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What we do

m Propose a class of prior distributions for VARs that discipline the
long-run implications of the model
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What we do

m Propose a class of prior distributions for VARs that discipline the
long-run implications of the model

!

Priors for the long run

m Properties
» Based on macroeconomic theory
» Conjugate —> Trivial to implement
» Can be easily combined with existing priors

m Perform well in applications

» Good (long-run) forecasting performance
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Outline

m A specific pathology of (flat-prior) VARs
» Too much explanatory power of initial conditions and deterministic trends
» Sims (1996 and 2000)

m Priors for the long run
» Intuition
» Specification and implementation

m Alternative interpretations and relation with the literature

m Application: macroeconomic forecasting
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Simple example

m AR(1): y,=Cc+py,_ +E&,
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Simple example

m AR(1): y,=Cc+py,_ +E&,

-1 -1
t E: J J
m lterate backwards: Y, =0 Yo T j=0'0 ¢ + j=0p €
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Simple example

m AR(1): y,=Cc+py,_ +€,
, t-1 i -1 j
m [terate backwards: Y, =‘P Yo +Ej=0p C' t ‘ j=0p 8t—J"
| |
DC SC

= Model separates observed variation of the data into
» DC: deterministic component, predictable from data at time O
» SC: unpredictable/stochastic component
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Simple example

m AR(1): y,=Cc+py,_ +€,
, t-1 i -1 j
m [terate backwards: Y, =‘P Yo +Ej=0p C' t ‘ j=0p 8t—J"
| |
DC SC

= Model separates observed variation of the data into
» DC: deterministic component, predictable from data at time O
» SC: unpredictable/stochastic component

m Ifp=1,DCisasimplelineartrend: DC =y, +ct
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Simple example

m AR(1): y,=Cc+py,_ +E&,

t-1 i

oPE
|

DC SC

= Model separates observed variation of the data into

» DC: deterministic component, predictable from data at time O

\ J

(-1
m lterate backwards: Y, =‘pty0 +Ej=0pjcl +
|

» SC: unpredictable/stochastic component

m Ifp=1,DCisasimplelineartrend: DC =y, +ct

C C
m Otherwise more complex: DC = 1-p + pt(yo - ,O)
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Pathology of (flat-prior) VARs (Sims, 1996 and 2000)

m OLS/MLE has a tendency to “use” the complexity of deterministic
components to fit the low frequency variation in the data

m Possible because inference is typically conditional on y,,

» No penalization for parameter estimates of implying steady states or trends far
away from initial conditions
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Deterministic components in VARs

m Problem more severe with VARs
» implied deterministic component is much more complex than in AR(1) case
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Deterministic components in VARs

m Problem more severe with VARs
» implied deterministic component is much more complex than in AR(1) case

m Example: 7-variable VAR(5) with quarterly data on
» GDP
» Consumption
» Investment
» Real Wages
» Hours
» Inflation
» Federal funds rate

m Sample: 1955:1-1994:IV

m Flat or Minnesota prior
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“Over-fitting” of deterministic components in VARs
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“Over-fitting” of deterministic components in VARs

-8.2 |
-8.4FE

1960

1980 2000

(d): Investment-GDP ratio

-1.3

1.4}

-1.5¢}

-1.6 ¢

|

0.01

\ | 0.005

\\ 0l
1960 1980 2000

Data

1 0.025¢
0.02 ¢
1 0.015¢

(b): Investment

|

1960 1980 2000

(e): Inflation

1960 1980 2000

Flat

0.04 |
0.03}

0.02

MN —

Giannone, Lenza, Primiceri Priors for the long run

1960

1980 2000

(f): Interest rate

' AN

N

1960 1980 2000




Pathology of (flat-prior) VARs (Sims, 1996 and 2000)

m OLS/MLE has a tendency to “use” the complexity of deterministic
components to fit the low frequency variation in the data

m Possible because inference is typically conditional on y,,

» No penalization for parameter estimates of implying steady states or trends far
away from initial conditions

= Flat-prior VARs attribute an (implausibly) large share of the low
frequency variation in the data to deterministic components
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Pathology of (flat-prior) VARs (Sims, 1996 and 2000)

m OLS/MLE has a tendency to “use” the complexity of deterministic
components to fit the low frequency variation in the data

m Possible because inference is typically conditional on y,,

» No penalization for parameter estimates of implying steady states or trends far
away from initial conditions

