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Abstract This paper proposes an empirical identification strategy for uncertainty shocks that is consistent with the recent vintage of quantitative models that consider variations in uncertainty as impulses driving aggregate fluctuations. The identification strategy has two parts. First, the cross-sectional variance of firm-level sales is used as a proxy for uncertainty. Second, the uncertainty shock is identified within a Structural Vector Autoregression (SVAR) as the shock that affects investment upon impact but not the cross-sectional sales variance, which is a direct implication of the way uncertainty shocks are commonly modeled. This strategy for identifying uncertainty shocks is then applied to US data. The main result from the baseline SVAR estimation is that such model consistent uncertainty shocks lead to considerable booms in investment and employment that last for around two years. Moreover, while the uncertainty shock explains most of the forecast error in investment and employment it only explains a small part of the forecast error in the crosssectional variance of firm-level sales. Both of these results are contrary to the dynamics that are induced by these uncertainty shocks in the recent vintage of quantitative macro models like Bloom (2009). Once uncertainty shocks are identified as the shocks that only affect dispersion upon impact, the results change somewhat. An uncertainty shock in that case leads to a moderate drop, rebound and overshoot of investment and a large increase in the crosssectional dispersion of revenues. The results suggest that the way uncertainty shocks are modeled in the quantitative literature needs to be reconsidered. In particular, the standard timing assumption that the expectational effect of uncertainty shocks leads the distributional effect seems questionable given the empirical results in this paper.
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1



Introduction



Heightened uncertainty is often cited as a contributing factor to the recent economic slump in the US. The basic intuition is that higher uncertainty since the outbreak of the Financial Crisis has lead firms to be more cautious in their investment and hiring decisions causing a decrease in aggregate investment and employment. With this background in mind it has become increasingly popular in the recent structural macroeconomic literature to consider variations in uncertainty as a driver for aggregate fluctuations. Such uncertainty shocks are usually modeled as a change in the innovation variance of the driving process in structural models with heterogeneous firms. For example Bloom (2009), Bloom et al. (2010) and Bachmann and Bayer (2011) use these types of uncertainty shocks in heterogeneous firm models that feature various forms of capital and labor adjustment costs. In these models, an uncertainty shock leads to a drop, rebound and overshoot in output, investment and employment due to real options effects. Moreover, Gilchrist et al. (2010), Arellano et al. (2011) and Chugh (2011) use this way of modeling uncertainty shocks in firm level models that feature financial frictions.1 At the same time, there has emerged an empirical literature that tries to identify the impact of uncertainty shocks from the data using Structural Vector Autoregressive Models (SVARs). Within these SVARs various proxies for uncertainty such as stock market volatility, disagreement between professional forecasters, dispersion in business survey responses and a media-based uncertainty index have been used (See Bloom (2009), Popescu and Smets (2010), Bachmann et al. (2010) and Alexopoulos and Cohen (2009) respectively). However, none of these uncertainty proxies has a direct counterpart within the recent structural macro models that feature uncertainty shocks. In contrast to this, an observable implication of the way that uncertainty shocks are modeled in the quantitative literature is that an increase in uncertainty, i.e. in the variance of shocks, leads to an increase in dispersion of firm-level performance measures such as revenues. This is the distributional effect of uncertainty shocks. Moreover, there is an expectational effect of uncertainty shocks that results from the fact that a higher shock variance leads each firm to be more uncertain about its future profitability. Given the common timing assumption that firms know the realization of the variance regime one period in advance, the expectational effect of uncertainty shocks will lead the distributional effect by one period. Hence, it seems natural to use the cross-sectional variance of firm-level revenues as a proxy for uncertainty and impose the identifying restriction that upon impact uncertainty shocks affect variables that immediately respond to expectations but they do not affect the sales variance. Given the above discussion, the goal of this paper is to study the role of uncertainty shocks in US business cycles within a SVAR framework, when uncertainty shocks are identified through a model consistent identification strategy. A model consistent identification strategy is defined as one that would identify the effect of 1



Some other papers that employ this way of modeling uncertainty shocks are for example Schaal (2012) in the context of a search and matching model and Vavra (2012) in a pricing framework with adjustment costs.
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uncertainty shocks when applied to simulated data from a structural model. Once the model consistent identification restrictions have been imposed on the VAR, the focus of the analysis is on impulse response functions and forecast error variance decompositions (FEVD). In particular, the questions addressed by this paper are: 1. How does aggregate investment and employment respond to an uncertainty shock? 2. How much of the variation in investment and employment is due to uncertainty shocks? The results from the baseline SVAR estimation show that such model consistent uncertainty shocks lead to considerable booms in investment and employment that last for around two years. Moreover, while the uncertainty shock explains most of the forecast error in investment and employment it only explains a small part of the forecast error in the cross-sectional variance of firm-level sales. Both of these results are contrary to the dynamics that are induced by these uncertainty shocks in the recent vintage of quantitative macro models. Various alternative SVAR specifications show that these results are qualitatively robust as long as the main identifying assumption for uncertainty shocks is imposed. However, once uncertainty shocks are identified as the shocks that only affect dispersion upon impact but not investment, the results change somewhat. An uncertainty shock in that case leads to a moderate drop, rebound and overshoot of investment of 0.5 % and a large increase in the cross-sectional dispersion of revenues. This suggests that the way uncertainty shocks are modeled in the quantitative literature needs to be reconsidered. In particular, the standard timing assumption that the expectational effect of uncertainty shocks leads the distributional effect seems questionable given the empirical results in this paper. As mentioned in the motivation, there are a couple of recent empirical papers that try to identify the impact of uncertainty shocks within a SVAR framework. For example, Bloom (2009) uses a monthly VAR framework with detrended US data where uncertainty is proxied by a stock market volatility indicator to study the impulse responses of industrial production and employment to uncertainty shocks. He finds that an uncertainty shock leads to a drop of around 1 % and 0.5 % in production and employment after around three months. Both variables rebound to their initial levels again after around 7 months and subsequently overshoot their initial levels by around 1 % and 0.5 % respectively for many months before reverting back. Another related paper is Popescu and Smets (2010) which uses a SVAR framework to study the role of uncertainty shocks in German Business Cycles since the beginning of the 1990’s. As a proxy for uncertainty they use measures of dispersion in opinions among macroeconomic forecasters. They find that uncertainty shocks lead to small temporary declines in industrial production (A drop of around 0.25 % over six months) and a more prolongued increase in unemployment (An increase of around 0.4 % over 15 months). However, using forecast error variance decompositions they also show that the overall contribution to output fluctuations is limited (slightly above 3 % of the variation in industrial production at the four year horizon). 2



