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1 Introduction

Vector autoregressive (VAR) models are routinely employed to summarize the prop-
erties of the data and new approaches to the identification of structural shocks have
been suggested in the last 10 years (see Canova and De Nicold, 2002, Uhlig, 2005,
and Lanne and Liitkepohl, 2008). Constant coefficient structural VAR models are
useful tools to understand how the economy responds to shocks but they may pro-
vide misleading information when the structure is changing over time. Cogley and
Sargent (2005) and Primiceri (2005) were among the first to estimate time varying
coefficient (TVC) VAR models and Primiceri also provides a structural interpreta-
tion of the dynamics using recursive restrictions on the impact response of shocks.
Following Canova et al. (2008), Canova and Gambetti (2009), the literature nowa-
days mainly employes sign restrictions to identify structural shocks in TVC-VARs
and the constraints used are, generally, theory based and robust to variations in the
parameters of the DGP, see Canova and Paustian (2011).

While sign restrictions offer a simple and intuitive way to impose theoretical
constraints on the data they are weak and identify a region of the parameter space,
rather than a point. Furthermore, several implementation details are left to the re-
searcher making comparison exercises difficult to perform. Because of these features,
some investigators still prefer to use ”hard” non-recursive identification restrictions,
using the terminology of Waggoner and Zha (1999), even though these constraints
are not theoretically abundant. However, when TVC models are used, existing
estimation approaches can not deal with this type of identification restrictions.

This paper proposes a unified framework to estimate structural VARs. The
framework can handle time varying coefficient or time invariant models, with hard
recursive or non-recursive identification restrictions, and can be used in systems
which are just-identified or overidentified. Non-recursive structures have been ex-
tensively used to accommodate structural models which are more complex than
those permitted by recursive schemes. As shown, e. g., by Gordon and Leeper
(1994), inference may crucially depend on whether a recursive or a non-recursive
scheme is used. In addition, although just-identified systems are easier to construct
and estimate, over-identified models have a long history in the literature (see e.g.
Leeper et al., 1996, or Sims and Zha, 1998), and provide a natural framework to
test interesting theoretical hypotheses.

TVC-VAR models are typically estimated using a Bayesian multi-move Gibbs
sampling routine. In this routine, a state space system is specified (see Carter and
Kohn,1994, and Kim and Nelson,1999) and the parameter vector is partitioned into
blocks. When stochastic volatility is allowed for, an extended state space represen-
tation is used. If a recursive contemporaneous structure is assumed, one can sample
the contemporaneous coefficients matrix equation by equation, taking as predeter-



mined draws for the parameters belonging to previous equations. However, when
the system is non-recursive, the sampling must be done differently.

To perform standard calculations, one also needs to assume that the covari-
ance matrix of structural contemporaneous parameters is block-diagonal. When the
structural model is overidentified, such an assumption may be implausible. However,
relaxing the diagonality assumption complicates the computations since the blocks
of the conditional distributions used in the Gibbs sampling do not necessarily have a
known format. Primiceri (2005) suggests to use a Metropolis-step to deal with this
problem. We follow his lead but nest this step into Geweke and Tanizaki (2001)’s
approach to estimate general nonlinear state space models, modified to follow the
multi-move Gibbs sampling logic. We employ Geweke and Tanizaki’s setup because
it allows for non-linear restrictions on the parameters, and thus can accommodate
the structural systems which are the object of interest of this paper and others.

We use the methodology to identify monetary policy shocks in a non-recursive,
overidentifed TVC system similar to the one employed by Robertson and Tallman
(2001), Waggoner and Zha (2003) and Sims and Zha (2006). We compare the
results with those obtained with a recursive, just-identified TVC models and with
an overidentified, but fixed coefficient model. We show that there are important
time variations in the variance of the monetary policy shock and in the estimated
contemporaneous coefficients. These time variations translate in important changes
in the transmission of monetary policy shocks which are consistent with the idea that
the ability of monetary policy to influence the real economy has waned, especially in
the 2000s. We also show that a recursive identification scheme or a fixed coefficient
model produce a different characterization of the liquidity effect. Furthermore, the
properties of the money demand function and its time variations would have been
considerably different.

The paper is organized as follows: Section 2 presents the methodology employed
to estimate non-recursive, overidentified TVC-VAR models. Section 3 applies it
to study the transmission of monetary policy shocks. Section 4 summarizes the
conclusions and discusses potential applications of the approach.

