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A TOOLKIT FOR EVALUATING A MODEL’S FIT

e The fit of a DSGE model is often evaluated by comparing
its marginal density with the marginal density of a BVAR
model, considered as more general.

e This comparison suffers from several limits:

1. The VAR model is not really more general

DSGE € VARMA ¢ VAR

2. Some guidance is missing to choose the priors of the
BVAR model.

3. Comparison of marginal densities is uninformative
about the directions where the DSGE model is successtul

(in terms of fit) or unsuccessful.

e Del Negro & Schorfheide (IER, 2004) answer to limits 2
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A TOOLKIT FOR EVALUATING A MODEL’S FIT

and 3... They build the priors of a BVAR model from a
DSGE model and evaluate the optimal weight of the DSGE

prior.
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BVAR MODEL (1)

Z?Jt LA + ¢ C +¢

1><m mxm  1xqqdXm

with g, ~ N (0, 2,). (Ak)i,j is the coefficient associated to the

the variable ¢ at lag k£ in equation j. Equivalently we have:

Y = Z A+ E
T'xm  Tx(mp+q)

with A = (A1, ..., A}, C'), or
y=UI,® Z)a+e

where y = vecY, a = vecA, ....
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BVAR MODEL (II, LIKELIHOOD) — a —

e Our VAR is a gaussian linear model...
L(A, % Y) = (QW)_mTT X ® I —2 o3 (Y-(Un®Z)a)' ST QIr(y-(In®Z)a)
e Or more compactly:
LA, )) = (20)~ "% |52 e~ 3t {(Y-24D7 (Y -2.4))
e The ML estimator (or OLS) is given by:
A= (Z2'2)"'2'Y

AN AN AN

S=T"YY - ZA (Y - ZA)
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BVvAR MODEL (II, LIKELIHOOD) — b —

e One can show that the likelihood may be written as:

LA, 3 Y) = (2m) 7% x |77 e b3 (A7 2A-)

i i 6—%tr{2—1(y—zﬁ)’(y—zﬁ)}

e or equivalently:

T km _m .
L(A,S;Y)=2m)" 2 x (@) 2 |Z2'Z] 2 fun, . (AA(Z2'2)7, %)
k,m
21/;’1, M(Wi—l) Hm r (y+m—1)
T s —~ —~
X =1 2 X fiw, (5 (Y — ZA)' (Y — ZA),v)

(Y — ZA) (Y — ZA)| 2

where v =T — k —m — 1 is the degree of freedom.
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MATRICVARIATE NORMAL

e A multivariate random variable X is said to be distributed
as amatricvariate normal, X ~ M N, (M, P, Q) where M,
Q and P are p X g, ¢ X ¢ and p X p matrices, with P and Q

symmetric and positive definite, if

vecX ~ Ny (vecM, Q @ P)

e The density function is given by:

1 —1 I—1
fMNp (XM, P, Q) = (27)_%|Q|_%|P|_%e_§tr{Q (Xx-M)'P (X—M)}
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INVERTED WISHART

e A multivariate random variable X is said to be distributed
as an inverted wishart, X ~ iW,(Q,v) where Q is a g X g
symmetric and positive definite matrix, if X1 ~
W,(Q™1,v), a Wishart random variable (— multivariate

chi squared distribution).

e The density function is defined as follows:

v _v+g+l
fow, (X: Q) = T 2 oheixia)

rq Q(q_l) q ]/_|_q_7/
22w i=1 F( 2 )
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BVAR MODEL (II, LIKELIHOOD) — ¢ —

e — The likelihood is proportional to the product of the
density of an inverted Wishart and the density of a

matricvariate normal.

e We have:
LA, Y) o fun,,, (A A (Z2'2)71, %)

AN / AN

< o (53 (Y = ZA) (Y = 2.4),v)

e ... This property gives us some hints to carefully choose

the shape of our priors — conjugate priors.
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BVAR WITH A NON INFORMATIVE PRIOR

The Jeftrey’s flat prior for our BVAR model is:
_m+l
po (A, X) = [X] 2
The posterior density is:
p (A, S|VE) x(2m) 2 x (2m)' % |2/Z] 2
X frung, (A A, (Z2'2)71 %)

m .
vm m(m—1) ~ v v+1—1
X 272 4 S|™2 I
SE ( :

X fiw (55 8,v) x [B]7 72
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BVAR WITH A NON INFORMATIVE PRIOR

We have:
p(A, S V5) « fun,,, (A A, (Z'2)71, %) 0
< fov, (35, D)

with v =1 — k. So that the posterior density may be written

asS:

A[S, V% ~ M Ny, (ﬁ, 5, (Z’Z)—l)

