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ABSTRACT

In structural vector autoregressive analysis, it has become quite popular to identify
some structural shocks of interest by external instruments or proxies. This study
points out a variety of areas where such proxies have been used and sketches the
way the proxies have been constructed. It reviews identification and estimation
methods that have been considered in this context. Moreover, it points out some
features, such as heteroskedasticity, nonfundamentalness of the shocks, and viola-
tions of the standard assumptions for proxies that might result in complications.

1. Introduction

Using instruments to identify structural shocks of interest has become quite popu-
lar in recent structural vector autoregressive (VAR) studies. In this literature,
instrumental variables (IVs) are considered closely related to the shocks of inter-
est. They are often called proxies, and the related studies are referred to as proxy
VAR studies. Examples of such proxies are variables that proxy monetary policy
shocks (e.g., Glirkaynak et al. 2007), fiscal shocks (e.g., Mertens and Ravn 2012),
and uncertainty shocks (e.g., Piffer and Podstawski 2018). We will review many
more proxies for structural shocks in Section 2, where we also provide more
references.

Recently, researchers have started to use a set of proxies to identify a set of struc-
tural shocks (e.g., Jarocinski and Karadi 2020; Hou 2024). In that case, the proxies
often do not identify the individual shocks without making further assumptions. For
example, identifying restrictions on the impact responses of the variables or even
sign restrictions can be used for fully identifying the shocks of interest. We will
discuss a variety of possibilities that are specifically useful for proxy VAR analysis
in Section 3. Related estimation and inference methods are considered in Section 4.
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We assume that the data generating process (DGP) is a K-dimensional VAR pro-
cess with lag-order p,

Vi=V+Ay +-+A,y,+u, (1)

in which the residual process, u,, is zero-mean white noise with nonsingular cova-
riance matrix X, 4, ~ (0,%,), such that the u, are serially uncorrelated. They are the
one-step-ahead prediction errors for y, based on the information {y_,,v_,,...}.
Residuals #, that can be written as a function of y,,y,,,..., are sometimes called
y-fundamental (for example, see Chapter 17 in Kilian and Liitkepohl 2017 for
more details). The setup in (1) is the reduced form of the VAR model.

In our benchmark setup, the structural shocks, denoted as w, = (w,,,...,w,,)’, are
assumed to be linear combinations of the u,, w, = B™'u,, such that u, = Bw,. In the
following, we will refer to shocks that are linear combinations of the fundamental
reduced-form residuals u, as fundamental.' The (K % K) transformation matrix B
contains the impact effects of the structural shocks on the variables y,. The w, are
assumed to have a diagonal covariance matrix X, such that BX B’=Z . If the
shocks are normalized to have unit variances and hence, X, = I, the impact effects
matrix B has to be such that BB’ =%, .

We assume further that the first K; shocks, w,, = (Wm--- ,wKI,) , are of primary
interest and have to be properly i(llentiﬁed as economic shocks, while the last

K — K, shocks, w,, = (WK]HJ, .. an) , are not in the scope of the analysis. Accord-
ingly, we partition the vector of shocks as w/ = ( W, W5, ) The matrix of impact
effects, B, is partitioned correspondingly as B=[B,:B,], B being a (K X K,)
matrix and B, being of dimensions (K X (K — K))).

The matrix B contains structural parameters of the model. The k-th column of B,
say by, represents the impact effects of the k-th shock on all the K variables. Thus,
the columns of B, contain the impact effects of the shocks of interest, w,,. Having
B, the latter shocks can be obtained from the reduced-form residuals as

7 v-1 1 el
w,=(B/%,'B) BZu, )

if the shocks are instantaneously uncorrelated, as assumed in our benchmark
2
setup.

1 In some of the recent literature, this property is referred to as invertibility (for example,
see, Plagborg-Mgller and Wolf 2021). Forni and Gambetti (2014) and Forni et al. (2025)
call the property informational sufficiency.

> The relation follows from the fact that w, = b/ X.'u,/b/ Z.'b, (see, for example, Stock

and Watson 2018; Bruns and Liitkepohl 2022, Appendix A.1) and (Bl’ >'B, )71 =2,
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The structural impulse responses of the shocks of interest for propagation horizon
h are known to be ©, , = ®, B;, in which the ®, are reduced-form quantities obtained
recursively from the 4,,...,4, VAR slope coefficients as @, = 23:1 @, A4, with
®, = Iy, for h=1,2,...,and 4, =0 for j > p (e.g., Liitkepohl 2005, Section 2.1.2).
Thus, we need the impact effects and reduced-form quantities to get the structural

impulse responses.

This will be the benchmark setup in this study, which is assumed to hold unless
explicitly mentioned otherwise. In the next section, we will first spell out the gen-
eral assumptions that a variable or set of variables has to satisfy to qualify as a
proxy, and then we will present a variety of examples of proxies that have been
used in the recent literature. As mentioned earlier, sometimes a set of proxies iden-
tifies only a set of shocks but does not identify them individually. As individual
shocks are often needed for the desired analysis, we discuss ways of identifying
structural shocks individually in Section 3. Section 4 is devoted to the estimation
of and inference for identified structural parameters, shocks, and impulse responses.
Section 5 deals with complications that might arise in proxy VAR analysis if the
assumptions of our benchmark setup are not satisfied. Finally, Section 6 concludes
this study.

2. Proxies

As mentioned in Section 1, the proxies are supposed to be closely related to the
shocks, or, phrased in statistical terms, they are constructed to be well correlated
to the shocks of interest. Sometimes the proxies are even thought of as the shocks
observed with measurement error. In some studies, a proxy z, for a shock w, is in
fact assumed to be generated as

z, = 0w, +1, (3)

where ¢ is a scalar and n, 1s a measurement error (e.g., Mertens and Ravn 2013;
Jentsch and Lunsford 2019; Caldara and Herbst 2019; Bruns and Liitkepohl
2023a). Other authors assume a richer proxy DGP than Equation (3), which could,
for example, also include lags of the proxy or other model variables on the right-
hand side (Stock and Watson 2018; Plagborg-Meller and Wolf 2021). We will
discuss different models for the proxies in more detail in Section 3.2.

A proxy does not have to be measured at every date in the sample period. Often,
there are missing values in the proxy series, which are typically filled by zeros
(see, e.g., Kilian 2008; Mertens and Ravn 2013; Piffer and Podstawski 2018; Boer
and Liitkepohl 2021). In fact, in several cases, a measurement of the proxy is only
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available for a sequence of event dates (e.g., Wright 2012; Mertens and Ravn
2013; Piffer and Podstawski 2018; Clemens et al. 2025). Given that the proxy just
must be correlated with the shock, such an instrument might well provide suffi-
cient information to estimate the shock.

2.1. General Formal Properties of Proxies
Identification of the structural parameters and, hence, the structural shocks is
assumed to be based on a set of N IVs (proxies) z, = (z,,,...,2zy,) satisfying

E( W,z ): X, 70, X (K1 X N), rk(Zw]Z) =K, (relevance), (4)

]E( W,, Z, ) =0 (exogeneity). (5)

Sometimes, it is also required that
E( W, z/ ) =0Vj#0 (lead —lag exogeneity) (6)

(Stock and Watson 2018, Condition LP-IV; Miranda-Agrippino and Ricco 2023).
Condition (6) implies that proxies are uncorrelated with future structural shocks.
This condition is not overly restrictive, because we tend to think of structural
shocks as unexpected disturbances. But Condition (6) also implies that the proxies
are uncorrelated with past structural shocks. This implication is quite strong and
more restrictive but can be defended, for example, if the proxies are “precleaned.”
Precleaning means that the proxies are the residuals of a preliminary regression of
proxiesonpastendogenousvariablesandothercontrolvariables(Miranda-Agrippino
and Ricco 2021). Condition (6) is sometimes useful for deriving asymptotic prop-
erties of some estimators, for example, to derive consistency of the LP-IV estima-
tor in Stock and Watson (2018).

It is required that we have an instrument variable that is correlated with the shock
of interest; we do not need the shock itself. The proxy can, in fact, be just a dummy
variable. Actually, Boer and Liitkepohl (2021) consider a three-point variable,
which is 1 or —1 on event dates, depending on whether the shock is positive or
negative, respectively, and 0 for all dates without known events.

