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1 Introduction

We propose a heteroskedasticity-based instrumental variables (HET-IV) approach to identify
the causal effects of monetary policy target and path shocks from daily financial market data.
The approach extends the IV estimator of Rigobon and Sack (2004) from one to multiple shocks
by imposing recursive zero restrictions on the impact matrix along the term structure of interest
rates, which mirror those used for constructing multi-dimensional high-frequency instruments
(HF-1V) (see, e.g., Giirkaynak et al., 2005, Swanson, 2021). Unlike HE-IV, the approach does
not require intraday tick data or knowledge of the exact timing of announcements, making
it applicable to countries and historical periods where such information is unavailable. The
recursive IV structure yields a closed-form estimator to which the weak-instrument tests
of Lewis and Mertens (2025) apply directly, enabling straightforward instrument-strength

evaluation for multi-dimensional shocks identified through HET-IV.

Related work identifies multiple monetary policy shocks using GMM estimators (Rigobon,
2003), non-Gaussianity (Jarociriski, 2024), multi-dimensional HF-IVs (Swanson, 2021, Altavilla
et al., 2019), or combining external instruments, heteroskedasticity, and parameter restrictions
(Schlaak et al., 2023, Carriero et al., 2024, Jarocinski and Karadi, 2025).! We add to this literature
by proposing a closed-form IV estimator, exploiting the change in the variance-covariance
matrix of daily financial variables combined with recursive zero restrictions to disentangle
multiple monetary policy shock dimensions. Although high-frequency data sets become
increasingly available for various countries (Altavilla et al., 2019, Acosta et al., 2025, Braun et al.,
2024, Emeksiz et al., 2026), data are often only available over relatively short sample periods.
Because daily data are available over longer sample periods, our approach is especially useful
when analyzing causal effects of monetary policy or other announcements through their

financial market effects over longer historical episodes.

1 Another strand of the literature uses heteroskedasticity to obtain overidentified models, such that the validity of
traditional identifying assumptions can be tested (see, e.g., Liitkepohl and Schlaak, 2022, Schlaak et al., 2023).



Applying the approach to US FOMC announcements, we find causal effects similar to those
based on HF-IVs by Swanson (2021). A key advantage of HET-IV is its strong instrument
performance: for the target shock, the heteroskedasticity- and autocorrelation-robust (HAR)
test statistic of Montiel Olea and Pflueger (2013) ranges from 31.8 to 141.4 in various
specifications, well above the critical value of 23.1, whereas the HE-IV fails the same test (5.4 to
19.7). For the path shock, results are more mixed. The HET-IVs pass the weak instrument tests
in some key specifications, and the results are close in others. Meanwhile, the HF-IVs pass all
weak instrument tests for the path shock. This is reflected in slightly wider confidence intervals
of the impulse responses for the path shock based on HET-IV. However, the point estimates are
close, and we generally cannot reject the null hypothesis of equality of the responses based on
HET-IV and HF-IV. While Lewis (2022) documents that HET-IVs based on high-frequency data
yield stronger instruments compared to daily data, our results suggest that daily data can still

yield strong multi-dimensional instruments on longer sample periods.

In what follows, Section 2 presents the model. Section 3 reports the application. Section 4

concludes.

2 Estimation and identification with HET-IV

2.1 Model

Suppose that we observe N financial market variables (y;), for which the data-generating

process reads:

yi= a+We +Tv +D(L)x;—; forteP (1)

Yr = a+Tov; + D(L)x;—q fort e C ,



where « is a vector of constants, ¢; is a vector of E structural shocks on policy event days (P),
and v; is a vector of R other shocks on policy event as well as control days (P and C). We assume
that all shocks are serially and mutually uncorrelated. Furthermore, I' and W denote impact
matrices of dimensions N X R and N X E, respectively. Finally, x;_; is a vector of pre-determined

control variables, which may include lags of y;, and ®(L) is a conformable lag polynomial.

