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Abstract: Impulse response functions (IRFs) are crucial for analyzing the dynamic inter-
actions of macroeconomic variables in vector autoregressive (VAR) models. However,
traditional IRF estimation methods often have limitations with assumptions on variable
ordering and restrictive identification constraints. This paper applies the Bayesian graphi-
cal structural vector autoregressive (BGSVAR) model, which integrates structural learning
to capture both temporal and contemporaneous dependencies for more accurate impulse
response estimation. The BGSVAR framework provides a more efficient and interpretable
method for estimating IRFs, which can enhance both forecasting performance and struc-
tural inferences in economic modelling. Through extensive simulations across various
data-generating processes, we evaluate BGSVAR’s effectiveness in modelling dynamic
interactions among US macroeconomic variables. Our results demonstrate that BGSVAR
outperforms traditional methods, such as LASSO and Bayesian VAR (BVAR), by delivering
more precise impulse response estimates and better capturing the structural dynamics of
VAR-based models.

Keywords: Bayesian graphical model; Bayesian VAR; impulse response; orthogonalized;
generalized; LASSO

JEL Classification: C11; C15; C32; C53; E24; E27

1. Introduction
The primary goal of structural vector autoregressive (SVAR) models is structural

identification, which aims to determine the dynamic relationships between interrelated
time series variables. While a reduced-form VAR model captures serial correlation and
cross-correlation among variables, it treats contemporaneous relationships as part of the
shocks. VAR models have become standard tools in econometrics for analyzing and
forecasting system dynamics. A key feature of these models is the impulse response
function (IRF), which quantifies the impact of structural shocks on the system. Common
methods for analyzing IRFs include the orthogonalized IRF (OIRF; Sims, 1980), generalized
IRF (GIRF; H. H. Pesaran & Shin, 1998), and local projection IRF (LP-IRF; Jordà, 2005).

The OIRF estimates the impact of structural shocks using the Cholesky decomposition
of the VAR error covariance matrix. This decomposition creates a unique variable ordering
with a lower triangular matrix. Identification is typically achieved by imposing exclusion
restrictions (Bernanke & Mihov, 1998; Sims, 1980), long-run restrictions (Blanchard & Quah,
1989; King et al., 1991), or sign restrictions on variable responses to shocks (Canova &
De Nicolo, 2002; Faust, 1998; Uhlig, 2005) or by categorizing variables into slow- and
fast-moving groups (Banbura et al., 2010; Christiano et al., 1999; Eichenbaum & Evans,

Econometrics 2025, 13, 15 https://doi.org/10.3390/econometrics13020015

https://doi.org/10.3390/econometrics13020015
https://doi.org/10.3390/econometrics13020015
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/econometrics
https://www.mdpi.com
https://orcid.org/0000-0002-6736-6432
https://doi.org/10.3390/econometrics13020015
https://www.mdpi.com/article/10.3390/econometrics13020015?type=check_update&version=1


Econometrics 2025, 13, 15 2 of 20

1995; Kilian, 2009). These restrictions are often based on “strongly held convictions” or the
structure of a specific economic model. However, a major drawback is that changing the
variable ordering can significantly affect the impulse response estimates, making the results
highly sensitive to the underlying theoretical assumptions (Kilian, 2013). This makes such
methods challenging to apply in situations where there is no clear theory or convictions
for identification.

To address the issue of variable ordering in the OIRF, H. H. Pesaran and Shin (1998)
builds on Koop et al. (1996) to propose the GIRF, which is order-invariant. Unlike the OIRF,
which uses a lower triangular matrix, the GIRF assumes a fully symmetric covariance
structure. This makes it a widely used alternative, as it avoids imposing identification
restrictions (F. Diebold & Yilmaz, 2014; F. X. Diebold & Yilmaz, 2012; M. H. Pesaran et al.,
2004). However, while the GIRF offers advantages over the OIRF, the assumption of a fully
connected system of endogenous variables—where all variables react instantaneously to
shocks—can be problematic. If only a few variables are contemporaneously related, the
GIRF may produce inaccurate impulse response estimates.

Jordà (2005) introduced local projection (LP) as an alternative to SVAR for measuring
impulse responses. LP avoids the invertibility problem of VAR-IRFs by using linear
projections, where forecasting models are re-estimated at each horizon using ordinary
least squares. This method projects the dependent variable onto the space generated by
its past values at each forecast horizon. Jorda demonstrates that LP-IRFs can outperform
estimates from a misspecified VAR model. Despite its simplicity and growing popularity,
LP-IRF faces theoretical and practical issues (see Choi & Chudik, 2019; Jordà, 2023; Jordà &
Taylor, 2025; Li et al., 2024; Plagborg-Møller & Wolf, 2021; Stock & Watson, 2018). Stock
and Watson (2018) and Plagborg-Møller and Wolf (2021) compare LP-IRFs and VAR-IRFs,
with and without external instruments. Although there are differences, both methods are
conceptually similar. Kilian and Kim (2011) shows that LP-IRF confidence intervals are
often less accurate and wider than those derived from well-specified VAR models.

