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1. Introduction

News or information shocks have been recognized as important drivers of macroeconomic variables (see, e.g. Beaudry and
Portier (2006), Bjernland and Leitemo (2009), Jarocinski and Karadi (2020), Bauer and Swanson (2020)). Stock market data is
commonly used to capture these shocks, but identifying them along with monetary policy shocks in a structural vector
autoregression (SVAR) remains a challenge for econometricians. Moreover, there is an ongoing debate on whether the central
bank causes information shocks or merely responds to them.

In this study, we propose the block-recursive SVAR-GMM estimator, which combines traditional identification
approaches based on restrictions with a more recent data-driven identification approach based on non-Gaussianity and inde-
pendence. This hybrid approach relaxes non-Gaussianity and independence assumptions, simplifies labeling, and improves
estimation performance compared to a purely data-driven estimator. Using this estimator, we analyze the effects of mone-
tary policy and information shocks retrieved from stock market data. Our findings suggest that a contractionary monetary
policy shock leads to a recession with lower output and prices, along with an immediate drop in stock prices. In contrast, a
stock market information shock triggers an increase in output and inflation, along with an immediate increase in stock prices
and interest rates.

Identification of an SVAR requires imposing an a priori structure. Traditionally, identification is based on imposing struc-
ture on the interaction of the variables (e.g., short-run restrictions in Sims (1980), long-run restrictions in Blanchard and
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Quah (1989), sign restrictions in Uhlig (2005), or proxy variables in Mertens and Ravn (2013)). More recently, data-driven
approaches allow for identification without imposing interaction restrictions. Instead, these approaches impose structure
on the stochastic properties of the shocks (e.g., time-varying volatility as discussed in Rigobon (2003), Lanne et al. (2010),
Liitkepohl and NetSunajev (2017), Lewis (2021), and Bertsche and Braun (2022) or non-Gaussian and independent shocks
as discussed in Gouriéroux et al. (2017), Lanne et al. (2017), Lanne and Luoto (2021), Keweloh (2021b), and Guay (2021)).
At first glance, in the non-Gaussian SVAR the traditional identification approach based on restrictions appears unnecessarily
restrictive, especially from an asymptotic point of view. However, Montiel Olea et al. (2022) stress the advantage of tradi-
tional approaches and conclude that traditional identification approaches remain relevant. Nevertheless, in many applica-
tions we can only derive some, but not sufficiently many convincing restrictions to ensure identification. With a
traditional purely restriction based approach, even the most plausible restrictions are worthless if there are not sufficiently
many.

The proposed block-recursive SVAR-GMM estimator enables the use of restrictions when possible while relying on data-
driven estimation when necessary. Specifically, the estimator combines a block-recursive structure that partitions shocks
into blocks, where shocks within a given block only affect variables in the same block or blocks ordered below, with
higher-order moment conditions derived from the assumption of independent shocks within each block. Therefore, imposing
a finer block-recursive structure allows to relax the independence and non-Gaussianity assumptions and it simplifies the
labeling since shocks only need to be labeled within blocks. Moreover, we demonstrate that leveraging the block-
recursive structure can significantly enhance the finite sample performance of data-driven SVAR estimators, particularly
in small sample sizes. By utilizing information on the block-recursive structure, we can reduce small sample bias and the
mean squared error of estimated simultaneous interactions in an SVAR. Additionally, we show how combining the block-
recursive structure with information from higher moments can aid in testing the exogeneity of proxy variables in small
samples.

The block-recursive SVAR-GMM estimator utilizes a block-recursive structure that appears in many macroeconomic
applications. Examples include applications analyzing (i) the interaction of macroeconomic and financial variables, where
the former respond sluggishly while the latter respond quickly (see, e.g. Kilian and Zhou (2022)), (ii) the interaction of small
and large open economies, where large economies may have an immediate impact on small economics but not vice versa
(see, e.g. Zha (1999)), and (iii) applications including proxy variables using the augmented proxy variable specification,
where proxy variables are affected by a noise term which does not directly affect the other variables (see, e.g. Angelini
and Fanelli (2019)).

We apply the block-recursive SVAR-GMM estimator to examine the impact of monetary policy and information shocks on
an SVAR system similar to the one studied in Jarocinski and Karadi (2020). In contrast to their approach, our low-frequency
monetary policy and stock market information shocks do not rely on sign restrictions or high-frequency data. Instead, we
assume that output and inflation are rigid and are restricted such that they cannot respond to information and monetary
policy shocks within the same month. However, interest rates and stock prices remain unrestricted and can simultaneously
respond to all shocks. Our findings reveal that a contractionary monetary policy shock triggers a slowdown in output and
prices, and a drop in stock prices, while a stock market information shock results in increased output, prices, interest rates,
and stock prices. In the second step, we investigate the effect of traditional monetary policy and central bank information
shocks on intraday asset prices at FOMC announcements. Our results show that traditional monetary policy shocks have
a significant impact on intraday short- and long-run interest rates as well as stock prices, while central bank information
shocks only affect intraday stock prices and long-run interest rates. Furthermore, we use the intraday analysis to construct
a low-frequency proxy variable for central bank information shocks. Our tests suggest that the central bank information
proxy obtained from the high-frequency analysis is exogenous to all low-frequency shocks except for the low-frequency
stock market information shock. This finding indicates that central bank information shocks are a relevant driver of the
low-frequency stock market information shock.

The remainder of this article is structured as follows. Section 2 summarizes commonly used identification schemes to
analyze the interaction of monetary policy and the stock market. Section 3 derives the block-recursive SVAR-GMM estimator
and contains a Monte Carlo study illustrating how exploiting the block-recursive structure increases the finite sample per-
formance of the estimator. In Section 4, we use the proposed block-recursive SVAR-GMM estimator to analyze the interac-
tion of the stock market and monetary policy. Section 5 concludes.

2. Monetary policy and the stock market SVAR models

In an SVAR model, a vector of time series is explained by its past values and a linear combination of structural shocks

Ve=V+Ay g+ Ay, + U, (1)
Uy = Bogy, 2)

with an n-dimensional vector of macroeconomic variables y,, an n-dimensional intercept term v, parameter matrices

Ai,...,A, ensuring a stable process, i.e. det(I —A;c—...—A,c?)#0 for |c|] <1, a non-singular matrix By, the n-
dimensional vector of structural shocks & = [e, ..., &)/ With zero mean and unit variance, and the n-dimensional vector

2



S.A. Keweloh, S. Hetzenecker and A. Seepe Journal of International Money and Finance 137 (2023) 102892

of reduced form shocks u; = [uy, ..., uy].. Here, the vector of structural shocks will contain a monetary policy and a stock
market or information shock. The goal is to identify both shocks and estimate their impact on the macroeconomic variables.

The SVAR imposes only little structure a priori, however, without further assumptions the structural shocks are not iden-
tified. Assuming that the shocks & are serially uncorrelated allows to consistently estimate the vector autoregressive process
in Eq. (1) and obtain estimates of the reduced form shocks u;. However, identification of the structural shocks ¢; and their
simultaneous impact B, requires additional assumptions. To see this define the innovations

e(B), := B'uy. 3)

For B = By it holds that the innovations are equal to the structural shocks. Normalizing the shocks & to unit variance implies
n variance conditions

E[e(B)ﬁ] LE[2] =1for i=1,..n 4)

Moreover, assuming that the components of ¢ are mutually uncorrelated implies @ — n covariance conditions

Ele(B);.e(B);] = Eleiei] = 0, forli,j] # [i,i]. (5)
However, the matrix B contains n> unknown parameters and hence is not identified by the "% (co-) variance conditions.
Therefore, further assumptions are required to identify the structural shocks and their simultaneous impact.