2.2 Estimation and identification

It is well known that, if the monetary policy shock is one-dimensional (E = 1), we can estimate
W up to a scale using the following instrumental variable (Rigobon and Sack, 2004, Lewis,

2022):2
T T
th = ].(t S P)T—P - ].(t S C)E uit ,

where, without loss of generality, we treat variable y; as the endogenous variable, uy; is the
residual of y1; with u; = y; — ®(L)x¢—1, 1(t € P) and 1(t € C) denote indicator functions that
equal one on policy event and control days, respectively, and zero otherwise, and T, Tp, and T

are the number of total, policy event and control days.?

However, for E > 1, the standard IV fails. Let Z.; be the heteroskedasticity-based instrument
constructed using the residual for variable e in Model (1). In addition, let W;, denote the jth
row and ¢! column of W. Finally, let u; and Z, denote the column vectors of all observations

of the residual i and instrument e, respectively.

Proposition 1. For E > lande =1...E

\Ifﬂ/ = [Zu ) ' Zou;

2See also Online Appendix B.2.

3We follow Lewis (2022) and construct the HET-IV from consistently estimated residuals. Therefore, the standard
errors of the IV estimator are subject to a generated-regressor problem. The magnitude of the problem decreases
with sample size. In our application with daily data, due to the large sample size this problem is negligible.



is an inconsistent estimator of Wi,.
Proof. See Online Appendix B.3. O

Intuitively, using only one IV, independent of which variable we use to construct it, is
inconsistent because multiple shocks affect the endogenous variables on event days and the

instrument is correlated with all of those shocks.

However, using additional identifying assumptions, a modified HET-IV consistently estimates

each column of W up to a scale.
Assumption 1. The leading E X E principal submatrix of \V is lower-triangular.

Proposition 2. Under Assumption 1, the last element of

WY = [(Zy .o Ze)(ur e ue)THZ0 e Ze)

is a consistent estimator of Vi, up to a scale.
Proof. See Online Appendix B.4. m]

This implies that we can recursively estimate each column of W up to a scale. To estimate the
column e, we use the first e instruments for the first e endogenous variables. Intuitively, the
second instrument is correlated with both, the first and second structural shock. Therefore,
only using the second instrument does not allow us to disentangle the two dimensions. By
including the first instrument, which is by assumption only correlated with the first shock, we

control for the variation in the second variable that is caused by the first shock.



3 Multi-dimensional monetary policy shocks in the US

We apply our approach to US data because we can compare the results to existing

multi-dimensional high-frequency surprises.

3.1 Identifying assumptions

The order of the variables in y; is key for identification. We impose recursive zero restrictions
along the term structure of interest rates: a target shock affects all financial market variables on
impact, whereas a path shock does not affect the short-term interest rate contemporaneously.
These restrictions mirror the factor rotation approach used in standard HF-IV schemes
(Guirkaynak et al., 2005, Swanson, 2021), giving the shocks a similar economic interpretation

as their HF-IV counterparts.?

3.2 Data

In y; we include a short- and medium-term interest rate, as well as a corporate bond spread,
an effective exchange rate, stock prices, and the VIX.> As control variables (x;_1) we include
one lag of the same variables and the implied treasury yield skewness by Bauer and Chernov
(2024).° All interest rates, spreads and the VIX are included in first-differences. All other
variables are included in log-differences multiplied by 100. The exchange rate is defined as
one unit of foreign currency measured in USD (a decline is an appreciation of the Dollar). As
policy events, we use FOMC announcement dates by Bauer and Swanson (2022) starting in
1988 and extend them until the end of 2022. All other weekdays, excluding holidays, are used

as control days.

4 Altavilla et al. (2019) additionally differentiate between press releases, which may comprise a target shock, and
press conferences, which may comprise a path shock.

5The data sources are given in Online Appendix A.

6We include this variable because Bauer and Swanson (2022) have shown it to predict high-frequency monetary
policy surprises.