If just a single shock (K, =1) is identified by a scalar proxy (N =1), then Condi-
tions (4) and (5) imply that the proxy has to have nonzero correlation with the
shock of interest and is uncorrelated with all other shocks. That property is also
sometimes assumed for the individual proxies if there are multiple proxies. For the
multiple proxy case, it is clearly stronger than the Conditions (4) and (5) (see also
the discussion in Section 3).
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2.2. Specific Proxies

Stock and Watson (2012) discuss a variety of proxies that have been used to iden-
tify macroeconomic shocks, such as monetary policy shocks, oil market shocks,
productivity shocks, uncertainty shocks, and financial shocks. The following
examples of proxies that have been used for proxy VAR analysis show the ingenu-
ity of researchers in constructing variables that are related to specific economic
shocks and qualify as proxies.

We do not attempt a complete survey of all proxies that have been used in the
proxy VAR literature but just provide some examples of proxies. Generally, one
can use any variable that is correlated with one shock only and uncorrelated with
all other shocks as an instrument for a specific shock. Hence, one could also use
shocks estimated in previous empirical studies as proxies in subsequent investiga-
tions. Estimated shocks are obviously not the true shocks but typically shocks
measured with error. Specifically, shocks obtained from dynamic stochastic gen-
eral equilibrium (DSGE) models are sometimes used as instruments in subsequent
proxy VAR studies. For example, Stock and Watson (2012) use shocks from the
well-known DSGE model constructed by Smets and Wouters (2007) as proxies for
some of the shocks considered in their study.

Monetary Policy Proxies

Monetary policy analysis is a field where structural VARs have been used rou-
tinely. Several researchers use external instruments or proxies for identifying
monetary policy shocks. The proxies are often based on changes in some forward
rate or future contracts at the time of policy announcements of the central bank.
For the United States, this approach was already used by Kuttner (2001) and has
been applied more recently, for example, by Giirkaynak et al. (2007), Barakchian
and Crowe (2013), Gertler and Karadi (2015), and Miranda-Agrippino and Ricco
(2021). For the United Kingdom, that approach was applied by Cesa-Bianchi et al.
(2020) and Braun et al. (2025). Altavilla et al. (2019) used it for the euro area and
Kubota and Shintani (2025) for Japan.

Some researchers, such as Wright (2012), have even used the changes of U.S.
Treasury futures at different maturities and considered some aggregate of them as
proxy. Wright used the first principal component of 2-, 5-, 10-, and 30-year futures.
See also Barakchian and Crowe (2013) for a related approach.

As central banks have used a variety of tools for monetary policy in addition to
short-term interest rate changes, some studies base the monetary policy analysis on
a set of proxies for different types of shocks. For example, for the United States,
Jarocinski and Karadi (2020) account for the fact that the U.S. Federal Reserve not
only uses interest rate changes as policy tools but also communicates to the public.
They consider two shocks—a conventional monetary policy shock and a central
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bank communication shock—which they identify by two different proxies and sign
restrictions. They try different sets of proxies to capture the two different types of
monetary policy tools. Miranda-Agrippino and Ricco (2021) make a related argu-
ment showing that commonly used monetary policy proxies contain information
both about the shock of interest and the state of the economy. They propose a new
high-frequency proxy for the United States projecting market-based monetary pol-
icy surprises on their own lags as well as Greenbook forecasts to ensure both non-
predictability of the proxy and orthogonality to the state of the economy.

For the euro area, Altavilla et al. (2019) consider four monetary policy shocks: a
target shock capturing conventional monetary policy action; a timing and a forward
guidance shock capturing different aspects of European Central Bank (ECB) com-
munication; and a quantitative easing shock, which is meant to reflect the policy
action in the quantitative easing period. They identify the shocks by four proxies
constructed as rotated principal components on a set of changes in yields of risk-free
rates of seven different maturities based on two intra-day windows on days of ECB
Governing Council meetings. The first period covers the press release time, and the
second window is the period of the press conference following each ECB Govern-
ing Council meeting. The rotated principal components are used as proxies. Related
work is also reported by Martinez-Hernandez (2020) and Ricco et al. (2024).

For the United States, Swanson (2021) uses principal components constructed from
the changes around Federal Open Market Committee meetings of a set of federal
funds futures, Eurodollar futures, Treasury bond yields with different times to matu-
rity, the S&P 500, and two exchange rates as a basis for three different proxies for
monetary policy action: conventional policy based on the federal funds rate (FFR),
forward guidance, and large-scale asset purchases (LSAPs). He rotates the three prin-
cipal components so that the resulting three factors used as proxies are such that (1)
changes in forward guidance have no effect on the current FFR, (2) changes in LSAPs
have no effect on the FFR, and (3) the LSAP factor is as small as possible in the
period before the zero lower bound was reached by the interest rate. Related work for
the United Kingdom is reported by Braun et al. (2025). Clearly, the construction of
proxies for monetary policy shocks has reached a high level of sophistication by now.

Fiscal Proxies

Mertens and Ravn (2013) construct two quarterly proxies for U.S. fiscal shocks for
the period 1950-2006: one for personal income tax shocks and one for corporate
income tax shocks. Based on work by Romer and Romer (2009a, 2009b), they
consider a series of event dates when changes in tax liabilities have occurred. They
eliminate all dates when the tax changes were known some time in advance and
retain only those dates when the implementation lag of the changes in tax liabili-
ties 1s less than one-quarter. They construct the personal income tax proxy as the
sum of changes in personal income tax liabilities and in employment tax liabilities
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divided by the personal taxable income of the previous period. Similarly, the cor-
porate tax proxy is constructed as changes in corporate tax liabilities in period ¢
divided by corporate profits in period #—1. Mertens and Ravn (2013) use these
proxies in a structural VAR study of the impact of tax shocks on the U.S. economy.
A related proxy measuring tax changes relative to gross domestic product (GDP)
was constructed and used by Romer and Romer (2010).

Moreover, proxies have been constructed for government spending shocks. For
example, Fisher and Peters (2010) construct an instrument for government spend-
ing shocks by considering the stock returns of military contractors in times when
exogenous decisions on military spending have occurred.

Risk and Uncertainty Proxies

Uncertainty is regarded as important for economic development. Thus, measuring
its impact on the economy is of interest. Bloom (2009) constructs proxies for uncer-
tainty shocks as 0-1 variables that assume the value of 1 at special event dates when
stock market volatility was above a certain threshold and that are 0 otherwise.
Carriero et al. (2015) use Bloom’s uncertainty measure in a proxy VAR analysis.

Piffer and Podstawski (2018) construct a proxy for economic uncertainty by con-
sidering the variations in the price of gold on a set of event dates when uncertainty
was expected to be high. For instance, they use as event dates the 9/11 attacks
(September 11, 2001); Iraq’s invasion of Kuwait that started the first Gulf War
(August 2, 1990); the Black Monday on the stock market (October 19, 1987); and
the massacre at the Tiananmen Square (June 3, 1989).

Oil Market Proxies

For a study of the crude oil market, Kénzig (2021) constructs one proxy for an oil
supply news shock by considering the oil futures price changes in a tight window
around the Organization of the Petroleum Exporting Countries (OPEC) announce-
ments about their production plans. He also uses another proxy for the shortfall of
OPEC oil production shocks caused by exogenous political events, such as wars or
civil disturbances. That proxy is based on work by Kilian (2008) and Bastianin and
Manera (2018).

Degasperi (2023) argues that Kdnzig’s (2021) oil supply news proxy contains
information about both future oil supply and future oil demand. Similar to
Jarocinski and Karadi (2020), he proposes to decompose Kinzig’s proxy into a
supply-side and a demand-side proxy according to its correlation with the stock
market. Moreover, Kilian (2024) notes that the availability of oil futures prices has
changed during the period used by Kinzig for constructing his proxy. Kilian also
proposes another way of aggregating the changes in futures prices on announce-
ment days to monthly frequency for the proxy series. Constructing a proxy by
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accounting for such issues, Kilian finds that the impulse responses to a shock iden-
tified by the proxy change substantially.

Montiel Olea et al. (2021) consider a proxy for oil supply shocks using measure-
ments from Kilian (2008) on shortfalls in OPEC oil production associated with
wars and civil disruptions.

