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Abstract. We provide an extensive evaluation of the predictive per-

formance of the U.S. yield curve for U.S. GDP growth by using a new test for

forecast breakdown as well as a variety of in-sample and out-of-sample testing

procedures. Empirical research over the past decades uncovered a strong pre-

dictive relationship between the yield curve and output growth. However, the

parameter estimates that describe this empirical relationship were not stable

over time. We document the existence of a forecast breakdown in this relation-

ship over the past three decades, and nd it relevant especially in the seventies

and eighties. We also provide empirical support for the theoretical conjecture

that the cause of the forecast failure is closely linked to changes in the monetary

policy of the Fed.
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1. Introduction

The usefulness of the yield curve for predicting output growth was empirically in-

vestigated by Stock and Watson (1989) and Estrella and Hardouvelis (1991), among

others. They noticed that a positive slope of the yield curve was associated with

future increases in real economic activity 6 or 7 quarters ahead, and thus was able

to predict future output growth. They interpreted the marginal predictive power of

the yield curve as evidence that market participants were able to predict expansions

or contractions in the economy 6 or 7 quarters in advance. This nding even led

researcher to argue that the term structure could be a useful indicator of monetary

policy stance. In fact, Estrella and Mishkin (1997) found that the Central Bank has

some inuence over the slope of the yield curve, and that there is an overlap in the

information contained in the yield curve and that contained in other indicators of

monetary policy. However, subsequent research (Estrella et al., 2003) found empiri-

cal evidence of structural breaks in this predictive relationship, and concluded that it

may not be stable over time. Therefore, they called its usefulness into question. As

they put it (cfr. p. 642): �“the main lesson is that all of these models must be used

with caution, and that it is advisable to use the methods employed here (i.e. tests

for structural breaks) to test the stability of a particular model if it is to be used for

forecasting�”.

This paper re-examines the stability of the forecasting performance of the yield
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curve for output growth. We move beyond tests for structural breaks for two reasons.

The rst is because we are interested in evaluating the overall forecasting perfor-

mance of the relationship (as opposed to the stability of its coe cients). As shown

in Giacomini and Rossi (2005), structural breaks are only one of the possible causes

of forecast breakdown. We propose instead to evaluate the forecasting ability of the

model by the more comprehensive procedure to detect forecast breakdowns that they

propose, which evaluates the performance of the model by comparing its in-sample

t with its out-of-sample forecast performance. The fact that the forecast breakdown

test can capture a number of various possible causes of a forecast breakdown at once

distinguishes their approach from several strands of the literature, including tests

for parameter instability. In fact, their test has power not only against parameter

changes over time, but also against other causes of forecast breakdowns, such as over-

tting and changes in other aspects of the distribution of the forecast errors. The

second reason is because we would like to investigate whether the forecasting perfor-

mance of this relationship can be linked to economic factors. In fact, one advantage

of the framework proposed by Giacomini and Rossi (2005) is that it also allows for

conditional tests of forecast breakdown (conditional on a set of possible explanatory

variables), and thus it can be used to identify the sources of forecast breakdown in

the predictive relationships.

The forecast breakdown test used in this paper is related to what Clements and
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Hendry (1998, 1999) called a �“forecast failure�” test, although Giacomini and Rossi

(2005) extend that approach in several directions. First, they make the criterion

operational for various types of forecasting schemes (including rolling, recursive and

split-sample) and adopt a more stringent denition of forecast breakdown by requiring

that the out-of-sample performance of the forecast model be systematically worse

than its in-sample performance. Second, they extensively analyze the size and power

properties of the test they propose. Their test has good size properties, which derive

from an asymptotic framework introduced by Dufour, Ghysels et Hall (1994) andWest

(1996), where both the in-sample and the out-of-sample fraction of the observations

go to innity as the total sample size goes to innity. In addition, their test has

power against structural breaks, overtting and, more generally, model changes over

time. A third contribution is that the framework also allows for conditional tests of

forecast breakdown.

