIOR

B(0.99,.001)
G (1.00,0.50)
B (0.50,0.10)
N (1.00, 1.00)
N (5.00, 3.00)
G (5.00, 3.00)
B(0.50,0.10)
B (0.50,0.10)
N (1.70,0.30)
G (0.13,0.10)
G (0.13,0.10)
B (0.75,0.05)
B(0.15,0.10)

Mode
0.9934
1.12
0.38
0.93
5.91
1.10
0.39
0.49
1.48
0.46
0.32
0.70
0.12

POSTERIOR
St. Dev.
0.00
0.00
0.05
0.39
1.34
0.43
0.09
0.09
0.23
0.09
0.16
0.03
0.00

Notes: B stands for Beta distribution. N stands for Normal distribution. G stands for Gamma distribution.

Table B.2: STRUCTURAL SHOCKS

PARAMETER PRIOR POSTERIOR
Mode Std. Dev.

AUTOCORRELATIONS:

Convenience yield shock pucy B (0.50,0.15) 0.93 0.01
Participation/home production shock Pxi B (0.85,0.10) 0.98 0.01
Preference shock to hours Px B (0.85,0.10) 0.92 0.04
Price markup shock Pep B (0.50,0.15) 0.90 0.06
Matching efficiency shocks P& m B (0.50,0.10) 0.95 0.02
Bargaining power shocks Pn B (0.50,0.10) 0.52 0.17
Productivity shocks P~ B (0.50,0.10) 0.50 0.10
Investment-specific tech. shock Pl B (0.50,0.10) 0.84 0.04
Risk shock Poo, B (0.50,0.10) 0.50 0.12
Monetary policy shock Pm B (0.50,0.10) 0.79 0.07
Government spending shock Pg B (0.50,0.10) 0.95 0.06
MA component markup shock 0- N (0.90,0.10) 0.99 0.03
Correlation gov. spending shock — TFP shock Oga N (0.00,0.50) -0.41 0.36
Factor loading for core PCE inflation Arp N (1.00, 0.50) 1.00 0.03
Factor loading for average hourly earnings Arow N (1.00, 0.50) 0.73 0.07

Notes: B stands for Beta distribution. A stands for Normal distribution.
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Table B.3: STRUCTURAL SHOCKS: STANDARD DEVIATIONS

PARAMETER PRIOR POSTERIOR
Mode Std. Dev.
Convenience yield shock o,cY 7G (0.15,0.15) 0.20 0.03
Participation/home production shock Oy, 7G (0.15,0.15) 0.51 0.10
Preference shock to hours Oxp 7G (0.15,0.15) 0.30 0.04
Price markup shock Oer 7G (0.15,0.15) 0.05 0.01
Matching efficiency shocks O, 7G (0.15,0.15) 0.65 0.10
Bargaining power shocks oy 7G (0.15,0.15) 0.09 0.09
Productivity shock o 7G (0.15,0.15) 0.15 0.04
Investment-specific tech. shock a1 7G (0.15,0.15) 1.89 0.32
Risk shock Oo,, 7G (0.15,0.15) 0.09 0.11
Monetary policy shock Om 7G (0.15,0.15) 0.10 0.01
Government spending shock og 7G (0.15,0.15) 0.17 0.04

Notes: IG stands for Inverted Gamma distribution. We specify the distribution by reporting its mean and standard
deviation.

Table B.4: MEASUREMENT ERRORS: STANDARD DEVIATIONS

PARAMETER PRIOR POSTERIOR
Mode Std. Dev.
Output growth oAy N7 (0.00,0.20) 0.38 0.04
Consumption growth OAc N™(0.00,0.20) 0.40 0.03
Investment growth oA N7 (0.00,0.20) 0.99 0.08
Wage growth: Comp. per employee OAw N (0.00,0.20) 0.55 0.04
Wage growth: Average weekly earnings OAAWE N7 (0.00,0.20) 0.32 0.03
Inflation: GDP deflator o N*(0.00,0.20) 0.13 0.01
Inflation: PCE O N (0.00,0.20) 0.11 0.02
Unemployment Ou N (0.00,0.20) 0.03 0.01
Participation rate Olfpr N (0.00,0.20) 0.09 0.01
Workweek Oww N*(0.00,0.20) 0.00 0.00
Vacancies Ovobs N™(0.00,0.20) 0.00 0.10

Notes: N* stands for truncated Normal distribution. We truncate the Normal distribution from below at 0.
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B.2 Alternative Models
This section presents the estimated model parameters for two alternative models discussed in Section 5
of the main text.