S|VE ~ Wy, (§ ﬁ) 2

% The posterior mean of A is the ML estimator of A.
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BVAR WITH AN INFORMATIVE PRIOR

e Suppose our prior for A is:
po(VeC .A) ~/ N(CL(), QO)
where () is an mp X mp symmetric positive definite matrix.

e Suppose also that our prior for X is degenerate, > = 5

with certainty.

e We can show that the posterior distribution of vec A is

gaussian with mean a; and covariance matrix €);:
0= +x ' w2'2)”!

a] = Ql [Qalao —+ (2_1 0%y Z/Z) Vecﬁ}
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BVAR WITH AN INFORMATIVE PRIOR

Proof

The posterior kernel is:
K(A|VE) = exp {_% (vecA — ag)' Qg ! (vee A — ag) + tr (S7HA = D) Z'Z(A - A))] }
x (2m) 75 0] 72 (2m) 7 [T 2 e TS
Let a = vec A, a = vec A and
B(a) = (vecA—ag)' Qg (vecA—ag)+tr (Z_l(A — A Z'Z(A - ﬁ))
we have:
B(a) = (a — ag)'Qy* (a — ag) + (a —a)’ (Z_l ®Z'Z) (a —a)
& B(a) =d'Qy a + apQytag — 2a'Q; ag

+d ("9 Z'Z)a+d (X' @ Z'2)a-2d (X' ®Z'Z)a
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BVAR WITH AN INFORMATIVE PRIOR

S Ba)=d Q' +3'®2'2)a—2d (95 a0+ (X' ® Z'Z) a)

+ayQyta+ad ('@ Z'Z)a
< B(a) = (a—a1)'Q; H(a—a1)—a Q7 ay+apQy tag+a’ E'®Zz'Z)a
By substitution in the posterior kernel:

%(a —a1)'Qy (a - al)}

K(A| V) = exp {—
1
xexp{—z[a6901a0+ (E ®Z’Z)a—alﬂ a1]}
< (2m) 7 Qo 72 (2m) T [Tz e

Only the first term depends on a. Thus the posterior

distribution is gaussian. Integrating with respect to a we
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BVAR WITH AN INFORMATIVE PRIOR

obtain the marginal density:

p(Vr) = / K(A|Yx)dA
= (2m) |2
X exp {—; aQtag+d (X' ®@Z'Z)a — a0y a1]}
x (2m) 5 Q| 73 (2m) " [B[F e 30T
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MINNESOTA PRIOR (I)

e How should we choose the prior means and variances?

e A famous prior, known to be quite good in forecasting, is

the Minnesota prior.

e According to this prior, {Y;}:cn is generated by m

uncorrelated random walks.

e For instance, if we choose the normal prior shape

(considering ¥ as diagonal and known) the prior mean is
defined as:

-AO — (Ima Om,m(p—1)+q)/
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MINNESOTA PRIOR (II)

e And the prior variance is as follows:

— g is diagonal (priors over different autoregressive

parameters are independent)

— For the autoregressive parameters we have:

y

if § =

??‘

VI(Ag)is] = <

)
umq

IJ— otherwise.

w|

\
for k=1,...,pand (i,5) € {1,2,...,m}>.

— ... and a nearly diffuse prior is assumed for the

deterministic part (74 — 00).

V[Ci ;] = 1o
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MINNESOTA PRIOR (III)

e A standard calibration for the hyper-parameters ~; is:

71 Y2 Y3 Y4
50x 1072 | 5.0x1073 | 1or2 | 1.0 x 10°

Table 1: From Kadiyala & Karlsson (JAE, 1997)

o a,?, fore=1,...,m, is set to 522, the estimated residual

variance of a p-lag univariate auto-regression for variable s.
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IN PRACTICE

e Compute the posterior mode.

e Compute the marginal density & Comparison with a
DSGE model.

e Forecasts & Irfs with “error bands” acknowledging the

uncertainty on the VAR model. This can be done

— using the posterior densities obtained analytically

previously, or
— using Metropolis-Hastings or Gibbs sampling algorithm.

e The posterior mode may be obtained using an optimization

package or a mixed estimation strategy (Theil &
Goldberger, Sims).
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BVAR MODELS & DUMMY VARIABLES (I)

e The likelihood of a VAR(p) is:

p(Y, A Y) x|X — L[S Y Y A ZY Y XA+ A Z' ZA)]

e An alternative way of introducing priors is to augment the
sample with artificial data generated by a model consistent

with our prior.
o Let (Y*,Z*) be the artificial data, its likelihood is:

1 —1 w! % w! % w! ! %
p(Y* AT |E|_§e—§tr[z (Y v — Az v _y* x* Av A’ z* 7 A)]

where A\ € R, gives the weight of our prior compared to
the likelihood associated to real data (7" = AT is the size

of the artificial sample).
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BVAR MODELS & DUMMY VARIABLES (II)

e For instance, we implement minnesota priors by building
matrices (Y*, Z*) from the simulations of independent

random walks.