3.3 Dynamic causal effects

We estimate dynamic causal effects in a long-difference local projection framework (Jorda,
2005).” Specifically, for each horizon h = 0,1, ..., H, outcome variablei = 1, ..., N, and shock

dimension e =1, ..., E we estimate:

e

Yijpsh = Yit-1 = Qien + Z Vijn (i, = 1j,0-1) + PienXt—1 + Uie,t+h , (2)
=1

where i, is the interest rate corresponding to shock e, treated as endogenous and instrumented
by Z.: from Proposition 2. That is, for ¢ = 1 we include the short-term interest rate
instrumented by Zi; and for e = 2 we include the short-term and medium-term interest rate
instrumented by Z1; and Zy;. The impulse response of variable i to shock e at horizon / is gf},-eh,
where we normalize the estimate to a 25 basis point increase in the corresponding interest rate

at h = 0. Inference is based on HC standard errors (Montiel Olea et al., 2025).

Figure 1 panel (a) shows the causal effect of a target shock, for which the instrument is
constructed based on the short-term interest rate. A 25 bp increase in the short-term interest
rate, caused by a target shock, leads to a smaller increase in medium-term interest rates, a
decline in the corporate bond spread, an appreciation of the US Dollar, and a decline in stock

prices. Meanwhile, the VIX does not show a statistically significant response.

The path shock shown in panel (b) has qualitatively similar effects on most variables. However,
there are two important differences. First, the short-term interest rate does not change, as
assumed, on impact. Meanwhile, the 25 bp increase in the medium-term interest rate leads to
a stronger response of all other variables compared to the target shock. In particular, the US

Dollar appreciates more and stock prices fall more. In addition, the VIX shows a statistically

7Compared to a level specification, this framework is more robust when estimating persistent responses
(see Piger and Stockwell, 2025). Compared to a VARs, local projections are more robust with respect to
model-misspecification (see Montiel Olea et al., 2024). See Montiel Olea et al. (2025) for an overview of the
advantages and disadvantages of local projections and VARs.



Fig. 1: Dynamic causal effects using HET-IVs
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Notes: Impulse responses to a target (panel a) and path (panel b) monetary policy shock identified via
HET-IV. The responses are normalized to a 25 bp increase in the short-term and medium-term interest rate,
respectively. The horizontal axis measures working days (excluding weekends and holidays). The model
is estimated in first (log-)differences, but the impulse responses are cumulated. Therefore, all interest rate
responses are measured in percentage points and the exchange rate responses are measured in percent. The
shaded areas show 90% and 95% confidence intervals, which are based on HC standard errors.



significant increase.

3.4 Comparison with high-frequency identification and weak-instrument tests

We estimate dynamic causal effects using FFR and forward guidance surprises by Swanson

(2021) as instruments and compare them to heteroskedasticity-based responses (see Figure 2).5

For the path shock (panel b), we find very similar point estimates. We also bootstrapped
p-values for a test of equality of the impulse responses identified via HF-IV and HET-IV.” In
the vast majority of horizons, we do not reject the null hypothesis of equality of the responses.
Interestingly, the impact effect of the HF-IV path shock on the short-term interest rate is not
statistically significantly different from zero. This lends additional credibility to our recursive

identifying assumption when using HET-IV.

Differences are more pronounced for the target shock, where responses using the HF-IV are
larger in absolute value. Again, we formally test equality of the impulse responses. Even
though the HF-IV confidence intervals are wider, we reject the null of equality somewhat more
often than for the path shock. We therefore next turn to the question, why the differences are

more pronounced for the target shock.

We present weak-instrument tests, which additionally explain the difference in confidence
interval width across approaches. The tests follow Montiel Olea and Pflueger (2013), Lewis

(2022) and Lewis and Mertens (2025) and account for heteroskedasticity and autocorrelation.'’

Table 1 reports HAR weak-instrument tests for the target shock. Because results may differ
depending on the choice of the endogenous variable, we present various specifications. Panel

(a) shows that the heteroskedasticity-based instrument passes the test comfortably for all

8We do so by estimating an equation similar to Equation (2). There are two differences. First, we use the HF-IVs.
Second, we do not impose the recursive zero restriction. Online Appendix C shows that the results remain virtually
identical when imposing the zero restriction.
9See Online Appendix C.
19For the path shock, they also give indirect evidence of whether two dimensions exist. If no path shock exists
in addition to a target shock, the first instrument already captures the relevant variation, and adding a second
instrument contains no additional information.