= Flat-prior VARs attribute an (implausibly) large share of the low
frequency variation in the data to deterministic components

A

m Need a prior that downplays excessive explanatory power of initial
conditions and deterministic component

m One solution: center prior on “non-stationarity”
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Outline

Y VY

m Priors for the long run
» Intuition
» Specification and implementation
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Prior for the long run

VAR(1): y,=c+By,  +¢, ¢ ~N(02)

Giannone, Lenza, Primiceri Priors for the long run



Prior for the long run

VAR(1): y, =c+By, +¢, ¢ ~N(05X)

m Rewrite the VAR in terms of levels and differences:

Ay, =c+1ly,_ , +¢,
[I=B-1
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Prior for the long run

VAR(1): y, =c+By, +¢, ¢ ~N(05X)

m Rewrite the VAR in terms of levels and differences:

Ay, =c+1ly,_ , +¢,
[I=B-1

m Prior for the long run :> prioron Il centeredat0
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Prior for the long run

VAR(1): y, =c+By, +¢, ¢ ~N(05X)

m Rewrite the VAR in terms of levels and differences:

Ay, =c+1ly,_ , +¢,
[I=B-1

m Prior for the long run :> prioron Il centeredat0

m Standard approach (DLS, SZ, and many followers)

» Push coefficients towards all variables being independent random walks
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Prior for the long run

Ay, =c+Ily,_  +¢,

m Rewrite as

Ay, =c+IL H Hy,_ +¢,

A ~
Vi1
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Prior for the long run

Ay, =c+Ily,_  +¢,

m Rewrite as

Ay, =c+IL H Hy,_ +¢,

A ~
Vi1

m Choose H and put prior on A conditional on H
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Prior for the long run

Ay, =c+Ily,_  +¢,

m Rewrite as

Ay, =c+IL H Hy,_ +¢,

A ~
Vi1

m Choose H and put prior on A conditional on H

m  Economic theory suggests that some linear combinations of y are
less(more) likely to exhibit long-run trends
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Prior for the long run

Ay, =c+Ily,_  +¢,

m Rewrite as

Ay, =c+IL H Hy,_ +¢,

A ~
Vi1

m Choose H and put prior on A conditional on H

m  Economic theory suggests that some linear combinations of y are
less(more) likely to exhibit long-run trends

m Loadings associated with these combinations are less(more) likely
tobeO
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Example: 3-variable VAR of KPSW

Ay, =c+IL H Hy,_ +¢,

A N
Yia
|

I 1 1] (ouput )

-1 1 O Consumption
-1 0 1 Investment
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Example: 3-variable VAR of KPSW

Ay, =c+IL H Hy,_ +¢,

A 5’t—1
1
| . j \
1 1 1] (output )
-1 1 O Consumption
-1 0 1 Investment
Ax, Ay Ay A |x e+
Ac,|=c+|A, A, A, C,.1 — X T &,
_Alt | _A31 A, A33_ L =X
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Example: 3-variable VAR of KPSW

Ay, =c+IL H Hy,_ +¢,

A 5’t—1
1
| . j \
1 1 1] (output )
-1 1 O Consumption
-1 0 1 Investment
Ax, Ay Ay A |x e+
Ac,|=c+|A, A, A, C,.1 — X T &,
_Alt | _A31 A, A33_ | Lo T X |
\

Possibly stationary linear combinations
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Example: 3-variable VAR of KPSW

Ay, =c+IL H Hy,_ +¢,

A 5’t—1
|
| . j \
11 1] (outpur )
-1 1 O Consumption
-1 0 1 Investment
/ Common trend
Ax, ANy Ay Al te lt—l[
Ac,|=c+ [N, A, Ay Cip — X + &,
_Alt | _A31 As, A33_ | Lo T X |
\

Possibly stationary linear combinations

Giannone, Lenza, Primiceri Priors for the long run



Connections and extreme cases

Ay, =c+IL H Hy,_ +¢,

A N
Yia1

m Rewrite as

Ay, =c+ [Al Az] Yo TE,
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Connections and extreme cases

