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I. Introduction

Applied macroeconomists routinely seek to estimate the dynamic causal
effects—or impulse response functions—of aggregate shocks to policies
or fundamentals. The two dominant empirical methods for doing so are
structural vector autoregressions (henceforth interchangeably referred to
as VARs or SVARs), going back to Sims (1980), and local projections
(LPs), as introduced by Jorda (2005). The primary objectives of this paper
are, first, to review how to think conceptually about the choice between
these two estimation methods, and second, to offer concrete recommen-
dations for applied practice.

We begin with the observation that the choice between LPs and VARs
has nothing to do with questions of identification: for any given LP and
the economic identifying assumptions that it implements, there exists
an equivalent VAR, and vice versa. At their core, typical identification
schemes in empirical macroeconomics propose to recover the causal
effects of aggregate shocks or policies as—sometimes very simple, and
sometimes rather complicated—functions of the autocovariances of time
series data. Conceptually, LPs and VARs are simply two ways of estimat-
ing these autocovariances: they share a common large-sample estimand
and only differ in how they exploit a given finite dataset.

In the short samples typical of applied work, the choice between LPs
and VARs is one of navigating a bias-variance trade-off. At one end of
this spectrum, LPs (or equivalently, VARs with many lags) robustly have
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low bias, though at the cost of materially elevated variance. At the other
end, VARs with few lags tend to deliver sizable precision gains but at the
cost of potentially substantial biases. The intuition is that short-lag VARs
extrapolate based only on the first few autocovariances of the data, whereas
LPs flexibly estimate autocovariances at all horizons, without extrapola-
tion. In practice, the variance cost of LPs is so substantial that VARs are
typically preferable in terms of mean squared error (MSE). The VAR's
bias, however, severely threatens the accuracy of its uncertainty assess-
ments, whereas LP confidence intervals instead accurately reflect statisti-
cal uncertainty, by virtue of the LP’s small bias. There is “no free lunch”: if
VARs afford any precision gains relative to LPs, then their uncertainty
assessments are necessarily fragile. In fact, because plain LP is semipara-
metrically efficient, there is actually no impulse response estimator that is
more efficient than LP in large samples without sacrificing robustness.

Our overall recommendation is that researchers who wish to under-
stand what can be learned about dynamic causal effects from the data—
and therefore require confidence intervals with accurate coverage prob-
ability—should report results based on LPs, or equivalently based on
VARs with many more lags than is currently used in applied practice.
Confidence intervals produced by short-lag VARs (or shrinkage tech-
niques such as Bayesian VARs and penalized LPs) are simply too fragile
to be trusted. However, if the researcher’s goal is merely to forecast or to
produce a point estimate of a causal effect for policy analysis, then short-
lag VARs or shrinkage techniques are attractive due to their favorable
MSE in many settings (as emphasized by Li, Plagborg-Meller, and Wolf
[2024]).

We conclude with a “how-to” list of practical recommendations for LP
estimation and inference. We cover the importance of lag augmentation,
selection of control variables and lag length, bias correction, and confi-
dence interval construction.

Due to our focus on simple, concrete takeaways for applied practice,
our review of the literature leaves out several specialized or new topics.
These include panel data (Almuzara and Sancibrian 2024), nonlinear spe-
cifications (Caravello and Martinez-Bruera 2024; Gongalves et al. 2024),
simultaneous confidence bands (Montiel Olea and Plagborg-Meller 2019),
variance decompositions (Plagborg-Meller and Wolf 2022), and certain
more technical structural shock identification schemes (Uhlig 2005; Bau-
meister and Hamilton 2015). For brevity, we touch only briefly on proxy
or instrumental variable identification, and we abstract from weak in-
strument issues, even though these are likely to be important in practice
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(Montiel Olea, Stock, and Watson 2021). Excellent reviews of LPs, VARs,
and the relationship between them include Kilian and Liitkepohl (2017),
Stock and Watson (2018), Baumeister and Hamilton (2024), and Jorda
and Taylor (2025).

Outline. The organization of the paper follows the outline above: we
first review questions of identification, then discuss theoretically and
quantify empirically the bias-variance trade-off between LPs and VARs,
next ask how to navigate that trade-off in practice, and finally close with
a list of concrete practical recommendations. Throughout, our analysis
will be deliberately simple, emphasizing clarity over comprehensive-
ness; for the interested reader, we give references to the original litera-
ture. To structure our discussion, we summarize our main insights as
“lessons” that should be viewed as guidelines rather than as formal prop-
ositions. Supplementary details—in particular for our empirically calibrated
simulations—are provided in the online appendix, http://www .nber.org
/data-appendix/c15140/1lp_var_primer_supplement.pdf, and replication
code is available online."

II. Identification

In this section, we review the basic definition of the LP and VAR estima-
tors, and we establish that they share the exact same estimand (i.e., large-
sample limit) when the estimation lag length is large. This equivalence
result is nonparametric, and in particular does not require the data gen-
erating process (DGP) to be linear or finite-dimensional. The purpose of
economic identifying assumptions is then to establish that this common
estimand is actually interesting. The message of this section is that the
choice between LPs and VARs is completely orthogonal to structural
questions of identification.

A. What Do LPs Estimate?

We begin with a discussion of the estimand of LPs. LP practitioners seek
to estimate the dynamic causal effects of macroeconomic “shocks” on ag-
gregate outcomes. To this end, they run linear regressions of the follow-
ing form, estimated separately by ordinary least squares (OLS) for each
horizonh =0,1,2,...:

14
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They then report as the impulse responses of interest the regression co-
efficients {6},"},. In the above regression, y; is a (scalar) outcome of inter-
est, x; is a (scalar) impulse variable, r; is a vector of time series that is
included as contemporaneous controls, w;, = (7}, x:, Y, qt)" collects all
variables included as lagged controls, with g; a potential additional con-
trol vector, and &, is the multistep forecast error in the regression. Here
and in the rest of this section, we consider the limit where the empirical
sample size is infinitely large to abstract from finite-sample issues that
will be the focus of the following sections.

By the Frisch-Waugh-Lovell theorem, the regression coefficient 6;" has
a simple interpretation: it equals the coefficient from a projection of the
outcome ¥, on a “shock” ; that is given by the residual from a projec-
tion of x, on the control variables in the regression (1):

X = x; — proj(x; | 7, Wiy, ... /wt*r)- (2)

Lesson1. InanLP, we are estimating impulse responses with respect to a shock
that is defined as the residual from projecting the impulse variable on the control
variables.

This LP estimand is economically interesting because, under some as-
sumptions, it can be given a structural interpretation. The argument is
most transparent when a researcher directly observes an unpredictable
shock (or a valid proxy/instrument for that shock)—for example, by ob-
serving the high-frequency responses of an asset price in narrow time
windows around policy announcements (as in Kanzig 2021). In this case,
she can straightforwardly use the LP (1) to estimate the causal effects of
that shock: the impulse variable x; is the observed shock, the contempo-
raneous control vector 7, is empty, and finally, further controls g; are not
necessary for consistent estimation but should be included for efficiency
and robustness reasons, as discussed in Section V.2 Note that in this case
the residualized shock X; simply equals the shock x, itself, by virtue of
being unpredictable.

In another common class of applications, the impulse variable x, equals
a policy instrument (such as the federal funds rate), the contemporaneous
controls 7, equal endogenous variables in the policy maker’s reaction
function (such as output and inflation), and finally, some further lagged
controls g, may be included as well. The residualized shock X; then equals
the disturbance in the policy rule (such as a monetary policy shock) under
the classic timing assumption that the endogenous variables r, do not re-
spond within the period to this disturbance (e.g., Christiano, Eichenbaum,
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and Evans 1999).° Intuitively, conditional on the included lagged and con-
temporaneous controls, the leftover movements in the policy instrument x;
purely reflect shocks to policy, orthogonal to all other disturbances—that
is, exogeneity conditional on controls. We will elaborate on other, more in-
volved ways of identifying macroeconomic shocks in Subsection II.C.

B.  What Do VARs Estimate?

We now consider the second estimation method: VARs. The first step in
VAR analysis is to estimate a reduced-form VAR in the vector of all ob-
served time series w; (using the same definition as above):

p
w, =c+ ZAWH + u,. €)
=1
VAR practitioners translate this reduced-form model into structural im-
pulse response functions using identification conditions. Identifying as-
sumptions are used to map the reduced-form residuals u, into interpreta-
ble structural shocks, and those shocks are then propagated forward
through the VAR (3). We begin with one popular way of doing so: or-
thogonalizing the reduced-form residuals 1, using what is known as a
recursive ordering. Let BB’ = 2 be the Cholesky decomposition of the co-
variance matrix 3 = Var(u;) of the forecast errors u,, where B is a lower-
triangular matrix with positive diagonal entries. As in Subsection ILA,
we focus on the response of y, to the orthogonalized shock to x,. Letting
e, and e, denote the two unit vectors such that x; = e;w; and y; = ejw;,
the structural VAR impulse response estimate equals

VAR _ /
0 = eyChBexr

where the reduced-form impulse responses satisfy the recursion C, =
z;‘;’*;{""’ }Agch_e, with C, equal to the identity matrix. Evidently, the VAR
impulse responses are obtained by extrapolation: the parameters of the
reduced-form VAR (3) are estimated from observed autocovariances
out to lag p, and then the parametric structure of the model is exploited
to compute responses at all horizons h, including / > p.

By standard properties of Cholesky decompositions, this procedure iso-
lates as the “shock” the (rescaled) residual in a projection of u,, = e\u; on
u,; = eyu;, where e, is the unit vector such that r, = e;w;. By definition of
the residuals u,, this shock is the same as the residual in a projection of
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x; on r; and p lags of the observables w,—which in turn is precisely the
shock %, in the LP (1).* Differently from the LP, however, the impulse
response coefficients {6}, are now not direct projection coefficients
of future outcomes {y;,}; on this common “shock”; instead, the dy-
namic effects of the shock are iteratively propagated forward through
the estimated VAR model (3).

