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Empirical results Impulse responses using extended sample



Figure 1 shows the estimated impulse response from the recursive VAR and the proxy VAR when the sample in Bloom (2009) is extended to 2014. The key results are preserved. In particular, the response of industrial production, employment and the stock price index is larger when the proxy VAR is used.



1



1.2



Additional Monte-Carlo experiments



We conduct two new Monte-Carlo experiments. In the …rst additional experiment, the stochastic volatility is added to the preference shock. In the second additional experiment the stochastic volatility is added to the preference shock. In both cases, adding measurement error to the uncertainty shock generated by the model leads to a bias when the empirical model is the recursive VAR. This measurement error bias is virtually non-existent when the proxy VAR is used. Figure 2 shows the counterpart to …gure 2 in the paper when the DSGE model incorporates stochastic volatility in the preference shock. Note the Z-axis of each …gure shows the bias in in impulse responses calculated as the di¤erence between the point estimate of the VAR response and the DSGE response–as all the responses are negative a positive bias implies that the VAR response is a smaller negative number than the DSGE response. The top panel shows that as the variance of the measurement error increases, there is no increase in the bias associated with the impulse responses from the proxy VAR. In contrast, when the recursive VAR is used, the estimated responses become substantially smaller than the DSGE responses as the measurement error becomes important. Figure 3 shows the same experiment for the case when the stochastic volatility in the DSGE model is incorporated in the productivity shock. In this case, the uncertainty shock in the DSGE model results in a fall in output and an increase in in‡ation and the interest rate (see Fernandez-Villaverde et al. (2011)). This result is replicated by the two empirical models, but as before the recursive VAR su¤ers from attenuation bias. As the measurement error becomes more important the impulse response of in‡ation and interest rate from the recursive VAR is smaller than the DSGE response and thus the bias is negative while the impulse response of output is less negative than the DSGE response and thus the bias is positive. As before, the proxy VAR does not su¤er from this measurement error bias as shown by the top panels of the …gure.



1.3



Details of Proxy VAR estimation



Consider the following proxy VAR Yt = c +



P X



Bj Yt



j



+ A0 " t



j=1



Suppose an instrument Mt is to be used to estimate the …rst shock which is of interest. Then the moment conditions are E (Mt ; "1;t )



=



E (Mt ; "i;t )



=



6= 0 relevance



0; i = 2; 3; 4 exogenous instrument



We also assume that V AR ("t ) = D = diag (



"1t ; ::: "N t ).



Consider the columns of A0 = [A0;1 ::::A2 0;N ]: E("1t Mt ) 6 : Note also that A0 "t = ut where V AR (ut ) = :Note that E (ut Mt ) = E (A0 "t Mt ) = [A0;1 ::::A0;N ] 6 4 : E("N t Mt ) A0;1 : Stock and Watson (2008) show that "1t can be estimated via a regression of Mt on ut . Let



2



3



7 7= 5



be the coe¢ cient on ut . Then the …tted value ut



ut can be de…ned as is



E (Mt u0t )



=



A00;1



=



1



ut 1 0 (A0 DA0 ) 0



A00;1 A0 1 D



=



1



ut A0 1 u t "t



[1;0;:::0]



"1t (shock up to sign/scale) D11



= Thus



2



ut provides an estimate of shock of interest and



can be recovered as by-product if required.



The nonlinear DSGE model



This appendix describes the model used in the Monte Carlo simulation exercise discussed in the paper.



2.1



Households



There is a continuum of households de…ned on the zero one interval j 2 [0; 1]. Households consume, save in bonds, work and pay taxes. The preferences of the representative household are given by the functional utility function: ( ) 1 1 C X (cj;t hcj;t 1 ) lj;t 1+ L i Et (1) 1 1+ L C i=0



where cj;t denotes consumption, lj;t denotes the household’s labour supply, C is the inverse of elasticity of intertemporal substitution, L is the inverse elasticity of labour supply with respect to the real wage, h is the habit formation parameter, is a labour disutility scale parameter and Et [ ] is the expectations operator. Utility is maximised with respect to the budget constraint: Pt wj;t lj;t + Rt



