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Abstract

Structural VAR studies disagree with narrative accounts about the history of monetary policy dis-
turbances. We investigate whether employing the narrative monetary shock account as a proxy
variable in a VAR model aligns both shock series. We find that it does not.
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1. Introduction

The history of monetary policy shocks is important and widely used for policy analysis. This
time series is essential for the historical decomposition of key macro variables such as output and
prices since it uncovers the historical contribution of monetary policy to the business cycle. The
sequence of monetary policy disturbances is moreover important for conducting counterfactual
analyses to explore the role of monetary policy. Yet while the importance of monetary policy
shocks is widely recognized, there is strong disagreement about its composition in the empirical
literature.'

One strand of the empirical literature estimates the monetary policy shocks using a structural
vector autoregressive (VAR) model (e.g. Sims, 1992; Christiano et al., 1996; Bernanke and Mihov,
1998). Another strand of the literature identifies monetary policy disturbances outside of a time
series model, e.g., based on careful reading of documents pertaining to monetary policy decisions.
This is referred to as the narrative approach and was pioneered by Romer and Romer (1989).2 The

*We would like to thank Jorg Breitung, Sandra Eickmeier, Norbert Metiu, and Gernot Miiller for their helpful
comments on the paper. The views expressed by the authors in this paper are their own and do not necessarily reflect
those of the Deutsche Bundesbank.

Tizetzki and Jin (2013) document the differences for structural monetary policy shock time series as well as
structural fiscal policy shock time series with corresponding narrative accounts. In this paper, we only consider
monetary policy shock time series.

2Similarly, other studies focus on financial market data outside the model to uncover a measure of monetary policy
shocks. In particular, these papers measure surprise changes in the target federal funds rate (e.g. Kuttner, 2001;
Giirkaynak et al., 2005) or measure market announcement movements (e.g. Cochrane and Piazzesi, 2002; Faust et al.,
2004).
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two strands of the literature result in discrepancies about the history of monetary policy shocks.
Rudebusch (1998) even argues that the fact that the identified VAR model shocks are not in line
with the narrative account casts doubt on the VAR method in general.

In the present paper, we attempt to reconcile the monetary policy shocks identified with a
common structural VAR model and the narrative measures by Romer and Romer (2004). To
achieve this, we employ the method suggested by Mertens and Ravn (2013b,a).> The method
incorporates the narrative monetary policy shocks into the VAR model by treating them as a proxy
for the structural monetary policy shocks. Hence, this method offers an identification scheme for
monetary policy shocks which seems promising to reconcile both strands of the literature. The
otherwise standard VAR model also includes industrial production, the intended change in the
federal funds rate, the price level, commodity prices, and a monetary aggregate. We find that the
correlation between the narrative measures and the identified VAR model shocks are higher in
comparison to the recursive identification scheme. However, the discrepancy between both shock
series is still large.

We propose two explanations for the misalignment of the narrative account and the VAR model
shock series. One is that the narrative time series by Romer and Romer (2004) is plagued with
measurement error. The other is a potential misspecification of the VAR model. We then analyze
how each source affects the results. To that end, we build on the findings by Coibion (2012). He
focuses on the differences between the impulse response functions of the recursively identified
VAR model and the impulse response functions of the narrative monetary policy shock. Coibion
(2012) shows that three sources account for the difference: the response of the federal funds rate,
the importance of two brief periods in 1982, and the selection of the lag length of the VAR model.
Coibion (2012) provides alternative measures of the narrative monetary shock time series which
account for potential sources of measurement errors. We analyze these alternative narrative ac-
counts as well as a different lag length of the VAR model within our setup. Our results show that
the alternative narrative accounts by Coibion (2012) have a smaller measurement error and that
the misalignment between the monetary policy shock time series is sensitive to the lag selection.

2. Data and the VAR model setup

2.1. Data

Throughout the paper, we use the data set of Romer and Romer (2004).* All data are of
monthly frequency, non-seasonally-adjusted, and cover the time span from January 1966 to De-
cember 1996. In our analysis, we follow Romer and Romer (2004) and use the change in the
log of the non-seasonally-adjusted index of industrial production (Ax;) as the output measure and
the change in the log of the non-seasonally-adjusted producer price index (Ax,). Additionally, as
suggested by Romer and Romer (2004), we employ the change in the intended federal funds rate
instead of the actual federal funds rate and employ their measure of monetary policy shocks as

3The approach in these papers is also related to Stock and Watson (2008, 2012) and shares some ideas with e.g.
Hamilton (2003), Kilian (2008), Nevo and Rosen (2012), and Evans and Marshall (2009).
“The data set is available at http://www.aeaweb.org/aer/data/sept04_data_romer.zip.
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narrative account. The construction of this time series by Romer and Romer (2004) is based on a
specific monetary policy reaction function,

Ai; = f(X)) + &y (1)

where Ai, denotes the change in the intended federal funds rate around FOMC meetings and X,
denotes the various regressors, e.g. inflation, output, unemployment, and Greenbook forecasts.
Romer and Romer construct their new measure of monetary policy shocks, m;,, from the residuals
&m, by transforming them into monthly values. Figure 1 plots this new monetary policy measure
as a solid line.’