A further paper in this line of research is Bachmann et al. (2010), who study the effect of uncertainty on manufacturing output in a SVAR framework for the US and Germany. Their uncertainty measures are constructed as the cross-sectional standard deviation of business survey responses about expected activity. In bivariate SVARs they find that innovations to their uncertainty measures are associated with slowly-building reductions in industrial production that reach a maximum of around - 1 % after two years, with no tendency to revert even after five years. When they identify an uncertainty shock as having no long-run effects, the impulse responses become statistically insignificant. They conjecture that recessions increase uncertainty rather than the other way around. Finally, Alexopoulos and Cohen (2009) investigate empirically the role of uncertainty shocks in US business cycles. As their uncertainty measures they use the stock market volatility indicator proposed by Bloom (2009) and an indicator based on the number of New York Times articles on uncertainty or economic activity. In various SVAR specifications they find that innovations to uncertainty lead to drops and rebounds in industrial production, employment, productivity, consumption and investment that last around one to two years. Forecast error variance decompositions show that uncertainty shocks can account for 10 to 25 % of the variation in these variables. Compared to these existing papers I use the cross-sectional standard deviation of firm-level revenues as my proxy for uncertainty, because time-variation in this measure is a direct implication of the way that uncertainty shocks are commonly modeled in the literature. Moreover, the identifying restrictions that are imposed within the SVAR framework are derived from a simple structural model and are not ad-hoc assumptions. In combination, these two features allow us to assess the empirical importance of the type of uncertainty shocks proposed in the literature. The rest of the paper is structured as follows. In section 2 the SVAR modeling framework is described. In section 3 a simple structural model that features uncertainty shocks is presented in order to test whether the proposed identification strategy is able to uncover uncertainty shocks from simulated data. In section 4 the data used for the estimation is presented and some initial statistical analysis is performed. Section 5 then presents the main results for the baseline SVAR specification. This is followed by some robustness tests with respect to the inclusion of additional variables in the SVAR and alternative identification strategies. Finally, section 7 provides a brief conclusion.
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Overview of the Structural VAR Framework



This section gives a brief overview of the SVAR framework that is used in the rest of the paper in order to identify the effect of model consistent uncertainty shocks from data for the US.
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2.1



The General Reduced Form VAR Representation



The general framework for the analysis in this paper is the VAR(p) model which is given by the following equation: yt = ν + A1 yt−1 + ... + Ap yt−p + ut



(1)



In the above system of equations yt = (y1t , ..., yKt )0 is a random vector of size (K x 1), the Ai ’s are fixed coefficient matrices of size (K x K), ν = (ν1 , ..., νK )0 is a vector of intercepts of size (K x 1) and finally ut = (u1t , ..., uKt )0 is a K-dimensional white noise process with E(ut ) = 0, E(ut u0t ) = Σu and E(ut u0s ) = 0 for s 6= t.2 One of the issues with the model in equation (1) is that the components of ut are reduced form shocks and will normally be instantaneously correlated. Therefore, no structural interpretation can be associated to them without imposing some additional assumptions regarding the structure of the data generating process.



2.2



Going from Reduced Form to Structural Representation



In order to recover the effects of structural innovations from the reduced form model given in equation (1) we need to specify a structural model of the form3 : Ayt = Aν + A∗1 yt−1 + ... + A∗p yt−p + Bt



(2)



Here, t ∼ (0, IK ) is now a vector of structural shocks and A and B are (K x K) matrices that specify the contemporaneous influences between the endogenous variables and the impact of the structural shocks on each of the endogenous variables. Moreover, the fixed coefficient matrices are defined by A∗i = AAi . Given this structural model, the reduced form innovation vector in equation (1) is given by a linear combination of the structural shocks of the form ut = A−1 Bt . By imposing suitable restrictions on the elements of the matrices A and B it is then possible to recover the influences of the structural innovations from the estimated reduced form VAR. The strategy followed in the rest of the paper in order to identify the impact of uncertainty shocks is to set A = IK and impose restrictions on the matrix B that are consistent with the implications of a simple structural model that features uncertainty shocks.
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Model Consistent Identification of Uncertainty Shocks



In this section a simple structural model that features uncertainty shocks is presented in order to derive model consistent identifying restrictions for uncertainty shocks within a SVAR. These identifying restrictions are then tested on simulated data from the model in order to examine whether the proposed strategy to uncover uncertainty shocks would work if the real world was generated by the model. Thus, this section 2 3



See L¨ utkepohl (2005) for an in depth discussion of VARs. See L¨ utkepohl (2005) chapter 9 for a detailed discussion of this structural model.
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serves as a motivation for the kind of identifying restrictions that are applied to real world data in section 5 in order to study the role of uncertainty shocks in US business cycles.