It is well-known that VAR-IRF estimates are non-linear functions of reduced-form
slope coefficient matrices and the contemporaneous shock matrix. In contrast, LP-IRF
derives structural impulse estimates from the reduced-form impulse response coefficients
and the structural impact multiplier matrix. Both methods rely on the slope coefficient
matrices and the structural shock matrix to assess the propagation of shocks. A significant
limitation of these conventional methods is how the coefficient matrices are estimated.
Rather than relying on theoretical restrictions to impose contemporaneous and lagged
relationships, it would be more appropriate to let the data determine the structure of
these matrices. Additionally, it is well established that some sets of variables are better
modelled with information from a few other variables, while others may require a broader
set. Therefore, using an unrestricted VAR with many variables may not effectively capture
the shock effects in a dynamic system. Conversely, reducing the model to a small set of
variables may lead to misspecification, omitting important variables and dynamics, which
can distort the results.

To avoid over-parameterization and overfitting in VAR models, several techniques
have been discussed in the literature, including Bayesian inference with suitable prior
distributions (Banbura et al., 2010; Bassetti et al., 2014; Canova & Ciccarelli, 2004; Kalli
& Griffin, 2018; Karlsson, 2013; Koop & Korobilis, 2016; Korobilis, 2013), dynamic factor
and compression models (Bai & Ng, 2002; Bernanke et al., 2005; Forni et al., 2005; Koop
et al., 2019; Lopes & Carvalho, 2007; Stock & Watson, 2002), selection and shrinkage
methods (Gefang, 2014; Medeiros & Mendes, 2016; Tibshirani, 1996; Zou & Hastie, 2005),
and graphical models for time series data (Ahelegbey et al., 2016a, 2016b; Casarin et al., 2020;
Corander & Villani, 2006; Demiralp & Hoover, 2003; Eichler, 2007). Sparse VAR models
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help address the issue of impulse response estimation by selecting relevant predictors and
eliminating redundant or irrelevant variables. This selection process aims to identify the
most informative variables to improve model fit and accuracy. Recent advancements in
variable selection techniques for VAR models include (Ahelegbey et al., 2016a, 2016b, 2021;
Basu & Michailidis, 2015; Billio et al., 2019; Celani et al., 2024; Davis et al., 2016; Kock &
Callot, 2015).

This paper extends the BGSVAR approach of Ahelegbey et al. (2016a) to estimate IRFs.
The BGSVAR model views SVAR as a graphical (network) model, where the coefficients rep-
resent conditional dependencies among variables. This technique treats both the structural
identification of SVAR and model selection in VAR as a joint problem, solved by learning
the contemporaneous and temporal dependencies among the variables. The BGSVAR
model’s identification approach uses a Bayesian procedure, enabling the incorporation
of prior information to avoid including uninterpretable relationships in the final model.
Ahelegbey et al. (2016a) demonstrated that BGSVAR produces sparse, parsimonious models
that improve forecasting performance and yield more meaningful structural inferences.

The contribution of this work is twofold. First, we propose a novel approach to
impulse response analysis by leveraging the BGSVAR model, which provides a more
accurate estimation of both lagged and contemporaneous coefficient matrices necessary for
impulse response computation. We demonstrate that the BGSVAR estimator is more robust
compared to established methods in the literature. Second, we apply our approach to well-
known macroeconomic data sets, specifically modelling the impulse response of shocks
to key US macroeconomic time series within a moderate-dimension VAR framework,
as in Cimadomo et al. (2022). By comparing our method with traditional techniques
such as BVAR and LASSO-VAR, we show that BGSVAR yields more reliable impulse
response estimates.

This paper is organized as follows: Section 2 reviews the SVAR model and discusses
various techniques for impulse response analysis. Section 3 outlines the Bayesian inference
process for estimating the BGSVAR model parameters. Section 4 presents the simulation
results based on real macroeconomic data. Finally, Section 5 offers concluding remarks.

2. SVAR and Impulse Response Analysis
This section presents the SVAR model, outlines the orthogonalized and generalized

IRF, and describes the Bayesian graphical approach to estimating the IRF.

2.1. SVAR Model

The dynamic interactions between interrelated endogenous variables that exhibit
time-lagged and contemporaneous dependencies can be modelled as the SVAR(p) process:

Yt = B0Yt + B1Yt−1 + . . . + BpYt−p + εt, εt ∼ N (0, Σε) (1)

where Yt is (n × 1) vector of observed variables; B0 is (n × n) zero diagonal matrix of con-
temporaneous coefficients; Bk, k = 1, . . . , p are n × n matrices of autoregressive coefficients;
and εt is (n × 1) vector of structural shocks, independent and identically normal with the
diagonal covariance matrix Σε which, sometimes, is normalized to be an identity matrix.
Under the assumption that (In − B0) is invertible, (1) can be expressed in a reduced form as

Yt = B∗
1Yt−1 + . . . + B∗

pYt−p + Ut, Ut ∼ N (0, Σu) (2)

where A0 = (In − B0)
−1, B∗

k = A0Bk, Ut = A0εt is a vector of reduced-form VAR
innovations, with the variance–covariance matrix Σu = A0Σε A′

0.
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2.2. Impulse Response Analysis via VAR

This dynamic mechanism of analyzing shock propagation over time in a given system
is referred to as impulse response analysis. IRFs measure the effect of a shock to Yj,t on
Yi,t+h, h ≥ 0, assuming that no other shocks occur between t and t + h. This can be defined
as the partial derivative of Yi,t+h for some h ≥ 0 for ε j,t. To derive the IRF, (2) can be
re-written as a vector moving average where Yt is expressed as a linear function of current
and past structural errors, Ut (or εt):

Yt =
∞

∑
i=0

Ψi Ut−i =
∞

∑
i=0

Ψi A0εt−i (3)

where Ψi = B∗
1 Ψi−1 + . . . + B∗

pΨi−p, with Ψ0 = In. The above expressions show that the
response of Yt to shocks to εt−i depends on non-linear functions of B∗

k ’s and A0. In practice,
traditional techniques estimate unrestricted B∗

k ’s from reduced-form VARs which implies
that all variables are serially correlated and cross-correlated. The next step is to identify
A0 from Σu by imposing a theory-driven structure on the contemporaneous dependence
between variables.