Next to output, prices, and the policy rate, the VAR model includes the change in the log of the
index of world commodity prices (An{) and the change in the log of the money stock AM,. The
former time series is part of the data set used by Romer and Romer (2004), the latter is the change
in the log of non-seasonally-adjusted nominal M2 taken from the FRED II database of the Federal
Reserve Bank of St. Louis. These data are chosen to reduce the potential misspecification of the
VAR model as discussed in e.g Sims (1992).

2.2. The VAR model setup
We specify the endogenous variables of the VAR model (y,) in the following way:

vo=[Ax Am Az Ai, AM, | 2)
The VAR model with n endogenous variables is given by:
Y+ = By + Dod; + B(L)y,-1 +u;, u; ~N(0,%,) , (3)

where B(L) denotes the reduced form VAR model coefficients, B, the intercept, and Dy monthly
dummies coefficients. Following Romer and Romer (2004), we use 36 lags of y; for the VAR
model setup. u, denotes the n X 1 vector of reduced form errors with the corresponding variance-
covariance matrix X,. The reduced form errors u, are related to the structural errors ¢, as follows:

u, =A¢, €~N(@QO,I). 4)

The identification issue in VAR models arises, because it is not possible to determine A uniquely
from X, = AA’. One way to identify the VAR model is to employ a recursive identification scheme,
i.e. to assume that the intended federal funds rate is not affected contemporaneously by shocks to
output or prices, but by shocks to the monetary aggregate. The recursive identification scheme is
computed by taking the Cholesky decomposition (A) of the variance-covariance matrix. Given the
Cholesky decomposition, the structural shocks can be computed using equation (4). Figure 1 plots
the monetary policy shocks estimated on the basis of the five variable VAR model as dashed lines.
This figure illustrates the common criticism with respect to structural VARs that the identified
shocks are not in line with descriptive records (e.g. Rudebusch, 1998). Given our specific identifi-
cation scheme, the correlation between the monetary shock accounts is approximately 0.3556.

SThroughout the paper, when comparing shock accounts with each other, we re-scale each series by its standard
deviation for better illustration.
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Figure 1: Shock comparison. The solid line represents the scaled narrative shock by Romer and Romer (2004), the

dashed line represents the identified VAR model shock, the correlation between the two is 0.3556.

3. The proxy VAR model

In the following paragraphs, we will outline the method of Mertens and Ravn (2013b) to keep
this paper self-contained. We start by partitioning the first row (a;) of the impulse matrix (A) in
(4), the reduced form innovations, and the structural innovations as follows:

[ ’
’

a, = 6111} ay ] (5)
nx1 | X n—1x1

_ , ,
€ = €1t 62,1‘ ]
nx1 | IXI p-ixd

_ , ,
U; = Uy uZ,t ]
nx1 | XL peixi

The first part (€, and u; ;) is associated with the monetary policy shock, the second part comprises
the additional shocks. Corresponding to the definition of a;, the monetary policy instrument is
ordered first in the proxy VAR model.® The narrative shock series (m,) is assumed to be a proxy
variable which is correlated with ¢,

Elme =0, ®#0, (6)
and uncorrelated with the remaining structural shocks:
E[m&,] = 0. (7

Assumption (6) stresses the difference to the narrative approach. The narrative approach assumes
the narrative shock series to be perfectly correlated with the structural shock. By employing the
notation X, = E[AB], Mertens and Ravn show that using relationships (4)-(7), the additional
restrictions for the identification of the structural shock e, can be derived as:

_ vyl
az = Zmu'l z:mu;all (8)

Mertens and Ravn suggest using the following procedure to estimate the effects of €, on y, using
m, as a proxy variable:

®This is only due to notation. The order of the variables in the proxy VAR model does not affect the results.
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1. Estimate the VAR model in equation (3).
2. Regress the VAR model’s residuals u,; on the proxy variable m, to estimate X, .

3. Given X, and X,, calculate a; using equation (8) and the fact that ¥, = AA’. A more
detailed description of the calculation is given in Appendix Appendix A.