The simple linear regression logic that we just used to interpret the LP
and VAR estimands reveals that the methods are intimately connected:
they deliver the dynamic causal effects of the exact same implicit “shock”
X;, just in one case through direct projection (LP), in the other through it-
erative propagation (VAR). On impact (h = 0), they are thus necessarily
the same. Furthermore, as the lag length p becomes arbitrarily large, the
extrapolative reduced-form VAR model (3) is sufficiently flexible to per-
fectly capture all autocovariance properties of the data, making iterative
forecasts equivalent to direct projections; thus, the LP and VAR estimands
are identical at all horizons & (Plagborg-Meller and Wolf 2021; Xu 2023).°
Though this result pertains to linear estimation methods, we stress that
the equivalence is extremely general because it is nonparametric, in the
sense that it does not impose any particular parametric restrictions (linear
or otherwise) on the underlying DGP. Finally, for general but finite esti-
mation lag length p, the extrapolative VAR model still captures the rele-
vant autocovariance properties well out to lag p, so that the LP and
VAR estimands are typically very close at horizons /1 < p but not neces-
sarily for h > p.°

Lesson 2. An impulse response from an LP can equivalently be viewed as hav-
ing been obtained from a VAR that controls for a large number p of lags. In par-
ticular, impulse responses from LPs and VARs tend to be very similar at horizons
h<p.

We provide a visual illustration of the second lesson in figure 1, which
plots LP and VAR impulse response estimands for a recursively identified
monetary policy shock, following the classical identification approach of
Christiano et al. (1999). The underlying DGP is the dynamic factor model
(DFM) that we study later in Section V; importantly, that DGP does not
satisfy a finite-order VAR model. The three panels then plot the VAR
and LP estimands for estimation lag lengths p = {2, 6, 12} (in dashed and
dashed-dotted, respectively), as well as the (common) population esti-
mand (p = o, solid line). Consistent with our discussion above, LP and
VAR estimands are close to each other at horizons / < p, before then devi-
ating; in particular, for p sufficiently large, they are identical throughout.
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Fig. 1. Local projection (LP; dashed-dotted) and vector autoregression (VAR; dashed)
impulse response estimands in the dynamic factor model of Section V. The three panels
show the response of output to a recursively identified monetary policy shock, with lag
lengths p = {2, 6,12}. The solid line is the p = o population estimand (for both LP and
VAR), and the vertical line marks the lag length p. For further details on the experiment,
see appendix C.3.

C. More General Identification Approaches

The large-sample equivalence between LPs and VARs extends beyond
the observed shock and recursive identification schemes discussed
above. A common approach to identifying macroeconomic shocks be-
gins with the assumption of “invertibility”—that is, the true shocks are
spanned by current and lagged time series observables w; (see Ferndndez-
Villaverde et al. [2007] for a standard treatment). Identification schemes
like the recursive ordering of Christiano et al. (1999)—which, as we showed
above, can equivalently be implemented using either LPs or VARs—
combine the assumption of invertibility with short-run timing restric-
tions on the shocks. Invertibility may, however, also be combined with
other restrictions to identify shocks, including, for example, long-run re-
strictions (Blanchard and Quah 1989) or sign restrictions (Uhlig 2005). In
all these identification approaches, the structural shock of interest ulti-
mately equals B'u,, where 1, is the reduced-form forecast error from (3),
and the weight vector B is a (potentially complicated) function of the
researcher’s identifying assumptions. A structural VAR practitioner
would then report the impulse response estimate 6,*% = ¢,C,2p. But
by our earlier Frisch-Waugh-Lovell logic, we can alternatively compute
impulse responses with respect to the same shock /1, from the more gen-
eral LP

p
Yeirn = + 0,7 (B'wy) + zawwt—z + & 4)

=1
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Intuitively, even such richer approaches to identification ultimately
amount to the researcher giving a causal interpretation to some (perhaps
complicated) function of the autocovariance function of the observed
data. Either VARs or LPs can then be used to compute this shared esti-
mand of interest, with the two methods necessarily agreeing in large sam-
ples when the estimation lag length p is large.”

Lesson 3. When it comes to identification, anything you can do with VARs, you
can do with LPs, and vice versa.

In conclusion, the choice between LPs and VARs has absolutely noth-
ing to do with the identifying assumptions necessary to isolate a given
shock of interest. Instead, the question is simply which method is better
at (i) recovering this common estimand in finite samples and (ii) quan-
tifying the associated statistical uncertainty. This is why estimation and
inference—and not identification—will be the focus of the remainder of
the paper.

III. The Bias-Variance Trade-Off

Wenow dig deeper into the econometric properties of LPs and VAR:s. First,
we motivate our analysis by demonstrating that, despite the population
equivalence between LPs and VARs when the estimation lag length is
large, the choice between the two estimators does matter in practice when
using a small or moderate lag length, as is typical in applied work. Second,
we present simple illustrative simulations of the properties of LP and VAR
estimators. Finally, we review the available econometric theory. The over-
arching takeaway of the analysis will be that, in finite datasets, there is a
clear and inevitable bias-variance trade-off between LPs and (short-lag)
VARs: small bias and large variance for LPs, and vice versa for VAR:s.
In fact, because plain LP is semiparametrically efficient, no estimator can
outperform it in terms of variance without sacrificing robustness.

A. VARs versus LPs in Empirical Work

We first establish that, in finite samples and with a moderate estimation
lag length, LPs and VARs can provide meaningfully different estimates
of their common estimand (that would, as we saw, obtain in large sam-
ples if we were able to control for very many lags). Our analysis is based
on the literature synthesis of Ramey (2016). We replicate four of the
headline applications of that paper for shocks to monetary policy, taxes,
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government purchases, and technology, respectively. We then use LPs
and VARs to estimate impulse responses for several variables and at
several horizons, while staying as close as possible to the specifications
considered by Ramey. Across all response variables and horizons, we
then compare standard errors and compute the differences in point es-
timates. Implementation details are provided in appendix A (appendixes
are available online).

Figure 2 shows that there are meaningful differences in both precision
and location of the two estimators: VAR impulse responses often have
substantially lower standard errors than LPs (left panel), and the two
sets of point estimates can be quite far apart (right panel). In the left
panel, we display a box plot of the ratio of VAR and LP standard errors
across all different shocks and outcome variables, separately for short
horizons (<1 year) as well as long horizons (>1 year). At short horizons
(i.e., for h close to or below the lag length), VARs are only somewhat
more precise than LPs, with the median standard-error ratio only slightly
below one, consistent with our theoretical discussion in Section II.% At
long horizons, VARs are instead materially more precise, yet again as
expected given the preceding discussion. The right panel then shows
the difference in point estimates between the two methods, normalized
by the VAR standard error. We see that differences can often be of much

Ratio of SEs (VARs/LPs) Scaled LP-VAR A
[ Short Horizons
1 [JLong Horizons

0.8

0.6 G |
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" J— | T T
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Fig. 2. Box plots of VAR-to-LP standard error (SE) ratios (left panel) and normalized
point estimate differences (right panel) for short horizons and for long horizons. The cen-
tral mark indicates the median, the bottom and top edges of the box indicate the 25th and
75th percentiles, and the whiskers extend to the most extreme data points that are not
more than 1.5 times the interquartile range away from the bottom or top of the box (i.e.,
ignoring outliers). Based on applications in Ramey (2016). See appendix A for details.
LP = local projection; VAR = vector autoregression.
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greater magnitude than the VAR standard error. The gaps are instead
smaller at short impulse response horizons, as expected.

Lesson 4. At intermediate and long horizons, LP and VAR impulse response
estimates in empirical applications are often materially different, and VAR esti-
mates typically have much lower standard errors than LP.

These empirical results can, of course, not directly tell us whether the
LP or the VAR estimates tend to be closer to the truth. For this, we will
next turn to a simulation exercise in a simple DGP, before presenting
the general econometric theory.

B. A Numerical Illustration

As a first step toward gaining intuition for the econometric properties of
LPs and VARs, we present some illustrative simulations. For pedagog-
ical reasons, we here assume a simple univariate autoregressive moving
average (ARMA) (1, 1) DGP, while leaving empirically realistic simula-
tions to later sections:

Yi = pYi-1 T & + agi-q, Sfi'le(O, o), (5)

where , is an observed scalar outcome variable, ¢, is an unobserved scalar
shock, and p and « are parameters. We are interested in the impulse re-
sponse of 1, with respect to ¢ at horizon h, which has the formula 6, =
p" + ap" ! forh>1 (and 6, = 1).

Figure 3 shows that, in this DGP, there is a stark bias-variance trade-
off between LPs and (short-lag) VARs. The figure shows histograms of
the LP (light) as well as VAR (dark) estimators of the impulse response at
horizon h = 2 for p = 0.85, @ = 0.1, and with a sample size of T = 240.
Both estimators control for one lag of the data, with larger lag lengths
to be considered below.” We can see that the LP estimator is centered close
to the true value of the impulse response, 6,. Intuitively, because LP just
directly projects the future outcome of interest v+, on y; (controlling for
Yi-1), it is able to pick up on the full ARMA dynamics of the DGP (5). The
VAR estimator, in contrast, suffers from extrapolation bias: its impulse
response estimate p” is obtained by first estimating the autoregressive
parameter p through a one-period-ahead forecast regression of y; on y; 1,
and then iterating forward / steps using the parametric AR(1) model.
The VAR estimator, therefore, is not directly informed by the sample
autocovariances at horizons 2 and longer, causing it to miss out on the
more intricate moving average dynamics present in the DGP. Yet, the
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Fig. 3. Histogram of VAR(1) (dark) and LP(1) (light) impulse response estimates for
h=2,p=0385 and a = 0.1 relative to the true impulse response 6, (dashed line). LP =
local projection; VAR = vector autoregression.

figure also shows that the parametric extrapolation has a clear benefit:
because the first-order autoregressive coefficient p is more precisely esti-
mated than the longer-horizon autocovariances, the sampling distri-
bution of the VAR impulse response estimator is less dispersed than
the LP estimator. In summary, we see a trade-off: the sampling distribu-
tion of the LP estimator is well-centered but dispersed, whereas that of
the VAR estimator is more tightly concentrated but centered incorrectly.