The most commonly used identification assumption is a recursive ordering, which imposes zero restrictions on variables
so that they are only affected by shocks ordered in rows above the variable. By imposing these short-run restrictions, the
matrix B has only @ unknown parameters left, and therefore can be identified by the ”("T“) (co-) variance conditions. How-
ever, for monetary policy and the stock market, it is not credible to impose zero restrictions on the interaction of both
variables.

Due to the unavailability of credible short-run restrictions Bjgrnland and Leitemo (2009) identify monetary policy and the
stock market shocks based on restrictions on the long-run interaction of both variables. Long-run restrictions solve the iden-
tification problem by imposing restrictions on the cumulative long-run responses with respect to a given set of shocks. Here,
the authors assume long-run neutrality of monetary policy, which means that the monetary policy shock has no long-run
impact on real stock prices by construction. They find that monetary policy and the stock market interact simultaneously,
with a tightening of monetary policy leading to an immediate decrease in stock prices and a positive stock market shock
leading to an immediate tightening of monetary policy.

Rigobon (2003) propose an estimator, which does not require any restrictions on the short- or long-run interaction,
instead, identification is based on heteroskedastic shocks. Intuitively, heteroskedastic shocks can be used to derive additional
(co-) variance conditions and thereby solve the identification problem. Identification is thus based on stochastic properties of
the shocks. While a volatility process can be used for identification without imposing much structure on the process,
Liitkepohl and NetSunajev (2017) argue that reliable estimators based on GARCH or Markov switching processes are only
available in small models and few volatility states. To address this issue, they propose an estimator that imposes a paramet-
ric smooth transition function between two states of the variance-covariance matrix of the reduced form shocks. The esti-
mator is applied to the interaction of monetary policy and the stock market, where the authors find a small simultaneous
negative response of the stock market to a tightening of monetary policy.! However, the authors cannot label a stock market
shock and hence it remains unclear how monetary policy reacts to a stock market shock.

Another branch of the SVAR literature uses non-Gaussian and independent shocks for identification (see e.g. Herwartz
and Plodt (2016), Matteson and Tsay (2017), Gouriéroux et al. (2017), Lanne et al. (2017), Lanne and Luoto (2021),
Keweloh (2021b), or Guay (2021)).2 These approaches also use stochastic properties of the shocks and do not require to impose
any short- or long-run restrictions. In particular, the non-Gaussian approaches exploit information beyond the variance to iden-
tify the structural shocks and their simultaneous impact. For example, if the shocks are independent, one can derive

M)y coskewness conditions from
| .. L.
Ele(B);.e(B);e(B) ] =E [enjeén] =0, for [i,j,k] # [i,1,1] (6)
and 23 p cokurtosis conditions from

Ele(B);.e(B);ce(B)y.e(B);] LE [EiCjcecer), for [i,j,k, 1) # [i,1,1,1], (7)
where E[&;&iécér] = 1 if the comoment is symmetric, i.e. E[siztsjzt] with i # j, and otherwise E[g;g;iexcer] = 0, see Keweloh
(2021b). Using the (co-) variance, coskewness, and cokurtosis conditions allows to identify the n> unknown coefficients of
B if the structural shocks are sufficiently non-Gaussian, see Keweloh (2021b). Lanne et al. (2017) use a data-driven identi-

! Moreover, a tightening of monetary policy is also found to lead to an initial increase of inflation and output. Due to the counterintuitive response of output
and inflation to the shock, the authors admit that labeling the shock as a monetary policy shock in a conventional sense may be misleading.
2 Note that different approaches require slightly different non-Gaussianity and independence assumptions.
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fication approach imposing non-Gaussian and independent shocks to estimate the interdependence of monetary policy and
the stock market. The authors find that an unexpected tightening of monetary policy has an immediate negative impact on
financial conditions. However, they are unable to label a stock market shock. Therefore, it again remains unclear how stock
market shocks influence monetary policy. More recently, Herwartz et al. (2022) revisit the interaction of monetary policy
and asset prices assuming non-Gaussian and independent shocks. They find that contractionary monetary policy shocks neg-
atively affect stock prices and positive stock market shocks lead to higher interest rates.

Finally, event-study approaches relying on high-frequency data around monetary policy announcements can be used to
identify monetary policy shocks. Jarocinski and Karadi (2020) use sign restrictions to disentangle the effects of traditional
monetary policy shocks and central bank information shocks on intraday interest rates and stock market data. Specifically,
they assume that traditional monetary policy shocks move intraday interest rates and stock returns in opposite directions,
while central bank information shocks move both intraday variables in the same direction, allowing them to identify both
shocks. By analyzing high-frequency data at FOMC announcements, they can classify the information shock driving stock
returns as a central bank information shock. Furthermore, they investigate the impact of both shocks on lower frequency
data and find that central bank information shocks are associated with an increase in real economic activity and a higher
price level. It's worth noting that the central bank information shock that leads to an increase in intraday stock returns
and interest rates is a consequence of the identifying restriction that this shock exists. Recently, Lewis (2023) and
Jarocinski (2021) have identified high-frequency information shocks using asset price data without imposing sign restric-
tions on the interaction. Lewis (2023) combines principal component analysis and identification based on heteroskedastic
shocks to estimate announcement-specific effects of different monetary policy shocks at monetary policy announcements
and finds positive effects of central bank information shocks on future economic activity. Jarocinski (2021) identifies four
different monetary policy shocks using asset prices at monetary policy announcements, assuming independent and
heavy-tailed shocks. The results suggest that only traditional monetary policy shocks affect intraday short-term rates, while
information shocks only move stock returns and long-run rates in the same direction.

3. Block-recursive SVAR estimation

The estimator proposed in this section blends the traditional restriction based approach with the more recent data-driven
approach based on non-Gaussianity. Our estimator allows the researcher to rely on recursiveness restrictions if possible and
to be agnostic concerning the interaction of the variables and relying on data-driven estimates when necessary. In particular,
we show that identification of the block-recursive SVAR is ensured by sufficiently non-Gaussian and mutually independent
shocks within blocks. By exploiting the block-recursive structure, our estimator (i) improves the finite sample performance,
(ii) relaxes the non-Gaussianity and independence assumptions, and (iii) reduces the burden of labeling the shocks, in com-
parison to an unrestricted estimator solely based on non-Gaussian and independent shocks.

3.1. Derivation of the estimator

In the block-recursive SVAR the structural shocks are ordered in blocks of consecutive shocks and each structural shock
can simultaneously affect all variables in the same block and in blocks ordered below but not variables in blocks ordered
above.? Fig. 1 shows different block-recursive structures in an SVAR with four variables. The examples show that a block-
recursive structure generalizes the unrestricted SVAR and the fully-recursive SVAR and includes both as extreme cases.

