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Main Goal

Evaluate whether forecasting performance has changed over time

Existing tests only focus on average performance

Main �ndings:

Forecasting in�ation is harder than forecasting output
Models�forecasting ability for in�ation worsened around the time of the
Great Moderation, whereas that of output worsened in mid-1970s

Focus on models predicting US in�ation

Stock and Watson�s database
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Outline

Simple example

General results

Are the parameters in the Taylor rule identi�ed?

Conclusion
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Model description

yt+h = β0 + β1(L)xt + β2(L)yt + εt+h

yt+h = 1200 ln(CPIt+h/CPIt )/h� 1200 ln(CPIt/CPIt�1) is the h
period ahead in�ation at time t, where h=12 months
xt is a possible explanatory variable
yt = 1200 ln(CPIt/CPIt�1) is the period t change in in�ation
β1(L)xt = ∑pj=1 β1jxt�j+1, β2(L)yt = ∑qj=1 β2jyt�j+1
p and q are chosen by the BIC
OLS estimation
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Data description

xt

Short-term interest rates, either the Fed Funds Rate (rovnght level) or
the one-year US Treasury rate (rbnds level) � see Mishkin (1990) and
Kozichi (1997);
Interest rate spread (rspread level) � see Mishkin (1990);
Unemployment gap (unemp gap) and Capacity utilization (capu level)
� see Stock and Watson�s Phillips curve work;
Earnings (earn ∆ ln);
Money growth, either M2 (m2 ∆ ln) or M3 (m3 ∆ ln).

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 5

/ 19



Data description

xt
Short-term interest rates, either the Fed Funds Rate (rovnght level) or
the one-year US Treasury rate (rbnds level) � see Mishkin (1990) and
Kozichi (1997);

Interest rate spread (rspread level) � see Mishkin (1990);
Unemployment gap (unemp gap) and Capacity utilization (capu level)
� see Stock and Watson�s Phillips curve work;
Earnings (earn ∆ ln);
Money growth, either M2 (m2 ∆ ln) or M3 (m3 ∆ ln).

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 5

/ 19



Data description

xt
Short-term interest rates, either the Fed Funds Rate (rovnght level) or
the one-year US Treasury rate (rbnds level) � see Mishkin (1990) and
Kozichi (1997);
Interest rate spread (rspread level) � see Mishkin (1990);

Unemployment gap (unemp gap) and Capacity utilization (capu level)
� see Stock and Watson�s Phillips curve work;
Earnings (earn ∆ ln);
Money growth, either M2 (m2 ∆ ln) or M3 (m3 ∆ ln).

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 5

/ 19



Data description

xt
Short-term interest rates, either the Fed Funds Rate (rovnght level) or
the one-year US Treasury rate (rbnds level) � see Mishkin (1990) and
Kozichi (1997);
Interest rate spread (rspread level) � see Mishkin (1990);
Unemployment gap (unemp gap) and Capacity utilization (capu level)
� see Stock and Watson�s Phillips curve work;

Earnings (earn ∆ ln);
Money growth, either M2 (m2 ∆ ln) or M3 (m3 ∆ ln).

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 5

/ 19



Data description

xt
Short-term interest rates, either the Fed Funds Rate (rovnght level) or
the one-year US Treasury rate (rbnds level) � see Mishkin (1990) and
Kozichi (1997);
Interest rate spread (rspread level) � see Mishkin (1990);
Unemployment gap (unemp gap) and Capacity utilization (capu level)
� see Stock and Watson�s Phillips curve work;
Earnings (earn ∆ ln);

Money growth, either M2 (m2 ∆ ln) or M3 (m3 ∆ ln).

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 5

/ 19



Data description

xt
Short-term interest rates, either the Fed Funds Rate (rovnght level) or
the one-year US Treasury rate (rbnds level) � see Mishkin (1990) and
Kozichi (1997);
Interest rate spread (rspread level) � see Mishkin (1990);
Unemployment gap (unemp gap) and Capacity utilization (capu level)
� see Stock and Watson�s Phillips curve work;
Earnings (earn ∆ ln);
Money growth, either M2 (m2 ∆ ln) or M3 (m3 ∆ ln).

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 5

/ 19



Forecast comparisons over time: Fluctuation test

The OOS Fluctuation test

Let ε̂t+h and η̂t+h be the pseudo out-of-sample forecast errors of the
models estimated over a rolling window of m observations (m = 120)
Object of interest = rescaled di¤erence between the mean square
forecast errors (rMSFE) of the "economic" model and that of the
univariate AR calculated over these rolling windows

rMSFEt = bσ�1 1m �∑j=t+m/2
j=t�m/2 (ε̂t+h)

2 �∑j=t+m/2
j=t�m/2

�
η̂t+h

�2�
,bσ is an estimate of the standard deviation of the relative MSFE

Giacomini and Rossi (2008) show that

FOOSt ,m = m1/2
t+m/2�1

∑
j=t�m/2

rMSFEt =) [B (τ + µ/2)�B (τ � µ/2)] /
p

µ,

where t = [τP ] , m = [µP ], B (�) is a std univariate BM
They �nd critical values s.t.

Pr
�
sup

τ

���FOOSt ,m

��� > kα

�
= α
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Forecast comparisons over time: One-time reversal test

The One-time reversal test

Estimate the time of the reversal in the forecasting ability
Estimate the path of the relative forecasting ability over time

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 7

/ 19



Forecast comparisons over time: One-time reversal test

The One-time reversal test

Estimate the time of the reversal in the forecasting ability

Estimate the path of the relative forecasting ability over time

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 7

/ 19



Forecast comparisons over time: One-time reversal test

The One-time reversal test

Estimate the time of the reversal in the forecasting ability
Estimate the path of the relative forecasting ability over time

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 7

/ 19



Forecast comparisons over time: example

1986 1988 1990 1992 1994 1996 1998 2000 2002 2004 2006
­3

­2

­1

0

1

2

3

4

Time

Fluctuation test Statistic
Fluctuation test Critical Value
Path of relative forecasting performance
 based on One­time Reversal test
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Empirical results: One-time reversal test I
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Empirical results: One-time reversal test II
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Empirical results: Fluctuation test
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Empirical results: Existing tests (Full sample I)

Rossi-Sekhposyan (2008) Weak Identi�cation Tests
Bank of Chile, Forecasting Workshop 17

/ 19



Empirical results: Existing tests (Full sample II)
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Conclusions

Conclusions

The predictive ability of a variety of models that aim at predicting
future in�ation vary through time
Many predictors performed well in the beginning of the out-of-sample
period that we considered, but worsened relative to the AR during later
periods
There is more evidence in favor of predictive ability for output than for
in�ation
The time of the reversal in the predictive ability is around 1983-1984
for in�ation (and mid-1970 for output).
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