Table B.5: ESTIMATED EcONOMIC PARAMETERS FOR ALTERNATIVE MODELS: LABOR FRICTIONS
RELATED PARAMETERS

Alternative Model Alternative Model

Pre-Match Costs Fixed Labor Supply
Parameter Symbol Mode  Std. Dev. Mode  Std. Dev.
Log of JR parameter for hours log vn -3.66 0.16 -2.44 0.51
Log of JR parameter for participation log v -0.03 0.08 -2.00 0.25
Inverse employment elasticity (n 2.53 0.23 1.05 0.02
SS Workers’ bargaining power n 0.67 0.04 0.60 0.07
Wage rigidity Aw 0.27 0.07 0.33 0.06
Matching elasticity with respect to unemp. Om 0.79 0.02 0.81 0.03
Ratio of vacancy posting costs parameters log K21 -4.52 0.84
Hiring rate cost elasticity U 0.00 0.16 1.38 0.46
Vacancy rate cost elasticity P2 0.06 0.03 1.23 0.58
SS outside option to MPL plus hiring cost Qp 0.85 0.03 0.82 0.03
SS b plus utility cost of emp/outside option re 0.43 0.03 0.46 0.08
SS unemployment benefit b0 0.99 0.02 0.79 0.15
Steady-state unemp. rate Uss 0.06 0.00 0.07 0.00
Steady-state LFPR Lss 0.065 0.01 0.64 0.02
Steady-state prob. of employ. Pss 0.75 0.02 0.82 0.03

Table B.6: ESTIMATED EcONOMIC PARAMETERS FOR ALTERNATIVE MODELS: OTHER PARAMETERS

Alternative Model Alternative Model

Pre-Match Costs Fixed Labor Supply
Parameter Symbol Mode Std. Dev. Mode  Std. Dev.
Discount factor 154 0.99 0.00 0.99 0.00
Intertemporal elast. of substitution 1/o. 0.78 0.10 2.31 0.32
Habit parameter h 0.43 0.05 0.49 0.10
Capital utilization bu,1 2.65 0.24 2.05 0.30
Capital adj. cost Vi 7.35 0.48 9.06 0.49
Slope of the Phillips curve slope 0.66 0.10 4.75 0.71
Inflation indexation Yp 0.37 0.07 0.39 0.08
Wage indexation to past inflation Ywp 0.41 0.07 0.44 0.09
Inflation coefficient (Taylor rule) Kx 1.91 0.14 1.74 0.20
Output gap coefficient (Taylor rule) Ky 0.34 0.07 0.55 0.10
Output gap growth coefficient (Taylor rule) Kyg 0.06 0.09 0.23 0.16
Taylor rule smoothing Pi 0.64 0.04 0.70 0.03
Fraction of capital diverted n 0.13 0.00 0.12 0.00
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Table B.7: ENDOGENOUS PARAMETERS EVALUATED AT THE POSTERIOR MODE FOR ALTERNATIVE

MODELS

Alternative Model Alternative Model

Pre-Match Costs Fixed Labor Supply
Steady-state pref. parameter extensive margin  x; 0.037 0.039
Steady-state pref. parameter intensive margin  xp 1.219 0.216
Separation rate ds 0.203 0.324
Elasticity of intensive labor supply P, 1.031 1.153
Effort parameter r 0.992 0.846
Steady-state matching efficiency Om 0.788 0.845
Post-match cost parameter K1 0.014 0.828
Pre-match cost parameter Ko 0.105 0.009
Steady-state leverage Pe 3.842 4.607
Steady-state entrepreneurial risk Ow 0.118 0.096
Steady state entrepreneurial endowment We 0.000 0.000
Fixed cost P 0.118 -0.005
Scale factor for capital utilization costs Lu,0 0.016 0.019