Fig. 2: Comparison of HET-IVs with HF-IVs
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Tab. 1: Weak-instrument tests for target shocks

(a) HET-IV
FFR 3M 6M Average

Test statistic 54.0 31.8 78.5 141.4
Critical value 23.1 23.1 23.1 23.1

(b) HF-IV
FFR 3M 6M Average

Test statistic 54 163 19.7 12.0
Critical value 23.1 23.1 23.1 23.1

Notes: Weak-instrument tests based on the HAR test statistic by Montiel Olea and Pflueger (2013) and Lewis
(2022). Each column varies the endogenous variable. For heteroskedasticity-based identification, we also vary
the variable to construct the instrument. For high-frequency identification, we always use the FFR surprises
by Swanson (2021). The significance level is set to 5% and the tolerance level to 10%.

Tab. 2: Weak-instrument tests for path shocks

(a) HET-IV
Path shock

Target shock  2Y 3Y 5Y Average

FFR 27.0 262 279 27.5
Critical value 28.4 27.5 26.9 27.6
3M 17.6 18.3 21.3 19.8
Critical value 28.5 28.2 27.6 28.0
6M 22.1 220 199 22.6
Critical value 28.7 28.7 27.6 28.2
Average 295 266 264 28.1

Critical value 28.9 285 273 28.3

(b) HF-IV
2Y 3Y 5Y  Average

Test statistic 127.8 1254 774 120.4
Critical value 23.1 23.1 23.1 23.1

Notes: Weak instrument tests allowing for heteroskedasticity and autocorrelation. Panel (a) uses the test for
multiple instruments and multiple endogenous regressors by Lewis and Mertens (2025). Each row varies
the endogenous variable and instrument for the first dimension (target shock). Each column varies the
endogenous variable and instrument for the second dimension (path shock). Panel (b) uses the test for
one instrument and one endogenous regressor by Montiel Olea and Pflueger (2013). For high-frequency
identification, we always use the forward guidance surprises by Swanson (2021). The significance level is
set to 5% and the tolerance level to 10%.
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short-term interest rate specifications, with test statistics of 31.8-141.4 against a critical value of
23.1. Panel (b) reveals a stark contrast: high-frequency FFR surprises fail the same test across
all specifications (test statistics 5.4-19.7). This weak-instrument problem under high-frequency
identification directly explains the wider confidence intervals seen in Figure 2 and differences

of the point estimates.!!

Table 2 reports tests for the joint two-dimensional case using the Lewis and Mertens (2025) test.
The strength of the HET-IV for the second dimension depends on the choice of the HET-IV
for the first dimension. We therefore report multiple combinations. Panel (a) shows that
the instruments jointly pass in two specifications (FFR-5Y and Average-2Y), with near-critical
values in several others (FFR-2Y, FFR-Average, Average—Average). These mixed results are
relevant for applied researchers, who aim to obtain strong instruments for multiple monetary
policy shocks: the target shock is robustly identified, while path-shock inference is more
sensitive to the choice of the endogenous variable. For completeness, Panel (b) reports that
the high-frequency forward guidance surprises easily pass the one-dimensional Montiel Olea

and Pflueger (2013) test.

To further examine whether the two approaches identify similar underlying shocks, we predict
the shocks using the Kalman-filter approach by Burri and Kaufmann (2025).1? For HET-1V, the
target and path shocks are virtually uncorrelated (0.05) as we would expect. In addition, the
HET-IV path shock is highly correlated with the HF-IV path shock (0.84), confirming that both
approaches identify similar underlying shocks. The HET-IV and HF-IV target shocks exhibit a

lower correlation (0.71), reflecting the weak instrument problem for the HF-IV.