This paper corroborates the earlier empirical evidence of parameter instability

discussed in Estrella et al. (2003), and nds forecast breakdowns in the predictive

relationship, especially in the Seventies and Eighties. We show that the forecast

breakdown can be linked to changes in the monetary policy behavior of the Fed,

as the evidence of forecast breakdowns is stronger during the Burns and Miller and

Volker periods, and almost completely disappears in the data during the Greenspan

era.
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The paper is organized as follows. Section 2 introduces the test statistics used in

the paper, Sections 3 discusses the empirical results, and Section 4 concludes.

2. The econometric methodologies

In this section, we briey describe the econometric methodologies used in this pa-

per. We rst reconsider the empirical evidence on structural breaks in the empirical

relationship between the yield curve and future GDP growth. Estrella et al. (2003)

only considered the Andrews (1993) and the Ghysels, Guay and Hall (1997) tests

for a single structural break in the parameters. However, the relationship of interest

may have been subject to multiple structural breaks. Bai (1997) showed that tests

for a single structural break may have low power against multiple breaks in nite

samples. In addition, Elliott and M
..
uller (2003) show that traditional tests for struc-

tural breaks have power against �“large�” breaks, but may lack power against slowly

time-varying coe cients. To address these issues and to complement the empirical

results in Estrella et al. (2003), we therefore assess parameter instability by using

the test proposed by Elliott and M
..
uller (2003), which has optimal power properties

against multiple, slowly-evolving structural breaks. In addition, we also provide em-

pirical evidence on structural breaks by using the Andrews (1993), the Andrews and

Ploberger (19954), and the Nyblom (1989) tests.

The main objective of this paper is to evaluate the reliability of the yield curve

for predicting output growth over time. The second type of statistics we use are
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therefore in-sample and out-of-sample tests that compare the predictive performance

of the yield curve for GDP growth in the presence of possible parameter instabil-

ity. The out-of-sample forecasting tests (Diebold and Mariano (1995), West (1996),

Clark and McCracken (2001) and Giacomini and White (2003)) compare the out of

sample forecasts of the models, whereas the in-sample test used here, proposed by

Rossi (2005), is a joint test for parameter instability and in-sample lack of predictive

content.

The third type of statistic we consider is the tm,n, test for forecast breakdown

proposed in Giacomini and Rossi (2005), which detects past forecast breakdowns.

They dene a forecast breakdown as a deterioration in the out-of-sample performance

of the forecast method relative to its in-sample average performance. We focus on

the rolling forecasting scheme both because it is one of the most popular schemes

in the literature, and because it quickly adapts to structural changes, which are

present in the relationship of interest (cfr. Estrella et al., 2003). Let T be the total

sample size, be the forecast horizon of interest, and m be the size of the estimation

window. At time t, the researcher estimates an out-of-sample forecast �ˆft, where

t = m+1,m+2, ..., T . Each forecast corresponds to a sequence of in-sample tted

values �ˆyj(bt), j = t m+1, ..., t, where bt is the parameter estimated at time t. Both

the sequence of in-sample tted errors and the out-of-sample forecasts are evaluated

according to a quadratic loss function. The out-of-sample forecast loss is L(Yt+ , �ˆft) =
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³
Yt+ �ˆft

´2
, and depends on the forecast and on the variable of interest. The in-

sample loss is L(Yj, �ˆyj(bt)), and depends on the tted values and on the variable of

interest. The test is based on the sequence of �“surprise losses�”, where the surprise loss

at time t+ is dened as the di erence between the observed loss at time t+ and

the in-sample average loss: SLt+ (bt) = L(Yt+ , �ˆft(bt)) 1
m

tX

j=t m+1

L(Yj, �ˆyj(bt)) for

t = m, ...T . If a forecast method is reliable, one would expect the out-of-sample

surprise losses {SLt+ }
T
t=m+1 to have mean zero. The null hypothesis is therefore

H0 : E[SLt+ ( )] = 0 whereas the alternative hypothesis is HA : E[SLm,n ( )] > 0.