Panel A of figure 4 exhibits how the nature of the bias-variance trade-
off differs across DGPs and impulse response horizons. Onimpact, i = 0,
the two estimators are numerically identical (they both equal 1). However,
at intermediate horizons, the bias-variance trade-off is stark, for the rea-
sons discussed earlier. The larger the moving average coefficient o, the
more misspecified is the one-lag VAR specification, and consequently,
the larger is the VAR bias. The VAR bias then decreases at long horizons,
because in stationary DGPs the impulse responses must converge to zero
as h — oo, a feature that is mechanically enforced by the VAR estimator p"
(but not by the LP estimator). However, the figure also reveals that the
speed of convergence of the impulse responses to zero depends on the per-
sistence parameter p, so it is not clear a priori at what horizons we should
expect the impulse responses to be small—and thus when we can stop
worrying about the VAR bias.

Finally, panel B of figure 4 shows how changes in the estimation lag
length p shape the bias-variance trade-off, demonstrating that the bias
of the VAR estimator at shorter horizons is reduced when the lag length
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Fig.4. Absolute bias and standard deviation of LP and VAR estimators, as a function of
horizon h. In the left panel, VAR and LP are estimated with 1 lag. Compared with the base-
line DGP (p = 0.85and o = 0.1), “higher p” takes p = 0.95 and “higher o” takes a = 0.2.
The right panel varies the estimation lag length p for the baseline DGP. LP = local projec-
tion; VAR = vector autoregression; DGP = data generating process.

is increased. In this panel, the LP and VAR estimators now control for p
lags of the data y;-1, ..., yi—, rather than just one. When we control for
p = 4lags, the VAR impulse response estimator is now nearly unbiased
out to horizon & = 4. This comes at a cost, however: the VAR variance
increases substantially, to essentially equal that of LP at those horizons.
When we control for even more lags, the VAR bias is now reduced at even
longer horizons but again at the cost of higher variance. These results hark
back to our second lesson: an LP is essentially a VAR that controls for a lot
of lags. Consistent with this interpretation, the bias and standard devia-
tion of the VAR estimator depend dramatically on the choice of lag length,
whereas this choice matters much less for the LP estimator.

In the next section, we will establish that these simulation-based con-
clusions in fact hold up theoretically in a much wider class of multivar-
iate models. Subsequent sections will then use large-scale, empirically
calibrated simulation studies to demonstrate that these takeaways are
practically relevant, in addition to being theoretically well-founded.

C. Theoretical Insights

To gain a deeper understanding of the bias-variance trade-off, we re-
view some of the main theoretical results from Montiel Olea et al. (2024).

Univariate Model

We begin with the univariate ARMA(1, 1) model (5). Montiel Olea,
Plagborg-Moller, Qian, and Wolf show that the VAR and LP estimators



Local Projections or Vector Autoregressions? 123

of the true impulse response 0, are both approximately normally dis-
tributed in large samples, though with differing bias and variance:

éXAR ~ N(eh + by (P), Ti/VAR(p))/ é#P ~ N(eh/ T%,LP)/ (6)

where <~ denotes “approximate distribution in large samples” (in the
usual formal sense of asymptotic normality), b,(p) isa VAR bias term that
depends on the estimation lag length p, and the large-sample variances
satisfy 77, > 77 yar(p); we will return later to the observation that the
LP large-sample variance does not depend on the estimation lag length.

The formal result that yields (6) requires the moving average coefficient
a in the DGP (5) to be relatively small. Thus, our analysis gives the VAR
estimator the benefit of the doubt by viewing the true DGP as close to—
but not exactly equal to—an AR(1), in a way that yields a nontrivial trade-
off between model misspecification and statistical sampling error."” The
popularity and empirical success of autoregressive estimators in the fore-
casting literature suggest that carefully implemented autoregressive spec-
ifications are often not grossly misspecified. However, it seems unlikely
that such simple parametric models can successfully capture every aspect
of the real world. These observations make our setting a natural one to
evaluate the properties of VAR and LP estimators.

Wenow study in greater detail the bias and variance expressions in (6).

* Bias. The first important implication of (6) is that whereas the LP es-
timator has approximately zero bias in large samples, the VAR estima-
tor is generally biased. When a single lag p = 1 is used for estimation,
the VAR bias has the simple formula

— h—1 2 h—1
by(1) =hp" (1 —pJa—p a.
— ——— Y——
") ~ Covly—1.08-1) 0,—p
ap Var(y;—1)

U

The product of the first two factors on the right-hand side is due to
the endogeneity bias in the estimated autoregressive coefficient p, here
caused by the lagged error term aeg; ; in the regression of y, ony; ;. The
second factor is the bias of p, whereas the first factor maps p into the im-
pulse response of interest. The last term is due to the VAR estimator then
relying on a misspecified functional form to transform p into impulse re-
sponses p". It can be shown that both these sources of bias can be reduced
to zero by sufficiently increasing the estimation lag length p; however, as
we will see, this necessarily comes at the cost of higher variance.

The key to the zero asymptotic bias of the LP is that we control for a
lag ;1 of the data. Intuitively, by controlling for a lag of the data, we are
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effectively regressing ., on the residualized “shock” X, = y, — proj(y: |
Yi-1). Because this residualized shock correlates only weakly with further
lags of the data under the ARMA model (5) with small «, the textbook
omitted variable bias formula for regression reveals that the LP bias will
be negligible. Increasing the lag length even further has no effect on the
asymptotic bias, which remains zero; in contrast, an LP estimator that re-
gresses y;+; on y; (i.e., without a lagged control) would be subject to bias
of the same magnitude as its standard deviation (like the VAR), and so
should be avoided.

* Variance. Although LP dominates VAR in terms of bias, the large-
sample variance 7; , of LP necessarily exceeds the variance 7,z (p) of
the VAR, and typically strictly so. Intuitively, because we assume the
model to be rather “close” to a finite-order VAR (i.e., only mild misspeci-
fication), the large-sample variance of LPs and VARs can be shown to be
the same as in a correctly specified VAR model. In that correctly specified
model, however, the VAR estimator is efficient by virtue of being the
quasi-maximum-likelihood estimator. The high variance of LP can easily
be spotted in practice: LP-estimated impulse response functions tend to
look much more jagged or erratic (as a function of the horizon) than
VAR-estimated impulse response functions. This jaggedness is the price
to pay for low bias. Increasing the LP lag length has no further effect on
the asymptotic variance; increasing the VAR lag length instead increases
the variance, with the VAR’s asymptotic bias only guaranteed to disappear
when its impulse responses are just as jagged and volatile as those of LP.

To summarize, in the simple ARMAC(1, 1) model (5) considered so far,
LPs and VARs indeed lie on opposite ends of a bias-variance trade-off,
with this trade-off vanishing as the VAR estimation lag length is in-
creased, consistent with our earlier simulations.

Multivariate Generalization

Montiel Olea et al. (2024) show that all the above-mentioned qualitative
lessons go through in a much wider class of multivariate VARMA((po, 4o)
models, where p, is some finite true autoregressive order, whereas the
moving average lag length g, could be infinite. As before, this setup gives
the benefit of the doubt to VAR practitioners by modeling the moving av-
erage coefficients as relatively “small.” Importantly, this class is general
enough to be empirically relevant, for two main reasons. First, the class is
consistent with typical linearized structural macroeconomic models."
Second, it captures several important kinds of dynamic misspecification:
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even when the true DGP is a finite-order VAR, if the econometrician
accidentally omits some lags or relevant control variables from the em-
pirical specification, then those omissions will show up as moving aver-
age terms (Granger and Morris 1976).

It turns out that, even in this much larger class of models, the large-
sample distributions (6) continue to apply, and thus so does the bias-
variance trade-off, as long as we consider LP and VAR estimators that
control for at least p > p, lags of the data; if we fail to control for at least
polags, either estimator could be badly biased in large samples. The way
to interpret this result in practice is that it is important to control for
those variables and lags that are strongly predictive of either the outcome
variable of interest or the impulse variable; in the present theoretical set-
ting, this amounts to controlling for p, lags of the data vector, because the
moving average coefficients are small relative to the autoregressive coef-
ficients. But once we control for all of these strong predictors, the LP es-
timator has zero asymptotic bias and constant variance as a function of p,
even though further lags of the data do have some modest remaining pre-
dictive power. In other words, LP is relatively insensitive to the omission of
moderately important control variables and lags (modeled through the mov-
ing average terms). By contrast, the VAR estimator has low variance yet gen-
erally nonzero bias even once we control for the most important predictors;
intuitively, the issue is that the VAR does not project on the most impor-
tant predictors horizon-by-horizon (like LP), but instead only does so on
impact, and then iterates forward using its particular parametric structure.

Lesson 5. Infinite samples, there is a stark bias-variance trade-off between LPs
and VARs with small-to-moderate lag lengths. VARs extrapolate, and so have
low variance but potentially high bias. LPs instead do not extrapolate and so
have low bias and high variance.

There is, of course, a simple way to “bias-correct” the VAR estimator,
as already discussed: use a very large estimation lag length. In particu-
lar, in the present model setup, it can be shown that the large-sample
bias b;,(p) of the VAR estimator at horizon / is zero when the estimation
lag length p exceeds py + h. However, when the lag length is chosen this
large, then the variance is necessarily inflated to that of LP—in other
words, the VAR bias is zero only because long-lag VAR and LP estima-
tors are equivalent in large samples. In practice, we do not know exactly
how large the true autoregressive lag length p, is, so to be certain that we
included enough lags to eliminate meaningful biases, we would need to
compare the VAR results with comparable LP results and verify that they
are close to each other.
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No Free Lunch for VARs

As the final step in our theoretical analysis, we show that even relatively
minor amounts of VAR misspecification can yield economically large bi-
ases. This discussion will rationalize much of what we find in our later
simulations.