e INTUITION: By augmenting the sample with random walk
artificial data, the ML (or OLS) estimator is shrunk
towards the unit root. We would obtain the same result by
mixing the likelihood (on real data) with a gaussian unit

root prior.

e Del Negro & Schortheide follow this strategy, but they use

artificial data from a DSGE model...
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BVAR MODELS & DUMMY VARIABLES (IIT)

e More formally, the joint density of artificial data and real

data (conditional on model’s parameter) is:
p(Y7(0),Y]A X) = p(YT(0)[AX) x p(Y]A X)

e () is a vector of parameters defining the Data (GGenerating
Process of the artificial data (a unit root VAR model or a

DSGE model).

e The first term on the RHS may be viewed as a prior
density for A and X.
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SiMs’ BVAR MoODEL (I)

e Uses a dummy variable approach.
e Priors close to Minnesota.

e All computations (posterior distribution and posterior
marginal density) may be done analytically

(Normal-Wishart prior shape).

e Implemented in DYNARE : dyn_bvar and dyn_bvar?2.

e The likelihood associated to artificial data is combined
with a diffuse (Jeffrey’s) prior... The prior is given by:

m

(Y, A L) =(2m) "2 37 [z

/ / / /
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Sims’ BVAR MoDEL (1)

e m “unit root” dummies, weighted by the hyper-parameter
w [2]. If strongly weighted, the posterior mode will be close

to the unit root.

e a “co-integration” dummy, weighted by the
hyper-parameter A [5]. Forces the appearance of at least

one common stochastic trend.

e mp “minnesota” dummies, weighted by the

hyper-parameter ¢ [3].
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SimMs’ BVAR MoDEL (I11)

e VAR(2) model: y; =c+yr—101 + yr—202 + us.
1x2

e “minnesota” dummies for ¢q:

((/51\

Cop 0 o 0 0 0 0
= Q2 | T+ Wt

0 (oo 0 (oo 0 0 O
\ ¢ )

From the first dummy observation we have:

Y., 2
¢1.11 ~ N (1 ’11) and ¢1 12 ~ N (0, 222>

’ C2O'% (%01
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Sims’ BVAR MODEL (IV)

e “minnesota” dummies for ¢s:

0 0 0 0 ¢oi2¢ 0 0 (o)
= Q2 | T Ut

0 0 00 0 (o92% 0
\ < )

From the first dummy observation we have:

Y 2y
¢2,11 NN(O 11 ) and gbg’lg NN(O 22 )

’ C2U%22d ’ C20%22d

e The default value for d is 0.5.

July 3, 2007 Université du Maine, GAINS & CEPREMAP Page 26



Sims’ BVAR MODEL (V)

e ‘“‘unit root” dummies:

(¢1\

pyr 0 pyr 0wy 00
0 uyo 0 wpuy2 0 puy2 O

From the first dummy observation we have:

by
1 —¢111 — 211 ~ N (0, ;“;)
MY

and

Zu 2
P1,12 + 2,12 ~ N (07 2’_22 )
H=Yq
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Sims’ BVAR MODEL (VI)

e How should we choose the hyper-parameters ?

— dyn_bvar implements Sims’ hyper-parameters by
default. o; is the standard deviation of variable 1

estimated over the initial conditions.

— dyn_bvar2 implements Smets & Wouter’s
hyper-parameters by default. {o;} are the residual
standard deviation from the estimation of a VAR(p)

model on a pre-sample.

e Experience shows that the results, with respect to the
marginal density estimation, are quite sensitive to the way

the user choose the hyper-parameters.
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BVAR MODEL (MODEL COMPARISON)

e The high sensitivity of the marginal density estimates is
problematic if we use BVAR models to evaluate the fit of
DSGE model (as in SW)

e Conclusions might be easily reversed by changing the

hyper-parameters.

e A comparison exercise would be meaningless if the DSGE

model beats a “ill specified” BVAR model.

e As the VAR’s parameter are not (directly) economically
interpretable we may use a data-driven choice of the BVAR’s
hyper-parameters — we choose the hyper-parameters in
order to get the best forecasts from the BVAR model.
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PaiLLiPS & PLOBERGER’S PIC CRITERION

e Minnesota BVAR with normal prior as defined earlier.

e Phillips (Econometrica, 1996) shows that the minimization
of the following function with respect to the

hyper-parameters

~ 1. |+ te z7
PIC = log || + — log —
I+ 7 g|951+2—1®2620|

leads to the best BVAR model, among the Minnesota

BVARs, in terms of predictions.

e It would be more appropriate to compare our DSGE models

to this type of data determined model.
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DEL NEGRO & SCHORFHEIDE (2004, I)

e Another idea is to use a structural model as a prior for the

BVAR model instead of an a-theoretical Minnesota prior.