2 The methodology

Consider a M x 1 vector of non-stationary variables 1, t = 1,...,T and assume
that it can be represented with a finite order autoregression:

Yr = Bot Dy + Biye—1 + ... + Bpiye—p + us (1)

where By, is a matrix of coefficients on a M x 1 vector of deterministic variables
Dy; Byt =1,...,p are square matrices containing the coefficients of the lags of the
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endogenous variables and u; ~ N (0,€;), where §); is symmetric, positive definite,
and full rank for every ¢. For the sake of presentation, we do not allow for exogenous
variables, but the setup can be easily extended to account for them, if they exist.
Equation (1) is a reduced form and the error u; does not have an economic inter-
pretation. Denote the structural shocks by ¢, ~ N (0, ). Let the mapping between
structural and reduced form shocks be

Ut = A;lztgt (2)

where A; denotes the contemporaneous coefficients matrix and ¥; is a diagonal
matrix containing the standard deviations of the structural shocks. The structural
VAR (p) model is:

v = X/ B, + A 'Se, (3)

where X = Iy® (D}, y,_1,...,y, ] and By = [vec (Boy)" ,vec (Biy)', ... ,vec(Byy)']
are a M x K matrix and a K x 1 vector, where K = M x M + pM?. As it is
standard in the literature, assume that the parameter blocks (By, Ay, X;) evolve as
independent random-walks:

/

Bt = Bt,1 + v (4)
oy = Q1+ Ct (5)
log (0¢) = log(ov-1)+m, (6)

where «y denotes the vector of free parameters of A, o, = diag (3;) and let:

€t I 0 0 O

B vl 0o @ o o
V =Var ¢, =10 0 5 o (7)

m 00 0 W

Thus, the setup is able to capture time variations in i) the lag structure (see 4),
ii) the contemporaneous reaction parameters (see 5) and iii) the structural variances
(see 6). As shown in Canova et al. (2012), models with breaks at a specific date can
be accommodated by adding restrictions on the law of motion (4) — (6).

2.1 Identification

From the restrictions we have imposed, we have
Q= A8 (A7 (8)

Thus, a TVC-SVAR system is locally identified if there exists a parameter vector
©; = (a},0}) which is a solution to the system of equations (8) for each t. The
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system is globally-identified if there exists a parameter vector ©, = (a/}, o)’ , which
is a unique solution to the system of equations (8) at each t. As shown by Rubio-
Ramirez et al. (2010), a globally-identified SVAR can be, at the same time, non-
recursive and/or overidentified.

2.2 Relaxing standard assumptions

In a constant coefficient SVAR one typically has the option to identify shocks im-
posing short run, long run, or heteroschedasticity restrictions. In TVC-VARs only
restrictions on A; are employed, but there is no special reason for this choice, apart
from estimation tractability. Furthermore, it is common to assume a lower triangular
format for A; even though this choice is restrictive in terms of the structural models
it can accommodate. We next show how one can embed a general identification
scheme into a TVC-VAR setup and perform proper Bayesian inference.

Consider the concentrated model obtained with estimates of the reduced-form
coefficients B;:

Ay <yt - X£§t> = Ay = Biey (9)

Noticing that vec(Ay;) = vec(IyAy) = (Y, ® In)vec(As); and that vec(Xey) =
Yey; and since we can decompose A; as

vec (Ay) = Sacy + sa (10)

where S, and s, are matrices with ones and zeros of dimensions M? x dim(«) and
M? x 1, respectively (see Amisano and Giannini, 1997, and Hamilton, 1994), the
concentrated model is

(?/J\; ® IM) (SAOét + SA) = Y&

Thus, adding the law of motion of the ay,the state space is
Y = Zyoy + Ny (11)

Oy = g1 + Ct (12)
where 3 = (U, ® Inr) sa, Ze = — (U, ® Ing) Sa, and Var (¢,) = S. The question is
how to draw o’ = {ay},_,, from its smoothed posterior distribution p (aT |y, 21,8, BT> )

The standard approach is to partition «; into blocks associated with each equa-

. / .
tion, say ay = [a’, 0¥, ..., a"']", and assume that these blocks are independent, so

that S = diag (S1,...,Su). Under these assumptions, the posterior is

M
p(a” 17,27 8.57) = [T p (™ | a" M 5" 57,8, BT ) xp (M7 | 77,57, S, B7)
m=2

(13)



Thus, for each equation m, the coefficients in equation m — j,j > 1 are treated as
predetermined and changes in coefficients across equations are uncorrelated. The
setup is convenient because equation by equation estimation is possible. Since the
factorization does not necessarily have an economic interpretation, it may make
sense to assume that the innovations in the a; blocks are uncorrelated. However, if
we insist that each element of a; has some economic interpretation, the diagonality
assumption of S is no longer plausible. For example, if in the SVAR there are policy
and non-policy parameters, it will be hard to assume that non-policy parameters are
strictly invariant to changes in the policy parameters (see e.g. Lakdawala, 2011).