Our approach here is to ask how large the VAR bias b,(p) can possibly
be, as a function of the magnitude of the dynamic misspecification.
Montiel Olea et al. (2024) show that the ratio of the absolute bias to the
standard deviation of the VAR estimator is (asymptotically) bounded by

2
NI, VIR Ly )

Th,VAR (P) Th,VAR (P)

where T is the sample size and M is a measure of the overall magnitude
of the misspecification of the VAR, namely the fraction of the variance of
the moving average residual that is explained by the lagged shocks in
the VARMA model. Equation (7) states that the VAR's bias is bounded
above by a simple function of just two numbers: the potential amount
of misspecification and the ratio of LP-to-VAR standard errors. In a
well-specified finite-order VAR model, there are no lagged shocks that
enter into the residual, and so in this case, there is no misspecification
(i.e., M = 0) and the bias is zero. In the simple ARMA(1, 1) model (5),
M = o?. For a concrete example, suppose that M = 0.01, so that the
lagged shocks account for a mere 1% of the variance of the residual, and
furthermore assume that T = 100 and the VAR standard error equals
0.4 times the LP standard error, 7,var(p)/mhir = 0.4, roughly consis-
tent with the median standard error ratio at longer horizons in figure 2.
Then the upper bound (7) equals V/5.25 = 2.29, so that the bias of the
VAR estimator can be more than twice as large as its standard error,
despite the minor degree of misspecification in this example. Biases of
this magnitude are obviously very worrisome when drawing statistical
inferences from conventional VAR regression output. Though the for-
mula (7) represents an upper bound on the extent of the bias, it can be
shown that there always exists a residual moving average process (with
small coefficients satisfying the imposed misspecification magnitude
M) that achieves this bound. Moreover, the particular form of this “least
favorable” residual process does not appear to be unreasonable ex ante
based on economic theory, and conventional statistical tests have low
power to detect it ex post in the data.
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Lesson 6. There is no free lunch for VAR practitioners: whenever VARs have
small standard errors relative to LP, there is good reason to worry about poten-
tially large biases due to model misspecification. Conventional model selection
procedures or specification tests do not adequately guard against this risk. The
only way to ensure that VAR impulse responses have low bias is to control for so
many lags that they become equivalent to LP.

The absence of a free lunch has particular bite at long horizons. If the
DGP is stationary, impulse responses must be close to zero at very long
horizons, but it is rare to possess precise prior knowledge about exactly
at what rate the impulse responses decay. Unless the lag length is very
large, the VAR estimator simply extrapolates the long-run responses
based on the short-run empirical autocovariances, eventually enforcing
an exponential rate of decay of the impulse responses in stationary envi-
ronments. The VAR-estimated impulse responses at long horizons will
therefore tend to have very small standard errors relative to LP (which,
as we have discussed, does not enforce exponential decay). But this,
then, is precisely when the potential for VAR bias will also be high: if
the estimated rate of decay is inaccurate, this can dramatically affect
the magnitude of estimated long-horizon responses, and their bias can
be several times larger than their standard errors, as indicated by the
bias bound (7). In turn, this can lead to large errors in estimating such
key features as the half-life or quarter-life of the impulse response func-
tion, or its cumulative value (as would be relevant for estimating hyster-
esis effects, say). LPs remain approximately unbiased at long horizons,
and their large standard errors accurately reflect the fundamental issue
that any finite dataset only has limited information about what happens
in the long run, in the absence of prior information. In particular, LPs
simply do not allow the estimation of impulse responses at ultra-long
horizons & beyond the observed sampled size T (or rather, the effective
sample size T — p); VARs instead produce such estimates by pure ex-
trapolation, with potential for severe bias. The fact that an LP at horizon
husesonly T — p — h data points (as opposed to T — p for a VAR) is not
a drawback of the procedure; it is a necessary consequence of the desire
to avoid the extrapolation that the VAR estimator relies on.

D. Trade-Offs between LPs and Other Estimators

In addition to VARs, the literature has proposed several variants of and
alternatives to LP estimators intended to increase efficiency, including, for
example, generalized least squares (GLS) variants of LP, autoregressive dis-
tributed lag (ADL) regressions, and parametrized LPs. This goal, however,
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faces one key theoretical obstacle: LPs are semiparametrically efficient and
therefore cannot be improved upon without sacrificing robustness or im-
posing further substantive restrictions. In this sense, the bias-variance
trade-off between LPs and VARs also extends to comparisons with other
estimation procedures.

The plain OLS LP estimator is semiparametrically efficient in linear
models. This was initially conjectured by Plagborg-Meller and Wolf
(2021) based on the equivalence of the LP and VAR estimands (recall
Sec. II), with Xu (2023) offering the formal proof. Specifically, in a general
dynamic linear model with unrestricted lag structure, the efficient quasi-
maximum-likelihood estimator is a VAR estimator with an asymptoti-
cally increasing lag length.'? The OLS LP estimator (also with an increas-
ing lag length) is asymptotically equivalent to this estimator. Thus, in this
setting, any well-behaved impulse response estimator must either have
weakly higher variance than plain LP in large samples, or it must be in-
consistent in some DGPs where plain LP is consistent. In other words,
any efficiency gains can only come at the expense of imposing substan-
tive restrictions on the transmission mechanism or the identification of
the shock. Of course, such additional restrictions may very well be plau-
sible in some applications, but they should always be acknowledged.

Lesson 7. If an estimator achieves lower variance in large samples than plain
LP, it must require extra restrictions on economic transmission mechanisms and
shock identification.

This discussion has immediate implications for several of the recently
proposed alternatives to the plain OLS LP estimator. First, GLS variants of
LP cannot uniformly improve on Jorda’s (2005) original OLS version. In
particular, Xu (2023) shows that the variance gains of the GLS approach
of Lusompa (2023) are only obtained when the true DGP is a VAR with
short lag length."® Second, ADL regressions featuring the shock x,—effec-
tively an LP that controls additionally for future values x4, . . ., X4 of the
shock x—can provide efficiency gains, as they exploit the information that
the shock is directly observed (Choi and Chudik 2019; Baek and Lee 2022).
Intuitively, because the shock is serially uncorrelated, future shocks are
valid controls and help increase efficiency, as discussed further in Sec-
tion IV. However, a crucial caveat is that, if the serially uncorrelated shock
isnotin fact directly observed but needs to be preestimated, then the ADL
standard errors must be adjusted to reflect the generated regressors. Not
only is this complicated to do in practice, but it may also negate any effi-
ciency gains relative to plain LP. Indeed, no ADL procedure with pre-
estimated shocks can outperform plain LP for general shock identification
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procedures. Third, parametrized LPs impose shape restrictions on the im-
pulse response functions (e.g., Barnichon and Matthes 2018). Such restric-
tions will increase precision but, in general, also lead to bias.

E. Outlook

In Sections II and III, we have made some broad conceptual points on
identification as well as on the bias-variance trade-off between LPs, VARs,
and related techniques. In the remainder of the paper, we give recommen-
dations on how to navigate this trade-off in empirical practice. Section IV
begins with specification choices and implementation details for a range of
LP and VAR estimators. Section V then provides a quantitative, empiri-
cally calibrated assessment of the bias-variance properties of these estima-
tors, whereas Section VI discusses implications for inference. Finally, Sec-
tion VII concludes with our recommendations for applied practice.

IV. LP and VAR Specification Choices

Here, we discuss three of the main practical considerations involved in
estimating impulse responses through either LPs or VARs: selection of
control variables and lags, bias correction, and whether to shrink the es-
timates toward a priori plausible values.

A. Control Variables and Lag Length

In applications of LP or VAR estimators, a ubiquitous question is which
variables and how many lags we should control for. There are four main
factors to consider.

1. The controls should ensure valid identification of an interpretable shock.
As discussed in Section II, both LPs and VARs ultimately project the out-
comes of interest on a measure of a shock, which by the Frisch-Waugh-
Lovell theorem is simply given by the residual after regressing the impulse
variable on the full list of controls. That list of controls, and the number of
lags of these, should be sufficiently rich such that the residualized shock
is unpredictable from other external variables or further lags of the data.
In applications of recursive/Cholesky identification, the residualized
shock often can be directly interpreted as the residual in a policy rule
(e.g., a Taylor rule residual), and so economic theory can be brought to
bear on what to control for (e.g., variables in the central bank’s reaction
function). If the impulse variable is a credibly unpredictable “shock”—for
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example, because it is obtained from high-frequency asset price movements
over short time windows around policy announcements—then control var-
iables are not needed to ensure correct identification. However, even in
this case, it is important to include controls for the reasons outlined next.

2. The second purpose of control variables is to increase efficiency. As in a
randomized control trial, even when control variables are not correlated with
the treatment (here, the shock), they still soak up residual variation in the out-
come, which typically lowers standard errors. Although this argument seems
to suggest including a very large number of controls, to preserve degrees of
freedom, it is advisable to use economic theory to select a more limited poten-
tial list of controls that are likely strong predictors of the outcome. The final
set of controls and lag length can be selected based on conventional infor-
mation criteria or model specification tests. In the simulations below, we
use the Akaike Information Criterion (AIC) for this purpose.

The remaining two factors are specific to LP estimation. LPs that control
for lagged data are referred to as lag-augmented.

3. The third reason for including controls is that it helps robustify LP esti-
mation. As we discussed in Section III, once we control for variables that
are strong predictors of either the outcome or the impulse variable (as
we should be doing anyway for the two reasons outlined above), LP
estimation is relatively robust to dynamic misspecification—that is, the
omission of controls or lags with small-to-moderate predictive power.
This insight applies even if the researcher has access to a credible shock
measure: once lags of the strong predictors are included, we can allow for
(empirically plausible) minor imperfections in the shock measure without
threatening LP estimation.

4. The fourth reason for using lagged control variables is that it simpli-
fies and robustifies the construction of LP confidence intervals. We re-
view the reasons for this in Section VI.

Practical takeaways. VAR practitioners tend to select control variables
and lags with an eye toward their identifying assumptions as well as
predictive power, consistent with the first two factors reviewed above.
The precise lag length is then often selected using the AIC or by using con-
ventional fixed lengths such as 4 for quarterly data and 12 for monthly data,
as recommended by Kilian and Liitkepohl (2017). We will review the
performance of these VAR specification choices in our later simulations.