We use the following notation for the block-recursive SVAR. Suppose that the structural shocks can be ordered into blocks
of consecutive shocks with 1 < m < n. Let the indicesp, =1 < p, < ... < p,, < ndenote the beginning of a new block and for
ease of notation let p,,,; := n -+ 1. Moreover, let &, ; := [&y.¢, &p 11, - - -» Epy,y—14)/a0d Uy = [Up, ¢, Up 14, - - -, Up,,,—1,¢]/ denote the
vectors of consecutive structural and reduced form shocks in the i-th block and let #p; denote the number of shocks in the i-
th block. Therefore, the vector of structural shocks & can be decomposed into the m blocks of consecutive shocks
& =[&, ---.&, ) and the reduced form shocks can be decomposed analogously into u; = [if, ,,..., &, ,J'. The SVAR is
block-recursive, if shocks in the i-th block have no simultaneous impact on reduced form shocks in blocks j with j < i such
that the SVAR can be written as

ﬂPM an() 0 e 0

8131 L
i > > . : b
P2t Byio B . : P2t
= : ' ; (8)
-~ 0 ~
U, ¢ > 5 > Ep t
Pm: Buio ... Bmm-10 Bmmo Pim

3 Zha (1999) derives identifying restrictions for the block-recursive SVAR. The author restricts not only the simultaneous interaction, but also the lagged
interaction. Our proposed block-recursive structure affects only the simultaneous interaction, while the lagged interaction remains unrestricted.
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(73] bll ’)12 bl;; b1_1 &1 - uy [)11 blz 0 0 &1 -
Up, Ep
- U9 1)21 1)22 bg;; 1)24 &9 . uo bgl 1)22 0 0 E2
Up, : — i €m = = —
u3 bs1 bsz b3z baa| |es3 } u3 bs1  bz2 b3z bay )
Up, B €p2
| w4 | a1 baz baz baa| | €4 | 4 | 641 baz baz baa |
(a) One Block (b) Two Blocks
i, { - biz W 0 0 €1 }‘:'1'1 iy, | Uy b1 E 0 0 €1 }gl)l
'[l‘pz { us 1)-31 b'Z‘Z 0 0 D) }51)2 ﬂl)z I Ug bgl 1)2-2 0 0 €2 }?m
2 us l)3 1 1)3-_7_ 1)33 b3.1 £3 % ﬁp;; I us bg[ 1)3-_)_ 1)33 0 €3 } g]):s
Upg €ps o S <
Uy I).“ b-l?. ]),13 b,“ &4 Up, { Uyg b,“ 1)42 b.lg b'H €4 } €py
(¢) Three Blocks (d) Four Blocks

Fig. 1. Examples of different block-recursive SVAR Models. Note: The figure illustrates how the block structure can be defined by the structural shocks and
our definition of &, and i, ,i = 1....,m, where we omit the time index for simplicity.

where B is equal to the impact of shocks in the i-th block on reduced form shocks in the j-th block. Moreover, let the set
Bprec(Py; - - - » Pmp)contain all invertible B matrices which satisfy the block-recursive structure for the block indices py,...,p,-

Intuitively, identification of the block-recursive SVAR consists of two steps. First, we use the assumption of uncorrelated
shocks to identify the shocks in each block up to a rotation. Second, we assume that the shocks in a given block are suffi-
ciently non-Gaussian and independent which allows to identify the correct rotation in each block using higher-order
moment conditions. For simplicity, consider an SVAR model with four variables and two blocks

[ Ui b]] b]z 0 0 1t
Ue| | bn b O 0 | )&y ©)
Uz bs1 bsy bsz b || &3
LUar bai bay baz bas] Léas
The first block can be written as
_ul.t:| _ {bn b12} |:31.t:| (10)
LUzt ba1 b || &a: '

the sub-SVAR in the first two shocks which can be estimated with sufficiently non-Gaussian and independent shocks in the
first block. The second block can be written as

u bsi b & 12 . Y b3 b &
[ 3.t:| _ { 31 32} { u} n { 3,t:| with { 3,t:| _ { 33 34} { 3,t:|. (11)
Ugt by b || e Var Var bas bas ]| €ar
Using the estimated structural shocks &, and &, from Eq. (10) allows to estimate the lower-left block of By in Eq. (11) by
OLS. The adjusted reduced form shocks [vs;, V4]’ are equal to the second sub-SVAR in the two shocks of the second block
which can be estimated based on sufficiently non-Gaussian and independent shocks in the second block.

More generally, assuming uncorrelated shocks in the block-recursive SVAR identifies the shocks in each block up to a
rotation. Therefore, we use the standard assumption of mutually uncorrelated structural shocks.

Assumption 1. The components of ¢ are mutually uncorrelated.
The following proposition shows that any B matrix satisfying the block-recursive order which yields uncorrelated inno-
vations with unit variance identifies the shocks in each block up to a rotation.

Proposition 1. Let u; = Bygr with By € Bpec(P1, - - -, D) and & satisfies Assumption 1. Let E[f, (B, u;)] = 0 be the corresponding
vector of (co-) variance moment conditions from Eq. (4) and (5). If B € Bprec(D1, - - -, Pm) Satisfies

E[f,(B,u;)] =0, (12)
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it follows that for each block i =1,...,m there exists a #p; dimensional orthogonal matrix Q; such that l~3ﬁ = l}j,-oni for
j=1i,...,m and that the innovations in the i-th block are equal to a combination of the structural shocks in the i-th block,
ie. é,[(B) = Qiéi[.

Proof. The proof can be found in the appendix.
The correct rotation of the shocks in each block can then be estimated based on independent and non-Gaussian shocks in
each block.

Assumption 2. The structural shocks in each block &, for i =1,...,m satisfy all coskewness and cokurtosis conditions
implied by mutually independent shocks in the corresponding block, i.e. if & and ¢;,, are contained in the same block &y,
then & ; and &;,, satisfy all coskewness and cokurtosis conditions implied mutually independent shocks.

Assumption 2 implies coskewness and cokurtosis conditions for shocks in the same block. In particular, let
E[f344,(B,ur)] = 0 denote the vector of coskewness and cokurtosis conditions from Eq. (6) and (7) only including shocks in
the i-th block. For example, in the block-recursive system in Eq. (9) the coskewness and cokurtosis conditions of the first
block E[f34, (B, u)] = 0 are equal to

Ele(B)1,e(B)y] =0
and  Efe(B); e(B)y] —1=0 (13)
Ele(B)y e(B)] = 0

Ele(B)3,e(B),] =0
Ele(B),.e(B)5] =0

and the coskewness and cokurtosis conditions of the second block E[f5.4, (B, u;)] = 0 are equal to

Ele(B)3.e(B),] =0
Ele(B)3e(B)3] —1=0|. (14)

Ele(B);e(B);] =0

[E[e(m;ewm = 0} and
Ele(B)s.e(B)] =0

The following proposition shows that combining mutually uncorrelated shocks with mutually independent shocks within
blocks identifies the block-recursive SVAR up to sign and permutations of the shocks within blocks.*

Proposition 2. Let u; = Bog; with By € Bpec(P1,---,Dm)- Moreover, let g satisfy Assumption 1 and 2. If at most one

component of the shocks in each block has zero skewness and zero excess kurtosis and B € Bpec(p1,---,Pm) Satisfies
f2(B )
f 304, (B, Ur)
E =0, (15)
f3ea, (B,ue)
it follows that for each block i = 1,..., m there exists a #p; dimensional sign-permutation matrix P; such that Eji = INS‘J-,-7OP,- for
j=1i,...,m and that the innovations in the i-th block are equal to a sign-permutation of the structural shocks in the i-th
block, i.e. é;(B) = P;&;. Therefore, it follows that B = ByP for a block diagonal sign-permutation matrix P = diag(Py, . ..., Pp).
Proof. Proposition 1 ensures that Eﬁ = ENiji_oni and é;(B) = Q;&; with a #p; dimensional orthogonal matrix Q; fori=1,...,m.

Therefore, each block can be seen as a separate sub-SVAR with #p; shocks. Imposing the coskewness and cokurtosis condi-
tions E[f5.4 (B, u)] = 0 identifies each sub-SVAR up to sign and permutation, compare Keweloh (2021b).

Utilizing the block-recursive structure offers several advantages over an unrestricted estimator solely based on non-
Gaussianity and independence assumptions. First, by exploiting the block-recursive order, we can relax the assumptions
on non-Gaussianity and independence of the shocks, compared to an unrestricted approach. shocks in different blocks do
not require higher-order dependency assumptions, and Proposition 2 allows for multiple Gaussian shocks, as long as each
block contains at most one. Second, a data-driven identification scheme based only on non-Gaussian and independent shocks
identifies shocks up to labeling. Thus, the researcher has to decide which impulse response belongs to which shock, which
can become increasingly challenging as the number of identified shocks increases. Proposition 2 identifies shocks up to per-
mutations within blocks. Therefore, imposing a finer block-recursive structure simplifies the labeling task.

