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Abstract

We develop a Bayesian framework that combines adaptive shrinkage with variable selection

to address over-parameterisation and sparsity in high-dimensional panel vector autoregres-

sions (PVARs). The proposed approach employs Laplace-based spike-and-slab priors to

enable flexible modelling of dynamic cross-sectional interdependencies and unit-specific

heterogeneity. Monte Carlo evidence shows that the method delivers improvements in

estimation accuracy and forecasting performance relative to existing regularisation ap-

proaches. We illustrate its empirical relevance in two applications. The first investigates

financial contagion in euro area sovereign bond markets, while the second examines in-

ternational forecasting performance in a multi-country macroeconomic panel. The results

highlight the benefits of adaptive, component-specific shrinkage for capturing heteroge-

neous spillover structures in complex panel systems.
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1 Introduction

Advances in data availability and statistical methodology have facilitated the increasing

use of high-dimensional datasets in macroeconometric analysis.1 Panel Vector Autore-

gression (PVAR) models have emerged as a popular tool for analyzing high-dimensional

macroeconomic panels, owing to their ability to capture both cross-sectional and dy-

namic dependencies (see Canova and Ciccarelli, 2013 for a survey). This flexibility makes

PVARs particularly useful for studying spillovers, contagion, and heterogeneous adjust-

ment processes in interconnected economies. However, the empirical implementation of

PVAR models is often constrained by a fundamental challenge: the dimensionality of the

parameter space increases rapidly with the number of panel units, variables, and lags. As

a result, unrestricted PVAR specifications are prone to overfitting, unstable inference, and

weak forecasting performance. Addressing this high-dimensionality problem is therefore

central to the reliable estimation and practical usefulness of panel VAR models.2

This paper proposes a Bayesian framework that combines adaptive shrinkage with

explicit variable selection to address the problems of over-parameterisation and spar-

sity in high-dimensional panel systems. Since the seminal contribution of Park and

Casella (2008), the Bayesian Lasso has become a standard tool for regularisation in

high-dimensional settings. Casella et al. (2010) extend this framework by providing a

Bayesian interpretation of the fused Lasso through the penalisation of successive coeffi-

cient differences. More recently, Ročková and George (2018) introduce the spike-and-slab

Lasso (SSL), which integrates shrinkage and model selection within a unified Bayesian

framework. By assigning each coefficient to either a tightly concentrated “spike’’ compo-

nent or a more diffuse “slab’’ component, the SSL provides an effective mechanism for

distinguishing economically meaningful signals from negligible effects. Building on these

developments, we adapt the SSL methodology to the panel VAR context, enabling flexible

estimation of high-dimensional macroeconomic systems characterised by heterogeneous

dynamics and rich cross-unit interactions.
1Several studies examine multi-country econometric modelling: Kose et al. (2003) employ a multi-

country factor model; Dees et al. (2007) and Feldkircher and Huber (2016) develop global Vector Au-
toregression (VAR) models; and Canova and Ciccarelli (2009) propose a multi-country VAR framework.

2Early approaches rely on shrinkage priors such as the Minnesota prior of Doan et al. (1984) and
Litterman (1986). Extensions based on hierarchical structures are proposed by Jarociński (2010), while
more recent contributions incorporate heterogeneous interdependencies across panel units (Canova and
Ciccarelli, 2009, 2013; Koop and Korobilis, 2016, 2019).
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We extend this framework by developing the Panel Spike-and-Slab Lasso (PSSL) ap-

proach. The proposed method partitions the parameter space into blocks associated with

individual panel units and assigns each block to either a spike or slab component gov-

erned by Laplace distributions, following Ročková and George (2018) and Bai et al. (2022).

This blockwise prior structure allows the model to simultaneously account for dynamic

interdependencies across units and cross-sectional heterogeneity in own-lag dynamics.

As a result, the estimator can adaptively distinguish between relevant and irrelevant in-

teractions, promoting parsimony while preserving economically meaningful propagation

channels.

Embedding the spike-and-slab structure within the PVAR framework enhances the

model’s ability to perform selective shrinkage. Through extensive Monte Carlo simula-

tions spanning low-, moderate-, and high-dimensional environments with varying degrees

of sparsity, we show that the proposed PSSL approach delivers substantial improvements

in estimation accuracy and forecasting performance relative to several established al-

ternatives. These include the Stochastic Search Specification Selection (S4) procedure

of Koop and Korobilis (2016), which builds on the Stochastic Search Variable Selection

framework of George et al. (2008), as well as frequentist Lasso, Bayesian Lasso, Bayesian

fused Lasso, and global VAR benchmarks.

These gains reflect fundamental differences in prior design and shrinkage behaviour.

Although both PSSL and S4 rely on spike-and-slab priors, S4 employs mixtures of normal

distributions, whereas PSSL utilises Laplace-based priors that induce stronger shrinkage

for coefficients close to zero while allowing economically meaningful effects to remain

relatively unrestricted. Moreover, the joint estimation of the scale parameters governing

the spike and slab components enables the degree of regularisation to adapt endoge-

nously to the sparsity structure of the data. Relative to continuous shrinkage approaches

such as frequentist and Bayesian Lasso, the PSSL framework allows explicit selection of

dynamic interdependencies and provides posterior inclusion probabilities that facilitate

structural interpretation. Compared with Bayesian fused Lasso, it is less restrictive in

settings characterised by heterogeneous cross-sectional dynamics. It also offers a more

direct mechanism for detecting sparse bilateral spillovers than factor-based models or

global VAR specifications, which typically summarise dependence through latent com-

mon components or pre-specified weighted averages.
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We illustrate the empirical relevance of the proposed approach using two macro-

financial applications. The first revisits the analysis of financial contagion in euro area

sovereign bond markets studied by Koop and Korobilis (2016). This application examines

how shocks to sovereign bond yields propagate across countries and how the strength of

transmission evolves over time. In contrast to approaches that rely on pre-determined

shrinkage structures, our method allows the pattern of dynamic interdependencies and

cross-country heterogeneity to be identified directly from the data. The results reveal a

pronounced asymmetry in financial transmission within the euro area, with shocks origi-

nating in financially integrated core economies spreading widely to peripheral countries,

while reverse transmission is comparatively limited. These findings point to a hierarchi-

cal network of spillovers in which core sovereign markets play a central role in shaping

regional financial dynamics.

In a second application, we examine international macroeconomic forecasting using

the multi-country dataset of Camehl (2023), which comprises twelve economies — ten

euro area countries together with the United Kingdom and the United States. The ob-

jective is to forecast key macroeconomic variables, including consumer prices, industrial

production, the real effective exchange rate, and unemployment, while accounting for

potentially complex cross-country spillovers and heterogeneous dynamic linkages. The

proposed model delivers accurate and stable forecasts across horizons and country groups,

outperforming stochastic search selection procedures, Lasso-type shrinkage methods, and

global VAR benchmarks. By employing adaptive, coefficient-specific regularisation, the

PSSL approach mitigates the risk of large forecast errors while preserving economically

meaningful heterogeneity. This feature is particularly valuable in international forecast-

ing environments characterised by structural uncertainty and potential model misspeci-

fication.

Our contribution relates to a broader literature on shrinkage and sparsity in panel

VAR estimation, which can be broadly classified into Bayesian and frequentist strands.

Bayesian approaches — including factor-based models (Canova and Ciccarelli, 2013; Koop

and Korobilis, 2019; Huber et al., 2023) and specification-selection methods (Koop and

Korobilis, 2016; Korobilis, 2016) — offer flexible ways to incorporate shrinkage while im-

posing structural restrictions. However, factor-based methods may have limited ability

to enforce true sparsity, as coefficients are often only weakly shrunk toward zero. In par-
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allel, an extensive literature on frequentist penalisation methods builds on ℓ1-regularised

estimation (Tibshirani, 1996; Zhao and Yu, 2006; Zou, 2006; Yuan and Lin, 2006; Huang

et al., 2008). Extensions to VAR settings include Bayesian Lasso approaches that account

for temporal dependence and group-level sparsity (Song and Bickel, 2011; Nicholson et al.,

2020). These contributions highlight the importance of regularisation in high-dimensional

time-series models but typically rely on global shrinkage schemes that may not fully cap-

ture heterogeneous interdependencies across panel units.

The remainder of the paper is organised as follows. Section 2 introduces the baseline

PVAR framework and presents the Panel Spike-and-Slab Lasso estimator. Section 3

reports Monte Carlo evidence on estimation and forecasting performance. Sections 4 and

5 provide empirical applications to financial contagion and international macroeconomic

forecasting, respectively. Section 6 concludes.

2 Empirical Framework

2.1 General Specification

We consider a Panel Vector Autoregression (PVAR) model with N cross-sectional units

(e.g., countries), each observed over T periods. For each unit i = 1, . . . , N and time

t = 1, . . . , T , let yit be a G× 1 vector of endogenous variables. The equation for unit i is

specified as follows:

yit =
N∑
j=1

P∑
p=1

Aij
p yj,t−p + εit, εit ∼ N (0,Σii), (2.1)

where Aij
p ∈ RG×G is the matrix of coefficients capturing the effect of the p-th lag of unit

j’s endogenous variables on those of unit i. This specification allows for both within-unit

dynamics (i = j, so unit i’s own lags influence its future) and cross-unit dynamics (i ̸= j,

so lags of other units affect unit i). The error vector εit has unit-specific covariance matrix

Σii ∈ RG×G.

Letting Yt = (y′1t, . . . , y
′
Nt)

′ ∈ RNG×1 denote the stacked vector of all units’ endogenous

variables, the system of PVAR equations can be written in compact form as:

Yt = A1Yt−1 +A2Yt−2 + · · ·+APYt−P + εt, εt ∼ N (0,Σ), (2.2)
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where each Ap ∈ RNG×NG is a block matrix that collects the coefficient matrices Aij
p

for all unit pairs (i, j), and εt = (ε′1t, . . . , ε
′
Nt)

′ ∈ RNG×1 is the stacked vector of error

terms. The covariance matrix Σ ∈ RNG×NG captures both the within-unit covariances

Σii and the cross-unit covariances Σij = Cov(εit, εjt), defined in a blockwise manner.

Equation (2.2) can be further expressed in vectorized form as:

Yt = ZtA+ εt, (2.3)

where Zt = ING⊗X ′
t, with Xt =

(
I, Y ′

t−1, . . . , Y
′
t−P

)′, and A = (vec(A1)
′, . . . , vec(AP )

′)′ ∈

RK×1 is the stacked vector of all PVAR parameters, with K = PN2G2. The number of

parameters grows rapidly with the number of units, variables, and lags, leading to sub-

stantial dimensional complexity. Without any restrictions, the model in equation (2.3)

is referred to as the unrestricted PVAR, comprising PN2G2 parameters for the autore-

gressive coefficients and NG(NG+1)
2

parameters in the symmetric covariance matrix Σ.

To improve tractability and interpretability, researchers have introduced restrictions

that reflect two key structural features of the PVAR: dynamic interdependencies (DI)

and cross-sectional heterogeneity (CSH), as emphasized in Canova and Ciccarelli (2013)

and Koop and Korobilis (2016). Dynamic interdependencies refer to the possibility that

lagged endogenous variables from one unit influence the current outcomes of another.

These interactions are encoded in the off-diagonal blocks Aij
p , where i ̸= j. Cross-sectional

heterogeneity, on the other hand, reflects the idea that the own-lag dynamics of each unit,

represented by the diagonal blocks Aii
p , may differ across units.3

To make these structures explicit, it is useful to represent the full lag-p coefficient

matrix as a block matrix:

Ap =


A11

p A12
p · · · A1N

p

A21
p A22

p · · · A2N
p

... ... . . . ...

AN1
p AN2

p · · · ANN
p

 , (2.4)

3While some studies impose restrictions on static interdependencies (SI)—which refer to contempo-
raneous correlations in the innovations across units, typically captured by the off-diagonal blocks of
the covariance matrix Σ—our focus in this paper is solely on the dynamic propagation of shocks and
unit-level heterogeneity. Accordingly, we do not impose or estimate SI restrictions and instead allow for
contemporaneous dependence flexibly through a fully unrestricted error covariance matrix.
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where each submatrix Aij
p describes the impact of the p-th lag of unit j’s endogenous

variables on those of unit i. The diagonal blocks correspond to own-lag effects (and

reflect CSH when these differ across i), while the off-diagonal blocks represent dynamic

linkages across units (DI).

In practice, it is often reasonable to impose sparsity on the off-diagonal blocks Aij
p

for j ̸= i, since not all units are likely to be directly influenced by all others. For a

given unit i, there are N − 1 such potential DI restrictions at each lag. Across all units,

the model admits up to N(N − 1) dynamic interdependency restrictions. Similarly, in

some empirical settings, it may be appropriate to constrain own-lag structures to be

homogeneous across units—for example, by imposing Aii
p = Ajj

p for i ̸= j. The number

of such non-cross-sectional heterogeneity restrictions is bounded above by N(N−1)
2

.

This structured decomposition of the coefficient space allows for flexible modeling of

both cross-unit spillovers and unit-specific dynamics, while also enabling the imposition

of economically meaningful sparsity or homogeneity restrictions. Such structure is par-

ticularly valuable in high-dimensional macroeconomic applications, where parsimony and

interpretability are essential for reliable estimation and inference.

2.2 Panel Spike-and-Slab Lasso

To flexibly accommodate both both dynamic inter-dependencies (DI) across units and

cross-sectional heterogeneity (CSH) in own-lag dynamics, we consider a Panel Spike-and-

Slab Lasso (PSSL) prior setting. This framework imposes targeted shrinkage at the group

level by applying distinct priors to off-diagonal and diagonal coefficient blocks. The spike-

and-slab design distinguishes between coefficients likely to be irrelevant (shrunk toward

zero) and those expected to be substantively different from zero. This distinction is

governed by binary latent variables that probabilistically switch between two regimes: a

“spike” component that strongly pulls parameters toward zero, and a “slab” component

that allows for more diffuse, less-penalized deviations from zero.