For LPs, there is instead relatively little consensus on how to select con-
trols and lags, and so we suggest the following procedure, guided by the
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above considerations. In general, researchers should always control for
(i) variables that are central to their identification scheme, (ii) the outcome
and impulse variables, and (iii) any additional variables that strongly pre-
dict either the outcome or the impulse variables (or both), as suggested by
past experience or economic theory. Among this set, the precise choice of
lags and controls can be guided by the AIC or by other model selection
criteria, proceeding as follows: first, estimate an auxiliary VAR that in-
cludes the outcome and impulse variables and other potential controls;
second, use the AIC to select the set of controls and lag length as in con-
ventional VAR practice (e.g., Kilian and Liitkepohl 2017, Sec. 2.6); third,
use the selected variables and lags as controls in subsequent LPs.'* There
is no internal inconsistency in using an auxiliary VAR for selecting an LP
specification: though the data-driven model selection is inevitably subject
to small errors that threaten the validity of VAR-based impulse response
inference, LP-based inference is robust to such minor model misspeci-
fication, as discussed earlier.

As a final comment on applied practice, although some LP analysts
run regressions with long differences 1, — y,-1 of the outcome variable
on the left-hand side, this is actually redundant when using lagged con-
trols. By standard OLS algebra, this outcome transformation has no
impact whatsoever on the estimated LP coefficient once we control
for at least one lag of the outcome, which we have argued is advisable
anyway.

B. Bias Correction

The theoretical analysis reviewed in Subsection IIL.C focused on one
key source of bias: dynamic misspecification. In the small datasets that
are typical in applied macroeconomics, however, LPs and VARs are
subject to another important source of bias: persistence of the data. In
particular, impulse response estimates are typically biased toward dis-
playing less persistent effects than the actual truth. For VARs, Kilian and
Liitkepohl (2017) recommend applying the Pope (1990) bias correction
to the estimated VAR coefficients to partially remove this source of
bias. For LPs, Herbst and Johannsen (2024) find that a qualitatively sim-
ilar bias is present and propose a simple bias correction. Though Li
et al. (2024) find that the LP bias correction increases the variance of
the estimator without entirely removing bias, it is advisable to apply the
correction because the entire justification for using LP over VAR priori-
tizes bias over variance. We demonstrate the advantages of the bias cor-
rection in practice in simulations below.
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Piger and Stockwell (2025) propose to ameliorate the small-sample LP
bias by running the regression on first-differenced data and then cumu-
lating the impulse responses to recover the level response. Whether or not
to difference the data is a familiar conundrum from VAR analysis, with
most textbooks preferring the levels specification (Hamilton 1994, Chap-
ter 20.4; Kilian and Liitkepohl 2017, Chapter 3.6). The worry is that differ-
encing the data can reduce the predictive power of the lagged controls,
thus causing potentially large efficiency losses—even in large samples.
In our simulations in Section VI, bootstrap confidence intervals based
on LPs that are estimated in levels and with the Herbst and Johannsen
(2024) correction robustly deliver reliable inference." Hence, our tentative
view is that the potential efficiency costs of the Piger and Stockwell (2025)
proposal may well outweigh the marginal benefits, though more research
in this area would be welcome.

We also stress that none of the bias correction procedures discussed in
this subsection deal with the bias caused by dynamic misspecification.
Hence, all of our earlier points about the trade-off between LPs and VARs
continue to apply to bias-corrected estimators.

C. Shrinkage

Disappointed by the often jagged-looking impulse response functions
that are produced by least-squares LPs and VARs, some researchers
have turned to variants of these methods that employ shrinkage—that
is, nudging the least-squares estimate in a direction that is regarded as a
priori plausible. The penalized LP estimator of Barnichon and Brownlees
(2019) smooths out the estimated impulse responses across horizons by
adding a term to the OLS objective function that penalizes deviations from
a quadratic impulse response function, with the overall degree of shrink-
age determined by cross-validation. Similarly, Bayesian VARs shrink unre-
stricted estimates toward simpler dynamics, such as independent random
walks or white noise processes (Doan, Litterman, and Sims 1984; Todd 1984;
Litterman 1986; Giannone, Lenza, and Primiceri 2015). Finally, model
averaging or selection techniques use data-dependent rules to partially
or fully shade the LP estimator toward a short-lag VAR estimate (Ferreira,
Miranda-Agrippino, and Ricco 2025; Gonzalez-Casasts and Schorfheide
2025).

Although the attraction of these shrinkage estimators is that they re-
duce the variance of the jagged least-squares estimators, they will do so
explicitly by introducing additional bias. Whether the added bias is
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actually worthwhile depends on both the DGP and the researcher’s ob-
jective function, as we discuss in the next two sections.

V. The Bias-Variance Trade-Off in Practice

This section uses empirically calibrated simulations to quantify the bias-
variance trade-off between various implementations of LPs and VARs.
The simulation evidence complements our theoretical treatment, reveal-
ing what shape the bias-variance trade-off is likely to take in practice,
and so laying the groundwork for our later practical recommendations.

A. The Simulation Experiment

Prior simulation studies comparing the performance of LP and VAR meth-
ods include Kilian and Kim (2011), Bruns and Liitkepohl (2022), and Li
et al. (2024); we here build on and extend the latter study. Just like those
authors, we consider a large menu of possible DGPs, all estimated to
mimic as closely as possible the properties of the universe of US macro-
economic data. We provide a high-level overview of the DGPs here, with
implementation details relegated to the original work of Li, Plagborg-
Moller, and Wolf, as well as to appendix C.

Data Generating Processes

Our simulations are based on a DFM fitted to a large number of standard
US macroeconomic time series. We use the dataset of Stock and Watson
(2016), which consists of 207 quarterly US time series spanning a range
of variable categories, from quantities to prices. We then fit two separate
DFMs to this dataset: a nonstationary variant that allows for cointe-
grating relationships among the factors, as well as a stationary one for
which all data series have been pretransformed to ensure stationarity.
Unlike Li, Plagborg-Mgller, and Wolf, we allow for conditional hetero-
skedasticity of the shocks in the equations for both the factors and the
idiosyncratic disturbances. The heteroskedasticity is modeled through
autoregressive conditional heteroscedasticity (ARCH) processes with em-
pirically estimated parameters. Overall, the resulting DFMs imply complex
and varied dynamics for macroeconomic time series of the sort encoun-
tered in applied practice.

Given these DFMs, we proceed to construct a diverse array of lower-
dimensional DGPs by considering hundreds of different subsets of time
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series, with variable selection closely emulating applied practice. Spe-
cifically, each DGP consists of a set of five observable time series, se-
lected at random from those of the DFM’s series that are most com-
monly used in applied practice. We then consider a researcher who
observes data of those particular selected series and identifies mone-
tary and fiscal policy shocks through either a recursive ordering of these
observable time series, or by also measuring the policy shock, as in our dis-
cussion of identification in Section II. For the monetary policy DGPs, we
restrict the vector of observables to always contain the federal funds rate,
whereas for fiscal policy DGPs, we always include government spending;
for recursive identification, these two policy variables are ordered last
and first, respectively. The researcher is then interested in the response
of one of the other four variables to the identified shock. She estimates this
response using several different estimation strategies, which will be dis-
cussed in detail below. Given that the true DFM is known to us, we can,
through simulations, compute estimator biases, variances, and MSEs
(for this section) as well as confidence interval properties (for the uncer-
tainty assessments in the next section).

We stress that the DFMs and the resulting DGPs that we construct do
not admit finite-order VAR representations, yielding a nontrivial bias-
variance trade-off between LP and VAR estimators. The latent nature
of the macroeconomic factors and the idiosyncratic disturbances induce
moving average dynamics in the processes for the observed time series,
consistent with our discussion of dynamic misspecification in Subsec-
tion III.C.

Our overall objective is to provide an empirically grounded assess-
ment of which estimators are likely to perform well on average in settings
typically encountered in applied work, and thus can serve as attractive de-
fault procedures. Although we cannot claim that our empirically calibrated
DEMs capture all aspects of the real world, we contend that a minimal con-
dition for an econometric procedure to be useful for applied work is
that it should at least perform well on the kinds of DGPs that we con-
sider. The empirically grounded DGPs will furthermore showcase the
quantitative bite of the general theoretical considerations reviewed in
Section III.

Estimators

We consider several variants of the LP and VAR estimators introduced in
Section II—variants that differ in the selection of the lag length p, the choice
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of control variables w;, and whether we apply the shrinkage techniques
discussed in Section IV. All estimators include an intercept. We only pro-
vide a brief overview here, with further technical details in appendix B.

1. LP. The researcher estimates the LP (1) to implement her observed
shock or recursive identifying assumptions. We consider several differ-
ent LP variants.
o Lag length. We either fix the lag length at conventional values or
estimate it using the AIC following the procedure that was outlined
in Subsection IV.A.

e Control variables. The researcher observes a list of macroeconomic
aggregates. Under recursive shock identification, all of those observ-
ables need to be included as controls. Under observed shock identi-
fication, we consider two specifications: one that controls for lags of
all of the observed variables, and a smaller one that controls for only
lags of the measured shock and the outcome of interest.

* Shrinkage. We consider the penalized LP estimator of Barnichon
and Brownlees (2019), with the type and amount of shrinkage chosen
exactly as recommended by those authors, lag length fixed at con-
ventional values, and the full set of controls.
The nonshrinkage LP estimators apply the bias correction of Herbst and
Johannsen (2024), as discussed in Subsection IV.B.

2. VAR. The researcher estimates the VAR (3) to implement her identi-
fying assumptions. We also consider several different VAR variants.
* Lag length. The lag length is either fixed at conventional values or
estimated using the AIC for the reduced-form VAR, consistent with
our discussion in Subsection IV.A.

e Control variables. Just as for LP, we include the full set of observ-
ables as controls for recursive identification, whereas for observed
shock identification, we include either the full set or estimate a bivar-
iate (“internal instrument”) system in shock and outcome.