The procedure we suggest relaxes both assumptions, that is, the vector a; is
jointly drawn and S is not necessarily block diagonal. This modification allows
us to deal with recursive, non-recursive, just-identified or overidentified structural
models in a unified framework. The modification is not without costs. In fact,
it is not immediate to sample the vector o’ using the system (11) — (12), while
preserving Carter and Kohn (1994)’s multi-move approach because a non-diagonal
S makes the posterior for o’ non-standard.

To solve this problem, we follow a lead of Primiceri (2005, pp. 850) and use
a Metropolis step to draw a’ but we embed the process into a modified version
of Geweke and Tanizaki (2001)’s routine for estimating general state space models,
which takes into account the fact that parameters are time varying. The setup is
appealing because it allows us to consider SVAR with linear or non-linear parameter
restrictions and Gaussian or non-Gaussian shocks within the same framework, and
this greatly expands the type of structural models one may want to consider.

2.3 A non-recursive, overidentified SVAR

Next, we provide an example of a particular overidentified structural model.

The vector of endogenous variables is y, = (Pcomy, My, Ry, GDP,, P,,U,)’, where
Pcom; represents a commodity price index, M; a money aggregate, R; the nominal
interest rate, G D P, a measure of aggregate output, P, a measure of aggregate prices
and U, the unemployment rate. Since researchers working with this set of variables
are typically interested in their dynamic response to monetary policy shocks, see
e.g. Sims and Zha (2006), the structure of A; is as in table 1, where X indicates a
non-zero coefficients.

Thus, the structural form is identified from the VAR as follows:

1. Information equation: Commodity prices (Pcom,) convey information about
recent developments in the economy. Therefore, it is assumed that they react
contemporaneously to every structural shock.



Reduced form \ Structural| Pcom; GDP;

Information X

Money demand

Monetary policy

Non-policy 1

Non-policy 2

olo|lo|o|lo
B EEEEEE
SEEEEEE
| | 2| o[ ] 2=

P EEEEEE
~lolololo| <3

Non-policy 3

Table 1: Identification restrictions

2. Money demand equation: Within the period money demand (Mtd) , is a func-
tion of core macroeconomic variables (R;, GDP;, P,).

3. Monetary policy equation: The interest rate (R;) is used as an instrument
for controlling the money supply (M;). No other variable contemporaneously
affects this equation.

4. Non-policy block: Following, e.g., Bernanke and Blinder (1992), the non-policy
variables (GDP,, P, U;) react to policy changes, money changes or informa-
tional changes only with delay. This setup can be formalized by assuming
that the private sector only considers lagged values of these variables as states
or that private decisions have to be taken before the current values of these
variables are known. The relationship between the variables in the non-policy
block is left unmodeled and, for simplicity, a recursive structure is assumed.

Once the intuition behind the identification assumptions is clear, it is easy to
understand why independence in coefficients of different equations is unappealing:
changes in policy and non-policy coefficients are likely to be correlated. Let the

vector of structural innovations be &, = [ & e? &/ & & e }/. Then, the
structural model is

[ 1 ayy azy asy qop aiag | [ Pcomy ] [ Pcom,;_; | [ &t

0 1 Qqt Qgt Qo 0 M, M, 5?“1

0 Qg ¢ 1 0 0 0 Rt e Rt—l gznp

o0 0o 1 o o |*lepp |=ME gpp, [T o

0 0 0 Q7 ¢ 1 0 ]Dt Pt—l 55

| 0 0 0 gy (11t 1 i | Ut ] L Ut,1 ] | E?
Ay

(14)




where we normalize the main diagonal of A; so that the left-hand side of each
equation corresponds to the dependent variable and A} (L) is a function of A; and
B;. Moreover,

0 0 0 0
om0 0 0
0 o™ 0 0
0 0 o/ 0
0 0 0 o 0
0 0 0 0 ov

cocoo oo,
R R

is the matrix of standard deviations of the structural shocks.

