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DAG-Based Local Projections

Burkhard Raunig*

Abstract

Directed acyclic graphs (DAGs) provide a transparent framework for encoding causal
structures and identifying causal effects. This paper demonstrates how DAGs help specify
local projections (LPs) for estimating causal impulse responses. Examples illustrate how
graphical rules can be used to select controls and instruments for identifying overall and
path-specific effects. An empirical application to uncertainty shocks reveals substantial dif-
ferences in the estimated responses of German industrial production across LP designs. The
underlying DAGs help explain these differences and diagnose biases arising from violations
of assumed causal structures. A DAG-based instrumental-variable LP reveals pronounced

negative effects of U.S. uncertainty shocks.
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Non-technical summary

Local projections (LPs) have become popular for estimating impulse responses because they are simple
and flexible. However, without explicit causal assumptions, they remain “black boxes” and may fail to
identify true causal effects. Directed Acyclic Graphs (DAGs) offer a framework for representing causal
relationships, making assumptions transparent and helping researchers choose appropriate control
variables and instruments.

This paper demonstrates how DAGs can guide the specification of LPs for estimating impulse
responses with a causal interpretation. The examples illustrate how shocks propagate, how to avoid
common pitfalls—such as conditioning on colliders—and how to apply formal graphical rules to derive
appropriate conditioning sets and develop valid instrumental-variable strategies for identification.

The empirical analysis of the impact of uncertainty shocks on German industrial production
underscores the practical relevance of these insights. A DAG-based instrumental-variable LP suggests
that U.S. uncertainty shocks have substantial negative effects on German industrial production. The
results also show that even small changes in the LP specification can produce markedly different
impulse responses, highlighting the importance of correct identification strategies. The underlying
DAGs help clarify these differences and allow to assess potential biases that arise when causal
assumptions are violated.



1 Introduction

The local projection (LP) method (Jord4, 2005) is a popular single-equation alternative to vector
autoregressions (VARs) for estimating impulse responses to shocks and interventions (Plagborg-
Mpgller and Wolf, 2021). Its appeal lies in its simplicity, flexibility, and robustness to certain
model misspecifications (Jorda, 2023; Jorda and Taylor, 2025). However, without incorporating
causal knowledge, LPs do not necessarily identify causal effects and remain “black boxes” (Olea
et al., 2025).

By representing qualitative causal knowledge and making the assumed causal structure of a
model transparent, directed acyclic graphs (DAGs) help unpack such black boxes. In particular,
formal graphical rules can be applied to a DAG to determine whether causal effects can be
identified and estimated from the available data (Pearl, 1995, 2009b; Pearl et al., 2016; Chalak
and White, 2011; Elwert, 2013; Didelez, 2018; Hiinermund and Bareinboim, 2023).

Despite the growing use of DAGs in fields such as epidemiology, machine learning, statistics,
and the social sciences, their application in economics—particularly in macroeconomic time
series analysis—remains limited.! This paper addresses this gap by demonstrating how DAGs
can be used to transparently specify LPs for causal analysis.?

More precisely, the response of a variable Y;yj at time ¢+ h to a shock in S; of size ¢ at time

t is defined as:
Rsoy(h,0) =E[Yiqn | St = S0 +0; Xy] = E[Yiun | S = S0;Xy], h=0,1,...,H. (1)
A LP to estimate this response is:
Yirn = an + BuSt + Xt + Ve, (2)

where f3;, captures the response at time ¢t + h. The key question is: which conditioning variables
X; or instruments Z; are required to obtain impulse responses that can be causally interpreted?

Using a series of examples, this paper demonstrates how DAGs and simple graphical rules
can help answer this question. Furthermore, an empirical analysis applies DAG-based LPs to a

pressing macroeconomic issue, namely the impact of economic uncertainty on economic activity.

Hoover (2001), Demiralp and Hoover (2003), and Hoover (2005) are one of the few applications of causal

graphs in macroeconomics.

2The paper focuses on identification rather than estimation or inference; for a detailed discussion of LP
estimation and inference, see Jorda and Taylor (2025). For more on learning and testing causal models, see Peters

et al. (2017) and Assaad et al. (2022).



Specifically, the analysis uses a DAG to develop an instrumental variable (IV) based LP for
estimating the impact of uncertainty shocks on German industrial production and compares
this approach with alternative LP specifications.

Because DAGs are nonparametric, identification strategies can be derived directly from the
graph structure without assuming a specific functional form or statistical model (Pearl, 2009b).
For simplicity, this paper assumes linear causal relationships and uses linear LP specifications.?

It is also important to note that the DAG framework and the potential outcomes (PO)
framework (Rubin, 1974) are logically equivalent ways to express causal assumptions (Galles
and Pearl, 1998; Pearl, 2015). While the PO framework encodes causal assumptions using
counterfactual independencies, DAGs represent these assumptions graphically.

FEach framework has distinct advantages. The PO framework is well-suited for defining
estimands and interpreting results, while DAGs are particularly effective for expressing causal
assumptions and guiding identification strategies (Pearl, 2009a). By showing how DAGs aid in
identifying causal effects in applied time series analysis, this paper therefore complements the
work of Rambachan and Shephard (2019), who use the PO framework to define causal effects
in time series via treatment paths.