2.2.1. Orthogonalized Impulse Response—OIR

In the standard application of VAR, the adoption of orthogonal shocks is used to
achieve identification. The commonest approach is Cholesky decomposition, which as-
sumes that the model is fully recursive so that B0 is lower triangular with zero diag-
onals. The orthogonalized impulse response of Yi,t+h to a shock to Yj,t is as follows
(OIR; Sims, 1980):

OIRij(h) =
∂Yi,t+h

∂ε j,t
= [ Ψh A0 ]ij = e′i Ψh A0 ej, h = 0, 1, 2, . . . (4)

where ej is an n × 1 vector with unity as its j-th element and zeros elsewhere, and A0 is
a lower triangular Cholesky factorization of Σu. The i-th row and j-th column of Ψh A
indicate the response of Yi,t+h to a unit change in ε j,t holding all other innovations at all
dates constant. The lower triangular structure of A0 imposes a recursive causal order where
the first variable responds to its exogenous shock, while the second responds to shocks of
the first variable plus its shock, and so on.

Recovering A0 from Σu via Cholesky factorization is usually carried out by imposing
short-run, long-run, or sign restrictions based on some economic model or theory. Much
research achieves this by dividing the variables into two categories: slow- and fast-moving
(see Banbura et al., 2010; Christiano et al., 1999; Eichenbaum & Evans, 1995; Kilian, 2009;
Stock & Watson, 2018). In many cases, the empirical results are only as credible as the
underlying theory (see Kilian, 2013). In some instances, there are not enough credible
exclusion restrictions to achieve identification. It can be seen that changing the variable
ordering of the model changes the structure of A0 and affects the results dramatically.

2.2.2. Generalized Impulse Response—GIR

The GIR is an alternative to the OIR to reduce the reliance on theory for variable
ordering. It is an order-invariant technique that assumes a full symmetric covariance
structure instead of a lower triangular matrix. The generalized impulse response of Yi,t+h

to a shock to Yj,t is given by the following (H. H. Pesaran & Shin, 1998):

GIRij(h) = σ−1/2
jj (e′i Ψh Σu ej), h = 0, 1, 2, . . . (5)
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where σjj is the j-th diagonal element of Σu. Here, when one variable is shocked, the other
variables also vary following the structure of Σu. When Σu is diagonal, then A0 is also
diagonal, which means that the GIR is the same as the OIR. Both the GIRF and OIRF yield
the same result for the shock to the first variable in Yt.

The GIR is deeply embedded in the assumption that all the variables are contempora-
neously related, in the sense that a shock to one variable instantaneously affects the rest of
the system. If only a few of these variables (or none) are contemporaneously related, the
GIR might produce propagation effects that can be misleading. It would be more reasonable
to use identifying restrictions that are described by the data instead of assuming that all
variables are serially, contemporaneously, and lagged-related.

2.3. Graphical Structural VAR (GSVAR)

This section presents the methodology employed in the analysis. SVAR models have
been recently extended to graphical SVAR (GSVAR) where the lagged and contemporaneous
dependence structure is encoded by a graph (network) (e.g., see Ahelegbey et al., 2016a,
2016b, 2021; Casarin et al., 2020; Corander & Villani, 2006). This is based on viewing SVAR
as a graphical (network) model where the variables are represented as nodes and the
links denote the coefficients that encoded the weights of the conditional (in)dependent
relationships among the variables. In this paper, we extend Ahelegbey et al. (2016a) to
analyse the impulse effect of structural shocks in dynamic systems.

Let Yt be a vector of n units of sequences of endogenous variables observed at the
time t. We model Yt as GSVAR by M = {V, G0:p, Φ0:p}, where V = (V1, . . . , Vn) is a set
of vertices which represents the variables in Yt; each Gk(Φk), k = 0, 1, . . . , p, is an n × n
binary (coefficient) matrix that depicts the connectivity between variables at different times
points such that the (i, j)-th entry of Φk is given by

Φk,ij =

{
0 if Gk,ij = 0 =⇒ Yj,t−k ̸→ Yi,t

βk,ij ∈ R if Gk,ij = 1 =⇒ Yj,t−k → Yi,t
(6)

Following Ahelegbey et al. (2016a), GSVAR can be re-written as

Yt =
p

∑
k=1

Φk Yt−k + Ut (7)

Ut = Φ0 Ut + εt (8)

where c is a constant term, and the structural error terms εt are i.i.d. with the covariance
matrix Σ. The (n × n)-dimensional matrices Φk, k = 1, . . . , p contain the autoregressive
coefficients, and the matrix Φ0 is full (non-symmetric) with zeroes on the main diagonal
that records the contemporaneous dependence between the endogenous variables. The
expressions in (7) and (8) can be written in a more compact form as

Yt = Φ+Xt + (I − Φ0)
−1εt (9)

where Φ+ = (Φ1, . . . , Φp), and Xt = (Y′
t−1, . . . , Y′

t−p)
′. It can be shown that the matrix

(I − Φ0)
−1 records the (in)direct contemporaneous effect of εt on Yt. A shock to Yjt can

only affect Yit if there is a contemporaneous link from Ykt to Yit.