The structural model (14) is non-recursive and overidentified by 3 restrictions.
Overidentification obtains because the policy equation is different from the Taylor
rule generally employed in the literature. Nevertheless, the system is globally iden-
tified and therefore suitable for interesting policy experiments. In addition, while
the structural model is conditionally linear, it is easy to conceive setups where the
structural model has a non-linear state space representation. For example, Rubio-
Ramirez et al. (2010) impose identification restrictions directly on the impulse
response function and these imply non-linear constraints on A4; and A, (L). Long
run restrictions of the type originally imposed by Blanchard and Quah (1989) also
generate non-linear constraints on the structural parameters. Clearly, one could
also relax the random walk assumption and consider a non-linear law of motion for
the free parameters. Thus, it seems reasonable to have a general setup that can
accommodate for all these possibilities.

2.4 Estimation

The structural model that needs to be estimated has a large number of stochastic
parameters. Since (3),(4),(5),(6) define a hierarchical structure, a Bayesian per-
spective is employed and posterior distributions for sequences of the parameters are
derived. As it is standard in the literature, see e.g. Kim and Nelson (1999) and
Koop (2003), the Gibbs sampler will be used to draw posterior sequences. For this
purpose, consider the general non-linear state-space system

Yr = 2z (o) + & (15)

oy =ty (1) + Ry (1) my (16)

where ; and ¢, are M x 1 vectors; oy and n, are N x 1 vectors; &, ~ N (0, Q%) and
n, ~ N (0,Q)). Assume that 2, (.), t; (.) and R, (.) are vector-valued functions.



To estimate such a system, it is typical to linearize it around the previous forecast
of the state vector, so that

2 (o) = 2 (at\t—l) +Z (at - at|t—1)

t (1) =ty (Gp—1j—1) + T, (a1 — @p—1-1)
Rt (Oét_l) ~ ﬁt

where Z, ft and ﬁt are N x N matrices corresponding to the Jacobians of z (.),
t; (.) and Ry (.), respectively, evaluated at oy = @ys—1. Thus, the approximated linear
state-space is

Y ~ Ziou + C/l:e + & (17)
oy~ Ty | +C + Ent (18)
where R R
dy = 2 (at\tfl) - Ztat\tfl (19)
G =ty (Qr—1j—1) — ﬁ/a\tfl\tfl (20)

Equations (17) and (18) are similar to our original equations (11) and (12). When
2 (.) and t;(.) are linear, d, = 0 and ¢ = 0. In the cases considered by Rubio-
Ramirez et al. (2010) or Blanchard and Quah (1989) d; # 0, while if the law of
motion of the coefficient is non-linear ¢; # 0. This kind of system can be estimated
with the Extended Kalman Filter described below.

The posterior distribution of the parameters © = (B, a”, %7 s7, V) is

p(y" 1 ©)p(©)
p(yT)

where p(y” | ©) is the likelihood, p(©) is the prior and s an indicator defined below.
Let

p®|y") = x p(y" | ©)p(V) (21)

p(©) = p(B")p(a”)p(E")p(s")p(V) (22)
and factor the likelihood function L(© | yT) = p(y’ | ©) as
L©ly") = LIV |y")x L(s" | Viy") x LET | 7, Viy")
x L' [ 2", 8", Viy") x L(B" | o', 2", 8", Viy")  (23)
To evaluate the posterior p(© | y?) via the Gibbs sampler, we need to construct

the conditionals p (@i | ©,, yT) ,J # i, and draw from them. The algorithm below
describes how this can be done.



2.4.1 The algorithm

M
Let {{Sj’l’t}thl}lﬂ be a discrete indicator variable taking j = 1,...,k possible

values. The procedure has 7 steps and 5 sampling blocks:
1. Set an initial value for (Bl , ol X1, st Vp).

2. Draw B! from from p (BlT | aiT_l,EiT_l,siT_l,V;_l) - Ip (BZ»T), using Kalman
smoothed estimates By obtained from the system (3) , and compute g, where
I (.) truncates the posterior to insure stationarity of impulse responses.

3. Draw of from

T|-T T T ~T
plaf 195,50 1,80, Vi) = plosr |5 Sicar, sicur, Vier) X (24)
T—1
~
HP (ai,t | Qi 141, Y; s Ei—l,tasz’—l,ta W—l)
t=1
~T
x p (Oéi,T | Ui, S $i—1,T, Vz‘—1) X
T-1
-~
HP (ai,t | Ui» i1ty Sic1,t5 Vz’) X
t=1
Ji1 (Oéi,t+1 | ai,tyzi—l,ta Si—1,t» ‘/;—1)

using the approach described below.