As already mentioned, DAGs are still relatively unknown in economics. Therefore, the paper
first introduces some DAG basics in Section 2.1 and graphical rules for identifying causal effects
in Section 2.2. Simple DAGs are used to illustrate key causal patterns and core concepts such
as confounding, adjustment for confounders, and instrumental variables. Section 2.3 introduces
DAGs for time series.

The DAGs in Section 3.1 are based on the simple bi-variate structural process discussed
in Jorda and Taylor (2025). They illustrate different types of shocks (Ramey, 2016), such as
“narrative” or “generated” shocks (Romer and Romer, 1989) and intervention regimes. The
diagrams also depict how these shocks propagate through the system and affect the outcome
variable of interest.

When all relevant variables in a multivariate time series model are observed, conditioning
on an appropriate set of control variables can yield causal responses. Section 3.2 presents a
series of examples showing how DAGs can be used to select suitable sets of control variables for

LPs. It also shows how carelessly including controls can undermine identification and produce

3When implemented with observed shocks or valid proxies, linear LPs recover weighted averages of causal
effects, irrespective of underlying nonlinearities (Kolesdr and Plagborg-Mgller, 2025). For details on nonlinear

LPs, see Cloyne et al. (2023), Gongalves et al. (2024), and Jorda and Taylor (2025).



misleading results.

Section 3.3 addresses scenarios in which some variables are unobserved. In such cases, IV
strategies can be employed to identify causal impulse responses (IV-LP). Example DAGs clarify
the conditions for instrument validity and illustrate how both external and internal instruments
can be selected to obtain causal responses within the IV-LP framework, thereby complementing
Stock and Watson (2018). Section 3.4 shows how to isolate specific causal pathways with both
standard and IV-based LPs.

An example in Kilian et al. (2025) demonstrates that recursive VARs may fail to recover the
impact of uncertainty shocks on GDP growth — or even to provider bounds on the true response.
Section 4 presents a DAG that illustrates this issue. Based on this DAG, the paper proposes an
IV strategy based on two uncertainty indicators to recover the response to uncertainty shocks.

An empirical analysis of uncertainty shocks on German industrial production implements this
IV strategy and compares it with alternative LP specifications. The results suggest that U.S.
uncertainty shocks can have substantial negative effects on German industrial production. They
also reveal that small changes in LP specification can produce large differences in the estimated
impulse responses. The underlying DAGs explain these differences and provide interpretive

guidance when the actual causal structure diverges from the assumed one.

2 Graphical Modeling

This section introduces DAGs, key causal patterns, d-separation, and the backdoor criterion for
identifying causal effects. For more technical treatments specific to time series, see Eichler and
Didelez (2007), Peters et al. (2017), and Runge et al. (2023). A comprehensive reference on
causal inference using graphical models is Pearl (2009b). For accessible introductions tailored to

economists, see Morgan and Winship (2015), Cunningham (2021) and Huntington-Klein (2021).

2.1 DAG Basics

A DAG encodes qualitative causal assumptions about a data generating process through nodes
representing variables and arrows indicating causal relationships. Arrowheads indicate causal
direction. A solid arrow between two variables indicates that both are observed. A dashed arrow
indicates that at least one variable is unobserved. A missing arrow indicates the absence of a
causal relationship.

Figure 1 provides some examples. In DAG (a), the solid arrow from X to Y indicates that



X causes Y and that both variables are observed. In this context, X is called a parent and Y
is called a child. The DAG also includes the independent disturbances ux and uy. These are
usually omitted, as they do not affect the graphical structure of causal relationships. In DAG
(b), X and Y share an unobserved common cause W. A dashed bi-directed arc indicates the
presence of further unspecified unobserved common causes.

A path is a sequence of nodes connected by arrows, regardless of their direction. For example,
in DAG (c) X «+ W — Y is a path between X and Y. A directed path, such as X - W =Y
in DAG (d), has all arrows pointing in the same direction.

As the name suggests, DAGs contain no feedback loops. Therefore, DAGs do not accom-
modate cyclical models, such as simultaneous equation models, which may represent the equi-
librium state of an underlying acyclic causal structure where feedback between variables occurs
on a faster time scale than the measurements. Such models can be represented using directed
cyclic graphs (DCGs). In this paper, all models will be acyclic. For an accessible introduction
to DCGs, see Kenny (1979). A comprehensive formal treatment of DCGs, their properties, and
identifiability in causal inference is provided in Bongers et al. (2021).

There are three key causal structures for random variables W, X, and Y:

e Fork (Fig. 1c): W is a common cause of X and Y (X + W — Y), generating spurious
correlation between X and Y. Conditioning on W (i.e., holding W constant) blocks the

path and removes the spurious correlation, making X and Y conditionally independent.

o Chain(Fig. 1d): W mediates the effect of X on Y (X — W — Y). Conditioning on W
again blocks the causal path, eliminating the effect of X on Y and making the variables

conditionally independent.

e Collider (Fig. 1e): W is a common effect of X and Y (X — W <« Y). The path is
blocked unless W is conditioned on. In contrast to the first two cases, conditioning on
W opens the path and makes X and Y conditionally dependent. This happens because

conditioning on a collider creates selection bias.

