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Introduction

VARs popular for forecasting and IRF estimation, but...
Large systems: observations/parameter ratio is small.
Potential dynamic misspecification.

Popular empirical strategies:
Bayesian estimation with shrinkage priors (e.g., Minnesota prior).
Direct (LFE/LP) vs. Iterated (MLE/VAR) approaches.

This paper:
Criteria to simultaneously select shrinkage (hyperparameters), lag order and
type of estimator.
Tailored to forecasting and IRF applications.
Robust to misspecification.

Framework

Model and DGP

Data generating process, local to VAR(p∗), 0 ≤ p∗ < q:

yt = F1yt−1 + · · · + Fp∗yt−p∗ + ϵt + α√
T

∞∑
j=1

Ajϵt−j.

Econometrician’s model, VAR(p), 0 ≤ p ≤ q:
yt = Φ1yt−1 + · · · + Φpyt−p + ut.

Estimands of Interest (p = 1)

1. Likelihood‐Based (MLE/VAR): Posterior mean based on

yt = Φyt−1 + ut, ut ∼ N(0,Σuu), Φ|Σuu ∼ N
(
ΦT , (λ̃TPΦ)−1 ⊗ Σuu

)
.

2. Loss‐Function‐Based (LFE/LP): Posterior mean based on

yt = Ψyt−h + vt, vt ∼ N(0,Σvv), Ψ|Σvv ∼ N
(
ΨT , (λ̃TPΨ)−1 ⊗ Σvv

)
.

Drifting Priors

Mean in a T−1/2 radius of F with precision λ̃T = Tλ.
Shrinkage weights are non‐trivial even asymptotically.

Main Goal
Posterior mean Ψ̄T (ι, λ, p) used to construct forecasts/IRFs depends on:

ι: type of estimand (MLE/VAR or LFE/LP).
λ: degree of shrinkage (R+).
p: autoregressive lag order (0, 1, . . . , q).

▷ Horizon h implicitly fixed.

⇒ How to select (ι, λ, p) to minimize risk?

Limit Distribution of Shrinkage Estimators

Theorem. Under regularity conditions, for ι ∈ {lfe,mle}, λ ≥ 0, and p ≤ q:
Ψ̄T (ι, λ, p) = F h + T−1/2[δ(ι, λ, p) + αµ(ι, λ, p) + ζT (ι, λ, p)] + op(T−1/2).

Moreover, ζT (ι, λ, p) d→ N (0, V (ι, λ, p)).

Two sources of bias: shrinkage (δ) and misspecification (µ).
Noise term: ζT .

Model Determination: Forecasting

The h‐step‐ahead forecast is
ŷT+h(ι, λ, p) = Ψ̄T (ι, λ, p)yT ,

with asymptotic risk R̄(ŷT+h(ι, λ, p)).

Theorem. Define
PCT (ι, λ, p) = T [W ·MSE(ι, λ, p)] + Pen(ι, λ, p).

Under regularity conditions,
E[PCT (ι, λ, p) − PCT (ι′, λ′, p′)] → R̄(ŷT+h(ι, λ, p)) − R̄(ŷT+h(ι′, λ′, p′)).

⇒ Forecasting model determination based on PCT .

Model Determination: IRF

The IRF of a shock ϵt−h on yt is

∂yt
∂ϵ′t−h

= F h + α√
T
µ(irf, p), µ(irf, p) =

h−1∑
j=0

F jAh−j,

with asymptotic risk R̄IRF (ι, λ, p) and shock identification Ξ.
Theorem. Define

IRFCT (ι, λ, p) = T∥Ψ̄T (ι, λ, p) − Ψ̄(lfe, 0, q)∥2
W⊗ΞΞ′ + Pen(ι, λ, p).

Under regularity conditions,
E[IRFCT (ι, λ, p) − IRFCT (ι′, λ′, p′)] → R̄IRF (ι, λ, p) − R̄IRF (ι′, λ′, p′).

⇒ IRF model determination based on IRFCT .
Key to unbiasedness is lag‐augmentation (q > p∗).

Monte Carlo Experiment: Forecasting

Calibrate VAR(1) to Carriero, Clark and Marcellino (2015), with VMA(10) drift.
Local LFE prior mean ψ = φµ(pov), and MLE prior aligned such that

ψ =
h−1∑
j=0

F jϕF h−1−j.

(α, φ) = (0, 1) and (α, φ) = (2, 0.5). Here, results for h = 4, T = 500.

Risk at λ̂ PC vs. MDD
α = 0 α = 2

p LFE MLE ι̂ % LFE LFE MLE ι̂ % LFE
1 ‐194 ‐197 ‐195 39 39 51 40 90
2 ‐190 ‐196 ‐193 30 25 43 26 96
4 ‐185 ‐191 ‐189 27 ‐40 10 ‐40 100
6 ‐182 ‐187 ‐185 27 ‐58 ‐33 ‐58 97
p̂ ‐188 ‐191 ‐189 25 ‐57 ‐32 ‐57 99

α = 0 α = 2
p LFE MLE LFE MLE
1 ‐7 0 ‐13 ‐18
2 0 4 34 ‐3
4 5 0 ‐368 ‐86
6 5 1 ‐181 ‐143
p̂ ‐3 4 ‐226 ‐152

Empirical Application: IRF Estimation

How frequently LPs or VARs? How much shrinkage when estimating IRFs?
FRED‐QD database, transformed to stationary via Hamilton (2018).
Create a large number of datasets by randomly selecting 200 different
six‐tuples of series. (Marcellino, Stock and Watson, 2006)
h = 6, 1984:Q1‐2006:Q4, Ξ = Σ̂chol.

%LP (IRFC) %LP (PC)

Local Projection VAR‐Based
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