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Abstract Amid total factor productivity (TFP) shocks job-to-job ‡ows amplify the volatility of unemployment, but the aggregate implications of job-to-job ‡ows amid …nancial shocks are less understood. To develop such understanding we model a general equilibrium labor-search framework that incorporates on-the-job (OTJ) search and distinctly accounts for the di¤erential impact of TFP and …nancial shocks. Surprisingly, we …nd that the interaction of OTJ search with …nancial shocks is su¢ ciently di¤erent from its interaction with TFP shocks so that, under standard calibrations, our model generates aggregate dynamics exceedingly in line with the behavior of key U.S. macro data across several decades and in the wake of the Global Financial Crisis (GFC) as well. Importantly, as in the data, the model yields relatively high volatilities of consumption, labor income, and unemployment. As such, our work contributes to resolving two limitations of current general equilibrium labor-search theory: under standard calibrations and amid TFP shocks, only, models without OTJ search generate implausibly low unemployment volatility, while models with OTJ search generate unemployment volatility closer to the data but at the expense of implausibly low consumption and labor-income volatility. JEL Classi…cation: E24, E32, E44 Keywords: Business cycles, …nancial frictions, labor search frictions, on-the-job search.



The opinions expressed in this research are those of the authors and do not necessarily re‡ect the views of the Board of Governors of the Federal Reserve System or of any other person associated with the Federal Reserve System, the International Monetary Fund (IMF) or the countries the IMF represents. Any errors are our own. y Corresponding author. Board of Governors of the Federal Reserve System, 20th St. and Constitution Ave. NW, Washington, D.C. 20551. E-mail: [email protected]. z Department of Economics, Tufts University, Braker Hall, 8 Upper Campus Road, Medford, MA 02155. E-mail: [email protected]. x Institute for Capacity Development, International Monetary Fund, 1919 Pennsylvania Ave NW, Washington, D.C. 20431. Email: [email protected].



1



1



Introduction



The cyclical upgrading of labor— whereby individuals transition from lower-paying jobs to higher-paying jobs— is well documented and studied (among others: McLaughlin and Bils, 2001; Barlevy, 2002; Krause and Lubik, 2006, 2010; Barnichon and Zylberbeg, 2014). Figure 1 highlights for the period 1990:Q1-2015:Q2 some well-known stylized facts of U.S. recessions: increases in the unemployment rate; decreases in output, consumption, investment, labor income, and job-to-job ‡ows— as proxied for by net quit rates (the ratio of total quits, net of ‡ows from employment to out of the labor force, to total employment); and higher credit tightness.1 The extent to which the net quit rate contracted in the wake of the Global Financial Crisis (GFC) relative to other recessions suggests a severe disruption in the ability of employed workers to transition to better paying jobs via on-the-job (OTJ) search. The impact of productivity shocks on the canonical partial-equilibrium labor search model (Pissarides, 2000, Chapter 1), i.e., absent OTJ search, are well known: under standard calibrations, the model falls dramatically short of delivering su¢ cient unemployment volatility to match the data given the extent to which wages are ‡exible under the standard assumption of Nash bargaining (Shimer, 2005, among others). A lesser known fact is that in a general equilibrium version of the canonical model this degree of wage ‡exibility can generate consumption and labor-income volatility that are quite in line with the data. It is also well known that amid total factor productivity (TFP) shocks job-to-job ‡ows are an important channel by which the volatility of unemployment is ampli…ed. For instance, under standard calibrations a general equilibrium version of the canonical model that incorporates on-the-job (OTJ) search induces a substantial amount of endogenous wage rigidity, which translates into considerably higher unemployment volatility than in the absence of OTJ search (see, for instance, Krause and Lubik, 2006, 2010, among others). However, an important though lesser known implication of this wage rigidity is that OTJ search induces implausibly low consumption and labor-income volatility (intuitively, these results stem from the endogenous wage rigidity associated with the presence of OTJ search). 1



Data span in Figure 1 are limited by the availability of data on quits. Fallick and Fleischman (2004) and Nagypál (2008) show that the rate of job-to-job ‡ows is 2 to 3 times higher compared to the rate of transitions from employment to unemployment; our data on net quits are consistent with this fact.
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Figure 1. Top panel: cyclical dynamics of the unemployment rate, net quits DH (constructed using data from Davis and Haltiwanger, 2014, and data from the Current Population Survey), net quits JOLTS (constructed using data from the Bureau of Labor Statistics’ Job Openings and Labor Turnover Survey and the Current Population Survey), and credit tightness. Bottom panel: cyclical dynamics of output, (private) consumption, (private) investment, and labor income (proxied for by the wage bill). Data span: 1990:Q12015:Q2. Recession quarters are marked in gray. All variables are in percent deviations from trend except credit tightness, which is in percentage point deviations from trend.2



While the aggregate implications of OTJ search amid productivity shocks are well understood, the GFC, during which job-to-job ‡ows plummeted while credit tightness skyrocketed begs the question: What are the aggregate implications of OTJ search amid …nancial shocks? 2



We present data only through 2015:Q2, as this is the last time period for which we are able to perform our paper’s main analysis given the availability of data needed to construct TFP and …nancial shocks. All variables except for credit tightness are in natural logs and HP-…ltered with a smoothing parameter equal to 1600. Credit tightness is in levels, HP-…ltered with a smoothing parameter equal to 1600, and given by the net percentage of domestic banks tightening standards for commercial and industrial loans (averaged for small …rms and large and middle-market …rms) from the Federal Reserve’s Senior Loan O¢ cer Survey. Net quits DH are constructed using an expanded measure of quits from Davis and Haltiwanger (2014) that spans 1990:Q2-2013:Q4 and data from the Current Population Survey on employment and ‡ows from employment to out of the labor force. Net quits JOLTS are constructed using quits data from the Bureau of Labor Statistic’s Job Openings and Labor Turnover Survey (available since 2001:Q1), and data from the Current Population Survey on employment and ‡ows from employment to out of the labor force. Investment is the sum of real residential and non-residential investment. Labor income is proxied for by the wage bill, which is given by the total compensation of employees (wages and salaries). Except for net quits DH and net quits JOLTS all series are obtained from the Federal Reserve Bank of St. Louis FRED database. All data are seasonally adjusted.
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This question is particularly important since, as noted in Figure 1, while the GFC ampli…ed the stylized response of key macro aggregates relative to other recessions, contractions in job-to-job ‡ows and increases in credit tightness are a feature of earlier recessions as well. The aim of this paper is to develop a better understanding of how job-to-job ‡ows and …nancial shocks interact. Surprisingly, we …nd that this interaction is su¢ ciently distinct from that of job-to-job ‡ows and TFP shocks such that, jointly accounting for OTJ search, TFP shocks, and …nancial shocks can induce (under standard calibrations) aggregate dynamics exceedingly in line with the behavior of key U.S. macro data across several decades and amid the GFC as well. In particular, accounting jointly for these variables results in high labor income volatility, and therefore high consumption volatility, side by side with high unemployment volatility.3 As such, our results provide a framework in which, under standard calibrations— in particular, with relatively low unemployment bene…ts— and in stark contrast to related literature, high unemployment volatility need not rely on an environment of relatively rigid wages. These results hinge on a main …nding of our paper: accounting for …nancial shocks relaxes endogenous wage rigidities associated with the presence of OTJ search without o¤setting the high volatility of unemployment inherent to the presence of OTJ search. All told, our model and results are an important step forward in resolving important limitations of standard general equilibrium labor-search theory. Nonetheless, our analysis also suggests that in our framework neither …nancial shocks nor TFP shocks are su¢ cient to understand the slow recovery pace in the aftermath of the GFC, and therefore that other forces (likely related to balance-sheet repair and uncertainty, among others, which are outside of our model) are also relevant for shedding additional light on the sluggish recovery. Our modeling framework speci…cally brings together the approaches in Krause and Lubik (2006, 2010) as related to frictional labor markets and OTJ search, therefore allowing for the cyclical upgrading of labor, and Jermann and Quadrini (2012) as related to …nancial shocks and frictions. We quantitatively assess the model’s …t by constructing TFP and …nancial time series following the methodology of Jermann and Quadrini (2012), and feeding the resulting shocks into the model to compare how well our model-generated time series can quantitatively match their empirical U.S. counterparts.4 3



This statement holds in absolute terms, and also when the model is compared to simpler frameworks that abstract from these joint features. 4 Our general focus is on the volatility of the data. Therefore, we abstract from labor force participation
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To better understand our …ndings, …rst consider a negative TFP shock. As noted in Krause and Lubik (2006, 2010), this shock triggers a large contraction in vacancy postings that induces a rise in unemployment and a long-lived contraction in job-to-job ‡ows as the incentives for these transitions are dampened in light of the deterioration in the value of jobs to workers. While all else equal the contraction in vacancies puts downward pressure on the ratio of vacancies to job searchers on which wages are positively related to (this ratio is re‡ective of workers’outside options), the large reduction in the pool of OTJ searchers puts upward pressure on this ratio resulting in relatively rigid wages compared to a framework that abstracts from OTJ search. As such, the surplus from jobs, which is among other things a function of the di¤erence between labor productivity and wages, deteriorates substantially. Ultimately, relatively rigid wages induced by the presence of OTJ search result in a considerable increase in unemployment. However, this relative wage rigidity also results in relatively low wage and labor income volatility and ultimately anemic consumption volatility relative to the data. To …x ideas, consider an adverse …nancial shock as captured by an exogenous contraction in …rms’borrowing capacity. This shock tightens …rms’collateral constraints, which in turn increases their collateral shadow values and adversely a¤ects their incentive to hire workers. As such, …nancial shocks themselves contribute to more volatile recruiting and therefore more volatile outside options for workers compared to an environment without these shocks. The resulting fall in vacancies puts downward pressure on wages as workers’outside options fall, which lowers the value of jobs for workers and therefore of OTJ search as well. However, in stark contrast to a negative TFP shock, while …nancial shocks induce ampli…cation in the volatility of unemployment, this ampli…cation is not accompanied by relatively high wage rigidity. Instead, it is accompanied by a considerable amount of wage ‡exibility due to highly volatile vacancy postings. The intuition behind this result is straightforward: an adverse …nancial shock induces a sharp rise in …rms’ collateral shadow value, which implies that (LFP) because in the United States: 1) at a cyclical frequency the volatility of the LFP rate pales in comparison to that of net quits; 2) furthermore, in levels, since 2000:Q1 the LFP rate has followed a broad decline whose trend appears to have been little a¤ected by economic circumstances (Fujita, 2014, shows that since 2000 between 65 and 80 percent of the trend decline in the U.S. LFP rate owes to greater retirement). We also abstract from changes in the U.S. labor share because, based on data from Karabarbounis and Neiman (2014), which is publicly available, we …nd that: 1) the cyclical behavior of the labor share also pales in comparison to that of net quits; 2) since the GFC the level of the labor share decreased by less than 1 percent following a slowly declining trend pattern that started decades ago and implies a yearly decline of the labor share of roughly 0.2 percent.
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…rms become considerably more constrained in their ability to borrow. As a result, …rms’ stochastic discount factors fall sharply in response to the shock, making …rms skew their focus toward current economic and …nancial conditions, thereby causing vacancies, wages, and labor income to fall considerably. Importantly, OTJ search ampli…es this mechanism without inducing the degree of endogenous wage rigidity present amid TFP shocks. Our quantitative analysis reveals that upon joint negative shocks to TFP and …nancial conditions, which we show occurred not only in the wake of the GFC but also in prior U.S. recessions, the sharp downward pressure on wages induced by negative …nancial shocks countervails the upward pressure coming from developments related to OTJ search. Ultimately, in this scenario unemployment volatility is exacerbated since both the TFP shock and the …nancial shock amplify it, wages contract substantially (in contrast to the case in which the economy is only hit by a negative TFP shock), and this contraction leads to a substantial contraction in labor income and, therefore, consumption as well. Of note, our model not only performs well in accounting for recessionary dynamics of key U.S. aggregate data, but also in accounting for the data’s overall business cycle dynamics. As such, our main contribution to the literature lies in highlighting a simple yet relevant mechanism by which …nancial shocks, OTJ search, and TFP shocks are jointly critical in accounting for the dynamic behavior of fundamental U.S. macroeconomic time series over long time horizons. This contribution is in fact twofold, as it is relevant for the labor search literature in general, and also for the literature on …nancial imperfections. Speci…cally, by focusing on the importance of …nancial disturbances for the U.S. economy— which has already been stressed by Jermann and Quadrini (2012), among others— and OTJ search for unemployment volatility— which has already been stressed by Krause and Lubik (2006, 2010), among others— we reconcile two quantitative limitations of current general equilibrium theories of the labor market that emerge under standard calibrations. First, the canonical search model’s inability to generate su¢ ciently high unemployment volatility (while indeed generating plausibly high labor income and consumption volatility). And second, the OTJsearch extended model’s inability to generate su¢ ciently high labor income and consumption volatility (while nonetheless generating high unemployment volatility). Importantly, our results on the unemployment volatility side do not hinge on exogenously- or endogenouslydetermined wage rigidity nor on assuming non-standard model parameterizations. The remainder of this paper is structured as follows. Section 2 discusses related literature 6



and highlights in additional detail our contributions. Section 3 describes the model. Section 4 presents our methodology for generating empirically-based TFP and …nancial stochastic processes, our choice of functional forms, and our calibration strategy. Section 5 presents results. Section 6 presents and in-depth analysis of the driving forces underlying our results. Section 7 concludes.
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Related Literature