Conditioning on a collider or on one of its descendants, like V' in Fig 1f, introduces spuri-
ous associations. DAGs help avoid such biases by making such structures visible (Elwert and

Winship, 2014; Cinelli et al., 2024).



Figure 1: Basic DAGs and Causal Patterns
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DAG (a) illustrates the causal effect of X on Y along with the independent disturbances
ue and uy. In DAG (b), W is an unobserved common cause of X and Y, with the dashed
bi-directed arc indicating the presence of additional unobserved causes. DAG (c) shows a
fork, DAG (d) a chain, and DAG (e) a collider. In DAG (f), V is a descendant of the collider
w.

2.2 D-Separation, Backdoor Criterion, Instruments

As a qualitative description of a data generating process, a DAG essentially represents a fac-
torization of the probability distribution of a set of variables, where each variable’s probability
is conditioned on its parents in the graph. When a probability distribution can be factorized
according to a DAG, it is said to be (Markov) compatible with the DAG. For example, the
joint probability distribution P(X,Y, W) over the variables in DAG (c) can be factorized as
PW)P(X | W)P(Y | W), and is therefore compatible with that DAG.

D-separation (Pearl (2009b), Theorem 1.2.3): A path in a DAG G can be d-separated
(blocked) by conditioning on a set of nodes C if either (i) the path contains a chain (... = W —
...)or afork (... < W — ...) and the middle node W is in C, or (ii) the path contains a collider
(... > W « ...), and the middle node W or any descendant of W is not in C. More generally,
if the set C blocks all paths between two disjoint sets of nodes A and B in a DAG G, then A
and B are d-separated by C, denoted as (A 1. B | C)g.*

D-separation is the bridge between a DAG and compatible probability distributions, because

4The “d” in d-separation stands for “directional”.



d-separation in a DAG implies conditional independence in all distributions compatible with the
DAG. More precisely, (A 1L B | C)g = (A 1L B | C)p in every distribution P compatible with
the DAG G (Pearl (2009b), Theorem 1.2.4).

By exploiting d-separation, the backdoor criterion is a key tool for identifying the causal
effect of a variable X on another variable Y.> It helps to find suitable variables to block all
spurious paths between X and Y.

Backdoor Criterion: Given a pair of variables (X,Y) in a DAG, a set of variables C satisfies

the backdoor criterion if:
e No variable in C is a descendant of X, and
e C blocks all paths from X to Y that contain an arrow into X.

In DAG (a) in Figure 2, X has both a direct effect on Y (X — Y) and an indirect effect
through V (X — V — Y'). Assuming linearity, the total effect of X on Y is the sum of these two
effects. The variable W acts as a confounder, introducing spurious correlation via the backdoor
path X «+ W — Y.

In this DAG, conditioning on W blocks the backdoor path X < W — Y. as indicated by
the missing arrows in DAG (b). Therefore, the conditioning set C = W satisfies the backdoor
criterion and the total effect of X on Y is identified. Conditioning on both W and V blocks
the backdoor path X « W — Y and the indirect path X — V — Y, isolating the direct effect
X — Y, as shown in DAG (c).

If some variables are unobserved, the backdoor criterion remains valid, but it may not lead
to identification if confounders are among the unobserved variables. In such cases, instruments
help identify causal effects (Chalak and White, 2011).

A variable Z is a valid instrument for estimating the effect of X on Y if Z is correlated with
X (relevance) and influences Y only through X (exclusion). This implies that the instrument
must be exogenous (i.e., uncorrelated with the disturbance term). In a time-series context, Z
must also be uncorrelated with future and past disturbance terms (lead-lag exogeneity). For a

single instrument the IV estimator is

E(YZ)

/3=7E(XZ)- (3)

In DAG (d) in Figure 2, the causal effect of X on Y is confounded by unobserved variables,
as indicated by the dashed bi-directed arc, implying that X is correlated with the error term

5The name refers to paths between X and Y that point into X and thus enter X via the ?back door”.



and thus endogenous. In this example, Z can serve as a valid instrument because it directly
influences X and affects Y only through X, thereby enabling consistent estimation of the causal
effect of X on Y.

In DAG (e), Z is not a valid instrument because the path Z — V' — Y violates the exclusion
condition. However, as shown in DAG (f), conditioning on V turns Z into a valid instrument
by blocking the path Z — V — Y (Brito and Pearl, 2002). The conditional IV estimator for

the causal effect of X on Y is
_EBEYZ]|V)

T EXZV)

(4)

Figure 2: Conditioning and Instruments
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DAG (a) shows the causal effect of X on Y, along with a confounder W and a mediator
V. DAG (b) illustrates the result of conditioning on W. DAG (c) shows the result of
conditioning on both W and V. DAG (d) introduces a valid instrument Z. In DAG (e),
Z is an invalid instrument. DAG (f) demonstrates how Z becomes a valid instrument after

conditioning on V.

2.3 DAGs for Time Series

We consider stationary multivariate time series processes that may include relationships between
lagged and current variables (e.g., X;—; — Y;), as well as instantaneous relationships (e.g.,
X; — Y;) but no cycles. Some variables may not be observed. It is assumed that all relationships

remain constant in direction throughout time.