The test statistic, based on the average surprise loss SLm,n n 1
PT

t=m SLt+ , is

tm,n, =
SLm,n

�ˆ2m,n/ n
(1)

where �ˆ2m,n is a heteroskedasticity and autocorrelation-consistent (HAC) estimator of

the asymptotic variance 2
m,n = var[ nSLm,n] = lSll, where Sll

P
k= E (lt Elt) (lt k Elt) .

Note that the precise form of 2
m,n depends on l, which di ers depending on the type

of estimator used (see Giacomini and Rossi, 2005).1 The long-run variance Sll can

be consistently estimated by a HAC estimator along the lines of Newey and West

(1987). Giacomini and Rossi (2005) show that, under standard regularity conditions,

1This estimator is based on covariance stationarity. Giacomini and Rossi (2005) propose another
estimator for the asymptotic covariance that is robust to heterogeneity.
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as m, n and n
m

as T , we have

tm,n,
d
N(0, 1) (2)

Finally, the fourth statistic we consider is the Wm,n, test proposed in Giacomini

and Rossi (2005), which is useful to predict future forecast breakdowns. They suggest

to consider additional information available at the time of the prediction that the

forecaster could exploit in order to predict whether there will be a forecast breakdown

at a specic date in the future. For example, the surprise losses may be persistent

(this is easy to see for a quadratic loss function, where the presence of GARCH in the

data will induce serial correlation in the surprise losses) or they may be correlated

with indicators of the state of the economy or of monetary policy changes. The test

is implemented as follows:

1. Select a q × 1 information vector ht from the information set at time t and

estimate the predictive regression

SLt+ = h
0

t + t+ , (3)

over the out-of-sample period t = m, ..., T . Let bn, denote the OLS coe -

cient. The information vector ht can include a constant; lagged surprise losses;

economically meaningful variables such as business cycle leading indicators,
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measures of stock market volatility, interest rates etc.

2. Test whether is signicantly di erent from zero by a Wald test

Wm,n, = nb
0
n,
�ˆV 1
n,
b
n, (4)

where �ˆVn, is a HAC estimator of the asymptotic variance of bn, with truncation

lag 1. Reject the null hypothesis that = 0 ifWm,n, >
2
q,1 , where 2

q,1

is the (1 ) th quantile of a 2
q distribution.

3. In case of rejection, use (3) to construct a (1 )% prediction interval for SLT+ .

A prediction interval can be computed in a number of ways, using parametric,

nonparametric or bootstrap techniques. For example, a simple, approximate

prediction interval (assuming normality and ignoring estimation uncertainty in

b
n, ) can be constructed as

h0T
b
n, ± z /2

q
�ˆ2, ,

where �ˆ2, is a HAC estimator of the variance of the errors t+ from regression

(3). If the prediction interval contains 0, conclude that the forecast method will

break down at time T + with probability (1 )%.
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3. Empirical results

The model that we consider is the following:2

Yt+h = 0 + 1

³
ilongt ishortt

´
+ et+h, (5)

where Yt+h (1200/h) ln (IPt+h/IPt) is the growth rate of industrial production

over h months, ilongt is the long-term bond rate, and ishortt is the short-term treasury

bill (T-bill) rate. Estrella and Hardouvelis (1991) and Estrella and Mishkin (1997)

found that the yield curve is a signicant predictor of real economic activity both

in the U.S. and in Europe, and it outperforms survey forecasts both in-sample and

out-of-sample. However, subsequent research by Estrella et al. (2001) found that

the predictive relationship may not be stable by using the in-sample structural break

tests proposed by Andrews (1993) and Ghysels et al. (1997). The exact time of the

break depends on the procedure used, but in general the empirical evidence pointed

towards structural breaks in 1979:10 and 1982:10.