4 In many applications, the researcher is only interested in the effect of the shocks in a specific block of interest. For this case, we derive a partial
identification result under weaker assumptions in the appendix.
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The block-recursive SVAR-GMM estimator is given by

&(B) &(B)

N &3¢4, (B) &34, (B)
B := argmin ) W ) , (16)

BEBprec .
&3¢a,, (B) 834, (B)

with and g,(B) := 1/T(_f2(B, ), 83a (B) := 1/TY{_1f 3.4 (B, uy) for blocks i = 1,...,m, and a suitable weighting matrix W.
With the identification result from Proposition 2, consistency, asymptotic normality, and the asymptotically efficient weight-
ing matrix of the block-recursive SVAR-GMM estimator follow from standard assumptions, see Hall (2005).

The block-recursive SVAR GMM estimator covers two extreme cases. First, when no restrictions are imposed, the estima-
tor becomes unrestricted and all shocks are identified based on the coskewness and cokurtosis conditions implied by
Assumption 2. This is similar to the SVAR-GMM estimator proposed by Keweloh (2021b). Second, if the SVAR is restricted
to be fully recursive, Assumption 2 imposes no coskewness and cokurtosis conditions, and the estimator simplifies to the
commonly used estimator obtained by applying the Cholesky decomposition to the variance-covariance matrix of the
reduced form shocks.

3.2. Finite sample performance

In the following Monte Carlo study, we show that the performance of data-driven SVAR estimators can be substantially
improved by exploiting the block-recursive structure, particularly in small samples. Specifically, we show that using avail-
able information on the block-recursive structure reduces the small sample bias and mean squared error (MSE) of the esti-
mated simultaneous interaction in the SVAR. Moreover, we demonstrate how the combination of the block-recursive
structure and information contained in higher moments can be used to test the exogeneity of proxy variables in small

samples.
We simulate an SVAR with four variables and
Uiy 10 0 0 O &1t
u 5 10 0 O &
2t _ 2t 7 (17)
Uzt 5 5 10 5 &3¢
Uyt 5 5 5 10 &4t
where the structural shocks &¢,i=1,...,4,t =1,...,T, are drawn independently and identically from the two-component
mixture

& ~0.79 4°(=0.2,0.7%) + 0.21 .47(0.75,1.5%),

and ./"(u, 0?) indicates a normal distribution with mean u and standard deviation ¢. The shocks have skewness 0.9 and
excess kurtosis 2.4.

We estimate the system using the block-recursive SVAR-GMM estimator from Eq. (16), applying two different sets of
restrictions. The first estimator involves no restrictions, meaning all shocks are contained in a single non-recursive block.
The second estimator exploits the block-recursive structure by applying the following restrictions, where the last two shocks
have no simultaneous impact on the first two variables:

00

B:"OO, (18)

We continuously update the weighting matrix and use the assumption of serially and mutually independent shocks to esti-
mate the asymptotically optimal weighting matrix and the asymptotic variance, as proposed in Keweloh (2021a). Note that
the SVAR is only identified up to sign and permutation of the shocks in each block, and we choose the sign permutation of a

given estimator B based on a Wald test with H, : BP = B, for each suitable sign permutation matrix P and the true simulta-
neous impact matrix B, from Eq. (17).

Table 1 shows the average and MSE of each estimated element, illustrating how exploiting the block-recursive structure
leads to improved performance in terms of bias and MSE for all estimated elements. Particularly, the performance gain is
most notable for elements in the lower-left block, which correspond to the response of variables in the second block to
shocks in the first block. By exploiting the block-recursive structure, these elements can be identified without relying on
higher-order moment conditions, which explains the performance boost. In the smallest sample, the MSE for these elements
decreases by over 50% compared to the unrestricted estimator. For the remaining sample sizes, the MSE also decreases
substantially.
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Table 1
Finite sample performance - Average and MSE of all estimated elements.
T
SVAR-GMM block-recursive SVAR-GMM
100 917 —008 001 006 965 —004 00 00
228) (358 (389 (3.77) (133) (372 (00 (00
47 9.15 -0.02 -0.08 493 963 00 00
(397) (3.06) 467)  (473) (393) 203 (00 (00
461 4.53 9.2 433 484 438 9.57 46
(6.35) (598)  (481)  (7.56) (236) (249) (235 (4.89)
466 455 474 897 484 479 493 942
(6.33) (58) (6.44)  (5.69) (238) (255  (453) (259)
9.66 0.01 0.03 0.0; [9.87 0.03 00 0.0 1]
066) (156) (1.55)  (1.56) 047) (1.36) (00) (00)
481 964 0.06 -0.04 492 986 00 0.0
250 (163 (103) (222) (20) (145 [071) (00) (00)
479 48 9.7 477 92 496 9.84 4.89
272 @72) 1A73) (278 (035 (094) (079) (1.7)
484 482 49 962 94 494 496 9.82
(255) (254) (262) (191) (093) (093) (159) (088) |
986 -0.01 0.05 -0.01 [994 —-0.0 0.0 0.0 ]
025 (066) (065 (065 022) (065) (00) (0.0)
494 985 0.01 0.01 498 993 00 00
500 (068) (0.38)  (0.83) (0.86) (066) (034) (00) (0.0
49 .9 99 494 498 494 994 498
1i2) (1.03) (065 (112 (045 (046) (032) (063)
494 489 496 9385 499 495 497 9.92
(112) (103)  (108) (0.76) | (0.26) (0.36) (0.65) (0.34)
9.95 0.01 -0.01 0.02 [9.98 0.01 00 0.0 ]
©11) (029) (027) (0.29) ©11) (029) (00) (0.0
497 994 0.0 0.01 499 998 00 0.0
1000 ©31) ©17) (037)  (0.38) 03) {016 (00) (00)
496 497 992 499 498 5.0 994 5.0
(046) (0.48) (031)  (0.49) 022) (022) (0.16) (03)
495 498 495 9.95 498 501 497 9.97
(048) (0.49) (047)  (0.31) L ©21) (022) (03) (0.16)
999 0.0 0.0 0.0 100 0.0 00 0.0 7]
0.02) (0.05) (0.05 (0.05) 002) (005) (0.0) (00
50 999 0.0 .0 50 999 00 0.0
5000 005 (003 (0.07) (0.07) 005 (003 (00) (00)
499 50 998 5.0 50 5.0 998 5.0
(009) (0.08) (0.06) (0.09) 0.04) (0.04) (0.03) (0.06)
499 50 499 999 501 50 499 9.99
(008) (0.08) (0.09) (0.06) | 004) (004 (0.06) (0.03) |

Monte Carlo simuLation with M = 2000 replications.
/MM, bit — by ) , of each estimated element b of by

estimator without restrictions, and the block-recursive SVAR-GMM estimator which uses the block-recursive restrictions..

The table shows the average, 1 /MZ’,‘,LIBIKJF, and the estimated mean squared error,
denoting the element of B in row i and column j. The table reports results for the SVAR-GMM

The appendix provides analogous results for the PML estimator proposed by Gouriéroux et al. (2017) and the fast GMM
estimator proposed by Keweloh (2021b). Moreover, we include results for a VAR(1) model. The additional simulations lead to
a similar conclusion; if well-justified restrictions are available, these restrictions should be used as they improve the perfor-

mance of the data-driven estimator.