Since time series often contain many observations or are assumed to begin in the infinite
past, drawing a complete DAG is usually not possible. Instead, a so-called “window DAG” can
be used to schematically represent causal relationships in multivariate time series (Assaad et al.,
2022).

As an example, consider the system described in Peters et al. (2017), Ch. 10:

Xi=a1 Xy 1 +asZy 1 +upy

Yi =01Yi—1 + 02240 + uay,

where Z; is unobserved. Figure 3 shows the corresponding DAG. Solid arrows indicate the
causal links between the observed variables X; and Y;, while dashed arrows represent the causal
links emanating from the unobserved variable Z;. The independent disturbances are omitted
for clarity.

The DAG for this system highlights an interesting feature. Due to the unblocked backdoor
path X; < Z;_1 — Yi41 between X; and Y;y1, a naive application of Granger causality tests
would incorrectly suggest that X; causes Y;y1 and that Y; does not cause Xyyi. For the same

reason, a naive application of LPs would incorrectly suggest that Y responds to shocks in X.

Figure 3: Window DAG for Time Series

X g X1 i X s Xies
Ly e Ly e Zt i . Ly
Yio Y > Yy > Yieq

The DAG shows a trivariate time series (X¢, Yz, Z;) where Z; is unob-

served.

3 DAGs for Local Projections

This section first describes different types of shocks and their propagation, and then shows how
DAGs help to find appropriate conditioning sets and instruments for estimating causal responses

with LPs.



3.1 Shocks and Their Propagation

The variable S; in the LP

Yien = ap + St + Xy + vign

can represent different types of shocks.

S; may represent an exogenous shock. If this shock is constructed from historical records, it is
often called a “narrative” shock (Romer and Romer, 1989). When the shock is truly exogenous,
the response can be estimated using a LP without any control variables.

S; may represent an “external” shock u;; = f(g;, #;), generated with variables g;, that lie
outside the VAR system. Since 4, is a generated regressor (Pagan, 1984), the LP must include
the variables g;,; for valid inference (Breitung and Briiggemann, 2023). External shocks may
also serve as instruments in IV-LPs (Stock and Watson, 2018).

Finally, S; may represent a variable within the VAR. If the shock in S; can be expressed as a
linear combination of the system variables, the shock is often called “fundamental” or “internal”.
If S; is a system variable, the LP must typically include a suitable set of control variables or S;
must be instrumented.

Some examples. Following Jorda and Taylor (2025), let us consider the structural bi-variate

process,
E=a) () fom o) (i) | [ 5
0 1 St bsy  Gss ) \St—1 Ug ¢
where u,; and wu,; are uncorrelated zero-mean disturbances. The DAGs in Figure 4 describe
the shocks and their propagation that arise in four distinct configurations of ¢-coefficients.

In DAG (a), all ¢ coefficients are zero. Consequently, the shock S; = wus; is exogenous
and does not propagate to future values of Y;,,. Since there are no backdoor paths, a simple
regression of Y; on S; identifies By at h = 0, and B, = 0 for h > 0. If ug; can be perfectly
measured, regressing Y; on us; yields equivalent (scaled) results.

DAG (b) shows the case where ¢45 # 0, while ¢y = ¢ys = ¢5y = 0. Examples include a
series of interventions, or a self-propagating shock to stock returns. As before, there are no open
backdoor paths between Sy and Y;yp. Therefore, a simple regression of Y; i, on S; estimates the
overall response of Y4y,

In DAG (c), ¢yy # 0, while ¢ys = ¢dsy = ¢ss = 0. Here, too, an exogenous intervention or
shock affects both current and future outcomes, but through a different causal mechanism. The

response originates from a single change in S; and propagates solely through the outcomes. Since



there are no open backdoor paths, a regression of Y., on S; again provides a valid estimate of
the total response of Y; 1 to the shock in S;.

In DAG (d), all ¢-coefficients are nonzero. Consequently, a shock to S; affects both the
current and future values of S and Y through direct and indirect channels, thus generating
dynamic feedback. The LP specification depends on whether the original shock us; or S; is
used.

If the shock u, ¢ can be perfectly measured, Y;p can be regressed on u,; without any controls
because Sy acts as a collider between S;_1 and Y;_1, blocking all backdoor paths. When the shock
is generated, the LP must include the variables used to construct it to ensure valid inference.

If Sy is used in the LP, the backdoor paths S; «+ S;—1 — Y1 — Yy, Sp + Si1 — Y,
and S; « Y;—1 — Y; must be blocked. X; = (S;_1,Y;—1) blocks these paths and satisfies the

backdoor criterion, thereby identifying the causal response at horizon h.

Figure 4: Shock Propagation
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The DAGs shows different shocks and their propagation. The responses are represented by

bold arrows.

3.2 Causal Local Projections using Conditioning

As we have just seen, conditioning on an appropriate set of variables can identify causal responses
when all relevant variables are observed. The DAGs in Figure 5 provide additional examples.

In the diagrams, S is the shocked variable and Y is the response variable. Bold arrows indicate

10



how the shock propagates through the system.

