Is Less More ? Alternative Yield Curve Measures and
their Time-varying Predictive Content for Real Activity

Abstract

This paper examines the time-varying predictive power of the yield curnveb activity.
Our main focus is the role of time-varying bond risk premia and the short ratddion to the
conventionally used term spread. Another novelty is the analysis of tiny@ggeredictability
from an out-of-sample (OOS) perspective. There is strong evideatéhi predictive power
of the term spread has declined in the US, Germany and the UK. We alsmdota substan-
tial time-variation of OOS performance. The additional role of bond risknpmeandor the
short rate diers across countries, forecast horizons and the time-period.
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l. Introduction

The slope of the yield curve is one of the most widely follonembnomic variables. Amongst

others, a strong reason for the alertness of economistketmantchers and central bankers is
certainly the large empirical literature which has docutedrithe term spread’s usefulness for
predicting future GDP growth with an inverted yield curvgrslling recessions [See e.g. the
seminal contributions by Harvey (1989) and Estrella andddavelis (1991) and more recent
work by Hamilton and Kim (2002) or Stock and Watson (2003)].c&sly, however, concerns

have been raised that the predictive performance of the spm@ad may be time-variant [e.qg.
Estrella, Rodrigues, and Schich (2003) and Stock and Wagi8]]. Other authors have pointed
out that additional information contained in the yield aaisuch as time-varying risk premia or
the level of the yield curve may provide additional informatfor future GDP growth [e.g. Ang,

Piazzesi, and Wei (2005) or Wright (2006)]. The purpose ofpaper is to study these two issues
in greater detail using data from three major capital mark&ermany, United Kingdom and the

United States. Thus, we complement the literature whicholeas primarily focused on the US.

While the in-sample predictive performance of the yield euiv well studied and established,
less is known on the time-varying nature of the relationsipmajor motivation of this paper
is therefore to take a closer look at the time-varying fostiog performance of the yield curve
for real output growti. Most of the papers addressing the issue so far focus on aanipie
analysis of time-varying predictive ability, mainly usipgrameter stability tests [e.g. Estrella et al.
(2003) and Giacomini and Rossi (2005).]. However, one mayetpat out-of-sample forecast
accuracy is more important for market participants fromacpcal perspective. Hence, our paper
distinguishes itself from the remaining literature by ib€dis on the time-varying out-of-sample

(O0S) forecasting performance.

Most papers in the previous literature have been conceméat svith the slope of the yield curve

as a predictive variable for future output growth. The maior®mic explanation for its predictive

1There is a strong theoretical reason to believe that théaekhip may be subject to variation over time. As noted
by Estrella et al. (2003), for instance, the predictive pomay depend on underlying factors like the monetary policy
reaction function or the relative importance of real and mainshocks. Both may be subject to variation over time.
Thus, it makes sense to investigate the time-varying natitee forecasting relationship in greater detail.



power is that it serves as an indicator for thfeeetiveness of monetary policy [See e.g. Estrella
et al. (2003)]. If the central bank raises short-term irderates and market participants expect this
policy to be défective for curbing inflation in the longer run, long-termest(averages of future
expected short rates according to the expectations hygiejlshould rise in a smaller proportion.
Thus, a restrictive monetary policy tends to flatten thedyeeirve and at the same time slows down

the economy.

However, empirical evidence has accumulated that the ¢xjpeas hypothesis does not hold em-
pirically for the U.S. [See e.g. Fama and Bliss (1987), Canpdoad Shiller (1991) and most
notably the recent work by Cochrane and Piazzesi (2005)].hénlight of this evidence, it is
now commonly accepted that there are risk premia in the market which evolve in a counter-
cyclical fashion> Hence, in contrast to earlier papers such as Estrella andodeelis (1991)
focusing on the term spread only, we assess whether thdsmia eole for time-varying bond risk
premia for predicting future GDP growth. In a seminal cdnition, Hamilton and Kim (2002)
suggest that the contribution of the term spread can be deased into two components: one part
due to the expectations hypothesis and the other due tovamgag risk premia. Their empirical
approach based on instrumental variable estimation rehefsiture ex-post realizations of short
term interest rates. However, using leads is not suitablarf@ssessment of out-of-sample predic-
tive performance, which is the main concern in our contexir @aper is most closely related to
Wright (2006) who has recently incorporated informationwttibe deviation of the expectations
hypothesis (using the return forecasting factor by Cochearte Piazzesi (2005) as a proxy for
time-varying risk premia) into econometric models for petidg the probability of a recession.
Contrary to Wright's work, our paper is not concerned aboudigtang recessions in a binary pro-
bit framework, but our dependent variable is defined as r&# @rowth over various forecasting

horizons.