Definition 1. Let εt denote a vector of orthogonal shocks with an identity covariance matrix (i.e.,
Σε = In). Given that Φ+ = (Φ1, . . . , Φp) as the GSVAR slope coefficient matrices are conditional
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on G+, with Φ0 as the estimated contemporaneous coefficients matrix conditional on G0, we define
the GSVAR impulse response estimator as

GSVAR-IRij(h) = e′i Ψ̃h (In − Φ0)
−1 ej, h = 0, 1, 2, . . . (10)

where Ψ̃i = Φ1Ψ̃i−1 + . . . + ΦpΨ̃i−p, with Ψ̃0 = In.

Let Aϕ = (In − Φ0)
−1. If Φ+ is dense or a full matrix and Aϕ is a lower triangular

structure, then the GSVAR-IR will produce estimates (approximately) equal to the OIR.
On the other hand, if both Φ+ and Aϕ are full matrices, then the GSVAR-IR will produce
(approximately) equal estimates to the GIR. Thus, the GSVAR-IR will be more robust
compared to the OIR and the GIR.

3. Bayesian Graphical SVAR Model Estimation
Selecting appropriate variables for inclusion in each equation is the most important

and challenging part of building the graphical SVAR model. We implement the Bayesian
procedure of Geiger and Heckerman (2002) and Ahelegbey et al. (2016a, 2021) that allows a
researcher to incorporate expert or prior information where necessary, to avoid including
uninterpretable relationships among variables in the final model. The selection is based
on the probabilistic concept of Suppes (1970) and is carefully undertaken to establish
a causal relationship between the variables, which are then used to build a predictive
forecasting model.

Let Xt = (Y′
t−1, . . . , Y′

t−p)
′ be an np × 1 vector of lagged observations and

Zt = (Y′
t , X′

t)
′ be m × 1, where m = n(p + 1). Denote with Z = (Z′

1, . . . , Z′
N)

′ the N × m
matrix collection of Zt. Under the assumption that Z ∼ N (0, Σ), the likelihood function is
given by

P(Z|Ω, G) = (2π)−
mN

2 |Ω|
N
2 exp

{
− 1

2
⟨Ω, Ŝ⟩

}
(11)

where ⟨A, B⟩ = tr(A′B) denotes the trace inner product and Ŝ = Z′Z.

3.1. Prior on Network Parameters

We consider the inclusion of a link in G a Bernoulli trial, Gij ∼ Ber(γij), with the density

P(G) = ∏
i ̸=j

γ
Gij
ij
(
1 − γij

)(1−Gij) (12)

where γij ∈ (0, 1) is the probability of a directed link from nodes j to i. We assign to each
variable inclusion a prior probability, γij = 1/2, ∀i, j, which is equivalent to assigning an
equal prior probability to all network structures, i.e, P(G) ∝ 1.

Following Geiger and Heckerman (2002), we assume that unconstrained Ω, given a
complete network graph, is Wishart distributed Ω|G ∼ W(S−1

0 , ν), with the density

P(Ω|G) =
1

Km(ν, S0)
|Ω|

(ν−m−1)
2 exp

{
− 1

2
⟨Ω, S0⟩

}
(13)

where S0 is the prior scale matrix, ν > m + 1 is the degree-of-freedom parameter, and
Km(ν, S0) is the normalizing constant.
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3.2. Posterior Inference of Network Parameters

Under the Bayesian framework of Geiger and Heckerman (2002), Ω can be integrated
out analytically to obtain a marginal likelihood function with a closed-form local expression
given by the following (Ahelegbey et al., 2016a, 2016b):

P(Zyi |Zxi ) =
π− 1

2 N ν
1
2 ν

(ν + N)
1
2 (ν+N)

Γ
(

ν+N−n f
2

)
Γ
(

ν−n f
2

) (
|Z′

xi
Zxi + νInx |

|Z′
fi

Z fi
+ νIn f |

) 1
2 (ν+N)

(14)

where Zyi is the i-th dependent variable, Zxi is a set of predictor variables of Zyi ,
Z fi

= (Zyi , Zxi ), nx is the number of nodes in Zxi , and n f = nx + 1 is the number of
nodes in Z fi

.
The MCMC algorithm devised by Ahelegbey et al. (2016a) and extended by Ahelegbey

and Giudici (2022) samples from the conditional posterior distributions of (G0, G+) and
the parameters, (Φ+, Φ0, Σε, Σu), of the GSVAR in each iteration. Each iteration of the
algorithm samples from the following conditional posteriors:

1. Sample via a Metropolis-within-Gibbs [G0, G+|Z] by the following:

(a) Sampling G+ from the marginal distribution: [G+|Z].
(b) Sampling G0 from the conditional distribution: [G0|Z, G+].