4. Draw YT using a log-normal approximation to their distribution as in Kim
et al. (1998). After sampling (B}, al), the state space is linear but the
error term is not normally distributed. In fact, given (Bf, ), the model is
composed of

Ay = y:* = &y

and (6). Consider the | — th equation Yii = 014€14, where o, is the [—th
element in the main diagonal of 3, and ¢;; is the [—th element of ¢,. Then

* xx 2 —
y; = log [(yl’t) + c} ~ 2log (04) + log €l2¢ (25)

where € is a small constant. Since e, is Gaussian, loge7, is log (x*) distrib-
uted, it can be approximated by a mixture of normals. Conditional on sy,
the indicator for the mixture of normals, the model is linear and Gaussian.
Hence, standard Kalman Filter recursions can be used to draw {Et}thl from
the system (25) — (6). To ensure independence of the structural variances,
each element of the sequence {Ul,t}f\il is sampled assuming a diagonal W.
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5. To draw s!, conditional on X7, 47, given | and ¢, draw u ~ U (0,1) and

compare it to

Y

o Y, — 2log (014) — my + 1.2704
r (Slvt =J| Yiy log (Ul,t)) X @ X ( 4 - J
J

jo= 1. kil=1,...,M

where ¢ (.) is the normal probability density function, and the term inside
the function is the standardized error term log 5it.Then assign s;; = j iff

P sy <j—1]yilog(oms) <u<P(sie<jl|yfplog(on)).

6. Draw V; from P (V | o gyl 3 ?1) The matrix V; is sampled assuming
that each block follows an independent Inverted-Wishart distribution.

7. Use B, of ¥T s V; as initial values for the next iteration. Repeat 2 to 6 for

(2 Z’

z:l,...,N.

2.4.2 The details in step 3

For step 3 we use a Metropolis step to decide whether the draw from a proposal
distribution is retained or not. The densities p (o | 7, 3, s, V) are obtained ap-
plying the Extended Kalman Smoother (EKS) to the original system of nonlinear
equations. To draw ! given g, X1 |, sT |, V;_ 1, we proceed as follows:

1. If i = 0, take an initial value o} = {Oéo,t}tT:l- If not,

‘ NT T
2. Given ! ,, compute {O‘Z(t:f)’ PJE;U} using the EKS where {Pt*l‘t +1}

t=1 t=1
T

denotes the covariance matrix of {oz;']t +1} .
t=1

3. Generate a candidate draw 27 = {zt}tT:l, where for each p., (2 | - 1 ) =

N <O‘i—1 t TPt\EH

)),risaconstant,t:1,...,T. Letp*a T|az 1 Hp*a (2 | ciicag)-

ZT ‘Pxax aT ZT . .
4. Compute 0 = UCEIC B , where p (.) is the RHS of (24) using the EKS

p(al_y)pea (2710l
approximation. Draw a v ~ U (0,1). Set af = 2T if v < w and o} = al
otherwise, where

_ [ min{6,1}, if I, (27) =
Y= 0, if I,, (=7)

and I, (.) is a truncation indicator.

1
0
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Finally, steps 2 to 4 in this sub-loop are repeated every time step 3 of the main
loop is executed.

2.4.3 Extended Kalman Smoother

To apply the EKS to our system of equations, we first predict the mean and variance
ateacht=1,...,T:

Gyp—1 = te—1 (Qp1j—1)
Py—1 =T, P11 1) + RiQV R,
and compute Kalman gain:

O = Z’Pt\t—12\t + @}

Kt — Pt‘t,1229t_1

As new information arrives, estimates of a; and variance are updated according to
agje = g1 + Ky [yt — Z (at\t—l)}

_ Z10—-17 pt
By = Pyi1 — P12 Ze P4

To smooth the estimates, set ai}lT = arr, P;‘T =Pprand,fort=7T-1,...,1,
compute

* o~ 71 p—1 * ZI
Q1 = Gefe PtVZtPtH\t (at+1\t+2 - Zt“t|t>

~ S
Py = Py — P2y |:Pt+l|t + RtQ?RQ] ZiPyy

To start the iterations we use am = Onx1 and FPyo = Iy. Notice that since the
original ¢, (.) and z; (.) are used for computing prediction and updating equations,
d; nor ¢; do not directly enter here.

3 An Application

This section applies our algorithm to study the transmission of monetary policy
shocks in an overidentified, non-recursive structural TVC-VAR. We are interested
in knowing whether the propagation of policy shocks has changed over time and in
identifying the sources of variation. For comparison, we will also examine the con-
clusions obtained estimating a more standard recursive, just identified TVC system,
and an overidentified SVAR with constant coefficients.