Productivity Proxies

Productivity is an important variable for macroeconomic development, and hence
productivity shocks are important in many structural VAR studies. Although pro-
ductivity shocks are often identified in alternative ways, there are also studies that
use proxies for identifying them. For example, Stock and Watson (2012) consider
the productivity shock from the Smets and Wouters (2007) DSGE model as an
instrument for productivity.

Lunsford (2015) investigates the responses of the U.S. economy to total factor
productivity (TFP) shocks and constructs two related proxies: a consumption TFP
proxy and an investment TFP proxy. He considers two utilization-adjusted TFP
measures constructed by Fernald (2014). One of them measures the TFP of the
consumption sector excluding durable goods, and the other one measures the TFP
of durable goods and equipment investment. Two proxies are then constructed as
the residuals from regressing consumption TFP and investment TFP on a constant,
and four lags of the endogenous macroeconomic variables that are considered in
his VAR model. The resulting TFP proxies were also used in studies by Arias et al.
(2021) and Bruns and Liitkepohl (2025).

Financial Proxies

Economic conditions crucially depend on credit supply. Therefore, credit supply
shocks are financial shocks of central interest for economic policy. Hence, research-
ers have constructed measures for credit supply shocks. Several of them were
constructed and used in proxy VAR studies.

Using firm-level data, Gilchrist and ZakrajSek (2012) construct an index of credit
spreads and propose a component of the index—the excess bond premium
(EBP)—as a proxy for credit supply. The EBP is viewed as a measure of changes
in the risk aversion of the financial sector. It has been used in several macroeco-
nomic structural VAR studies as one of the endogenous variables to capture
changes in the likelihood of an upcoming recession.

Mumtaz et al. (2018) compare these and several other measures for credit supply
shocks as structural VAR proxies using a simulated DSGE setup. They include, for
example, measures proposed by Bassett et al. (2014) and Jermann and Quadrini
(2012) in their comparison. Bassett et al. (2014) develop an indicator of changes
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in the supply of bank-intermediated credit based on changes in lending standards
as reported by the Federal Reserve Board’s Senior Loan Officer Opinion Survey
on Bank Lending Practices. Alternatively, Jermann and Quadrini (2012) construct
a financial shock series as a residual in a DSGE model framework for the United
States. Moreover, Mumtaz et al. (2018) construct a textual measure of credit sup-
ply shocks by counting the number of occurrences of the words credit crunch and
tight credit in nine U.S. newspapers.

Mumtaz et al. (2018) also consider other identification schemes, such as sign
restrictions and identification through heteroskedasticity for credit supply shocks,
and find notable differences in the impulse responses to credit supply shocks based
on the different proxies and other identification devices. Thus, for empirical work,
it is important which identification strategy and which proxy is used to identify
credit supply shocks.

Climate-Related Proxies

A growing literature constructs climate-related indicators to trace out the effects of
climate shocks on the macroeconomy at monthly or quarterly frequency. In this
setting, the exogeneity Condition (5) implies that a climate-related indicator is
uncorrelated with contemporaneous nonclimate shocks, such as monetary policy
shocks, fiscal policy shocks, demand shocks, or supply shocks. This condition can
often be argued for more easily than for other, nonclimate proxies.

Some studies employ climate-related proxies based on natural disasters. For exam-
ple, Kim et al. (2025) investigate the effect of severe weather on macroeconomic
variables by using a monthly Actuaries Climate Index capturing the frequency of
severe weather events, such as extremely low temperatures, high temperatures,
heavy precipitation, drought, high wind, and sea level change. This proxy is then
used as the first variable in the VAR model that also incorporates a set of standard
macroeconomic measures. The severe weather shock is identified using a recur-
sive scheme, which corresponds to the internal proxy VAR approach discussed in
Section 3.2. Using a nonlinear model, the authors find that severe weather shocks
have significantly, negatively, and persistently affected economic activity in the
United States in recent years, unlike sixty years ago when no significant effects
were found. A proxy based on the Actuaries Climate Index is also used by Liao
et al. (2024) in a dynamic factor model.

A related idea is used by Eickmeier et al. (2024) to construct a natural disaster
index for the United States containing hydrological, meteorological, or geophys-
ical disasters for the period of January 2000-December 2019. The baseline index
is equal to the number of disasters in a given month and zero in months without
a disaster. The impact of the disaster shock identified via this proxy on macro-
economic aggregates, but also financial variables, is estimated using a local
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projection (LP) approach (see Section 4.2). In related work, Usman et al. (2025)
aggregate the occurrence of heat waves, precipitation extremes, droughts, and
floods to quarterly dummy variables and trace out their macroeconomic effects on
European Union countries in a LP framework.

In another set of studies, proxies are employed based on temperature deviations
from their historic means. For example, Bilal and Kénzig (2024) construct a yearly
global temperature shock and a local temperature shock for 173 countries over the
past 120 years. They do so, following the smoothing technique in Hamilton (2018),
by regressing temperature two years ahead on two lags as of the current period and
using the innovations of this regression as temperature proxies. This isolates
shocks that typically persist for several years. They then employ this temperature
proxy in a LP framework and find that the effects of temperature shocks on GDP
are up to six times larger than previously thought.

Ciccarelli et al. (2024) investigate the effects of temperature shocks on four Euro-
pean countries using, as a proxy, the monthly deviation in temperature from its
historical mean in the period 1991-2020. They estimate country-specific vector
autoregressive models with exogenous variables (VARX models) in which the
exogenous temperature indicator is interacted with a seasonal dummy (see Sec-
tion 4.3 for a discussion of using proxies within a VARX model). They find, for
example, that temperature increases are inflationary, particularly during the sum-
mer and in warmer euro area countries.

Baleyte et al. (2024) construct a temperature anomaly indicator as the deviation of
temperature in a given month from the average in the period 1950-1980. They
then use this proxy as a direct shock measurement, allowing the impulse response
to a temperature shock to depend on the current temperature state in a smooth-
transition LP framework. In a similar setup, Lucidi et al. (2024) investigate the
effects of temperature anomalies on inflation in a panel LP approach for euro area
countries. Cevik and Gwon (2024) estimate three-variable VARs for six countries
separately by ordering temperature deviations first and identifying a temperature
shock via a recursive ordering in line with an internal proxy VAR approach.

Proxies for Nontarget Shocks

Caldara and Kamps (2017) show for the case of tax and government spending
shocks that, if the researcher takes a stand on the policy rule, then fiscal policy
shocks can be identified using nonfiscal proxies—that is, proxies for nontarget
shocks. In a five-variate model, the authors use three nonfiscal proxies capturing
TFP, oil shocks, and monetary policy shocks to identify the coefficients of a fiscal
policy rule. They then recover the tax shock and the government spending shock
as residuals imposing the additional restriction that government spending does not
respond contemporaneously to taxes. An advantage of this approach is that it
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allows for identifying a policy shock, even if no plausible instruments for this
shock are available. However, the approach requires taking a stand on both the
number and nature of the nonpolicy shocks because these need to be identified
using nonpolicy proxies. This might make the approach less robust to the omission
of potentially important nonpolicy shocks or variables in the model. Still, if the
elements of the policy rule are broadly agreed on, then the use of nonpolicy prox-
ies could be an appealing alternative when no policy proxies are available.

3. Identification

The identification problem in structural VAR analysis arises from the fact that the
requirement of uncorrelated structural shocks does not uniquely identify the impact
effects matrix B and, hence, does not determine unique shocks. Standardizing the
shock variances to one, uncorrelated shocks imply that B has to satisfy BB'=Z,.
If B satisfies that condition, then any orthogonal transformation BQ, Q being an
orthogonal matrix, also satisfies it. Thus, further assumptions or restrictions are
needed to identify the structural shocks.

Occasionally, one might be interested in the joint effect of a set of shocks. In that
case, it might not be necessary to identify the shocks individually, and the shocks
might even be correlated. For example, in monetary policy analysis, if there are
two types of monetary policy shocks (e.g., interest rate setting and communica-
tion), only the joint effect might be of interest. In that case, it might be sufficient
to identify only linear combinations of the shocks rather than the individual shocks.