HLewis (2022) shows that in an application using data from Nakamura and Steinsson (2018) daily data yield weaker
heteroskedasticity-based instruments than intraday data. While we do not dispute this result, which is intuitive
and convincing, panel (a) of Table 1 demonstrates that heteroskedasticity-based instruments can be strong even at
daily frequency. However, the results are not directly comparable with Lewis (2022) or Nakamura and Steinsson
(2018) because we use a longer sample, examine multiple monetary policy shock dimensions, and control for lags
of dependent variables. The latter may be especially important as daily financial market data and high-frequency
surprises may be correlated with information available on FOMC announcement days (Bauer and Swanson, 2023,
2022).

12The results are shown in Online Appendix C
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4 Conclusions

We propose a heteroskedasticity IV approach to identify the causal effects of multiple
monetary policy shocks from daily financial market data. The closed-form recursive estimator
extends Rigobon and Sack (2004) to multiple dimensions and enables direct weak-instrument
testing via Lewis and Mertens (2025). Applied to US FOMC announcements, the approach
yields causal effects similar to high-frequency identification while outperforming it on
instrument-strength tests for the target shock. Although the identification of the path shock is
weaker for HET-IV compared to HF-IV, we still obtain similar point estimates for the impulse
responses, and similar shock predictions, suggesting the resulting bias is relatively small. Key
extensions—separately identifying information effects (Nakamura and Steinsson, 2018) and
measuring impacts on low-frequency macroeconomic variables via the predicted shock series

of Burri and Kaufmann (2025)—are left for future research.
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Online Appendix

A Data

The data stem from Burri and Kaufmann (2025). To make the paper self-contained, the sources
are reported in Table 3. To capture the information across a wider variety of financial market
variables, and potentially reduce some noise in the individual series, we compute averages
over multiple series. The short-term rate averages the FFR, and the 3M and 6M treasury bill
rates. The medium-term interest rate averages the 2Y, 3Y and 5Y treasury bond yields. The
stock price index averages the S&P 500, as well as the NASDAQ Composite Index and the
NASDAQ 100 Index. The former receives a weight of 0.5, and the other two each receive a
weight of 0.25. The corporate bond spread averages the series for AAA and BAA rated bonds.

All results remain robust using various versions of the individual series.

B Technical appendix

In what follows, we discuss the identification and estimation of the impact matrix W in

Model (1) using heteroskedasticity-based IVs.

B.1 Preliminaries

We use the following notation. We denote the variances of the structural shocks as ¢2,, e =

1...E,and 6%, r = 1...R. W; and I; are the corresponding impact vectors on variable
i = 1...N. Furthermore, u; denotes a column vector of residuals of a regression of variable
yi on the control variables. Also, we use ujtep, Ujtec to denote column vectors containing only
observations on policy event days, and other days, respectively. COV[u;, u;liep, COV[u;, ujliec
are the corresponding covariances. Finally, we use VIuil = Vuiliep — V[uiltec and

C@V[ui,u]-] = COVlu;, ujliep — COV[u;, ujlicc to denote the difference in the variance and
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Tab. 3: Data

Category Source Variants  Time Comments
stamp
Treasury bill Board of 3M, 6M, 4pmEST www.federalreserve.gov/releases/h15/.
yields Governors 1Y, 2y, We do not use the 1M and 20Y yields as
3Y, 5Y, they comprise missing data
7Y, 10Y,
30Y
Federal Funds Board of 4pm EST  www.federalreserve.gov/releases/h15/
Rate Governors
Nominal Board of Noon www.federalreserve.gov/releases/h10/.
effective Governors EST We linked the discontinued series
exchange rate with FRED identifier DTWEXM with
DTWEXAFEGS. Also, we define the
NEER as one unit of foreign currency in
terms of USD. Therefore, a decline in the
exchange rate is an appreciation of the
USD.
Stock prices S&P Dow Jones, S&P 500, 4pm EST tradingview.com/symbols/SPX/.
NASDAQ OMX NASDAQ FRED variable keys: NASDAQCOM,
NASDAQ100
VIX CBOE Close FRED variable keys: VIXCLS, VXOCLS
Corporate bond Moody’s AAA, Unclear FRED variable keys: DAAA, DBAAA. We
spreads BAA computed the spreads as the difference to
the 10Y government bond yield
Treasury yield Bauer and End-of-day The underlying data are treasury futures
skewness Chernov (2024) and options from CME group. Starts in
1988
Monetary Swanson (2021)  FFR, Event The surprises do not cover the entire
policy surprises forward  window  sample of FOMC announcements by
guidance Bauer and Swanson (2022)