2. Estimate (Φ+, Φ0, Σε, Σu) given (Ĝ0, Ĝ+) and Z following the conventional normal-
inverse Wishart prior distribution for a seemingly unrelated regression (SUR). The
posterior expectations of (Φ+, Φ0, Σu) and Σε are as follows:

Φ̂+,yixi = (I|xi | + σ̂−2
ui

Z′
xi

Zxi )
−1 σ̂−2

ui
Z′

xi
Zyi

Ûyi = Zyi − Zxi Φ̂
′
+,yixi

Φ̂0,yiπx = (I|πx | + σ̂−2
εi

Û′
πx Ûπx )

−1σ̂−2
εi

Û′
πx Ûyi

Σ̂u =
1

δ0 + N
[
S0 + Û′Û

]
Σ̂ε = (In − Φ̂0)Σ̂u(In − Φ̂0)

′

where Φ̂+,yixi is the yi-th row and xi-columns of Φ̂+, |xi| is that number of elements
in xi, Zyi ∈ Z corresponds the dependent variable, and Yi and Zxi ∈ Z are the lag
predictors of Yi according to G+. Ûyi is the estimate of the reduced-form error for the
yi-th equation. Φ̂0,yiπx is the yi-th row and πx-columns of Φ̂0, Ûπx ∈ Û corresponds
to the predictors of Ûyi according to G0, and VB,π is a diagonal matrix of the prior
covariance. The posterior of Σ−1

u is Wishart distributed with δ+ N degrees of freedom.

The convergence of the Gibbs sampler is assessed using standard diagnostics such
as trace plots, the Gelman–Rubin diagnostic (Gelman & Rubin, 1992), and the effective
sample size. These tools help to ensure that the Markov Chain has reached its stationary
distribution and that the samples are reliable. Additionally, we validated the model using
out-of-sample testing and cross-validation techniques, which assessed how well the model
generalized to unseen data and helped prevent overfitting. For the practical implementation
of the BGSVAR model, we used Matlab 2024b statistical software. Given the computational
challenges that arise with high-dimensional data, we addressed these issues by optimizing
the code and utilizing parallel processing where applicable. This ensured the convergence
of the Gibbs sampler while effectively managing the complexity of the model.
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4. Modeling Macroeconomic Time Series
This section presents a simulation study based on real macroeconomic data. The

objective was to estimate impulse response for a set of US macroeconomic variables. Our
approach followed the simulation framework of Korobilis (2022), where we generated
multivariate time series from a VAR model using real macroeconomic data.

4.1. Data

The dataset comprised monthly observations of 15 US macroeconomic variables
sourced from the Federal Reserve Economic Database (FRED) of St. Louis (https://fred
.stlouisfed.org/, accessed on 28 January 2023). Most of these variables were also used
in Cimadomo et al. (2022). The sample period spanned from January 2000 (2000M1) to
December 2022 (2022M12).

To ensure stationarity, most variables were transformed into log differences, while
others were expressed in first differences. A complete list of the variables included in
the simulation study is provided in Table 1. The variables were ordered based on their
release timing within the calendar month, following Cimadomo et al. (2022), except for
total reserves and the real M1 money stock.

Table 1. Macroeconomic variables and transformation.

No. Variable Transformation FRED Id Code

1 Economic policy uncertainty ∆xt USEPUINDXM EPU
2 Employment ∆ log(xt) PAYEMS EMP
3 Unemployment rate ∆xt UNRATE UNR
4 Avg. weekly hours ∆ log(xt) AWHNONAG HRS
5 Industrial production ∆ log(xt) INDPRO IP
6 CPI inflation ∆ log(xt) CPIAUCSL CPI
7 Loans ∆ log(xt) BUSLOANS LOA
8 Housing starts ∆ log(xt) HOUST HS
9 Private consumption ∆ log(xt) PCE PC

10 PCE price index ∆ log(xt) PCEPI PCE
11 Real disp. personal income ∆ log(xt) DSPIC96 DPI
12 Fed. funds rate ∆xt FEDFUNDS FF
13 Credit spread ∆xt BAA10YM BAA
14 Total reserves ∆ log(xt) TOTRESNS TRS
15 Real M1 money stock ∆ log(xt) M1REAL M1

4.2. Model Specification

We considered both sparse and dense data-generating processes (DGPs) of the follow-
ing form:

Yt = α + B+Xt + A0 εt, εt ∼ N (0, In) (15)

where A0 = (In − B0)
−1, Xt = (Y′

t−1, . . . , Y′
t−p)

′, α and B+ are the intercept and slope of
the regression model, and εt is a vector of orthogonal shocks.

To set the coefficients of our DGP, we followed these steps:

1. Estimate B+: Regress Yt on Xt using OLS to obtain B+, and compute the residuals
U = Y − α − B+Xt.

2. Estimate A0 and B0: Regress each residual component Ui on the remaining residuals
U−i (i.e., all U excluding Ui) to obtain B0 and A0.

We simulated a VAR(3) process with 396 observations and estimated all competing
models using the true lag length. Impulse response (IR) coefficients were computed for

https://fred.stlouisfed.org/
https://fred.stlouisfed.org/
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24 forecast horizons (h = 24). To ensure robustness, we replicated the simulation 1000
times using Monte Carlo simulations with random draws from the DGP.

To evaluate the impact of sparsity and density in the coefficient matrices, we considered
four different scenarios:

(i) DGP-1: Sparse (B+)−Sparse (A0);
(ii) DGP-2: Sparse (B+)−Dense (A0);
(iii) DGP-3: Dense (B+)−Sparse (A0);
(iv) DGP-4: Dense (B+)−Dense (A0).