3.1. External Instruments
To identify structural shocks of interest, external instruments or proxies are helpful
because the relevance and exogeneity Conditions (4) and (5) imply

E(uz)) = BE(wz/)= BE,.. (7)

In other words, the parameters, B, needed to identify the shocks of interest have
to satisfy the additional Relation (7).

If there is a scalar proxy (N =1), B, is just a column vector and X  is a scalar.
Thus, E(u,z,) is a scalar multiple of the impact effects of the shock of interest,
which is sufficient for our purposes because the size of the shock that is considered
will typically be chosen by the user when a specific analysis is performed. When
the shock size is given, the corresponding vector B can be determined. This is
obvious if the shock size is specified, for example, by assuming that a specific
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variable responds to the shock by one unit on impact. In that case, one element of
B, is fixed so that Relation (7) fully determines the other elements of B. In some
cases, a shock size of one standard deviation is considered. Also, in this case, it is
easy to see that such an additional piece of information is sufficient to fully iden-
tify the vector B, in our benchmark model setup.

If there are multiple shocks of interest and multiple proxies, the Relation (7) can
still be helpful for identifying linear combinations of the shocks or the individual
shocks, if there is additional structure for X . For example, if there are exactly as
many proxies as there are shocks of interest (N = K,) and each proxy individually
satisfies the relevance and exogeneity conditions, then X is a diagonal matrix
that even overidentifies the shocks individually (see Bruns et al. 2025).

In general, in the context of proxy VAR analysis, identifying restrictions for B,
and, hence, the shocks have been imposed on B, directly in the form of exclusion
or other just-identifying restrictions (e.g., Mertens and Ravn 2013; Kénzig 2021)
or sign restrictions (e.g., Jarocinski and Karadi 2020; Giacomini, et al. 2022; Braun
and Briiggemann 2023), or by using heteroskedasticity (Angelini et al. 2024;
Carriero et al. 2024).

Alternatively, one may place restrictions on X . The restrictions might be just-
identifying (e.g., Lunsford 2015; Lakdawala 2019) or overidentifying (e.g.,
Bertsche and Braun 2022; Schlaak et al. 2023; Bruns et al. 2025). In fact, one
might even set-identify the shocks by sign restrictions on X, (e.g., Piffer and
Podstawski 2018; Ludvigson et al. 2021; Arias et al. 2021).

3.2. Internal Instruments
In some of the proxy VAR literature, the instruments or proxies are internalized
into the VAR model by considering an augmented model, such as

z, _ Ve .\ Alzz Alzy Z,, - A;Z A;y Zp N uf ’
¥, VY A AP I v Ay Ay | Yy u;
(8)

in which y™ = ( u,u ) is a zero-mean white noise process with covariance matrix
denoted by X:“. Equivalently, one could consider a VAR( p) for ( v, Zt’) . Such an
augmented VAR setup makes sense because, if the z, variables are closely related
to the y,, it might be important to include them in the model to avoid omitted vari-
ables bias in the impulse responses or other quantities used for structural analysis.
If important variables are omitted, the u" residuals might actually not be funda-
mental in the sense that they cannot be recovered from past and present y,. In that
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case, shocks based only on #" will also not be fundamental, and hence, one of the
basic assumptions of our model setup would be violated. This aspect is an import-
ant argument in favor of the augmented VAR Model (8). We will discuss nonfun-
damentalness and noninvertibility issues more extensively in Section 5.2. An
augmented VAR setup is used, for example, by Banbura et al. (2010), Angelini and
Fanelli (2019), Caldara and Herbst (2019), Jarocinski and Karadi (2020), Arias
et al. (2021), Plagborg-Mpller and Wolf (2021), and Kilian et al. (2025).

The external approach has several advantages over this internal approach. For
example, it does not require specifying a model for the proxies, and it has fewer
parameters to estimate and, hence, potentially more-precise estimators. Neverthe-
less, the internal approach is often used because it can, for example, be easily
combined with Bayesian methodology. Internalizing the proxies, as in Model (8),
not only opens up estimation by standard VAR methods (see Section 4) but might
also change the way the structural shocks are identified. In fact, in the literature
using the augmented VAR Model (8), the shocks of interest are often identified by
assuming a recursive scheme (see, e.g., Banbura et al. 2010). In other words, a
Cholesky decomposition chol (X:*) of Z:*¢ is used to get the N + K shocks as

W, = (chol(Z3")) " u"™, (9)
the first K, of which are regarded as the shocks of interest, w,,.

The shocks obtained in this way are contemporaneously uncorrelated by construc-
tion. However, as chol(Z:*) is a lower-triangular matrix, the same is true for its
inverse. Hence, the shocks w;, are linear combinations of the i . In fact, if the
proxies are white noise, as they sometimes are by construction (see Section 2),
then the # might just be the mean-adjusted proxies. In that case, the shocks w,, are
linear combinations of the mean-adjusted proxies. Note that it is no problem that a
single shock is correlated with more than one proxy. The crucial condition is that
the shocks must still be instantaneously uncorrelated, which is ensured by choos-
ing them as in Equation (9). It is also worth mentioning that the matrix of impact
effects, B,, is of course, uniquely determined if this setup is used. It is the lower
left-hand (K x K,) dimensional submatrix of (chol(Z#))™". Thus, there are differ-
ences between the external and the internal proxy VAR approaches. They can also
lead to the same impulse response, however, as we will discuss next.

3.3. Comparison of External and Internal Proxy VAR Approaches

For the case in which an individual shock is identified by a single proxy,
Plagborg-Mgller and Wolf (2021) present general conditions under which the exter-
nal and internal approaches are equivalent in population. Recall that if a single proxy
identifies one shock of interest, the shock will be just-identified by both approaches.
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For the more general case of several shocks and proxies, Bruns and Liitkepohl
(2025) compare the external and internal proxy VAR approaches as presented in
Sections 3.1 and 3.2 in detail. They point out that the shocks are different. As we
have seen in the previous sections, the shocks from the external VAR approach are
linear combinations of the residuals #, of the VAR Model (1), while the shocks from
the internal VAR approach are linear combinations of the # residuals from the aug-
mented VAR Model (8) and might even be linear combinations of the mean-adjusted
proxies. Moreover, in the external approach, the shocks might not be individually
identified by the proxies, while in the internal approach, they are just-identified.

Despite these differences, the impulse responses obtained from the two approaches
might be identical. More precisely, Bruns and Liitkepohl (2025) show that, if there
are exactly as many proxies as there are shocks of interest (N = K,) and some tech-
nical conditions for the generating mechanism of the proxies hold, the impulse
responses from the two approaches are identical up to scale if the following con-
ditions are jointly satisfied:

(1) No lags of the proxies appear in the y, equations; that is, the z are not
Granger-causal for the y,.

(2) 'The proxies are instantaneously uncorrelated.

(3) Each shock in wy, is correlated with one proxy only.

Bruns and Liitkepohl (2025) also point out statistical methods that can be used to
check these three conditions in practice. Note that the scale of the shocks obtained
from the two approaches might differ. That is not a problem in practice because a
researcher must pick the size of the shock for the specific analysis anyway. Hence,
the shocks used in an empirical analysis will be of the same scale regardless of the
identification method.

Because forecast error variance decompositions (FEVDs) are functions of the impulse
responses, the two approaches also provide equal FEVDs if the impulse responses are
the same. In contrast, historical decompositions—which are also often used as analy-
sis tools in structural VAR studies—will in general not be identical, even if the impulse
responses are because they also depend on the shocks from the two approaches, which
will usually be different even if the impulse responses are the same.

4. Estimation and Inference

Estimation of the reduced form of the VAR model is straightforward and can be
done by least squares (LS) or standard Bayesian methods. Because the structural
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impulse responses can be determined once the impact effects and the reduced-
form parameters are available, the main challenge is to estimate the structural
parameters B,. For this purpose, various estimation methods for proxy VARs have
been used, to some extent, depending on the identifying restrictions. If, for instance,
exclusion restrictions on the impact effects are available, maximum likelithood
(ML) or generalized method of moments (GMM) methods might be suitable,
while Bayesian methods are typically used if sign restrictions are involved. Esti-
mation of the structural impulse responses in the context of proxy VAR analysis is
sometimes based on LP methods, which were first proposed by Jorda (2005) and,
since then, have been refined for use in proxy VAR analysis. In the following sec-
tions, these methods are briefly reviewed.