In a second simulation, we introduce a proxy variable z; for the last structural shock with

z; = 7.5€4: +10n,,

(19)

where the proxy noise #, is an independent and identically drawn proxy noise from the same two-component mixture as the
structural shocks. The proxy augmented SVAR is given by

Use 10 0 0 0 0][én
Une 5 10 0 0 0]]eé
ug |=1|5 5 10 5 0f|es], (20)
Ut 5 5 5 10 0] e

Z; Bi B B3 Bs O N

with g, = B, = B3 = 0,8, = 7.5, and ¢ = 10. With independent and non-Gaussian shocks, the proxy augmented SVAR is iden-
tified without any restrictions and the proxy exogeneity assumption ; = 0 fori = 1,...,3 can be tested. The following sim-
ulation shows that using additional available information on the block-recursive structure leads to a performance increase of
the tests in small samples.

We estimate the proxy augmented SVAR with the block-recursive SVAR-GMM estimator from Eq. (16) and two different
sets of restrictions. The first estimator uses no restrictions and the second estimator uses the block-recursive restrictions
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Table 2
Percentage of rejections at o = 10% for Wald tests with Hp : g; = 0 in the proxy augmented SVAR with M = 2000 replications.
SVAR-GMM block-recursive SVAR-GMM
b1 Ba B3 Ba B Ba B3 Ba
T =100 21.62 2243 22.95 94.14 9.43 10.81 1433 100
T =250 17.19 17.52 17.57 99.48 10.62 9.1 13.1 100
T =500 15.62 14.9 16.14 100 9.1 8.95 12.24 100
T = 1000 13.48 12.86 121 100 8.95 9.43 11.62 100
T = 5000 11.81 9.86 10.62 100 9.62 10.48 9.29 100

(21)

=5}
o
Il

© o oo

that is the estimator exploits that the last two shocks have no simultaneous impact on the first two variables and the proxy
noise has no impact on all variables except for the proxy variable.

Table 2 reports the rejection rates at the 10% level for the Wald tests with Hy : ; = O testing the null hypothesis that the
proxy is exogenous w.r.t. & fori = 1,... 4. The results demonstrate the advantages of incorporating available information on
the block-recursive structure of the system. In particular, the unrestricted estimator rejects the null hypothesis Hy : ; = 0 for
i=1,...,3 far too often in small samples. The rejection rates only approach the 10% level in large samples of 5000 observa-
tions. In contrast, the estimator using the block-recursive restrictions performs substantially better, with rejection rates close
to the 10% level even in the smallest sample.

4. The interdependence of U.S. monetary policy and the stock market

In this section, we apply the block-recursive SVAR-GMM estimator to disentangle the effects of monetary policy and stock
market information shocks in a low-frequency SVAR. Additionally, we utilize high-frequency data from FOMC announce-
ments to identify intraday traditional monetary policy shocks and central bank information shocks, which we subsequently
use to construct low-frequency monetary policy proxies to show that central bank information is a relevant driver of the
low-frequency stock market information shock.

4.1. Block-recursive SVAR

We consider an SVAR similar to the system analyzed in Jarocinski and Karadi (2020). The SVAR contains monthly U.S. data
from February 1984 to December 2016 with

Ve Yeoi u w by bz 0 O &
12 p p T
s i u . u by b 0 0 g
UoaeSalPer |l with M= | 0 2 . (22)
St | s u u bsi bsy bss bus gifo
i Tr_i u ul bsi  bsy bs3 bss &v

where y, denotes real economic activity, measured by log real GDP, p, is the log GDP deflator and measures the price level, s;
is the monthly average of the S&P 500 in log levels, and i, is the monthly average one-year constant-maturity Treasury yield.?
We aim to identify the effects of the monetary policy shock ™ and a stock market information shock &™°. We assume that real
economic activity and the price level behave sluggishly, meaning they cannot react to monetary policy and information shocks
within the same month. These restrictions can be justified by price rigidities and adjustment costs as oftentimes used in stan-
dard DSGE models, see for example Smets and Wouters (2007). However, interest rates and stock prices are unrestricted and can
contemporaneously respond to all shocks.

The SVAR is estimated by the block-recursive SVAR-GMM estimator with the restrictions imposed in Eq. (22). In line with
our Monte Carlo simulations, we update the weighting matrix continuously and use the assumption of serially and mutually
independent shocks to estimate the asymptotically optimal weighting matrix and the asymptotic variance throughout the
section.

5> We use the data set from Jarocinski and Karadi (2020) where real GDP and the GDP deflator are interpolated to monthly frequency. Moreover, Jarocinski
and Karadi (2020) additionally include the excess bond premium and we report results for the specification with the excess bond premium in the online
appendix.
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Table 3
Non-Gaussianity of the estimated shocks.
o i " e
Skewness 0.018 0.236 —0.892 —0.076
Kurtosis 3.479 4.92 6.566 3.366
Jarque-Bera Test (p-value) 0.158 0 0 0.284
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Fig. 2. Impulse responses. The figure shows the responses to one standard deviation shocks in the block-recursive SVAR. Confidence bands are symmetrical
68% bootstrap bands with 1000 replications in the bootstrap algorithm.

Table 3 presents the skewness, kurtosis, and p-value of the Jarque-Bera test for the estimated shocks. Proposition 1 guar-
antees that the estimated shocks in the second block are a mixture of the information and monetary policy shock, even if
both shocks were Gaussian. However, Table 3 shows that the information shock is non-Gaussian, displaying a negative skew-
ness and heavy tails. Therefore, at most one of the structural shocks in the second block can be Gaussian, and the non-
Gaussianity assumption to identify the second block is satisfied. Moreover, Table 3 indicates that the first block contains
an additional Gaussian shock. This implies that relying solely on a data-driven non-Gaussian estimator, without considering
the block-recursive structure, could fail to ensure full identification due to the presence of two Gaussian shocks. Hence,
leveraging the block-recursive structure is crucial to ensure identification of the information and monetary policy shock.

Fig. 2 shows the corresponding impulse response functions to the estimated information and monetary policy shocks.®
Exploiting the block-recursive order makes labeling straightforward: The shock which leads to an increase in the interest rate
and a decrease in output and inflation is the monetary policy shock and the remaining shock is labeled as the information shock.

The estimated response to monetary policy shocks is similar to the response in Jarocinski and Karadi (2020). Specifically, a
one standard deviation monetary policy shock increases the bond yield by around two basis points and the yield reverts back
to zero in about three years. The tightening of monetary policy leads to a decline of real GDP and the price level of approx-
imately ten basis points in the medium run. Moreover, stock prices drop immediately by about one percent. Therefore, we
find that a contractionary monetary policy shock induces a slowdown in output and prices. The future contraction of the
economy and an efficient stock market, which immediately incorporates all available information, then explains the initial
negative response of stock prices to the monetary policy shock.

Similarly to Jarocinski and Karadi (2020), we find that output, the price level, and interest rates increase in response to the
information shock. However, we observe a stronger response of stock prices to the information shock. In particular, a one
standard deviation information shock leads to an immediate and significant increase of stock prices by about three percent.
This result suggests that stock prices can contain information about future economic activity, which explains the response of
interest rates, even if the central bank is not interested in stock prices in the first place. However, we cannot determine or
label the source of the stock market information shock. Specifically, the information shock may be caused by the central bank
itself, i.e., a central bank information shock similar to Jarocinski and Karadi (2020), or due to other external sources, and the
central bank simply reacts to the information shock.

6 The impulse responses are robust to several robustness checks reported in the appendix. These include adding the excess bond premium as an additional
variable in the second block, ending the sample in 2008, and using the industrial production index and consumer price index instead of the interpolated real
GDP and GDP deflator.
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4.2. Intraday central bank shocks

We now use an event-study approach to analyze the intraday effects of central bank shocks, including traditional
monetary policy interest rate shocks and central bank information shocks. Using the event-study approach allows us
to determine the source of the information shock as a central bank information shock. We find that traditional mon-
etary policy shocks move intraday interest rates and stock prices into opposite directions, while central bank infor-
mation shocks move intraday stock prices and long-run interest rates into the same direction. Additionally, we
connect the intraday event-study with the low-frequency SVAR from the previous section. Our results indicate that
high-frequency central bank information shocks are exogenous with respect to all low-frequency shocks except for
the stock market information shock. This suggests that the intraday analysis can identify exogenous central bank
shocks and that central bank information shocks are not exogenous but relevant for the low-frequency stock market
information shock.