FOMC
announcements

FOMC
announcements

Bauer and
Swanson (2022)

Board of
Governors

From 1988-2019. We use the days on
which there is a monetary policy surprise

From 2020-2022, own data collection
from www.federalreserve.gov/
monetarypolicy /fomccalendars.htm
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covariance, respectively, on policy event and other days.

We will repeatedly use the standard heteroskedasticity-based IV by Rigobon and Sack (2004):
T T
Zip = |1te P)T_p -1t € C)% ui , 3)

where 1(t € P), 1(t € C) denote indicator function that equal one one policy event and control

days, respectively, and T, Tp, and Tc are the number of total, policy event and control days.

In addition, we will use the fact that the following term converges in probability to the
difference in the covariance between residual for variable i and j, on policy event and other

days (see Rigobon and Sack, 2004):

’ !’ 1 !’
fzi”j = T_P”itepujtel’ - ﬂ“itec“ﬁeC (4)
—  COVlu;, ujliep — COV[u;, ujliec

= C@V[ui, u]‘] ,
and, therefore:

1_, P~
fZi”i - Vlu].

B.2 Standard HET-IVifE =1

To make the paper self-contained, we show consistency of the standard

heteroskedasticity-based IV for E = 1, a well-known result from Rigobon and Sack (2004).

Proof. Assume that we use u; to construct Z; based on Equation (3). The standard
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heteroskedasticity-IV estimator of the impact effect on the variable i reads:

177,
Tzlul

v
\Ijil lZ,l/[
T+1%1

p C@V[ul, ;]
- —

Vui]

where we used Equation (4) for convergence in probability. Using Model (1) and E = 1 we

obtain:

COV[ur,ui] = Wi1Winol, + 15,0} - T1Z,T) = Wi W07,

V] = W2,0%, + 15,1 -T2, = W2 02,

It follows that:

Therefore, IV consistently estimates W up to a scale, assuming that W; # 0. The latter
corresponds to the identifying assumption that the variance of u; increases on days with policy

event days compared to control days.

B.3 Standard HET-IVifE > 1

Proposition 1 states that if E > 1 the standard heteroskedasticity-IV does not consistently

estimate any column of W up to a scale.

Proof. Without loss of generality, assume that we use u; to construct Z; based on Equation (3).
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The standard heteroskedasticity-IV estimator of the impact effect on the variable i reads:

1—7r,,.
Tzlul

wiy
1 1

: 72y

r  COV[uy,u;]

H —_—

Vui]

where we used Equation (4) for convergence in probability. Using Model (1) we obtain:

E E
COV[u,u] = ) WieWieoZ + 11Tl —T1L,T) = > W1, Weo?,

e=1 e=1

E E
Tl = ) 3,02 +TiL T} —TiLT; = > Wi,
e=1 e=1

Therefore,

E )
ﬁ) Ze:1 Wi Wi, Og¢

iy
i E 2 2
25:1 \ylgaes

il

p(\yill

which shows that IV does not consistently estimate the causal effect of shock ¢1; on variable i

up to a scale. ]

Remark 1. Although IV is inconsistent, there exists a GMM estimator exploiting multiple equations of
the system to consistently estimate the columns of the impact matrix (see Rigobon, 2003, Rigobon and

Sack, 2004, Lewis, 2022).

B.4 Modified HET-IVifE > 1

Proposition 2 states that, if we are willing to impose additional restrictions, our modified

heteroskedasticity-based IV-approach consistently estimates each column of W up to a scale.