The importance of job-to-job transitions for the labor market has been widely studied (Pissarides, 1994; Krause and Lubik 2006, 2010; Nagypál, 2005, 2007, 2008; Shimer, 2006; Tasci, 2007; Menzio and Shi, 2010, 2011; Epstein, 2012; Arseneau and Epstein, 2014; Gertler, Huckfeldt, and Trigari, 2014; among others). A strand of the literature has focused on the relevance of underemployment— which can be a consequence of insu¢ cient job-to-job ‡ows— for labor market outcomes and cyclical labor market dynamics (Albrecht and Vroman, 2002; Gautier, 2002; Dolado, Jansen, and Jimeno, 2009; Chassamboulli, 2011, 2013; Ravenna and Walsh, 2012, 2014; Moscarini and Postel-Vinay, 2016; among others). In turn, the recent global …nancial crisis has also led to a surge in work on the consequences of imperfections in …nancial markets for business cycles (Jermann and Quadrini, 2012; Iacoviello, 2015; among others). This literature has expanded to analyze the implications of …nancial frictions for labor markets (Mehrotra and Sergeyev, 2012, 2015; Chugh, 2013; Gu, 2014; Petrosky-Nadeau, 2014; Boeri, Garibaldi, and Moen, 2015; Buera, Fattal Jaef, and Shin, 2015; and Zanetti, 2015).5 For example, Chugh (2013) focuses on the countercyclicality of the external …nance premium in a context with TFP shocks and argues that, by producing endogenously rigid wages, the external …nance premium helps to generate high labor market volatility. Also, Petrosky-Nadeau (2014) centers on changes in the cost of borrowing (as opposed to the ability to borrow) amid TFP shocks. Our paper is most closely tied to Krause and Lubik (2006, 2010), Chugh (2013), and Petrosky-Nadeau (2014). Relative to these papers: (1) our focus is on …nancial frictions and shocks in a context with OTJ search and not restricted to TFP shocks alone; (2) our approach 5



For empirical evidence on …nancing constraints and unemployment during the crisis in the United States; see, for instance, Duygan-Bump, Levkov, and Montoriol-Garriga (2014). Related work also includes Schaal (2015), who focuses on uncertainty and unemployment rather than …nancial frictions, and Eckstein, Setty, and Weiss (2015).
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follows related literature on …nancial shocks and centers more on changes in …rms’ability to borrow as opposed to the cost of borrowing; (3) we depart from (exogenous or endogenous) wage rigidities as the sole mechanism generating high labor market volatility; and (4) our quantitative exercise evaluates our model’s ability to match key empirical data on a very broad set of macro time series using model-based constructed measures of …nancial shocks. Importantly, our work highlights the role of …nancial shocks in o¤setting the endogenous wage rigidity inherent to models with OTJ search or countercyclical external …nance premia in existing studies, where the latter naturally dampen the variability of wages and consumption. These shocks not only generate higher labor market volatility that is closer to the data, but also improve the ability to replicate the behavior of labor income and consumption in the data, which models with wage rigidities have di¢ culty capturing. More broadly, relative to existing studies, our model shows that the high volatility of labor income in the data (partly a re‡ection of the volatility of wages) and the high volatility of unemployment can coexist. Closest to our focus on …nancial shocks and employment are Monacelli, Quadrini, and Trigari (2012), Lopez and Olivella (2014), and Garín (2015), who focus on the importance of …nancial imperfections, their associated disturbances, and the labor market in a general equilibrium environment. Monacelli, Quadrini, and Trigari (2012) and Garín (2015) use variants of a one-sector, one-employment-type search model and show that …nancial shocks contribute to larger employment ‡uctuations relative to models without such shocks. However, one-sector models still face limitations in generating the high degree of volatility in unemployment and aggregate market tightness (i.e., the ratio of aggregate vacancies to aggregate unemployment) in the data. Moreover, Monacelli, Quadrini, and Trigari’s (2012) approach is rooted in a structural estimation of their model, which stands in contrast with the methodology we use to analyze the quantitative signi…cance of …nancial shocks, where we take constructed measures of TFP and …nancial shocks from the data and evaluate their role in explaining actual U.S. time series. Finally, Lopez and Olivella (2014) use a model with skilled and unskilled employment and, following Jermann and Quadrini (2012), construct time series for TFP and …nancial conditions to assess these shocks’role in matching the dynamics of U.S. skilled-vs.-unskilled employment. They show that a model with employment heterogeneity and …nancial shocks can reproduce a signi…cant portion of unemployment ‡uctuations in the data. Importantly, their results hinge critically on endogenous wage rigidities at the onset of downturns. As a 8



result, unemployment volatility increases considerably. Our general approach to analyzing …nancial shocks, which also applies Jermann and Quadrini’s (2012) methodology to construct TFP and …nancial shocks, is in line with Lopez and Olivella (2014).



However, there are three main di¤erences relative to their work.



First, our focus is on a particular component of employment dynamics— mainly job-to-job transitions— and how changes in job-to-job transitions interact with …nancial shocks in ways that quantitatively reconcile the joint dynamics of unemployment and macroeconomic aggregates, including consumption, amid the GFC. This di¤ers fundamentally from analyzing skilled versus unskilled employment, where employment heterogeneity is a feature of the production technology. Second, in contrast to Lopez and Olivella (2014), our model’s ability to generate sharp unemployment ‡uctuations consistent with the data takes place in an environment where wages and labor income are highly volatile and contract sharply in response to adverse …nancial shocks. In other words, the mechanism via which our model successfully generates high unemployment volatility, among other things, is fundamentally di¤erent since it does not depend on wages being partially (endogenously) rigid at the onset of downturns, and as such is more aligned with the dynamics of labor income and consumption in the data. Third, as we explain below, we apply a re…nement of the methodology to extract the exogenous shocks by purging TFP shocks and …nancial shocks from interaction e¤ects. This re…nement contributes to a better overall …t of the model-based macro time series with the data-based macro time series, as well as a clearer characterization of the contribution of each shock to matching the data. In sum, our work lies at the intersection of the literature on job-to-job ‡ows and …nancial frictions and labor markets. While our focus on job-to-job transitions amid the GFC is similar to Moscarini and Postel-Vinay (2016), we expand the study of job-to-job ‡ows to a business cycle environment where …rms face both …nancial frictions and …nancial shocks, which are absent in Moscarini and Postel-Vinay (2016). While the fact that the inclusion of job-to-job transitions can play a powerful ampli…cation role in the labor market is well known (Krause and Lubik, 2006, 2010), our …ndings suggest that OTJ search also ampli…es the adverse e¤ects of …nancial imperfections and the deterioration of …nancial conditions during the GFC, with particularly detrimental consequences for unemployment, labor income, consumption, and investment.
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The Model



We extend the well-known Krause and Lubik (2006, 2010) OTJ search framework by incorporating sectoral investment, collateral constraints, and aggregate …nancial shocks. Production involves three …rms: high- (H) and low-wage (L) intermediate producers and a …nal goods …rm that aggregates output from these …rms. All product markets are perfectly competitive. Intermediate output …rms use labor (the hiring of which involves frictions) and internally-accumulated capital to produce; these …rms also borrow funds for production. Firms’ borrowing is constrained by the value of their capital stock (Kiyotaki and Moore, 1997; Carlstrom and Fuerst, 1997; Liu, Wang, and Zha, 2013; Iacoviello, 2015). There are three agents: high-wage intermediate-goods entrepreneurs (who own H …rms); low-wage intermediate-goods entrepreneurs (who own L …rms); and a representative household (that owns the …nal goods aggregator). Each agent has a unit mass, and in line with related literature there is no labor force participation margin. The household receives income from employment in intermediate goods production and pro…ts from the …nal goods aggregator, and the incentive for OTJ search (which is subject to resource costs) stems from one intermediate output …rm paying a higher wage than the other.6 Firms’ labor-hiring decisions are, among other things, an increasing function of labor productivity that, all else equal, is intuitively higher the greater the amount of capital a …rm has. In turn, higher labor productivity is associated with a greater opportunity cost of having a vacant position (Pissarides, 2000, Chapter 1). We capture this intuitive context in a reduced form way by assuming that higher-paying …rms have higher vacancy-posting costs than lower-paying …rms, which is su¢ cient to deliver wage and capital usage di¤erentials between intermediate …rms, such that higher-paying …rms also engage in higher capital usage (Krause and Lubik, 2006, 2010; this framework is also broadly in line with Acemoglu, 2001). Coupled with the fact that intermediate inputs are imperfectly substitutable in …nal goods production but workers are homogeneous, this framework is best understood as one in which intermediate producers belong to a quasi-vertical representative production process in which workers can move up the wage ladder via OTJ search. Employment matches in the intermediate goods sector are formed via sector-speci…c 6



As long as the surplus from each type of job is positive (which it is, given imperfect substitutability of inputs in …nal production), the household has an incentive to allocate unemployed search activity to both types of jobs as it quickens average transitions from unemployment to employment.
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constant-returns-to-scale matching functions that take as inputs sector-speci…c vacancies and searchers. H-sector matches are given by mH;t = m(vH;t ; uH;t + st nL;t ), where: vH is sector-H vacancies; uH;t is the measure of unemployed searching for H-…rm employment; s is endogenous OTJ search intensity (relative to unemployed search intensity, which is normalized to 1); and nL is the mass of individuals employed by …rm L. L-sector matches are given by mL;t = m(vL;t ; uL;t ) where: vL is sector-L vacancies and uL;t is the measure of unemployed searching for L-…rm employment. De…ne market tightness in sector H and L, respectively, as



vH;t =(uH;t +st nL;t ) and



H;t



L;t



vL;t =uL;t . (Aggregate market tightness is



de…ned as the ratio of aggregate vacancies to aggregate unemployment, which is empirically observable and we denote by vt =ut .) Then: the probability that unemployed individuals …nd a job in sector j 2 fH; Lg is fj;t = f ( j …lls a job is q (



j;t ),



j;t ),



where f 0 > 0; the probability that a …rm-type



where q 0 < 0; and the probability of a successful job-to-job transition



is st fH;t (individuals currently employed in …rm L have no incentive to search for type-L jobs, so they do not appear as an input in the L-…rm matching function; we elaborate on the household’s decision to allocate unemployed individuals to search for high- and low-wage jobs below). All told, the evolution of employment in sectors H and L satisfy, respectively, nH;t+1 = (1



(1)



) (nH;t + mH;t ) ;



and nL;t+1 = (1



) nL;t + mL;t



st nL;t mH;t , uH;t + st nL;t



where: nH is the mass of individuals employed in H …rms; and



(2)



is the common sectoral



job destruction probability (Krause and Lubik, 2006, 2010). Total unemployment satis…es ut



uL;t + uH;t = 1



nH;t



nL;t : Since the household consists of a unit mass, then u is also



the aggregate unemployment rate.
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3.1



Households



The household chooses consumption ch;t ; assets at , the mass of individuals searching for highP t or low-wage jobs, and search intensity for workers in …rm L to maximize E0 1 u(ch;t ), t=0 where u0 > 0, u00 < 0, and



2 (0; 1), subject to its perceived laws of motion for employment



in each sector and the constraint ch;t + (st ) nL;t + at = Rt 1 at



1



+ wH;t nH;t + wL;t nL;t + (uH;t + uL;t ) +



where: (s) is the resource cost of on-the-job search (



0



> 0 and



interest rate; wH (wL ) is the real wage in …rm H (L);



0



y;t



+ Tt ;



0); R is the gross real



is the ‡ow value of unemployment;



are pro…ts from the …nal goods …rm; and T are lump-sum taxes.7 Let Wj;t be the



y



household’s value of employment in …rm-type j 2 fH; Lg. The …rst-order conditions yield a standard consumption-savings Euler equation u0 (ch;t ) = Rt Et u0 (ch;t+1 ) and an optimal search intensity condition 0



where:



t+1jt



(st ) = (1



)fH;t Et



t+1jt



WL;t+1 ] ,



[WH;t+1



u0 (ch;t+1 )=u0 (ch;t ). This last condition equates the marginal cost of a worker



in …rm L searching for a job in …rm H, which is given by



0



(st ), to the expected net marginal



bene…t of a job-to-job transition, which is given by the net capital gain between the two types of jobs. The household allocates unemployed search activity across sectors until the value of such activity is equalized (Krause and Lubik, 2006, 2010; this result is akin to a no arbitrage condition holding as far as search activity goes).8 7



Per the earlier development and equations (1) and (2) the household’s perceived laws of motion for employment are nH;t+1 = (1 ) [nH;t + fH;t (uH;t + st nL;t )] ; and nL;t+1 = (1



) [nL;t + fL;t uL;t



8



fH;t st nL;t ] .



Optimal search activity implies that UL;t = UH;t = Ut . See the Appendix for detailed derivations and technical statements of employment and unemployment values.
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3.2



Production



The …nal goods …rm purchases output from …rms H and L to produce …nal output via the constant-returns-to-scale function yt = zt y (yH;t ; yL;t ), where: z is total factor productivity (TFP); and yj is intermediate output produced by type j 2 fH; Lg …rms. The …nal goods …rm chooses inputs to maximize



y;t



= [zt y (yH;t ; yL;t )



pL;t yL;t ], where pj are



pH;t yH;t



prices relative to the price of …nal output (which is normalized to 1).9 Intermediate …rm j 2 fH; Lg is owned by entrepreneur j, who chooses consumption cj;t , vacancies vj;t , desired employment nj;t+1 , next period’s capital stock kj;t+1 ; and borrowed P t 0 00 . This funds lj;t ; to maximize E0 1 j < t=0 j u(cj;t ), where u > 0, u < 0; and 0 



di¤erence in subjective discount factors between entrepreneurs and the household is standard in the literature on …nancial frictions and guarantees that the …rm’s collateral constraint is binding in the neighborhood of the steady state— see, for example, Iacoviello (2015). Importantly, per related literature (Jermann and Quadrini, 2012), the presence of binding constraints is what allows usage of the collateral constraints implied by the model to construct time series for …nancial shocks using data on …rms’liabilities, capital stock, and wage bill (see the Appendix for further details). This problem is subject to cj;t = pj;t yj;t



wj;t nj;t



j vj;t



ij;t + lj;t



Rt 1 lj;t 1 ,



)kj;t + ij;t ,



kj;t+1 = (1



which is a standard equation of motion for capital with



denoting the depreciation rate and



ij investment, and10 Rt lj;t +



w wj;t nj;t



t kj;t+1 :



In the …rst constraint: yj is equal to the constant returns to scale production function F (nj ; kj ); wj nj is the wage bill; and



j vj ;



is the vacancy bill, where



‡ow cost; in addition, …rm j borrows lj;t and must repay Rt 1 lj;t 9



j 1



is a standard exogenous



for the previous period’s



The …rst-order conditions associated with this problem implicitly de…ne pH;t and pL;t such that: pH;t = zt yyH (yH;t ; yL;t ) and pL;t = zt yyL (yH;t ; yL;t ) :