So far, the empirical evidence whether time-varying riskrpia are beneficial for forecasting out-

2Estrella (2005) presents a theoretical model of this kindother formal model to explain the phenomenon is
provided by Eijfinger, Schaling, and Verhagen (2002).

3International tests of the validity of the expectations diy@sis are provided by Jorion and Mishkin (1991),
Hardouvelis (1994) and Bekaert, Wei, and Xing (2002). In @en¢ contribution,Tang and Xia (2005) provide a
comprehensive international reassessment and find strddgnee against the expectations hypothesis in various
markets including Germany, the UK and the US.



put growth remains largely ambiguous. Other important workhe US includes Favero, Kamin-
ska, and Soderstrom (2005) who use a recursively estimai@dt&y separate the expectations hy-
pothesis component from the term premium component. Theystiong evidence for a positive
effect of risk premia for predicting future GDP growth. Ang et(@005) also assess the predictive
performance of term premia obtained from a joint modelingrapch of GDP growth, long-term
rates and the short rate in a VAR framework which explicitlypbses no-arbitrage restrictions.
Unlike Hamilton and Kim (2002) and Favero et al. (2005), tfieg no role for time-varying bond
risk premia in predicting future GDP growth. Rudebusch, $Saok Swanson (2006) study the the-
oretical implications of time-varying risk premia for futureal activity and provide an empirical
analysis using a term premium measure obtained fromftireederm structure model used by Kim
and Wright (2005). According to their analysis, increasab@term premium have a (marginally)
significant negative predictive ability for GDP growth fogmarters ahead. Contrary to these pa-
pers, the measure of time-varying risk premia used in ouepgpthe Cochrane-Piazzesi return
forecasting factor, which is easy to compute for a relagil@hg sample period. Moreover, our pa-
per addresses explicitly whether accounting for time-wvayyisk premia is beneficial for a market
participant from an out-of-sample forecasting perspedivd whether it is useful to consider them

in addition to the conventionally used term spread.

Besides allowing for time-varying risk premia, we also imigate the predictive performance of
the short term interest rate (level of the yield curve). Angle (2005) report an important role
of the short term interest rate (level of the yield curve) poedicting US real GDP growth, in
particular during the 1990s. Another recent contributigr@alvao (2006) focuses on the relative
importance of the level and the slope of the yield curve. Weldome further light on these issues

by using our international data set.

Our methodology to study the time-variation of predictigatent of the yield curve eliers along
several lines from the previous literature. Stock and Waf2003), among others, report a good
predictive ability of the term spread during the period 1:9BB5 for the US the UK and Germany,
but they find that the good performance vanishes during thegp#&985-1999 for the three coun-
tries. Stock and Watson draw their conclusions from thegoerénce of linear predictive regres-

sion models in certain sub-samples. How to split the sammitegeveral sub-samples, however,



remains more or less arbitrary. Other papers try to answeeqtiestion of time-varying predic-
tive ability by conducting tests for structural breaks [eEgtrella et al. (2003) and Giacomini and
Rossi (2005)]. Contrary to these papers, we usdfarént approach focusing on time-variation
of out-of-sample performance. We first illustrate the dyitanof forecasting ability by simple
diagnostic plots displaying the evolution of squared fast@rrors over time compared to a naive
benchmark model. This approach has recently been put fgrilBdyal and Welch (2003) and
Goyal and Welch (2004) in the field of stock return predidighi To evaluate the time-varying
OOS forecast performance from a statistical perspectieejwn apply a test procedure for equal
predictive ability following the recent work by Clark and Wg2006). Applying this procedure
recursively allows us to illustrate the evolving path of test of equal predictive ability (compared
to a naive benchmark model) from a statistical point of viéerefore, our approach is free from
the sample-splitting problem mentioned above and can @illracterize the time-varying nature

of the predictive power of the yield curve.