Ay, =c+IL H Hy,_ +¢,

A N
Yia1

m Rewrite as

Ayt=c+[A1 Az] ﬁf Vi TE

Ay, =c+ AN p "y +A,p'y,_ +E,
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Connections and extreme cases

Ay, =c+ N[y, +AN,py,  +¢,
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Connections and extreme cases

Ay, =c+ N[y, +AN,py,  +¢,

m Error Correction Model: dogmatic prioron A;=0
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Connections and extreme cases

| |
Ay, =c+ANB'y, _ +N,Py,_ +¢g,
m Error Correction Model: dogmatic prioron A;=0

» KPSW, CEE

m fix B based on theory
m flat prior on A,
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Connections and extreme cases

Ay, =c+ N[y, +AN,py,  +¢,

m Error Correction Model: dogmatic prioron A;=0

» KPSW, CEE » Cointegration
m fix B based on theory m estimate B
m flat prior on A, m flat prior on A,
m EG(1987)
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Connections and extreme cases

Ay, =c+ N[y, +AN,py,  +¢,

m Error Correction Model: dogmatic prioron A;=0

» KPSW, CEE » Cointegration » Bayesian cointegration
m fix B based on theory m estimate B m uniform prior on sp(PB)
m flat prior on A, m flat prioron A, m KSvDV (2006)
m EG (1987)
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Connections and extreme cases

Ay, =c+ N[y, +AN,py,  +¢,

m Error Correction Model: dogmatic prioron A;=0

» KPSW, CEE » Cointegration » Bayesian cointegration
m fix B based on theory m estimate B m uniform prior on sp(PB)
m flat prior on A, m flat prioron A, m KSvDV (2006)
m EG (1987)

m VAR in first differences: dogmatic prioron A;=A,=0
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Connections and extreme cases

Ay, =c+ N[y, +AN,py,  +¢,

m Error Correction Model: dogmatic prioron A;=0

» KPSW, CEE » Cointegration » Bayesian cointegration
m fix B based on theory m estimate B m uniform prior on sp(PB)
m flat prior on A, m flat prioron A, m KSvDV (2006)
m EG (1987)

m VAR in first differences: dogmatic prioron A;=A,=0

m Sum-of-coefficients prior (DLS, SZ)
> [B B T=H=I
» shrinkA;and A,t0 0
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Prior for the long run: specification and implementation

Ay, =c+I1 H" Hy, +¢,

A -
Vi1
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Prior for the long run: specification and implementation

Ay, =c+I1 H" Hy, +¢,

A -
Vi1

s A IHZ~N|O0,¢’

l

Giannone, Lenza, Primiceri Priors for the long run



Prior for the long run: specification and implementation

Ay, =c+I1 H' H~yt_1+£t

A

m AIH,2Z~N| 0,9,

l

m Conjugate
» Trivial to implement with Theil mixed estimation in the VAR in levels
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Prior for the long run: specification and implementation

Ay, =c+I1 H' H~yt_1+£t

A

m AIH,2Z~N| 0,9,

l

m Conjugate
» Trivial to implement with Theil mixed estimation in the VAR in levels

» Can be easily combined with existing priors
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Prior for the long run: specification and implementation

Ay, =c+I1 H' H~yt_1+£t

A

m AIH,2Z~N| 0,9,

l

m Conjugate
» Trivial to implement with Theil mixed estimation in the VAR in levels

» Can be easily combined with existing priors
» Can compute the ML in closed form
m Useful for the setting of hyperparameters ¢ (GLP, 2013)
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Empirical results

m Deterministic component in 7-variable VAR

m Forecasting
» 3-variable VAR
» 7-variable VAR
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7-variable VAR

m VAR(5) with quarterly data on
» GDP
» Consumption
» Investment
» Real Wages
» Hours
» Inflation
» Federal funds rate
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7-variable VAR

m VAR(5) with quarterly data on
» GDP
» Consumption
» Investment
» Real Wages
» Hours
» Inflation