In what follows, we rst revisit the empirical evidence for parameter stability by

using the optimal test for multiple structural breaks proposed by Elliott and M
..
uller

(2003). The results are reported in Table 1. We use monthly data from 1965:1 to

2While output growth is stationary, the yield spread is quite serially correlated. However, the
degree of serial correlation in the yield spread is not so high to raise concerns regarding a possible
presence of unit roots, so we can use the usual statistical test results that are available for stationary
data.
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2001:6 from the Federal Reserve Bank of St. Louis to test for structural instability

both in 1 (columns labeled �“ 1�”) and in 0 and 1 jointly considered (columns labeled

�“ 0 & 1�”). We consider various maturities, namely 5 and 3 years for the long rate

(ilongt ), and 1, 3 and 6 months for the short term rate (ishortt ). Table 1 reports the

estimated value of the Elliott and M
..
uller�’s J-test statistic, whose critical values are

-11.05 and -17.57 respectively for tests on one and two parameters (the test rejects for

small values). We also consider various horizons (labeled �“h�”, where h = 12, 24 and

36 months). The results in Table 1 show that there is widespread empirical evidence

of structural instability at all horizons and for every maturity of both the short and

the long term bond rates that we investigated.

INSERT TABLE 1

For a particular horizon (h = 12), Table 2 provides additional evidence on the

existence of parameter instability by using the tests for structural breaks proposed

by Andrews (1993), labeled �“QLR�”, the optimal tests proposed by Andrews and

Ploberger (1995), labeled �“Exp-W�” and �“Mean-W �”, and the test proposed by Nyblom

(1989). The table reports both the estimated value of the test statistics and their

p-values. As it is clear from the table, all tests strongly reject the null hypothesis of

parameter stability.



12

These results conrm the existence of structural breaks in the predictive rela-

tionship between the yield curve and output growth. However, they do not provide

information regarding their overall forecasting performance. We therefore comple-

ment these results by providing additional empirical evidence based on comparing

the out-of-sample relative predictive ability of two models, one that uses the informa-

tion in the yield curve, and one which does not (i.e. according to which GDP growth

is unpredictable, which has been the standard alternative used in out-of-sample fore-

cast comparisons �— see, among others, Stock and Watson (2001) and Clark and Mc-

Cracken (2005). The parameters are estimated with either a rolling, a recursive or

a xed scheme. Model comparisons based on rolling re-estimation of the parameters

are more robust to parameter instabilities than full sample estimates, and therefore

quite appropriate in the presence of parameter instability. The critical values are

based on both standard normal asymptotic distributions, as in Diebold and Mariano

(1995) and Giacomini and White (2004), and on the critical values provided by Clark

and McCracken (2001). The forecasting tests are labeled, respectively, DM for the

Diebold and Mariano (1995) test, and ENCNEW for the Clark andMcCracken (2001)

test. In our setup, since the models are nested, the relevant test is the ENCNEW

test, since it is designed for forecast comparisons for nested models. Subscripts rec,

roll and split refer, respectively, to the tests implemented with recursive, rolling or

split-sample forecasting schemes. The tests strongly reject the null hypothesis that
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the two models have equal predictive ability in favor of the hypothesis that the model

with the yield curve forecasts better.3

On the other hand, since these tests do not have good power properties, we also

provide empirical evidence based on various optimal tests for model selection that

are robust to the presence of structural breaks, as proposed by Rossi (2005). Table

2 reports test statistics and p-values of the optimal exponential Wald, mean Wald

and Nyblom version of her test, labeled, respectively, Exp-W*, Mean-W* and Ny-

blom*. As the optimal tests in Table 2 show, there is overwhelming evidence against

the hypothesis that GDP growth is unpredictable and that the unpredictability was

constant over time.

INSERT TABLE 2

We next use our testing framework to formally investigate the stability of the

yield curve as a predictor of output growth. We rst focus on Giacomini and Rossi�’s

(2005) tm,n, test to detect past forecast breakdowns. Table 3 reports p-values of

null hypothesis of no breakdown of predictive relationship (5) where ilongt is the 5-

years bond rate and ishortt is the 3-months Treasury bill rate. The rolling forecasts

are obtained with two di erent window sizes, 60 and 120 months, and the forecast

3Negative values of the DM test statistic imply that the model with the yield curve forecasts
better than the model where GDP growth is unpredictable).
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horizons are either 12, 24, or 36 months. The table shows that there is striking

evidence of forecast breakdown, as all p-values are close to zero.