2.2.1 Dynamic Interdependency (DI) Prior

To model potential DI across units, we assign a group-level spike-and-slab prior to the

coefficient block Aij
p , modeled as a mixture of two double-exponential (DE) distributions:4

4Double-exponential is also known as Laplace.
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π(Aij
p | γDI

p,ij) = (1− γDI
p,ij) Φ0

(
Aij

p | λ0

)
+ γDI

p,ij Φ1

(
Aij

p | λ1

)
, (2.5)

where Φ0 and Φ1 are double-exponential (DE) densities with different scales. For each

block of off-diagonal coefficients
{
Aij

p

}
with i ≠ j, we introduce a latent binary indicator

γDI
p,ij ∈ (0, 1). This indicator determines whether a given block is included in the model

(γDI
p,ij = 1: presence of DI) or excluded (γDI

p,ij = 0: no DI), and follows a Bernoulli

distribution with prior:

γDI
p,ij ∼ Bernoulli(θDI). (2.6)

This prior structure can be written hierarchically as:

Aij
p | τ 2k,ij , γDI

p,ij = DE
(
0, τ 2k,ij

)
, if γDI

p,ij = k, (2.7)

τ 2k,ij | λ2
k ∼ exp

(
λ2
k

2

)
, k ∈ {0, 1} (2.8)

and the DE densities Φk

(
Aij

p | λk

)
correspond to:

Φk(A
ij
p | λk) =

λk

2
exp(−λk∥Aij

p ∥1), k ∈ {0, 1}, λ0 > λ1 > 0.

The “spike” component Φ0 has a sharp peak and heavy penalization, inducing strong

shrinkage toward zero and effectively eliminating insignificant cross-unit interactions. In

contrast, the “slab” component Φ1 is more diffuse, allowing relevant coefficients to remain

relatively unrestricted.

Inference on dynamic interdependencies is based on the posterior inclusion probability,

P
(
γDI
p,ij = 1 | Y1, . . . , YN

)
=

∫
P
(
γDI
p,ij = 1 | Aij

p

)
π
(
Aij

p | Y1, . . . , YN

)
dAij

p . (2.9)

which provides a data-driven measure of support for the presence of a dynamic interde-

pendency between unit i and j at lag p.

2.2.2 Cross-Sectional Heterogeneity (CSH) Prior

For diagonal blocks
{
Aii

p

}
, which represent the own-lag dynamics of each unit, we dis-

tinguish between two forms of cross-sectional shrinkage:

(a) Group Average Shrinkage (GAS): Here, deviations of each unit’s own coefficients
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from a group average Ā are modeled via:

π
(
Aii

p − Ā | γCSH
p,ij

)
= (1− γCSH

p,ij ) Φ0 (· | η0) + γCSH
p,ij Φ1 (· | η1) , (2.10)

with η0 > η1 > 0, and:

Aii
p − Ā ∼ DE

(
0, κ2

k,ij

)
, if γCSH

p,ij = k, (2.11)

κ2
k,ij ∼ exp

(
η2k
2

)
, k ∈ {0, 1}, (2.12)

γCSH
p,ij ∼ Bernoulli(θCSH). (2.13)

The spike component Φ0 enforces cross-sectional homogeneity (no CSH) by shrinking

deviations from the average toward zero, while the slab allows heterogeneity (CSH) when

supported by the data.

(b) Group Value Shrinkage (GVS): Alternatively, the prior may directly penalize

pairwise deviations between diagonal blocks:

π
(
Aii

p −Ajj
p | γCSH

p,ij

)
= (1− γCSH

p,ij ) Φ0 (· | η0) + γCSH
p,ij Φ1 (· | η1) , (2.14)

again enabling endogenous clustering of units with similar own-lag dynamics.

To impose cross-sectional homogeneity restrictions in a coherent and tractable way,

we follow Koop and Korobilis (2016) and define a global selection matrix Γ, constructed

as

Γ =
N−1∏
i=1

N∏
j=i+1

Γij, (2.15)

where each component matrix Γij encodes a pairwise no-CSH restriction between the

diagonal coefficient blocks Aii
p and Ajj

p , governed by the binary selector γCSH
p,ij . If γCSH

p,ij = 0,

the prior promotes homogeneity by shrinking Aii
p and Ajj

p toward each other. In contrast,

if γCSH
p,ij = 1, it allows for heterogeneity. The product form ensures that all pairwise

restrictions are jointly captured and propagated throughout estimation. An illustrative

example of Γij and its role in the full matrix Γ is provided in Appendix A.1.1.

To complete the model, we impose an improper Jeffreys prior on the error covariance
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matrix, π(Σ−1) ∝ |Σ|−(NG+1)/2, yielding the joint prior:

π(A,Σ) = π(Σ)
∏

(i,j)∈R

P∏
p=1

[
(1− γDI

p,ij)Φ0(A
ij
p | λ0) + γDI

p,ijΦ1(A
ij
p | λ1)

]
×

N∏
i=1

P∏
p=1

[
(1− γCSH

p,ii )Φ0(A
ii
p − Āp | η0) + γCSH

p,ii Φ1(A
ii
p − Āp | η1)

]
,

(2.16)

where R := {(i, j) : i, j = 1, . . . , N, i ̸= j} denotes the set of off-diagonal DI blocks, and

the second product is taken over the main-diagonal CSH blocks {Aii
p : i = 1, . . . , N}. This

PSSL prior specification enables scalable and interpretable Bayesian inference in high-

dimensional panel VARs by adaptively selecting which interactions matter, which units

behave similarly, and where parsimony can be imposed without sacrificing flexibility.

2.2.3 Choice of the Penalty

Figure A.4.1 presents a directed acyclic graph (DAG) that illustrates the hierarchical

structure of the Bayesian Panel Spike-and-Slab Lasso (PSSL) prior described in the pre-

vious section. It visually outlines the flow of information among the model parameters,

selection indicators, local scaling parameters, and global penalty hyperparameters. Each

arrow in the diagram corresponds to a conditional dependency in the hierarchical prior.

The latent selection indicators γDI and γCSH determine whether a given coefficient block

belongs to the spike or the slab component, with associated local scale parameters τ and

κ. These, in turn, are governed by global shrinkage parameters λ and η, which modulate

the overall degree of regularization in the prior distribution for the PVAR coefficients.

To estimate the penalty parameters λ0 and η0 associated with the spike components,

we employ a Monte Carlo Expectation-Maximization (MCEM) algorithm, following Park

and Casella (2008). At each iteration k, the Gibbs sampler is used to draw from the

conditional posteriors of all parameters, given the current values of λ
(k−1)
0 and η

(k−1)
0 .

These posterior samples are then used to update the penalty parameters in the E-step

via the following expressions:

λ
(k)
0 =

√√√√ 2r∑P
p=1

∑R
i ̸=j Eλ

(k−1)
0

[
τ 20,ij | Ỹij

] , η
(k)
0 =

√√√√ 2c∑P
p=1

∑C
i=j Eη

(k−1)
0

[
κ2
0,ij | Ỹij

] ,
where r = N(N − 1) and c = N(N − 1)/2 represent the total number of dynamic in-
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terdependency (DI) and cross-sectional heterogeneity (CSH) blocks respectively. The

expectations on the right-hand side of each equality are approximated by posterior aver-

ages of the local scale parameters τ 20,ij and κ2
0,ij from the Gibbs draws.

We initialize the spike penalty parameters with conservative values, setting λ
(0)
0 =

η
(0)
0 = 1, following Park and Casella (2008). This choice guards against overly aggressive

shrinkage in the early iterations and allows the slab component—designed to capture

large coefficients—to dominate when appropriate. This is especially important in high-

dimensional settings, where true signals might otherwise be prematurely pulled toward

zero.

For the slab components, we fix λ1 and η1 to small values, as suggested by Bai et al.

(2021), ensuring that large coefficients remain relatively unpenalized and can escape the

influence of the spike. This specification allows the model to distinguish between truly

negligible and substantively important effects.

To improve stability during early MCEM iterations, we temporarily fix the residual

covariance matrix Σ to the OLS estimator Σ̂OLS. This prevents erratic updates of Σ that

could amplify early shrinkage before the spike penalties are reliably estimated. Once λ0

and η0 have stabilized, we allow Σ to be updated within the Gibbs sampling step using

its full conditional posterior.

Overall, this MCEM-based procedure allows the global shrinkage parameters to adapt

to the data in a principled way while preserving the interpretability inherent in spike-

and-slab variable selection. Full details of the conditional posterior distributions and the

Gibbs sampling algorithm used in this procedure are provided in Appendix A.3–A.4.

2.3 Adaptive Shrinkage in PSSL

Ročková and George (2018) demonstrate that any sparsity-inducing Bayesian prior π(A)

can be equivalently expressed within a penalized likelihood framework, where the log-

marginal prior log π(A) functions as a penalty term. This equivalence provides a unifying

perspective bridging Bayesian and regularization approaches. Building on this insight and

following Camehl (2023), we leverage this duality to represent the posterior mode of the

PVAR model under the PSSL prior as the solution to the following penalized likelihood
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optimization problem:

argmin
A

{
1

T
tr [(Yt − ZtA)′Ω(Yt − ZtA)] + pen(Λ,A, Ā)

}
, (2.17)

where Ω = Σ−1 is the precision matrix and tr(·) denotes the trace. The coefficient vector

A = (vec(A1)
′, vec(A2)

′, . . . , vec(AP )
′)′ stacks all VAR coefficient matrices across lags.

For each lag p, the matrix Ap is structured into block components Aij
p capturing the

effect of variable group j on group i.

The penalty function pen(Λ,A, Ā) encodes prior shrinkage and captures two essen-

tial features: (i) Dynamic Interdependencies (DI) across cross-sectional units, where

off-diagonal elements Aij
p for i ̸= j are shrunk toward zero; (ii) Cross-Sectional Hetero-

geneity (CSH) among own-lag coefficients Aii
p , which are either shrunk toward a group

mean Ā or a cross-sectional pair Ajj
p .

2.3.1 DI Penalty and Posterior Inclusion Probability

The DI penalty promotes sparsity in the off-diagonal blocks, which capture interdepen-

dencies across units. Following Ročková and George (2018), we define the DI penalty as

the logarithm of the ratio between the conditional prior density evaluated at A and its

value at zero.

Let γDI
p,ij ∼ Bernoulli(θDI

ij ), θDI
ij ∈ (0, 1), and π(Aij

p | θDI
ij ) be the spike-and-slab Laplace

mixture prior given θDI
ij :

π(Aij
p | θDI

ij ) = θDI
ij Φ1(A

ij
p ) + (1− θDI

ij ) Φ0(A
ij
p ), (2.18)

where Φ0(·) and Φ1(·) are the spike and slab densities given by

Φ0(a) =
λ0

2
exp(−λ0∥a∥1), Φ1(a) =

λ1

2
exp(−λ1∥a∥1), 0 < λ1 < λ0. (2.19)

Here Φ0(·) and Φ1(·) are specified as block-level Laplace kernels depending on the scalar

block norm ∥Aij
p ∥1. Thus the normalizing factor is taken to be λk/2, following the scalar

PSSL form, rather than the product-Laplace normalizing constant for the vectorized

block.
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Definition 1 (PSSL penalty under DI restriction) The posterior inclusion proba-

bility associated with the conditional spike-and-slab Laplace mixture prior is

PγDI
p,ij=1(A

ij
p ) :=

θDI
ij Φ1(A

ij
p )

θDI
ij Φ1(A

ij
p ) + (1− θDI

ij ) Φ0(A
ij
p )

. (2.20)

The panel spike-and-slab lasso (PSSL) penalty under the DI restriction is

penDI(A | θDI) = log

(
π(A | θDI)

π(0 | θDI)

)
, (2.21)

which is centered such that penDI(0 | θDI) = 0.

The inverse of the posterior inclusion probability in (2.20) is:

[
PγDI

p,ij=1(A
ij
p )
]−1

=
θDI
ij Φ1(A

ij
p ) + (1− θDI

ij ) Φ0(A
ij
p )

θDI
ij Φ1(A

ij
p )

= 1 +
1− θDI

ij

θDI
ij

·
Φ0(A

ij
p )

Φ1(A
ij
p )

.

Using the expressions of Φ0(A
ij
p ) and Φ1(A

ij
p ) from (2.19), it is straightforward to see

that
Φ0(A

ij
p )

Φ1(A
ij
p )

=
λ0

λ1

exp
(
− (λ0 − λ1) ∥Aij

p ∥1
)
.

Thus, we obtain

PγDI
p,ij=1(A

ij
p ) =

[
1 +

λ0

λ1

(
1− θDI

ij

θDI
ij

)
exp
(
− (λ0 − λ1) ∥Aij

p ∥1
)]−1

. (2.22)

Expression (2.22) reflects two key forms of adaptivity. First, as ∥Aij
p ∥1 increases, the

exponential term decays, driving the inclusion probability toward one. This shifts the

coefficient into the slab component, thereby reducing shrinkage. Second, the difference

between λ0 and λ1 governs the sharpness of the spike–slab contrast: a larger gap leads

to more decisive transitions. As a result, large coefficients are more likely to escape

shrinkage, while small ones are subject to stronger regularization.

Building on Definition 1, the DI prior factorizes over off-diagonal blocks Aij
p , so the log

ratio in (2.21) separates additively by block. The next proposition provides the blockwise

decomposition, isolating an explicit ℓ1-shrinkage term from a data-driven adjustment

governed by the posterior inclusion probability (2.20).
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Proposition 1 (Blockwise decomposition of the DI penalty) Under Definition 1,

for any off-diagonal block Aij
p ,

penDI(A
ij
p | θDI

ij ) = −λ1 ∥Aij
p ∥1 + log

(
PγDI

p,ij=1(0)

PγDI
p,ij=1(A

ij
p )

)
, (2.23)

where PγDI
p,ij=1(·) is the posterior inclusion probability defined in (2.20). The first term is

the baseline ℓ1-shrinkage induced by the slab; the second is an adaptive correction governed

by the posterior inclusion probability.

Proposition 1 expresses the penalty in terms of the posterior inclusion probability

PγDI
p,ij=1(A

ij
p ) introduced in (2.20). The following corollary uses this decomposition to

characterize the local shrinkage rate of the penalty as a weighted average of λ0 and λ1,

with weight equal to the posterior inclusion probability.

Corollary 1 (Adaptive shrinkage) For any off-diagonal block Aij
p with ∥Aij

p ∥1 > 0,

∂ penDI(A | θDI)

∂ ∥Aij
p ∥1

= −λ∗
θDI
ij
(Aij

p ), (2.24)

where the effective shrinkage rate is the posterior-inclusion-weighted average

λ∗
θDI
ij
(Aij

p ) = λ1 w(A
ij
p ) + λ0

(
1− w(Aij

p )
)
, w(Aij

p ) := PγDI
p,ij=1(A

ij
p ). (2.25)

Corollary 1 formalizes the adaptive nature of the DI penalty: the effective shrinkage rate

λ∗
θDI
ij
(Aij

p ) smoothly transitions from λ0 (heavy shrinkage, when the posterior inclusion

probability is close to zero) to λ1 (light shrinkage, when it is close to one). The transition

weight is determined endogenously by the coefficient magnitude through Proposition 1.5

[Figure 1 about here]

Figure 1a shows the shrinkage pattern implied by Equation (2.24). The gradient

begins steep near zero, indicating aggressive shrinkage for small coefficients, and flattens

as ∥Aij
p ∥1 increases, thereby selectively preserving significant dependencies.