Table B.8: STRUCTURAL SHOCKS POSTERIOR ESTIMATES FOR ALTERNATIVE MODELS:

AUTOCORRELATIONS

Alternative Model Alternative Model

Pre-Match Costs Fixed Labor Supply
Shock Symbol Mode Std. Dev. Mode  Std. Dev.
Convenience yield shock Pucy 0.91 0.01 0.91 0.02
Participation/home production shock Px, 0.99 0.01
Preference shock to hours Pxn 0.97 0.02
Price markup shock Dep 0.86 0.06 0.51 0.15
Matching efficiency shocks P& m 0.95 0.02 0.95 0.02
Bargaining power shocks Pn 0.90 0.03 0.50 0.15
Productivity shocks P~y 0.15 0.07 0.52 0.07
Investment-specific tech shock Pul 0.92 0.02 0.84 0.07
Risk shock Po., 0.50 0.11 0.50 0.14
Monetary policy shock Pm 0.59 0.08 0.71 0.04
Government spending shock Pg 0.53 0.10 0.63 0.11
MA component markup shock 0. 1.01 0.03 0.88 0.09
Correlation gov. spending shock — TFP shock 0ga 0.16 0.05 0.03 0.06
Factor loading for core PCE inflation Arp 1.00 0.03 1.01 0.03
Factor loading for average hourly earnings Arw 0.71 0.07 0.79 0.08

Table B.9: STRUCTURAL SHOCKS POSTERIOR ESTIMATES FOR ALTERNATIVE MODELS: STANDARD

DEVIATIONS

Alternative Model Alternative Model

Pre-Match Costs Fixed Labor Supply
Shock Symbol Mode Std. Dev. Mode  Std. Dev.
Convenience yield shock Pucy 0.21 0.03 0.22 0.03
Participation/home production shock Pxi 1.01 0.08
Preference shock to hours Pxn 0.24 0.06
Price markup shock Pep 0.05 0.01 0.05 0.01
Matching efficiency shocks P m 0.76 0.09 0.65 0.14
Bargaining power shocks Pn 1.80 0.11 0.09 0.18
Productivity shocks Py 0.65 0.06 0.38 0.05
Investment-specific tech shock Pul 2.08 0.13 1.05 0.27
Risk shock Poe, 0.09 0.06 0.09 0.07
Monetary policy shock Pm 0.08 0.01 0.09 0.01
Government spending shock Py 0.08 0.01 0.06 0.01
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Table B.10: MEASUREMENT ERRORS FOR ALTERNATIVE MODELS: POSTERIOR ESTIMATES FOR
STANDARD DEVIATIONS

Alternative Model Alternative Model

Pre-Match Costs Fixed Labor Supply
Shock Symbol Mode Std. Dev. Mode  Std. Dev.
Output growth oAy 0.21 0.10 0.38 0.04
Consumption growth OAc 0.35 0.03 0.43 0.04
Investment growth oA; 1.05 0.06 0.94 0.07
Wage growth: Comp. per employee OAw 0.57 0.04 0.54 0.03
Wage growth: Average weekly earnings oaawre  0.31 0.03 0.30 0.03
Inflation: GDP deflator On 0.13 0.01 0.12 0.01
Inflation: PCE On 0.11 0.01 0.12 0.01
Unemployment Ou 0.04 0.02 0.05 0.02
Participation rate Olfpr 0.05 0.02
‘Workweek Tww 0.00 0.00
Vacancies Tvobs 0.00 0.09 0.00 0.11
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C Additional Model Results