3.1



A Simple Structural Model with Uncertainty Shocks



The model that is presented in this section is closely based on the partial equilibrium model in Lang (2012) with heterogeneous firms, uncertainty shocks and no labor and capital adjustment costs. The main difference in the current set-up is that the stochastic process for uncertainty is assumed to follow a continuous AR(1) process rather than a discrete Markov chain. There is a continuum of heterogeneous risk neutral firms indexed by i ∈ [0, 1] that maximize the present discounted value of expected profit streams, where profits in period t are given by: c



a



1−b 1−b Ki,t Π(Ai,t , Ki,t ) = φπ Ai,t



(3)



In the above equation, φπ is a constant parameter, Ki,t is the capital stock and Ai,t is a reduced form profitability shock that summarizes the effects of demand conditions and total factor productivity on profits. In addition, c/(1 − b) > 0 and a/(1 − b) ∈ (0, 1) are constant parameters that determine the curvature of the profit function.4 Such a profit function can be derived under the assumption of a decreasing returns to scale (DRS) revenue function in capital and labor, a constant wage and freely adjustable labor that becomes immediately available for production.5 Given this set-up it is easy to show that the optimal labor input and the resulting revenues have the same functional form in (A, K) space as profits and only differ by a constant: c



a



1−b 1−b Ki,t L(Ai,t , Ki,t ) = φl Ai,t c



(4)



a



1−b 1−b R(Ai,t , Ki,t ) = φr Ai,t Ki,t



(5)



As is standard in the uncertainty shocks and investment literature, the profitability of each firm is assumed to be the product of an aggregate (Zt ) and an idiosyncratic (Ψi,t ) component.6 Furthermore, both the aggregate and idiosyncratic components are assumed to follow persistent AR(1) processes in logs. The dynamics of profitability can therefore be represented by the following set of equations: Ai,t = Zt Ψi,t



(6)



zt = µz + ρz zt−1 + ηt



(7)



ψi,t = µψ + ρψ ψi,t−1 + υi,t



(8)



Here, a lower case letter refers to the logarithm of the variable and ηt ∼ N (µη , ση2 ) 2 and υi,t ∼ N (µυ,t−1 , συ,t−1 ). In line with the papers by Bloom (2009), Bloom et al. 4



Here, a, b and c are the exponents on capital, labor and profitability in the revenue function. A DRS revenue function in capital and labor can be either due to DRS in the production function and/or some degree of market power. See Lang (2012) for a detailed derivation of this profit function. 6 See for example Cooper and Haltiwanger (2006), Khan and Thomas (2008), Bloom (2009), Bloom et al. (2010) or Bachmann and Bayer (2011). 5
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(2010) and Bachmann and Bayer (2011), uncertainty shocks are incorporated into the model through changes in the variance of innovations to idiosyncratic profitabil2 ity, which is implicit in the fact that συ,t−1 is indexed by time.7 Moreover, embedded in the above specification is the standard timing assumption that the variance of idiosyncratic shocks is known one period in advance, which ensures that agents always know the true variance of shocks applicable in the next period. Hence, all variations in uncertainty in the model are related to fundamentals and not to imperfect information about the true state of the driving process. This way of modeling uncertainty shocks is standard in the literature and is followed in this paper as the goal is to derive identifying restrictions for uncertainty shocks that are consistent with the recent vintage of structural models. At this point it is useful to note that there are two channels through which uncertainty shocks affect aggregates in the model. On the one hand, there is an expectational effect that results from the fact that a higher shock variance leads each firm to be more uncertain about its future profitability. On the other hand, there is a distributional effect that results from the fact that once firms start drawing innovations from a higher variance distribution, the cross-sectional dispersion of idiosyncratic profitability increases. Given the standard timing assumption that firms know the realization of the variance regime one period in advance, the expectational effect will lead the distributional effect by one period. I.e. when an uncertainty shock occurs, firms’ expectations change upon impact, but the cross-sectional dispersion of idiosyncratic profitability does not change until the next period, when firms start drawing innovations from a more dispersed distribution. This property will be exploited further below in order to derive model consistent identification restrictions of uncertainty shocks. Given that the process for idiosyncratic profitability is specified in logs, an increase in the variance of innovations will lead to an increase in one period ahead expectations of idiosyncratic profitability in levels. To adjust for this effect, the mean of idiosyncratic innovations is assumed to adjust in an offsetting way, which 2 is achieved by setting µυ,t = −συ,t /2.8 For analytical tractability within a VAR framework, the variance of idiosyncratic profitability shocks is assumed to follow an AR(1) process of the form:9 2 2 συ,t = µσ + ρσ συ,t−1 + εi,t



(9)



In this equation εt ∼ N (0, σε2 ) are the innovations to the idiosyncratic shock variance. Given a constant price of capital p, a constant discount factor β and the 7



In the above mentioned papers the variance of aggregate profitability shocks is also assumed to vary over time. For simplicity this type of uncertainty shock is omitted in the current paper. However, this should not be an issue, for as long as the timing assumption for both types of uncertainty shocks is the same, the identifying assumptions derived below are still valid. 8 See Lang (2012) for a detailed discussion of this result. 9 In principle, this specification allows for negative values of the variance. However, this problem can be mitigated by setting µσ sufficiently high so that the probability of negative values of the variance is close to zero. In the parameterization of the model in section 3.3 the parameter values are chosen such that the unconditional mean of the variance process is 0.3 and its standard deviation is 0.05, so that the probability of negative variance values is virtually zero given the assumption of a normal distribution.
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standard law of motion for capital Kt+1 = It + (1 − δ)Kt , the decision problem of each firm can be represented by the following Bellman Equation. To save on notation the firm subscript i for each variable is omitted and primes denote next period variables:10 V (A, K, συ ) = max Π(A, K) − p[K 0 − K(1 − δ)] + βEA0 ,συ0 |A,συ [V (A0 , K 0 , συ0 )] (10) 0 K