Jarocinski and Karadi (2020) use intraday stock market and short-run interest rate data in a 30-min window around
FOMC announcements to identify traditional monetary policy interest rate shocks and central bank information shocks.
The shocks are identified using sign restrictions, imposing that the high-frequency stock market and interest rate move-
ments are driven by two uncorrelated structural shocks, a traditional monetary policy shock which moves stock prices
and interest rates into opposite directions and a central bank information shock which moves both variables into the same
direction.

We employ a similar event-study methodology to examine the intraday effects of central bank shocks on stock prices and
interest rates during FOMC announcements from 1994 to 2016. Similar to Jarocinski (2021), we add an additional long-term
rate to the intraday system used by Jarocinski and Karadi (2020). Specifically, we estimate an intraday SVAR without lags in

ye = [i®,i® s,)s, where i®™ denotes the surprise in the three-month fed funds futures contract multiplied by 100,i" is
the change in the two-year Treasury yield multiplied by 100, and s, measures the surprise in the S&P 500 index change mul-
tiplied by 100.” We assume that intraday movements in y, during FOMC announcements are driven by central bank shocks,
which is the typical event-study assumption, and allows us to determine the source of a stock market information shock as
a central bank information shock. Furthermore, we use the identifying assumption that there are three intraday central bank
shocks that are independent and sufficiently non-Gaussian, which replaces the assumption of two uncorrelated central bank
shocks identified using sign restrictions in Jarocinski and Karadi (2020).

We estimate the intraday SVAR using the unrestricted block-recursive SVAR-GMM estimator and find that all estimated
shocks are non-Gaussian. The appendix provides more details on the non-Gaussianity of the estimated shocks. Table 4 dis-
plays the estimated intraday response of y, to three structural shocks. The first shock is a traditional monetary policy
shock, denoted by €. It causes short- and long-term interest rates to move in the same direction and stock prices to
move in the opposite direction. This shock is the only one that significantly affects short-term interest rates. The second

shock is a forward guidance shock, denoted by €%. A positive forward guidance shock indicates a future tightening of mon-
etary policy, which negatively affects stock prices and thus long-term interest rates and stock prices to move in opposite
directions in response to the forward guidance shock. The third shock is a central bank information shock, denoted by

€SB 1t causes stock prices and long-term interest rates to move in the same direction. A positive central bank informa-
tion shock indicates that the central bank has revealed positive information on future economic activity, which implies
that the central bank will respond with higher interest rates in the future, leading to an immediate increase in long-
term rates.

Our results on the intraday effects of the traditional monetary policy shock are consistent with previous studies by
Jarocinski and Karadi (2020) and Jarocinski (2021). Specifically, we find that a one standard deviation traditional mone-
tary policy shock leads to a five basis points increase in three-month fed funds futures and a decline of approximately 21
basis points in the S&P 500 index in the 30-min window. Moreover, our forward guidance shock has a similar impact on
short-term rates, long-term rates, and stock prices as the odyssean forward guidance shock in Jarocinski (2021). We find
that a one standard deviation forward guidance shock leads to an increase of four basis points in the two-year rate and a
decline of approximately 36 basis points in the stock index. Furthermore, in contrast to the central bank information
shock in Jarocinski and Karadi (2020), but in line with the forward guidance information shock in Jarocinski (2021),
we find that the central bank information shock is associated with an increase of approximately 52 basis points in the
S&P 500 index, an increase of around 1 basis point in the two-year rate, but it has no significant impact on the short-
term rate.

The event-study approach enables the identification of high-frequency central bank information shocks, which can be
used to investigate the source of the more general stock market information shock in the low-frequency SVAR estimated
in the previous section. To achieve this, we first construct a central bank information proxy, z#"°, which is equal to the
aggregated intraday central bank information shocks in a given month. We then estimate the low-frequency monthly SVAR
model from the previous section augmented by the central bank information proxy. The simultaneous interaction of the
model takes the form:

7 The intraday data are obtained from Giirkaynak et al. (2022), and all changes are calculated from 10 minutes before to 20 minutes after the announcement.
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Table 4
Response in intraday SVAR with 68% bootstrap bands.
Shock: €' Shock: € Shock: eBinP
Response: i3 5.00 0.84 -0.79
2y, (41/5.46) (~0.26/0.96) (~1.22/0:44)
Response: i 3.75 427 1.06
(321/448) (277/4.6) (0.55/2:35)
Response: St —21.11 —36.65 52.19
(-33.66/-16.94) (-40.64/-27.32) (35.51/58.0)

The table shows the responses to one standard deviation shocks in the intraday SVAR. Confidence bands are symmetrical 68% bootstrap bands with 1000
replications in the bootstrap algorithm.

Table 5
Monthly SVAR proxy validity.
B B B3 Ba
Estimator f; 0.00 0.05 0.12 ~0.04
Wald test statistic Ho : f; =0 0.0 2.32 12.32 1.42
Wald test p-value 0.95 0.13 0.0 0.23
uy by b 0 0 O &
U’f b21 bzz 0 0 0 ??
U | = |bs ba bs bu 0 ||| (23)
u; bsi bsy bss bsy O || &
CBi
Z; info Bi B B3 Bs O N,

If the intraday analysis can successfully identify exogenous central bank information shocks, then the central bank informa-
tion proxy should be exogenous to all shocks in the low-frequency SVAR, except for the stock market information shock. Fur-
thermore, if the low-frequency stock market information shock is not influenced by central bank information shocks but
instead driven by other external sources, then the central bank information proxy should also be exogenous to the low-
frequency stock market information shock.

Table 5 shows the estimated f coefficients that allow us to test the exogeneity of the central bank information proxy. We
find that g,, p,, and g, are not significantly different from zero at the 10% level, indicating that the central bank information
shocks derived from the event-study are exogenous. In addition, we find that g; is positive and significantly different from
zero at any conventional level, suggesting that the central bank information shocks are not exogenous but are statistically
relevant for the stock market information shock.

5. Conclusion

This paper proposes a hybrid approach to identify the impact of monetary policy and stock market information shocks
using the block-recursive SVAR-GMM estimator. The estimator combines traditional identification methods based on restric-
tions with data-driven identification techniques based on non-Gaussianity and independence. The approach allows for a
more accurate estimation of the SVAR, reducing small sample bias and the mean squared error of estimated simultaneous
interactions. Our analysis reveals that a contractionary monetary policy shock results in a slowdown in output and prices,
accompanied by a drop in stock prices. In contrast, a stock market information shock triggers an increase in output and infla-
tion, along with an immediate increase in stock prices and interest rates. Furthermore, we use high-frequency data to show
central bank information is a statistically relevant driver of the stock market information shock. Our results demonstrate the
potential of a hybrid approach to identify information shocks, utilizing both traditional and data-driven identification
approaches.
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Appendix A. Proofs

Proof (Proof of Proposition 1). For ease of notation, we omit the time index t and w.l.o.g., consider an only two blocks®

- - 1
{ﬂpl}: Buo 0 [ﬂ and {emw)]: B 0 [u}
Up, §21.0 ézz.o €, €, (B) §21 Ezz Up,

where i, and i1, contain the reduced form shocks of the first and second block, &,, and &,, contain the structural shocks of
the first and second block, é,, (B) and é,, (B) contain the innovations of the first and second block corresponding to the matrix