In DAG (a), both S and Y depend on their own lags and the lag of the other variable.
No contemporaneous causal link exists between X; and Y;. Applying d-separation reveals five
conditioning sets that satisfy the backdoor criterion: (Si—1,Yi—1,Y:), (St—1,Ye—1), (Si—1, Y1),
(Yi—1,Y%), and (Y;). Each of these sets can be used to get valid causal responses of Y to shocks
in S. These sets are valid for any horizon h. For instance, at h = 2, the full response includes
the paths Sy — Siv1 — Yo and S; — Yii1 — Yiio, and is identified by each of the listed
control sets.

In DAG (b), the system is recursive with S; contemporaneously causing Y; — a common
setup in empirical applications. Two sets of controls satisfy the backdoor criterion and yield
valid causal responses: (Si—1,Y;—1) and (Y;—1). Crucially, one must not condition on Y}, because
doing so blocks the path S; — Y; — Y;11 and thereby prevents the identification of the full causal
effect.

In DAG (c) the structure is reversed: Y; contemporaneously causes S;. The following condi-
tioning sets satisfy the backdoor criterion: (S;_1,Y;—1,Y:), (Si—1,Y}), and (Y;—1,Y:). In contrast
to the previous case, it is essential to include Y; as a control in X; to block the backdoor path
S < Yy — Y41 that would otherwise confound the estimation of the causal response.

DAG (d) shows a tri-variate system in which S; affects Y;;1 indirectly through a mediator
W;. Conditioning on S;_1 is sufficient to identify the causal effect of a shock in S; on future
Yiin. Although larger conditioning sets are possible, these sets must not include the mediator
We, because doing so would block the causal path S; — W; — Y;11 and open the spurious path

St = Wi « Yy — Yiy1, thereby undermining identification.

11



Figure 5: Conditioning
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The DAGs provide examples where conditioning yields causal responses. S; is the shocked

variable. Bold arrows indicate the response.

3.3 Causal Local Projections with Instruments

Backdoor paths between the intervention variable and the outcome variable often cannot be
blocked when key variables in the system are unobserved. This typically occurs when important
variables must be omitted because they are difficult to measure or the system is too complex.
Provided that valid instruments are available, causal responses can be estimated using an
IV-LP. With a single instrument Z; for S;, an estimator of the response at horizons h is

E(Yi1n2y)

B = E(S7Z;)

(6)

Figure 5 shows two DAGs for systems that require an IV-LP approach. In DAG (a), unob-
served variables cause both S; and Y;11, as indicated by the bi-directed arch S; ¢----+ Y.
These backdoor paths between S; and Y; 1 cannot be blocked. To recover the impulse responses,
one can use either an external instrument Z; from outside the system or an internal instrument
such as S;_1.

As already mentioned, for time series an external instrument must meet the following criteria:
it must be relevant (i.e., correlated with S;) and satisfy the exclusion restriction (i.e., affect the
outcome only through S;), possibly conditional on a proper set of control variables. This implies
that the instrument must be contemporaneously exogenous and lead-lag exogenous (Stock and

Watson, 2018).

12



In DAG (a) of Figure 6, Z, satisfies these conditions, and the IV estimator (6) yields the
causal response of Yy, to a shock in S;. The IV-LP correctly identifies the response at all
horizons h. For example, at h = 2, the path S; — Si41 «----+ Y41 remains blocked because
Sty1 is a collider. No backdoor paths enter S; via Si_1, since Y;11 is a collider relative to Y%,
and Sy does not cause Y;. Only the paths Sy — Y41 — Yipo and S; — Sip1 — Yo — which the
instrument Z; isolates — remain open. These two paths represent the total response of Yi;2 to
a shock in S;.

Looking at DAG (a) reveals that conditioning on Y; turns S;—1 into a valid instrument, as
it isolates the path S;_1 — Sy — Yiy; while blocking all other paths from S;_; to Yiyi. The
conditional IV-LP, which uses S;_; as an instrument for Sy, is given by:

_ E(YinSi1 | V)
T RS S ) "

As before, the conditional IV-LP identifies the causal responses at all horizons h > 0.

DAG (b) in Figure 6 shows a system where omitted variables affect both current and future
values of S, and S} also directly influences Y;. The immediate response at h = 0 can be estimated
using a standard LP with either S;_; or (S¢_1,Y;—1) as controls. However, for h > 0, an IV-LP
is required, because the spurious correlations between current and future S cannot be blocked.
In this setting, S;_1 is not a valid internal instrument because it directly affects Y;, violating the
exclusion restriction. The external instrument Z; remains valid, however, and the IV estimator

in equation (6) yields causal responses at all horizons.

Figure 6: Instrumental Variables
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The DAGs shows time series where IV strategies yield causal responses. S; is the shocked

variable. Bold arrows indicate responses.
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3.4 Isolating Pathways

Sometimes certain components of a full response are of special interest. For example, one
might wish to compare the direct effect of a financial stimulus on consumption with its indirect
multiplier effect. To make such comparisons, it is necessary to estimate both the total and
the direct response to the intervention. LPs for direct responses can be specified by applying
d-separation to the DAG that encodes the assumed causal structure. Such LPs typically contain
leads of certain variables as controls.