INSERT TABLE 3

Finally, we turn to an analysis of the causes of the forecast breakdown observed

in the data. Estrella et al. (1997) argue that regime shifts in monetary policy are

associated with changes in the forecasting ability of the yield curve slope. We there-

fore use them as possible predictors of future forecast breakdowns. We measure

monetary policy stance by rolling estimates of parameters of the Federal Funds Rate

(FFR) reaction function to future ination and the unemployment gap in the New-

Keynesian forward looking monetary policy reaction function analyzed by Clarida,

Gali and Gertler (2000). We rollingly estimate by GMM the following moment con-

dition (which describes the monetary policy reaction function of the Federal Reserve

(Fed)):

E (rt (1 ) [rr ( 1) + t,k + xt,q] + (L) rt 1|=t) = 0, (6)

where rt is the nominal FFR; t,k is the percentage change in the price level between

periods t and t + k (expressed in annual rates); xt,q is a measure of the average

output gap between period t and t + q, with the output gap dened as minus the
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percentage deviation between actual unemployment rate and the corresponding target

(in practice, the target is dened as a tted quadratic function of time); and =t is

the information set at time t. As in Clarida et al. (2000), (L) 1 + 2L contains

two lags, rr is the average FFR over the period, (1), and the instrument set

comprises a constant and four lags of each of the following variables: ination, the

gap, the FFR, the commodity price ination, the spread between long-term bond rate

and the three-month Treasury Bill rate.4 The target horizon for both the ination

and the unemployment gaps is 1 quarter, and the window is 120. Figure 1 shows the

estimates of the parameters.

INSERT FIGURE 1

We use the estimates of bt (that can be interpreted as the Fed�’s �“ination aversion�”),

bt (that can be interpreted as the Fed�’s �“output gap reaction�”) and bt (which can be

interpreted as the Fed�’s desired degree of �“interest rate smoothness�”) as explanatory

variables for future surprise losses in order to investigate whether they are useful to

predict the forecast breakdown. We therefore proceed by estimating the following

4Unlike in Clarida et al. (2000), the long-term bond rate used here is not FYGL because that
series has been discontinued. Our proxy for the long-term bond rate is instead the ten-year monthly
rate of interest on government securities provided by the Fed (we checked that in the overlapping
portion with FYGL the data look similar). Similar problems lead us to choose the 3-month U.S.
Treasury Bills quoted on the secondary market as a proxy for the 3-month Treasury Bill rate. Finally,
for commodity prices we used n.s.a. CPI for all items all urban consumers (U.S. city average) and
we collected data for M2 from the Federal Reserve Board database.
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model to explain the forecast breakdown:

SLt+12 =
3X

i=1

(aiDi+biDi
�ˆ
t+ciDi �ˆt+diDi �ˆt) + et+12, (7)

where D1= 1(t < 1979 : 3); D2,t= 1(1979 : 3 < t < 1987 : 7); D3= 1(t > 1987 : 7) are

dummy variables that correspond to di erent monetary policy regimes: Burns-Miller

(until 1979:3), Volker (1979:3-1987:7), Greenspan (after 1987:7). We assumed a

quadratic loss function and used a rolling estimation window equal to 60 months.

The out-of-sample period is 1970:1-2000:6. Table 4 shows the results. The table

reports estimates of the coe cient ai, bi, ci, and di for the various sub-samples. Stars

denote parameters which are statistically signicantly di erent from zero at 5% sig-

nicance level. It is clear that the degree of ination targeting smoothing operated

by the Central Bank (bt) and its ination aversion (�ˆt) have a signicant impact in

explaining the out of sample forecast breakdown both in the Burns and Miller period

and in the Volker period. The degree of the Fed�’s aversion to the unemployment gap

(bt) are signicant only for the Burns and Miller period. None of the coe cients

is signicant in the Greenspan period. We therefore conclude that, as theoretically

conjectured in Estrella and Mishkin (1997), the lack of reliability and the instability

of the predictive power of the yield curve for output growth can be linked to changes

in the monetary policy of the Fed.
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INSERT TABLE 4 AND FIGURE 2