5Proofs of Proposition 1, and Corollary 1 are provided in Appendix A.2.1, and Appendix A.2.2,
respectively.

13



2.3.2 CSH Penalty and Posterior Inclusion Probability

The cross-sectional homogeneity (CSH) penalty aims to exploit structural similarities

across units in the same group. In particular, we assume that the diagonal blocks Aii
p

for units i ∈ {1, . . . , N} are similar and can be shrunk toward a group-average matrix

Āp. For each unit, deviations ∆Aii
p := Aii

p − Āp are penalized. Following the same

spike-and-slab logic as the DI penalty, we formalize this as follows.

Let γCSH
p,ii ∼ Bernoulli(θCSH

ii ), θCSH
ii ∈ (0, 1), and π(∆Aii

p | θCSH
ii ) be the conditional

spike-and-slab Laplace mixture prior given θCSH
ii :

π(∆Aii
p | θCSH

ii ) = θCSH
ii Φ1(∆Aii

p ) + (1− θCSH
ii ) Φ0(∆Aii

p ), (2.26)

where the spike and slab densities are

Φ0(∆Aii
p ) =

η0
2
exp(−η0∥∆Aii

p ∥1), Φ1(∆Aii
p ) =

η1
2
exp(−η1∥∆Aii

p ∥1), 0 < η1 < η0.

(2.27)

Here Φ0(·) and Φ1(·) are specified as block-level Laplace kernels depending on the scalar

deviation norm ∥∆Aii
p ∥1. Again, the normalizing factor is ηk/2, following the scalar PSSL

form, rather than the product-Laplace normalizing constant for the vectorized block.

Definition 2 (PSSL penalty under CSH restriction) The posterior inclusion prob-

ability associated with the conditional spike-and-slab Laplace mixture prior is

PγCSH
p,ii =1(∆Aii

p ) :=
θCSH
ii Φ1(∆Aii

p )

θCSH
ii Φ1(∆Aii

p ) + (1− θCSH
ii ) Φ0(∆Aii

p )
. (2.28)

The panel spike-and-slab lasso penalty under the CSH restriction is

penCSH(∆A | θCSH) = log

(
π(∆A | θCSH)

π(0 | θCSH)

)
, (2.29)

which is centered such that penCSH(0 | θCSH) = 0.

The inverse of the posterior inclusion probability in (2.28) is:

[
PγCSH

p,ii =1(∆Aii
p )
]−1

=
θCSH
ii Φ1(∆Aii

p ) + (1− θCSH
ii ) Φ0(∆Aii

p )

θCSH
ii Φ1(∆Aii

p )
= 1 +

1− θCSH
ii

θCSH
ii

·
Φ0(∆Aii

p )

Φ1(∆Aii
p )

.
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Substituting the Laplace densities expression from (2.27), the ratio simplifies to

Φ0(∆Aii
p )

Φ1(∆Aii
p )

=
η0
η1

exp
(
− (η0 − η1) ∥∆Aii

p ∥1
)
.

Thus, we obtain

PγCSH
p,ii =1(∆Aii

p ) =

[
1 +

η0
η1

(
1− θCSH

ii

θCSH
ii

)
exp
(
− (η0 − η1) ∥∆Aii

p ∥1
)]−1

. (2.30)

This probability behaves similarly to its DI counterpart. For units with strong devia-

tions from the group trend (large ∥∆Aii
p ∥1), the inclusion probability is high, reducing

shrinkage. Conversely, smaller deviations are aggressively shrunk to zero.

By Definition 2, the CSH prior factorizes over diagonal-block deviations {∆Aii
p },

so the log-ratio in (2.29) separates additively by block. The next proposition provides

the blockwise decomposition, isolating an explicit ℓ1-shrinkage term from a data-driven

adjustment governed by the posterior inclusion probability (2.28).

Proposition 2 (Blockwise decomposition of the CSH penalty) Under Definition 2,

for any diagonal-block deviation ∆Aii
p ,

penCSH(∆Aii
p | θCSH

ii ) = −η1 ∥∆Aii
p ∥1 + log

(
PγCSH

p,ii =1(0)

PγCSH
p,ii =1(∆Aii

p )

)
, (2.31)

where PγCSH
p,ii =1(·) is the posterior inclusion probability defined in (2.28). The first term is

the baseline ℓ1-shrinkage induced by the slab; the second is an adaptive correction governed

by the posterior inclusion probability.

Because the CSH prior is conditionally independent across blocks, the total CSH penalty

decomposes as

penCSH(∆A | θCSH) = −η1 ∥∆A∥1 +
R∑
i=1

P∑
p=1

log

(
PγCSH

p,ii =1(0)

PγCSH
p,ii =1(∆Aii

p )

)
, (2.32)

where ∥∆A∥1 =
∑R

i=1

∑P
p=1 ∥∆Aii

p ∥1. Equation (2.31) expresses the penalty in terms

of the posterior inclusion probability PγCSH
p,ii =1(∆Aii

p ) introduced in (2.28). The following

corollary uses this decomposition to characterize the local shrinkage rate of the penalty as
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a weighted average of η0 and η1 with weight equal to the posterior inclusion probability.6

Corollary 2 (Adaptive shrinkage in the CSH penalty) For any diagonal-block de-

viation ∆Aii
p with ∥∆Aii

p ∥1 > 0,

∂ penCSH(∆A | θCSH)

∂ ∥∆Aii
p ∥1

= − η∗θCSH
ii

(∆Aii
p ), (2.33)

where the effective shrinkage rate is the posterior-inclusion-weighted average

η∗θCSH
ii

(∆Aii
p ) = η1 w(∆Aii

p ) + η0
(
1− w(∆Aii

p )
)
, w(∆Aii

p ) := PγCSH
p,ii =1(∆Aii

p ). (2.34)

As shown in Figure 1b, this penalty generates a smooth transition from high shrinkage

(near the origin) to low shrinkage (farther from the group mean), balancing structure and

flexibility.

3 Monte Carlo Experiments

We conduct a series of Monte Carlo experiments designed to evaluate the ability of the

proposed PSSL method to recover structural features of panel VAR systems. The data-

generating processes are constructed to isolate the roles of dynamic interdependencies

(DI), cross-sectional heterogeneity (CSH), and their interaction. This design enables a

direct assessment of how well the estimator identifies the relevant propagation structure

and how alternative restrictions affect estimation accuracy and forecasting performance.

Each DGP is evaluated under low, moderate, and high-dimensional settings, defined

by progressively increasing the sparsity of the coefficient matrix A. We vary the cross-

sectional dimension with N = 3, 5, and 10, while holding the time dimension fixed at

T = 100. To capture different levels of within-unit richness, we consider G = 2 and

G = 4, corresponding to limited and more informative variable sets, respectively. The

VAR specification includes a single lag (P = 1). Simulation results are reported for

six configurations, covering different combinations of N and G, thereby allowing us to

examine how the performance of the model scales with dimensionality.
6Proofs of Proposition 2, and Corollary 2 are provided in Appendix A.2.3, and Appendix A.2.4,

respectively.
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3.1 Experiment Design

Figure 2 illustrates the specific autoregressive coefficient patterns used in each DGP,

offering a visual summary of their structural designs.

[Figure 2 about here]

DGP1 (Both DI and CSH Restrictions): DGP1 is constructed to assess the abil-

ity of the estimator to recover both dynamic interdependencies (DI) and cross-sectional

heterogeneity (CSH). The cross-sectional units follow a hierarchical structure in which

unit 1 influences all other units but is not affected by them, unit 2 transmits shocks only

to units lower in the hierarchy, and so on, while units from position 4 onward are iso-

lated and do not affect others. This design is reflected in the coefficient matrix through

nonzero lower-triangular off-diagonal blocks for units 1–3, with all remaining off-diagonal

blocks set to zero. At the same time, the diagonal blocks contain a mixture of common

and unit-specific dynamics, generating cross-sectional heterogeneity that must be inferred

from the data. All nonzero coefficients are drawn independently from the uniform dis-

tribution on [−0.9, 0.9], allowing for variation in both the magnitude and direction of

interactions across units.

DGP2 (DI Restriction Only): DGP2 extends the baseline design of DGP1 by re-

moving cross-sectional homogeneity. Specifically, all diagonal coefficient blocks are set

to distinct values, i.e., A1,1 ̸= A2,2 ̸= · · · ̸= AN,N , so that only dynamic interdependencies

(DI) need to be identified. In this setting, the true value of the CSH shrinkage indicator

is γCSH = 1, implying the absence of homogeneity restrictions across units. A well-

performing estimator should therefore recover posterior estimates γ̂CSH close to one. The

off-diagonal structure is kept unchanged from DGP1, thereby preserving the hierarchical

pattern of shock transmission across units.

DGP3 (CSH Restriction Only): DGP3 is characterised by a dense coefficient matrix

with weak but pervasive dynamic interdependencies, such that most off-diagonal blocks

are nonzero but small in magnitude. This design reduces the relevance of DI restriction

search, as spillovers are present across units by construction and should therefore not be

strongly shrunk. In contrast, the diagonal blocks replicate the structure introduced in

DGP1, with some units sharing common own-dynamics while others exhibit unit-specific

persistence. This configuration motivates a search for cross-sectional heterogeneity (CSH)
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restrictions. Consistent with this design, the true value of the DI shrinkage indicator is

γDI = 1, implying that accurate estimation should yield posterior estimates γ̂DI close to

one and hence only limited regularization of the off-diagonal coefficients.

To benchmark the performance of the PSSL approach, we compare it with several

well-established alternatives. These include the Stochastic Search Variable Selection (S4)

method of Koop and Korobilis (2016), the Bayesian Lasso (BL), and the Bayesian Fused

Lasso (BFL). Together, these approaches represent two prominent shrinkage paradigms

in Bayesian sparse modelling: mixture-normal priors (S4) and Laplace-based priors (BL

and BFL).7

We further compare the proposed estimator with the frequentist penalised panel VAR

of Camehl (2023), as well as with factor-based benchmarks that model cross-sectional de-

pendence through cross-sectional shrinkage (Canova and Ciccarelli, 2009). In addition,

we include the Global VAR (GVAR) model of Dees et al. (2007), which captures interna-

tional spillovers using weighted foreign variables constructed from cross-country linkages.

As discussed by Koop and Korobilis (2016), the S4 approach employs a mixture of

normal distributions with a calibrated shrinkage parameter, typically inducing relatively

mild and smooth regularisation. This often leads to so-called soft sparsity, whereby both

noise and weak signals are retained due to the light tails of the normal distribution. By

contrast, the Laplace priors underlying BL and BFL impose stronger shrinkage around

zero, thereby promoting more aggressive sparsity while still allowing large coefficients

to escape penalisation through their heavier tails. The BFL further extends this frame-

work by incorporating a fused penalty that encourages similarity across neighbouring

coefficients, promoting local smoothness or block-wise structure.8

7While restrictions on static interdependencies (SI) are important for structural analysis and have
been emphasised by Canova and Ciccarelli (2009) and Koop and Korobilis (2016), we do not impose
them here. Our focus is on forecasting rather than structural inference, consistent with the forecasting
oriented framework of Korobilis (2016).

8The fused component adds a penalty on successive coefficient differences,
∑

|βj − βj−1|, in addition
to the standard Lasso penalty on coefficient magnitudes. In contrast, the Bayesian Lasso penalises only
the absolute values of the coefficients, encouraging sparsity but not smoothness across adjacent effects.
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Table 1: Estimation Accuracy - Relative RMSE (G = 4)

Spike & Slab Regularization Frequentist
GVS GAS BL BFL CC GVAR S4 Lasso

(λ, c, α,Σ)

A. DGP 1
N = 5 1.00 1.01 8.54 2.86 95.46 104.25 4.92 15.89
N = 10 1.00 1.09 6.62 3.30 60.5 94.84 3.53 10.60

B. DGP 2
N = 5 1.00 1.02 8.20 2.82 90.19 111.53 4.72 15.32
N = 10 1.00 1.08 6.67 3.32 61.39 71.35 3.52 10.67

C. DGP 3
N = 5 1.00 1.07 1.63 0.97 31.3 36.62 0.99 10.25
N = 10 1.00 1.03 1.87 0.99 21.98 25.6 0.99 8.98

Note: Average estimation errors across three DGPs (G = 4) and two sample
sizes (N = 5, 10), normalized to GVS. Values below 1.00 indicate better perfor-
mance. GVS and GAS are Bayesian selection methods; BL and BFL are Bayesian
shrinkage methods; CC denotes factor-based models; GVAR is a global VAR with
weighted averages; S4 is a stochastic selection procedure; Lasso uses frequentist
penalization.

3.2 Estimation Accuracy

We evaluate estimation accuracy using the root mean squared error (RMSE) of the au-

toregressive coefficient matrix A. In our framework, RMSE is defined as

RMSE =

√√√√ 1

K

P∑
p=1

N∑
i,j=1

G∑
l,k=1

(
α̃i,j
l,k − αi,j

l,k

)2
, (3.1)

where K = PN2G2 denotes the total number of coefficients, α̃ represents the estimated

coefficients, and α denotes the true parameter values.

Table 1 reports estimation accuracy for the four-variable specification (G = 4) across

the three data-generating processes (DGPs 1–3) and two panel dimensions (N = 5 and

N = 10). The results show that the proposed group-value shrinkage estimator (GVS)

consistently delivers the highest estimation accuracy across most configurations. By ex-

ploiting block-specific shrinkage, GVS effectively captures heterogeneous dynamic link-

ages across panel units and outperforms alternative methods — including Bayesian Lasso

(BL), Bayesian fused Lasso (BFL), stochastic search selection (S4), and frequentist Lasso

— in both sparse (DGPs 1–2) and relatively dense (DGP 3) environments.
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The performance gains are particularly pronounced in sparse settings characterised by

strong dynamic interdependency restrictions. In DGPs 1 and 2, adaptive shrinkage plays

a crucial role in distinguishing economically relevant spillovers from negligible interac-

tions. Relative to non-adaptive shrinkage approaches such as BL and BFL, the proposed

estimator more effectively eliminates irrelevant coefficients, leading to substantially lower

RMSE values. In contrast, under DGP 3 — where the restriction structure is driven

primarily by cross-sectional homogeneity rather than sparsity — the relative advantage

of adaptive shrinkage is reduced. In this case, the estimation accuracy of S4 and BFL

becomes comparable to that of the PSSL-based estimators, reflecting the limited scope

for sparsity-driven gains when most dynamic interdependencies are weak but pervasive.