4.1. Conventional Frequentist Estimation Methods

If identifying restrictions are available for B,, one could set up a Gaussian likeli-
hood function and optimize subject to the restrictions. Thereby, standard ML esti-
mators for the parameters of interest are obtained. The estimation problem involves
a substantial number of parameters, however, given that there are not only the
structural parameters but also the reduced-form VAR parameters in the likelihood
function. Because the identifying restrictions might be such that the restricted like-
lihood maximization might be involved, other estimation methods for proxy VARs
are often considered.

Because we have sets of moment conditions involving the parameters of interest,
B,, GMM estimation is a plausible possibility. The following K N moment condi-
tions are available:

E(uz - B %,.)=0. (10)
In addition, Bruns et al. (2025) use that X, is a diagonal matrix to show that
E[Vh(B{Z;lu,ut’Z;lBl)} =0, (11)

in which vh(-) is a column vector containing the elements below the main diagonal

. . 1
of the square matrix in the argument. Hence, there is a further set of — K (K,—1)
moment conditions. 2

As the matrices B, and 2. in general contain KK, and K, N free parameters,
respectively, the KN + %K (K, —1) moment conditions in Equations (10) and (11),

in general, do not suffice to identify all the parameters of interest. Hence, the esti-
mation problem is underidentified if there are no further restrictions on B, and
3. For example, Lakdawala (2019) considers a triangular X, matrix that

z
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just-identifies the shocks individually. Altavilla et al. (2019) assume that there are
N = K, proxies, and each of them is correlated with one shock only and not cor-
related with any of the other shocks such that X is a diagonal matrix. In that
case, the moment conditions even overidentify the shocks of interest if K, >1.

In practice, the moment Conditions (10) and (11) depend on the reduced-form
VAR parameters v, 4,,..., 4, and X as well because they involve the reduced-form
residuals, u,, which also have to be estimated. Bruns et al. (2025) set up a GMM
objective function J(m) based on the moment Conditions (10) and (11) only,
replacing the u, and X, by LS estimates. Substituting », and £, by LS estimates is
no problem if the restrictions on the parameters are just-identifying. However, if
overidentifying restrictions are available, the GMM objective function has to take
into account the nuisance parameters from the reduced-form VAR model. Bruns
et al. (2025) derive an expression of the GMM weighting matrix that accounts for
the nuisance parameters such that an asymptotically efficient estimator for B, is
obtained. Thereby, they also get a standard asymptotic X’ -distribution of Hansen’s
J-test based on the GMM objective function if overidentifying restrictions are
available. The test is useful to check the validity of assumed overidentifying
moment conditions.

A related GMM approach was proposed by Gregory et al. (2024). Their approach
works if at least K —1 shocks are identified by proxies, a condition that is often
not satisfied in practice. Angelini and Fanelli (2019) assume a parametric model
for the proxies, such as Condition (3), and propose a minimum distance method
that minimizes the distance of the structural parameters from the reduced-form
parameters. Their parametric model for the proxies is not useful for many prox-
ies that have been used in the literature because it does not capture the situation
that a proxy has nonzero values only for a set of event dates during the sample
period.

4.2. Local Projections

LP is an alternative estimation method for structural VARs and, in particular, for
proxy VARs. As mentioned earlier, it was originally proposed by Jorda (2005) to
estimate impulse responses in VAR analysis and has been further developed into a
popular method for structural estimation since then. Bruns and Liitkepohl (2022)
provide a review and comparison of a variety of LP estimators for proxy VAR
models. In this section, we draw heavily from that article.

The LP form of the VAR Model (1) is

Ve =V T A(hH)X—l + foi (12)
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The intercept vector v, depends on the integer %, ¥/, =(y/,, ..., ¥/ ,) is a Kp-
dimensional vector of lagged dependent variables,

vt(h) =u,+Pu,_+---+Ddu,, (13)

is a weighted sum of the reduced-form errors u,,...,4,_,, and
h h h
AV =[ 4. AP ]

is the (K X Kp) dimensional matrix consisting of the first K rows of A”, A being
the companion matrix

4 A4 ... A

](p—l)K OK(p—l)XK
Suppose we are interested in the impulse responses of one of the shocks in w;, with
impact effects in one of the columns of B,, say b. Then the impulse responses of

interest can be obtained as

0,=®,b, h=0,1,..., (14)

in which @, = A", Thus, the impulse responses can be estimated as @b, in which
D, "y (" can be obtained as some linear estimator from the LP form of Model
(12). Given that the error term ") is autocorrelated, one might prefer a generalized
LS estimator (see, e.g., Lusompa 2023). The estimator b might be obtained via the
related proxy.

Breitung and Briiggemann (2023) and Montiel Olea and Plagborg-Moller (2021)
propose to use a lag-augmented model,

Yien = Vh +A(h+l)Yt—1 +A1(71f1—1)yt—p—1 + vt(f))n h= 091; cee ’H_l- (15)

Here A" is a (K x Kp) dimensional matrix, while A;}jl) is (KxK). Lag-

augmentation has been used by Toda and Yamamoto (1995), Dolado and Liitkepohl
(1996), and Dufour et al. (2006) to fix unit root asymptotics.

If the true DGP is a VAR(p), then the coefficient matrices of the additional lag are
known to be zero (ie., 4" =0, h=0,l,...,H—1), and estimating the lag-

augmented model by LS implies an inefficiency. Montiel Olea and Plagborg-Meller
(2021) show that the resulting lag-augmented LP estimator is more robust to unit
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roots and near unit roots and therefore has advantages for inference, although add-
ing a lag with zero coefficients generates an inefficiency.

Model (15) can be reparameterized as

h h-1
Yien = Vi T O, W, +AL )Yt—l + Vt(+h ),

in which 4" is a (K x Kp) matrix and @, = @, B is the matrix of structural impulse
responses at propagation horizon 4. If w, were available, this model could be used
for estimation. In practice, the w, have to be replaced by estimates, of course. If we
are just interested in the i-th column of the ®, matrix, we just need an estimator of
the i-th component of w, because, under our assumptions, the components of w,
are uncorrelated and dropping orthogonal regressors from the equations for LS
estimation does not affect the estimators of the other parameters. Hence, 0,, the
i-th column of ©, can be estimated by LS using the model

Von =V, +0, W, +APY  +vE forh=1,... H. (16)

Here w, is an estimate of w;,. Bruns and Liitkepohl (2022) review a variety of pro-
posals on how to estimate w, and how to deal with the autocorrelation in the error
term of the model. These result in different estimators of the structural impulse
responses. Bruns and Liitkepohl (2022) perform a large-scale simulation comparison
of several of the resulting estimators and conclude that the standard proxy VAR
approach with external proxies is preferable to the LP approach in terms of estima-
tion precision, if a finite-order VAR process is a good approximation to the true DGP
and the proxy is well correlated with the shock of interest. However, Plagborg-Meller
and Wolf (2021) show that LP estimation or a VAR with internal instruments might
provide valid impulse response estimates, even if the shocks are nonfundamental,
which can be an advantage of the latter methods. Note that nonfundamentalness can
be induced by omitted variables, which are a possibility in applied work.

In this context, an interesting result was established by Stock and Watson (2018),
who assume that the proxies satisfy the relevance, the exogeneity, and the lead-lag
exogeneity conditions. For a scalar proxy z, for the first shock w;, and mean-
adjusted y,, they note that, using z as an instrument, the standard IV estimator of
the coefficient in the linear model

yt+h = ehy]t+u§fl)1’ (17)

18

R T—h o
eh (IV):[ZZtylt] ZZtth' (18)
=1 =1
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Clearly, the regressor in Model (17) is in general correlated with the error term
and, hence, simple LS regression is inconsistent. In contrast, the IV estimator,
éh(l V'), converges in probability to 0, because the instrument is uncorrelated with
the error term, #'”), which contains leads and lags of % and ), and, hence, of w,.
Stock and Watson (2018) show that the estimator 6,(/}) is consistent and asymp-

totically normal under general conditions.