Finally, Figure 2 shows the tted values of the surprise losses (line with �“stars�”)

together with the corresponding one-sided 95% condence band to test the null hy-

pothesis that the surprise losses are equal to zero (continuous line). When the latter

is above zero (the dotted line), the surprise losses are signicantly di erent from zero,

and thus there is evidence of forecast breakdown. The gure also shows vertical lines

corresponding to the changes in the monetary policy regimes discussed above. The

rst sub-sample in the gure refers to the Burns-Miller period, the second to the

Volker period, and the last one to the Greenspan period. The gure clearly shows

that the surprise losses were signicantly di erent from zero most of the time during

the rst two monetary policy regimes (Burns-Miller, and Volker), thus reinforcing

the empirical nding of forecast breakdown in those decades. However, the gure

also clearly shows that the behavior of the surprise losses changed dramatically when

Greenspan was appointed Chairman of the Fed. In fact, starting from July 1987, the

surprise losses became much smaller in magnitude, and insignicantly di erent from

zero. We therefore conclude that the predictive power of the yield curve spread was

unreliable and unstable during Burns-Miller and Volker periods, but became reliable

during the Greenspan era. This nding corroborates existing empirical results that

claim that, during Alan Greenspan�’s tenure, monetary policy aimed at low levels

of long run ination and at stabilizing the level of output around its trend in the
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short run, thus stabilizing the economic system. It is in fact reasonable to conjec-

ture that the stability of the economic environment might have helped stabilizing the

relationship between the spread and output growth as well.

4. Conclusions

This paper o ered an empirical investigation of whether there was a breakdowns in

the forecasting ability of the U.S. yield curve in predicting output growth, and its

causes. We found striking empirical evidence of forecast breakdowns, especially in

the Seventies and Eighties, which parallels the empirical evidence on the structural

instability of these predictive relationship documented in the literature. Interestingly,

we found that the forecast breakdown can be linked to monetary policy changes in

the Fed�’s preference parameters, and that the evidence of forecast breakdown can be

associated mainly with the Burns and Miller and Volker periods, whereas there is no

signicant empirical evidence of forecast breakdowns in the Greenspan era.
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6. Tables and Figures

Table 1. The J-test for parameter instability
h = 12 h = 24 h = 36

ilongt ishortt 1 0& 1 1 0& 1 1 0& 1

5y 1m -49.76 -101.62 -53.28 -92.16 -57.84 -109.79
3m -49.34 -98.12 -53.6 -93.19 -57.71 -111.82
6m -48.06 -96.80 -51.82 -91.00 -57.66 -114.39

3y 1m -49.52 -101.62 -53.19 -91.80 -57.45 -107.82
3m -49.24 -98.47 -53.63 -93.13 -57.35 -109.96
6m -48.09 -97.69 -51.87 -91.01 -57.34 -112.62

Table 1 reports the estimated values of Elliott and Muller�’s (2003) heteroskedasticity-
robust J-test statistic for multiple structural breaks for the single parameter 1 (columns
labeled �“ 1�”) and the joint test for both 0 and 1 (labeled �“ 0& 1�”). The 5% critical
values of the Elliott and Muller (2003) test are -11.05 and -17.57 respectively for the cases
of one and two parameters (the J-test rejects for small values). The regression is as in (5)
with horizon labeled �“h�” and for maturities indicated in the rst two columns, where �“y�”
and �“m�” indicate, respectively, the number of years for the long rate (ilongt ) and of number
of months for the short rate (ishortt ).
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Table 2. Additional tests for instability, model selection, and forecasting
ilongt = 5 ilongt = 3