10



We introduce standard convex capital adjustment costs for both …rms when we take the model to the data. For expositional simplicity, we abstract from these costs when presenting the model.
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borrowed funds, where Rt



1



is the gross real interest rate on these funds.11 Finally, the



collateral constraint shows that the value of …rm j’s liabilities, the total cost of borrowed funds Rlj and a fraction



w



of …rm j’s capital, where mean



of the wage bill



w wj;t nj;t ,



cannot exceed a fraction



of the value



denotes the …rm’s time-varying borrowing capacity, which has



and is subject to exogenous ‡uctuations that we interpret as …nancial shocks; the



borrowing capacity parameter is common to both …rms. For simplicity, we initially assume that …rms need to …nance the whole wage bill with borrowed funds, which is a standard assumption in related literature (we explore the relevance of this assumption as part of our robustness checks). Thus,



w



= 1. In addition, the …rm’s maximization problem is subject



to each …rm’s sector-speci…c perceived law of motion for employment.12 The timing of decisions is as follows. At the beginning of period t, TFP and …nancial shocks materialize and then entrepreneur j 2 fH; Lg makes decisions over choice variables. Per the collateral constraint that …rms face, entrepreneurs can partially o¤set an exogenous deterioration in borrowing capacity



by increasing kj;t+1 or reducing lj;t , or both (concavity



of the production function implies that in fact entrepreneurs will change both). The fact that entrepreneurs can optimally change their assets and liabilities in response to …nancial shocks is consistent with standard models of …nancial frictions (Jermann and Quadrini, 2012; Iacoviello, 2015). In turn, for a given gross real interest rate, entrepreneurs’optimal choice over assets and liabilities, coupled with the change in borrowing capacity, determines equilibrium …nancial conditions. The …rst-order conditions yield a capital Euler equation that takes into account the value of capital as collateral. For j 2 fH; Lg ; 1



j;t t



= Et



j t+1jt



pj;t+1 Fkj (nj;t+1 ; kj;t+1 ) + (1



11



) ,



Gilchrist and Zakrajšek (2012) document the link between business cycle ‡uctuations and credit spreads in the U.S., showing that the latter increased dramatically during the GFC. We abstract from introducing explicit lending-deposit spreads in our benchmark speci…cation for expositional purposes, so that the real interest rate on borrowed funds is the same as the real interest rate on assets owned by the household. 12 Per the earlier development and equations (1) and (2) the …rms’s sector-speci…c perceived laws of motion for employment are nH;t+1 = (1 ) (nH;t + vH;t qH;t ) , and nL;t+1 = (1



) (nL;t + vL;t qL;t
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fH;t st nL;t ) .



j t+1jt



where



u0 (cj;t+1 )=u0 (cj;t ), and an optimal choice over borrowed funds 1



where



j



Rt



j;t



= Et



j t+1jt Rt ,



is …rm j’s multiplier on its collateral constraint (normalized by the marginal utility



of consumption). In addition, …rm H has the following job creation condition: H



qH;t



= (1



)Et



H t+1jt



pH;t+1 FnH (nH;t+1 ; kH;t+1 )



wH;t+1 [1 +



w H;t+1 ]



+



H



qH;t+1



,



which incorporates the presence of the wage bill in …rms’collateral constraints, while …rm L has the job creation condition



L



qL;t



= (1



8 < p L;t+1 FnL (nL;t+1 ; kL;t+1 ) L )Et t+1jt : + (1 s f



wL;t+1 [1 +



t+1 H;t+1 ) qL;t+1 L



w



9 = L;t+1 ] , ;



which includes the e¤ective probability that workers in …rm L transition to employment in …rm H in the future, st+1 fH;t+1 . The capital Euler equation is standard, except for the presence of the collateral constraint multiplier. All else equal, a tighter collateral constraint (re‡ected in a higher



j)



reduces



the marginal cost of accumulating capital. The demand for external borrowing equates the marginal bene…t from borrowed funds to the expected marginal cost. All else equal, a tighter constraint (re‡ected in a higher



j)



reduces the marginal bene…t of borrowing funds



(the left-hand-side of the Euler equation). Of note, to the extent that adverse …nancial shocks induce a rise in



j,



this will reduce …rms’discounting of the future value of capital



and employment relationships, causing both future investment and hiring to contract in the aftermath of such shock. This is a key channel through which …nancial shocks a¤ect future input decisions. In fact, a second channel works through the impact of movements in …rms’credit tightness on …rms’e¤ective bargaining power over wage negotiations, which we describe below. (Quantitatively, this second channel is second order relative to the …rst channel.) Finally, the job creation condition for each …rm equates the expected marginal cost of posting a vacancy to the expected marginal bene…t of a vacancy, where the marginal bene…t is a¤ected by the need to borrow funds to …nance the wage bill. In particular, a tightening of the collateral constraint (re‡ected in a higher 15



j ),



all else equal, reduces …rms’



expected marginal bene…t from posting a vacancy.13



3.3



Wage Determination



Wages are determined via Nash bargaining with no commitment to the future path of wages, and we assume that once an on-the-job searcher accepts a type H job s/he cannot go back to the type L job. In particular, denoting by



the bargaining power of workers, the implicit



Nash wage equations that determine the wage wj;t for j 2 fH; Lg is Wj;t



Uj;t =



(1



) [1 +



j;t ]



Jj;t ,



where Jj;t is the value to a …rm of having an additional worker. Speci…cally,



JH;t = pH;t zt FnH (nH;t ; k H;t )



wH;t 1 +



w H;t



+ Et



+ Et



L t+1jt (1



H t+1jt (1



)JH;t+1 ;



and JL;t = pL;t zt FnL (nL;t ; k L;t )



wL;t 1 +



w L;t



)(1



st fH;t )JL;t+1 :



This value is a¤ected by the collateral constraint since …rms need to …nance their wage bill using borrowed funds, implying that the e¤ective wage costs for each …rm are a¤ected by …nancial conditions (embodied partly in the collateral multiplier). Following related literature, there is free entry into vacancy posting so that the value of a vacancy is zero. Given the presence of di¤erent discount factors between …rms and the household as well as the timing convention for the evolution of employment we cannot obtain a closed-form solution for wages.14 However, per standard properties of …rms’value functions, Jj;t implicitly embodies labor market tightness in sector j, which means that wages will be a¤ected 13



A note regarding the collateral constraint speci…cation we adopt in the model: an alternative way to write the constraint would be to include the price of capital such that …rms’ability to borrow depends on the market value of capital. We abstract from including the price of capital in t kj;t+1 since the construction of …nancial shocks, which follows closely the methodology outlined by Jermann and Quadrini (2012) and is described in more detail in the Appendix, requires that all the elements in the constraint be observable in the data. While we can easily …nd empirical counterparts for …rms’liabilities, capital stock, and wage bills, we do not have aggregate data on the price of …rms’ capital. Given that our main experiment consists of using the shocks constructed using real time series, our speci…cation follows Jermann and Quadrini (2012) and abstracts from incorporating the price of capital in the …rms’collateral constraint. 14 In the absence of collateral constraints and with all subjective discount factors being equal to each other, the wage equations would be identical to those in Krause and Lubik (2006, 2010).
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by …nancial conditions through two channels, as alluded to above. First, movements in the collateral multiplier as a result of …nancial distress will directly in‡uence wage ‡uctuations when …rms must use borrowed funds to cover their wage bill via changes in workers’e¤ective bargaining power. Second and more importantly, changes in …nancial conditions a¤ect …rms’ discounting of the future value of capital and employment relationships, with higher …nancial distress causing the future value of employment to contract sharply as …rms put more weight, in relative terms, on present (as opposed to future) economic and …nancial conditions (we discuss this more formally below). Firms’recruiting decisions shape movements in market tightness (via changes in vacancies) and ultimately determine the extent of ‡uctuations in wages and employment. As such, …nancial shocks play a key role in amplifying changes in vacancy postings and, by extension, wages and therefore labor income as well. 3.3.1



Wage Dynamics Amid TFP and Financial Shocks



To understand the di¤erential response of wages under TFP and …nancial shocks more clearly, without loss of generality, consider …rm H’s decision over borrowed funds, which can be rewritten as Rt



1



H;t



= Et



H t+1jt :



To …x ideas, …rst assume that R is constant. Then, an



increase in …rm H’s collateral multiplier In particular, a very sharp rise in sharp declines in



H 15 t+1jt .



H



H



reduces …rm H’s stochastic discount factor



H t+1jt .



such as those generated by our …nancial shocks leads to



In turn, the latter directly a¤ects H …rms’future incentives to post



vacancies and to invest by lowering the value of future capital and employment relationships via a sharply lower stochastic discount factor. How do changes in



H



feed into wage dynamics? For expositional simplicity, assume that



the wage bill is not part of the …rm’s collateral constraint.16 Then, …rm H’s wage can be written as: wH;t = (1



)



(1 +



)Et



t+1jt



[(1



pH;t zt FnH;t + (1



15



)(1 )Et



fH;t )(WH;t+1



H t+1jt JH;t+1



UH;t+1 )]



:



This would still be the case even when R ‡uctuates since the cyclical movements in the collateral multiplier tend to be quantitatively much larger than the movements in R. 16 Having the wage bill in the collateral constraint would introduce an additional channel through which changes in the collateral multiplier a¤ects wages, mainly by changing the e¤ective bargaining power of workers coming from changes in H . As shown in the Appendix, where we shut down the wage bill in the collateral constraint (that is, when w = 0), this additional channel is only second order to the one just discussed.



17



First, note that all else equal a lower job-…nding probability fH puts downward pressure on wages. Financial frictions a¤ect wages via …rms’collateral multipliers, and therefore via H t+1jt :



Then, an adverse …nancial shock increases the …rm’s collateral multiplier and induces



a sharp contraction in



H t+1jt ;



thereby exerting substantial downward pressure on wages by



reducing the value of future employment relationships, Et



H t+1jt JH;t+1 .



Conversely, a negative



TFP shock relaxes …rms’collateral constraints by reducing …rms’demand for borrowed funds for production, reduces the …rm’s collateral multiplier, thereby exerting upward pressure on wages via an increase in



H t+1jt .



As such, even if both shocks generate sharp contractions



in vacancies as a result of the OTJ search mechanism, the contrasting behavior of …rms’ collateral multiplier between shocks generates sharp wage dynamics in the case of …nancial shocks, but mild movements in wages in the case of TFP shocks. In turn, this leads to larger ‡uctuations in labor income and ultimately consumption amid …nancial shocks, but to small movements in these variables under TFP shocks in the presence of OTJ search. All told, …nancial shocks play a key role in generating larger wage movements, which ultimately feed into labor income and consumption dynamics by a¤ecting …rms’valuation of the future and therefore their incentives to hire and invest. We discuss the quantitative implications of this mechanism, and their interaction with OTJ search, further below. The mechanism above is broadly similar to the one highlighted in Kehoe, Midrigan and Pastorino (2016).17 In their model, households face …nancial constraints and all agents discount the future using the same stochastic discount factor. Furthermore, individuals’human capital evolves over time. An adverse credit shock in their model pushes households to consume less, thereby lowering …rms’stochastic discount factor and producing a sharp reduction in vacancy creation. In their case, consumer …nancial constraints are critical for generating sharp employment movements. The mechanism in our model is similar insofar as credit shocks a¤ect …rms’discounting of the future and therefore vacancy posting decisions. However, in our model, …rm …nancial constraints do in fact matter for generating sharp contractions in employment due to the interaction between OTJ search (which causes sharp movements in vacancy creation and employment) and …nancial shocks (which generate sharper wage dynamics), both of which are needed to jointly match the dynamics of consumption and unemployment. Absent OTJ search, adverse …nancial shocks would cause sharp reductions in wages and partially o¤set the tightening in credit conditions. The relevance 17



We thank an anonymous referee for pointing this out.
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of …rm …nancial constraints (as opposed to household …nancial constraints) for employment dynamics is the key di¤erence relative to Kehoe, Midrigan and Pastorino’s (2016) results.



3.4



Closing the Model and Competitive Equilibrium



Unemployment bene…ts are …nanced solely via lump-sum taxation such that the government’s budget constraint is: Tt = (uH;t + uL;t ). In turn, the economy’s resource constraint is given by yt = ct + iH;t + iL;t + (st )nL;t + where: ct



H vH;t



+



L vL;t ;



ch;t + cH;t + cL;t denotes total private consumption; and the costs of posting



vacancies and searching for employment are resource costs. In a competitive equilibrium, taking the stochastic processes fzt ; t g as given, the state-contingent allocations and prices fnH;t , nL;t , Rt , st , cH;t , iH;t , lH;t ,



H;t ,



kH;t ,



H;t , cL;t , iL;t , lL;t ,



L;t ,



kL;t ,



L;t ,



wH;t , wL;t , uL;t g1 t=0



and fpH;t , pL;t , yt , uH;t , ch;t g1 t=0 satisfy: the laws of motion for employment in L and H …rms; the household’s consumption-savings Euler equation; the optimal level of OTJ search intensity; the H …rm’s consumption, law of motion for capital, (binding) collateral constraint, job creation condition, capital Euler equation, and optimal demand for borrowed funds; the L …rm’s consumption, law of motion for capital, (binding) collateral constraint, job creation condition, capital Euler equation, and optimal demand for borrowers funds; the implicit Nash wage equations for H and L employment; the arbitrage condition for individuals searching for employment in the two …rm categories; the relative prices of intermediate …rm output; the de…nition of total output; the de…nition of total unemployment; and the economy-wide resource constraint. A list of the model’s equilibrium conditions is presented in the Appendix.



4



Background for Simulation Analysis



A period in the model is a quarter. The model’s stochastic processes and calibration stem from focusing on data spanning 1956:Q1 through 2015:Q2. However, following Jermann and Quadrini (2012), the results we present focus on the period starting in 1985:Q1 to avoid contamination by non-modeled structural changes that took place in the early 1980s.18 Our 18



We discuss results spanning 1956:Q1 through 2015:Q2 in the Appendix. (The benchmark model performs quite well in capturing U.S. macro time series prior to 1985 as well.)
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analysis goes through 2015:Q2, only, as this is the last time period for which we are able to perform our paper’s main analysis given limitations on the availability of data needed to construct TFP and …nancial shocks.