For example, in traditional LP settings — such as in DAG (a) in Figure 5 — one must, in
addition to one of the identifying sets of controls, also condition on Y;y; to obtain an estimate of
the direct effect S; — Sp+1 — Yiio of the interventions at times ¢ and t+1 on Y;12. In DAG (b)
one must in addition condition on Y; and Sy;1 to estimate the direct effect of the intervention
St on Y.

Isolating specific pathways works analogously in IV-LP settings such as in Figure 6. In
DAG (a), one must condition on Y;11 to estimate the effect of changes in S; and S;11 on Yiio.
Likewise, in DAG (b), one must condition on Y; and Sty to obtain the direct effect of a change

in Sy on Yiqg.

4 Uncertainty Shocks

Kilian et al. (2025) present an example where recursive VARs neither capture the true response
nor provide valid bounds for the impact of uncertainty shocks on GDP growth. We now consider
a variant of this example where uncertainty and GDP growth are contemporaneously causally
unrelated but are both influenced by uncertainty shocks and shocks to GDP growth. The
corresponding DAG highlights that in this causal structure the LP must use either the true
uncertainty shock or valid instruments for the shock to fully uncover the causal response.

The first part of this section discusses the example and presents an IV strategy to recover
the true response. The second part uses the proposed IV strategy to empirically examine the

impact of uncertainty shocks on German industrial production.

4.1 Example of the Impact of Uncertainty Shocks on GDP Growth

Consider two reduced form shocks uggp; and uynes affecting GDP growth and a measure of

uncertainty. Using the same numbers as in Kilian et al. (2025), these shocks are linked to the
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structural shocks wWothert and wynct via the following matrix B:

Ugdp, t N 1 0.5 Wother, t

uunc, t —0.75 1.5 wunc, t

, 1.25 0
B
0 2.8125

1.118 0
chol(X) = . (10)
0 1.6771

Thus, an uncertainty shock, wync, ¢, increases GDP growth on impact by 0.5.

The original example in Kilian et al. (2025) assumes a simultaneous relationship between a
measure of uncertainty and GDP growth. In contrast, this example directly models the impacts
of the shocks.® Both shocks jointly affect GDP growth, denoted as GDP;, and the uncertainty
measure UNC}. There is no simultaneous relationship between GD P, and UNC; because these
variables are not observed in real time. However, their measurements for time t may influence
uncertainty and GDP growth in the subsequent period.

The DAG in Figure 7 shows the causal structure of the example. At time ¢, both UNC} and
GDP; are jointly influenced by the uncertainty shock wync,s and the GDP growth shock wegher ¢-
There is no recursive structure because there is no contemporaneous causal relation between
UNCy and GDP,. Furthermore, the variance-covariance matrix X of the reduced-form errors is
diagonal. Therefore, as in the original example by Kilian et al. (2025), no recursive VAR can
correctly recover or bound the true response of GDP growth to an uncertainty shock.

The DAG also reveals another problem that is otherwise harder to see: to fully recover the
response to an uncertainty shock, one should use the uncertainty shock wync, itself rather than
UNC}, the variable that measures the uncertainty, since the latter has no contemporaneous
impact on GDP,. How can this be done when the shock cannot be directly observed?

A solution is to use two indicators of the uncertainty shock, I1; = 0o + 61Wunc,t + €1+ and
Iy = po + p1Wunc,t + €24, and instrument one with the other in an IV-LP. For this strategy
to work, the covariances Cov(wunc,t, €1,t), Cov(Wunc,t, €2¢), and Cov(ery, €24) must be zero, and

€1t and ez must be uncorrelated with uncertainty and GDP growth (cf. Wooldridge (2010)).

5In SVAR terminology, the original example specifies an A-model that focuses on the instantaneous relation-
ships between the observed variables, whereas our example considers a B-model that directly focuses on the

unexpected shocks to the variables. See, Ch. 9 in Liitkepohl (2005) for further details.
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Under these conditions, running the IV-LP

Yien = ap + Brlig + Vegn, (11)

using I; as an instrument for I ; yields the full causal response to the uncertainty shock.

Whether this identification strategy works in practice depends on the ability to obtain two
measurements of the uncertainty shock with uncorrelated measurement errors. In this context,
it is important not to use a domestic uncertainty indicator. As Figure 7 shows, the error in this
indicator includes the shock to GDP growth and therefore correlates with GDP growth.

A simulated VAR(1) model illustrates the proposed IV strategy. The simulation uses the
structural impact matrix B from equation (7) and a coefficient matrix A; on the lagged vari-
ables such that both GDP growth and uncertainty are moderately persistent (see, Appendix 1).
The simulation generates a sample of 1,000 observations, using the last 500 for analysis. The
responses are estimated using six different methods: a LP with the true structural shock, an
IV-LP using two noisy indicators of the structural uncertainty shock, an IV-LP instrumenting
the uncertainty variable, a standard LP using the uncertainty variable, and two recursive VARs
with different orderings.