ishortt = 1 ishortt = 3 ishortt = 6 ishortt = 1 ishortt = 3 ishortt = 6
QLR 25.61 26.73 25.69 23.72 24.98 24.05
p-value 0 0 0 0 0 0
Exp-W 8.25 8.77 8.71 7.47 8.03 8.37
p-value 0 0 0 0 0 0
Nyblom 1.19 1.23 1.33 1.15 1.20 1.32
p-value 0.02 0.01 0.01 0.02 0.02 0.01
Exp-W* 187.8 198.0 194.1 186.0 196.9 194.4
p-value 0 0 0 0 0 0
Mean-W* 297.8 313.0 299.6 298.1 314.5 303.3
p-value 0 0 0 0 0 0
Nyblom* 28.99 30.70 31.60 28.16 29.89 30.79
p-value 0 0 0 0 0 0
QLR* 386.4 406.2 397.2 382.7 404.1 398.1
p-value 0 0 0 0 0 0
DMsplit -8.30 -9.03 -8.16 -8.49 -9.25 -8.37
p-value 0 0 0 0 0 0
DMrec -9.59 -10.03 -9.44 -9.64 -10.12 -9.52
p-value 0 0 0 0 0 0
DMroll -8.84 -9.28 -8.78 -8.93 -9.40 -8.87
p-value 0 0 0 0 0 0

ENCNEWsplit 147.2* 167.7* 151.4* 161.0* 183.4* 165.4*
ENCNEWrec 232.0* 255.8* 241.6* 246.4* 272.3* 256.8*
ENCNEWroll 224.6* 248.2* 235.8* 237.3* 263.0* 249.5*

Table 2 reports the following test statistics and p-values. A series of tests for a one-time
structural break: Andrews�’ (1993) test, labeled �“QLR�”, Andrews and Ploberger (1994)
tests, labeled �“Exp-W�” and �“Mean-W�”, Nyblom (1989) test, labeled �“Nyblom�”. A series
of optimal tests for parameter stability and no predictive content: the optimal Exponential
Wald test, labeled �“Exp-W*�”, the optimal Mean Wald test, labeled �“Mean-W*�”, and the
optimal Nyblom test, labeled �“Nyblom*�”. A series of tests for out-of-sample relative forecast
comparisons: the Diebold and Mariano (1995) test, labeled �“DM�”, whose critical values are
justied by Giacomini and White (1995) for the rolling scheme, and the test for forecasting
comparisons for nested models discussed by Clark and McCracken (2001), labeled �“ENC-
NEW�”. The latter tests are applied to rolling, recursive and xed forecasting schemes,
respectively labeled with the following subscripts: �“roll�”, �“rec�”, and �“x�”. The horizon is
12months; �“*�” means signicant at 1%.
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Table 3. The tm,n, test
m = 60 m = 120

ilongt ishortt h = 12 h = 24 h = 36 h = 12 h = 24 h = 36
5y 1m 20.91 30.22 20.48 9.77 9.66 9.66

(0) (0) (0) (0) (0) (0)
3m 22.96 30.23 18.91 9.43 9.72 9.00

(0) (0) (0) (0) (0) (0)
6m 24.41 29.55 21.06 9.85 9.62 8.74

(0) (0) (0) (0) (0) (0)
3y 1m 20.32 29.99 20.47 9.57 9.55 9.50

(0) (0) (0) (0) (0) (0)
3m 22.39 30.08 18.86 9.27 9.64 8.82

(0) (0) (0) (0) (0) (0)
6m 23.96 29.3 20.96 9.70 9.57 8.51

(0) (0) (0) (0) (0) (0)

Table 3 reports the estimated tm,n, forecast breakdown test statistic (as well as its
p-values, in parentheses), implemented by using a rolling window. The estimation window
(labeled �“m�”) is either 60 or 120 months. The forecast horizon �“h�” is either 12, 24 or 36
months.

Table 4. Estimation of eq. (7)
Monetary
regime: constant �ˆ

t �ˆt �ˆt
(ination (output (interest rate
aversion) gap) smoothness)

Burns-Miller -540 28 116 512
Volker 574 -92 -4 -502

Greenspan -3.58 -7 -2 391

Table 4 reports estimate of eq. (7) with dummy variables for the three monetary policy
regimes: Burns-Miller (until 1979:3), Volker (1979:3-1987:7), Greenspan (after 1987:7).
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Figure 1. Rolling estimates of parameters of the Fed�’s reaction function
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Figure 2: Estimated Surprise Losses and 95% condence band