Taking the first-order and envelope conditions and using the functional forms assumed above, it is easy to derive the following policy function that characterizes the optimal capital accumulation decision: Ki,t+1



c  1−a−b  σ2 c ρz ρψ µυ,t + υ,t 2 1−b = ξ Zt Ψi,t e



(11)



2 ση



1−b



c



Here, ξ = ϕ(eµz +µψ +µη +c 2(1−b) ) 1−a−b and ϕ = [(aβφπ )/([1 − b][p − pβ(1 − δ)])] 1−a−b are constants that depend on the structural parameters of the model. It is easy to see that each firm’s capital stock is a function of aggregate profitability, idiosyncratic profitability and the level of uncertainty.11 In particular, the effect of uncertainty σ2 c on capital accumulation by each firm is captured by the presence of µυ,t + υ,t 2 1−b in the capital policy function. With this policy function in hand we are now able to characterize the dynamics of aggregates in the model.



3.2



Deriving Model Consistent Identifying Assumptions



If we want to identify the effect of uncertainty shocks from real world data, it is necessary to devise an identification strategy that only relies on observables. Natural candidates for observable variables that come out of the model presented above are aggregate investment, aggregate employment and the cross-sectional variance of firm level revenues. The dynamics of these variables can be easily obtained by applying the expectations and variance operators to equations (4), (5), (11) and the law of motion for capital: E[Ki,t ] =



ρz c ξZt−11−a−b E



h



c ρψ 1−a−b Ψi,t−1



i



e



(µυ,t−1 +



E[Ii,t ] = E[Ki,t+1 ] − (1 − δ)E[Ki,t ] h c a i c 1−b 1−b E[Li,t ] = φl Zt1−b E Ψi,t Ki,t h c 2c a i 1−b 1−b V [Ri,t ] = φ2r Zt1−b V Ψi,t Ki,t 10



2 συ,t−1 2



c ) c 1−b 1−a−b



(12) (13) (14) (15)



In the Bellman Equation below total profitability is used as the state variable to save on notation. It should be kept in mind however that in order to solve the model, information on both the aggregate and idiosyncratic profitability is needed. Whenever total profitability is used as the state variable in this paper it should therefore be interpreted as information on both components of total profitability. 11 The fact that uncertainty can have an effect on capital accumulation even without capital adjustment costs is due to the fact of either concavity or convexity of the profit function in profitability.
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From this system of equations it is easy to see that the aggregate profitability shock affects aggregate employment, aggregate investment and the variance of revenues all contemporaneously through Zt . In contrast, an uncertainty shock only affects aggregate investment contemporaneously, while aggregate employment and the variance of profits are not affected in the current period. This is easy to see by noting that aggregate employment and the variance of profits at time t depend on the joint distribution of idiosyncratic profitability and capital in period t. This joint distribution is however not affected by the uncertainty shock in period t, but only by past uncertainty shocks. This is a result of the standard timing assumption that the variance of idiosyncratic profitability shocks is known one period in advance. Hence the expectational effect of uncertainty shocks already materializes in period t and affects investment, while the distributional effect of uncertainty shocks only materializes in the following period, affecting the variance of profits with a one period delay. From this discussion, it should be clear that the shocks to aggregate investment in a reduced form VAR are a linear combination of aggregate profitability shocks and uncertainty shocks, while contemporaneous shocks to aggregate employment and the variance of profits in a reduced form VAR are simply aggregate profitability shocks. Hence, we should be able to identify uncertainty shocks in a SVAR like equation (2) by imposing these restrictions on the matrix B and assuming that the matrix A is the identity matrix. At this stage it is useful to point out that these identifying assumptions also hold in more complex model set-ups. For example, the identifying assumptions hold under various forms of labor and capital adjustment costs, as long as there is a time to build assumption for the respective factor of production as for example in Bloom (2009).12 In such a set-up, uncertainty will affect hiring and investment but not the variance of current revenues due to the time to build assumption. Moreover, allowing the discount factor β to vary with uncertainty does not alter the validity of the identification strategy. However, the identification strategy will break down, whenever labor is immediately available and either the current wage is affected by uncertainty due to general equilibrium effects, or there are non-convex labor adjustment costs. This should not be of major concern though because wages are usually quite sticky at the quarterly frequency and the hiring and firing process also takes some time in most countries.



3.3



Test of Identifying Assumptions with Simulated Data



Now that we have derived identifying assumptions for uncertainty shocks that are consistent with recent structural models, it is instructive to test whether the proposed identification strategy actually works if it is applied to simulated data from the model. To this end, a trivariate SVAR with yt = (V [Ri,t ], E[Iit ], E[Lit ])0 is estimated on simulated data and the resulting impulse responses are compared to the true impulse responses from the model. In order to uncover the impact of uncertainty shocks from the estimated reduced 12



To be precise, this claim holds for any adjustment cost specification that does not directly affect measured revenues.
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Figure 1: Estimated and true impulse responses from a trivariate SVAR (a) Uncertainty shock → Investment