Our paper follows the extant prior literature using longthon linear regressions in order to ex-
amine the predictive power of the yield curve for output gitewDue to overlapping data, the
errors of the predictive regression have a MA-structureeutige null hypothesis, which must be
accounted for when conducting inference. For this purpegeapply a moving block bootstrap
(MBB) methodology whose asymptotic and finite-sample progetiave recently been studied by
Goncalves and White (2005). It is well known that standarech&kebased estimators of the long-
run variance matrix such as the Newey and West (1987) proeeday stier from finite sample
problems [See e.g. Ang and Bekaert (2005), Ang et al. (2006hc@lves and White (2005)].
Thus, poor finite sample properties may vastly overstatgtadictive content of the yield curve
for the future development of real activity. Therefore, approach — which is well suited for
finite samples — is likely to provide more accurate inferethes the commonly applied methods.
Indeed, we find that our bootstrapped standard errors som@etdverturn the conclusions based

on inappropriate standard errors.

Our main empirical results can be summarized as follows. Wéthat — judged from an in-sample
perspective — the term spread plays a dominant role for giiedireal activity compared to the

other measures. The short rate only has a limited predictméent. Results for time-varying risk



premia dffer across countries and forecasting horizons. From anfesaraple perspective, the
slope of the yield curve again plays a central role. In akéhrountries, we find no strong evidence
that considering the short rate beyond the term spreadfisigmily improves the OOS forecast
performance. Similarly, a dominating role of the term sgreger our measure of time-varying
bond risk premia is found in the case of Germany and the UK.r&kalts for the US, however,
indicate an important role of time-varying risk premia ¢afsom an out-of-sample perspective).
We document a substantial time-variation of OOS forecggigrformance. Despite the generally
good in-sample and OOS forecasting ability of the term shrézere is strong evidence that its

predictive power has declined over the reported samplegamiall three countries.

The remainder of this paper is structured as follows. Sedlialiscusses the methodology em-
ployed in the paper with a special focus on the assessmemeefarying out-of-sample predic-
tion. Section Il provides a brief overview of our data. SewctlV reports our main empirical

findings from both the in-sample and out-of-sample analigighe three capital markets under

investigation. Section V concludes.

ll. Methodology

In this section we briefly outline the econometric methodglased in the paper. First, we discuss
the empirical framework for analyzing the in-sample préde content of the yield curve and
how we deal with several econometric pitfalls. Then we tarthe methodology for judging the

time-variation of out-of-sample (OOS) performance.

Following the extant literature [e.g. Estrella and Hardalis/(1991) or Stock and Watson (2003)],
we use a regression-based test to investigate which infmmeontained in the yield curve helps

to predict future GDP growtf.The predictive regression takes the following form:

4Unfortunately, our approach has only limited capacity felivaring structural interpretations as to why the term
spread or the bond risk premia may predict future GDP groiNtdvertheless, given thefticulties of deriving testable
implications from a more structural model, as noted by Rudeb et al. (2006), we adhere to the majority of the
empirical literature and use a reduced-form approach.
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t+k*

y¥ denotes the (log) growth rate of real GDP frorw t + k [(annualized) cumulative real GDP

growth] and is defined ag®} = (400/K)In(Yi.k/Y:) , where, is the level of real GDP as of
periodt. X; contains the specific information measures of the yield €wre are interested in
[i.e. aterm spread, the short rate or a measure of timefvgutyond risk premia]Z; consists of
control variables (other potential predictors of GDP giomtonsidered in some specificatiohs.
The examination of the predictive power is based on the O&ssion in Equation (1), testing
the statistical significance of the paramgﬁ%)r. The economic significance of the predictive power

can further be assessed by the adjustih addition to the significance @£°.