» Federal funds rate
_ , _ Interpretation of Hy

r ¢ 1 w h 7w R

1 11 1 0 0 0 —> Real trend

o 00 0 0 1 1 —> Nominal trend

11 0 0 O O 0 —> Cons-GDP ratio
- H = -1 0 1 0 0 0 0 —> Inv-GDP ratio

-1 0 O 1 0 0 0 —> Wage-GDP ratio

o 0 0 0 1 0 O —> Hours

0 00 0 0 -1 1 | —> Real interest rate
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Deterministic components in VARs
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Deterministic components in VARs with
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3-variable VAR

m VAR(5) with quarterly data on
> GDP
» Consumption

> Investment

m Recursive estimation starts in 1955:|
m Forecast-evaluation sample: 1985:1 —2013:|

r ¢ 1 Interpretation of H y

1 —> Real trend

Cons-GDP ratio

|

ek
S = =

-

1 —> Inv-GDP ratio

Giannone, Lenza, Primiceri Priors for the long run




Consumption and investment-output ratios
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Mean Squared Forecast Errors (1985-2013)
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Mean Squared Forecast Errors (1985-2013)
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Mean Squared Forecast Errors (1985-2013)
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Forecasts (5 years ahead)

Actual
—-0.5+ Naive _
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Forecasts (5 years ahead)

Actual
—-0.5+ Naive |
— PLR
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Forecasts (5 years ahead)

Actual
—-0.5+ Naive |
— PLR
—0.55+ i
-0.6 .
—-0.65¢ . i

Q1-50 Q1-60 Q1-70 Q1-80 Q1-90 Q1-00 Q1-10 Q1-20

—-1.3r
—1.4
—-1.5r
-1.6

—-1.7kt

Q1-50 Q1-60 Q1-70 Q1-80 Q1-90 Q1-00 Q1-10 Q1-20

Giannone, Lenza, Primiceri Priors for the long run



7-variable VAR

m VAR(5) with quarterly data on

m Recursive estimation starts in 1955:|
m Forecast-evaluation sample: 1985:1 — 2013:|

 r ¢ i w h w™ R
1 1.1 1 0 0 O —>
o 0 0 0 0 1 1 —
| -1 1 0 O O O O —>
m H=
-1 0 1 0 O 0 O —>
-1 0 0 1 0 0 O —>
O 0 0 o0 1 0 0 —>
0 0 0 0 0 -1 1 | —

Interpretation of H y

Real trend
Nominal trend
Cons-GDP ratio
Inv-GDP ratio
Wage-GDP ratio
Hours

Real interest rate
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Mean Squared Forecast Errors on y (1985-2013)
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Mean Squared Forecast Errors on Hy (1985-2013)
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Mean Squared Forecast Errors on y (1985-2013)
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Mean Squared Forecast Errors on Hy (1985-2013)
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Mean Squared Forecast Errors on y (1985-2013)
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Mean Squared Forecast Errors on Hy (1985-2013)
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Strengths and weaknesses

m Strengths
» Imposes discipline on long-run behavior of the model
» Based on robust lessons of theoretical macro models
» Performs well in forecasting (especially at longer horizons)
» Very easy to implement
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Strengths and weaknesses

m Strengths
» Imposes discipline on long-run behavior of the model
» Based on robust lessons of theoretical macro models
» Performs well in forecasting (especially at longer horizons)
» Very easy to implement

m Weak points
» Non-automatic procedure = need to think about it

» Might prove difficult to set up in large-scale models = might require too
much thinking

» Danger of data mining in the choice of H
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A prior invariant to rotations

Ayt =C +A1/3J_'yt—1 +A2/3'yz—1 +8t

m Economic theory tell us what sp(B) is likely to be, not B
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A prior invariant to rotations

Ayt =C +A1/3J_'yt—1 +A2/3'yz—1 +8t

m Economic theory tell us what sp(B) is likely to be, not B
m We have also developed a prior that is invariant to rotations of

m Important to isolate linear combinations that behave “differently”
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A prior invariant to rotations

Ayt =C +A1/3J_'yt—1 +A2/3'yz—1 +8t

m Economic theory tell us what sp(B) is likely to be, not B
m We have also developed a prior that is invariant to rotations of
m Important to isolate linear combinations that behave “differently”

m Inspired by cointegration literature, but 3 main differences
» Fully probabilistic approach without multistep-procedure
» Do not dogmatically shut down the loadings of non-stationary combinations
» Shrink the loading of stationary combinations to reduce the importance of DC
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