1 Pt 1 Bj;t 1



+ Pt



j;t



= Pt cj;t + Pt



Bj;t + Pt "B t



j;t



where wj;t denotes real wages, Bj;t is the value of real government debt, j;t stands for real pro…ts, j;t is lump-sum taxes, Pt is the consumer price index and Rt is the gross value of the nominal interest rate. "B t is an exogenous premium shock in the return to bonds, as it is explained in Smets and Wouters (2007) this disturbance captures ine¢ ciencies in the …nancial sector leading to some premium on the deposit rate versus the risk free rate set by the central bank. The premium shock "B t follows an exogenous ARMA process: log "B t = (1



B "B ) log "



+



log "B t 1+



"B



B "B t ;



B t ~N (0;



B



)



(2)



In real terms the budget constraint becomes: wj;t lj;t +



Rt



1



Bj;t



1



+



t



3



j;t



= cj;t +



Bj;t + "B t



j;t ;



(3)



where t = PPt t 1 is consumer price in‡ation. If we focus on a symmetric equilibrium then the maximisation of (1) subject to (3) with respect to cj;t , Bj;t and ljt deliver the marginal utility function, the consumption Euler equation and the labour supply, respectively: (ct



1 hct



1) t



"B t



Et



C



2.2



t



Rt



= Et



=



C



t;



;



t+1



(4)



(5)



t+1



wt where



h hct )



(ct+1



t



= lt L ;



(6)



is the Lagrange multiplier associated with the budget constraint.



Firms



Intermediate Good Producers There is a continuum of intermediate good producers de…ned on the interval 0 to 1 and subindexed by n. The production function of …rm n is given by yn;t = At ln;t



(7)



where At is a temporary total factor productivity shock common to all intermediate good producers: log At = (1



A ) log A



+



A



log At



1



+



A A t :



(8)



Final Good Producers Intermediate …rms sell a di¤erentiated good to …nal output producers with …rm n facing demand "p Pn;t yt (9) yn;t = Pt from the producers of …nal goods. Pn;t is the price set by …rm n; yt and Pt are the aggregate quantity and price of the …nal good and "p is the elasticity of substitution. The aggregate quantity of …nal good is given by the CES aggregator yt =



Z



1



"p 1 "p



yn;t



"p "p 1



dn



(10)



0



and the …nal good price index is given by: Pt =



Z



1



(Pn;t )



1 "p



1



dn



1 "p



:



(11)



0



Intermediate good producers face a quadratic cost of adjusting prices, where p is the parameter that determines the degree of price stickiness in this sector i.e. to what degree prices adjust either to steady state value added in‡ation ( ), or to a lagged measure of in‡ation. Each …rm n solves the following problem: "1 # X Pn;t i t+i Pn;t yn;t Pn;t wt ljt ; Pn;t yn;t (12) max Et p Pn;t ;ln;t Pn;t 1 t i=0 4



subject to the production function (7) and demand equation (9). The …rst order condition with respect to labour delivers the labour demand equation and again focusing only on a symmetric equilibrium wt ; (13) mct = At where mct is the shadow cost of one additional unit of output for the …rm, which equals the real marginal cost. By maximising the pro…t function (12) with respect to Pn;t we derive the in‡ation Phillips curve: 1=



"p "p



1



mct



p



(



p t



p t



1)



2.3



t



=



1



1



p t+1



:



p



p



p t+1



yt



t



where p t



t+1 yt+1



t+1



Et



;



(14)



(15)



t 1



The government sector



The government purchases g units of …nal output and …nances its expenditure through lump-sum taxes and by issuing one-period bonds. The government’s budget constraint is: gyt +



Rt



1



Bt



=



1



t



+ Bt :



(16)



t



2.4



Monetary policy



The monetary policy maker follows a rule for the nominal interest rate that responds to deviations of CPI in‡ation from its target ( ), and to deviations of output from its steady-state value. This gives the following rule: Rt 1 R



Rt = R



R



t



(1



R)



(1



yt y



R) Y



"R t :



(17)



R is the steady state nominal interest rate that ensures that CPI in‡ation is at target in the long run, and "R t is a conditional heteroscedastic interest rate shock, which follows an AR(1) process: log "R t =



"R



log "R t 1+



R R t t :



(18)



The evolution of policy uncertainty is given by: log



2.5



R t



= (1



R



)



"R



+



R



R t 1



log



+



R R



t



:



(19)