Additional results reported in Appendix Table A.5.1 indicate that when the group

structure is simpler (G = 2), the group-average shrinkage estimator (GAS) performs

particularly well, especially in sparse designs with larger panel dimensions. This finding

highlights the complementary nature of the two proposed estimators: GAS is better

suited to environments with limited group heterogeneity, while GVS becomes increasingly

advantageous as the richness of cross-sectional structure rises. Importantly, both adaptive

estimators exhibit clear improvements over non-adaptive alternatives as dimensionality

increases.

By contrast, the factor-based CC model exhibits substantially weaker estimation ac-

curacy. Because it summarises cross-sectional dependence through a small number of

latent common components rather than explicitly modelling sparse bilateral interdepen-

dencies, it is less well aligned with the heterogeneous propagation structures embedded in

the DGPs. Similarly, the large RMSE values observed for the GVAR benchmark reflect a

structural mismatch between the model specification and the underlying data-generating

processes. In particular, the GVAR framework captures spillovers using pre-specified

weighted averages of foreign variables. When the true transmission mechanism involves

sparse and heterogeneous bilateral linkages, this aggregation leads to specification error

that accumulates across equations, resulting in markedly poorer estimation performance.

3.3 Forecasting Accuracy

To evaluate the out-of-sample forecasting accuracy of each method, we partition the

total sample of length T into a training set of size Ttrain and a hold-out test set of size
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Ttest = T − Ttrain. We fix the test window to Ttest = 12, implying Ttrain = T − 12 for

all simulations. For each Monte Carlo replication, we compute the h-step-ahead mean

squared forecast error (MSFE) for variable l in unit i as:

MSFEi
l(h) =

1

Ttest − h+ 1

T−h∑
t=Ttrain

(
Ŷ i
l,t+h − Y i

l,t+h

)2
, (3.2)

where Ŷ i
l,t+h denotes the h-step-ahead forecast made at time t using information available

up to Ttrain, and Y i
l,t+h is the observed value at t+ h. Forecasts are generated recursively

for each t = Ttrain, . . . , T − h and for forecast horizons h = 1, . . . , hmax. In our analysis,

we set the maximum forecast horizon to hmax = 12.

Table 2 reports relative MSFEs for the four variable specification (G = 4) across the

three DGPs and two panel dimensions (N = 5 and N = 10), normalised to the GVS

benchmark. Values below one indicate superior performance relative to GVS and vice

versa. For the two-group specification (G = 2), the corresponding results are reported

in Appendix Table A.5.2 and are normalised to GAS, because GAS provides the more

relevant adaptive benchmark when the group structure is less rich.9

Two main findings emerge from the forecasting exercise. First, the advantages of

adaptive shrinkage become increasingly pronounced as the dimensionality of the panel

rises. In smaller systems (N = 5), differences across estimators are relatively modest. In

this setting, non-adaptive shrinkage approaches such as BL and BFL, as well as stochastic

search variable selection (S4), remain competitive and, in the case of DGP 3, perform

better. However, when the dimension increases to N = 10, the proposed GVS estimator

delivers systematically lower MSFEs in the sparse designs (DGPs 1–2), while performing

comparably to competing methods in the denser environment (DGP 3).

This pattern closely mirrors the estimation results and highlights the key advantage

of adaptive shrinkage: its ability to detect and retain the relevant bilateral transmission

channels while aggressively shrinking irrelevant coefficients toward zero when dynamic

interdependencies are sparse. By contrast, when the primary restrictions arise from cross-

sectional homogeneity rather than sparsity, as in DGP 3, the benefits of shrinkage toward
9The GVAR benchmark is excluded from the forecasting comparison because its structural misspec-

ification in the simulated environments—already evident in the estimation accuracy results—leads to
poor predictive performance. In particular, the use of pre-specified weighted averages to summarise
cross-sectional dependence fails to capture the sparse and heterogeneous bilateral spillovers embedded
in the DGPs, resulting in rapidly increasing forecast errors, particularly at longer horizons.
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Table 2: Average Relative RMSFE Across Forecast Horizons for DGP1–DGP3, N ∈
{5, 10}, and G = 4

PSSL Other Bayesian Methods Factor Lasso
Horizon GVS GAS BL BFL S4 CC (λ, c, α,Σ)

Panel A: N = 5

DGP1
h = 1 1.00 1.08 1.00 0.99 1.03 1.75 1.04
h = 3 1.00 1.12 0.99 0.99 1.01 1.31 1.20
h = 6 1.00 1.14 1.01 1.01 1.02 1.03 1.00
h = 12 1.00 1.20 1.00 0.99 1.00 1.04 0.93
DGP2
h = 1 1.00 1.08 0.99 0.98 1.01 1.96 1.04
h = 3 1.00 1.11 0.97 0.97 0.99 1.44 1.20
h = 6 1.00 1.13 0.99 0.99 1.00 1.09 1.00
h = 12 1.00 1.15 0.99 0.99 1.00 0.88 0.93
DGP3
h = 1 1.00 1.17 0.91 0.91 0.92 4.28 2.29
h = 3 1.00 1.23 0.87 0.87 0.87 2.25 1.53
h = 6 1.00 1.36 0.81 0.81 0.81 1.68 1.37
h = 12 1.00 4.55 0.69 0.69 0.69 1.17 12.81

Panel B: N = 10

DGP1
h = 1 1.00 1.01 1.11 1.11 1.09 2.80 0.95
h = 3 1.00 1.01 1.08 1.08 1.08 2.04 1.14
h = 6 1.00 1.01 1.06 1.06 1.06 1.25 1.00
h = 12 1.00 1.01 1.06 1.07 1.05 0.83 0.79
DGP2
h = 1 1.00 1.01 1.13 1.13 1.10 3.11 0.97
h = 3 1.00 1.01 1.10 1.10 1.09 1.94 1.24
h = 6 1.00 1.02 1.07 1.07 1.07 1.17 1.12
h = 12 1.00 1.01 1.03 1.03 1.03 0.78 0.84
DGP3
h = 1 1.00 1.11 0.99 0.99 1.04 4.25 2.51
h = 3 1.00 1.24 0.99 0.99 1.04 2.50 1.80
h = 6 1.00 1.42 0.99 0.99 1.03 1.95 1.60
h = 12 1.00 1.82 1.00 1.00 1.02 1.58 1.43

Notes: The table reports average relative root mean squared forecast errors (RMSFE) across countries
and variables. Each entry is computed as RMSFEm/RMSFEGVS, so values below one indicate an
improvement relative to the GVS benchmark. GAS denotes an alternative PSSL specification; BL, BFL,
and S4 denote alternative Bayesian shrinkage methods; CC is a factor-based model; GVAR is a global
VAR with weighted foreign variables; and Lasso is a penalized regression model with tuning parameters
(λ, c, α,Σ).

zero are naturally more limited. As a result, predictive performance across estimators

becomes more similar in such settings.
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Examining the behaviour of individual estimators helps clarify the sources of these

differences in predictive performance. Relative to BL, BFL, and frequentist Lasso, the

proposed estimators benefit from shrinkage that adapts jointly to dynamic interdepen-

dency (DI) and cross-sectional homogeneity (CSH) structures. In particular, Lasso per-

forms relatively poorly at short and medium horizons, as its global penalisation tends

to overshrink coefficients and attenuate economically meaningful transmission mecha-

nisms. By contrast, the Laplace-based spike-and-slab structure underlying the PSSL

framework allows weak interactions to be strongly penalised while preserving persistent

signals, thereby improving short-horizon forecast accuracy. The factor-based CC model

exhibits poor performance at shorter horizons but becomes more competitive at longer

horizons. This reflects the fact that common-component structures are less effective when

short-run forecasts depend on heterogeneous bilateral linkages, yet can capture persistent

co-movements that dominate at longer horizons.

Second, the richness of the group structure determines which adaptive estimator per-

forms best. When group heterogeneity is substantial (G = 4), GVS delivers superior

forecasting performance, consistent with its ability to accommodate complex cross-group

dynamics. By contrast, when group information is more limited (G = 2), GAS performs

better in the sparse DGPs. These findings highlight the complementary roles of the two

estimators: each is well suited to a different degree of group complexity, and both provide

clear improvements over global shrinkage methods as panel dimensionality increases.10

3.4 Data-based Simulation Results (DGP4)

The first three simulations (DGP1–DGP3) show that the proposed PSSL approach im-

proves both estimation and forecasting accuracy across a variety of sparse and dense set-

tings. We now turn to DGP4, a pseudo-realistic experiment designed to reflect the struc-

tural features of real-world macroeconomic data. This simulation draws on the dataset

of Camehl (2023) and focuses on 12 countries: ten euro area economies commonly used

in panel VAR research11—five core (Austria, Belgium, Finland, France, and the Nether-

lands) and five periphery (Spain, Greece, Ireland, Italy, and Portugal)—together with two

externally influential economies, the United Kingdom and the United States. For each
10The G = 4 results are normalised to GVS, while the G = 2 results are normalised to GAS, as each

estimator serves as the natural adaptive benchmark in the setting where it performs best.
11See, for example, Koop and Korobilis (2016) and Korobilis (2016).
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Table 3: Aggregated Forecast Performance Across Countries and Variables

Horizon PSSL Other Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

h = 1 1.00 1.08 1.21 1.20 1.25 1.05 5.40 1.16
h = 3 1.00 1.01 1.13 1.13 1.21 1.25 2.74 1.37
h = 6 1.00 1.00 0.99 1.00 1.05 1.08 2.45 1.12
h = 12 1.00 1.00 1.03 1.03 1.04 1.05 5.03 1.05

Note: This table reports the average relative Mean Squared Forecast Errors (MSFE)
across models, forecast horizons, countries, and variables. Each entry represents
MSFEmodel/MSFEbenchmark, where the benchmark is the GVS model. Models include
GAS (an alternative PSSL specification), Bayesian shrinkage priors (BL, BFL, S4), factor-
based models (CC), global VAR with weighted averages (GVAR), and a frequentist pe-
nalized regression approach (Lasso with hyperparameters (λ, c, α,Σ)). Averages are taken
across all countries and forecast variables.

country, we include four macroeconomic indicators: the Consumer Price Index (CPI),

Industrial Production Growth (IP), the Real Effective Exchange Rate (REER), and the

Unemployment Rate (UN).

To generate the pseudo-real data-generating process (DGP4), we first estimate a VAR

using the full sample via ordinary least squares (OLS) to obtain the coefficient matrix

AOLS. We then use AOLS to generate fitted values Ŷ , which serve as the simulated

dependent variables. This approach preserves the underlying empirical structure of the

data and simulates the conditions a researcher would face in this applied setting. Figure 3

illustrates the data construction and simulation process.

[Figure 3 about here]

Table 3 reports aggregate forecast performance, with relative MSFE averaged across

countries and variables. These averages summarize the overall predictive accuracy of each

method across countries. Figure 4 complements this by presenting country-level MSFE re-

sults 12, while the detailed numerical values are provided in Appendix Tables A.5.3–A.5.6.

The country-level results allow us to assess whether the aggregate findings are consistent

across individual countries and to evaluate the extent of cross-country heterogeneity in

forecast performance. In all cases, results are normalized to the GVS benchmark.
12GVAR is excluded from the figure because its large forecast errors in several countries would distort

the scale; the corresponding results are nevertheless reported in the appendix.
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At the aggregate level, the proposed GVS estimator delivers consistently strong fore-

casting performance, particularly at short and medium horizons (h = 1 and h = 3). Its

relative advantage over competing approaches reflects the adaptive nature of its shrink-

age mechanism. Compared with non-adaptive shrinkage specifications, GVS produces

lower forecast errors because fixed penalty structures tend to overshrink economically

meaningful coefficients toward zero. This difference becomes less pronounced at longer

horizons, where persistent common dynamics play a greater role in determining predictive

accuracy. The results also indicate that GVS systematically outperforms the stochastic

search selection procedure (S4), highlighting the benefits of Laplace-based shrinkage that

adjusts endogenously to the information content of the data rather than relying on fixed

mixture structures.

[Figure 4 about here]

Country-level results broadly reinforce the aggregate findings while highlighting sub-

stantial cross-country dispersion in the forecasting performance of alternative estimators.

At the one-step horizon (h = 1), the boxplots reveal considerable variability in relative

MSFEs across countries for most competing methods. In many cases the distributions

are wide and include several large deviations from the benchmark, indicating that these

estimators perform well in some countries but poorly in others.

As the forecast horizon increases to h = 3, this pattern largely persists. Forecast

errors for competing approaches remain dispersed across countries, suggesting that their

performance varies substantially across the panel.

At longer horizons (h = 6 and h = 12), the dispersion in relative MSFEs across

methods becomes smaller, although noticeable differences across estimators remain. This

pattern suggests that persistent common dynamics and global cyclical forces play a larger

role in shaping longer-run forecasts, reducing the influence of modelling detailed cross-

country transmission mechanisms.

Overall, the country-level evidence indicates that while alternative shrinkage methods

can perform competitively in individual cases, their forecasting accuracy varies consider-

ably across countries and horizons.
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4 Eurozone Financial Contagion

We examine the role of group-specific variable selection in the PSSL framework by revisit-

ing and extending the dataset of Koop and Korobilis (2016) to analyse financial contagion

in euro area sovereign bond markets. The relevance of cross country linkages is assessed

using posterior inclusion probabilities (PIPs).

The euro area sovereign debt crisis and its aftermath provide a natural setting for

studying spillover effects within the monetary union, given the heightened volatility in

sovereign spreads since 2008 and the asymmetric responses of member countries during

episodes of financial stress. Building on the empirical frameworks of Koop and Korobilis

(2016) and Korobilis (2016), we investigate the structure of cross-country interdependen-

cies and the dynamics of financial contagion. Our analysis uses an extended monthly

dataset covering the period January 2001 to December 2019, thereby encompassing the

pre-crisis phase, the sovereign debt crisis, and the subsequent post-crisis recovery.

The empirical specification focuses on three key variables: (i) 10-year government

bond yields, (ii) total industrial production, and (iii) average bid–ask spreads, which serve

as a proxy for market liquidity. Consistent with the existing literature, all variables are

expressed as spreads relative to Germany, commonly treated as the benchmark risk-free

economy within the euro area. This normalisation facilitates cross-country comparisons

of sovereign credit risk, real activity, and market liquidity conditions. The sample is par-

titioned into core countries (Austria, Belgium, Finland, France, and the Netherlands) and

periphery countries (Greece, Ireland, Italy, Portugal, and Spain). To ensure stationarity,

bond yields and bid–ask spreads are transformed using first differences, while industrial

production is measured in year-over-year log changes.