® Shrinkage. Our implementation of the Bayesian VAR adopts the

rich prior specification of Giannone et al. (2015), with prior hyperpa-

rameters selected by maximizing the marginal likelihood, lag length

fixed at conventional values, and including the full set of controls.
The non-Bayesian VAR estimators apply the Pope (1990) analytical
correction for biases caused by persistent data, consistent with the rec-
ommendation of Kilian and Liitkepohl (2017), and as discussed in
Subsection 1V.B.
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B. Results

In this section, we present simulation results for 200 stationary and
200 nonstationary DGPs, for observed shock identification and averag-
ing across monetary and fiscal shocks, with 100 DGPs for each. Results
separately by the type of shock and for recursive identification are
broadly similar and relegated to appendixes D.1 and D.2. We approxi-
mate population biases and variances by averaging across 1,000 Monte
Carlo simulations per DGP.

Bias-Variance Trade-Off

Figure 5 reveals that, in applied practice, researchers do indeed face
a stark bias-variance trade-off between LPs, VARs, and intermediate
shrinkage techniques, consistent with our earlier theoretical discussion.
The left panels of the figure show the median absolute bias (across all the
monetary and fiscal policy shock DGPs) for the stationary (top) as well
as the nonstationary (bottom) encompassing DFM, whereas the right
panels show the median standard deviation, in both cases normalized
by the overall scale of the true impulse response.'® Although all least-
squares LP estimators have relatively low bias across horizons, the
VAR estimators tend to suffer from substantial bias at intermediate ho-
rizons, as well as at long horizons in the more persistent DGPs. Finally,
and as expected, shrinkage—here in the form of either penalized LPs or
Bayesian VARs—reduces variance at the cost of higher bias.

Although LPs are relatively insensitive to dynamic specification, the
bias-variance properties of VAR estimators are shaped decisively by
the estimation lag length, the horizon of interest, and the choice of con-
trols. The AIC typically selects a very short lag length in our DGPs (the
mean lag length selected equals p = 1.88), and so we see a sharp bias-
variance trade-off already at short impulse horizons. Manually increas-
ing the VAR lag length to p = 4 aligns LPs and VARs up to horizon
h = 4, again consistent with the theory reviewed earlier. The perfor-
mance of LPs is, on the other hand, virtually unaffected by the precise
number of estimation lags.'” Furthermore, in the stationary DGPs, both
the VAR bias and standard deviation are small at long horizons, because
all impulse responses converge to zero relatively fast. In practice, how-
ever, the speed of this convergence is uncertain; in particular, in the
nonstationary DGPs (displayed in the bottom panel), the bias-variance
trade-off remains stark even at much longer horizons. Finally, comparing
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Fig. 5. Median (across DGPs) of absolute bias |E[), — 6] (left panels) and standard
deviation Var(éh) (right panels) of the different estimation procedures, relative to
(£ Z,67) "2 The subscript “AIC” indicates lag length selection via the AIC, “4” indicates
fourlags, “small” indicates a small system containing only shock and outcome of interest,
“BVAR” indicates Bayesian VAR, and “PenLP” indicates penalized LP. LP = local projec-
tion; VAR = vector autoregression; DGP = data generating process; AIC = Akaike Infor-
mation Criterion.

the solid and light-dashed lines, we see that the effect of including either
few or many controls is negligible for LPs but important for VARs.

Mean Squared Error

We now further assess the quantitative nature of the bias-variance
trade-off using the familiar MSE criterion. For a given estimator 6, of
the true impulse response 6, the MSE is defined as
MSE(B) = E[ (b — 0,)°] = (E[b: —0:])° + Var(dy).
N—————
Bias(6),)’

In words, MSE weights equally an estimator’s (squared) bias and var-
iance. Figure 6 plots the MSE of the estimators, again separately for
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Observed Shock: MSE
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Fig.6. Median (across DGPs) of mean squared error MSE(é;,) of the different estimation
procedures, relative to (1/2152,,6%)"?, for the stationary DGPs (left panel) and the non-
stationary DGPs (right panel). LP = local projection; VAR = vector autoregression; DGP =
data generating process; AIC = Akaike Information Criterion; PenLP = penalized LP; BVAR =
Bayesian VAR.

stationary (left) and nonstationary (right) DGPs. We see that MSE is typ-
ically minimized by a VAR method, either Bayesian or least-squares.
Thus, although we know theoretically that there exist some DGPs close
to finite-order VARs for which LPs outperform VARs in terms of MSE,
VARs are favored in the typical DGP." This finding is a consequence
of the fact that, across our DGPs, the bias reduction of LP typically comes
at more than a one-to-one cost in terms of the standard deviation.

Lesson 8. Empirically calibrated simulations reveal that, in practice, there is
a sharp bias-variance trade-off between LPs and VARs at intermediate and long
horizons. LPs attain their low bias at significant variance cost. If the researcher’s
objective is to minimize MSE, then she will typically be unwilling to incur that var-
iance cost.

This lesson is the main takeaway of Li et al. (2024), and it is also consis-
tent with the conclusions of Marcellino, Stock, and Watson (2006) in a fore-
casting context. Some researchers may, however, be more concerned with
minimizing bias than minimizing variance, in which case plain LPs could
still be preferable over VARs (and the shrinkage estimators). In the next
section, we will argue that if the goal is not merely to construct a point
estimate but also to accurately convey the uncertainty surrounding the es-
timate, then we are endogenously forced to heavily prioritize bias.

VI. Uncertainty Assessments

Applied macroeconomists not only report point estimates of dynamic
causal effects, but they also want to quantify the statistical uncertainty
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of those estimates. This is an important task, because the standard errors
are often of roughly the same magnitude as the estimates themselves.
The accuracy of uncertainty assessments is conventionally evaluated
by the coverage of the implied confidence interval: the probability that
the reported interval covers the true impulse response should be at least
90% (say), at every horizon and regardless of the shape of the true im-
pulse response function.

This section argues that LPs—or VARs with very long lag lengths—
are the only known procedures that can robustly achieve satisfactory
coverage of confidence intervals in practice. The intuition is that even
quite small amounts of bias (relative to the standard error) can cause se-
vere coverage distortions, and as we have seen, only LPs (or equiva-
lently VARs with very long lags) robustly achieve low bias across a
range of empirically relevant DGPs. In other words, although short-
lag VARs deliver point estimates that are accurate most of the time, only
LPs deliver confidence intervals that are valid (almost) all the time.

A. Confidence Intervals for Impulse Responses

We begin by reviewing methods for computing standard errors for LP
estimation of impulse responses. We will not review VAR-based infer-
ence methods, because these are already covered in textbooks such as
Kilian and Liitkepohl (2017).

For LP impulse responses, heteroskedasticity-robust standard errors
suffice for accurate uncertainty assessments. In the baseline LP regres-
sion (1), the residual &, is typically serially correlated because it is a
multistep forecast error, which would suggest the use of Heteroskedas-
ticity and Autocorrelation Consistent (HAC) standard errors, such as
Newey-West. Fortunately, however, Montiel Olea and Plagborg-Meller
(2021) show that HAC corrections are unnecessary under a weak as-
sumption on the shocks, and conventional heteroskedasticity-robust
standard errors for OLS suffice. The reason is that, although the LP re-
gression residual &, is indeed serially correlated, what matters for the
distribution of the LP estimator is the product of the residual and the
residualized shock X; defined in (2). This product is serially uncorrelated
(though typically heteroskedastic) under the natural assumption that
the shocks are unpredictable (i.e., conditionally mean independent) from
their past and future values. Even if this assumption is slightly violated,
it is still likely that the well-documented practical challenges of HAC es-
timation (Lazarus et al. 2018; Herbst and Johannsen 2024) will make the
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conventional heteroskedasticity-robust standard errors a better choice for
applied work.

Given a standard error 71 p for the LP impulse response estimate ékp, a
level-(1 — a) confidence interval can be obtained with the usual formula:

ALP | A
01" £ TiLrZ1-0/2,

where z1_,, is the (1 — a/2) quantile of the standard normal distribution
(e.8., z1-qpp ® 1.64 for a 1 — a = 90% confidence interval). Montiel Olea
and Plagborg-Meller (2021) find that a bootstrap confidence interval
can further improve coverage in small samples. However, the boot-
strap they consider is only valid for reduced-form impulse responses,
not structural impulse responses. Our simulation study in Subsec-
tion VI.D suggests that confidence intervals obtained by bootstrapping
LP estimates using the residual block bootstrap of Briiggemann, Jentsch,
and Trenkler (2016) have accurate coverage for structural impulse responses.

Lesson 9. When computing confidence intervals for LP impulse responses,
heteroskedasticity-robust standard errors typically perform as well or better
than more complicated HAC corrections. Simulation evidence suggests that
further improvements in finite-sample performance can be obtained through
a bootstrap algorithm, such as the one in appendix B.

The next sections compare—first theoretically, then through simula-
tions—the quality of uncertainty assessments based on either LP or
VAR inference.

B. Bias Is Very Costly for Coverage

In this section, we establish theoretically that conventional VAR con-
fidence intervals can exhibit severe coverage distortions even under
relatively small amounts of dynamic misspecification, whereas LP
intervals are instead much more robust. Our analysis here builds
on and extends our review of the bias-variance trade-off in Subsec-
tion III.C.

How Bias Affects Coverage

The approximate VAR sampling distribution in (6), together with a
straightforward calculation, reveals that the coverage probability of
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the conventional VAR confidence interval is a decreasing function of the
bias/standard-error ratio |b,(p)|/Tivar(p); specifically, it equals

[ (p)]
P(|Z| £ z1-4p2), wWhereZ N(Th,vAR(P), 1). 8)
The LP confidence interval, on the other hand, robustly achieves the
nominal coverage level, by virtue of LP’s zero (asymptotic) bias.

Figure 7 plots the coverage probability of the VAR confidence interval
as a function of the (scaled) VAR bias and for a range of target coverage
levels. We see that even a moderate ratio of bias to standard error yields
large coverage distortions. In Subsection III.C, we gave a numerical ex-
ample in which a small amount of VAR misspecification caused the bias
to be around 2.29 times the standard error; this ratio would cause a pu-
tative 90% confidence interval to cover the true impulse response with
probability less than 30%! The right panel of figure 2 indeed suggests
that the bias/standard-error ratio of VARs exceeds 2 at long horizons
in many applications.'” Figure 7 thus implies that a researcher who is
interested in guaranteeing that the coverage of a reported confidence
interval is not too low relative to the target coverage must necessarily
prioritize bias over variance.