(b) Uncertainty shock → Dispersion



(c) Uncertainty shock → Employment



(d) Aggregate shock → Investment



(e) Aggregate shock → Dispersion



(f) Aggregate shock → Employment
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form VAR, the proposed identifying restrictions from above are applied. With these restrictions, uncertainty shocks are identified as the structural innovations to the investment equation when the following identifying restrictions are imposed on the B-matrix in the VAR specification:   b11 0 0 B = b21 b22 0  (16) b31 b32 b33 To produce a sample of simulated data from the model, it is necessary to assign numerical values to the structural parameters of the model. Table 3 in Appendix A summarizes the parameter values that were chosen in order to generate a synthetic data set from the model consisting of 100,000 observations. The SVAR specification described above is estimated on this simulated sample using a specification with 15 lags. The resulting estimates of the impulse responses to an uncertainty shock are displayed in figure 1 along with the true impulse responses from the model. As can be seen from the figure, the estimated impulse responses to an uncertainty shock qualitatively and quantitatively resemble the true impulse responses. For completeness, the estimated impulse responses to an aggregate profitability shock are also displayed in the figure. The results here are analogous to the ones for uncertainty shocks in that the estimated impulse responses quantitatively resemble the true impulse responses. These results show that if the true data generating process was given by the simple model with uncertainty shocks and aggregate shocks described above, then the proposed identification strategy would be able to identify the effects of both types of shocks. The baseline model that is estimated in section 5 is therefore going to be a trivariate SVAR including the cross-sectional variance of firm-level sales, aggregate investment and aggregate employment.
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Data and Preliminary Statistical Analysis



Now that the model consistent identifying assumptions for uncertainty shocks have been derived and tested, a brief discussion of the uncertainty measure and the statistical properties of the US data to which this identification strategy is applied are provided. Details of the data sources can be found in Appendix B.



4.1



Discussion of the Uncertainty Measure



The uncertainty proxy used in this paper is given by the quarterly cross-sectional variance of firm-level real sales which is calculated from Compustat data for the time period 1961 Q1 to 2010 Q3.13 The reason for using the sales variance as a proxy for uncertainty is based on the fact that the way uncertainty shocks are modeled in the literature implies that this measure should vary over time. Given that sales at the firm level are only measured and published at low frequencies, a quarterly dispersion measure is the best we can hope for. Moreover, because sales at the 13



Real sales are calculated by deflating nominal sales by a chain-type price index for GDP with 2005 = 100.
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Table 1: Business cycle properties of main variables Variable SD AR(1) GDP 0.016 0.85 Investment 0.052 0.90 Employment 0.013 0.93 FFR 1.591 0.83 Wage 0.006 0.91 SP 500 0.101 0.82 VXO 0.216 0.59 Variance 0.100 0.64 IQR 0.073 0.78



Corr-lag 0.32 0.36 0.45 0.44 0.19 0.11 0.10 0.64 0.50



Corr 0.46 0.45 0.49 0.45 0.12 0.29 -0.04 1.00 0.62



Corr-lead 0.43 0.43 0.43 0.38 0.00 0.38 -0.16 0.64 0.55



Note: SD refers to the standard deviation and AR(1) to the autocorrelation of the respective variable. Corr refers to the contemporaneous correlation of the respective variable with the cross-sectional variance of firm level sales, while Corr-lag and Corr-lead refer to the correlation when the respective variable lags or leads the sales variance by one period.



quarterly frequency contain a seasonal component, the cross-sectional sales variance needs to be seasonally adjusted by using the Census X-12-ARIMA method. In order to compute the cross-sectional sales variance it is necessary to decide on how to treat entering and exiting firms. The baseline variance measure that is used in section 5 is constructed by restricting the sample to firms that have at least 150 quarters of observations. This basically eliminates variations in the variance that are due to cyclical variations in entry and exit. As is shown in Appendix C, the cyclical dynamics of the cross-sectional sales variance based on different sample selections are similar to this baseline measure but contain more noise. Moreover, robustness tests in section 6 show that the main results are not sensitive to the sample selection.



4.2



Business Cycle Properties of the Main Variables



As the focus of this paper is on the role of uncertainty shocks in US business cycles, all of the variables are logged and detrended using the HP-filter with λ = 1600, which is the common smoothing parameter used for quarterly data. Therefore, all time series used in the rest of the paper have the interpretation of percentage deviations from trend. Figure 2 displays the cyclical components of all the main variables along with the dates identified as recessions by the NBER. In addition, table 1 summarizes the business cycle properties of the main variables such as the autocorrelation, the standard deviation and the correlation with the cross-sectional variance of sales. The first aspect that stands out is that the cross-sectional variance of firm-level sales is quite volatile with a standard deviation of 10 % over the business cycle. In comparison, the standard deviation of the main macro variables like investment, GDP and employment is much lower with 5.2 %, 1.6 % and 1.3 % respectively. The second aspect that is apparent is that the variance of firm-level sales is less persistent than all of the main macro variables. It’s AR(1) coefficient of 0.64 compares to coefficients in the range of 0.82 to 0.93 for the S&P 500, the federal funds rate, 11



Figure 2: Cyclical components of main variables (a) Real GDP



(b) Variance of Sales



(c) Real Investment



(d) Non-Farm Employment



(e) Federal Funds Rate



(f) Hourly Wage



(g) S&P 500



(h) Stock Market Volatility



12



wages, GDP, investment and employment. Looking at figure 2 panel (b) it is apparent that the variance of firm-level sales was extraordinarily high at the beginning of the Great Recession in 2008, but has since fallen considerably again. In general, the variance of firm-level sales seems to be high during or at the beginning of recessions. In terms of co-movement with aggregate variables such as GDP, investment, employment and the federal funds rate, the cross-sectional sales variance displays a positive contemporaneous correlation of around 0.45. Moreover, the cross-sectional sales variance appears to be coincident with these variables.
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The Effect of Uncertainty on Investment and Employment



In this section the baseline specification of the SVAR that includes the cross-sectional variance of firm-level sales, aggregate investment and aggregate employment is estimated. The resulting impulse responses and forecast error variance decompositions to an uncertainty shock are then analyzed.