4.1 Model Selection and Structural Restrictions

To identify the specification most appropriate for forecasting and structural interpreta-

tion, we compare alternative PVAR models using marginal likelihood criteria. Specif-

ically, we consider five specifications. The first is the PSSL model imposing both dy-

namic interdependencies (DI) and cross-sectional heterogeneity (CSH) restrictions, im-

plemented under both the GVS and GAS shrinkage schemes. The second allows for

DI restrictions only, while permitting full cross-sectional heterogeneity. The third im-
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poses CSH restrictions while allowing unrestricted dynamic interactions. The fourth is

a fully unrestricted PVAR without shrinkage. Finally, we include the S4 model of Koop

and Korobilis (2016), which incorporates both DI and CSH through fixed, pre-calibrated

normal-mixture shrinkage.

Table 4: Model Comparison Using Marginal Likelihood (Gelfand–Dey Method)

Model DI + CSH DI CSH Unrestricted S4

GVS −41.01
−38.46

−49.48
−43.65 −42.41

GAS −50.64 −50.76

Note: The table reports the marginal log-likelihood values computed using the Gelfand–Dey
method. Larger values indicate better model fit. The columns represent alternative restrictions:
imposing both DI and CSH (“Both”), DI restriction only (“DI only”), CSH restriction only
(“CSH only”), unrestricted specification (“Unrestricted”), and the S4 method from Koop and
Korobilis (2016) (“S4”).

Table 4 reports marginal log-likelihood values computed using the Gelfand–Dey method.

The specification imposing only DI restrictions achieves the highest marginal likelihood,

indicating that dynamic spillovers play a central role in explaining variation in euro

area sovereign bond markets. By contrast, models that impose cross-sectional homo-

geneity (i.e., exclude CSH) perform poorly—indeed worse than the fully unrestricted

specification—highlighting the limitations of strong homogeneity assumptions across coun-

tries.

The GAS specification, which introduces both DI and CSH through group-average

shrinkage, yields only limited improvements relative to the CSH-only model. This sug-

gests that shrinkage toward group means may mask economically relevant within-group

variation. While some degree of homogeneity may be present, the evidence points to

heterogeneity arising primarily at the variable level rather than uniformly across group

averages. Consequently, the relatively diffuse regularisation implied by GAS appears

insufficient to capture the structural differences embedded in the data.

In contrast, GVS and S4 shrink coefficients toward group-specific targets rather than

common group means, allowing these approaches to preserve meaningful within-group

heterogeneity while still benefiting from regularisation. Among these alternatives, GVS

delivers more precise and targeted shrinkage, consistently outperforming GAS when both

DI and CSH restrictions are imposed. The S4 model also improves upon the unrestricted
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benchmark, placing its performance between that of GVS and GAS. Overall, these results

underscore the importance of regularisation strategies that balance parsimony with the

preservation of variable-level heterogeneity, rather than relying on overly smooth group-

level shrinkage that may obscure key structural features.

[Figure 5 about here]

4.2 Dynamic Interdependencies Across the Euro Area

Posterior inclusion probabilities for dynamic interdependencies (DIs) are summarized

in Tables A.7.1 and A.7.2, and visualized in Figure 513. These results highlight clear

directional asymmetries in spillover structures. Strong evidence emerges for spillovers

from core to periphery economies—for instance, France to Greece (0.96), Belgium to

Greece (0.94), and Finland to Greece (0.95). In contrast, reverse linkages such as Greece

to Austria (0.29) or Ireland to Austria (0.31) show little evidence of significant DI.

These patterns suggest that macro-financial shocks largely originate from core economies

and propagate outward. This may reflect institutional factors such as deeper financial

markets, more stable fiscal policy frameworks, and greater systemic relevance of core

countries. Within the core, interdependencies are dense and highly significant—for ex-

ample, Belgium to Austria (0.96) or Netherlands to France (0.96)—reflecting the high

integration of sovereign bond and liquidity markets.

In contrast, DI patterns among periphery countries are weaker and more variable.

Some strong bilateral linkages exist—such as Italy to Spain (0.92) or Portugal to Italy

(0.95)—but most lie in the moderate to weak range. These results mirror structural

differences among peripheral economies, which vary widely in terms of debt sustainabil-

ity, institutional quality, and exposure to external shocks. Nevertheless, some excep-

tions emerge—such as Greece and Ireland transmitting shocks to France (0.96 and 0.95,

respectively)—likely reflecting contagion during the sovereign crisis period and France’s

high exposure to peripheral debt.

Together, these findings underscore a euro area structure characterized by dominant

core-to-periphery spillovers, moderate within-core linkages, and weak periphery-to-core
13For the interpretation of the strength of evidence (from weak to strong) based on posterior proba-

bilities, see Table A.6.1 in Appendix A.6.
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Table 5: Average Relative Root of MSFE Across Countries and Variables

Horizon PSSL Other Bayesian Methods Lasso

GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

h = 1 1 1.02 1.11 1.11 1.24 0.99 2.19 0.94
h = 3 1 1.00 1.04 1.04 1.11 1.06 2.99 1.02
h = 6 1 1.00 0.98 0.98 0.98 1.04 2.49 1.01
h = 12 1 1.00 0.99 0.99 0.98 1.01 2.50 1.01

Note: This table reports the average relative Mean Squared Forecast Errors (MSFE)
across models, forecast horizons, countries, and variables. Each entry represents
MSFEmodel/MSFEbenchmark, where the benchmark is the GVS model. Models include
GAS (an alternative PSSL specification), Bayesian shrinkage priors (BL, BFL, S4), factor-
based models (CC), global VAR with weighted averages (GVAR), and a frequentist pe-
nalized regression approach (Lasso with hyperparameters (λ, c, α,Σ)). Averages are taken
across all countries and forecast variables.

transmission, consistent with a more asymmetric and hierarchical network of interdepen-

dencies.

5 Forecasting international spillovers

We next evaluate the forecasting performance of the proposed PSSL framework using

the international dataset of Camehl (2023), which also underlies the data-based simula-

tion design. This application examines the extent to which adaptive shrinkage improves

the modelling of cross-country spillovers and enhances predictive accuracy relative to

standard benchmarks.

[Figure 6 about here]

The panel comprises 12 economies—the 10 euro area countries considered in the

contagion analysis, together with the United Kingdom and the United States—thereby

capturing both intra-euro area dynamics and external macroeconomic influences. Fol-

lowing Camehl (2023), we employ monthly data from January 2000 to December 2019

on four variables: seasonally adjusted log-differences of consumer prices (CPI) and in-

dustrial production (IP), the log-differenced and demeaned real effective exchange rate

(REER), and the first difference of the unemployment rate.14 Models are estimated over
14The CPI series is seasonally adjusted using the X-13ARIMA-SEATS filter in R. The IP series is

seasonally adjusted at source. Both series are obtained from the IMF.
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the period January 2000 to December 2014, while the subsequent 60 months (January

2015 to December 2019) are reserved for forecast evaluation.

Table 5 reports average relative mean squared forecast errors (MSFE) at horizons

h = 1, 3, 6, 12, normalised to the Group Variable Selection (GVS) specification. By

construction, the benchmark takes the value one, with larger values indicating weaker

predictive performance. Across forecast horizons, the GVS specification delivers consis-

tently strong results. The alternative PSSL specification (GAS) remains competitive and

occasionally matches or slightly improves upon GVS at longer horizons, although these

gains are not systematic. Other Bayesian shrinkage approaches — including BL, BFL,

and S4 — generate reasonable forecasts but generally underperform relative to GVS. Per-

formance differences are most pronounced at short horizons (h = 1 and h = 3), whereas

predictive accuracy across methods converges at medium and longer horizons. This pat-

tern suggests that adaptive shrinkage is particularly valuable for short-to-medium-run

forecasting, where the accurate identification of dynamic bilateral spillovers plays a cen-

tral role.

While aggregate MSFEs provide a convenient summary of overall predictive perfor-

mance, they can conceal substantial cross-country heterogeneity. To evaluate the stability

of forecasting accuracy across individual economies, Figure 6 reports the country-level

distribution of relative MSFEs, with detailed numerical results presented in Appendix

Tables A.7.3–A.7.6.15

The distributional evidence broadly confirms the aggregate findings. Both GVS and

GAS exhibit relatively tight MSFE distributions centred around unity across forecast

horizons, indicating stable and robust predictive performance across countries. In con-

trast, BL, BFL, and S4 display wider dispersion, suggesting greater sensitivity to country-

specific dynamics even when their average forecasting accuracy is comparable to that of

the benchmark. This pattern reflects the limitations of global or weakly adaptive shrink-

age schemes, which may either excessively attenuate economically relevant spillovers or

fail to eliminate negligible interactions. As the forecast horizon increases, dispersion

across methods gradually narrows, consistent with the growing importance of persistent

common dynamics relative to short-to-medium-run bilateral transmission mechanisms.
15The GVAR specification is excluded from the boxplots because its large forecast errors in several

countries would distort the scale of the figures; the corresponding results are nevertheless reported in the
appendix.
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A distinct horizon-dependent performance profile also emerges for the frequentist

Lasso. The Lasso performs relatively well at the one-step horizon (h = 1), where uniform

penalisation can help stabilise short-run forecasts by mitigating estimation noise. Its

relative predictive accuracy declines at longer horizons (h = 3, h = 6, and h = 12), how-

ever, as global shrinkage attenuates economically meaningful transmission mechanisms

and weakens the persistence of dynamic spillovers. Finally, for CC, the low-dimensional

common-component structure can capture broad co-movements, but is less effective when

forecasting depends on heterogeneous country-to-country spillovers.

Overall, the empirical evidence underscores the benefits of adaptive, coefficient-level

shrinkage for modelling international spillovers. By flexibly balancing sparse bilateral

linkages with broader common dynamics, the PSSL specifications deliver stable and re-

liable forecasts across countries and horizons.

6 Conclusion

This paper develops a Bayesian framework for estimating high-dimensional panel VAR

models that combines flexibility, interpretability, and strong empirical performance. The

main contribution is the Panel Spike-and-Slab Lasso (PSSL), a hierarchical prior structure

that enables group selection at the unit–variable level while preserving dynamic interde-

pendencies across units. Unlike global shrinkage priors such as the Bayesian Lasso, which

impose uniform penalisation across coefficients, PSSL introduces component-specific,

data-driven shrinkage through spike-and-slab priors. This adaptive mechanism improves

the separation of relevant and irrelevant predictors and allows the model to capture both

sparse and dense interaction patterns.

The proposed approach also advances recent developments such as the Stochastic

Search Specification Selection (S4) prior. Although S4 accommodates dynamic interde-

pendencies (DI) and cross-sectional heterogeneity (CSH) through group-based shrinkage,

it relies on Gaussian-mixture priors with fixed variances and common inclusion probabil-

ities within groups. Such soft pooling can obscure economically meaningful within-group

differences when units exhibit divergent dynamics. By contrast, the fully hierarchical

spike-and-slab specification of PSSL allows inclusion probabilities to vary across units and

variables, yielding sharper sparsity and more informative posterior inclusion measures.
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This feature enhances the model’s ability to represent heterogeneous cross-sectional dy-

namics and contributes to improved estimation and forecasting performance, particularly

in panels characterised by uneven spillover structures.

Monte Carlo evidence shows that the proposed framework delivers notable gains in

estimation accuracy, especially in environments where only a subset of potential interde-

pendencies is active. The adaptive shrinkage mechanism allows PSSL to remain robust to

changes in the degree and distribution of sparsity, mitigating overfitting while preserving

economically relevant signals.

Two empirical applications illustrate the practical value of the method. In the analysis

of euro area sovereign bond markets, PSSL uncovers a hierarchical structure of financial

linkages characterised by dense interactions among core economies and more limited

transmission within the periphery. In an international macroeconomic forecasting ex-

ercise using a 12-country panel, the model delivers stable and competitive predictive

performance across horizons, often outperforming standard shrinkage and factor-based

benchmarks while avoiding large forecast errors.

Overall, the PSSL framework provides a flexible and empirically grounded approach

to modelling high-dimensional panel systems. By combining hierarchical variable selec-

tion with adaptive shrinkage and interpretable posterior inclusion measures, the method

offers a useful tool for analysing heterogeneous interdependencies in macroeconomic and

financial environments. Its structure is readily applicable to settings in which spillovers

and cross-sectional heterogeneity play a central role, including regional business cycles,

international policy transmission, and global financial networks.
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Figure 1: Plot of the derivative of the penalty functions
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Figure 2: Autoregressive Coefficients of the Simulated DGPs. Each row corresponds
to a different DGP (from top to bottom: DGP 1, DGP 2, DGP 3). The left column
corresponds to G = 2, and the right column to G = 4. Zero coefficients are shown
in white, while non-zero coefficients are shaded from pink to blue, with darker shades
indicating higher values. Darker blue indicates larger positive values, and darker orange
indicates larger negative values.
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Figure 5: Posterior Dynamic Interdependencies Across the Euro Area
Note: This figure visualizes the posterior dynamic interdependencies (DI) between Euro Area coun-
tries. The left panel shows linkages where the receiving country belongs to the core group (Austria,
Belgium, Finland, France, Netherlands), while the right panel displays linkages targeting the periph-
ery group (Greece, Ireland, Italy, Portugal, Spain). Arrow styles and colors indicate the strength
of posterior evidence, with thicker and darker lines representing stronger spillover effects.
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Figure 6: Country-Level Distribution of Relative MSFE for Forecast Horizons h = 1, 3, 6, 12.

Note: This figure displays the distribution of relative mean squared forecast errors (MSFE) across five
forecasting models and multiple countries. Each subplot corresponds to a forecast horizon h = 1, 3, 6, 12.
For each model, the boxplot summarizes the distribution of MSFE / Benchmark (GVS) values across
all countries. Each dot represents a single country’s relative MSFE at that horizon. A value below one
indicates better performance than the benchmark model; a value above one indicates worse performance.
The dashed line at one denotes equal performance to the benchmark.
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A.1 Model Setup

This appendix provides further details on the model specification used in the paper. We

define that the panel VAR model consists of N units, which might be countries, industry

sectors, companies, etc. A standard VAR model for each unit i includes endogenous

variables G, lags P, and over time periods T. We assume balanced panels, which implies

that the G variables are identical for each entity and are defined in the same T time

periods.

Panel VAR model for each unit i (with i = 1, · · · , N), is defined as

yi,t =
N∑
j=1

P∑
p=1

Aij
p yj,t−p + εt

= Ai1
1 y1,t−1 + · · ·+ Ai1

P y1,t−P

+ Ai2
1 y2,t−1 + · · ·+ Ai2

P y2,t−P

+ · · ·

+ AiN
1 yN,t−1 + · · ·+ AiN

P yN,t−P + εi,t,

with

yi,t =


yi1,t

yi2,t
...

yiG,t


︸ ︷︷ ︸

G×1

Aij,t
p =


αij,11,t
p αij,12,t

p · · · αij,1G,t
p

αij,21,t
p αij,22,t

p · · · αij,2G,t
p

... ... . . . ...