4.1



Stochastic Processes



Following Jermann and Quadrini (2012), we construct the TFP series using data on total non-farm employment from the BLS, a constructed series for the capital stock using National Income and Product Accounts (NIPA) and Flow of Funds data, and a standard Cobb-Douglas production function with labor share equal to 0.66.19 The construction of the series for



t



is less straightforward compared to Jermann and Quadrini (2012) as our model features two …rms. To facilitate the construction of the series for …nancial conditions, we assume that t



does not di¤er across …rms (implying that both …rms face the same aggregate …nancial



process and the same level of …nancial conditions).20 We …rst combine the …rms’collateral constraints to obtain an aggregate collateral constraint that we can take to the data: (Rt lL;t + Rt lH;t ) + De…ning l



lH + lL ; k



w



(wL;t nL;t



kH + kL , and wn



wH;t nH;t )



t (kL;t+1



+ kH;t+1 ):



wH nH + wL nL as, respectively, total borrowed



funds, the total capital stock, and the total wage bill, assuming that the constraint binds, and



w



= 1, we can write the condition above more compactly as Rt lt + wt nt =



Then, we have



t



t kt+1 :



= (Rt lt + wt nt )=kt+1 . Each of the elements on the right-hand-side in this



last expression can be directly measured in the data. Speci…cally, we use real liabilities of non…nancial corporate and noncorporate businesses for Rl, the total capital stock for k, and real total compensation of employees (i.e., the total wage bill and also our proxy for total labor income) for wn. (A more detailed description of the construction of these series is presented in the Appendix.) Jermann and Quadrini (2012) use a vector autoregression (VAR) speci…cation to pin down 19 In particular, we use the following series: capital expenditures (FA145050005.Q), consumption of capital by corporate businesses (FA106300053.Q), and consumption of capital by non-corporate businesses (FA116300081.Q) to construct the capital stock series. For output, we use real GDP from NIPA (Table 1.1.6). We use the Business Price Index to de‡ate all nominal variables. All relevant details are in the Appendix. 20 Assuming asymmetries in the level of across …rm categories does not change our main conclusions since ultimately what matters is the magnitude of a shock (in spite of di¤erences in steady-state borrowing capacity), and this magnitude does not change with asymmetries in borrowing capacity across …rms.
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the lag processes and disturbances associated with z and



and …nd that there are spillover



e¤ects between TFP and …nancial conditions (i.e., in this context the null hypothesis that one series does not Granger cause the other cannot be rejected). One objective of our analysis is to determine to what extent …nancial shocks on their own contribute to better matching key macro time series amid job-to-job ‡ows and independent TFP shocks. As such, abstracting from spillover e¤ects between shocks provides a more transparent notion of the two structural shocks that may drive business cycles in our model and in the data. In order to abstract from spillover e¤ects between shocks, we purge TFP and …nancial shocks from their interaction e¤ects by following the methodology in Fujita and Ramey (2007). We refer to this purging procedure as FR shock purging. As shown in the Appendix, our procedure implies a substantially better …t of the benchmark model compared to a model where we do not remove spillover e¤ects between shocks. Speci…cally, the FR shock purging methodology is as follows. Let at 6= bt and at ; bt 2 fln zt ; ln t g, where ln zt and ln



t



are the cyclical components of the log of zt and



t



obtained



using an HP …lter with smoothing parameter equal to 1600. To characterize the dynamic h i0 relationship between these variables, we run the following recursive VAR: X (L) at bt = i0 h b a , where X (L) is a lag polynomial, and at and bt are the reduced-form residuals t t



of the two equations (a host of information criteria tests suggest an optimal lag order of 2,



which we use; other lag speci…cations yield nearly identical results). Granger causality tests fail to reject the null that each variable in the system does not Granger cause the other and do not suggest a clear-cut ordering for the recursive VAR since failure to accept the null occurs at the 1 percent level for each variable. Given the lack of information on a clear-cut recursive ordering and no convincing economic argument for TFP shocks being more exogenous relative to …nancial shocks (and vice versa), we run the recursive VAR twice by …rst letting at = ln zt and then letting at = ln t . In other words, we …rst assume that ln zt is the most exogenous variable, and we then assume that ln



t



is the most exogenous variable. In each case, a is purged of feedback e¤ects and



its exogenous component, denoted by a ^; can be determined from the structural shocks by ^ 11 (L) a ^ 11 (L) is the estimated value of the operationalizing the process X ^t = ^at , where: X lag polynomial in the …rst row and …rst column of X (L); and ^at is the structural shock that is estimated. Note that the feedback e¤ects are removed by setting the lag polynomial
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^ 12 (L), which is associated with the variable b, equal to zero (an alternative approach would X be to commit to an ordering and then obtain exogenous components of a and b by opera^ 22 (L) ^bt = ^bt ; regardless of the ordering, this ^ 11 (L) a tionalizing the processes X ^t = ^at and X alternative speci…cation yields very similar results to those attained by by the methodology we implement). With the exogenous components ln z^t and ln ^t in hand, we can estimate two independent shocks in the model. To do so, we model each series as an autoregressive (AR) process for which information criteria suggest an optimal lag order of 1. As such, the estimated independent shocks in the model for TFP and



are obtained using the following two speci…cations,



respectively: ln z^t =



z



ln z^t



1



+ "zt ,



(3)



ln ^t



1



+ "t .



(4)



and ln ^t =



This approach delivers the estimates ^z = 0:717 and ^ = 0:720, both of which are signi…cant at the 1 percent level, and the standard deviation estimates for the residuals "z and " are given, respectively, by ^ z = 0:004 and ^ = 0:010: Figure 2 shows the resulting original (unpurged) time series ln zt and ln



t



(top panel)



and the shocks "zt and "t associated with the above-noted AR(1) processes associated with the purged time series (bottom panel). As the bottom panel of this …gure suggests, the series for "zt and "t are fairly positively correlated (the contemporaneous cyclical correlation is 0.313).
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Figure 2. Top panel: cyclical dynamics of TFP (z) and …nancial conditions ( ). Bottom panel: TFP shocks ("z ) and …nancial shocks (" ). Data span: 1985:Q1-2015:Q2. Recession quarters are marked in gray. The cyclical components of the data are based o¤ the log deviations of the data from trend using an HP …lter with smoothing parameter equal to 1600.



4.2



Functional Forms and Parameter Selection



All utility functions are CRRA: u(cj ) = c1j



=(1



) for j 2 fh; H; Lg where



is the



CRRA parameter. The production functions of …rms H and L are Cobb-Douglas: yj;t = (nj;t )1



j



(kj;t )



j



where 0 



j



< 1 for j 2 fH; Lg : The …nal goods production function is



also Cobb-Douglas such that yt = zt (nH;t )1 H (kH;t ) {z | =yH;t



where:



1



H



}



|



(nL;t )1



L



{z



(kL;t )



=yL;t



L



}



,



2 (0; 1). We introduce capital adjustment costs using the function



('k =2) (kj;t+1 =kj;t



(kj;t+1 =kj;t ) =



)2 kj;t for j 2 fH; Lg where 'k > 0: The matching functions are Cobb-



Douglas: m = M ( ) ( )1



, where M is the common matching e¢ ciency parameter, and
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is the common matching elasticity parameter. The cost function for OTJ search is k(st ) = (st ) s , with



> 0 and



s



1:



The household’s discount factor 21



are set to 0.97.



is 0.99. In turn, the …rms’discount factors



H



and



L



The …rms’discount factors imply an interest spread of roughly 2 percent,



which is consistent with the average empirical spread between the weighted-average e¤ective loan rate for commercial and industry loans (obtained from the Survey of Terms of Business Lending) and the federal funds rate. The value for the CRRA parameter with the U.S. business cycle literature. Furthermore, we set



H



=



L



is 1, consistent



= 0:34 and



= 0:4,



which jointly imply an aggregate labor share of 0.66 consistent with standard macro values and our estimation of the TFP process.22 The job separation rate is 0.10, which is consistent with other studies (see, for example, Arseneau and Chugh, 2012). The matching elasticity and bargaining power parameters,



and , are set to 0.4 and 0.5, respectively (Petrongolo



and Pissarides, 2001; Shimer, 2005). The curvature parameter of the on-the-job search cost function



s



is set to 1 (Merz, 1995), and the depreciation rate of capital is set to 0.025, which



is consistent with U.S. empirical estimates.23 We now turn to calibrated parameters and their targets. Matching of these targets is based o¤ the model’s simulation using the AR(1) processes in equations (3) and (4) under the assumption that the exogenous driving forces are random shocks with mean zero and the above-noted estimated standard deviations associated with these shocks. In contrast, as highlighted in the following section, the model’s evaluation feeds in the actual time series of these shocks, which were depicted in the bottom panel of Figure 2. As such, for instance, while the volatility of investment is one of our calibration targets, when evaluating the model’s …t it need not be the case that the volatility of investment is actually matched. The parameters , , M , , 'k ,



L



and



H,



are chosen so that the model matches the



following moments in the data: a contemporaneous value of unemployment of roughly 60 21



Recall that, following the literature on …nancial frictions, we assume that intermediate …rms face a lower discount factor than households to guarantee that the collateral constraint for each …rm type binds in a neighborhood of the steady state (see Iacoviello, 2015, and others for a similar assumption). 22 Krause and Lubik (2006, 2010) also assume a value of = 0:4. 23 In our reference OTJ search model (Krause and Lubik, 2006, 2010), convex OTJ search costs are needed to avoid indeterminacy. The reason we do not need to impose convex search costs in our model has to do with the di¤erence in stochastic discount factors between …rms and households (and not necessarily with the collateral constraints themselves). E¤ectively, the presence of the household’s stochastic discount factor in the optimal OTJ search condition introduces enough concavity to guarantee a determinate equilibrium with linear OTJ search costs. This concavity vanishes when households own …rms since, in such a case, optimal OTJ search ultimately only depends on …rms’di¤erential marginal cost of searching for workers.
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percent of average wages (which lies close to Shimer, 2005, and is lower than in Hagedorn and Manovskii, 2008, and Hall and Milgrom, 2008; Hall and Milgrom suggest that the value of



should not only capture the replacement rate but also home production and the value of



leisure); a transition rate from low-wage jobs to high-wage jobs, sfH nL =(nH + nL ), equal to 0.05; a quarterly job-…nding probability of average unemployed individuals of roughly 0.80; total recruiting costs of 5 percent of total output (slightly higher than Arseneau and Chugh, 2012); a ratio of debt to (quarterly) GDP of 3.16, which is roughly consistent with the debt-to-GDP ratio of non-…nancial corporate and noncorporate …rms for our sample period; the ratio of the volatility of investment to the volatility of output over the period 1985:Q1 through 2015:Q2, which is 4.25; and per-vacancy recruiting costs for low-wage …rms that are one fourth of recruiting costs for high-wage …rms (Krause and Lubik, 2006, 2010).24 As noted earlier, all else equal the more capital a …rm has the greater its labor productivity, and following Pissarides (2000, Chapter 1), a higher labor productivity is associated with a greater opportunity cost of having an open position. In a reduced form way, this intuition is captured by assuming di¤erential vacancy-posting costs, which in turn deliver wage and capital usage di¤erentials between intermediate producers, with type-H …rms paying higher wages and using more capital than type-L …rms (see Acemoglu, 2001, as well).25 All told, the resulting calibration implies the following parameter values: M = 0:6457, sfH (1 uH



L



= 0:1031,



H



= 0:4123,



= 0:3527,



= 0:5056,'k = 0:806. The value of



= 0:1118, implies that



uL )=(fH uH + fL uL ) is broadly in line with empirical estimates (Nagypál, 2005).



Also, the value for the quarterly job-…nding probability is in line with the average empirical value obtained following the methodology in Elsby, Michaels, and Solon (2009) and Shimer (2012) using post-war unemployment data. The Appendix presents results for alternative 24



Reducing the di¤erential in costs does not change our main conclusions regarding the relevance of the interaction between OTJ search and changes in …nancial conditions. Of further note, to calibrate the capital adjustment cost we log-linearize the model equations around their non-stochastic steady state and use a …rst-order approximation to the equilibrium conditions to obtain model-simulated data for 2100 periods. We drop the …rst 100 periods, apply an HP …lter with smoothing parameter 1600, and set 'k to match the relative volatility of investment in the data. As detailed below, though, in assessing the model’s …t we generate simulated data by feeding in the empirical TFP and …nancial shocks as derived per the the earlier discussion. (Our main conclusions remain unchanged if instead we calibrate the capital adjustment cost based on model simulations that rely on the shock series we constructed using empirical time series. Importantly, this result implies that the main conclusions regarding our model’s success in matching key facts in the data are not sensitive to the speci…c value of capital adjustment costs.) 25 Our benchmark calibration delivers a wage di¤erential of roughly 6 percent between H and L …rms. Assuming other wage di¤erentials does not a¤ect our main conclusions regarding the interaction of OTJ search and …nancial conditions.
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parameterizations and versions of the benchmark model. From a comprehensive perspective and considering summary statistics for each alternative, our main conclusions regarding the relevance of OTJ search and …nancial shocks remain unchanged.



5



Results



We henceforth refer to the model developed thus far as the Benchmark model. In this section we present our main results and argue that they indicate that the Benchmark model provides a particularly good …t to the empirical data. In the following section, we discuss the driving forces behind the Benchmark model’s ability to match the empirical data. The model is operationalized by log-linearizing its equations around their non-stochastic steady state and using a …rst-order approximation to the equilibrium conditions to obtain model-simulated data. This simulated data results from feeding in the empirical TFP and …nancial shocks as derived per the discussion in the previous section and depicted in the bottom panel of Figure 2. In all cases, we focus on business cycle data, which are obtained by applying an HP …lter with smoothing parameter equal to 1600 to the natural logarithm of the level data. Also, recall that following Jermann and Quadrini (2012) the results we present focus on the period starting in 1985:Q1 to avoid contamination by non-modeled structural changes that took place in the early 1980s.