5.1



The Baseline SVAR Specification



As argued in section 3 a trivariate SVAR that includes the cross-sectional variance of firm level sales, aggregate investment and aggregate employment is able to recover the effect of model consistent uncertainty shocks with the assumption that the B-matrix in equation (2) is lower triangular. This identification strategy reflects the fact that an uncertainty shock only affects aggregate investment upon impact, while an aggregate profitability shock affects aggregate investment, aggregate employment and the cross-sectional variance of sales. The aggregate profitability shock is therefore identified as the structural shock to the variance equation, while the uncertainty shock is identified as the structural shock to the investment equation. The shock to the employment equation does not have a structural interpretation given the model written down in section 3. This trivariate SVAR specification is estimated on the cyclical components of the three variables for the US using data from 1962 Q2 up to 2010 Q3. The SVAR is specified with 2 lags, as this is suggested by all the various information criteria.



5.2



Impulse Responses to an Uncertainty Shock



The central result of this paper can be found in figure 3 which displays the estimated impulse responses to an uncertainty shock and an aggregate shock for the baseline trivariate SVAR specification. The most striking feature about these estimated impulse responses is that the identified uncertainty shock actually leads to considerable booms in aggregate investment and employment of about 2 % and 0.4 % respectively that last approximately two years.14 After this period the two aggregates undershoot their initial levels by around 1 % and 0.2 % and settle down 14



These impulse responses are for an uncertainty shock of size one standard deviation.
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Figure 3: Estimated impulse responses from the baseline model (a) Uncertainty shock → Investment



(b) Uncertainty shock → Employment



(c) Uncertainty shock → Variance



(d) Aggregate shock → Investment



(e) Aggregate shock → Employment



(f) Aggregate shock → Variance



Notes: The impulse responses are for a shock size of one standard deviation. The gray lines indicate the 95 % confidence intervals constructed by using the asymptotic standard errors.
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again after around 5 years. In addition, the cross-sectional variance of sales increases moderately after the uncertainty shock by around 1.5 % and slightly undershoots its initial level after around two years. In contrast, the identified aggregate shock leads to much smaller and shorter lived increases in aggregate investment and employment. The respective increases are 0.5 % and 0.1 %, which is about a quarter of the magnitudes induced by the identified uncertainty shock and they only last for four quarters. After that point aggregate investment and employment start to undershoot their initial levels by around the same magnitudes as the initial increases. Both aggregates settle down again after roughly five years. On the other hand, the identified aggregate shock leads to a large increase in the cross-sectional variance of sales of almost 8 % upon impact. This increase is fairly short lived so that the initial level is reached again after only five quarters. To summarize, while the identified uncertainty shocks leads to considerable booms in investment and employment and moderate increases in the sales variance, the identified aggregate shock leads to small increases in the respective aggregates and a large burst in the sales variance. Both of these results are not in line with the dynamics that are induced by uncertainty shocks in the structural models like Bloom (2009). First, in these models uncertainty shocks lead to drop-rebound-overshoot dynamics in aggregates. Moreover, the uncertainty shock should be responsible for most of the variation in the cross-sectional sales variance.



5.3



Forecast Error Variance Decompositions



To further explore the role of the identified uncertainty and aggregate shocks in shaping aggregate dynamics, table 2 summarizes the associated forecast error variance decomposition. As can be seen, the uncertainty shock explains most of the forecast error of aggregate investment and employment, while it only explains a small fraction of the variation in the cross-sectional variance of firm-level sales. In contrast, the aggregate profitability shock explains most of the forecast error of the cross-sectional variance of firm-level sales, and not much of aggregate investment and employment. These findings hold for all time horizons between one and five years.
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Robustness Tests



In this section some robustness tests for the estimated effects of model consistent uncertainty shocks are performed. In particular, the robustness of the estimated impulse responses with respect to the dimension of the SVAR, the use of alternative uncertainty measures and different identifying assumptions is explored.



6.1



Varying the Dimension of the SVAR



Because the omission of relevant variables from the SVAR can bias the estimated response to structural shocks, a bivariate SVAR with the cross-sectional variance of firm-level sales and aggregate investment as well as a multivariate SVAR including 15



Table 2: Forecast Error Variance Decomposition in the baseline SVAR Horizon



Investment



Employment



1 4 8 12 16 20



Uncertainty 0.95 0.94 0.89 0.79 0.78 0.77



1 4 8 12 16 20



Aggregate 0.05 0.04 0.07 0.07 0.07 0.07



1 4 8 12 16 20



Employment shock 0.00 0.56 0.02 0.38 0.04 0.28 0.14 0.28 0.16 0.30 0.16 0.30
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shock 0.35 0.58 0.67 0.64 0.62 0.63



shock 0.09 0.04 0.05 0.08 0.07 0.08



Dispersion



0.00 0.07 0.10 0.10 0.11 0.11



1.00 0.92 0.88 0.87 0.86 0.86



0.00 0.01 0.02 0.02 0.03 0.03



Figure 4: Robustness to the dimension of the VAR (a) Uncertainty → Investment



(b) Uncertainty → Variance



the S&P 500, the federal funds rate and the wage in addition to the baseline variables are estimated. The identifying assumption for uncertainty shocks is the same as for the baseline estimation, i.e. an uncertainty shock affects investment upon impact but not the sales variance. For the multivariate SVAR, the uncertainty shock is also allowed to affect the federal funds rate and the wage rate contemporaneously. The S&P 500 is placed second in the VAR after the sales variance in order to control for news shocks that affect the stock market. The results of this exercise can be found in figure 4. As can be seen the dynamics of investment and the cross-sectional variance of sales are qualitatively similar to the baseline results. In particular, the identified uncertainty shock still leads to a considerable boom in investment and a moderate increase in the sales variance. The main quantitative difference to the baseline specification is that for the multivariate model, the uncertainty shocks leads to slightly lower responses in investment and the sales variance.