αij,G1,t
p αij,G2,t

p · · · αij,GG,t
p


︸ ︷︷ ︸

G×G

ϵi,t =


ϵi1,t

ϵi2,t
...

ϵiG,t


︸ ︷︷ ︸

G×1

.

yit is a G × 1 vector representing G endogenous variables of unit i at time t, while yij,t

1



denotes the endogenous variable from unit j to unit i. Ap
ij,t is a G×G coefficient matrix

that captures the response of unit i to the pth lag of unit j at time t. For ϵi,t, it follows

that ϵi,t ∼ N (0,Σii,t), where Σii,t is defined as:

Σii,t = E(ϵi,tϵ′i,t) = E


ϵi1,t

ϵi2,t
...

ϵiG,t


(
ϵi

′
1,t ϵi

′
2,t · · · ϵi

′
G,t

)
=


σii
11,t σii

12,t · · · σii
1G,t

σii
21,t σii

22,t · · · σii
2G,t

... ... . . . ...

σii
G1,t σii

G2,t · · · σii
GG,t


︸ ︷︷ ︸

G×G

.

And for

yit = Ai,1Yt−1 + · · ·+ Ai,pYt−p + εit, εit ∼ N (0,Σii), (A.1.1)

Yi,t =


y1,t

y2,t
...

yN,t


︸ ︷︷ ︸
NG×1

Ap,i =


α11,11,t
p · · · α11,1G,t

p · · · α1N,11,t
p · · · α1N,1G,t

p

α11,21,t
p · · · α11,2G,t

p · · · α1N,21,t
p · · · α1N,2G,t

p

... . . . ... . . . ... . . . ...

α11,G1,t
p · · · α11,GG,t

p · · · α1N,G1,t
p · · · α1N,GG,t

p


︸ ︷︷ ︸

G×NG

.

A.1.1 Combination Check for CSH Restriction

In order to check all possible combination of CSH, we adopt the restriction selection

matrices introduced by Koop and Korobilis (2016) to determine Γi,j:

Γ =
N−1∏
i=1

N∏
j=i+1

Γi,j. (A.1.2)

Γi,j is the selection combination matrix for γij ∈ {0, 1} and (1− γij) between countries i

and j. In more detail, each matrix Γij has a dimension of [N2 ×N2]. The diagonal ele-

ment located at Aii
p is set to a value of γCSH

p,ij , while the off-diagonal element corresponding

to Ajj
p is assigned a value of

(
1− γCSH

p,ij

)
. If every pair of countries i and j is heteroge-

neous, meaning γCSH
ij = 1, then Γij will be an identity matrix. As an example, consider

a PVAR(1) model involving two variables (G=2) from three countries (N=3). According

2



to the definition provided in equation 2.4, the coefficient matrix is shown below:

A =


A1

A2

A3

 =


A11 A12 A13

A21 A22 A23

A31 A32 A33

 . (A.1.3)

To achieve shrinkage of the homogeneous coefficients using GAS (shrink towards the

group average Ā), we have A− Ā. If γij = 0, this indicates cross-sectional homogeneity,

which implies that A− Ā = 0 or equivalently, A = Ā. The matrix Ā is given by:

Ā =


Ā 0 0

0 Ā 0

0 0 Ā

 . (A.1.4)

In this example, the dimensions of the restriction matrix of Γij are shown in equation

(A.1.5) are [9×9]. To verify cross-sectional homogeneity between country one and country

three, where A11 = A33, we perform the following steps: If homogeneity is confirmed,

indicated by γCSH
13 = 0, the element located in the first row and first column of equation

(A.1.5), A11, is replaced by Ā. This implies A11 − Ā = 0, effectively setting A11 to the

average value Ā. Simultaneously, the element in the ninth row and first column equation

(A.1.5), which is 1−γCSH
13 = 1 and corresponds to the position of A33−Ā in the vectorized

matrix A, is also replaced by Ā. This procedure ensures that A11 and A33 are equal to Ā,

achieving the intended shrinkage. If γCSH
13 = 1, it denotes cross-sectional heterogeneity,

3



suggesting different behaviors between the two countries.

Γ1,3A =

γCSH
13 0 0 0 0 0 0 0 1− γCSH

13

0 1 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0 0

0 0 0 1 0 0 0 0 0

0 0 0 0 1 0 0 0 0

0 0 0 0 0 1 0 0 0

0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 0 1





A11 − Ā

A12

A13

A21

A22 − Ā

A23

A31

A32

A33 − Ā



=



A33 − Ā

A12

A13

A21

A22 − Ā

A23

A31

A32

A33 − Ā



=



Ā

A12

A13

A21

A22

A23

A31

A32

Ā.


(A.1.5)

Using the same logic to verify cross-sectional homogeneity, if we intend to shrink A11

toward A33 with the same value, we can directly replace A11 with A33 in the vectorized

matrix A, rather than replacing both A11 and A33 with Ā.

A.2 Proofs for the DI and CSH Penalties

Notation conventions used throughout this appendix. We write θDI = {θDI
ij }i ̸=j

and θCSH = {θCSH
ii }i=j for the collections of block-level inclusion parameters, with

each component lying in (0, 1) by Definitions 1 and 2. The symbols Φ0,Φ1 denote

the spike and slab densities of whichever penalty is under discussion: in DI proofs

Φk(a) = (λk/2) exp(−λk∥a∥1), in CSH proofs Φk(v) = (ηk/2) exp(−ηk∥v∥1). Throughout

these proofs, Φ0 and Φ1 are interpreted as the block-level scalar-norm Laplace kernels de-

fined in Definitions 1 and 2; hence the ratios Φ0/Φ1 contain the factors λ0/λ1 and η0/η1,

respectively. This local re-use mirrors the parallel role of the spike–slab construction in

the two penalties and never causes ambiguity within a given proof. All derivatives are

taken with respect to the scalar norm s := ∥Aij
p ∥1 (or ∥∆Aii

p ∥1): we view penDI and

penCSH as functions of this scalar through the dependence of Φ0,Φ1 on it.
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A.2.1 Proof of Proposition 1

Proof of Proposition 1. To simplify notation, write a := Aij
p , θ := θDI

ij ∈ (0, 1), and

pγ(·) := PγDI
p,ij=1(·). By Definition 1,

π(a | θ) = θΦ1(a) + (1− θ) Φ0(a), Φk(a) =
λk

2
exp(−λk∥a∥1), k ∈ {0, 1}.

First, factoring Φ1(a) from the numerator and Φ1(0) from the denominator,

log
π(a | θ)
π(0 | θ)

= log
Φ1(a)

Φ1(0)
+ log

π(a | θ)/Φ1(a)

π(0 | θ)/Φ1(0)
. (A.2.1)

Second, since Φ1(a)/Φ1(0) = exp(−λ1∥a∥1),

log
Φ1(a)

Φ1(0)
= −λ1∥a∥1. (A.2.2)

Third, the definition of the posterior inclusion probability (2.20) gives π(a | θ)/Φ1(a) =

θ/pγ(a), which is valid since θ ∈ (0, 1) and Φ1 > 0. Applying this identity at both a and

0, the common factor θ cancels and

log
π(a | θ)/Φ1(a)

π(0 | θ)/Φ1(0)
= log

pγ(0)

pγ(a)
. (A.2.3)

Substituting (A.2.2) and (A.2.3) into (A.2.1) and restoring the original notation,

penDI(A
ij
p | θDI

ij ) = −λ1 ∥Aij
p ∥1 + log

PγDI
p,ij=1(0)

PγDI
p,ij=1(A

ij
p )

. (A.2.4)

which is (2.23).

Finally, by the conditional independence of the DI prior across blocks, the joint prior

factorizes as π(A | θDI) =
∏

i ̸=j

∏
p π(A

ij
p | θDI

ij ), so the log-ratio in (2.21) separates

additively over blocks. Summing (A.2.4) over all (i, j, p) with i ̸= j yields the global form

penDI(A | θDI) = −λ1 ∥A∥1 +
R∑
i ̸=j

P∑
p=1

log
PγDI

p,ij=1(0)

PγDI
p,ij=1(A

ij
p )

, (A.2.5)

where ∥A∥1 =
∑R

i ̸=j

∑P
p=1 ∥Aij

p ∥1.

This completes the proof.
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A.2.2 Proof of Corollary 1

Proof of Corollary 1. To simplify notation, write a := Aij
p and θ := θDI

ij . We view

penDI as a function of the scalar s := ∥a∥1 ≥ 0 through the dependence of Φ0(a),Φ1(a)

on s, and differentiate with respect to s for s > 0. The constant term log π(0 | θDI) does

not depend on s, and by the block-additive decomposition established in (A.2.5) only the

(i, j, p)-block term in log π(A | θDI) depends on s; hence the derivative reduces to that

of log π(a | θ).

First, since ∂Φk(a)/∂s = −λkΦk(a) for k ∈ {0, 1},

∂ penDI(A | θDI)

∂s
=

1

π(a | θ)
∂ π(a | θ)

∂s

=
−θ λ1 Φ1(a)− (1− θ)λ0 Φ0(a)

π(a | θ)
. (A.2.6)

Second, by the definition of the posterior inclusion probability in (2.20), the weight

θΦ1(a)/π(a | θ) equals PγDI
p,ij=1(a) =: w(a), and the complementary weight satisfies

(1− θ) Φ0(a)/π(a | θ) = 1− w(a).

Finally, splitting the numerator in (A.2.6) and substituting the weights identified in the

previous step,

∂ penDI(A | θDI)

∂ ∥Aij
p ∥1

= −
[
λ1 w(A

ij
p ) + λ0

(
1− w(Aij

p )
)]

= −λ∗
θDI
ij
(Aij

p ),

which is (2.24)–(2.25).

A.2.3 Proof of Proposition 2

Proof of Proposition 2. To simplify notation, write v := ∆Aii
p , θ := θCSH

ii ∈ (0, 1),

and pγ(·) := PγCSH
p,ii =1(·). By Definition 2,

π(v | θ) = θΦ1(v) + (1− θ) Φ0(v), Φk(v) =
ηk
2
exp(−ηk∥v∥1), k ∈ {0, 1},

where, throughout this proof, Φ0,Φ1 denote the CSH spike and slab densities (with

parameters ηk), not their DI counterparts.
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First, factoring Φ1(v) from the numerator and Φ1(0) from the denominator,

log
π(v | θ)
π(0 | θ)

= log
Φ1(v)

Φ1(0)
+ log

π(v | θ)/Φ1(v)

π(0 | θ)/Φ1(0)
. (A.2.7)

Second, since Φ1(v)/Φ1(0) = exp(−η1∥v∥1),

log
Φ1(v)

Φ1(0)
= −η1∥v∥1. (A.2.8)

Third, the definition of the posterior inclusion probability (2.28) gives π(v | θ)/Φ1(v) =

θ/pγ(v), which is valid since θ ∈ (0, 1) and Φ1 > 0. Applying this identity at both v and

0, the common factor θ cancels and

log
π(v | θ)/Φ1(v)

π(0 | θ)/Φ1(0)
= log

pγ(0)

pγ(v)
. (A.2.9)

Substituting (A.2.8) and (A.2.9) into (A.2.7) and restoring the original notation,

penCSH(∆Aii
p | θCSH

ii ) = −η1 ∥∆Aii
p ∥1 + log

PγCSH
p,ii =1(0)

PγCSH
p,ii =1(∆Aii

p )
,

which is (2.30).

A.2.4 Proof of Corollary 2

Proof of Corollary 2. To simplify notation, write v := ∆Aii
p and θ := θCSH

ii ; through-

out, Φ0,Φ1 denote the CSH spike and slab densities. We view penCSH as a function of the

scalar s := ∥v∥1 ≥ 0 through the dependence of Φ0(v),Φ1(v) on s, and differentiate with

respect to s for s > 0. The constant term log π(0 | θCSH) does not depend on s, and by

the block-additive decomposition (2.31) only the (i, p)-block term in log π(∆A | θCSH)

depends on s; hence the derivative reduces to that of log π(v | θ).

First, since ∂Φk(v)/∂s = −ηkΦk(v) for k ∈ {0, 1},

∂ penCSH(∆A | θCSH)

∂s
=

1

π(v | θ)
∂ π(v | θ)

∂s

=
−θ η1 Φ1(v)− (1− θ) η0 Φ0(v)

π(v | θ)
. (A.2.10)

Second, by the definition of the posterior inclusion probability in (2.28), the weight
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θΦ1(v)/π(v | θ) equals PγCSH
p,ii =1(v) =: w(v), and the complementary weight satisfies

(1− θ) Φ0(v)/π(v | θ) = 1− w(v).

Finally, splitting the numerator in (A.2.10) and substituting the weights identified in the

previous step,

∂ penCSH(∆A | θCSH)

∂ ∥∆Aii
p ∥1

= −
[
η1 w(∆Aii

p ) + η0
(
1− w(∆Aii

p )
)]

= − η∗θCSH
ii

(∆Aii
p ),

which is (2.33)–(2.34).

Remark The derivatives in Corollaries 1 and 2 are taken with respect to the scalar norm

s = ∥Aij
p ∥1 or s = ∥∆Aii

p ∥1. For s > 0, the displayed derivatives are ordinary derivatives.

At s = 0, they are interpreted as right derivatives with respect to the scalar norm. If

one instead differentiates with respect to individual coordinates, the usual ℓ1 subgradient

applies: ∂|aℓ| = {sign(aℓ)} for aℓ ̸= 0 and ∂|aℓ| = [−1, 1] for aℓ = 0.

8



A.3 GVS and GAS Full Conditional Posteriors

Given with λ0, λ1, η0, η1, the joint posterior probability density function of A, τ0, τ1, κ0, κ1,Σ

given Yt,Zt is

π (A,Σ | Yt,Zt) ∝ π(Yt | Σ)π(Σ)
R∏
i ̸=j

P∏
p=1

π
(
Aij

p | γDI
p,ij

) N∏
i=1

P∏
p=1

π
(
Aii

p | γCSH
p,ii

)
= π(Yt | Σ)π(Σ)

(
R∏
i ̸=j

P∏
p=1

[
θDI
ij Φ1

(
Aij

p | λ1

)
+ (1− θDI

ij )Φ0

(
Aij

p | λ0

)]
(A.3.1)

×
N∏
i=1

P∏
p=1

[
θCSH
ii Φ1

(
Aii

p Āp | η1
)
+ (1− θCSH

ii )Φ0

(
Aii

p − Āp | η0
)])

.