12



, o . k% - VB
Bt ~ N (B,4-VB) I (. prior ~ W Q ’
(B4 VB) In () ¢ (%)

TioT — ; — rior k% ) d’LCLg (CLbS (a)) )
aP™" ~ N (@, 4 - diag (abs (@))) I, (.)| SP" ~ IW < 1+ dima

log (07"") ~ N (&, 10 - Ij;) WP~ IW (k3,14 1), i=1,...,M

Table 2: Prior distributions

3.1 The Data

Data comes from the International Financial Statistics (IFS) database at the Inter-
national Monetary Fund and from the Federal Reserve Board (www.
imfstatistics.org/imf/about.asp and www.federalreserve.gov/econresdata/
releases/statisticsdata.htm, respectively). The sample is 1959:1 - 2005:1V. We stop
at this date to avoid the last financial crisis and to compare our results to those
of Sims and Zha (2006), who use a Markov switching model over the same sample.
The GDP deflator, the unemployment rate, the aggregate Gross Domestic Product
index (Volume, base 2005=100), the commodity prices index, and M2 are from IFS,
the Federal Funds rate is from the Fed. All the variables are expressed in annual
rate changes, i.e. y; = log(y;) — log (y;_4), except for the Federal Funds and the
unemployment rate, and standardized, that is, z; = (y; — mean (y;)) /std (y;), to
have all the variables on the same scale.

3.2 The structural model, the prior and computation details

The VAR includes six variables and it is estimated with 2 lags. This is what the
BIC criteria selects for the constant coefficient version of the model. The structural
system is the one in section 2.3, it is non-recursive and overidentified. The priors
are in Table 2, are proper, and conjugate for computational convenience.

With these priors, the conditional posteriors will be of Normal, Inverted Wishart
type. To calibrate the prior, the first 40 observation are used as a training sample:
the reduced-form parameters B and VB are estimated with OLS; the structural
parameters @ and o with Maximum Likelihood using 100 different starting points.
We set k3 = 0.5 x 107* and kg = 1 x 1072, kf;, = 1 x 107* and, in line with the
literature, we set £ = 7. A total amount of 150,000 draws for the Gibbs sampler
routine were performed, the first 100,000 were discarded and one every 100 of the
remaining draws was used for inference. Convergence was checked using standard
statistics. To insure stationarity of the estimated system, draws for B; are moni-
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tored, the companion form associated with (3) is computed and the draw discarded
if it does not satisfy the stability condition. The indicator function I, (.), which is
used to eliminate outlier draws, is uniform over the set (—20, 20) . In our application
all 150,000 draws were inside the bounds, so the constraint is not binding. Finally,
the acceptance rate for the Metropolis step is 20.3 percent.

Since the structural model has M = 6, and dim(a) = 12, Sa, s4 are

06 xdim(a)
[ 015-1) 1 Oix(dim(a)-1) |

01><dim(a)
[ 011y 1 O1x(dim(a)-2) |
) 03 dim () ]
| Oix-1) 1 Oixdim(a)-3) |
| O1xa-1) 1 O1x(dim(a)-4) |
) 04 dim(a) ]
| Oixs-1) 1 Oix(dim(a)-5) |
Sa= 1| [ Owxe-1) 1 Oix(dim(a)-6) |
i 02><dim(a)
| Oux(7-1) (@)
| Ouxs-1y 1 (@)
| O1x9-1) 1 O1x(dim(a)-9) |
[ O1x(0-1) 1 (@)

O1x(11-1) 1 Orx(dim(a)—11)
O1x(12-1) 1 O1x(dim(a)-12)
L 05><dim(a)

54 = le1, e, 63764765766],
where e; are vectors in RM with
1, =1
0, j#i°
Finally, the computational time for each version of the Non-recursive-TVC VAR
is about 10 hours, roughly the same as the computational time needed to estimate

a recursive-TVC-VAR. Computations were performed on an Intel (R) CORE(TM)
i5-2400 CPU @ 3.1GHz machine with 16GB of RAM.

e; = [ei,j]j]\il such that e; ; = {

3.3 Time variations in structural parameters

We start by describing the time variations that our model delivers. In figure 1 we
report the highest 68 percent posterior tunnel for the variability of the monetary
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1975 1980 1985 1990 1995 2000 2005

Figure 1: Median and posterior 68 percent tunnel, volatility of monetary policy
shock.

policy shock and in figure 2 the highest 68 percent posterior tunnel for the non-zero
contemporaneous structural parameters ;.