Montiel Olea et al. (2024) show that LP estimators are more robust than VARs to
model misspecification, such as too short lag length, missing variables, inappro-
priate aggregation, and measurement error. VARSs can lead to severe distortions of
the impulse responses even if the misspecification is small, unless the VAR has
long lag-length. A broader discussion on when and how to use VAR and LP
approaches is summarized in Montiel Olea et al. (2025). It includes scenarios in
which, unlike in this review, a finite-order VAR process might not be a good
approximation to the DGP, and attention is not restricted to a proxy identification
scheme. The authors point out that VAR and LP models tend to deliver similar
impulse responses for horizons up to the VAR lag length (i.e., for 4 < p) but start
to differ for longer horizons. They conclude that VAR models should be used only
with lag lengths long enough to ensure equivalence with LP. They offer guidance
for applied researchers in the form of several lessons learned. Baumeister (2025)
challenges some of Montiel Olea et al.’s (2025) conclusions and provides modi-
fied lessons. Regarding the choice of lags, Baumeister (2025) agrees to use a rich
lag structure if the focus is on higher horizon impulse responses but points out that
users of LP methods tend to rely on auxiliary VAR models to guide the choice of
the number of lags. In addition, Bayesian VAR models are suitable to incorporate
a rich lag structure because they can deal with the associated curse of dimension-
ality by relying on additional information in the form of prior distributions (see
also the next section). Li et al. (2024) perform a small sample comparison of LP
and VAR estimators of impulse responses based on a very large number of DGPs.
They conclude that using bias-corrected LP methods is a good strategy if small
bias is the main objective, although VARs are preferable when estimation preci-
sion (e.g., small variances) is given priority.

4.3. Bayesian Methods

Bayesian analysis requires specification of a prior for the parameters and the like-
lihood for the data and then deriving the posterior for the quantities of interest,
such as impulse responses. As there are well-established standards for VAR
models on how to proceed in Bayesian analysis, Bayesian approaches to proxy
VARs start from the internal instrument parameterization of Model (8). Thereby
one can take advantage of conventional priors. The augmented Model (8) requires
the researcher to take a stance on a specific model generating the proxies z,,
contrary to the external instrument parameterization, in which less structure is
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imposed on the generation of proxies and which can therefore be thought of as
semi-parametric.

Typically, block zero restrictions are imposed on the autoregressive slope coeffi-
cients to sharpen inference. Caldara and Herbst (2019), Bahaj (2020), and
Drautzburg (2020) set A" =4"=A4"=0, i=1,..., p, in the augmented Model (8)
implying (1) no serial correlation in the proxies, (2) no Granger-causality of y, for
the proxies, and (3) no Granger-causality of the proxies for y,. Arias et al. (2021)
restrict only 4> =0, thereby implying no Granger-causality of y, for the proxies.

If multiple proxies are used to identify multiple shocks, then, without further just-
identifying restrictions, the model is set-identified in the sense that orthogonal
transformations of the impact effects of the shocks of interest are equally compat-
ible with the data. As pointed out by Baumeister and Hamilton (2015) in the con-
text of sign restrictions, the prior distributions over set-identified parameters matter
even asymptotically. For example, in a frequentist setting, using two proxies to
identify a government spending shock and a tax shock, Mertens and Ravn (2012)
employ an impact zero restriction to disentangle these two shocks. In a Bayesian
context, this restriction could be called “dogmatic” in the sense that it is never
revised even asymptotically. If such a restriction were controversial however,
there could be interest in an approach that does not condition on a single, unrevis-
able prior distribution over the set-identified parameters of the model. That is why
Giacomini et al. (2022) propose a prior-robust approach to identifying multiple
shocks using multiple proxies. Rather than a single prior distribution, this approach
considers a class of priors over the set-identified parameters subject to identifying
restrictions. Giacomini et al. (2022) provide conditions under which there exists a
frequentist interpretation for the resulting impulse response bands. Other papers
argue that even in a set-identified context, as long as the identified set is suffi-
ciently narrow, standard Bayesian methods are still suitable. This is discussed, for
example, in Arias et al. (2025) and Inoue and Kilian (2026) for the case of sign-
restricted VARSs.

If FEVDs are the statistics of interest, then Fusari et al. (2024) show estimation
and inference procedures for cases in which multiple proxies set-identify multiple
structural shocks. They derive the lower and upper bounds for the set of FEVDs
and show equivalence between a Bayesian approach and a frequentist approach.

Bayesian proxy VARs are potentially useful to incorporate nonlinearities in the
model. The reason is that a nonlinear specification with a potentially large number
of parameters benefits from Bayesian shrinkage methods and a proxy identifica-
tion scheme leads to a particularly tractable sampling procedure. This is shown in
Bruns and Piffer (2024), who use a VAR model with proxies as exogenous vari-
ables rather than the augmented Model (8) and propose a proxy smooth transition
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VAR model to trace out the nonlinear dynamics of structural shocks in different
regimes. Bruns and Piffer (2024) illustrate the importance of estimating—rather
than calibrating—the parameters governing the nonlinearities of the model, sug-
gest a prior distribution for them, and provide a convenient factorization of the
posterior distribution to sample them in a computationally feasible way. The proxy
is added as an exogenous regressor, which simplifies inference and still allows for
the impact of the identified structural shock to vary across regimes already on
impact. Another example of a nonlinear proxy VAR is Paul (2020), who proposes
a time-varying parameters Bayesian proxy VAR for U.S. monetary policy. As an
alternative to nonlinear VAR models, nonlinear LP approaches are discussed, for
example, in Gongalves et al. (2024).

4.4. Weak Instruments

The assumption of instrument relevance states that a proxy is useful for identify-
ing the effects of a structural shock if it contains sufficient information about this
shock (see Equation (4)). In other words, the proxy and the structural shock need
to have a sufficiently high degree of correlation. This assumption can easily be
violated in practice (e.g., if the proxy is observed only infrequently or if a large
share of its variation is made up of measurement error). In such cases, standard
inference becomes invalid.

Following the setting in Montiel Olea et al. (2021) and restricting attention to a
single shock, w,, identified via a single proxy, z,, we rewrite Equation (4) as

E(w,z)=0 (19)

wz, T s
in which the sample size T in the subscript of the covariance O, . r indicates that
this quantity is allowed to vary with T in this setup. If the population covariance is
nonzero and does not depend on the sample size, such that 6,,, =0, #0, one
can argue that the proxy is strong because it will satisfy the population require-
ments for proxies eventually even in sample, if the sample is large enough. As
researchers typically have to deal with small samples, a better approximation to
the actual situation might be obtained if one assumes that the covariance in Equa-
tion (19) gets smaller with the sample size and is zero asymptotically. This local-
to-zero asymptotics has also been developed for proxies. Staiger and Stock (1997)
call the proxy weak if 6, ,=a/T for a nonzero real number a and, hence,

wiz,T —

C,.r=a/T—0 for T — oo.

At least two problems arise in this case. First, standard bootstrap-based confidence
intervals (see Section 4.5) have incorrect coverage (i.e., the confidence bands
obtained from standard inference are too narrow), inaccurately suggesting a pre-
cisely estimated effect. And second, the impulse response estimator, 0,, is biased
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toward the first column of chol (Z,), in which chol() is the lower-triangular Chole-
sky decomposition of the argument with the shock of interest ordered first. It is
therefore no comfort to obtain similar impact effects estimates under a recursive
identification scheme and a proxy-based scheme, but rather, this might indicate a
potentially weak proxy.

To detect weak instruments, several tests have been proposed. Stock et al. (2002)
propose evaluating the first-stage F-statistic of a regression of y,, on z,, in which
the impact response of one variable, ordered first without loss of generality, is not
equal to zero. The regression should include, as control variables, lags of y, and
potentially z,, as discussed in Stock and Watson (2018). If a rule of thumb such as
F >10 is violated, the proxy is considered to be weak. Montiel Olea and Pflueger
(2013) present a heteroskedasticity-robust version of this test and Stock and Yogo
(2005) extend the test in a general setting to the case of multiple instruments.
Lewis and Mertens (2026) assess the weak instrument bias in impulse response
functions, defining the bias as the difference between the true impulse response
parameter and the estimated mode, rather than the mean.