6.2



Using Alternative Uncertainty Measures



Another source that could affect the estimated impulse responses to an uncertainty shock is the sample selection of firms when constructing the cross-sectional variance of firm-level sales. In order to explore this, figure 5 compares the estimated impulse responses to an uncertainty shock when the sales variance is constructed from a sample of firms with more than 100 quarterly observations (medium sample) and more than 60 quarters of observations (low sample).15 It is evident that variations in the sample of firms do not affect the estimated impulse responses much. Moreover, it was tested whether using the interquartile range (IQR) instead of the variance of firm-level sales as the uncertainty measure changes the results. However, as figure 6 shows the dynamics induced by the identified uncertainty shock do not change qualitatively when using this alternative uncertainty measure. 15



Recall that the baseline sales variance is constructed using data on all firms with more than 150 quarters of observations.
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Figure 5: Robustness to sample selection of firms (a) Uncertainty → Investment



(b) Uncertainty → Variance



Figure 6: Robustness to using the IQR instead of the variance (a) Uncertainty → Investment



(b) Uncertainty → Dispersion
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Figure 7: Robustness to the ordering of investment in the VAR (a) Uncertainty → Investment



(b) Uncertainty → Variance



Figure 8: Robustness to the identifying assumptions for uncertainty shocks (b) Uncertainty → Variance



(a) Uncertainty → Investment



6.3



Alternative Identifying Assumptions



Because the ordering of variables within the SVAR will affect the estimated impulse responses, a trivariate and multivariate SVAR where investment is placed last in the system are also estimated for robustness purposes. The uncertainty shock is still identified as the structural shock to the investment equation, which corresponds to an identifying assumption that an uncertainty shock only affects investment upon impact but none of the other variables. The results of this exercise can be found in figure 7. Again, the dynamics induced by an uncertainty shock are qualitatively similar as in the baseline SVAR. As the estimated impulse responses to model consistent uncertainty shocks are not in line with the notion that higher uncertainty leads to recessions, an alternative identification strategy for uncertainty shocks appears interesting to explore. In particular, it seems questionable whether in reality firms already know the applica-
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ble innovation variance one period in advance, as is implied by the way uncertainty shocks are commonly modeled. A more realistic assumption is probably that firms need to observe realizations of more dispersed shocks to realize that they are in a state of heightened uncertainty. Therefore, an identification strategy where uncertainty shocks are identified as shocks that only affect the cross-sectional variance of firm-level sales but none of the other variables is explored. The corresponding results are displayed in figure 8. The figure shows that this type of uncertainty shock actually leads to a fall of aggregate investment that reaches a maximum after 5 quarters. Moreover, aggregate investment rebounds to the initial level after around two and a half years and reaches a maximum overshoot after around three and a half years. This type of drop-rebound-overshoot behavior is more in line with standard intuition and the effect of uncertainty shocks in the paper by Bloom (2009). Furthermore, this type of uncertainty shock actually leads to a large increase of the cross-sectional sales variance of around 7 % upon impact. One important fact to note though is that the maximum drop of aggregate investment is only around - 0.5 % for a one standard deviation uncertainty shock. Given that the business cycle component of aggregate investment has a standard deviation of 5 %, this type of uncertainty shock does not explain much of the variation in investment.
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Conclusion



This paper has proposed an empirical identification strategy for uncertainty shocks that is consistent with the way these types of shocks are modeled in the recent quantitative macro literature. The proposed identification strategy has two parts. First, the cross-sectional variance of firm-level sales is used as a proxy for uncertainty. Second, consistent with the theoretical literature, uncertainty shocks are identified in a SVAR framework as the shocks that affect investment upon impact but do not affect the cross-sectional variance of firm-level sales contemporaneously. This identifying restriction is a direct result of the standard timing assumption in the theoretical models that the applicable variance of innovations is known one period in advance. Thus, an uncertainty shock affects expectations and therefore investment upon impact but does not change the distribution of idiosyncratic profitability across firms until the next period. This identification strategy was then applied to US data in order to study the role of model consistent uncertainty shocks in US business cycles. The main result from the baseline SVAR estimation is that these uncertainty shocks lead to considerable booms in investment and employment that last for around two years. Moreover, while the uncertainty shock explains most of the forecast error in investment and employment it only explains a small part of the forecast error in the cross-sectional variance of firm-level sales. Both of these results are contrary to the dynamics that are induced by these uncertainty shocks in the recent vintage of quantitative macro models. In addition, these dynamics do not correspond to the conventional wisdom that higher uncertainty leads to a slump in investment, employment and aggregate activity. Various robustness tests have shown that these results do not change qualitatively 20



when including additional variables in the SVAR or assuming that the uncertainty shock only affects investment upon impact but none of the other variables. However, imposing the identifying assumption that an uncertainty shock only affects the crosssectional variance of firm-level sales upon impact but none of the other variables changes the dynamics considerably. When an uncertainty shock is identified in this way, higher uncertainty actually leads to a drop, rebound and overshoot of investment and a large increase in the firm-level sales variance. Nevertheless, the drop in investment is quantitatively small reaching a maximum of around - 0.5 % after 5 quarters for a one standard deviation uncertainty shock. Given that the business cycle component of investment has a standard deviation of 5 %, this type of uncertainty shock does not explain much of the variation in aggregate investment. The above results suggest that the way uncertainty shocks are modeled in the quantitative macro literature needs to be reconsidered. In particular, the standard timing assumption that the expectational effect of uncertainty shocks leads the distributional effect seems questionable given the empirical results in this paper. The impulse responses derived from the alternative identification strategy suggests that a timing assumption where firms need to observe realizations from a more dispersed distribution before they realize that they are in a state of heightened uncertainty could be promising.
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Appendix A: Supplementary Tables Table 3: Parameter values used to simulate data from the model Parameter β δ w a b c p µz ρz ση µη µψ ρψ ρσ µσ σε