5.1



Contour Analysis



Because our main focus is to assess the extent to which both OTJ search and …nancial shocks are important in accounting for the empirical data, our …rst set of results involves graphical comparison of empirical and model-generated time series for the major labor market and macro variables in our framework (output, consumption, i.e., the sum of consumption across economic agents, investment, i.e., the sum of investment across …rms, unemployment, the ratio of aggregate vacancies, i.e., the sum of sectoral vacancies, to aggregate unemployment v=u, labor income, i.e., the sum of earnings across job types, and net quits) for three model speci…cations: the Benchmark model, a version of the Benchmark model in which OTJ search is shut down (No OTJS), and a version of the Benchmark model that abstracts from …nancial shocks (No Fin. Shocks). This analysis allows us to gauge how well each model is
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able to replicate the contour of the data. (Details pertaining to the noted two alternatives model speci…cations are presented in the Appendix.) Figure 3a presents results for output: All three versions of the model track the empirical series quite well. Of note, the Benchmark model predicts a sharper contraction in output amid the GFC that is more in line with the data relative to alternatives. All models predict a faster recovery of output following the GFC compared to the data. This feature is unsurprising, though, as all models omit income e¤ects stemming from the steep decline in asset prices, including housing, that characterized the GFC as well as uncertainty and the slow
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process of balance-sheet repairs.
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Figure 3a. Cyclical dynamics (1985:Q1-2015:Q2) of output obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray.



Figure 3b presents results for consumption: the Benchmark and No OTJS models track the empirical series quite well, but the No Fin. Shocks model predicts counterfactually ‡at consumption. As explained in detail later in the paper, this failure of the No Fin. Shocks model traces back to the impact of …nancial shocks on …rms’collateral constraints, absent which a counterfactually smooth path for labor income (and therefore consumption) obtains.
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Figure 3b. Cyclical dynamics (1985:Q1-2015:Q2) of consumption obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray.



Figure 3c presents results for investment: All three versions of the model track the empirical series quite well, albeit with greater volatility. For reasons noted above, all models predict a faster recovery from the GFC, but relative to other alternatives, the Benchmark model once again exceeds in matching the extent of the contraction in investment amid the
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GFC.
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Figure 3c. Cyclical dynamics (1985:Q1-2015:Q2) of investment obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray.



Figure 3d presents results for unemployment: The No OTJS model predicts counterfactually ‡at unemployment, while the Benchmark and No Fin. Shocks models do a better job of tracking the empirical series. The unemployment peaks of recessions prior to the GFC are not matched particularly well, but this is not entirely surprising since the 1990 recession was intricately tied to oil price shocks— which our paper abstracts from— and both this recession and the 2001 recession were characterized by jobless recoveries, which also lie outside 28



the scope of our analysis. Our paper does focus on the role of …nancial shocks, though, so it is noteworthy that the Benchmark model fares exceedingly well in approximating the unemployment peak amid the GFC (something that a model with OTJ search but without …nancial shocks cannot do); as was the case with earlier variables, though, the Benchmark model predicts a faster recovery from the GFC. As explained later in the paper, the ‡atness of unemployment under the No OTJS model is directly tied to OTJ search’s impact as an ampli…cation mechanism for aggregate labor-market dynamics. Having said that, even with OTJ search, …nancial shocks play a critical role in generating quantitatively factual changes
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in unemployment.
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Figure 3d. Cyclical dynamics (1985:Q1-2015:Q2) of unemployment obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray.



Figure 3e presents results for aggregate labor market tightness, i.e., the ratio of aggregate vacancies to aggregate unemployment, v=u: Both the Benchmark and No Fin. Shocks models track the empirical data quite well, but the No OTJS model predicts a counterfactually ‡at v=u ratio. It is noteworthy that the Benchmark model fares exceedingly well among model alternatives in matching the contraction of the v=u ratio amid the GFC. Again, though, all models predict a much faster recovery for reasons noted above. Also for similar reasons as noted earlier: it is unsurprising that no model matches exceedingly well the contraction of the v=u ratio in recessions prior to the GFC; the ‡atness of the v=u ratio under the No OTJS model is directly tied to OTJ search’s impact as an ampli…cation mechanism. Similar to the case of unemployment, even with OTJ search, …nancial shocks are central to producing a sharp contraction in market tightness amid the GFC.
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Figure 3e. Cyclical dynamics (1985:Q1-2015:Q2) of the v=u ratio obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray.



Figure 3f presents results for labor income: The No Fin. Shocks model predicts counterfactually ‡at labor income, but both the Benchmark and No OTJS models track the empirical series quite well. Note, though, that the Benchmark model fares best in matching the contraction of labor income amid the GFC, which, as explained later, stems from the combination of OTJ search as an ampli…cation mechanism and the impact of …nancial shocks on wages and, therefore, labor income. Figure 3f clearly highlights the role of …nancial shocks
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for better matching labor income and consumption dynamics.
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Figure 3f. Cyclical dynamics (1985:Q1-2015:Q2) of labor income obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray.



Figure 3g presents results for the net quit rate (recall that we have two empirical references for this series, one from Davis and Haltiwanger, 2014, and the other from JOLTS, whose construction is detailed in the paper’s Introduction): The No OTJS model predicts zero quits by construction. The remaining alternative models’predictions involve greater volatility 30



than the actual series, but the Benchmark model is the only one that matches the steep contraction in net quits amid the GFC. As explained in detail further below, the ability of the Benchmark model to capture the contraction of net quits is a combination of its accounting for both OTJ search and …nancial shocks. Given the exceedingly good …t of net quits in the Benchmark model with the data and our emphasis on job-to-job ‡ows, this result
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is particularly noteworthy.
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Figure 3g. Cyclical dynamics (1985:Q1-2015:Q2) of net quits obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q22013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2. Recession quarters are marked in gray.



In summary, our contour analysis suggests that the Benchmark model performs best in matching the behavior of all key labor market and macro aggregates compared to the No Fin. Shocks model and the No OTJS model. In particular, note that the No Fin. Shocks model predicts counterfactually ‡at consumption and labor income, while the No OTJS model predicts counterfactually ‡at unemployment and v=u. In contrast, the Benchmark model can jointly reconcile the behavior of consumption, labor income, unemployment and market tightness in the data. We conclude that our contour analysis supports our thesis that the interaction of …nancial shocks and OTJ search is important for matching the empirical behavior of a comprehensive set of labor market and macro aggregates in the data.



5.2



Statistical Analysis



We now complement the previous analysis by presenting key statistics pertaining to the Benchmark model and its No Fin. Shocks and No OTJS alternatives. These statistics are 31



constructed based on the simulated time series for each model, which are obtained after feeding the constructed (TFP and …nancial) shocks into each model. The relevant statistics are presented in Table 1.



Table 1. Statistics: 1985:Q1-2015:Q2



A. Standard deviation of variable relative to output



B. Correlation of variable with output



C. Own-variable correlation with data



D. Summary statistics



Variable Consumption Investment Unemployment v/u ratio Labor income Consumption Investment Unemployment v/u ratio Labor income Output Consumption Investment Unemployment v/u ratio Labor income SAD SSD



Obs. 122 122 122 122 122 122 122 122 122 122 122 122 122 122 122 122 16 16



Data 0.883 4.247 9.938 19.749 1.409 0.905 0.895 -0.884 0.892 0.776 1.000 1.000 1.000 1.000 1.000 1.000 — —



Benchmark 0.711 3.985 6.018 13.530 1.844 0.505 0.698 -0.770 0.584 0.491 0.859 0.582 0.415 0.478 0.337 0.520 15.122 56.205



Alternative Model Speci…cations No OTJS No Fin. Shocks 0.849 0.195 3.493 3.617 0.999 5.097 4.569 10.923 2.893 0.706 0.652 0.497 0.805 0.810 -0.501 -0.869 0.356 0.948 0.403 0.936 0.854 0.755 0.663 0.147 0.418 0.570 0.554 0.523 0.189 0.484 0.439 0.605 30.910 19.329 315.411 104.533



Notes: All data are in log deviations from steady state and obtained using an HP …lter with smoothing parameter equal to 1600.



Panel A of this table shows the relative standard deviation of key model variables relative to output for each model under comparison as well as the data. The Benchmark model performs quite well on all fronts in matching the data. In turn, we highlight the No OTJS model’s exceedingly low relative volatilities of unemployment and the v=u ratio compared to the data (which are well known features of this modeling framework); however, this model does deliver a relative consumption volatility that is in line with the data, and high laborincome volatility, albeit somewhat higher than in the data (these are much lesser known features of this modeling framework). In turn, the No Fin. Shocks model delivers relative volatilities of unemployment and the v=u ratio that are much closer to the data compared to the No OTJS case (which are well known features of this modeling framework, i.e., the a context of OTJ search and TFP shocks, only); however, compared to the data this model yields exceedingly low relative volatilities of both consumption and labor income (these are much lesser known features of this modeling framework).26 26



Absent TFP shocks (a special case studied in Tables A7 and A8 in the Appendix) on net the relative



32



Panel B of Table 1 shows correlations of variables with output. On this front and on net, all models perform fairly similarly. In particular, some models are somewhat better than others in matching certain correlations while at the same time somewhat worse than others in matching other correlations. Finally, Panel C of this Table shows the own-variable correlation with the data (hence why all the entries under the Data column are equal to 1). On net, the appraisal is similar to that with regards to Panel B, but in this case we do highlight the relatively low correlation of the No OTJS model’s v=u ratio with its empirical counterpart, as well as the relatively low correlation of the No Fin. Shocks model’s consumption with its own empirical counterpart. To provide a more comprehensive summary of relative model performance, Panel D of Table 1 shows the column-wise sum of absolute deviations (SAD) of each model relative to the Data column and the column-wise sum of squared deviations (SSD) of each model relative to the Data column. Note that the Benchmark model minimizes both of these measures substantially compared to the alternatives, by which we see additional evidence that of the proposed models the Benchmark is superior. In sum, the SAD and SSD measures imply that, on average, the Benchmark model performs best in matching a wide range of empirical statistics.



Table 2. Additional statistics: 1990:Q2-2013:Q3 and 2001:Q1-2015:Q2



A. Standard deviation of variable relative to output B. Correlation of variable with output C. Own-variable correlation with data



Net Net Net Net Net Net



Variable quits (DH) quits (JOLTS) quits (DH) quits (JOLTS) quits (DH) quits (JOLTS)



Obs. 94 58 94 58 94 58



Data 11.398 15.352 0.776 0.876 1.000 1.000



Benchmark 20.860 22.631 0.355 0.361 0.322 0.145



Alternative Model Speci…cations No OTJS No Fin. Shocks 0.000 16.245 0.000 17.567 N/A 0.786 N/A 0.746 N/A 0.375 N/A 0.380



Notes: All data are in log deviations from steady state and obtained using an HP …lter with smoothing parameter equal to 1600. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.



The variables whose statistics are reported in Table 1 are those for which we have data volatility of all variables is much higher than in the data. Intuitively, then, since the interaction of TFP shocks and OTJ search generates endogenous wage rigidities, when both TFP and …nancial shocks are combined, the excessive relative volatilities generated by …nancial shocks are generally curbed by the interaction of OTJ search and TFP shocks, ultimately bringing the model’s predictions in line with the data in a comprehensive way.
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through the entire 1985:Q1-2015:Q2 period and, therefore, 122 observations. In contrast, recall that our measures of net quits are comparatively limited in data span. For the DH version of net quits we have only 94 observations (23 percent less compared to the observations on which Table 1 is constructed) comprising the period 1990:Q2-2013:Q3, and for the JOLTS measure of net quits we only have 58 observations (about 50 percent less compared to the observations on which Table 1 is constructed) comprising the period 2001:Q1-2015:Q2. With these caveats in mind, focus on Table 2, which reports similar statistics as in Table 1, but now focusing on net quits. Of course, the No OTJS model is a natural failure because in this model there are no job-to-job transitions. In turn, the Benchmark model performs quite well, although in comparison the No Fin. Shocks model performs somewhat better. That said, we do not put too much weight on the statistics reported in Table 2 given the small amount of data they are based on compared to Table 1. Instead, we highlight once more the complementary contour analysis in Figure 3g, by which the Benchmark model highly outperformed the No Fin. Shocks model in matching the contraction in net quits amid the GFC. All told, we conclude that the statistical analysis presented in Tables 1 and 2 provide considerable support for the Benchmark model matching the data well in absolute terms, as well as compared to the No OTJS and No Fin. Shocks alternatives. (Our main conclusions continue to hold under alternative parameterizations for the benchmark model, as shown in the Appendix.)



6



Driving Forces Behind Benchmark Results



To understand the driving forces behind the Benchmark model’s results, Figures 4 and 5 show, respectively, the response of the Benchmark and No OTJS models to a 1-standarddeviation negative aggregate TFP shock and to a 1-standard-deviation negative …nancial shock. This analysis allows us to: illustrate the role of OTJ search in amplifying …nancial shocks; stress how the response to …nancial shocks di¤ers from TFP shocks both qualitatively and quantitatively; and to show how these di¤erential responses have important implications for wage, labor income, consumption, and unemployment dynamics.
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Figure 4. Impulse response functions to a 1-stanard deviation negative TFP shock.



The response to this shock is in line with Krause and Lubik (2006, 2010). As such, we keep our discussion brief. In the presence of OTJ search, a negative TFP shock triggers a large contraction in vacancy postings that induces a rise in unemployment and a longlived contraction in job-to-job ‡ows from lower- to higher-paying jobs. As noted in Krause and Lubik (2006, 2010), the large reduction in the pool of on-the-job searchers puts upward pressure on market tightness among H …rms and leads to a sharper reduction in H vacancies relative to a model without OTJ search (recall that job …lling probabilities are decreasing in market tightness). The drop in OTJ search cascades down to L …rms, where the reduction in job-to-job transitions, all else equal, expands the measure of workers in these …rms, which in turn pushes L …rms to reduce vacancies more aggressively relative to H …rms. All told, the response of unemployment is signi…cantly ampli…ed relative to an economy without OTJ search.27 27



Per the analysis in Fujita and Ramey (2007), the empirical response of vacancies exhibits substantial propagation, which our model is unable to generate. This issue, however, is a well-known limitation of standard search-and-matching models that lies beyond the scope of this paper.
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The larger contraction in vacancies— which traces back to OTJ search— reduces …rms’borrowing, which puts larger downward pressure on …rms’collateral multipliers. Since capital and workers are jointly used in production, these developments result in a fall in investment, which is more subdued with OTJ search since the downward adjustment in …rms’collateral multipliers is larger. Importantly, though, OTJ search generates endogenous wage rigidities amid TFP shocks (on which we elaborate further below). These rigidities are responsible for the larger response in unemployment compared to a model without OTJ search but also lead to considerably smaller initial contractions in labor income, which ultimately explains the smaller reduction in consumption (conditional on a TFP shock) in the benchmark model.
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Figure 5. Impulse response functions to a 1-standard deviation negative …nancial shock.