Then we can generate from the posterior distribution using the following full conditional

posteriors,

Aij
p | rest ∼ N (ΓµA, VA)(

1

τ0,ij

)2

| rest ∼ IGauss

(√
Σijλ2

0(
Aij

p

)2 , λ2
0

)
(

1

τ1,ij

)2

| rest ∼ IGauss

(√
Σijλ2

1(
Aij

p

)2 , λ2
1

)
(

1

κ0,ii

)2

| rest ∼ IGauss

(√
Σiiη20(

Aii
p − Ā

)2 , η20
)

(
1

κ1,ii

)2

| rest ∼ IGauss

(√
Σiiη21(

Aii
p − Āp

)2 , η21
)

Σ−1 ∼ W(S, v),

whereas

• n is total regression coefficients defining as p×NG×NG.

• S = SSE + I

• ν = T is the sampler size (or posterior degrees of freedom))
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Estimation of µA and VA: We define

VA =
(
(D′D)

−1
+ Σ⊗ Z ′

tZt

)−1

, (A.3.2)

and µA as

µA = VA

((
Σ−1 ⊗ Z ′

tZt

)
AOLS

)
. (A.3.3)

D is a diagonal matrix with D = diag(h11, · · · , hNN), and hij is defined as follows:

hij =

τ 20,ij if γDI
p,ij = 0

τ 21,ij if γDI
p,ij = 1

and

hii =

κ2
0,ii if γCSH

p,ii = 0

κ2
1,ii if γCSH

p,ii = 1

.

Estimation of λ0, λ1, η0, η1:

• Monte Carlo EM:

λ
(k)
0 =

√√√√ 2r∑P
p=1

∑R
i ̸=j Eλ

(k−1)
0

[
τ 20,ij|Ỹij

] ,
and

η
(k)
0 =

√√√√ 2c∑P
p=1

∑C
i=j Eη

(k−1)
0

[
κ2
0,ij|Ỹij

] ,
• Gamma priors on λ2

λ2
0 | rest ∼ Gamma

(
n+ r,

1

2

R∑
i ̸=j

τ 20,ij + δ

)
,

η20 | rest ∼ Gamma

(
C + r,

1

2

C∑
i ̸=j

κ2
0,ij + δ

)
.
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Yt

A Σ

γDI γCSH

γij = 0 γij = 1 γii = 0 γii = 1

λ0 τ0 λ1 τ1 η0 κ0 η1 κ1

Figure A.4.1: Panel Spike-and-Slab Lasso model for inference on PVARs

Estimation of γDI , γCSH : γDI , γCSH are update from Bernoulli distribution:

γDI
p,ij ∼ Bernoulli

(
θDI
ij

)
γCSH
p,ij ∼ Bernoulli

(
θCSH
ij

)

A.4 Prior Hyperparameters: MCMC Algorithm

The prior hyperparameters of the model include the initial value of λ0, λ1, η0, η1. These

initial values are slightly different between the Monte Carlo simulations and the empir-

ical application considering the differences in PVAR size and data structure. However,

because the penalization parameters are iteratively updated via the EM algorithm, the

choice of initial values has limited influence on the final results.

Depending on the data structure, we consider two alternative approaches for initial-

ization. A simple choice sets λ0, η0 ∈ [1, 10, 50], and fix λ2
1 = η21 = 0.1. Alternatively, in

a more data-driven way, so as to better reflect the scale and sparsity of the data. The

initial values can follow the formulas suggested by Park and Casella (2008):
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λ0
0 = r ·

√
Σ̂OLS∑P

p=1

∑R
i ̸=j

∣∣∣ÂijOLS,(p)
∣∣∣ , λ1 = ζDI ,

η00 = r ·

√
Σ̂OLS∑

p = 1P
∑C

i=j

∣∣∣ÂOLS,(p)
ij

∣∣∣ , η1 = ζCSH .

Here, ÂOLS and Σ̂OLS denote the OLS estimators of the coefficient matrices and the

residual covariance matrix, respectively. The scaling ensures that the spike penalties λ0

and η0 reflect the magnitude and sparsity of the data.

The slab penalties λ1 and η1 are initialized to be smaller than the corresponding spike

penalties, typically satisfying:

λ1 = δλ · λ0, η1 = δη · η0, where δλ, δη ∈ [10−1, 10−4]. (A.4.1)

This choice reflects the intuition that the slab component should allow for large, non-

zero coefficient with relatively mild shrinkage, while the spike component enforces strong

shrinkage on irrelevant coefficients. In practice, the scaling factor δη and δη can be chosen

based on the data structure, typically in the range of 0.001 to 0.1.

Once initialized, the slab component can be updated in one of two ways: (i) they can

be maintained as fixed proportions of the updating spike penalties (i.e., updated at each

iteration as λ
(k)
1 = δλ · λ(k)

0 and η
(k)
1 = δη · η(k)0 ) or (ii) they can be updated from the fully

data-driven EM step:

λ
(k)
1 =

√√√√ 2r∑P
p=1

∑R
i ̸=j Eλ

(k−1)
1

[
τ 21,ij | Ỹij

] , η
(k)
1 =

√√√√ 2c∑P
p=1

∑C
i=j Eη

(k−1)
1

[
κ2
1,ij | Ỹij

] .
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A.5 Additional Simulation Results

This appendix provides supplementary evidence on the finite-sample and forecasting per-

formance of the proposed methods. We first examine estimation accuracy and bias to

assess finite-sample properties. Finally, we report medium- and long-horizon forecasting

results using simulated data.

A.5.1 Estimation Accuracy

Table A.5.1 reports average estimation errors for three DGPs when the group size is

G = 2. Results are normalized to the proposed estimator (GAS). Values below one

indicate improved estimation accuracy relative to GAS.

Table A.5.1: Estimation Accuracy Across Three DGPs at G = 2

Spike & Slab Regularization Frequentist
GAS GVS BL BFL CC GVAR S4 Lasso

(λ, c, α,Σ)

DGP 1
N = 5 1.00 1.27 2.74 3.25 14.60 14.26 6.85 1.61
N = 10 1.00 1.05 2.41 3.04 9.31 153.00 4.86 0.98

DGP 2
N = 5 1.00 1.16 3.61 4.15 16.26 16.56 7.23 1.99
N = 10 1.00 1.19 2.75 3.26 9.01 89.02 4.44 1.15

DGP 3
N = 5 1.00 0.94 1.38 1.41 5.22 5.34 1.60 1.35
N = 10 1.00 8.78 2.02 5.13 64.08 85.95 5.80 5.84

Notes: The table reports average estimation errors across three DGPs (G = 2)
and two sample sizes (N = 5, 10), normalized to GAS (values < 1 indicate better
performance). GAS and GVS are spike-and-slab Bayesian selection methods; BL
and BFL denote Bayesian shrinkage (Bayesian Lasso and Fused Lasso); CC is a
factor-based model; GVAR is a global VAR with weighted foreign variables; S4
is a stochastic search variable selection method; Lasso is a frequentist penalized
regression with hyperparameters (λ, c, α,Σ), incorporating DI and CSH penalties
with shrinkage on Σ.

A.5.2 Additional Forecasting Performance

We next report additional forecasting results. Figure ?? present forecasting results for

the G = 2 setting. In all cases, results are normalized to the proposed estimator (GAS for
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Table A.5.2: Average Relative RMSFE Across Forecast Horizons for DGP1–DGP3, N ∈
{5, 10}, and G = 2

PSSL Other Bayesian Methods Factor Lasso
Horizon GVS GAS BL BFL S4 CC (λ, c, α,Σ)

Panel A: N = 5

DGP1
h = 1 1.00 1.05 1.58 1.56 1.08 5.28 1.16
h = 3 1.00 1.14 1.44 1.21 1.13 1.85 1.21
h = 6 1.00 1.15 1.22 1.25 0.89 1.71 1.02
h = 12 1.00 1.39 1.09 1.18 1.03 1.54 1.15
DGP2
h = 1 1.00 1.02 1.55 1.33 0.97 6.81 1.09
h = 3 1.00 1.11 1.30 1.27 1.06 2.35 1.22
h = 6 1.00 1.33 1.25 1.21 1.19 1.49 1.14
h = 12 1.00 0.93 1.20 1.33 0.95 0.90 0.92
DGP3
h = 1 1.00 0.91 0.70 0.81 0.69 7.63 0.68
h = 3 1.00 1.17 1.03 0.89 1.07 1.51 0.95
h = 6 1.00 1.06 0.92 0.89 0.92 1.06 0.78
h = 12 1.00 1.13 0.96 0.99 0.88 1.03 0.66

Panel B: N = 10

DGP1
h = 1 1.00 2.29 2.42 2.51 1.10 6.80 1.01
h = 3 1.00 1.56 2.05 2.15 1.32 2.99 1.21
h = 6 1.00 1.18 1.22 1.25 0.90 1.24 0.90
h = 12 1.00 1.25 2.89 10.61 1.36 1.47 1.20
DGP2
h = 1 1.00 1.30 1.63 1.69 1.08 4.63 1.01
h = 3 1.00 1.08 1.12 1.18 1.00 1.27 1.13
h = 6 1.00 0.88 1.01 0.99 0.82 0.99 0.94
h = 12 1.00 0.96 3.94 1.20 0.99 1.03 1.05
DGP3
h = 1 1.00 1.00 1.05 1.41 1.63 870.32 1.00
h = 3 1.00 0.91 1.03 1.27 1.35 6.83 0.96
h = 6 1.00 0.86 0.92 1.20 1.05 3.06 1.15
h = 12 1.00 1.06 1.19 1.33 0.88 2.22 1.07

Notes: The table reports average relative root mean squared forecast errors (RMSFE) across countries
and variables. Each entry is computed as RMSFEm/RMSFEGVS, so values below one indicate an
improvement relative to the GVS benchmark. GAS denotes an alternative PSSL specification; BL, BFL,
and S4 denote alternative Bayesian shrinkage methods; CC is a factor-based model; GVAR is a global
VAR with weighted foreign variables; and Lasso is a penalized regression model with tuning parameters
(λ, c, α,Σ).

G = 2), with values below one indicating superior performance relative to the baseline.
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A.5.3 Data-Based Simulation Table

To complement the boxplots presented in the main text, this appendix provides the cor-

responding numerical results from the data-based simulations. The tables report relative

MSFE values across specifications, with entries normalized to the proposed estimator.

Values below one indicate better forecasting performance relative to the baseline.

Table A.5.3: Country-Level Relative MSFE at h = 1 (Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 1.06 1.26 1.25 1.35 1.08 0.71 1.07
Belgium 1.00 0.93 1.12 1.07 0.99 0.85 1.63 1.03
Finland 1.00 1.01 0.95 0.94 0.91 0.76 0.75 0.68
France 1.00 0.88 1.02 1.01 1.04 1.79 1.57 1.66
Greece 1.00 0.93 1.27 1.26 1.40 1.47 1.44 1.17
Ireland 1.00 1.25 1.42 1.42 1.44 1.75 2.40 1.52
Italy 1.00 0.96 0.90 0.89 0.99 0.97 3.35 1.30
Netherlands 1.00 0.97 1.33 1.33 1.36 1.59 2.06 1.56
Portugal 1.00 1.10 0.85 0.85 0.86 0.91 1.05 1.07
Spain 1.00 1.11 1.84 1.78 1.90 1.60 5.16 2.06
United Kingdom 1.00 1.05 1.05 1.04 1.03 0.88 0.42 0.96
United States 1.00 1.03 1.04 1.03 1.09 0.45 0.59 0.81

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at forecast
horizon h = 1. Entries are computed as MSFEmodel/MSFEGVS, where GVS serves as the benchmark
model. Methods include PSSL specifications (GVS and GAS), Bayesian shrinkage methods (BL,
BFL, and S4), factor-based model (CC), global VAR with weighted foreign variables (GVAR), and a
frequentist Lasso specification with shrinkage over hyperparameters λ, c, α, and Σ.
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Table A.5.4: Country-Level Relative MSFE at h = 3 (Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 1.02 1.01 1.01 1.08 1.26 0.68 1.17
Belgium 1.00 0.96 1.37 1.35 1.31 1.14 1.08 1.28
Finland 1.00 1.00 0.89 0.89 0.96 1.13 0.44 1.07
France 1.00 0.96 1.23 1.23 1.31 1.52 1.23 1.38
Greece 1.00 1.03 1.45 1.45 1.47 1.30 1.24 1.40
Ireland 1.00 1.03 1.18 1.17 1.16 1.02 0.79 1.19
Italy 1.00 1.02 0.99 0.99 1.02 0.97 3.09 1.15
Netherlands 1.00 1.02 1.26 1.26 1.29 1.27 0.93 1.14
Portugal 1.00 1.07 0.93 0.93 1.00 0.99 1.24 1.21
Spain 1.00 1.13 1.23 1.23 1.18 1.09 1.38 1.14
United Kingdom 1.00 1.07 0.94 0.94 0.95 0.94 0.55 0.89
United States 1.00 0.92 1.02 1.03 1.06 0.97 0.53 1.06

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at h = 3. Entries
are computed as MSFEmodel/MSFEGAS, where GAS is a benchmark forecast model. Methods include:
PSSL with GVS, Bayesian shrinkage models (BL, BFL, S4), factor-based model (CC), global VAR
with weighted foreign variables (GVAR), and a frequentist Lasso with shrinkage over hyperparameters
λ, c, α, and Σ.