B, and l}]],o, E’zw, §22,0,§11 , INS’Zl, and E’zzare the corresponding blocks of the matrices By and B.
With the block-recursive structure it holds that

&, (B) = By! B8y, (A1)

meaning the innovations of the first block are equal to a linear combination of the structural shocks in the first block.
Moreover, with the block-recursive structure and the partitioned inverse it holds that

€y, (B) = =By, B21By{ Bi10&p, + By, (le‘oépl + Bzz.oépz)-
For any matrix B  satisfying  E[f,(B,u)]=0 and, therefore0 = E[é,,(B)é,, (B)] it  holds that
0= —EZ}I (BZLQ — Ezléﬁl E“,o)é]]_o/(éﬁl )/and, thUS,

By = BZ],OBI]]7OBll~ (AZ)
Any B Matrix satisfying the condition 0 = E[é,, (B)é,, (B)/] thus yields innovations of the second block equal to

€, (B) = By, B2208p,. (A3)

meaning the innovations of the second block are equal to a linear combination of the structural shocks in the second block.
Eq. (A.1) implies that the innovations in the first block are equal to a combination of the structural shock in the first block.
The moment condition E[f,(B,u;)] =0 also implies uncorrelated innovations with unit variance in the first block and
therefore

I =E[é,,(B)ép, (B)/}
= E|[(By/Burof, ) By Bunoky, ) |

= (B71B11,0)(Bi] B110)'

8 If the SVAR contains more than two blocks, the procedure outlined in the proof can be repeated multiple times to identify arbitrary many blocks. For
example, an SVAR with three blocks

up, Biio O 0 €, ) Up, Buo 0 e,
Uy, | = |Byo Bno O €y, | can be written as [, ] =~ ~ [~ } ,
Up, Boio Bao | L6

Up, B30 B Bssg €p,y

with i, = [u) , U'p3]’«,§22,o — [gzz Bg_g } ,Ezl,o = [gz:z] ,and €, = €, f.)’,}]/. Our proof then shows how to identify B”D,f}zm = {gi:g ] and ¢, . Defining

Z U, B . Z B. 0 €

el I P P CL R g v | g

Zp, Up, Bsip Zp, B30 Bsso |l €p,
which is another block-recursive SVAR with two blocks.
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which holds for én = l~311_0Q1 with a #p, dimensional orthogonal matrix Q;. Therefore, it follows that é,, (B) = Q,&,,. Eq. (A.2)
then implies ;321 = EZLOQ]. Analogously, Eq. (A.3) and uncorrelated innovations with unit variance in the second block imply

Ezz = I~321‘0Q2 with a #p, dimensional orthogonal matrix Q,. Therefore, it follows that é,,(B) = Q,&,,.

Proposition 3. Let u; = By&; with By € Bpyec(Py, - - -, D) @and let & satisfy Assumption 1. Moreover, let Byec(P1, - - - , Pm) denote a
potentially misspecified block-recursive structure.

Assume that there exists a block p; in Bpyec(py, - - -, Pry) Which contains the same shocks as block p; in Bpec(P1, - - -, Pm), i.€.,
there exits ai, 1 <i<mandai, 1 <i<msuchthatp, =p;and p;,; =p;;. Let Bj;; o denote the impact of the shocks in block
p; on variables in block p; for j=1i,...,m.

Moreover, assume that the shocks in block p; are mutually independent and at most one component of the shocks in block
p; has zero skewness and zero excess kurtosis.

If B € Bprec(P1, - - -, Pm) Satisfies

fZ(B7 uf)
£ {f3&4,. (B, Ut)} =0 4)

it follows that By = §7j70Pi forj=1i,..., m and a sign-permutation matrices P;, meaning that I§;jv0is identified.

Proof. To simplify the notation let

iU = [U1,...,Upr1],, é](B) = [61 (B),...,ep¥,1(B)y, &1 = [81,...,81}1_,1]/,
Uy = Up,...,Up 1], €(B) =[ey(B),....ep ,1(B), & =[ep,- 8, 1],
iy = Uy o U], &(B) =l (B .eaB)s B =l ...l

such that u4,e;(B), and &; contain all reduced form shocks, unmixed innovations, and structural shocks in blocks preceding
the ith block of Byec(P1, . . ., Pm), Uiz, €2(B), and &, contain the innovations and shocks in the ith block of By (p1, . - ., Pm), and

i3, e3(B), and &; contain the innovations and shocks following ith block of Byec(P1, - - . , Pm). Moreover, we denote parts of the
B, matrix as follows

[T By ,0 0 0 &
W | =|Buo Bno O & |,
i3 &

Bsio Bsao Bssp

and, for a given matrix B € Byrec(P1, - .., Pm), We denote the parts of B as Bi1, B21, B31, Baz, Bs2, and Bss, respectively.

Proposition 1 implies that By, = By30Q5, B3z = B30Q5, and e;(B) = Q,&,; with a orthogonal matrix Q,. Imposing the
coskewness and cokurtosis conditions E[f34 (B,u¢)] = 0 identifies the i-th block up to sign and permutation, compare
Keweloh (2021b). Therefore By, = By oP2, B3z = B3y oP2, and e,(B) = P,&, with a sign-permutation matrix P,.

Appendix B. Finite sample performance
Table B.6 and B.7 report the results of the simulation in Section 3.2 using the fast SVAR-GMM estimator proposed by

Keweloh (2021b) and the PML estimator proposed by Gouriéroux et al. (2017) to estimate the non-recursive block.
Fig. B.3 and B.4 show estimated impulse responses in a Monte Carlo simulation with the VAR(1)

Vit 0.5 0 0 0 yl([,w Uqe Ut 10 O 0 0 &1t
Yor _ 0.1 0.1 0 0 J/2(t,]) n Uy and Uy _ 5 10 O 0 &t ’ (5)
Vi 01 01 05 O Y3-1 U3¢ U3¢ 5 5 10 5 &3¢
Yar 0.1 0.1 0.1 0.5] [Va¢-1 Uy Uy 5 5 5 10] [eég
where the structural shocks &, i=1,...,4,t=1,..., T, are drawn independently and identically from the two-component

mixture & ~ 0.79 .4/°(—0.2,0.7%) + 0.21 .4°(0.75,1.5%). In each simulation, the VAR(1) is estimated by OLS and the simulta-
neous interaction is estimated in a second step using the block-recursive SVAR-GMM estimator without and with the block-
recursive restrictions in Section 3.2.
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Table B.6
Finite sample performance - Average and MSE of all estimated elements (fast SVAR-GMM).
T
SVAR-GMMWEF block-recursive SVAR-GMMWF
100 915 —003 002 005 963 —004 00 00
(2.7) (4.8) (4.96) (4.63) (253) (499) (0.0) (0.0
464 916 -0.01 -0.01 49 961 00 00
(548) (373) (6.01)  (6.05) (586) (377)  (00) (0.0)
458 459 9.14 454 483 479 957 4.53
(7.62) (7.84) (5.95) (8.33) (3.09) (3.11) (321) (7.21)
464 457 459 911 483 478 497 934
(751) (786)  (759)  (6.39) (3.08) (315  (589) (4.71)
9.63 0.02 -0.01 -0.0 [9.88 0.03 00 0.0 ]
©088) (23) (214 (221) ©052) (20) (00 (00
479 96 0.03 -0.02 491 987 00 00
250 (254) (148) (299 (2.76) (213) (099 (00) (0.0)
481 479 965 4.77 492 496 9.86 4.86
(375) (379) (239) (37) (112) (112) (1.07) (25)
482 481 4.88 9.6 493 495 498 9.8
361) (357) (337) (262 L 1°09) (1113) (226) (131) ]
9.84 -0.01 004 -0.03 [9.95 0.0 00 00 ]
033) (1.02) (099 1.0 025 (097) (00) (00)
493 983 -0.01 0.02 498 994 00 00
500 {1 052 a2 {2 (103) {(043) (00) (00)
491 .9 988 4.92 498 495 9.95 497
(155) (149)  (09) (153 (055) (053) (042) (0.97)
495 489 496 9.82 499 496 4.98 991
(158) (148)  (153)  (1.04) | ©55) (053) (096) (048) |
[9.95 0.01 -0.0 0.01] [9.99 0.01 00 0.0 ]
©012) (039) (037) (04 1) (037) (©0) (00)
497 994 0.01 0.0 499 998 00 00
1000 (042) (02) (051) (0.48) 04) 02) (00) (0.0
496 497 9.92 4.99 498 50 994 50
(058) (0.62) (04) (062) 025 (024) (02) (04)
496 498 495 9.95 498 501 4.96 997
| 081) (0B1) (0.61) (04) | | ©24) {(024) (04) T(02) |
999 0.0 00 0.01] [10.0 00 0.0 0.0 7
002) (0.07) (0.07) (0.06) 002) (007) (00) (00)
499 999 0.01 0.0 50 100 0.0 00
5000 (0.07) (0.04) (0.09) (0.08) 0.07) (004) (00) (0.0)
499 50 999 5.0 50 50 999 50
©11) (1) (©07) (©.11) (0.05) (0.04) (0.04) (0.07)
50 50 50 999 50 50 499 9.99
Lo (@©n @11 {007 ] | 0.05) (0.04) (0.07) {(0.04)