An adverse …nancial shock— a contraction in …rms’borrowing capacity— tightens …rms’ collateral constraints, which in turn increases their collateral multipliers and adversely a¤ects their incentive to hire workers. In other words, …nancial shocks by themselves contribute to more volatile recruiting and therefore more volatile outside options relative to an environment 36



without these shocks. The fall in vacancies puts downward pressure on wages via changes in market tightness. From the workers’ perspective, the value of a low-wage job decreases not only because of the sharp contraction in that sector’s wages, but also because the value of OTJ search declines as well (job-to-job ‡ows are an alternative avenue through which workers can access high-wage jobs, which are also subject to a contraction in wages). OTJ searchers reduce their search intensity in H …rms, thereby causing a further decline in vacancies that would otherwise not take place if OTJ search were not present. As such, employment in L …rms (as well as H …rms) declines by more than in the absence of OTJ search, resulting in an ampli…ed (yet short-lived) response in unemployment. Moreover, adverse …nancial shocks have a large negative e¤ect on subsequent investment (that is, investment after the period of the shock), which also contributes to a much stronger change in the incentive to post vacancies. This ultimately leads to sharper unemployment ‡uctuations with OTJ search. Importantly, while the ampli…cation e¤ect induced by OTJ search seemingly operates through the same channels described for TFP shocks (i.e., a fall in OTJ searchers puts upward pressure on H …rms’market tightness, leading to a sharper contraction in vacancies that cascades down to L …rms, thereby further adversely a¤ecting vacancy creation), the ampli…cation of unemployment is not accompanied by endogenously rigid wages, as was the case under TFP shocks. This absence of wage rigidity is the fundamental driver in generating non-negligible quantitative di¤erences between the economy’s response to TFP and …nancial shocks. In particular, the di¤erential quantitative response of wages under these shocks can be traced back to the di¤erential response of …rms’ collateral multipliers (which proxy for …nancial conditions). Given the seemingly similar nature of the ampli…cation channels with OTJ search, why is the interaction between OTJ search and …nancial shocks so critical for matching the data, as shown earlier? While OTJ search generates enough volatility in unemployment by inducing relatively rigid wages, …nancial shocks o¤set that wage rigidity via sharp movements in …nancial stress (as captured by …rms’ collateral multipliers), which feed into …rms’ future value of employment relationships, and therefore wages. Ultimately, these shocks allow high unemployment volatility (rooted in OTJ search) and high labor income (wage) and consumption volatility (rooted in …nancial disturbances) to coexist. We discuss this issue more formally in the next section. 37



Before proceeding, some additional details regarding …nancial shocks are worth noting. The brief initial increase in consumption is consistent with the …ndings in Jermann and Quadrini (2012) and others. For example, as explained in Garín (2015), a contraction in …rms’ability to borrow reduces the demand for borrowed funds, putting downward pressure on interest rates and reducing households’incentive to save. This contributes to the initial and short-lived expansion in consumption in the period where the shock hits. Consumption subsequently contracts rapidly, as would be expected from a deterioration in …nancial conditions.28 Note, though, that if an adverse …nancial shock is accompanied by a fall in exogenous aggregate productivity, household consumption would in fact contract, which is exactly what happened at the onset of the GFC: a simultaneous fall in TFP and borrowing capacity (recall Figure 1). In contrast to Jermann and Quadrini (2012) and Garín (2015), as shown in Figure 5 investment increases on impact of the negative …nancial shock before subsequently falling below trend, as should be expected. This result traces back to the two-sector nature of our economic environment, the presence of job-to-job ‡ows, and the di¤erences in the relative adjustment of sectoral wages (and therefore sectoral pro…ts) to shocks. Looking at investment for each …rm separately in our model (not shown for brevity) reveals that, while investment among L …rms does contract after the shock, investment among H …rms expands on impact. Intuitively, H-…rm investment is due to the fact that …rm-H wages exhibit a sharper downward adjustment relative to …rm-L wages as a result of the reduction in job-to-job ‡ows, which all else equal boosts …rm pro…ts, reduces the marginal cost of investing relative to L …rms, and therefore boosts investment among H …rms. This response ultimately drives the dynamics of total investment. Given that most of the literature has considered one-sector models, this particular result had not surfaced in previous studies.



6.3



Wages and Consumption: TFP v. Financial Shocks



Recall that …nancial shocks alter …rms’collateral multipliers and a¤ect wage dynamics via movements in …rms’stochastic discount factors. Importantly, as discussed earlier, the contrasting behavior of …rms’collateral multiplier between shocks (as shown above) generates di¤erential wage dynamics depending on the shock, with adverse …nancial (TFP) shocks 28



If households were to face …nancial frictions of their own, which we abstract from, then a negative …nancial shock would likely lead to a fall in consumption on impact.
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inducing sharp contractions (mild expansions) in …rms’discounting of the future, and therefore in the value of future employment relationships, Et



H t+1jt JH;t+1 .



The fact that wages



are more volatile amid …nancial shocks o¤sets the endogenous wage rigidity inherent to OTJ search, and leads to sharper labor income and consumption movements. Of note, the interaction between OTJ search and …nancial shocks magni…es the response of wages over the business cycle by generating larger contractions in vacancies (where the latter a¤ects wages via market tightness) after a downturn relative to a model without OTJ search, and also by generating sharp movements in …rms’ value of future employment relationships, Et



H t+1jt JH;t+1 .



More importantly, the presence of larger wage movements does



not imply that the rise in unemployment is more subdued under …nancial shocks. This result is subtle yet critical in light of existing literature on wage rigidities and unemployment dynamics. Our benchmark model— with both OTJ search and …nancial shocks— can simultaneously generate non-negligible and more factual ‡uctuations in wages, labor income, and consumption, as well as high unemployment volatility. That is, considerable wage rigidities (whether endogenous or exogenous)— rigidities that, while contributing to higher unemployment volatility, prevent standard models from replicating the volatility of labor income and consumption in the data, especially during recessions— are not necessary to produce high unemployment volatility in the presence of both …nancial shocks and job-to-job ‡ows. Finally, we note that while the initial contraction in OTJ search intensity— which is re‡ected in the behavior of OTJ searchers— is similar for TFP and …nancial shocks on impact, the ensuing recovery di¤ers considerably despite the fact that our estimated stochastic processes suggest that …nancial shocks are a bit more persistent than TFP shocks. After a negative TFP shock, the contraction in OTJ search intensity is considerably persistent. In contrast, after a negative …nancial shock, OTJ search intensity contracts on impact but quickly rebounds and overshoots its steady-state level for several quarters before returning to trend. In turn, this development explains why recessions induced by …nancial disruptions generate expansions in unemployment that are sharp yet shorter-lived relative to recessions induced by contractions in TFP. Moreover, this result also hints at a plausible underlying reason behind the limitations of models with …nancial frictions in explaining sluggish recoveries after …nancial shocks. All told, households’wages and total labor income exhibit relatively large contractions compared to output in response to adverse …nancial shocks. These dynamics suggest that 39



…nancial shocks can contribute to higher consumption volatility that is closer to the data, which, as implied by inspection of Tables 1 and 2, is indeed the case. In turn, OTJ search produces sharp movements in unemployment and vacancies, even in the presence of volatile wages and labor income (where the latter are a result of …nancial disturbances). That is, high wage and unemployment volatility can coexist, and indeed this important and empiricallyfactual coexistence contributes to a better overall …t of the Benchmark model with the data, both before and amid the GFC.
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Conclusions



Some well-known stylized facts of U.S. recessions are: increases in the unemployment rate; decreases in output, consumption, investment, labor income, job-to-job ‡ows; and higher credit tightness. Amid the Global Financial Crisis (GFC), the quantitative magnitude of these dynamics was ampli…ed. In particular, credit tightness skyrocketed while job-to-job ‡ows plummeted (i.e., the labor upgrading opportunities were severely impaired). The interaction of on-the-job (OTJ) search with total factor productivity (TFP) shocks is well understood. In contrast, the aggregate implications of OTJ search and …nancial shocks are lesser known. In this paper, we develop a business cycle model with on-the-job (OTJ) search, collateral constraints in the production sector, and …nancial shocks. Following the approach by Jermann and Quadrini (2012), we construct TFP time series and model-based time series for …nancial conditions. Purging these series of interaction e¤ects and feeding these series into the model, we show that the interaction between …nancial disruptions, TFP, and job-to-job ‡ows can play a substantial role in driving the behavior of unemployment and key macro aggregates both in the wake of the GFC and in prior years. In particular, under standard calibrations …nancial shocks o¤set the endogenous wage rigidities inherent to OTJ search, thereby allowing high labor income and consumption volatility to coexist along with sharp unemployment ‡uctuations, as in the data. These are features of the data that existing models cannot replicate in a comprehensive way. While the model is exceedingly successful in capturing the cyclical dynamics of labor and aggregate variables through the GFC, it faces limitations in replicating the sluggishness of the recovery phase, which is a topic that remains of particular relevance and suggests 40



that, on their own, within our framework neither TFP nor …nancial shocks can explain the slow recovery process in the aftermath of the crisis. Within the context of our analysis, this limitation is unsurprising, though, as we abstract from income e¤ects stemming from the steep decline in asset prices, including housing, that characterized the GFC as well as uncertainty and the slow process of balance-sheet repairs. Extending our framework to incorporate these additional features is a promising avenue for future research directed at understanding the slow recovery from the GFC.
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Online Appendix A



Value Functions



Similar to Krause and Lubik (2006), the value to the household of having a household member working in …rm H is WH;t = wH;t + Et
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where UL;t is the value of having an unemployed individual searching for employment in …rm L: UL;t =



+ Et



t+1jt



ffL;t (1



)WL;t+1 + [1



fL;t (1



)] UL;t+1 g :



Note that WL;t takes into account the cost of on-the-job search for those workers in …rm L; (st ). These expressions are identical to those in Krause and Lubik (2006, 2010), and UH;t = UL;t = Ut in equilibrium. This implies that, choosing st in WL;t and imposing UH;t = UL;t = Ut ; the household’s optimal choice over search intensity can be written as: 0
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From the …rm’s perspective, the values of a vacancy for …rm H and L are respectively given by VH;t =
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Free entry implies that VH;t = VL;t = 0 for all t. Finally, the value to …rm H of having an additional worker is JH;t = pH;t zt FnH (nH;t ; k H;t )
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Similarly, the value to …rm L of having an additional worker is JL;t = pL;t zt FnL (nL;t ; k L;t )
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Note that in both cases, the …rm’s value of having an additional worker is a¤ected by the collateral constraint. Moreover, the probability that workers in …rm L transition into employment in …rm H a¤ects the value of a worker in …rm L, as in Krause and Lubik (2006, 2010).
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Equilibrium Conditions: Benchmark Model



The benchmark model’s equilibrium conditions are given by: nH;t+1 = (1 nL;t+1 = (1
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Construction of Shock Series



We follow the strategy in Jermann and Quadrini (2012) to construct time series for total aggregate productivity (TFP) and …nancial conditions using our benchmark model.



D.1



Aggregate Productivity Shocks



The construction of TFP assumes that there is a constant-returns-to-scale aggregate production function that takes total employment and total capital as its inputs, as described in the main text. We construct a series for the capital stock beginning in 1952:Q1 using a standard law of motion for the capital stock and measures of depreciation and investment. Depreciation is given by consumption of …xed capital for both non…nancial corporate and noncorporate …rms (series FA106300053.Q and FA116300081.Q) obtained from the Federal Reserve’s Flow of Funds. Investment is measured as total capital expenditures in the non…nancial business sector (FA145050005.Q). All series are de‡ated using the Business Price Index (obtained from FRED). We choose the initial stock of capital such that the di¤erence between the capital stock in the last period we consider (2015Q2) and the initial capital stock is zero (see Jermann and Quadrini, 2012).29 Using a standard Cobb-Douglas production function with a capital share of 0.34, we use time series on seasonally-adjusted real GDP (NIPA Table 1.1.6), non-farm employment (Bureau of Labor Statistics), and our constructed capital stock series to obtain a time series for aggregate productivity.



D.2



Financial Shocks



Recall that we consider aggregate …nancial shocks (that is, shocks that hit both types of …rms). As such, our starting point is to create an aggregate collateral constraint for the 29



Note that since we focus on the period 1985Q1-2015Q2, the initial value of the capital stock has no relevant implications for the validity of the series we construct (see Jermann and Quadrini, 2012).
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economy, which we assume to be binding: (Rt lL;t + Rt lH;t ) +
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We can express this constraint more compactly as Rt lt +



w wt nt



=



t kt+1 :



where Rl denotes total …rm liabilities, k is the economy’s capital stock, and wn is the economy’s total wage bill where we assume that



w



= 1. First, note that using our constructed



capital series and NIPA data employee compensation (wages and salaries), we can construct time series for the second term on the left-hand-side of the aggregate collateral constraint. In turn, using data from the Federal Reserve’s Flow of Funds, we can follow a similar strategy to the one we adopted to construct the capital stock series and create a time series for …rms’ liabilities (i.e., the stock of debt). Speci…cally, and following Jermann and Quadrini (2012), we use data on liabilities for the non…nancial business sector (FA144104005.Q), de‡ated by the Business Price Index as a measure of real net borrowing. The initial value for the debt stock is obtained by summing the value of liabilities for corporate and noncorporate business in 1952:Q1 (FL114104005.Q and FL104104005.Q). Combining this initial value with the series on real net borrowing, we can construct the time series for …rms’liabilities (the left-hand side of the aggregate collateral constraint). Then, the …nancial shock process



t



can be constructed as follows: t



E



=



Rt lt + w wt nt : kt+1



Alternative Detrending Methodologies



The HP …lter su¤ers from well-known drawbacks related to end-point problems. To make sure that these drawbacks are a minor concern in our study, we use data starting in 1980:Q1 to extract the cyclical component of each of our series of interest for 1985:Q1 onward. For completeness, though, we also experiment using the Baxter-King …lter, …rst di¤erencing, and the Corbae-Ouliaris Frequency-Domain (COFD) …lter (which can perform better than other …lters, including the Baxter-King and HP …lters in dealing with end-point problems) as
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alternative means of detrending the data. As shown in Tables A1 and A2 below, regardless of the detrending technique being used, in terms of absolute quantitative results and relative quantitative results key statistics do not vary much. Therefore, we conclude that our results are robust to various detrending techniques. As in the paper’s main body, we highlight that the number of observations available for net quits (Table A2) are substantially less compared to those available for other variables (Table A1), so the same caveats apply regarding our discussion of the statistics in these tables as in the paper’s Tables 1 and 2.