Let Wi.c,1.. denote the leading principal submatrix of W. In addition, =, denotes the diagonal

variance-covariance matrix of the structural shocks &;.
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Proof. Suppose we use uy, ... u, to construct instruments Z, ... Z, based on Equation (3). The

modified heteroskedasticity-based IV estimator of the impact of shock e on variable i reads:

W = [(Zy o Ze)(ur e u)) N2 Ze)
_ R .
V[ul  COV[uy,us] -+ COV[uy,u.]| |COV[uy,u]
p o |COV[uy, sl Vlus] COV[uz, u;]
- 7
CQV[ull ME] T V[“E] C©V[u81 1/[1‘]

where we used Equation (4) for convergence in probability. Using Model (1) we obtain:

v F , -1 ,
\Ijie - [\ylze,l:ez‘&\ylse,l:e] \Ijlze,lzeze\yi
_ \I/I—l Z_I\P_l \p Z\P’
- l:e,l:e~¢ lie,l:e T lie,lie~e X

_ 7—1 /
- \yl:e,lze\yi .

Under Assumption 1, Wi.,1.. is lower-triangular, such that \Iﬂfell; . is upper-triangular with

lower right element equal to 1/W,,. Therefore, the eth row of \If’ljelllz Viis Wip /Wee o« Wi O

For illustration, consider estimating the response to the first structural shock (e = 1) on variable

1:

vl = [Ziwn] ' ZYu;
p COV[uy,u;
- — .

V]
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Using Model (1) and Assumption 1 we obtain:

V[ul]

2 9
Wi 07,

COV[u1, ui] W Wiod, .

Therefore,

COV[uy,u;] _ YnWaoi, Wy

= = o \Ij'l .
N W2 o7, Wi :

This follows directly from the fact that only the first shock appears in the first equation of
Model (1). For the first equation, the modified IV corresponds to the standard IV estimator by

Rigobon and Sack (2004).

Let us consider estimating the response to the second structural shock (e = 2) on variable i:

WY = [(Z1 Zo) (w1 u2) ™ (Z1 Zo)u
-1
p Vui] COV[uy, us] COV[uy, u;]
ﬁ
COV[u1, us] Vluz] COV[us, u;]

Using Model (1) and Assumption 1 we obtain:

Vlm] = o,

Vil = W30, + Wiyo3,
COV[uy,ui] = \Pll\lfﬂai
COV[ug, uj] = Wy Wio?, + WoWisoa, .
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Therefore, after some algebra, we obtain:

VYip _ Yo Vip
plv ﬂ) Wi Wi Wa
i2 4
Wio
Wao

which shows that the last row of the IV estimator consistently estimates the second column of

the impact matrix up to a scale, where the response is normalized by Was.

C Additional results
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Fig. 3: Comparison of HET-IVs with HF-IVs adding recursive zero restriction
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Notes: Impulse responses to a path monetary policy shock identified via HF-IV (red dotted line) and HET-IV
(blue solid line). The specification imposes the recursive zero restriction also on the HF-IV path shock. Shaded
areas show 90% confidence intervals (blue shading for HET-1V, red for HF-1V), based on HC standard errors.
See also notes to Figure 1.
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Fig. 4: Test for equality of impulse responses (p-values)
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Notes: Bootstrapped p-values for a test of equality of impulse responses estimated using HET-IV and HF-IV.

The horizontal lines denote the 5% (black solid line) and 10% (blue dotted line) confidence level.

The

horizontal axis measures working days (excluding weekends and holidays).
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Tab. 4: Correlations of shock predictions

HET-1IV HF-1IV HEF-IV recursive
Target Path Target Path Target Path

HET-1IV

Target 1.00

Path 0.05 1.00
HF-IV

Target 0.71 0.40 1.00

Path 0.10 0.84 0.37 1.00
HE-IV recursvie

Target 0.71 0.40 1.00 0.37 1.00

Path 0.07 0.84 0.34 1.00 0.34 1.00

Notes: Correlations of shock predictions following Burri and Kaufmann (2025) based on the estimated impact
matrix using the Kalman filter.
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