Using this type of statistical diagnostic, examples for potentially weak proxies
include some of the extensive list of proxies employed in Stock and Watson (2012)
(see their Table 6). In addition, Kédnzig (2021) shows that Kilian’s (2008) oil sup-
ply proxy is potentially weak. Using a time-varying parameter version of the proxy
Equation (3), Amir-Ahmadi et al. (2026) show that the high-frequency monetary
policy proxy by Gertler and Karadi (2015) is a relevant proxy only in a small num-
ber of periods. Mumtaz and Petrova (2023) find that the tax proxies in Mertens and
Ravn (2012) and Cloyne (2013) have a nonzero but small correlation with the tax
shock that they are designed to identify. Ramey and Zubairy (2018) find that the
government spending shock proxy based on narrative information about military
spending proposed in Ramey (2011) is potentially too weak for estimating impulse
responses for short horizons.

A drawback of using such tests could be that, even if the proxy is found to be
strong, the coverage of the standard confidence bands for impulse responses could
be distorted because of pretesting issues, as evidenced in simulations (e.g., by
Andrews et al. 2019). Instead of using a pretest, or in cases in which a pretest sug-
gests a weak proxy, frequentist weak-instrument robust inference procedures could
be used. Montiel Olea et al. (2021) propose a method to construct confidence
bands based on Anderson and Rubin (1949), which is shown to coincide with stan-
dard confidence bands if the proxy is strong. Alternatively, Angelini et al. (2024)
show that standard asymptotic methods are valid in the presence of weak proxies
for the target shocks, w,,, as long as strong proxies are available for the nontarget
shocks, w,,.
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A Bayesian approach to dealing with weak proxies could specify a prior distribu-
tion for G,, ., or transformations thereof, as in Caldara and Herbst (2019). If the
researcher is convinced of the strength of the proxy before investigating the data,
she can express this via a prior distribution for G, , centered away from zero. The
posterior distribution of G,, . can be used to compute a reliability indicator for the
proxy. For this purpose, the squared correlation of the proxy and the shock is
sometimes used. More dogmatically, Caldara and Herbst (2019) also propose a
“high relevance” prior, in which exactly half of the variation in the proxy can be
attributed to measurement error; i.e., std(n,) =0.5Xstd(z,) with probability 1 in
Equation (3).

4.5. Bootstrap Intervals for Structural Impulse Responses

The structural form of the VAR model is typically used for further structural anal-
ysis. For example, an impulse response analysis is often performed. Other import-
ant analysis tools are, for example, FEVDs and historical decompositions. In
Bayesian analysis, inference for impulse responses and other quantities is based in
the usual way on the posterior distribution. Instead, in a frequentist setup, boot-
strap approaches are often used for inference. In that case, the standard bootstrap
methods for VAR analysis must be complemented by resampling the proxies. We
will therefore give more detail on the required modifications for the relevant boot-
strap methods in the following sections. We focus on impulse responses in this
context because the resampling modifications are similar for other quantities.

To account for possible heteroskedasticity, the wild bootstrap (WB) has been used
in this context in the past. More recently, the moving-block bootstrap (MBB) has
replaced the WB in many instances because of its asymptotic validity and ease of
implementation (see Briiggemann et al. 2016; Jentsch and Lunsford 2019, 2022).
Its drawback is that it might require very large samples to provide reliable confi-
dence intervals. Therefore, Bruns and Liitkepohl (2023a) propose a proxy residual-
based bootstrap (PRBB) as an alternative to the MBB for proxy VARs. This
section draws in part on the latter article, which compares WB, MBB, and PRBB.
In presenting the three bootstraps we assume that there is only one proxy that iden-
tifies a single shock.

Although the bootstrap procedures differ in the way they resample the data, Bruns
and Liitkepohl (2023a) describe the following common steps of the three proce-
dures to determine bootstrap impulse responses and confidence intervals. For each
bootstrap iteration r, the following steps are performed:

Step 1: A reduced-form VAR(p) model is fitted to the bootstrap sample by LS,
giving bootstrap parameter estimates A,(r),..., A,(r), and residuals G, (7).
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Step 2: Bootstrap estimates of the structural parameters, i)l(r), are determined.
Any suitable method for estimating the structural parameters can be used in this
step.

Step 3: Bootstrap estimates of the impulse responses of interest, 8(H )", are com-
puted and stored.

The WB, MBB, and PRBB differ in the way they resample the residuals and prox-
ies as follows:

Wild bootstrap: For # =1....,T, independent random variables y, from a distribu-
tion with mean 0 and variance 1, e.g., y, ~ N(0,1), are drawn and bootstrap resid-
uals and proxy variables are generated as

WB ~
u, u,
we | Wt

z, z,

Moving block bootstrap: A block length ¢ < T must be chosen for the MBB, and
the dataset is divided into equal-length blocks. Then, blocks of residuals and prox-
ies are drawn with replacement. These randomly drawn blocks are joined end-to-
end, and the first 7" bootstrap residuals and proxies are retained to obtain

Proxy residual-based bootstrap: The PRBB assumes that proxies are gener-
ated as

z,=D,(¢w,+7,), (20)

in which D, is a random 0-1 variable following a Bernoulli distribution, B(d), with
d being the share of nonzero observations of z, in the original sample. Samples

PRBB

u, i, i,
N/ |, t=1,...,T,are drawn from| 7, |,...,| N,
PRBB W -
Wy, W11 WlT

with replacement. A bootstrap series for the proxy, z, (), is generated from Equa-
tion (20).
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Having resampled the residuals and the proxy, all three approaches then proceed
to generate a bootstrap sample, y,(7), recursively.

In a simulation study based on a finite-order VAR process, Bruns and Liitkepohl
(2023a) find that the WB can have very wide confidence intervals in realistic set-
tings and that the MBB can have poor coverage in small sample sizes, as often
encountered in applied macroeconomic studies. The PRBB, on the other hand, has
more accurate coverage than WB and MBB do, at least in small samples. The find-
ing that the PRBB has a shorter average length than the WB is confirmed in an
illustration based on the U.S. monetary policy model by Gertler and Karadi (2015).

Although the PRBB displayed good small sample properties in simulations, its
drawback is that extensions to situations with multiple proxies are not immedi-
ately obvious. In fact, it would require setting up a good model for the DGP of the
proxies. In contrast, extending the WB and MBB to the case of multiple proxies is
straightforward. The MBB requires the choice of a block length, which, in small
samples, might affect coverage properties. However, a rule-of-thumb is available
(see Jentsch and Lunsford 2019) for the applied user. In addition, the MBB has
very good asymptotic properties. Therefore, it is perhaps not surprising that it has
become very popular for proxy VAR analysis lately.

5. Complications

So far, we have mostly considered proxy VAR analysis under the assumption that
a set of ideal conditions is satisfied. In practice, violations of the ideal conditions
are not uncommon. Therefore, researchers have also thought about the implica-
tions of such violations. In this section, we review some of the related thoughts
and results.

5.1. Heteroskedasticity

In our setup, the relation between the reduced-form errors and the structural shocks
is given by u, = Bw, which implies the relation X, = BX B’, in which X is diago-
nal. In other words, the structural parameters B and X, are related to X . If the
reduced-form residuals are heteroskedastic such that X, varies over time, then the
structural parameters must also change with changes in Z,, which can lead to dis-
torted estimates of the impact effects and, hence, of impulse responses and related
quantities, if the time variation is ignored.

To fix ideas, suppose during the sample there are two covariance or volatility states
with covariance matrices X,(1) and X (2) and that structural parameters B(m) and
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¥, (m), m=1,2, are associated with the two volatility states. It is possible, how-
ever, that only the variances of the structural shocks change (2 (1) # X,(2)) and
the impact effects in both volatility regimes are identical such that B(1) = B(2). In
that case, the heteroskedasticity might actually contain useful identifying informa-
tion for the shocks (see, e.g., Liitkepohl and NetSunajev 2017; Kilian and Liitkepohl
2017, Chapter 14). Thus, to assess whether this type of identifying information is
available, we must disentangle whether all the structural parameters change, only
the variances of the structural shocks change, or only the impact effects change
with the volatility regime.