e This is quite simple to implement trough the use of

artificial data from a DSGE model.

e The question is: What is the optimal weight (7*) of

the dsge prior in the bvar model ?

o If we find that T* (artificial sample size) is important
relative to 1, it means that the DSGE model imposes useful
restrictions to improve the forecasts abilities of the BVAR

model.
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DEL NEGRO & SCHORFHEIDE (2004, II)

e They use the theoretical counterparts of the moments
instead of artificial data moments in the likelihood

associated to the dummy variables.

e For instance, they replace Y* (6)Y*(6) by
\TE |y (0)y*(6)| = AT}, (0)

where I'), () is the theoretical covariance matrix of the

observed variables implied by the DSGE model.
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DEL NEGRO & SCHORFHEIDE (2004, IIT)

e The DSGE prior of the BVAR model, ie the likelihood
associated to the artificial data, is (adding a Jeffrey’s prior

= Normal-Wishart prior):

AT +m+1

p(A,Z|0) =c(0) 2|72

w e~ 3t [TT ST (T, ()= AL, (0) T3, (0) A+ATE, (6)A)]

where ¢(f) is a constant of integration.

o [et
— A*(0) = [T5.(0)] " 'z, (0)
— X*(0) = T3, (0) = T;5.(0) [T5.(0)] " T2, ()

zZz
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DEL NEGRO & SCHORFHEIDE (2004, IV)

e Conditionally on 6 (the deep parameters of the DSGE

model), we have a Normal-Wishart prior:

(AL~ MNy g (A%(60), 5 T, (0)] )
B0~ W (ATS(8), AT — k — m)

\

e To complete our priors we need to specify a prior
distribution over the deep parameters (6). Finally the
BVAR-DSGE model has the following prior:

po(A, X, 0) = po(A,X[0) X po(0)

for an implicit value of A.
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DEL NEGRO & SCHORFHEIDE (2004, V)

e The moments of the posterior density, which is also
Normal-Wishart, are obtained by considering the ML

estimate (with real and artificial data):

D

—~
N

~—
|

= V(0)" (ATTL(0)A*(0) + 7' 2.A)

~ 1
z(0) T+ AT

[(ATP;’;y(@) +Y'Y)

— (A\TT;,(0) +Y'Z) V()" (AT, (0) + Z’Y)]

With V() = (A\TT*,(6) + X'X)
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DEL NEGRO & SCHORFHEIDE (2004, VI)

e Finally:

[AIS0.Y ~ MNy, (A0),5,V(0))
D0y ~iWn ((A S DTS0), A+ DT — k — n)

e How should we choose \ 7...

e ... Del Negro and Schorfheide choose the value of A that
maximises the marginal density. They estimate, say, 10
BVAR-DSGE models with different values of A. For each
model they also estimate the marginal density. In the end
they select the model (ie the value of \) with the highest

marginal density.
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DYNARE IMPLEMENTATION (1)

e This is not the way we implement BVAR-DSGE in DYNARE.

e Instead of doing a loop over values of A (each time
estimating the model and its marginal density), we

estimate \ as another parameter.

e We may have a prior on A (on the ability of the DSGE
model to fit the data)... DYNARE compute the posterior
distribution of this ability.

e Our joint prior over A, >, A and 6 is given by:

Po (-Av Zv )‘7 ‘9) — Po (Av 2‘07 )‘>p0(6)p0(>‘)

a priori we have 6 L A.
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DYNARE IMPLEMENTATION (IT)

e ... But it is quite hard to find the posterior mode of the

BVAR-DSGE model with a standard optimization routine.
e Doesn’t seem to work with mode_compute=1,...,5.

e | have added a new optimization routine:
mode_compute =6 that I use to initialize the

Metropolis-Hastings algorithm.
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DYNARE IMPLEMENTATION (IIT)

e 10 estimate a BVAR-DSGE model with DYNARE

— you have to declare the parameter dsge_prior_weight

in the preamble of the *.mod file.

— you may give a value to this parameter, as for any
parameter of the DSGE model (necessary if you want to
estimate the BVAR-DSGE model calibrating the DSGE
prior weight as Del Negro & Schorfheide).

— you have to specify a prior distribution for

dsge_prior_weight in the estimated_params block.

July 3, 2007 Université du Maine, GAINS & CEPREMAP Page 39



A SIMPLER WAY FOR EVALUATING THE FIT OF A DSGE MODEL...

e Add measurement errors in the measurement equation...
e ... These errors may be modeled as a VAR model.

e We can then evaluate the fit of the DSGE model by
comparing the (second order) moments of the observed

variables with the moments of the measurement errors.

e The share of the variance of observed inflation unexplained
by the measurement errors, is the share explained by the
DSGE model (measurement errors and structural shocks are

orthogonal).
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