Aggregation and market-clearing conditions



After some algebra the market clearing condition is: 2



(20)



1) yt



(21)



p



( p 1) yt : 2 t For simplicity and without loss of generality we set g equal to zero implying that: yt = ct + gyt +



yt = ct +



p



(



p t



2



2 Table 1 collects all the equations required for the solution of the model. 5



Table 1: DSGE Nonlinear Model Equations Equations



Mnemonics



Marginal Utility of Consumption Consumption Euler Equation



1 hct 1 ) C n



(ct t



= Et



"B t



Labour Supply Production Function Labour Demand



wt t = lt y t = A t lt wt mct = A t



Price Phillips Curve



1=



Policy Rule



Rt R



Market Clearing Condition Consumption Preference Shock Temporary TFP Shock Policy Shock Policy Uncertainty



2.6



Et



Rt 1 R



h hct ) C



=



t



Rt



t+1



t+1



L



"p mct "p 1



=



(ct+1 o



p R



n ( t



p t



1)



(1



R)



p t



Et yt y



(1



h



t+1 yt+1



t+1



yt



t R) Y



p t+1



1



"R t



p t+1



io



2



p t



yt = ct + 2p ( 1) yt log "B = (1 ) log "B + "B log "B B t t 1 + " log At = (1 ) log A + log A + A t 1 A A R R R log "R t = "R log "t 1 + t t R log R R ) "R + R log t 1 + t = (1



B t



"B A t



R R



t



Steady-State



The steady-state of this model is readily derived. From (14) we obtain the solution for marginal cost "p 1 mc = : (22) "p The steady-state of hours has been calibrated to 1=3 (which corresponds to 8 working hours) and it delivers the steady-state value of output using the intermediate goods production function (7) y = Al:



(23)



From the Euler equation (5) we get the value of the nominal interest rate R=



"B



:



(24)



The steady state value of consumption is given by using the market clearing condition (21) c = y: The marginal utility expression (4) is used to derive the steady-state value of Lagrange multiplier =



(1 h) ((1 h) c)



C



:



(25)



We use the labour demand equation (13) to obtain wages w = Amc: Finally, we solve for



(26)



that ensures that l = 1=3 at the steady-state =



w : l L



6



(27)



2.7



Solution and Calibration



The model is solved using third-order perturbation methods (see Judd (1998)) since for any order below three, stochastic volatility shocks which are of interest, do not enter into the decision rule as independent components. One di¢ culty of using these higher-order solution techniques is that paths simulated by the approximated policy function often explode. As it is explained by Kim et al. (2008), regular perturbation approximations are polynomials that have multiple steady state and could yield unbounded solutions. In other words, this approximation is valid only locally and along the simulation path we may enter into a region where its validity is not preserved anymore. To avoid this problem Kim et al. (2008) suggest to ‘prune’all those terms that have an order that is higher than the approximation order, while Andreasen et al. (2013) show how this logic can be applied to any order. Although there are studies that question the legitimacy of this approach (see den Haan and de Wind (2010)), it has by now been widely accepted as the only reliable way to get the solution of n –where n > 1 –order approximated DSGE models. Finally, due to model’s nonlinearity we employ the procedure introduced to Koop et al. (1996) (known as generalised impulse responses) to study the agents’dynamic responses to structural disturbances. The calibration of the model is fairly standard, similar to Justiniano et al. (2010) we set C = 1 (log utility), while following Christiano et al. (2005) and Adolfson et al. (2007) we set L = 1. = 4%) are taken from the The values of p = 21, p = 236:1, = 0:9945, = 1:0045 (R = study of Fernandez-Villaverde et al. (2011), the habit formation parameter value (h = 0:75) is the one estimated by Christiano et al. (2005) and it is also used by Fernandez-Villaverde et al. (2011). The policy reaction function parameters ( R = 0:83, = 2:03 and y = 0:3) and the coe¢ cients of the stochastic process ( "B = 0:18, 100 "B = 0:23, A = 0:95, 100 A = 0:45, "R = 0:15, 100 "R = 0:24) are those estimated by Smets and Wouters (2007). Finally, the parameters of the policy uncertainty process have been set R = 0:9 and 100 R = 1. Table 2 provides a summary of the calibration.