C.1 Model Fit

Table C.1: BUSINESS CYCLE STATISTICS: CORRELATION MATRIX

GDP ¢ I T W i u LFPR v ww  spread
Panel A: U.S. Data, 1987:Q1 to 2010:Q2
GDP 1 0.92 096 0.26 0.67 0.63 -0.91 0.54 0.82  0.67 -0.29
c 1 0.86 0.33 0.75 0.52 -0.82 0.52 0.65 0.48 -0.16
I 1 0.20 0.62 0.58 -0.90 0.42 0.83  0.69 -0.27
T 1 0.20 0.28 -0.20 -0.10 0.13 -0.11 -0.31
w 1 0.12 -0.46 0.23 0.32 0.15 0.28
i 1 -0.82 0.53 0.82 0.53 -0.49
u 1 -0.62 -0.94 -0.73 0.36
LFPR 1 0.54 049 -0.07
v 1 0.81 -0.41
WW 1 -0.40
spread 1
Panel B: Model

GDP 1 0.78 0.89 0.16 0.61 0.38 -0.80 0.69 0.72  0.75 -0.30
c 1 0.61 0.03 0.64 0.01 -0.51 0.48 0.46  0.37 -0.04
I 1 0.23 0.43 0.53 -0.75 0.63 0.67 0.73 -0.33
T 1 0.13 0.36 -0.12 0.11 0.13 0.19 -0.23
w 1 0.05 -0.37 0.36 0.37  0.30 -0.39
i 1 -0.43 0.28 0.37 0.25 -0.52
u 1 -0.36  -0.84 -0.47 0.39
LFPR 1 0.37 0.55 -0.14
v 1 0.46 -0.36
WW 1 -0.15
spread 1

Notes: To compute correlations, we express the variables in logs as deviations from an HP
trend with a smoothing parameter of 10°.
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Figure C.1: MODEL-BASED GAPS UNDER ALTERNATIVE MODELS

(a) Unemployment rate gap
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Notes: The baseline model includes both labor supply margins (LFPR and hours decision). The dashed red lines correspond
to an estimated alternative model without the two labor supply margins. The dash-dotted black lines correspond to an
estimated alternative model with LFPR decision, but no hours decision. The dotted green lines correspond to an estimated
alternative model with hours decision, but no LFPR decision.

Figure C.2: RELATIVE VOLATILITY OF LABOR MARKET VARIABLES FOR EACH EXOGENOUS SHOCK
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Figure C.3: VARIANCE DECOMPOSITION. SELECTED LABOR MARKET VARIABLES.
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Notes: Each area represents the fraction of the overall variance that is explained by each shock when the model parameters
are evaluated at the optimization mode.
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C.2 Forecast Conditional on 2009:Q4

Figure C.4: LABOR MARKET FORECAST: 2009:Q4
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Notes: The solid black lines in the top panels present the dynamics for the unemployment rate, the LFPR, the workweek, and
vacancies between 2008 and 2013. The dashed black lines are the model’s forecast based on data up to 2009:Q4. The dotted
gray lines are the model’s forecast plus the x; contributions to the forecast error. The dash-dotted pink lines are the model’s
forecast in the absence of the ELB constraint. Bottom panels present the forecast error (Yi+s — E¢ [Yi+s]) decomposition.
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C.3

Labor Market Gaps: Okun’s Law Errors

Figure C.5: OKUN’S LAW ERRORS FOR LABOR MARKET GAPS
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D Economic Dynamics at the ELB

If the effective lower bound (ELB) is binding in period ¢ and the expected ELB duration is s periods at
time ¢, Kulish et al. (2017) show that the economic dynamics at time ¢t are well approximated by the

linear policy function:
Yivj = Citj + PryjYirj1 + Diyjery (D.1)

where matrices C, P, and D depend on the expected ELB duration at time ¢. If the ELB is not binding,
those matrices are equal to their long-run values. Kulish et al. (2017) show how to compute those matrices
for each period in which the ELB is binding, given a sequence of expected ELB duration at each point in
time. In this appendix, we show how we construct the sequence of expected ELB duration and how we

compute the shock contributions in our forecasting exercise.