F F.1



Model Alternatives Benchmark Model with Additional Years: 1956Q1 - 2015:Q2



Our analysis focuses on the period 1985:Q1-2015:Q2 due to the presence of, as noted in Jermann and Quadrini (2012), a structural break in the 1980s. As a robustness check, we extend the Benchmark model to cover the period 1956:Q1-2015:Q2. The estimation of the shock processes yields:



z



= 0:7529,



= 0:6977,



z



= 0:00569 and



= 0:0098: The



resulting contour and statistical analyses akin to that performed in the main body of the text follow below. F.1.1



Contour Analysis



As shown in Figure A1, even when extending the prediction horizon back to 1956:Q1, the Benchmark model performs quite well in capturing the cyclical behavior of all key model variables. Of note, the model’s predictions of consumption, unemployment, and labor income track the data quite well across the sample period and also amid the GFC. The same is true regarding net quits. All told, the contour analysis suggests that in spite of the 1980s structural break, the Benchmark model performs quite well over a much longer time span than presented in the main text. F.1.2



Statistical Analysis



Tables A3 and A4 show results akin to the main text Table’s 1 and 2. Starting the analysis in 1956:Q1 yields results that are quite similar to those from the paper’s main text when starting the analysis in 1985:Q1. In addition, note from comparison of Tables 1 and A3 52



that the SAD and SSD results are fairly similar. All told, the preceding contour analysis and the present statistical analysis suggest that our results are robust to the time horizon under consideration, once again, in spite of the fact that, as noted in Jermann and Quadrini (2012), a structural break occurs in the 1980s.



F.2



Alternative Model Speci…cations: 1985Q1-2015:Q2



Two of the alternative speci…cations detailed in this section were already analyzed in the main text; namely, the No OTJS model and the No Fin. Shocks model. The remaining speci…cations addressed in this section are other intuitive variants relative to the Benchmark model. We refer to the analysis pertaining to these model variants further below. F.2.1



No OTJ Search



(Referred to as No OTJS in Tables 1, 2, and omitted from Tables A5 and A6 since this model was already addressed in the main text.) The only di¤erence relative to the baseline calibration of the benchmark model is that we shut down the OTJ search channel. The parameters borrowed from related literature remain unchanged. To keep the model as comparable to the baseline calibration of the benchmark model as possible, we target the job-…lling probability (which is roughly 0.60 in the benchmark model). The resulting parameter values are = 0:3546; F.2.2



H



= 0:4792;



L



= 0:1198; M = 0:5365; = 0:5053; and 'k = 2:230:



No Financial Shocks



(Referred to as No Fin. Shocks in Tables 1, 2, and omitted from Tables A5 and A6 since this model was already addressed in the main text.) The only di¤erence relative to the baseline calibration is the absence of …nancial shocks in the simulations. The parameters borrowed from related literature remain unchanged. The resulting calibrated parameter values are = 0:3572;



H



= 0:4123;



L



= 0:1031; M = 0:6398;



= 0:5056; and 'k = 0: This model



does not generate enough investment volatility to require a positive capital adjustment cost. F.2.3



No OTJS and



w



=0



The only di¤erence relative to the baseline calibration of the benchmark model is that we shut down the OTJ search channel along with the wage bill in the collateral constraint (to 53



make the comparison across models more transparent, we use exactly the same estimated shocks processes as in the Benchmark model). The parameters borrowed from related literature remain unchanged. The resulting calibrated parameter values are



= 0:3546;



H



=



= 0:1198; M = 0:5365; = 0:5053; and 'k = 2:780:



0:4792;



L



F.2.4



One Sector



In this one-sector version of the benchmark model (which naturally abstracts from OTJ search), we use the same values used for the baseline calibration of our benchmark model for the subjective discount factors households and …rms, the depreciation rate of capital, the separation rate, the capital share, the bargaining power of workers, and the matching function elasticity. In turn, we calibrate the contemporaneous value of unemployment



;



the per-vacancy cost of recruiting workers ; matching e¢ ciency M; the capital adjustment cost 'k , and …rms’borrowing capacity



to match a job-…nding probability of roughly 0.80,



a total recruiting cost of 5 percent of total output, a ratio of debt to (quarterly) GDP of 3.16, a relative volatility of investment of 4.25, and a steady-state unemployment rate of 0.12. While this last target is consistent with Krause and Lubik (2006, 2010), it is above the level of unemployment in the data. Lowering steady-state unemployment to 0.06 (a value consistent with the data) implies that the job-…nding probability is lower than in the data. Our main conclusions remain unchanged under this alternative calibration. All told, the resulting parameter values are



= 0:4534;



= 0:7608; M = 0:6781; 'k = 2:742, and



= 0:5053: F.2.5



No Collateral Constraints



(Referred to as No Coll. Const. in Tables A5 and A6.) We use the same values used for the baseline calibration of our benchmark model for the subjective discount factor of households (which in turn is the same as the one for …rms, absent collateral constraints), the depreciation rate of capital, the separation rate, the capital share, the total output aggregator parameter, the bargaining power of workers, and the matching function elasticity. In turn, we calibrate the contemporaneous value of unemployment , the per-vacancy cost of recruiting workers for each …rm category



H



and



L,



matching e¢ ciency M , and the cost parameter for OTJ search



using the same calibration targets as in the baseline calibration for the benchmark model.
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The resulting parameter values are



= 0:4307;



H



= 0:4702;



L



= 0:1176; M = 0:6412; and



= 0:1258: This model cannot generate su¢ cient investment volatility relative to the data, so 'k = 0: Also, in the absence of …nancial frictions and using the same calibration targets and standard parameter values, we need to introduce a minimal degree of curvature for the cost of OTJ search. As such, we set F.2.6



s



= 1:01 to avoid indeterminacy issues.



No TFP Shocks



The only di¤erence relative to the baseline calibration is the absence of TFP shocks in the simulations. The parameters borrowed from related literature remain unchanged. The resulting calibrated parameter values are



= 0:3572;



H



= 0:4123;



L



= 0:1031; M = 0:6398; =



0:5056; and 'k = 3:10: F.2.7



No FR



This case abstracts from the shock purging in the style of Fujita and Ramey (2007) that we use otherwise. As pointed out in the main text, Jermann and Quadrini (2012) estimate a joint VAR for T F P and the measure of …nancial conditions to extract the shock processes that are later fed into the model. Speci…cally, Jermann and Quadrini’s (2012) approach consists in estimating 0



ln @ where "zt yields



N (0;
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). Using data from 1985:Q1 to 2015:Q2, our estimation 3



2



5=4



0:883 0:703



In turn, the standard deviation of the shocks is:



z



0:060 0:719



3 5



= 0:0042 and



= 0:0104. The only



di¤erence relative to the baseline calibration for the benchmark model is the shock series for TFP and …nancial conditions. The parameters borrowed from related literature remain unchanged. The resulting calibrated parameter values are 0:1031; M = 0:6398; = 0:5056; and 'k = 0:317:
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= 0:3572;



H



= 0:4123;



L



=



F.3



Alternative Calibrations: 1985Q1-2015:Q2



This section presents robustness check calibrations as related to some of the Benchmark model’s key parameters. We refer to the analysis pertaining to these calibration alternatives further below. For comparability with the baseline results, we use the same shock series throughout all our alternative calibration experiments. The …rst alternative eliminates the wage bill from the …rms’ collateral constraint. All other parameters remain identical to the one for the benchmark model under the baseline calibration (This alternative is referred to as



w



= 0 in Tables A5 and A6.)



The second alternative changes the curvature of the cost of OTJ search to have a minor degree of convexity. As before, we use the same parameter values from existing literature and the same calibration targets but set calibration implies



= 0:3571;



s



= 1:1 for illustrative purposes: The resulting



= 0:1131; M = 0:6414;



L



= 0:1032;



H



= 0:4127;



=



0:5056; 'k = 0: (This alternative is referred to as Alt. s in Tables A5 and A6.) The third alternative calibration changes the separation rate and the contemporaneous value of unemployment. Speci…cally, we use the same parameter values from existing literature but change the separation rate to 0.05 (vs. 0.10 in the benchmark calibration) and set the value of



such that it represents roughly 70 percent of the average wage (the calibra-



tion target is higher than the one in our baseline calibration, but lower than in Hagedorn and Manovskii, 2008). The resulting calibration implies 0:1422;



H



= 0:2845;



= 0:4224; M = 0:6011;



= 0:5079; 'k = 2:366: (This alternative is referred to as Alt.



L



= s



and s in Tables A5 and A6.) Finally, the fourth alternative calibration changes the subjective discount factor for high-wage and low-wage …rms. As before, we use the same parameter values from existing literature but set



H



=



L



= 0:95 (vs.



H



=



L



= 0:97 in the baseline cal-



ibration). This implies a higher interest rate spread. The resulting calibration implies = 0:3192; M = 0:6287e; is referred to as Alt.



F.4



L



= 0:0955;



H



= 0:3821; = 0:5856; 'k = 1:99: (This alternative



s in Tables A5 and A6.)



Analyses of Model and Calibration Alternatives



Consider …rst Table A5 and focus on the middle vertical panel, which considers alternative model speci…cations. Inspection of the last two rows of this table shows via SAD and SSD 56



analysis that, on average, all alternative speci…cations are inferior to the Benchmark model. The only exception is the No FR model, which has a slightly lower SSD than the Benchmark model. However, the no FR speci…cation is a failure from the point of view that from rowwise Panel C statistics, this model’s own-variable correlations with the data are broadly opposite to the data sign-wise. Compared to the Benchmark model, the most striking limitations of the remaining models are as follows. The No OTJS and



w



= 0 model generates disappointingly low standard



deviations of unemployment and the v=u ratio relative to output. This limitation is also a feature of the One Sector model, which also generates excessive relative volatility of labor income. The No Collateral Constraints model generates disappointing standard deviations of consumption and labor income relative to output. Finally, the No TFP Shocks model presents a disappointingly low standard deviation of consumption relative to output, an excessively high standard deviation of unemployment relative to output, and sign-wise counterfactual correlations of unemployment and the v=u ratio with output. Now, focus on the far-right column-wise panel of Table A5, which features the results from alternative calibrations of the Benchmark model. In terms of the Alt.



s and s model, and the Alt.



w



= 0 model, the



s model the SAD and SSD statistics suggest that there



is not much di¤erence between these models and the results from the Benchmark model. The Alt.



s



model is nonetheless a somewhat poorer …t compared to the Benchmark model



under the baseline calibration, mainly on account of it generating a relatively low standard deviation of unemployment relative to output. All told, the Benchmark model appears to be quite robust to alternative calibrations, although it is somewhat sensitive regarding the calibration of the



s,



suggesting that our baseline calibration with a smaller curvature in the



OTJ search cost is in fact appropriately consistent with a better match with the data. Finally, focusing on Table A6, which centers on statistics related to net quits, we once again note that these statistics are to be taken with caution since the number of observations is quite limited compared to those used for generating Table A5. On net and taking into account the results from Table A5, we can conclude that, from a comprehensive perspective and considering our variables of interest, the Benchmark model continues to provide a good …t with the data relative to alternative speci…cations. For completeness, we also present relevant contour analyses in Figures A2 through A10. The message from these analyses is in line with that of Tables A5 and A6. We stress, though, 57



that amongst the model alternatives the Benchmark model tends to fair best in terms of tracking the data’s behavior regarding net quits amid the GFC.
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Appendix Tables



Table A1. Alternative …lter statistics, 1985:Q1-2015:Q2 HP Filter (smooth COFDVariable Obs. param = 1600) Filtered A. Standard deviation of Consumption 122 0.88 0.79 variable relative to output Investment 122 4.25 4.42 Unemployment 122 9.94 12.29 v/u ratio 122 19.75 22.16 Labor income 122 1.41 1.82 B. Correlation of variable Consumption 122 0.91 0.93 with output Investment 122 0.89 0.95 Unemployment 122 -0.88 -0.90 v/u ratio 122 0.89 0.94 Labor income 122 0.78 0.79



BK12 (6; 32) 0.89 4.23 9.69 19.36 1.34 0.95 0.92 -0.89 0.91 0.84



First Di¤erence 1.02 3.17 7.23 14.49 1.60 0.70 0.69 -0.59 0.55 0.43



Notes: All data are in logs. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output.