There are significant changes in the standard deviation of the policy shocks and
a large swing in the late 1970s-early 1980s is visible. Given the identification we
use, this increase in volatility must be attributed to some unusual and unexpected
policy action, which made the typical relationship between interest rates and money
growth different. This outcome is consistent with the arguments of Strongin (1995)
and Bernanke and Mihov (1998), who claim that monetary policy during the Volker
era was run differently that in the 1960s and the 1970s.

Figure 2 indicates the non-policy parameters [az, s, 04117,5]/ exhibit considerable
time variations which are a posteriori significant. Note that it is not only the
magnitude that changes; the sign of the posterior tunnel is also affected. Also worth
noting is the fact that both the GDP coefficient in the inflation equation and the
inflation coefficient in the unemployment equations move from negative to positive,
suggesting a generic switch in the slope in the Phillips curve.

The parameter ao,, which controls the reaction of the nominal interest rates to
money growth, also displays considerable changes. In particular, while in the 1970s
and in the 1980s the relationship between interest rate and money growth was
negative and significant, it weakens in the late 1990s, and disappears completely in
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Figure 2: Non-Recursive estimates of «

the early 2000s. Thus, during this last part of the sample, interest rates were no
longer used to control the amount of money supply in circulation.

The coefficients of the money demand equation, [ay, ae+, 04107,5]' are also unstable.
For example, the elasticity of money demand to the nominal interest rate is negative
at the beginning of the sample, as theory would suggest; it turns strongly positive
up to the middle of the 1980s, and slowly and continuously declines after that. Since
the beginning of the 1990s, the coefficient turns negative once again and becomes
strongly negative in the 2000s. Also interesting is the fact that the elasticity of
money (growth) demand to inflation is very low and fluctuating around zero. Thus,
homogeneity of degree one of money in prices does not seem to hold.

The parameters of the information equation are also time varying. However,
changes look more like serially correlated variations around a constant mean. In
fact, the mean level at the beginning and at the end of the sample is similar.

One additional features of figure 2 needs to be mentioned. Time variations in
elements of oy are correlated (see, in particular, ag; and agq or ag and az). Thus
our setup, in which the matrix S is not necessarily diagonal, captures the idea that
changes in policy and private sector parameters are related.

In sum, in agreement with the DSGE evidence of Justiniano and Primiceri (2008)
and Canova and Ferroni (2012), time variations appear in the variance of the mon-
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Figure 3: Dynamics following a monetary policy shock, different dates.

etary policy shock and in the contemporaneous policy and non-policy coefficients.

3.4 The transmission of monetary policy shocks

Next, we would like to see how the time variations we have described affect the
transmission of monetary policy shocks. To control from the fact that o} is time-
varying, we normalize the impulse to be one at all t. Thus, the variations we describe
below are due to changes in the propagation but not in the size of the shocks. We
compute responses as the difference between two conditional projections, one with
the structural shock normalized to one and one with the structural shock normalized
to zero. In both cases, the structural parameters are allowed to be random.

In theory, a surprise increase in interest rates, should make money growth, output
growth and inflation fall, while unemployment should go up. Such a pattern is
present in the data in the early part of the sample, but disappears as time goes by.
As figure 3 indicates, monetary policy shocks have the largest effects in 1990; the
pattern is similar but weaker in 1975 and 1981. In 2005, the liquidity effect has
disappeared (interest rate increases imply positive although insignificant responses
of the growth rate of money) while output and unemployment effects are perverse
(output growth significantly increase and unemployment significantly fall). Note
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that differences in the responses of the variables between, say, 1990 and 2005 are
a-posteriori significant. Thus, it appears that one of the main mechanisms though
which of monetary policy affects the real economy (see e.g. Gordon and Leeper,
1994) has considerably weakened over time. Perhaps, the informal inflation targeting
practices that the Fed has follows in the 2000s are responsible for these changes.

Despite these noticeable variations, the proportion of the forecast error variance
of output, prices and unemployment due to policy shocks is consistently small. Mon-
etary policy shocks explain little of the forecast error variance of inflation at all times
and about 10-15 percent of the variability of output growth and the unemployment
rate, with a maximum of 20 percent in the early 1980s. Thus, as in Uhlig (2005) or
Sims and Zha (2006), monetary policy has modest real effects.

Our results are very much in line with those of Canova et al. (2008), even
though they use sign restrictions to extract structural shocks, and of Boivin and
Giannoni (2006), who use sub-sample analysis to make their points, and of Boivin
et al. (2010). They differ somewhat from those reported in Sims and Zha (2006)
primarily because they do not allow time variations in the instantaneous coefficients.
They also differ from Fernandez-Villaverde et al. (2010), who allow for stochastic
volatility and time variations only in the coefficients of the policy rule.