References Adolfson, Malin, Stefan Laseen, Jesper Linde and Mattias Villani, 2007, Bayesian estimation of an open economy DSGE model with incomplete pass-through, Journal of International Economics 72(2), 481–511. Andreasen, Martin M., Jesus Fernandez-Villaverde and Juan Rubio-Ramirez, 2013, The Pruned State-Space System for Non-Linear DSGE Models: Theory and Empirical Applications, Working Paper 18983, National Bureau of Economic Research. Benati, Luca, 2008, The "Great Moderation" in the United Kingdom, Journal of Money, Credit and Banking 40(1), 121–147. Bloom, Nicholas, 2009, The Impact of Uncertainty Shocks, Econometrica 77(3), 623–685. Christiano, Lawrence, Martin Eichenbaum and Charles Evans, 2005, Nominal Rigidities and the Dynamic E¤ects of a shock to Monetary Policy, Journal of Political Economy 113, 1–45.
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Table 2: DSGE Parameters Mnemonics C L p p p



R



y



h B



A R R



100 100 100 100



B



A R R



Description Time discount factor Elasticity of intertemporal substitution Elasticity of labour supply Elasticity of substitution among types Rotemberg price parameter Price indexation Steady-state of in‡ation Policy rate smoothing parameter Policy reaction coe¢ cient to in‡ation Policy reaction coe¢ cient to output Consumption smoothing parameter Persistence of the consumption shock Persistence of the productivity shock Persistence of the policy shock Persistence of the uncertainty policy shock Std of the consumption preference shock Std of the productivity shock Std of the policy shock Std of the uncertainty policy shock



Value 0.9945 1 1 21 236.1 0.75 1.0045 0.81 2.03 0.3 0.75 0.18 0.95 0.15 0.9 0.23 0.45 0.24 1



Source Fernandez-Villaverde et al. (2011) Justiniano et al. (2010) Christiano et al. (2005) Fernandez-Villaverde et al. (2011) Fernandez-Villaverde et al. (2011) Benati (2008) Fernandez-Villaverde et al. (2011) Smets and Wouters (2007) Smets and Wouters (2007) Smets and Wouters (2007) Christiano et al. (2005) Smets and Wouters (2007) Smets and Wouters (2007) Smets and Wouters (2007) Mumtaz and Theodoridis (2012) Smets and Wouters (2007) Smets and Wouters (2007) Smets and Wouters (2007) Mumtaz and Theodoridis (2012)



den Haan, Wouter J. and Joris de Wind, 2010, How well-behaved are higher-order perturbation solutions?, DNB Working Papers 240, Netherlands Central Bank, Research Department. Fernandez-Villaverde, Jesus, Pablo Guerron-Quintana, Keith Kuester and Juan Rubio-Ramirez, 2011, Fiscal Volatility Shocks and Economic Activity, PIER Working Paper Archive 11-022, Penn Institute for Economic Research, Department of Economics, University of Pennsylvania. Judd, Kenneth, 1998, Numerical Methods in Economics, MIT Press, Cambridge. Justiniano, Alejandro, Giorgio Primiceri and Andrea Tambalotti, 2010, Investment shocks and business cycles, Journal of Monetary Economics 57(2), 132–45. Kim, Jinill, Sunghyun Kim, Ernst Schaumburg and Christopher Sims, 2008, Calculating and using second-order accurate solutions of discrete time dynamic equilibrium models, Journal of Economic Dynamics and Control 32(11), 3397 –414. Koop, Gary, M. Hashem Pesaran and Simon M. Potter, 1996, Impulse response analysis in nonlinear multivariate models, Journal of Econometrics 74(1), 119–147. Mumtaz, Haroon and Konstantinos Theodoridis, 2012, The international transmission of volatility shocks: an empirical analysis, Bank of England working papers 463, Bank of England. Smets, Frank and Rafael Wouters, 2007, Shocks and Frictions in US Business Cycles: a Bayesian DSGE Approach, American Economic Review 97, 586–606. Stock, James H. and Mark W. Watson, 2008, WhatŠs New in Econometrics- Time Series, Lecture 7, National Bureau of Economic Research, Inc.
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Figure 1: Impulse responses using sample extended to 2014
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Figure 2: Measurement error bias when the DSGE model incorporates preference uncertainty



Figure 3: Measurement error bias when the DSGE model incorporates productivity uncertainty
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