As can be seen in Figure 8, only the LP using the true structural uncertainty shock and the
IV-LP with two indicators of the shock accurately recover the causal response. Both methods
correctly estimate the contemporaneous impact (h = 0) on GDP growth, which is 0.5 in the
simulated model. All the other methods produce incorrect results. The IV-LP that directly
instruments the uncertainty variable underestimates the response, while the standard LP and
the recursive VARs estimate it as zero on impact. Moreover, as emphasized in Kilian et al.

(2025), the recursive VARs do not provide valid bounds for the true response.
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Figure 7: DAG of Example for Uncertainty Shock on GDP Growth
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The DAG shows the causal structure of an uncertainty shock on GDP
growth in the example in Kilian et al. (2025).

Figure 8: Estimated Responses to an Uncertainty Shock in a Simulated SVAR
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The figure shows the response of GDP growth to an uncertainty shock in a sim-
ulated SVAR, estimated using six methods: an LP with the true structural uncer-
tainty shock (LP_structural_shock), an IV-LP with indicators of the structural shock
(LP_IV_indicators), an IV-LP instrumenting the uncertainty variable (LP_IV_uncertainty),

a standard LP using the uncertainty variable (LP_standard), and two recursive VARs with

uncertainty ordered first (Recursive unc_first) and last (Recursive unc_last).

4.2 The Impact of Uncertainty Shocks on German Industrial Production

This empirical analysis examines the impact of uncertainty shocks on German industrial produc-

tion. By estimating four different LPs, it demonstrates that slightly different specifications can

produce very different impulse responses. The underlying DAGs help explain these differences.
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The results obtained with an IV-LP using two uncertainty indicators suggest that the impact of
U.S. uncertainty shocks on German industrial production could be substantial.

The first LP estimates the response of German industrial production to U.S. uncertainty
shocks using the IV strategy outlined above. DAG (a) in Figure 9 depicts the assumed causal
structure. The bold arrows indicate the paths that are isolated by the IV strategy. The IV-LP
is given by

indgesyn = ap + Bpeplust + 7 Xe 4 Vi, (12)

where indge 1+ is the log of German industrial production at time ¢ + h. The two indicators for
U.S. uncertainty shocks are the unexpected variation in the log of the news based U.S. economic
policy uncertainty index (epu,s+) of Baker et al. (2016) and the log of the CBOE Volatility Index
(vizy). The later serves as an instrument for epuy ¢. It is assumed that the measurement errors in
the indicators are uncorrelated with German Industrial Production and German EPU. Addition-
ally, it is assumed that uncertainty originating in Germany does not influence U.S. uncertainty.
The vector of control variables is defined as X; = (vizi—1, epUyst—1, €PUde t—1,Ndge 1—1), since
this set of controls blocks all backdoor paths and turns viz; into a valid instrument. This vector
of controls also isolates the unpredicted variation in the uncertainty indicators, such that the
conditional correlation between the indicators captures an unexpected uncertainty shock.

In the second IV-LP,

indge t+n = p + Brepudes + VX + Vign, (13)

uses the same control variables as above, but now the log of the German EPU is instrumented
by viz;. This LP demonstrates that the German EPU should not be instrumented in the causal
structure described in DAG (a) because the error in German EPU is correlated with the error
in German industrial production via the path EPUpg; < Wiocart — INDpgs. This violates
the requirement that the errors of both indicators are uncorrelated with German industrial
production.

The third and fourth LPs are based on OLS and assume the recursive causal structure
depicted in DAG (b) of Figure 9. In this structure, U.S. uncertainty—measured by the U.S.
EPU-directly influences both German EPU and German industrial production. Meanwhile,
German EPU affects only German industrial production and has no impact on U.S. EPU.

The third LP treats epuge; as the shock variable and includes the control vector X; =
(EPUys,t, €DUys, t—1, €DUGe t—1,9Ndget—1) to block all backdoor paths. Under the assumed causal

structure, the LP estimates the response to a shock in German EPU.
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The fourth LP inserts epuys; as the shock variable. The control vector is defined as
X; = (epuyst—1,€pUdet—1,indget—1). Under the assumed causal structure, this LP estimates
the response of German industrial production to a shock in U.S. EPU.

The dataset consists of monthly observations from January 1993 to March 2025. All un-
certainty indicators come from the FRED database of the Federal Reserve Bank of St. Louis.
German industrial production comes from the Federal Statistical Office of Germany. Table 1
presents summary statistics for reference.

Figure 10 shows the impulse responses obtained with the different LP specifications, along
with 90% confidence intervals based on autocorrelation and heteroskedasticity robust standard
errors (Newey and West, 1987). Since all variables are in logarithmic form, the estimates re-
flect (approximate) percentage changes in industrial production in response to a 1% change in
uncertainty.

All estimated responses indicate a negative impact of uncertainty shocks on German indus-
trial production. However, the results vary considerably across the LP specifications. The IV-LP
for U.S. uncertainty that uses the two U.S. uncertainty indicators yields the strongest response.
Industrial production falls sharply — by about -0.16% in the month after the shock and then by
about -0.12% in the following months. In comparison, the IV-LP using the German EPU shows
a peak response of about —0.11% in the month following the shock and approximately —0.08%
thereafter. The two OLS-based LPs yield much smaller responses: the response to German EPU
is virtually zero, while the response to U.S. EPU hovers around —0.01%.