Because bias is so costly for coverage, LP confidence intervals—or
equivalently VAR confidence intervals with a very large estimation lag
length—are necessarily preferred over short-lag VARs when it comes to
uncertainty assessments. Recall that, in the face of minor amounts of
misspecification, we can only guarantee a low bias/standard-error ratio
for VARs when we use very many lags (usually many more lags than in-
dicated by conventional model selection or evaluation procedures). In
practice, it thus only appears to be reasonable to trust VAR confidence in-
tervals if they are approximately as wide as corresponding LP intervals.

Lesson 10. The coverage of conventional VAR confidence intervals is highly
sensitive to dynamic misspecification, unlike LP intervals. To robustify VAR in-
tervals, one must control for so many lags that the intervals become approxi-
mately the same as the LP intervals.

We furthermore stress that one does not need to believe that the (short-
lag) VAR bias is large in most applications to prefer LP over VAR confi-
dence intervals. In conventional statistical and econometric practice,
we seek to control coverage uniformly across a wide range of empirically
relevant DGPs, and not merely for the “typical” DGP. In other words, our
uncertainty assessment should reliably indicate that uncertainty is high
whenever that is in fact the case. Hence, the mere fact that VARs can
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CI Coverage

bn(p)|/ y v AR(D)

Fig. 7. Asymptotic coverage of vector autoregression (VAR) confidence interval (CI) as a
function of relative VAR bias |by,(p)|/Tivar(p), for target coverage levels of 68% (dotted),
90% (solid), as well as 95% (dashed-dotted). The squares indicate the target coverage level.

sometimes be badly biased, as shown theoretically in Subsection III.C
and then practically in Section V, would militate against short-lag VAR
confidence intervals. Our simulations in Subsection VIL.D will illustrate
these theoretical observations.

MSE versus Coverage

To reiterate, the optimal procedure when it comes to producing confidence
intervals with correct coverage is not the same as the MSE-minimizing
procedure. Based on the approximate distributions (6) of LP and VAR, a
simple calculation shows that VARs are preferred to LP on MSE grounds
if and only if

AL [ e () — 1.

Th,VAR P)

Once again making reference to the right panel of figure 2, and focusing
on long horizons, we may expect the left-hand side of the above inequal-
ity to be close to 2 in many applications. The left panel of the same figure
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shows that the median value of 7,1p/Tivar(p) can be close to 0.4 in prac-
tice, corresponding to a value of v/5.25 ~ 2.29 for the right-hand side of
the above inequality. Thus, in “typical” applications, VAR point estima-
tors are preferable from the MSE perspective, yet the associated VAR
confidence interval can have poor coverage.

Shrinkage, Model Selection, and Bayesian Inference

If we seek confidence intervals that have correct coverage regardless
of what the true impulse response function looks like, then it is likely im-
possible to improve much upon the plain LP confidence interval, at least
in large samples. One might hope that shrinkage, model averaging, or
model selection techniques could be used to develop shorter confidence
intervals that “adapt” to the nature of the DGP; that is, decide in a data-
dependent manner to what extent we should report wide LP intervals
or some narrower interval that imposes smoothness or parametric struc-
ture. However, when applied to the theoretical framework of Section III,
mathematical impossibility results from microeconometrics (Pratt 1961;
Armstrong and Kolesar 2018) strongly suggest that the potential for such
adaptation is very modest. In other words, we can only get away with re-
porting (meaningfully) narrower confidence intervals than LP if we give
up on the usual notion of coverage.zo Indeed, to our knowledge, none of
the existing confidence intervals based on shrinkage procedures for LPs
or VARs have frequentist coverage guarantees comparable to that of the
plain LP interval, and we will see below that some of them indeed have
poor coverage in simulations.

A Bayesian who is completely confident in their VAR model and prior
can, of course, ignore LP evidence; however, any Bayesian who is worried
about slight model misspecification is forced to use LP as a diagnostic in
the same way as a frequentist. This is because, in large samples, the Bayes-
ian VAR posterior distribution behaves just like the sampling distribution
of a frequentist VAR estimator, and we have already seen that the latter
is highly sensitive to small amounts of dynamic misspecification.

C. Challenges at Long Horizons and with Persistent Data

Although the previous subsection discussed the fragility of VAR infer-
ence under mild misspecification, LP confidence intervals can, in fact,
also have more accurate coverage than conventional VAR confidence
intervals even if the VAR model is correctly specified. We review the
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intuition here and refer to Montiel Olea and Plagborg-Meller (2021) for
technical details.

Montiel Olea and Plagborg-Meller show that, assuming a correctly
specified VAR model, LP confidence intervals control coverage more
robustly at long horizons and across a wider range of persistence of
the underlying DGP than VAR intervals. Intuitively, at long horizons £,
the VAR impulse response is a highly nonlinear transformation of the es-
timated parameters (e.g., recall the exponential formula p" in the AR(1)
case). This spells trouble for traditional VAR inference procedures be-
cause they ultimately rely on a linearization argument for asymptotic
validity. By contrast, LP simply relies on linear regressions. Moreover,
in DGPs with (near-)unit roots, it is well known that autoregressive coef-
ficient estimates can have nonnormal distributions, which dramatically
complicates the calculation of appropriate critical values for impulse re-
sponses. LP, however, is equivalent to a projection of the outcome on the
residualized shock ¥, in (2), and the latter is robustly stationary (provided
we employ lag augmentation as recommended in Sec. IV), so that the
LP coefficient will typically still have a normal distribution even if the
data has stochastic trends.

Lesson 11. Lag-augmented LP confidence intervals are more robust than
conventional VAR confidence intervals to the length of the impulse response
horizon and the persistence of the data, even if the VAR model is correctly
specified.

D. Simulation Evidence

We now complement the theoretical insights of the previous two sub-
sections with simulation results. Our simulations are again based on the
large menu of DGPs described in Section V.

Confidence Intervals

We report the coverage of confidence intervals constructed from several
variants of LP and VAR estimators, with a target confidence level of
90%. Further implementation details are provided in appendix B.

1. LP. We consider three approaches to constructing LP confidence
intervals.
® Analytical. This analytical confidence interval is constructed using
conventional heteroskedasticity-robust standard errors for OLS,



Local Projections or Vector Autoregressions? 145

deliberately ignoring HAC corrections, as discussed in Subsection
VLA.

® Bootstrap. We bootstrap LP estimates by generating samples from
the VAR residual block bootstrap of Briiggemann et al. (2016), as dis-
cussed in Subsection VI.A. We report the percentile-t bootstrap con-
fidence interval.

* Shrinkage. We report a confidence interval centered at the penal-
ized LP estimator of Barnichon and Brownlees (2019), with the heu-
ristic standard errors suggested by those authors and a normal crit-
ical value.

2. VAR. Wealso consider three approaches for VAR confidence intervals.
* Analytical. We use textbook formulas to compute delta method stan-
dard errors and associated confidence intervals for the VAR estimators.

* Bootstrap. We use the residual block bootstrap of Briiggemann et al.
(2016). Following the recommendation of Inoue and Kilian (2020), we
report the Efron bootstrap confidence interval.

* Shrinkage. For a Bayesian alternative, we report the equal-tailed
posterior credible interval from the posterior sampler of Giannone et al.
(2015).

Results

Asin Section V, we present simulation results for 200 stationary and 200
nonstationary DGPs, for observed shock identification and averaging
across monetary and fiscal policy shocks, with 100 DGPs for each. Cov-
erage results separately by type of shock and for recursive identification
are similar and relegated to appendixes D.1 and D.2. Coverage is ap-
proximated by averaging more than 1,000 Monte Carlo simulations
per DGP.

As expected from the theoretical discussions in Subsections VLB and
VIL.C, LPs tend to provide robust uncertainty assessments, whereas VARs
and shrinkage techniques do not. To establish this, figure 8 shows the
fraction of DGPs at which any given inference method delivers confi-
dence intervals with coverage probability above 80% (and thus close
to the target level of 90%).?! Both analytical and bootstrap LP confidence
intervals attain accurate coverage levels for a large fraction of DGPs at
all horizons, with the important exception that the bootstrap confidence
interval is the only one that works well for nonstationary DGPs at long
horizons. By contrast, for the clear majority of DGPs that we consider
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Observed Shock: Confidence Interval Coverage

Non-stationary DGPs

Fig. 8. Fraction of DGPs (both stationary and nonstationary) for which the confidence
interval coverage probability exceeds 80%, by inference procedure. The “b” subscript in
the figure legend indicates bootstrap confidence intervals, “AIC” indicates lag length se-
lection via the AIC, “4” indicates four lags, “small” indicates a small system containing
only shock and outcome of interest, “BVAR” indicates Bayesian VAR, and “PenLP” indi-
cates penalized LP. LP = local projection; VAR = vector autoregression; DGP = data gen-
erating process; AIC = Akaike Information Criterion.

here, VARs with AIC-selected lag length have a coverage probability be-
low 80% at all horizons h > 2. The coverage of longer-lag, bootstrapped
VARs is somewhat better, but we see that the coverage of even the
best-performing VAR confidence interval is substantially worse than
that of the LP bootstrap confidence intervals. The same conclusions ex-
tend to shrinkage methods: both Bayesian VARs and penalized LPs un-
dercover severely. That is, even though most of our DGPs feature quite
smooth impulse response functions, the shrinkage procedures neverthe-
less suffer from nonnegligible bias, as documented in Subsection V.B,
which has an outsize effect on coverage.

Lesson 12. In empirically calibrated simulations, only LPs or (equivalently)
VARs with very large lag length deliver robust uncertainty assessments. The
best performance is attained with bootstrap confidence intervals.

To link back to the discussion in Section V, recall that Li et al. (2024)
found in their simulations that a preference for LP over VAR requires
an overwhelming concern for bias over variance. We have seen that a
desire for robust assessments of statistical uncertainty endogenously
creates such a concern.