Monte Carlo simu
UM (by - bQ
estimator propose

lation with M = 2000 replications. The table

by Keweloh (2021b) without restrictions and with

shows the average, 1/MY"Y_ b

the block-recursive restrictions.

m
ij »

i and the estimated mean squared error,
, of each estimated element b};? of b denoting the element of B in row i and column j. The table reports results for the fast SVAR-GMM

Table B.7
Finite sample performance - Average and MSE of all estimated elements (PML).
T
SVAR-PML block-recursive SVAR-PML
100 932 007 —006 —0.02 962 002 00 0.0
(249) (353) (3.85) (3.74) (347) (428) (00) (0.0)
478 9.3 0.02 —0.03 488 9.6 00 0.0
(43) (337) (4.69) (4.7) (5.67) (4.33) (00)  (0.0)
474 4.57 9.41 3.92 482 438 9.65 4.07
(5.85) (6.78) (4.71) (11.74) (327) (3.03) (362) (9.86)
474 458 5.19 8.72 482 478 53 8.99
(5.94) (6.48) (6.95) (10.58) (326) (3.11) (5.54) (8.83)
9.78 0.02 -0.03 -0.05 9.84 001 00 00
(059) (129) (1.24) (1.33) (1.8) (153) (0.0) (0.0)
486 9.78 0.02 -0.04 491 982 00 00
250 (139) (0.84) (1.6) (1.61) (184) (223) (00) (0.0)
493 489 9381 4.75 491 493 984 4.79
(209) (205) (1.46) (2.98) (125) (14) (1.93) (2.74)
4.95 9 499 967 493 491 5.0 972
(206) (1.95) (2.11) (2.46) (124) (141) (1.72) (3.06)
[9.92 -0.0 01 .017 96 -0.01 0.0 0.0
(024) (052) (0.5 (0.51) (033) (0.61) (0.0) (0.0
497 9.9 —0.01 0.02 5.0 9.94 0.0 0.0
500 (0.56) (0.35) (0.63)  (0.67) (0.67)  (0.46) (0.0) (0.0
496 494 9.92 .98 499 4095 9.93 499
(0.78) (0.82) (08) (0.82) (047) (049) (0.98) (0.57)
496 493 496 991 0 496 496 991
| (08) (0.81) (1.04) (0.63) | (047) (0.49) (116) (043)
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Table B.7 (continued)

T
1000 [9.97 0.01 -0.0 0.0 [9.99 0.01 00 0.0 7
011) (023) (023) (0.24) 011) (023) (00) (0.0)
498 997 0.0 0.01 499 999 0.0 0.0
(025 (0.16) (0.31) (0.31) (025) (0.16) (00) (0.0)
498 498 993 5.0 499 50 994 5
(037) (038) (053) (0.41) (021) (02) (041) (0.28)
498 498 495 9.96 499 501 496 9097
L 037) (04) (064 (031)] (02) {(021) (05) (02
[100 0.0 0.0 0.0 (100 0.0 00 0.0 ]
(0.02) (0.05) (0.05 (0.04) (0.02) (0.05) (00) (0.0)
5.0 999 001 0.0 50 100 0.0 0.0
5000 (0.05) (0.03) (0.06) (0.06) 0.05) (0.03) (0.0) (0.0)
50 50 999 5.0 50 50 999 5.0
(0.07) (0.07) (0.05) (0.07) (0.04) (0.04) (003) (0.05)
50 5.0 499 9.99 501 5.0 4.99 9.99
| ©.07) (0.07) (0.07) (0.05) | | (0.04) (0.04) (0.05) (0.03) ]

Monte Carlo simulation with M =2000 replications. The table shows the average, 1/MZ“,,’1',113§}“, and the estimated mean squared error,
/MY bit — by ) , of each estimated element b of b; denoting the element of B in row i and column j. The table reports results for the PML estimator
proposed by Gourieroux et al. (2017) using a t-distribution with seven degrees of freedom without restrictions and with the block-recursive restrictions.
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Fig. B.3. Estimated impulse responses for T = 100 for the VAR(1) in a Monte Carlo simulation with 2000 replications. The true impulse response is shown in
red. The lower 5% and upper 95% quantiles of the estimated impulse response using the block-recursive SVAR-GMM estimator without restrictions [with
the block-recursive restrictions from Section 3.2] are shown in blue [orange].
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Fig. B.4. Estimated impulse responses for T = 250 for the VAR(1) in a Monte Carlo simulation with 2000 replications. The true impulse response is shown in
red. The lower 5% and upper 95% quantiles of the estimated impulse response using the block-recursive SVAR-GMM estimator without restrictions [with
the block-recursive restrictions from Section 3.2] are shown in blue [orange].

Appendix C. Application

This section contains robustness checks for the application presented in Section 4. Fig. C.5 shows the estimated impulse
response function for the SVAR including the excess bond premium as an additional variable in the second block. Fig. C.6
shows the estimated impulse response function for the SVAR using the pre 2008 sub-sample. Fig. C.7 shows the estimated
impulse response function for the SVAR using the industrial production index and consumer price index instead of the inter-

polated real GDP and GDP deflator.
Table C.8 displays the non-Gaussianity of the estimated shocks in the intraday SVAR.
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Fig. C.5. Impulse responses (including the excess bond premium). The figure shows the responses to one standard deviation shocks in the block-recursive
SVAR. Confidence bands are symmetrical 68% bootstrap bands with 1000 replications in the bootstrap algorithm.
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Fig. C.6. Impulse responses (pre 2008 sample). The figure shows the responses to one standard deviation shocks in the block-recursive SVAR. Confidence

bands are symmetrical 68% bootstrap bands with 1000 replications in the bootstrap algorithm.
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Fig. C.7. Impulse responses (with industrial production and consumer price index). The figure shows the responses to one standard deviation shocks in the
block-recursive SVAR. Confidence bands are symmetrical 68% bootstrap bands with 1000 replications in the bootstrap algorithm.

Table C.8
Non-Gaussianity of the estimated intraday shocks.
S?P &{g StCBinfo
Skewness -2.366 0.549 0.842
Kurtosis 14.801 7.326 15.618
0 0 0

Jarque-Bera Test (p-value)
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