
MEASURING NONFUNDAMENTALNESS FOR

STRUCUTURAL VARS

Stefano Soccorsi

ECARES, Université Libre de Bruxelles

16th IWQ-CIREQ Macroeconometric Workshop

December 7-8, 2015

SOCCORSI MEASURING NONFUNDAMENTALNESS IWH-CIREQ 1 / 18



INTRODUCTION

Nonfundamentalness: a problem for validating business cycle models

(DSGE) with structural VAR.

Cannot recover the structural shocks from the present and past of the

observables (Hansen and Sargent (1991), Lippi and Reichlin(AER,

1993; JoE, 1994))

Resurgence of interest with anticipated shocks: news (Beaudry and

Portier (AER, 2006)), �scal foresight (Leeper et al. (Ecta, 2013))

E. Sims (AiE, 2012): not necessarily a pitfall for SVAR

Forni and Gambetti (JME, 2014): test for nonfundamentalness

Beaudry et al. (NBER, 2015): nonfundamentalness may be mild but

signi�cant

This paper:

A population measure for the nonfundamental bias

. . . taking lag truncation (Christiano et al. (NBER Macro, 2006),

Chari et al.(JME, 2008), Erceg et al.(JEEA, 2005)) into account
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INTRODUCTION

NONFUNDAMENTAL BIAS

FUNDAMENTALNESS

The moving average yt = ψ (L)εt is fundamental i� present and past of

observables and shocks span the same space: H y
t = span(yt−k ,k > 0)

H y
t = H ε

t ⇔ ψ (z) 6= 0 ∀|z |< 1

and nonfundamental i� H y
t ⊂H ε

t .

The bias:

yt = (a1−L)(a2−L) . . .(ap−L)ut

for simplicity all roots are real.

Suppose nonfundamentalness: ∃ j , 1≤ j ≤ p : |aj |< 1.
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INTRODUCTION

NONFUNDAMENTAL BIAS

Many representations of yt , the fundamental one is:

yt = (a1−L)(a2−L) . . .(ap−L)
a−1j −L

aj −L︸ ︷︷ ︸
ã(L)

aj −L

a−1j −L
ut︸ ︷︷ ︸

vt

= ã (L)vt

|ut − vt |=

∣∣∣∣∣ut
(
a−1j −aj

a−1j −L

)∣∣∣∣∣
goes to zero as aj → 1.

Nonfundamental bias:

d∞ =
E (ut − vt)

2

Eu2t
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INTRODUCTION

MA(1) example: yt = (1−θL)ut

d∞ = θ−θ−1

1+θ2

Truncation and nonfundamental bias: d (p) =
E
(
ut−v (p)

t

)2
Eu2t

where

v
(p)
t = yt −Proj(yt |yt−1,yt−2, . . . ,yt−p)
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I prove that d (p) always decreases with p.
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INTRODUCTION

TRUNCATION AND NONFUNDAMENTALNESS

State-space for the equilibrium conditions of a DSGE:

Xt = A(θ)Xt−1 +B (θ)wt

Yt = C (θ)Xt−1 +D (θ)wt

F ≡ A−BD−1C

1 Nonfundamentalness: eigenvalues of F greater than one in absolute

value (Fernandez-Villaverde et al. (AER, 2007): poor man's

invertibility condition)

2 Lag truncation: eigenvalues of F di�erent from zero (Ravenna

(JME,2007), Franchi and Vidotto(EconLett,2013))
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A MEASURE OF NONFUNDAMENTALNESS

Structural VMA representation:

yt = G (L)ut

where ut = Dwt and

G (z) =
(
I −C (I −Fz)−1BD−1z

)−1
Suppose nonfundamental: ∃ |z0|< 1 st G (z0) = 0
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A MEASURE OF NONFUNDAMENTALNESS

Fundamental representation: root �ipping

yt = G (L)B (L,z0)︸ ︷︷ ︸
G̃(L)

B (L,z0)−1 ut︸ ︷︷ ︸
vt

where B (L,z0) = 1−Lz̄0
L−z0

I prove that the zeros of

G (z) =
(
I −C (I −Fz)−1BD−1z

)−1
are those of I −Fz

It is equivalent to �nd F̃ st
(
I − F̃ z

)
is the fundamental root �ipping

solution of (I −Fz) and

G̃ (z) =

(
I −C

(
I − F̃ z

)−1
BD−1z

)−1
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A MEASURE OF NONFUNDAMENTALNESS