In order to estimate the quality of the proxy variable, Mertens and Ravn assume the following
relationship between m;, and € ,:
m; = E[D](Te; +v,), )

where v, denotes the measurement error, D, is an indicator dummy variable tracking zero-observations
in m,, and I a scalar to be estimated. Mertens and Ravn assume additionally independent random
censoring errors. Therefore, the censoring error is captured by the expectation operator in front
of D,. To derive the reliability measure of the proxy variable, Mertens and Ravn (2013b) aug-
ment the VAR model in equation (3) with equation (9) to form a measurement error model.” The
corresponding reliability measure A is given by:

T T 1 T
A = FQ Z Dtélz,t + Z Dt(mt - Fél,t)2 1—~2 Z Dtélz,t (10)
=1 t=1 t=1

A is the fraction of the variance in the uncensored measurements which is explained by the vari-
ance of the estimated structural shocks €;;. Therefore, the measure lies in an interval between zero
and one. A A close to one indicates a high quality proxy, while a A close to zero indicates a low
quality measure.

4. Results

In Table 1, column two and three (R&R (2004)) display the reliability measure A and the cor-
relation between the identified monetary policy shocks of the proxy VAR model and the narrative
time series by Romer and Romer (2004). The reliability measure A is estimated to be only 0.0432.
The correlation between both shock series increases, but only slightly to 0.3807. Hence, employ-
ing the narrative monetary policy shock by Romer and Romer (2004) as a proxy in the VAR model
(eq.3) does not align the identified shock series.

We propose two explanations for the misalignment of the two shock series. One is that the
narrative time series by Romer and Romer (2004) is plagued with major measurement error. The
other is potential misspecification of the VAR model. In the following, we describe how each
explanation can arise and illustrate how they affect the reliability measure and the correlation
between both shock series.

Measurement error in the narrative shock time series means, that the narrative account captures
only a small exogenous component of the true shock. Therefore, it is a weak proxy variable for the
monetary policy shock. Yet, the quality of the measurement error also depends on the estimation of
the policy rule in equation (1). Sims and Zha (2006) and Hamilton (2010) suggest that one should

A detailed description can be found in Appendix B.



explicitly allow for heteroskedastic errors when estimating policy rules. Furthermore, measure-
ment error in the narrative account could be related to neglecting innovations of the policy rule,
e.g., time-variation of the policy rule’s coeflicients as suggested by Boivin (2006) and Coibion and
Gorodnichenko (2011) or that the policy rule misses important variables as, e.g., FOMC forecasts
(Ellison and Sargent, 2012). To illustrate the relation between potential measurement error and
the reliability measure, we follow Coibion (2012) and employ alternative narrative shock series.
In particular, Coibion (2012) re-estimates equation (1), firstly, by using a GARCH(1,1)-model to
account for heteroskedastic error terms and, secondly, by allowing for time-varying coefficients.
We refer to these alternative narrative shock series as R&R-GARCH and R&R-TVC respectively.’
Moreover, Leeper (1997) and Coibion (2012) suggest that narrative time series could still con-
tain endogenous components. To this end, we regress the narrative account by Romer and Romer
(2004) on current and lagged macroeconomic variables of the VAR model and employ the resulting
error terms as an alternative proxy variable.” We refer to this alternative specification as R&R-E.
The first row of Table 1 displays the results. While the third alternative specification does not lead
to an increase in the reliability measure, the other two specifications do. For example, the specifi-
cation R&R-TVC increases the reliability measure to 0.0642 and the correlation to 0.4575. Thus,
our findings confirm the findings of the literature that the original narrative account by Romer and
Romer (2004) is plagued by measurement error. Reducing the measurement error increases the
reliability measure A and reduces the discrepancy between the structural monetary policy shock
and the narrative account.

Lag length R&R (2004) R&R-E R&R-TVC R&R-GARCH
A Corr A Corr A Corr A Corr

p =36 .0432 3807 .0321 .3862 0642 4575 .0589 4440
p=12 3967  .6208 3095 .6373 4799  .6752 4762 6737

Table 1: Reliability measure (A) of different narrative shock measures and for different lag length (p). The second
number (Corr) indicates the correlations between the identified structural shock series and the narrative measure.

The second explanation for the misalignment of both shock series is misspecification of the
VAR model. Misspecification of the VAR model leads to biased estimation of the reduced form
shocks. Since step two in the estimation procedure by Mertens and Ravn (2013b) is based on the
reduced form innovations, it is impossible to identify the true shocks correctly. One candidate of
VAR model misspecification is the number of lags included in the VAR model, because the esti-
mated reduced form error depends on the number of lags included in the VAR model. Additionally,
Coibion (2012) finds that the difference between the impulse response functions of the VAR model
and impulse response functions of the narrative shock series reduces if the lag length is set to 12.
We follow Coibion (2012) by estimating the proxy VAR model also with 12 lags. The second

8The alternative narrative shock series are available at http://www.aeaweb.org/aej/mac/data/2011-0041_
data.zip.