The sparsity in B+ and B0 was determined by testing whether each estimated coef-
ficient was significantly different from zero at the 5% level. Coefficients that failed this
test were set to zero, ensuring that only statistically significant relationships remained in
the model.

4.3. Methods Compared and Evaluation Criteria

To assess the performance of BGSVAR, we compared its impulse response estimates
with those obtained from widely used alternatives in empirical macroeconomic research.
Specifically, we considered BVAR and LASSO-VAR (Tibshirani, 1996). Table 2 summarizes
these competing approaches.

Table 2. Summary of competing impulse response estimation methods.

# Model Description Structural Assumptions

1 BGSVAR-IR BGSVAR + IR Sparse (B+)−Sparse (A0)
2 BVAR-OIR BVAR + OIRF Dense (B+)−Cholesky (A0)
3 BVAR-GIR BVAR + GIRF Dense (B+)−Dense (A0)
4 LASSO-IR LASSO-VAR + IRF Sparse (B+)−Sparse (A0)

We conducted all estimations using 20,000 Gibbs iterations to sample the network
graph structure in the BGSVAR model. The BGSVAR coefficients were estimated with a
normal–Wishart prior, followed by seemingly unrelated regression (SUR) estimation. The
BVAR model was estimated using normal–Wishart conjugate priors, while the LASSO
method selected its regularization parameter via tenfold cross-validation, minimizing mean
squared cross-validation errors. All models included an intercept.

To evaluate impulse response estimates, we compared the BGSVAR, BVAR, and
LASSO methods using two key metrics, the average interval length and root mean squared
error (RMSE), following Kilian and Kim (2011). The average interval length measures
the precision of confidence intervals, with shorter intervals indicating greater accuracy.
We also computed the relative average interval length, defined as the ratio of a method’s
interval length to the minimum obtained across methods, where a value of 1.0 represents
the best-performing model. Similarly, we report relative RMSE values to assess overall
estimation accuracy.

4.4. Simulation Results
4.4.1. VAR Slope Coefficient Matrix

Before analyzing the impulse response performance of the competing methods, we
first compared the VAR slope coefficient matrix (B1) for DGP-1 with the estimates from
BGSVAR, BVAR, and LASSO. Figure 1 presents these comparisons, with response variables
listed along the rows and explanatory variables along the columns. The coefficients are
colour-coded: red represents negative values, green indicates positive values, and white
denotes zero (or near-zero) coefficients.
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(c) BVAR (B1)
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(d) LASSO (B1)

Figure 1. VAR (B1) of DGP−1: Sparse (B+)−Sparse (A0). The response variables are shown along
the rows, while explanatory variables are shown along the columns. The light green (dark green)
signifies mild (very high) positive effects, while light red (dark red) denotes mild (very high) negative
effects. White indicates zero or near-zero coefficients.

The structure of DGP-1 (B1) in Figure 1 reveals that the temporal relationships among
the selected macroeconomic variables are sparse, unlike the dense structure seen in BVAR
(B1). This finding supports the well-known observation that some variable sets are better
modelled with information from only a few variables, while others require more variables.
As expected, both the BGSVAR and LASSO methods captured the sparse structure of the
VAR slope coefficients in DGP-1, whereas BVAR assumed temporal dependence among all
variables, which could introduce spurious relationships with limited predictive value.

The variable selection methods, BGSVAR and LASSO, identified a smaller set of
temporal relationships that closely matched the DGP. Since impulse responses were derived
from VAR slope coefficients, inaccuracies in capturing the temporal dependence structure
could significantly impact the accuracy of impulse response estimates.

4.4.2. Shock Matrix

Figure 2 compares the shock matrix A0 of DGP-1 with those estimated from BGSVAR,
BVAR-OIR, and LASSO. The shock matrix for BVAR-GIR is excluded from Figure 2 due
to its fully dense structure. As expected, when the shock matrix in the DGP was sparse,
using an orthogonalized shock matrix (such as BVAR-OIR) failed to accurately capture
the true contemporaneous relationships among the variables. In contrast, both BGSVAR
and LASSO estimated a shock matrix that more closely aligned with the sparse structure
of DGP-1.
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(a) DGP-1 (A0)
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(b) BGSVAR (A0)
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Figure 2. Shock matrix of DGP−1: Sparse (B+)−Sparse (A0). Response (explanatory) variables are in
the rows (columns). The light green (dark green) signifies mild (very high) positive effects, while light
red (dark red) denotes mild (very high) negative effects. White indicates zero or near-zero coefficients.

A detailed comparison of the BGSVAR and LASSO matrices shows that the BGSVAR
provided a more sparse structure, which better matches the DGP. For example, the DGP
reveals that a shock to unemployment (UNR) only significantly affects loans (LOA) and
has no contemporaneous effect on the other variables. However, the BGSVAR matrix in Fig-
ure 2b suggests that a shock to the UNR also impacts CPI, LOA, PCE, and M1. Meanwhile,
the LASSO matrix in Figure 2d shows that the UNR has a significant contemporaneous
effect on almost all other variables, except EPU and BAA, which is similar to the BVAR-
OIR shock matrix in Figure 2c (with the inclusion of EMP). While the LASSO method
shares some characteristics with BVAR-OIR, the BGSVAR model produces a more accurate
representation of the DGP’s structure, particularly in its more sparse shock matrix.