D.1 Expected ELB Duration

We calibrate the expected ELB duration based on Wolters Kluwer Blue Chip data and the Survey of
Primary Dealers. The Wolters Kluwer Blue Chip is a monthly survey that asks about the expected
federal funds rate for the next two years. This survey is available for the entire ELB period. However,
between the end of 2011 and 2012, most of the Blue Chip participants were expecting the federal funds
rate to be zero for the next two years, making it impossible to infer their expected ELB duration. The
Survey of Primary Dealers asks participants about their expected ELB duration. However, that survey
started in 2011. Given the limitations of both surveys, our measure of ELB duration is the implied
median expected ELB duration from the Blue Chip participants between 2009 and 2010. Thereafter, we
use the median expected ELB duration from the Survey of Primary Dealers. Figure C.7 plots our series
for expected ELB duration. It is worth noting that this series is consistent with the estimated series of
Kulish et al. (2017).

Figure C.7: CALIBRATED EXPECTED ELB DURATION

Quarters

0 I I I I I I
2009 2010 2011 2012 2013 2014 2015

Notes: The expected ELB duration is constructed based on Wolters Kluwer Blue Chip data between 2009 and 2010 and the
Survey of Primary Dealers between 2011 and 2015.
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D.2 Shock Decomposition with the ELB

The policy rules of the log-linearized model are summarized by the following:
Y = 51Yi1 + Saeq, (D.2)

where Y; is the vector of endogenous variables and ¢; is the vector of exogenous shocks. S7 and Sy are
fixed matrices. Following Kulish et al. (2017), when the ELB is binding, the policy rule is given by the

following:
)/t :Ct + Pt}/t—l + DtEt, (D3)
Hence, based on data up to t + s, we can decompose the level of the endogenous vector as follows:

Yigs = SiEryps Vi) + SaEpys [¢7]

linear forecast
+ ét+s|t+s + (pt+s|t+s - Sf) Eiis [YH + (Dt+s\t+s - SQ) Eiys [6t+8] ) (D4)

non-linear forecast due to ELB

where Fy ¢ [Y;] and Epys [e145] are the expected level of Y; and sequence of shocks up to ¢ + s based on
data up to t 4+ s. Similarly, matrices ét+s|t+sv JSHS‘HS, and DHS‘HS are matrices at time ¢ 4 s given a
sequence of expected ELB duration available at ¢ + s.

Now, given data available at time ¢, the economic forecast is as follows:
Eq [Yirs) =83 B [Y]) + Coye + (Prsp — S1) B Y3 (D.5)
Hence, using equations (D.3) and (D.5),

Yirs — B [Yirs) = S5 (Biys [Vi] = E¢ [Yi]) + S2 By [€7]
+ <pt+s|t+s - Sf) (Brrs [Yi] = E¢ [Y3]) + (bt+s\t+s - §2> Eirs [€7]
ELB amplification of shocks and revisions to initial conditions
+ <Ot+s|t+s + Py o s B [Yt]) - (ét+s\t + Py i By [Yt]) : (D.6)

-
difference in expected ELB duration
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E Why is the Matching Elasticity so High?

The point estimate for the matching elasticity in the model is around 0.8, considerably higher than the
conventional 0.5 in much of the literature on search and matching models of the labor market. In this
section, we explain the reason for the higher matching elasticity and argue for its plausibility in the specific
context of our model.

The job finding probability is a key part of the model’s micro-foundations, and we discipline the model’s
estimates of this parameter with a tight normal prior centered around 0.75, based on microeconomic data
for the quarterly transition rate from unemployment to employment. Moreover, as the dynamics of
the model are specified at a quarterly frequency, we allow the newly separated to search within the
quarter, because forcing newly separated labor force participants to wait a quarter before searching seems
unrealistic. These two specification choices, along with our estimate of the steady-state unemployment

rate, fix the steady-state separation rate §, via the equation
(1 —u—p+pu)ds = pu (E.1)

For p = 0.75, this equation would imply a separation rate of 0.25 and, for our modal estimate of p = 0.83,
an even higher separation rate of 0.34. For the wide range of plausible values, therefore, the separation
rate is likely to be in the range of 25 percent or so.