ROOT FLIPPING

Let z1, . . . ,znNF be the roots in the unit disk of F (z) := I −Fz

1 Spectral decomposition

F (zk) = UkVkU
−1
k

with eigenvectors Uk =
[
Uk,1, Uk,2, . . . , Uk,nx

]
2 Letting j ∈ [1,nx ] be st Vk,jj = 0, de�ne the orthogonal matrix

Mk =
[

Uk,j ker
(
U ′

k,j

) ]

3 Calculate F (k) (z) = F (z)Mk . Notice that f
(k)
11 (z) = 0
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A MEASURE OF NONFUNDAMENTALNESS

ROOT FLIPPING

4

F̃ (z)(k) =


Bk (z) f

(k)
11 (z) f

(k)
12 (z) . . . f

(k)
1nx

(z)

Bk (z) f
(k)
21 (z) f

(k)
22 (z) . . . f

(k)
2nx

(z)
...

...
...

Bk (z) f
(k)
nx1

(z) f
(k)
nx1

(z) . . . f
(k)
nxnx (z)


Bk (z) =

1− z z̄k
z− zk

5 Repeat 2-4 for the multiplicity of zk
6 Repeat 1-5 for k = 1, . . . ,nNF : F

† (z) := F̃ (z)(1,...,nx )

7 As F † (z) = F †
0 +F †

1 z , compute

F̃ (z) = I − F̃ z

where F̃ =−F †
1F

†−1
0
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A MEASURE OF NONFUNDAMENTALNESS

VMA representations:

yt = G (L)ut nonfundamental, structural

yt = G̃ (L)vt fundamental

In�nite order VAR representations:

yt = H (L)yt +ut noncausal

yt = H̃ (L)yt + vt causal

where:

H (z) = C (I −Fz)−1BD−1z

H̃ (z) = C
(
I − F̃ z

)−1
BD−1z

ut − vt =
(
H̃ (L)−H (L)

)
yt
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A MEASURE OF NONFUNDAMENTALNESS

Given that ut − vt =
(
H̃ (L)−H (L)

)
yt , can calculate:

Σu−v =
∫

π

−π

(
H̃
(
e−iω

)
−H

(
e−iω

))
Σy (ω)

(
H̃
(
e iω
)
−H

(
e iω
))′

dω

where

Σy (ω) =
1

2π
G
(
e−iω

)
ΣuG

(
e iω
)′

is the (unique) spectral density matrix of the data and Σu = DΣwD
′.
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A MEASURE OF NONFUNDAMENTALNESS

My measure of nonfundamental bias is:

d∞ =
‖Σu−v‖
‖Σu‖
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EMPIRICS

APPLICATION: NEWS SHOCKS

A natural experiment along the lines of Sims (2012):

Generate data from a DSGE with nominal (price stickiness) and real

rigidities (habit in consumption and investment adjustment cost) and

a RBC model

News shocks in technology

lnat = ga + lnat−1 + ξt + ηt−q

Bivariate VAR with output and TFP growth
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EMPIRICS

d∞

q=1 q=2 q=3 q=4 q=5 q=6 q=7 q=8

d∞

full 0 0.1356 0.2123 0.2477 0.2593 0.2620 0.2664 0.2693

RBC 0 0.0266 0.0480 0.0665 0.0827 0.0970 0.1097 0.1208
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EMPIRICS

Estimate IRFs with VAR(p) for p = 5,6, . . . ,20

Identi�cation: Choleski with TFP growth ordered �rst

Mean absolute percentage errors (MAPE) averaged across the 4 IRFs.

Main results:

Both MAPE and d∞ grow with q

Relatively more truncation in the RBC case: smaller d∞ similar MAPE

In the large sample exercise under fundamentalness (q = 1) the MAPE

goes to zero as p grows

In the nonfundamental case (q ≥ 2) high-order VARs never more

accurate, not even in large samples
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CONCLUSIONS

CONCLUSIONS

A measure of the nonfundamental bias

Inference on d∞ considering parametric uncertainty

Mild nonfundamental bias in news shocks models

Truncation bias empirically as relevant as the nonfundamental bias
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CONCLUSIONS

Thank you!
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