4.4.3. Impulse Response Performance

In this section, we evaluate the impulse response performance of the competing
methods by comparing their results to the true impulse responses (IRs) generated by the
DGP. For brevity, we focus on the responses of the unemployment rate (UNR), industrial
production (IP), and inflation (CPI) to a shock to the federal funds rate (FF).

Figure 3 presents the dynamic responses of unemployment (UNR), industrial produc-
tion (IP), and inflation (CPI) to a contractionary monetary policy shock (FF) using different
competing VAR-based models. The black dashed lines represent the true impulse responses
from the DGP. After the monetary tightening shock, we observe that the unemployment
rate decreases across most of the horizon, while industrial production and inflation increase.
Specifically, the unemployment rate responds significantly to the contractionary shock,
while industrial production and inflation show notable increases during the short- and
medium-term horizons.
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Figure 3. The response of the UNR, IP, and CPI to FF based on 1000 trials from DGP−1: Sparse
(B+)−Sparse (A0). The x-axis represents the time horizon (lags after the shock), and the y-axis shows
the response magnitude of the variable. The black dashed lines represent the true DGP IRs, the green
solid lines represent the median IR estimates, and the shaded areas represent the 95% confidence
bands. The red line marks the zero level.

Figures 4–6 present similar plots for DGP-2, DGP-3, and DGP-4, respectively. A
one-unit shock to FF corresponds to a one-standard deviation shock in monetary pol-
icy. In the plots, the green solid lines indicate the median estimates, the black dashed
lines represent the true values from the DGP, and the shaded areas represent the 95%
confidence bands. A standard interpretation is that if the 95% confidence bands always
encompass the true impulse responses, estimation precision is considered satisfactory. As
seen in Figures 3 and 4, all methods produce relatively precise estimates. However, in
Figures 5 and 6, both the BVAR-GIR and LASSO-IR demonstrate unsatisfactory perfor-
mance, particularly at shorter horizons.

Although the competing methods perform well in Figure 3, some methods—particularly
the BVAR-GIR and LASSO-IR—show noticeable deviations from the true values, espe-
cially at shorter horizons. These deviations highlight the importance of correct temporal
dependence structures for accurate impulse response estimation.
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Figure 4. The response of the UNR, IP, and CPI to FF based on 1000 trials from DGP−2: Sparse
(B+)−Dense (A0). Note: The DGP IRs are shown in black dashed lines, the green solid lines are the
median IRs, and the shaded areas are the confidence bands. The red line marks the zero level.

Figure 7 reports the average interval length of the joint pointwise impulse response of
the competing methods for the different DGPs. The figures show that the LASSO-IR records
the minimum average interval length which means that it has much thinner confidence
bands than the rest of the models. This is followed by the BGSVAR-IR. We, however,
notice that in the case of DGP-3, the BGSVAR-IR reports the second narrowest confidence
band for short (h < 6) and medium horizons (h ≤ 12). In all the cases shown by the
figure, the BVAR-0IR and BVAR-GIR appear to record much wider confidence bands than
their counterparts.

Table 3 shows the numeric summary of Figure 7 in terms of the relative average
interval for h = 6 (short), h = 12 (medium), and h = 24 (long horizon). The table confirms
the above observation that the LASSO-IR consistently recorded the thinnest confidence
bands of the impulse response estimates, followed closely by the BGSVAR-IR.

Figure 8 reports the IR RMSEs of the competing methods under the different DGPs.
The figure shows that the BGSVAR-IR estimators are generally more efficient than the
competing methods. Across all the estimands, the smallest RMSEs are typically achieved
by the BGSVAR-IR, followed by the LASSO-IR, and then the BVAR-OIR. The BVAR-GIR is
the least preferred. Table 4 presents the numeric summary of the plots in Figure 8 in terms
of the relative RMSE for h = 6 (short), h = 12 (medium), and h = 24 (long horizon). The table
shows that the BGSVAR-IR is more accurate in producing pointwise impulse response at
short to medium horizons. It is closely followed by the BVAR-IR and the LASSO-IR.
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Table 3. Relative average interval length for h = 6 (short), h = 12 (medium), and h = 24 (long horizon).

h BGSVAR-IR BVAR-OIR BVAR-GIR LASSO-IR

DGP-1 h = 6 1.4758 2.2833 2.0968 1
h = 12 1.7044 2.6109 2.5530 1
h = 24 2.4368 3.4333 3.5384 1

DGP-2 h = 6 1.2719 2.0683 1.8724 1
h = 12 1.2974 2.122 2.1174 1
h = 24 1.5215 2.3536 2.6283 1

DGP-3 h = 6 1.3558 2.0467 1.6591 1
h = 12 1.8660 1.9078 1.9866 1
h = 24 4.4813 1.8479 2.0159 1

DGP-4 h = 6 1.2959 1.9693 1.6462 1
h = 12 1.5176 2.0208 1.8672 1
h = 24 1.7328 1.8186 1.8118 1
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Figure 5. The response of the UNR, IP, and CPI to FF based on 1000 trials from DGP−3: Dense
(B+)−Sparse (A0). Note: The DGP IRs are shown in black dashed lines, the green solid lines are the
median IRs, and the shaded areas are the confidence bands. The red line marks the zero level.
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Figure 6. The response of the UNR, IP, and CPI to FF based on 1000 trials from DGP−4: Dense
(α, B+)−Dense (A0). Note: The DGP IRs are shown in black dashed lines, the green solid lines are the
median IRs, and the shaded areas are the confidence bands. The red line marks the zero level.
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Figure 7. Average interval lengths of joint pointwise impulse response of competing methods.
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Figure 8. RMSE values for each method across the 1000 Monte Carlo iterations.