From the perspective of the causal structure described by DAG (a), the differences in the
responses can be explained as follows: The smaller response in the IV-LP using German EPU
arises because instrumenting German EPU is incorrect—its measurement error contains the shock
Wiocal,t and correlates with German industrial production. If this correlation is negative, the
estimated response is biased toward zero because the measurement error moves in the opposite
direction of the true uncertainty shock, making the measured uncertainty shock appear smaller
than it actually is. For the same reason, and due to endogeneity, the response from the third
LP is also biased towards zero. Similarly, the small response in the fourth LP may result from
endogeneity and measurement error in U.S. EPU.

DAGs not only communicate assumed causal structures but also aid in assessing potential
bias when some assumptions are violated. For example, the assumption concerning the macroe-
conomic shock affecting German industrial production might be violated. The DAG assumes

that this shock is local, while the U.S. uncertainty shock is considered global. However, if the
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macro shock is global, we need to include an arrow pointing to U.S. uncertainty. In that case,
the measurement errors in U.S. uncertainty would also be correlated with German industrial
production. As discussed above, such a negative correlation would introduce a downward bias
in the estimated response. Consequently, the true response to a U.S. uncertainty shock could

be even stronger than what is estimated using the IV-LP approach.

Figure 9: DAGs for Uncertainty Shock on German Industrial Production

(@) (b)

let-‘l

US.t-1 /wus. t
: |

H N
EPUys . il’ EPUys; EPUysyy — EPUys;
“:\,"i}::EPUDE'M EPUpe. EPUpe s EPUpg,
\?[\IDDE’H ﬁi"—jl‘l‘:lDDE‘t INDpgrs > INDpgyg
- \:Nlocal,t-1 Wiocal.t

The DAG shows the DAGs for two causal structures for uncertainty shocks on German

Industrial Production.

Figure 10: Impulse Responses of German Industrial Production to EPU Shocks
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5 Conclusions

Without incorporating causal assumptions, impulse responses often lack a clear causal interpre-
tation. This paper demonstrated how DAGs provide a transparent framework for embedding
causal assumptions and selecting control variables and instruments to identify causal impulse
responses within the LP approach.

A series of DAGs illustrated the propagation of shocks, how to avoid pitfalls—such as con-
ditioning on colliders—and how to derive conditioning and instrumental variables strategies to
isolate both total and pathway-specific responses to policy interventions and shocks.

A DAG for uncertainty shocks highlighted the limitations of traditional recursive VARs
discussed in Kilian et al. (2025) and revealed an instrumental variable strategy for identifying
the causal response to an uncertainty shock—insights that would be more difficult to obtain
without expressing the assumed causal structure with a DAG.

The empirical analysis of the effects of uncertainty shocks on German industrial production
underscores the practical relevance of these insights, as the proposed IV approach suggests that
U.S. uncertainty shocks have a substantial negative impact on German industrial production.
The results further demonstrate that even small changes in the LP specification based on different
causal assumptions can lead to very different impulse responses. The underlying DAGs help
explain these differences and to assess potential bias when causal assumptions are violated.

Beyond methodological rigor, DAGs also help improve empirical practice. As demonstrated
in this study, they can be used not only to justify identification choices but also to communicate
assumptions more effectively, thereby enhancing reproducibility and transparency. This ap-
proach thus aligns with the growing focus on credibility and robustness in applied econometrics

and macroeconomic research.
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Appendix 1: Simulated VAR Model

The simulated VAR(1) model is
yr = Aiyr—1 +we

Ut = Bwt

0.5 0.1
0.2 04

H
I

1 0.5
B =

—-0.75 1.5
we ~ N(O, I)
Thus the equations for output and uncertainty are:

output, = 0.5 - output,_; + 0.1 - uncertainty, _; + wi ¢ + 0.5wa

uncertainty, = 0.2 - output,_; + 0.4 - uncertainty, ; — 0.75w1 ¢ + 1.5wa .
The two noisy indicators of the uncertainty shock ws ; are:

indicatorly = wat +m¢, M1~ N(0,0.25)

indicator2; = wa s + m2t, M2t ~ N(0,0.25).
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Appendix 2: Summary Statistics

Table 1: Descriptive Statistics for U.S. and German Variables

Variable Nobs Min Max Mean Median SD Skewness Kurtosis
VIX 387 10.13  62.67 19.51 17.69 7.68 2.01 9.56
EPUysg 387 57.20 350.46 116.36 105.70  43.83 1.60 6.80
EPUpg 387 28.43 1,095.93 193.22 124.33 189.44 241 8.73
INDpg 387 69.80 111.10  92.32 94.10 10.97 -0.31 1.83

Notes: This table reports summary statistics for monthly observations from January 1993 to March
2025. VIX is the CBOE Volatility Index, EPUyg and EPUpg are the Economic Policy Uncertainty
indices for the United States and Germany, respectively, and INDpg is German industrial production.

The statistics include the number of observations (Nobs), minimum and maximum values, mean,

median, standard deviation (SD), skewness, and kurtosis.
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