3.5 Comparing the results to traditional models

This subsection compares our results with those obtained in a constant coefficient
overidentified structural model (henceforth, overidentified SVAR) and with a TVC
model where the monetary shock is identified with standard recursive restrictions.
Given that an overidentified, non-recursive structural model is more complicated
than the alternatives, one would like to know whether the economic interpretation
would change if one would follow standard approaches.

To start with we compare the fit of various specifications using marginal likeli-
hood (ML) computed using an harmonic mean estimator. The recursive TVC-SVAR
has, perhaps unsurprisingly, the highest ML, (—299), followed by the overidentified
system (—316). Thus the restrictions implied by the model are rejected. Finally,
the model with fixed coefficients is clearly inferior to both, ML= —574.

Next, we examine the time variations present in the structural parameters o
in the recursive and non-recursive TVC model and compare them to the estimates
obtained in the overidentified SVAR. Here, we report only the parameters of the
money demand equation which are common to the two time varying specifications.

The elasticity of money growth to interest rates has very different features. In
the model with fixed coefficients is strongly positive, while in the two TVC specifica-
tions, it fluctuates around zero. Furthermore, the posterior 68 percent tunnel in the
two time varying specifications has quite different behavior and, in the last part of
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Figure 4: Coefficients in the money demand equation, different systems

the sample, it is strongly negative with the non-recursive specification and positive
with the recursive one. There are smaller differences in the properties of the elas-
ticity of money growth demand to output. Nevertheless, fluctuations over time in
the posterior estimates obtained with the recursive system are smaller. In addition,
while in the recursive system the estimate fluctuates around zero, the mean value
is positive and large in the non-recursive one. Finally, there are also considerable
differences both in the level and in the time variations of the elasticity of money
growth demand to inflation: the overidentifed SVAR has a very negative and sig-
nificant elasticity; in the recursive system the tunnel starts quite negative but then
fluctuates around zero with some prevalence of negative values; in the non-recursive
system, instead, the tunnel is generally positive and much less fluctuating.

What do these differences imply for the transmission of monetary policy shocks?
For illustration, we report in figure 5, the responses of money growth to a unexpected
interest rate impulse at four dates (1975, 1981, 1990, 2005) in the three systems we
analyze. Three features are evident. First, in the overidentified SVAR the liquidity
effect is strong and money growth falls quite a lot when interest rates are surprisingly
increased. Second, when TVC are allowed for, the liquidity effect is generally weaker.
Third, the size of the money growth responses is different in the recursive and in
the non-recursive system. In the former time variations are small and the effect is
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Figure 5: Responses of money growth, different time periods.

significant only in 1981 and 2005; in the latter time variations are larger and while
the response was strongly, persistently and significantly negative in 1990, it turns
positive in 2005. Thus, inference concerning the relevance of the liquidity effect of
an interest rate shock depends on the whether fixed or time varying coefficients are
considered and on whether the system is just or overidentified.

4 Conclusions

This paper proposes a unified framework to estimate structural VARs. The method-
ology can handle time varying coefficient or time invariant models, identified with
recursive or non-recursive restrictions, and that could be just identified or overiden-
tified. Our algorithm adds a Metropolis step to a standard Gibbs sampling routine
but nest the model into a general non-linear state space. We do so, since this setup
allows us to impose general identification restrictions. Thus, it greatly expands the
set of structural models we can deal with, within the same estimation framework.
We apply the methodology to the estimation of a monetary policy shock in a
non-recursive overidentified model used with fixed coefficients in the literature by
Robertson and Tallman (2001), Waggoner and Zha (2003). We show that there are
important time variations in the variance of the monetary policy shock and in the
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estimated non-zero contemporaneous relationships. These time variations translate
in important changes in the transmission of monetary policy shocks to the variables
in the economy. We also show, that one would have got a different characterization
of the liquidity effect of an interest rate shock and of the properties of the money
demand function had one used an overidentified but fixed coefficient VAR or a time
varying coefficient VAR identified with recursive restrictions.

The range of potential applications of the methodology is large. For example, one
could use the same setup to identify fiscal shocks or externally generated shocks in
models which theory tightly parametrizes. One could also use the same methodology
to identify shocks imposing magnitude restrictions on impulse responses or long run
restrictions, as in Rubio-Ramirez et al. (2010). The computational complexity is
important but it is not overwhelming and all the calculations can be easily performed
on a standard PC with sufficient RAM memory.
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