Table A.5.5: Country-Level Relative MSFE at h = 6 (Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 0.92 1.28 1.29 1.32 1.27 1.56 1.17
Belgium 1.00 0.95 1.06 1.06 1.09 1.05 0.84 1.08
Finland 1.00 1.01 0.92 0.93 0.99 1.09 0.53 1.06
France 1.00 1.06 0.72 0.73 0.85 1.06 1.73 1.17
Greece 1.00 1.02 0.93 0.94 0.99 1.06 0.72 1.12
Ireland 1.00 1.01 0.90 0.90 0.98 1.08 1.05 1.08
Italy 1.00 1.00 0.98 0.99 1.01 1.01 2.07 1.05
Netherlands 1.00 0.95 1.19 1.19 1.15 1.14 1.14 1.19
Portugal 1.00 1.03 0.93 0.93 0.98 1.02 0.63 1.05
Spain 1.00 0.99 0.96 0.96 1.01 1.05 0.64 1.05
United Kingdom 1.00 0.95 1.10 1.10 1.12 1.11 0.86 1.11
United States 1.00 0.98 1.13 1.13 1.08 0.95 0.73 1.01

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at h = 6 (Panel
A) and h = 12 (Panel B). Entries are computed as MSFEmodel/MSFEGAS, where GAS is a benchmark
forecast model. Methods include: PSSL with GVS, Bayesian shrinkage models (BL, BFL, S4), factor-
based model (CC), global VAR with weighted foreign variables (GVAR), and a frequentist Lasso with
shrinkage over hyperparameters λ, c, α, and Σ.
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Table A.5.6: Country-Level Relative MSFE at h = 12 (Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 1.00 1.02 1.02 1.01 1.01 0.52 1.00
Belgium 1.00 0.98 1.11 1.11 1.07 1.03 1.92 1.03
Finland 1.00 1.00 0.93 0.93 0.98 1.03 0.55 1.02
France 1.00 1.00 0.97 0.98 1.00 1.02 0.69 1.02
Greece 1.00 0.99 1.17 1.16 1.08 1.01 0.75 0.99
Ireland 1.00 1.00 0.95 0.96 1.00 1.03 1.36 1.03
Italy 1.00 0.99 1.10 1.09 1.08 1.04 8.96 1.06
Netherlands 1.00 1.00 1.11 1.11 1.06 1.02 0.53 1.02
Portugal 1.00 1.01 0.94 0.94 0.98 1.01 1.18 1.02
Spain 1.00 1.00 1.02 1.02 1.03 1.02 0.93 1.03
United Kingdom 1.00 1.01 0.87 0.88 0.96 1.03 0.60 1.02
United States 1.00 0.99 1.23 1.22 1.08 0.95 1.24 0.95

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at h = 6 (Panel
A) and h = 12 (Panel B). Entries are computed as MSFEmodel/MSFEGAS, where GAS is a benchmark
forecast model. Methods include: PSSL with GVS, Bayesian shrinkage models (BL, BFL, S4), factor-
based model (CC), global VAR with weighted foreign variables (GVAR), and a frequentist Lasso with
shrinkage over hyperparameters λ, c, α, and Σ.
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A.6 Posterior Probability and Strength of Evidence

Table A.6.1 summarizes the interpretation of posterior probabilities in terms of the qual-

itative strength of evidence.

Table A.6.1: Posterior Probability and Strength of Evidence

Posterior Probability Evidence Strength

≥ 99% Very strong
95–98% Strong
85–94% Moderate
75–84% Weak to moderate
65–74% Weak
50–64% Minimal
≤ 50% No evidence
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A.7 Additional Application Results

This appendix provides additional results from the empirical analysis. First, it reports

the posterior probabilities of dynamic interdependencies across all directed country pairs

in the sample, offering a probabilistic structure behind the network graphs presented in

the main text. Second, it presents country-level relative Root of MSFEs, which offer

further detail of the boxplot summary shown in Figure 6.

Table A.7.2 displays the posterior probabilities for the dynamic interdependencies di-

rected toward core countries (Austria, Belgium, Finland, France, and the Netherlands),

while Table A.7.1 reports the corresponding probabilities for dynamic interdependencies

toward periphery countries (Greece, Ireland, Italy, Portugal, and Spain). Each entry re-

ports the posterior probability that exists from the sending country (row) to the receiving

country (column), denoted by p(Aij ̸= 0). Values closer to one indicate stronger evidence

for the existence of DI.

Table A.7.3 to Table A.7.6 report the country-level forecasting performance of each

model relative to the benchmark. The benchmark model is the GVS, selected based on

marginal log-likelihood from the model selection exercise. Positive values indicate that

GVS outperforms the alternative model, while negative values suggest that GVS performs

worse.

19



Table A.7.1: Posterior Probabilities of Dynamic Interdependencies To Periphery Coun-
tries

No From To Prob. No From To Prob.

1 AUT GRC 0.90 24 IRL ITA 0.87
2 BEL GRC 0.94 25 NLD ITA 0.95
3 FIN GRC 0.95 26 PRT ITA 0.95
4 FRA GRC 0.96 27 ESP ITA 0.96
5 IRL GRC 0.79 28 AUT PRT 0.41
6 ITA GRC 0.89 29 BEL PRT 0.65
7 NLD GRC 0.63 30 FIN PRT 0.48
8 PRT GRC 0.64 31 FRA PRT 0.53
9 ESP GRC 0.57 32 GRC PRT 0.62
10 AUT IRL 0.37 33 IRL PRT 0.55
11 BEL IRL 0.54 34 ITA PRT 0.69
12 FIN IRL 0.43 35 NLD PRT 0.84
13 FRA IRL 0.86 36 ESP PRT 0.89
14 GRC IRL 0.91 37 AUT ESP 0.50
15 ITA IRL 0.82 38 BEL ESP 0.78
16 NLD IRL 0.67 39 FIN ESP 0.93
17 PRT IRL 0.63 40 FRA ESP 0.55
18 ESP IRL 0.78 41 GRC ESP 0.70
19 AUT ITA 0.38 42 IRL ESP 0.81
20 BEL ITA 0.60 43 ITA ESP 0.92
21 FIN ITA 0.69 44 NLD ESP 0.73
22 FRA ITA 0.79 45 PRT ESP 0.94
23 GRC ITA 0.88

Notes: The table reports posterior probabilities, p(Aij ̸= 0), which represent the
likelihood of dynamic interdependencies between countries. Probabilities closer
to 1 indicate stronger interdependencies. The Core countries include Austria,
Belgium, Finland, France, and the Netherlands, while the Periphery countries
include Greece, Ireland, Italy, Portugal, and Spain.
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Table A.7.2: Posterior Probabilities of Dynamic Interdependencies To Core Countries

No From To Prob. No From To Prob.

1 BEL AUT 0.96 24 ITA FIN 0.36
2 FIN AUT 0.96 25 NLD FIN 0.56
3 FRA AUT 0.96 26 PRT FIN 0.58
4 GRC AUT 0.29 27 ESP FIN 0.54
5 IRL AUT 0.30 28 AUT FRA 0.81
6 ITA AUT 0.30 29 BEL FRA 0.85
7 NLD AUT 0.45 30 FIN FRA 0.78
8 PRT AUT 0.36 31 GRC FRA 0.96
9 ESP AUT 0.37 32 IRL FRA 0.95
10 AUT BEL 0.94 33 ITA FRA 0.96
11 FIN BEL 0.85 34 NLD FRA 0.96
12 FRA BEL 0.89 35 PRT FRA 0.72
13 GRC BEL 0.53 36 ESP FRA 0.93
14 IRL BEL 0.50 37 AUT NLD 0.91
15 ITA BEL 0.55 38 BEL NLD 0.90
16 NLD BEL 0.72 39 FIN NLD 0.95
17 PRT BEL 0.62 40 FRA NLD 0.96
18 ESP BEL 0.55 41 GRC NLD 0.77
19 AUT FIN 0.79 42 IRL NLD 0.67
20 BEL FIN 0.93 43 ITA NLD 0.78
21 FRA FIN 0.89 44 PRT NLD 0.87
22 GRC FIN 0.34 45 ESP NLD 0.89
23 IRL FIN 0.30

Notes: The table reports posterior probabilities, p(Aij ̸= 0), which represent the
likelihood of dynamic interdependencies between countries. Probabilities closer
to 1 indicate stronger interdependencies. The Core countries include Austria,
Belgium, Finland, France, and the Netherlands, while the Periphery countries
include Greece, Ireland, Italy, Portugal, and Spain.
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Table A.7.3: Country-Level Relative MSFE at h = 1 (Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 1.02 1.08 1.08 1.18 0.94 0.62 0.98
Belgium 1.00 1.04 1.10 1.10 1.23 0.95 1.36 0.88
Finland 1.00 1.01 1.14 1.15 1.35 0.89 2.05 0.93
France 1.00 1.02 1.09 1.09 1.23 1.07 0.73 1.01
Greece 1.00 1.01 1.04 1.05 1.17 1.02 3.11 1.03
Ireland 1.00 1.00 1.07 1.07 1.15 0.87 11.51 0.89
Italy 1.00 1.01 1.08 1.08 1.17 1.00 0.79 0.99
Netherlands 1.00 1.01 1.10 1.11 1.21 0.81 1.48 0.86
Portugal 1.00 1.00 1.11 1.12 1.25 1.09 2.16 1.00
Spain 1.00 1.05 1.11 1.12 1.24 1.54 0.81 0.96
United Kingdom 1.00 1.05 1.21 1.22 1.40 0.80 1.13 0.90
United States 1.00 1.02 1.15 1.16 1.26 0.92 0.60 0.89

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at forecast
horizon h = 1. Entries are computed as MSFEmodel/MSFEGVS, where GVS serves as the benchmark
model. Methods include PSSL specifications (GVS and GAS), Bayesian shrinkage methods (BL,
BFL, and S4), factor-based model (CC), global VAR with weighted foreign variables (GVAR), and
a frequentist Lasso specification with shrinkage over hyperparameters λ, c, α, and Σ.

Table A.7.4: Country-Level Relative MSFE at h = 3 (Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 1.00 1.02 1.02 1.06 1.02 0.63 1.00
Belgium 1.00 1.00 1.05 1.04 1.11 1.05 1.80 1.07
Finland 1.00 1.00 1.08 1.08 1.19 1.02 2.82 1.03
France 1.00 0.99 1.04 1.04 1.09 1.02 0.69 1.02
Greece 1.00 0.99 1.04 1.05 1.11 1.02 2.66 0.97
Ireland 1.00 1.00 1.06 1.06 1.13 1.02 19.01 0.98
Italy 1.00 0.99 1.01 1.01 1.07 1.04 1.04 1.03
Netherlands 1.00 0.99 1.03 1.03 1.12 1.04 1.95 1.05
Portugal 1.00 1.00 1.02 1.02 1.05 1.07 2.55 1.02
Spain 1.00 1.00 1.02 1.02 1.05 1.34 0.94 1.04
United Kingdom 1.00 1.00 1.05 1.06 1.15 1.07 0.94 1.02
United States 1.00 1.00 1.08 1.08 1.16 1.01 0.79 0.98

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at h = 3.
Entries are computed as MSFEmodel/MSFEGAS, where GAS is a benchmark forecast model. Methods
include: PSSL with GVS, Bayesian shrinkage models (BL, BFL, S4), factor-based model (CC),
global VAR with weighted foreign variables (GVAR), and a frequentist Lasso with shrinkage over
hyperparameters λ, c, α, and Σ.
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Table A.7.5: Country-Level Relative MSFE at h = 6(Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 1.00 1.01 1.00 1.00 1.01 0.62 1.00
Belgium 1.00 1.00 0.99 0.99 0.99 1.03 1.77 1.02
Finland 1.00 1.00 1.00 1.00 0.99 1.00 2.51 1.00
France 1.00 1.00 1.00 1.00 1.00 1.00 0.58 1.01
Greece 1.00 0.99 0.96 0.96 0.94 1.05 3.06 1.00
Ireland 1.00 0.99 0.99 0.99 0.98 1.06 12.99 0.99
Italy 1.00 1.00 0.98 0.98 0.96 1.03 1.02 1.01
Netherlands 1.00 1.00 0.98 0.98 0.98 1.03 1.99 1.03
Portugal 1.00 0.98 0.95 0.95 0.92 1.08 2.51 1.02
Spain 1.00 0.99 0.95 0.94 0.92 1.18 0.99 1.05
United Kingdom 1.00 1.00 1.01 1.01 1.02 1.03 1.06 1.00
United States 1.00 0.99 1.00 1.00 1.00 1.03 0.73 1.02

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at h = 6
(Panel A) and h = 12 (Panel B). Entries are computed as MSFEmodel/MSFEGAS, where GAS is
a benchmark forecast model. Methods include: PSSL with GVS, Bayesian shrinkage models (BL,
BFL, S4), factor-based model (CC), global VAR with weighted foreign variables (GVAR), and a
frequentist Lasso with shrinkage over hyperparameters λ, c, α, and Σ.

Table A.7.6: Country-Level Relative MSFE at h = 12 (Normalized to GVS)

Country PSSL Bayesian Methods Lasso
GVS GAS BL BFL S4 CC GVAR λ, c, α,Σ

Austria 1.00 1.00 1.00 1.00 1.00 0.99 0.62 1.00
Belgium 1.00 1.00 0.99 0.99 0.99 1.02 1.85 1.00
Finland 1.00 1.00 1.00 1.00 0.99 1.01 2.72 1.00
France 1.00 1.00 0.99 0.99 0.98 1.01 0.68 1.01
Greece 1.00 1.00 0.99 0.99 0.99 1.01 2.78 1.00
Ireland 1.00 1.00 0.97 0.97 0.96 1.03 12.96 1.01
Italy 1.00 1.00 1.00 1.00 0.99 1.01 0.97 1.00
Netherlands 1.00 1.00 0.99 0.99 0.99 0.99 1.88 1.01
Portugal 1.00 1.00 0.98 0.98 0.98 1.03 2.61 1.01
Spain 1.00 1.00 0.95 0.95 0.94 1.07 0.95 1.03
United Kingdom 1.00 1.00 1.00 1.00 1.00 0.96 1.23 1.00
United States 1.00 1.00 0.99 0.99 1.00 1.02 0.70 1.01

Note: The table reports country-level relative Mean Squared Forecast Errors (MSFE) at h = 6
(Panel A) and h = 12 (Panel B). Entries are computed as MSFEmodel/MSFEGAS, where GAS is
a benchmark forecast model. Methods include: PSSL with GVS, Bayesian shrinkage models (BL,
BFL, S4), factor-based model (CC), global VAR with weighted foreign variables (GVAR), and a
frequentist Lasso with shrinkage over hyperparameters λ, c, α, and Σ.

23


	Introduction
	Empirical Framework
	General Specification
	Panel Spike-and-Slab Lasso
	Dynamic Interdependency (DI) Prior
	Cross-Sectional Heterogeneity (CSH) Prior
	Choice of the Penalty

	Adaptive Shrinkage in PSSL
	DI Penalty and Posterior Inclusion Probability
	CSH Penalty and Posterior Inclusion Probability


	Monte Carlo Experiments
	Experiment Design
	Estimation Accuracy
	Forecasting Accuracy
	Data-based Simulation Results (DGP4)

	Eurozone Financial Contagion
	Model Selection and Structural Restrictions
	Dynamic Interdependencies Across the Euro Area

	Forecasting international spillovers
	Conclusion
	Disclosure statement
	Data Availability Statement
	References
	Model Setup
	Combination Check for CSH Restriction 

	Proofs for the DI and CSH Penalties
	Proof of Proposition 1
	Proof of Corollary 1
	Proof of Proposition 2
	Proof of Corollary 2

	GVS and GAS Full Conditional Posteriors
	Prior Hyperparameters: MCMC Algorithm
	Additional Simulation Results
	Estimation Accuracy
	Additional Forecasting Performance
	Data-Based Simulation Table

	Posterior Probability and Strength of Evidence
	Additional Application Results