Table A2. Additional alternative …lter statistics: 1990:Q2-2013:Q3 and 2001:Q1-2015:Q2



A. Standard deviation of variable relative to output B. Correlation of variable with output



Net Net Net Net



Variable quits (DH) quits (JOLTS) quits (DH) quits (JOLTS)



Obs. 94 58 94 58



HP Filter (smooth param = 1600) 11.39 15.35 0.78 0.88



COFDFilter 11.71 20.55 0.87 0.82



BK12 (6; 32) 11.61 17.04 0.88 0.97



First Di¤erence 13.05 18.28 0.33 0.52



Notes: All data are in logs. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output.
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Table A3. Statistics: 1956:Q1-2015:Q2



A. Standard deviation of variable relative to output



B. Correlation of variable with output



C. Own-variable correlation with data



D. Summary statistics



Variable Consumption Investment Unemployment v/u ratio Labor income Consumption Investment Unemployment v/u ratio Labor income Output Consumption Investment Unemployment v/u ratio Labor income SAD SSD



Obs. 238 238 238 238 238 238 238 238 238 238 238 238 238 238 238 238 16 16



Data 0.78 7.81 1.15 3.23 16.27 0.89 -0.87 0.85 0.89 0.91 1.00 1.00 1.00 1.00 1.00 1.00 — —



Benchmark 0.45 5.20 1.13 2.85 11.00 0.62 -0.87 0.63 0.86 0.87 0.81 0.45 0.56 0.56 0.59 0.52 11.66 36.12



Notes: All data are in log deviations from steady state obtained using an HP …lter with smoothing parameter equal to 1600. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output. Panel C: Own-variable correlation with data. Table A4. Additional statistics: 1990:Q2-2013:Q3 and 2001:Q1-2015:Q2



A. Standard deviation of variable relative to output B. Correlation of variable with output C. Own-variable correlation with data



Net Net Net Net Net Net



Variable quits (DH) quits (JOLTS) quits (DH) quits (JOLTS) quits (DH) quits (JOLTS)



Obs. 94 58 94 58 94 58



Data 11.39 15.35 0.77 0.88 1.00 1.00



Benchmark 18.17 19.91 0.46 0.45 0.34 0.16



Notes: All data are in log deviations from steady state obtained using an HP …lter with smoothing parameter equal to 1600. Net quits (DH) are constructed using data from Davis and Haltiwanger, 2014, and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits (JOLTS) are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output. Panel C: Own-variable correlation with data.
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Variable Consumption Investment Unemployment v/u ratio Labor income Consumption Investment Unemployment v/u ratio Labor income Output Consumption Investment Unemployment v/u ratio Labor income SAD SSD



Obs. 122 122 122 122 122 122 122 122 122 122 122 122 122 122 122 122 16 16



Data 0.88 4.25 9.94 19.75 1.41 0.91 0.89 -0.88 0.89 0.78 1.00 1.00 1.00 1.00 1.00 1.00 — —



No FR 0.49 3.36 6.67 13.87 1.24 0.32 0.86 -0.97 0.88 0.98 0.29 0.64 -0.01 -0.06 -0.21 -0.08 16.94 51.86



Alternative Calibrations Alt. Alt. Alt. s and s s w = 0 s 0.73 0.82 0.82 0.57 3.52 3.33 3.79 4.06 6.15 3.62 11.95 5.78 13.60 7.78 26.29 13.11 0.88 2.42 1.57 1.85 0.62 0.47 0.57 0.58 0.53 0.85 0.61 0.77 -0.89 -0.61 -0.72 -0.76 0.76 0.68 0.54 0.61 0.87 0.41 0.53 0.49 0.88 0.85 0.88 0.87 0.57 0.59 0.58 0.54 0.28 0.49 0.33 0.56 0.68 0.40 0.54 0.52 0.58 0.27 0.41 0.38 0.78 0.43 0.56 0.54 14.46 24.59 13.32 15.47 54.27 187.29 48.85 63.17



Net Net Net Net Net Net



Variable quits (DH) quits (JOLTS) quits (DH) quits (JOLTS) quits (DH) quits (JOLTS)



No FR 18.12 17.78 0.72 0.73 -0.13 -0.36



Alternative Calibrations Alt. Alt. Alt. s and s s w = 0 s 20.25 9.79 35.90 19.44 22.62 11.11 39.59 21.21 0.58 0.53 0.28 0.42 0.51 0.53 0.29 0.43 0.45 0.27 0.35 0.34 0.39 0.06 0.20 0.19



Notes: All data are in log deviations from steady state and obtained using an HP …lter with smoothing parameter equal to 1600. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output. Panel C: Own-variable correlation with data. Models: As in Table A5. Details for each model are as noted earlier.



A. St. dev. of var. rel. to output B. Corr. of var. with output C. Own-var. corr. with data



Table A6. Additional statistics: 1990:Q2-2013:Q3 and 2001:Q1-2015:Q2 Alternative Model Speci…cations No OTJS, One No Coll. No TFP Obs. Data Benchmark Sector Const. Shocks w = 0 94 11.40 20.86 0.00 0.00 16.09 28.13 58 15.35 22.63 0.00 0.00 17.51 26.89 94 0.78 0.36 N/A N/A 0.77 0.34 58 0.88 0.36 N/A N/A 0.73 0.34 94 1.00 0.32 N/A N/A 0.38 0.06 58 1.00 0.15 N/A N/A 0.37 -0.18



Notes: All data are in log deviations from steady state and obtained using an HP …lter with smoothing parameter equal to 1600. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output. Panel C: Own-variable correlation with data. Panel D: Summary statistics. Models: Benchmark; No on-the-job search and w = 0; One-sector; No collateral constraints; No TFP shocks; No Fujita-Ramey purging; w = 0; Alternative s; Alternative s and s; Alternative s. Details for each model are as noted earlier.



D. Summary statistics



C. Own-var. corr. with data



B. Corr. of var. with output



A. St. dev. of var. rel. to output



Table A5. Statistics: 1985:Q1-2015:Q2 Alternative Model Speci…cations No OTJS, One No Coll. No TFP Benchmark Sector Const. Shocks w = 0 0.71 1.05 0.86 0.25 1.42 3.99 3.35 3.48 3.12 4.23 6.02 1.31 1.37 5.09 27.65 13.53 5.89 2.99 10.91 12.70 1.84 1.60 3.12 0.77 3.54 0.51 0.64 0.67 0.58 0.99 0.69 0.68 0.80 0.93 0.85 -0.77 -0.57 -0.43 -0.88 0.39 0.58 0.32 0.47 0.95 -0.67 0.49 0.62 0.41 0.96 0.16 0.86 0.87 0.84 0.77 0.22 0.58 0.66 0.67 0.27 0.07 0.42 0.30 0.38 0.64 -0.13 0.48 0.62 0.52 0.54 0.32 0.34 0.24 0.38 0.49 0.28 0.52 0.53 0.44 0.62 0.37 15.12 28.05 32.17 19.36 35.91 56.21 269.70 359.65 105.09 376.73
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Obs. 122 122 122 122 122 122 122 122 122 122 122 122 122 122 122 122 16 16



Data 0.88 4.25 9.94 19.75 1.41 0.91 0.89 -0.88 0.89 0.78 1.00 1.00 1.00 1.00 1.00 1.00 — —



Benchmark 0.71 3.99 6.02 13.53 1.84 0.51 0.69 -0.77 0.58 0.49 0.86 0.58 0.42 0.48 0.34 0.52 15.12 56.21



No TFP Shocks, No Recalib. 1.31 10.39 3.64 6.49 22.91 0.13 -0.99 0.48 0.82 0.36 0.20 0.55 -0.08 0.04 -0.07 0.29 57.21 726.41



Common Shock 0.33 5.04 0.91 3.80 11.32 0.75 -0.87 0.91 0.74 0.79 0.77 0.51 0.48 0.48 0.38 0.48 43.00 442.92



Net Net Net Net Net Net



Obs. 94 58 94 58 94 58



No TFP Shocks, No Recalib. 33.38 43.67 0.04 0.04 0.05 -0.15



Common Shock 18.12 20.20 0.55 0.49 0.26 0.23



All data are in log deviations from steady state and obtained using an HP …lter with smoothing parameter equal to 1600. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’ Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output. Panel C: Own-variable correlation with data. Models: As in Table A7. Details for each model are as noted earlier.



Notes:



A. St. dev. of var. rel. to output B. Corr. of var. with output C. Own-var. corr. with data



Variable quits (DH) quits (JOLTS) quits (DH) quits (JOLTS) quits (DH) quits (JOLTS)



Table A6. Additional statistics: 1990:Q2-2013:Q3 and 2001:Q1-2015:Q2 Alternative Model Speci…cations Fixed Search No OTJ Search, No Fin. Shocks, No Coll. Constraints, Data Benchmark Intensity No Recalib. No Recalib. No Recalib. 11.40 20.86 1.85 0.00 14.79 11.78 15.35 22.63 2.13 0.00 15.63 17.51 0.78 0.36 0.57 N/A 0.89 0.77 0.88 0.36 0.61 N/A 0.87 0.73 1.00 0.32 0.47 N/A 0.43 0.38 1.00 0.15 0.31 N/A 0.47 0.37



Notes: All data are in log deviations from steady state and obtained using an HP …lter with smoothing parameter equal to 1600. Panel A: Standard deviation of variable relative to output. Panel B: Correlation of variable with output. Panel C: Own-variable correlation with data. Panel D: Summary statistics. Models: Benchmark; Benchmark with Fixed OTJ Search Intensity; No on-the-job search with parameter values from benchmark model; Benchmark without …nancial shocks and parameter values from benchmark model; model without collateral constraints with parameter values from benchmark model; Benchmark model without TFP shocks with parameter values from benchmark model; model with common shock. Details for each model are as noted earlier.



D. Summary statistics



C. Own-var. corr. with data



B. Corr. of var. with output



A. St. dev. of var. rel. to output



Variable Consumption Investment Unemployment v/u ratio Labor income Consumption Investment Unemployment v/u ratio Labor income Output Consumption Investment Unemployment v/u ratio Labor income SAD SSD



Table A7. Statistics: 1985:Q1-2015:Q2 Alternative Model Speci…cations Fixed OTJ No OTJ Search, No Fin. Shocks, No Coll. Constraints, Search Intensity No Recalib. No Recalib. No Recalib. 0.88 0.89 0.20 0.25 1.92 1.21 4.97 5.10 2.67 2.68 0.70 0.77 3.65 3.96 3.06 3.12 3.96 4.05 10.48 10.91 0.61 0.57 0.62 0.58 -0.50 -0.46 -0.85 -0.88 0.41 0.40 0.92 0.96 0.79 0.77 0.89 0.93 0.59 0.39 0.99 0.94 0.86 0.85 0.76 0.77 0.64 0.62 0.23 0.26 0.39 0.36 0.63 0.64 0.52 0.48 0.53 0.54 0.41 0.21 0.52 0.45 0.43 0.42 0.60 0.62 34.27 35.28 43.17 43.64 329.15 323.27 454.97 460.06
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Figure A1. Cyclical dynamics for period 1956:Q2-2015:Q2 of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data and Benchmark Model. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A2. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Model without OTJS and w . All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A3. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and One-Sector Model. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.



64



% deviation from trend -2 0 2



% deviation from trend -2 0 2



1985q1



1990q1



1995q1



2000q1 Quarters



2010q1



2015q1



1985q1



1990q1



1995q1



2000q1 Quarters



Consumption No Coll. Const. Consumption



2005q1



2010q1



2015q1



Benchmark Consumption



% deviation from trend -20 0 20



1990q1



1995q1



2000q1 Quarters



2005q1



2010q1



2015q1



1985q1



Benchmark Investment



1990q1



1995q1



2000q1 Quarters



2005q1



2010q1



2015q1



Unemployment No Coll. Const. Unemployment



Benchmark Unemployment



1990q1



2005q1



% deviation from trend -5 0 5



% deviation from trend -50 0 50



Investment No Coll. Const. Investment



1985q1



1985q1



Benchmark Output



% deviation from trend -10 0 10



Output No Coll. Const. Output



2005q1



1990q1



1995q1



2000q1 Quarters



2005q1



2010q1



2015q1



1985q1



Benchmark Aggregate v/u ratio



1995q1



2000q1 Quarters



Labor Income No Coll. Const. Labor Income



2010q1



2015q1



Benchmark Labor Income



% deviation from trend -50 0 50



Aggregate v/u ratio No Coll. Const. Aggregate v/u ratio



1985q1



1990q1



1995q1



2000q1 Quarters Net Quits DH Benchmark Net Quits



2005q1



2010q1



2015q1



Net Quits JOLTS No Coll. Const. Net Quits



Figure A4. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, Benchmark Model without Collateral Constraints. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q22013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A5. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model without TFP shocks. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q22013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.



66



% deviation from trend 0 5 -5



% deviation from trend -5 0 5



1985q1



1990q1



1995q1



2000q1 Quarters



2010q1



2015q1



1985q1



1985q1



1995q1



2000q1 Quarters



Consumption No FR Consumption



2005q1



2010q1



2015q1



Benchmark Consumption



-50



1990q1



1995q1



2000q1 Quarters



2005q1



2010q1



2015q1



1985q1



Benchmark Investment



1990q1



1995q1



2000q1 Quarters



Unemployment No FR Unemployment



2005q1



2010q1



2015q1



Benchmark Unemployment



-10



-100



% deviation from trend 0 10



% deviation from trend 0 100



Investment No FR Investment



1985q1



1990q1



% deviation from trend 0 50



Benchmark Output



% deviation from trend -20 0 20



Output No FR Output



2005q1



1990q1



1995q1



2000q1 Quarters



2005q1



2010q1



2015q1



1985q1



Benchmark Aggregate v/u ratio



1990q1



1995q1



Labor Income No FR Labor Income



2000q1 Quarters



2005q1



2010q1



2015q1



Benchmark Labor Income



% deviation from trend -100 0 100



Aggregate v/u ratio No FR Aggregate v/u ratio



1985q1



1990q1



1995q1



2000q1 Quarters Net Quits DH Benchmark Net Quits



2005q1



2010q1



2015q1



Net Quits JOLTS No FR Net Quits



Figure A6. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model without FujitaRamey (FR) shock adjustment. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A7. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model with w = 0. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A8. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model with Alternative s . All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A9. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model with Alternative and . All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q22013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A10. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model with Alternative s. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A11. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model with Fixed Search Intensity. All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q22013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A12. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model without OTJ Search (no recalibration). All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A13. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model with No Financial Shocks (no recalibration). All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A14. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model with No TFP Shocks (no recalibration). All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q2-2013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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Figure A15. Cyclical dynamics (1985:Q1-2015:Q2) of output, consumption, investment, unemployment, the v=u ratio, labor income, and net quits: Data, Benchmark Model, and Benchmark Model, Common Shock for z and . All series are obtained using the natural logarithm of the data and an HP …lter with smoothing parameter equal to 1600. Recession quarters are marked in gray. Net quits DH are constructed using data from Davis and Haltiwanger (2014) and data from the Current Population Survey; these data span 1990:Q22013:Q3. Net quits JOLTS are constructed using data from the Bureau of Labor Statistics’Job Openings and Labor Turnover Survey and the Current Population Survey; these data span 2001:Q1-2015:Q2.
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