With a separation rate in this range, however, the number of searchers Ly — (1 — J5)N;—1 is consid-
erably larger than the conventional L;_; — N;_; typically assumed in the literature — around six times as
large with our modal parameter estimates. Consequently, percent deviations in the number of searchers
relative to steady-state are much smaller than their counterparts in those models where only the previ-
ously unemployed search. To continue to fit variations in the job-finding probability like those implied by

the data, therefore, the model requires a higher weight on searchers in the matching function.
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F Marginal Cost

In this appendix, we derive the analytical expression for the marginal cost. The problem for the interme-

diate goods firm is given by the following:

Wi
Fj = max  p{"y; — —2 zmnje — K (Vje, nje—1) — kjerf + By A1 Fjeqa) (F.1)
kjt,vjt P
s.t.
11—«
Ytj =kj; (At'YtTthnjt)

nj = (1 — ) nji—1 + qvje

1+ 1+
K1 qtUjt I K2 Vjt I
K(Vjt, Mjr—1) = nit o, + (v (F.4)
Je T 14+ (njf.?l) T 4 qhy (n;?l> el
Then, by cost minimization
TCjt = kmivn WitzpNjt + K (’th, njt_l) + kjﬂ"f + E; [At7t+1TCjt+1] (F5)
jtsUjt
s.t.
(1= 8.
,th :th ( S)thl (FG)
qt
1
1 yjt 11—«
. Yit (F.7)
’ (At%T th) (k;lt
N——
Ay
1+¢1 1+4)2
R1 qtVjt I K2 Vjt T
K\Ujt, jt—1) = n. 1+ n.gr F.8
(]t jt ) 1+¢1 <n§;’;1> jt—1 1"‘1/)2 <nj]2r_1> jt—1 ( )

Then, the first-order condition with respect to capital is the following:

K
rf + |:wjtzht + qfvt — Attr1bnt+1 — Arprr (1 — 0s) =0 (F.9)

Rot+1 } a Mgt
t qt+1

1—Oé]€jt

W,

where, as defined before,

¥ ¥
Kot = 9k (vje, nje—1) = r1Agg T e ) + oAy | 2 2
v Ovjy ' Mjt=1 |

V1 1y [ Ut o o vjr \ T
Ay q, — + Ko Ay
1+ Njt—1 1+ \njr1

W, is the marginal cost of recruiting a worker. For each additional worker you hire today, you need

Ok (vje, nji—1)
Rnt = _8— -
Njt—1

to pay the recruiting cost (%) and wages (wjizp:). However, each additional worker you hire today

doesn’t have to be re-hired next period (Ay;yq -2t

qt+1

) and saves you recruiting costs in the next period
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(At t+15nt+1). Then, solving for nj;

1—a rF
Then, replacing in the production function and solving for capital
-«
- 1—« rf
yjt =kji (At - Wt> (F.11)
S 1—a T
=k | A L F.12
Yjt gt ( t o Wt) ( )
11—«
Yjt a W
kit == — F.13
3t Al [1—04 Tf] ( )
Then, replacing in equation (F.10)
11—« Tf Yijt a W, 1o
i = — = — F.14
it a W, A%_O‘ 1—a rf ( )
Yjt a W,
= — F.15
"t Ag_"‘ [l—a ¥ ] ( )
Therefore, the marginal cost (p}*) equals the following:
oTCjy
Py 8y]t ( )
1 [0 Wt e k 1 « Wt 1o
=W —— | —— _— | F.17
b fAl [1—04745} +rtAt1*a 1—ark (F.17)
1 Wlfa(,rk)oc
m t t
= F.18
A [aau - a)““] (1)
1 Wl—a(rk)oc
o] (AL ] (7.19)
(At% th) @ @
= l—o
m_ (%) b (F.20)
T RDEe e (T =y '
where
~ W,
W, =— F.21
L (F.21)
X ~ '%vt ~ /%vt—l—l
Wi =wjizne + — — Vet ir1Rnt+1 — Yele i1 (F.22)
at dt+1

and where % is the marginal labor cost for the firm—the marginal cost of hiring an extra hour of

work.
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