Value 0.99 0.026 1 0.25 0.50 1−a−b 1 0 0.9627 0.015 0 0 0.9627 0.7 0.09 0.0357



Description Discount factor Depreciation rate Wage rate Exponent on capital Exponent on labor Exponent on profitability Price of capital Intercept of aggregate profit. AR(1) parameter of aggregate profit. Std of innovations of aggregate profit. Mean of aggregate innovations Intercept of idiosyncratic profit. AR(1) parameter of idiosyncratic profit. AR(1) parameter of idiosyncratic innovation variance Intercept of idiosyncratic innovation variance Std of innovations to idiosyncratic shock variance
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Appendix B: Description of the Data Sources Macro Variables: All the macro variables were downloaded from Datastream. The frequency of observation is quarterly and where available the series cover the time period 1950 Q1 to 2011 Q2. Moreover, all series are seasonally adjusted. The real series are chain-type quantity indices where the base year is 2005 = 100. The series of interest are real GDP, real investment, non-farm employment, the federal funds rate and the hourly wage of private industry production workers. NBER Recession Index: The official NBER business cycle dates were downloaded from the NBER website. Based on these dates an index was created that takes a value of one to indicate a quarter in recession and it takes a value of zero to indicate a quarter in expansion. Note that both peak and trough quarters are counted as part of a recession. S&P 500 Stock Market Index: The series was downloaded from the FRED Database of the St. Louis Fed. The series is at a quarterly frequency and spans the time 1957Q1 to 2011Q2. The quarterly data was constructed as the average of daily data within the quarter. Stock Market Volatility: The stock market volatility index is taken from the paper by Bloom et al. (2010), which can be downloaded from the homepage of Nick Bloom. This index is a combination of actual stock returns volatility of the S&P 500 index (for time periods before 1986) and the CBOE VXO volatility index for the S&P 100 (for time periods after 1986).16 Firm Level Sales: The sales figures at the firm level are taken from Compustat and span the time period 1961 Q1 to 2010 Q3. The nominal sales figures are then deflated by the price index for GDP to arrive at real sales figures, from which crosssectional measures of dispersion are computed. 16



The exact description of the stock market volatility series in Bloom et al. (2010) is: ”CBOE VXO index of % implied volatility, on a hypothetical at the money S&P 100 option 30 days to expiration, from 1986 to 2009. Pre 1986 the VXO index is unavailable, so actual monthly returns volatilities calculated as the monthly standard-deviation of the daily S&P 500 index normalized to the same mean and variance as the VXO index when they overlap (1986-2006). Actual and VXO are correlated at 0.874 over this period. The market was closed for 4 days after 9/11, with implied volatility levels for these 4 days interpolated using the European VX1 index, generating an average volatility of 58.2 for 9/11 until 9/14 inclusive.”
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Appendix C: Different Measures of Cross-Sectional Dispersion All the dispersion measures discussed below refer to the cyclical component when logging the series and detrending it using the HP-filter with λ = 1, 600. The dispersion measures are computed for various firm samples in Compustat. The different samples are defined as follows: High sample - Only uses data for firms with more than 150 quarters of observations; Medium sample - Only uses data for firms with more than 100 quarters of observations; Low sample - Only uses data for firms with more than 60 quarters of observations; Full sample - All available firm observations are used in each time period. From figure 9 it is apparent that the cross-sectional standard deviation of real and nominal sales are almost the same. For consistency with the macro series the dispersion in real sales will therefore be used. From figure 10 it is evident that the cross-sectional standard deviation of real sales has a seasonal component. Therefore, the original dispersion series is seasonally adjusted using the Census X12-Arima method before detrending. From figure 11 it can be seen that the seasonally adjusted standard deviation of real sales is somewhat affected by how we restrict the sample of firms. It appears that the less we restrict the sample, the more volatile is the dispersion measure. However, the basic dynamics of the cross-sectional standard deviation are similar across the different sample selections. The main difference is that between the mid 1980’s and mid 1990’s the standard deviation for the larger samples is very volatile. It therefore seems appropriate to use the sample that only considers firms with more than 150 quarters of observations. Figure 12 shows the cyclical properties of other measures of spread such as the variance, the interquartile range and the coefficient of variation. Logically, the variance has the same properties as the standard deviation just scaled. The interquartile range has similar dynamics, but seems to contain more noise than the standard deviation. The coefficient of variation is less volatile and seems to have somewhat different dynamics. Figures 13 and 14 compare the interquartile range and the coefficient of variation for different sample sizes. We can see that the interquartile range gets more volatile as we increase the number of firms in the sample and at the same time the noise gets reduced. The coefficient of variation gets more noisy and volatile as we increase the sample size, similar to what was found for the standard deviation. Given the considerations above, the baseline dispersion measure that is used in the SVAR estimation is the cyclical component of the seasonally adjusted crosssectional variance of real sales for the high sample.
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Figure 9: Comparison of the standard deviation between real and nominal sales (a) High sample



(b) Medium sample



(c) Low sample



(d) Full sample
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Figure 10: Comparison of the seasonally adjusted and unadjusted standard deviation (a) High sample



(b) Medium sample



(c) Low sample



(d) Full sample
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Figure 11: Comparison of the standard deviation depending on the sample (a) High sample



(b) Medium sample



(c) Low sample



(d) Full sample
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Figure 12: Comparison of different measures of spread (a) Standard deviation



(b) Variance



(c) Interquartile range



(d) Coefficient of variation
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Figure 13: Comparison of the interquartile range depending on the sample (a) High sample



(b) Medium sample



(c) Low sample



(d) Full sample
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Figure 14: Comparison of the coefficient of variation depending on the sample (a) High sample



(b) Medium sample



(c) Low sample



(d) Full sample
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