9More specifically, we run the regression ¢/ = ¢ + Zf:o X;—; + V¢, where x is a matrix containing the same variables
as the VAR model but without the intended Fed funds rate. We follow Coibion (2012) and include six lags.
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row of Table 1 shows the results. For the original narrative shocks, R&R (2004), the reliability
measure increases up to 0.3967. In case of the R&R-TVC specification, the reliability measure
increases up to 0.4799. Correspondingly, the correlation between the structural monetary policy
shocks identified within the VAR model and the narrative shock is 0.6752. Figure 2 plots both
monetary shock series. Thus, even a slight misspecification of the VAR model, e.g. due to omitted
variables or lag length misspecification means that the shock series do not align and the reliability
measure decreases substantially. However such a misspecification of the VAR model is potentially
not the most severe one. Given that Cochrane (1998) points out that monetary policy shocks can be
anticipated, the information set of the VAR model would be incomplete, and the moving-average
representation of the data generating process is thus not invertible (Fernandez-Villaverde et al.,
2007).

L L L L L
1975 1980 1985 1990 1995

Figure 2: Monetary policy shock identified from VAR model with 12 lags using the method by Mertens and Ravn
(2013b) vs. the narrative shocks estimated employing a time-varying policy rule (R&R-TVC). The correlation is
0.6752.

5. Conclusion

We find that recursively identified VAR model shocks cannot be aligned with the narrative
shock series of Romer and Romer (2004) by employing the narrative account as a proxy for the
structural shock series. One explanation is that the narrative account is a poor proxy variable be-
cause of measurement error. Another explanation for the nonalignment of the two shock processes
is the misspecification of the VAR model. In further research, we plan to investigate, which of
these two explanations accounts most for the nonalignment of the shock processes.

Appendix A. Details on the identification procedure

Recall that we partition the first row (a;) of the impulse matrix (A), the reduced form innova-
tions and the structural innovations in the following way:

_ , ,
a; =| 91 ]
nx1 | X n—1x1

_ , ,
€ = €L 62,[ ]
nx1 | X1 p-ixi

_ , ,
U = Ui uzal ] .
nx1 | X 411
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apy apn

1x1 1xn—1

The matrix A is further partitioned into: A = . The variance-covariance matrix of

asy az
n—1x1  n-1xn-1
Zont o Zu12
u, X,, is partitioned accordingly: T, = EIXI g"‘l
u,21 u,22

n—1x1 n—-1xn-1
Further denote the standard deviation of €, by o ;. The vector a; is then calculated as follows:

-1
-1 _ -1 -1
61110'6’1 = (I — a12a22a21a”) (Al)
-1 _ -1(g -1 -1\7! A2
a0y = ayap |\l —apnayanay (A.2)
2 -1 -1 ’ -1 -1y
01 = (I - algazzazlall)a”au (I - a12a22a21a“) , (A.3)

where
-1 _ 2:—1 Y ’
aapy = ( mu mu’z)
-1 — ’ -1y 2 —12 ’ 7—1
apnd,, = alzalz(a21a11) +\&u21 — 2107 2y 11 (022022)

’ -1 | -1
apdy, = (Zu,Zl - a21a112u,11) Z (Zu,Zl - aZIallzu,ll)

’ -1 ’ -1y
ardy, = Zu,zz +anag, (0125112 - Z:14,11)(‘121(111 )

/7 ’
anay, = Xy — and,

_ -1 -1y -1y 15
Z = ana; X, n(anag,) — (zu,Zl(aZIall) + Clzlanzu,m) + 2,0 .

Appendix B. Derivation of reliability measure

To derive the reliability measure, we start with the classical narrative approach,
v; = By + Dod, + B(L)y,_1 + C(L)m,_, + error, , (B.1)

where C(L) are the exogenous shock coefficients and the remaining variables are as defined in
Section 2.2. Hence, we follow Mertens and Ravn (2013b) by stacking the regressors of equation
(B.1) together to obtain the following compact form

Yl‘ = BKXX + Zl,t N (B.2)
where ) ,
X=[1d y_, ... v, m| (B.3)
and
Byy = [ By Dy B(L) C(L) ] . (B.4)

In a second step, Mertens and Ravn (2013b) define the vector X*:

x*=[1d y_, ...y, €] (B.5)
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This vector is related to X by the following equation

X =By« X" +2Zy,, (B.6)
where
I 0
and
Zy, = 0 (B.8)
> Dy, + (D, — ey, |- )
Inserting X into equation (B.2) yields the following estimator By y«:
Byx+ = ByxBsx+ = BygAy' S5 Zzy - (B.9)

Ay is defined as the reliability matrix:

Ag = [ 0 T or ] . (B.10)
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