Table 4. Relative RMSE for h = 6 (short horizon), h = 12 (medium horizon), and h = 24 (long horizon).

h BGSVAR-IR BVAR-OIR BVAR-GIR LASSO-IR

DGP-1 h = 6 1 1.3950 1.7341 1.3277
h = 12 1 1.3108 1.7150 1.4481
h = 24 1 1.0909 1.2723 1.5377

DGP-2 h = 6 1 1.0721 1.7214 1.2878
h = 12 1.1327 1 1.6255 1.1929
h = 24 1.0967 1 1.0162 1.2814

DGP-3 h = 6 1 2.4003 5.1577 2.6716
h = 12 1 1.9571 4.2454 2.2892
h = 24 1.1822 1 1.4845 1.5540

DGP-4 h = 6 1 1.7935 2.9006 2.2331
h = 12 1 1.4542 2.5316 1.7729
h = 24 1.0865 1 1.2464 1.2447

In summary, we find evidence that BGSVAR achieves higher pointwise impulse
response predictive accuracy and fits the structural dynamics of VAR-based models better
than the LASSO and BVAR.

5. Conclusions
Impulse response functions (IRFs) in VAR models have long been used in the literature

to measure the direct and indirect propagation effects of shocks. It is well-established that
impulse response estimates are non-linear functions of both autoregressive and contem-
poraneous coefficient matrices. Thus, accurate estimation of these matrices is essential
for efficient impulse response estimation. This study focused on identifying structural
relationships among endogenous variables using a Bayesian graphical SVAR (BGSVAR)
framework. By inferring both lagged and contemporaneous dependencies among the
variables, we were able to estimate the coefficient matrices required for accurate impulse
response analysis.

Through empirical simulation experiments on a well-known macroeconomic dataset,
we demonstrated that the BGSVAR impulse response estimator is more robust compared to
traditional methods such as orthogonalized impulse response (OIR), generalized impulse
response (GIR), and LASSO impulse response (LASSO-IR). Specifically, we applied the
method to model the impulse responses of shocks to key US macroeconomic time series in
a moderate-dimensional VAR model, as presented in Cimadomo et al. (2022). Our results
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showed that LASSO-IR tended to generate less accurate pointwise confidence intervals for
impulse responses on average compared to the BVAR-OIR, while BGSVAR outperformed
all the competing methods by providing more precise and reliable estimates.

The results indicate that the BGSVAR model outperforms traditional methods like
LASSO and BVAR in estimating impulse responses, particularly in terms of accuracy and
robustness. This improvement can be attributed to the model’s ability to incorporate both
temporal and contemporaneous causal structures, which traditional models often fail to
adequately address. As such, BGSVAR offers a more reliable framework for understanding
the dynamic interactions among macroeconomic variables, with implications for better
policy analysis.

The empirical findings underscore a significant pitfall in using conventional VAR
impulse response techniques. Specifically, inferences made using unrestricted VAR slope
coefficient matrices, combined with orthogonalized or generalized shock matrices, may
yield pointwise impulse response confidence intervals that are often less accurate than those
from sparse VAR-based models. This result is not surprising, as assuming unrestricted
temporal dependence among all variables in a moderate-to-large VAR model is often unre-
alistic in practice. Additionally, the method of imposing restrictions on contemporaneous
shock matrices based on “strongly held convictions” is subjective and only valid when such
convictions are substantiated by data. Our analysis further confirms that the generalized
impulse response approach, which assumes full contemporaneous and lagged dependence,
may not be suitable in many real-world settings.

Limitations and Future Work

While the BGSVAR model offers notable advantages in estimating impulse responses,
several limitations should be considered. First, the model’s performance is dependent on
the prior distribution and hyperparameter selection. Although we used a uniform prior
for the network structure to allow the data to inform the relationships, this approach may
not always be the most suitable for cases where prior knowledge or expert judgment could
significantly improve the model. Future work could investigate the impact of different
prior distributions, particularly in situations where some prior information is available,
such as the relationships between key macroeconomic variables.

Second, the computational complexity of the MCMC-based sampling approach used
in BGSVAR can be a limitation, especially when working with large datasets. Although
we conducted convergence diagnostics to ensure the reliability of the estimates, the com-
putational burden remains significant, particularly for high-dimensional models. Future
research could explore more efficient sampling algorithms, such as Hamiltonian Monte
Carlo (HMC) or Variational Bayes, to improve the computational efficiency without sacri-
ficing model accuracy.

Finally, while we focused on impulse response analysis within the context of a
moderate-dimensional VAR model, the scalability of BGSVAR to larger datasets and higher-
dimensional models remains an area for further exploration. As datasets grow, the model
may face challenges related to memory usage and computational time, which could limit its
practical applicability in high-frequency or large-scale macroeconomic forecasting. Future
studies could investigate ways to optimize the model’s performance for larger datasets,
such as leveraging parallel computing or more scalable variational techniques.
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