Liitkepohl and Schlaak (2022) and Bruns and Liitkepohl (2024) develop tests for
time-varying impact effects of the shocks of interest when the reduced-form resid-
uals are heteroskedastic, and valid proxies for the shocks of interest are available.
They assume that the proxies provide overidentifying information under the null
hypothesis that the impact effects of the shocks of interest are time-invariant. Thus,
they combine identifying information from heteroskedasticity and from proxies.
Although our discussion here has been for two volatility regimes only, this can, of
course, be generalized as discussed by Liitkepohl and Schlaak (2022) and Bruns
and Liitkepohl (2024). Applying the tests to the global crude oil market, Bruns and
Liitkepohl (2023b) find evidence that the transmission of oil supply news shocks
on macroeconomic aggregates has changed in recent decades.

5.2. Nonfundamental Shocks
Plagborg-Moller and Wolf (2021) start from the more general assumption of y,
being generated as

V= ZQin—i 5 (21)
i=0

in which w, is an M -dimensional vector of structural shocks, with M being poten-
tially much larger than K, the number of variables in y,. In that case, the DGP of
v, might still have a VAR representation as in Model (1). However, not all the M
shocks w, can be linear transformations of the reduced-form residuals u,. If, how-
ever, only K| < K of the shocks are of direct interest, the shocks of interest might
still be linear combinations of the u, and, hence, fundamental. If there are K, prox-
ies z, that satisfy the relevance and exogeneity Conditions (4) and (5), we can still
use them to identify the shocks of interest.

In this context, Plagborg-Meller and Wolf (2021) point out that, in general, the
impulse responses obtained from a VAR model will be distorted if the true shocks
are nonfundamental; they also mention that correct impulse responses in this case
are obtained only if the assumed shock is a function of just the true shock and
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perhaps an error term that is not related to y,. They also point out that the impulse
responses of nonfundamental shocks can be estimated by LPs if suitable instru-
ments exist (see also Stock and Watson 2018). Plagborg-Meller and Wolf (2021)
show that, if z, is a scalar proxy, even if the shock is not fundamental, its impulse
responses can be estimated properly by adding z, as an additional variable to the
VAR.

Plagborg-Moller and Wolf (2022) discuss the more general property of recover-
ability of nonfundamental shocks, in which a shock is called recoverable if it can
be obtained from past, current, and future values of the y,, while for fundamental-
ness, it is required that it can be recovered from past and present values of y, only.
They consider FEVDs, historical decompositions, and present results for such
quantities when the shocks are recoverable.

5.3. Nonexogeneity

A necessary condition for achieving point identification is that the proxies are
contemporaneously uncorrelated with the nontarget shocks, w,,. In other words,
the proxies need to be exogenous; see Condition (5), which we repeat here for
convenience:

E(w, z/ )=0.

Without further assumptions, the exogeneity condition cannot be assessed because
the nontarget shocks, w,,, are not observed. If the exogeneity assumption is vio-
lated, this might lead to bias in the structural analysis. Keweloh et al. (2025) show,
for example, that fiscal elasticities might be biased if proxies for fiscal shocks are
endogenous.

However, there exist several approaches to assessing exogeneity by drawing on
additional information: Schlaak et al. (2023) achieve point identification of their
model via changes in the volatility of the residuals. The exogeneity Condition (5)
is then overidentifying and testable. In an application to monetary policy, the
authors compare the validity of several popular monetary policy proxies and find
that some high-frequency proxies might be invalid.

In a Bayesian setting, Braun and Briiggemann (2023) provide tools for assessing
proxy exogeneity. They impose bounds on the correlation of the proxy with the
nontarget shocks instead of restricting this correlation to exactly zero as in Condi-
tion (5). They then supplement the identifying information contained in the proxy
with sign restrictions, thereby achieving overidentification and reporting Bayes
factors as a measure of support for these overidentifying restrictions. In an appli-
cation to monetary policy and imposing sign restrictions on the monetary policy
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rule parameters, the authors find evidence against the exogeneity of the external
instrument based on narrative information proposed in Romer and Romer (2010).

Bruns and Keweloh (2024) start from the observation that the economic rationale
underlying the construction of commonly used proxy variables aligns with a stron-
ger form of exogeneity. Namely, proxies are typically constructed to not only be
uncorrelated with the nontarget shocks, as in Condition (5), but to contain no
information about the nontarget shocks in the sense that they satisfy the mean-
independence condition E(w,,|z,)=0. For example, when Kénzig (2021) con-
structs an oil supply news proxy, he argues that the proxy is a function only of the
oil supply news shock and not of any nontarget shocks.

Intuitively, in cases in which such “strong exogeneity” is likely the rationale
behind the proxy construction, one can use the condition ]E(WZ, z gz 0 for a suit-
able “synthetic proxy,” Z,, obtained from the strong exogeneity condition, in addi-
tion to E( wzlzt’s = 0. The original proxy z, yields K —1 moment conditions

B[ £ (B.u,)]=0with £(B,u) =1,z —Bu,z. (22)

which identify the K —1 nonnormalized elements, [3, of the first column of B, if z,
is valid. u,, = (uZt,...,u,(t) contains the last K —1 residuals. The synthetic proxy
yields K —1 additional conditions

B[ £(B.u)]=0with £ (B.1) =2 —Bu,z. (23)

which lead to a potentially overidentified system. As an example, considering the
case of a scalar proxy that identifies a single shock, one could use Z,=z’. Other
measurable functions, 4(z,), of the proxy can be used as well. Bruns and Keweloh
(2024) also discuss a generalization that employs approximating functions to gen-
erate a set of unconditional moment conditions.

A standard Hansen’s J-test can be used to test for proxy exogeneity. It is based on
the following test statistic:

’

Jr=Tgr (BT) S_lgr(ﬁr)» (24)
in which
s-time 7)o 5 |
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1 T

?tz;,fz(ﬁaut)
gT(B): 1 _T )
?fo(l?)’ut)

A

B, =argmin g; (B), Wegr (B)a

BeRK!

and W is a suitable weighting matrix.

The test has power against the alternative of the proxy being contaminated by one
of the nontarget shocks if either the target shock or the potentially contaminating
shocks are non-Gaussian, if the relation between proxy and target shock is nonlin-
ear, or if both conditions hold. Bruns and Keweloh (2024) show (1) that the result-
ing test statistic has good small sample properties in realistic environments, (2)
that an application to fiscal policy shocks yields empirically sensible results, and
(3) that the findings can be generalized to cases in which multiple proxies identify
multiple shocks as a group without the need for further identifying assumptions to
disentangle such shocks.

6. Conclusions

In structural VAR analysis identifying the shocks of interest is often a major chal-
lenge. Therefore, several different approaches for identifying structural shocks
have been proposed and explored in the recent structural VAR literature. Using
instruments or proxies in this context has become a popular device recently. Suit-
able instruments or proxies have to be closely related to the shocks of interest.
Ideally, proxies for a specific shock are uncorrelated with all other shocks, and this
assumption is typically made if a single shock is identified via a proxy. We have
pointed out, however, that lately researchers have started to use a set of proxies to
identify a set of structural shocks, in which case the proxies might be related to
different shocks, and further identifying assumptions will usually be needed for
properly identifying the shocks of interest individually.

In this survey, we have addressed various issues related to structural VAR analysis
with the help of proxies. We have discussed a variety of possibilities of how prox-
ies have been constructed in the past. We have reviewed conditions for properly
identifying the shocks via proxies, also in case a set of proxies is used for identi-
fying sets of shocks. We have considered suitable estimation and inference methods
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that can be used when proxies are available, and we have pointed out some prob-
lems that arise if the standard assumptions are not satisfied.

We have limited our survey primarily to linear VAR analysis, and hence, we do not
fully cover nonlinear models. In the linear model context, the effects of shocks
have some limitations. In particular, the shape of the response of the variables is
unrelated to the size or sign of the shock. Such limitations are undesirable for some
situations. Therefore, nonlinear structural models have also been considered. In
fact, there is a full chapter on nonlinear structural VAR analysis in Kilian and
Liitkepohl (2017, Chapter 18). Recently, some further nonlinear studies have come
up in the related literature. Examples of nonlinear studies using proxies are Paul
(2020), Mumtaz and Petrova (2023), Pellegrino et al. (2023), Bruns and Piffer
(2024), and Forni et al. (2025).

As structural VAR analysis is a standard tool for macroeconometric and financial
analysis, the related methodology is still an area of intense research. Such research
is likely to result in new proxies, improvements in the methodology, and new
insights into potential problems related to the use of proxies in the future.
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