VII. Summary of Recommendations for Applied Practice
Based on the 12 lessons we have drawn from the available theory and sim-

ulation evidence on the econometric properties of LPs and VARs, we
make the following summary recommendations for applied researchers
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who seek to perform inference on the dynamic causal effects of macroeco-
nomic shocks to policies or fundamentals.

a) Neither LPs nor VARs solve any identification problems in and of
themselves. Regardless of which method you use, you are projecting
on something that is supposedly an economic shock. The first step to
any empirical analysis is to be transparent about what this shock repre-
sents and to convince the reader that this interpretation is sensible.

b) The choice between LPs and VARs amounts to choosing between
two different finite-sample estimators of the exact same large-sample
estimand. LPs have low bias at the expense of high variance, whereas
VARs (with small-to-moderate lag length) rely on extrapolation to pro-
duce low-variance impulse response estimates at the expense of poten-
tially large bias. The choice of estimation method is likely to matter more
the longer the impulse response horizon of interest is.

c) Because plain LP is semiparametrically efficient, any impulse re-
sponse estimator that has lower variance than LP in large samples must
be imposing additional restrictions on the transmission mechanism or
the identification of the shocks. These restrictions should be explicitly
acknowledged.

d) In applications where the goal is to understand what we can learn
from the data about dynamic causal effects, uncertainty assessments
are a central part of the analysis. There are only two known procedures
that provide confidence intervals with accurate coverage across a wide
range of empirically relevant DGPs: LPs, as well as VARs with a very
large number of lags.

e) If you report VAR confidence intervals, then the estimation lag length
should be chosen so large that the confidence intervals approximately
coincide with LP intervals. That is, VAR confidence intervals should
not be reported without an accompanying LP robustness check. The
AIC or other conventional selection criteria will not select sufficiently
large lag length to robustify the VAR confidence interval, and conven-
tional model specification tests do not guard sufficiently against the del-
eterious effects of dynamic misspecification for VAR inference.

f) In applications where the goal is merely to forecast well or to report
a point estimate of a causal effect that serves as an input into a policy
analysis, frequentist or Bayesian VAR estimators with moderate lag
length are attractive because they achieve lower MSE than LP in typical
DGPs. However, the associated confidence intervals cannot be trusted
unless the lag length is much larger than has hitherto been common in
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applied work (and in the case of Bayesian analysis, much less shrinkage
should be employed than is conventional for Minnesota-style priors).
One possible pragmatic compromise is to report a frequentist or Bayes-
ian VAR point estimate based on a specification with moderate lag
length, coupled with an LP confidence interval.**

g) Ifusing LPs, the choice of controls is just as important as in VAR anal-
ysis. One should at least control for (i) variables that are central to the
economic identification argument, (ii) several lags of the outcome and
impulse variables, and (iii) other strong predictors of either of the latter
two variables. See Section IV for the specific procedure that we recom-
mend for selecting the set of controls and the number of lags for LP.

h) The LP estimator should be bias-corrected using the procedure of
Herbst and Johannsen (2024). Instead of reporting HAC standard errors
for LP, simply report the conventional heteroskedasticity-robust stan-
dard errors—or even better, the bootstrap confidence interval discussed
in appendix B.

Endnotes

Author email addresses: Olea (montiel.olea@gmail.com), Plagborg-Meller (mikkelpm@
princeton.edu), Qian (ericqian@princeton.edu), K. Wolf (ckwolf@mit.edu). Prepared for the
NBER Macroeconomics Annual 2025. We are grateful for comments from Isaiah Andrews,
Ricardo Caballero, Efrem Castelnuovo, Jim Hamilton, Jonathon Hazell, Ed Herbst, Ethan
lizetzki, Valerie Ramey, Frank Schorfheide, Jim Stock, Mark Watson, and Ivan Werning,
and in particular our discussants, Christiane Baumeister and Oscar Jorda. Plagborg-Meller
acknowledges that this material is based upon work supported by the NSF under Grant
#2238049 and by the Alfred P. Sloan Foundation, and Wolf does the same for NSF Grant
#2314736. For acknowledgments, sources of research support, and disclosure of the authors’
material financial relationships, if any, please see https:/ /www.nber.org/books-and-chap
ters/nber-macroeconomics-annual-2025-volume-40/local-projections-or-vars-primer
-macroeconomists.

1. The replication code is available at https:/ /github.com/ckwolf92 /lp_var_nberma.

2. If the researcher is willing to assume an underlying linear Structural Vector Moving
Average model, then the LP regression coefficients equal the shock’s true impulse re-
sponses (up to scale). If instead she assumes a more general nonlinear causal model, then
the estimand is a particular weighted average of marginal effects (see Plagborg-Meller
and Wolf 2021; Kolesar and Plagborg-Meller 2025).

3. By defining the shock as the residual in a policy rule where all variables are observed
by the econometrician, we are implicitly imposing the assumption of invertibility—that is,
the policy shock is spanned by current and lagged observed variables. We will comment
further on this structural assumption in Subsection II.C.

4. In the case of observed shock or proxy variable identification, the VAR specification
that we discuss here includes the shock x; as an “internal instrument.” The alternative “ex-
ternal instrument” VAR procedure (e.g., Stock 2008; Mertens and Ravn 2013) is conceptu-
ally distinct and requires the additional assumption of invertibility (Stock and Watson
2018; Plagborg-Meller and Wolf 2021).

5. Here we abstract from an inessential issue: the implied LP and VAR shocks may have
different variances. But once rescaled to have the same units (e.g., standard deviation
equal to 1), equivalence follows.
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6. See Plagborg-Meller and Wolf (2021) for further discussion of the finite-p case. As
shown there, the LP and VAR estimands at /1 < p for finite p, in general, differ slightly
because the computed impulse responses under LP depend on autocovariances up to
lagp + h,notjust up to p. Ludwig (2024) shows that the LP impulse response can be writ-
ten exactly as a function of VAR impulse responses with varying lag lengths.

7. See Plagborg-Moller and Wolf (2021) for a detailed discussion of how exactly iden-
tification schemes like long-run and sign restrictions map into .

8. Asymptotically, VAR standard errors are weakly smaller than LP standard errors, so
the standard-error ratio is bounded above by 1, as we will explain later. This need not be
the case in small samples, however.

9. The VAR estimator uses an AR(1) specification. The LP estimator regresses 1+, ony;,
while controlling for ;1. Both estimators include an intercept and omit the bias correc-
tions discussed in Section IV.

10. Formally, « needs to be proportional to the magnitude of the standard deviation
of the estimators (i.e., « = ar « T"/?). If we instead analyzed the asymptotic properties
of fixed-lag VAR estimators under the DGP with fixed parameter « (as in Braun and
Mittnik 1993), the conclusions would be stark but empirically uninteresting: for any mov-
ing average coefficient a # 0, the VAR estimator would be inconsistent for the true im-
pulse response due to misspecification, so for large sample sizes, the ratio of the bias to
the standard deviation of the estimator diverges to infinity, yielding a trivial bias/vari-
ance trade-off in the limit. The “local-to-zero” modeling device of setting a « T~%/2 (which
follows Schorfheide 2005) should not be viewed as a literal description of reality, but rath-
er as a technical device intended to tractably and accurately capture key finite-sample phe-
nomena, similar to the econometric literatures on weak instruments or near-unit roots.
Our later simulations will show that the lessons learned from these local-to-zero asympt-
otics are borne out in a large class of realistic DGPs.

11. Linearized Dynamic Stochastic General Equilibrium (DSGE) models in macroeco-
nomics almost always have a VARMA representation, though they typically do not have
an exact finite-order VAR representation.

12. More precisely, a VAR estimator with asymptotically increasing lag length reaches
the semiparametric efficiency bound associated with the conditional moment restrictions
implied by a VAR(0) model with shocks that are martingale difference sequences. Xu
(2023) requires the model to be stationary with homoskedastic shocks, but it seems likely
that these assumptions can be relaxed.

13. In fact, some implementations of GLS LP (e.g., Breitung and Briiggemann 2023) are
equivalent in large samples with a VAR estimator and therefore subject to the same bias
issues discussed earlier, unless the estimation lag length is large.

14. Alternatively, we could do two separate model selection exercises for a single-equation
one-step-ahead forecast of the outcome and a single-equation one-step-ahead forecast of the
impulse variable. We should then use the union of the two sets of selected control variables
and lags in subsequent LPs.

15. Note that, in contrast to differencing, the Herbst and Johannsen (2024) bias correc-
tion becomes negligible (and as a result does not impair efficiency) when the sample size
is large.

l6.gWe only report results for bias-corrected LPs and VARs, consistent with our discus-
sion in Subsection IV.B. Bias correction barely matters in the stationary DGPs, but LP bi-
ases would be materially larger in nonstationary DGPs in the absence of bias correction,
particularly at medium and long horizons.

17. Appendix D.1 shows that the number of lags plays a more important role under re-
cursive identification, because then the lags also matter for spanning the shock of interest
(recall Sec. IV.A).

18. According to the worst-case bias result (7) in Subsection III.C, even a minor amount
of misspecification M > 1/T could suffice for VAR MSE to exceed LP MSE (see Montiel Olea
et al. 2024, Subsec. 4.1). In the DGPs that we consider, the magnitude of misspecification is
indeed quite material (e.g., for the stationary DEM, the average /T x M across DGPs is
2.64 for p = 4 VAR lags). However, it turns out that the type of misspecification is not close
to the worst case on average, causing the VAR MSE to typically be smaller. We thank Isaiah
Andrews for raising this point.
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19. The scaled difference (85" — 6)*%) /7, var(p) of LP and VAR estimates is an unbiased
estimate of b, (p) /Thvar (p). An important caveat is that figure 2 reports the absolute value
of the scaled difference, which is an overestimate of the absolute scaled bias.

20. Freyaldenhoven and Hansen (2024) propose one such way to change the researcher
objective.

21. Appendix D furthermore reports average coverage and interval width.

22. Appendix E discusses the probability of the event that the VAR estimate falls out-
side the LP interval.
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