Although cumulative GDP growth is commonly used to assesgtadictive capacity of the yield
spread, some authors also use marginal GDP growth [e.ellBsind Hardouvelis (1991), Dotsey

(1998), Hamilton and Kim (2002)]. Marginal GDP growth is defil asy) = 1y +yD | +

1

t+k-2 +

) _,). Since marginal GDP growth is useful for examining how faithe future the
predictive power of the yield curve can reach, we also reggtitnation results with marginal GDP

growth as dependent variable.

A. Overlapping Observations

Despite the apparent simplicity of the predictive lineagression in (1), the approach is plagued
by econometric problems due to overlapping observatiorthetiependent variable. As is well
known, the overlap induces serial correlation of the erobrsrder € — 1) in Equation (1), which

must be accounted for when conducting inference.

A remedy for this problem often used in the literature is te ksrnel-based HAC standard errors,
e.g. according to Hansen and Hodrick (1980) or Newey and Y¥88(7), which are robust against
heteroskedasticity and serial correlation. Althoughéhasmmonly applied standard kernel-based

estimators of the long-run covariance matrix deliver cstesit estimates, they are known tdtsu

SFor details on the construction of control variables, péa@ser to the data appendix.



from finite-sample problems [See e.g. Ang and Bekaert (2004 et al. (2005)]. This may vastly

overstate the predictability of yield curve measures fourfel real activity?

In a framework like ours, the usual sample size casts doulth@walidity of the asymptotic ar-

gument. We therefore use a moving block bootstrap (MBB) metlogy which is particularly

suitable in a finite-sample setting with dependent data. ddwesistency of the MBB standard
error estimator has recently been proved by Goncalves anteW2005). Contrary to the (para-
metric) bootstrap approach put forth by Kilian (1999), th8B/lis a (non-parametric) bootstrap
which draws blocks of re-sampled observations randomlly véiplacement from the time series of
original observations, where the block length can be fixedata-drivert. In a simulation studly,

Goncalves and White (2005) show that inference based on MBRlatd errors may be consid-
erably more accurate in small samples than inference basetbsed-form asymptotic estimates
such as Newey-West. As we will discuss in section Ill, we gdlénd that MBB standard errors

sometimes overturn the conclusions based on inapproptatelard errors.

B. Out-of-sample Statistics

A main focus of this paper is the analysis of the OOS forecasbpmance of the yield curve with
particular emphasis on its time-varying nature. To gemeaaseries of (pseudo-) OOS forecasts,
we estimate the particular model using a recursive schenoe.thié first forecastR in-sample
observations are used. Based on the parameters obtainediftiogn the model in-sample, a
forecast is generated &8¢ = g&R + plPXg + pYPz;. The performance of the forecasts from
conditional models based on the yield curve are comparetidset of a naive (unconditional)
benchmark model, which takes the mean of the dependenbleknown inR as forecast for the
value of real GDP growth frorR to R + k. The next forecast is then based on the estimation of

the model usindgR + 1 observations, and so forth. This procedure provides usTwit R— k-1

5Most of the extant literature on the predictive power of tied/curve uses Newey-West standard errors. Rec-
ognizing the finite sample limitations of the Newey-Wesiraator reported by Ang and Bekaert (2005), Ang et al.
(2005) use Hodrick (1992) standard errors. To our knowlgdgeother paper so far has used the MBB approach to
investigate the predictive power of the yield curve for r@etivity.

’As recommended by Goncalves and White (2005), we use a datardiiock length, following the procedure by
Andrews (1991).



model-based forecasts which we can compare to the corréspprealizations, wheré denotes

the overall sample size.

One of the measures of forecast evaluation we report is trenrferecast error (ME). A mean
forecast error which is significantly fierent from zero can be interpreted as evidence against the
hypothesis of forecast unbiasedness. Another simple iggsermeasure of forecast evaluation is
Theil's U, which is the ratio of the RMSE of the conditional nebtb the RMSE of the particular
benchmark model. If the conditional forecast is superightobenchmark (given a quadratic loss),

Theil's U should be less than one.

While Theil's U is widely used in the forecasting literatunee draw our main conclusions accord-
ing to a test recently proposed by Clark and West (2006). Hstis designed for comparing a
parsimonious null model to a larger model which nests themadlel, as is the case in our context.
The central idea of Clark and West test is to adjust the meaarseduorecast error of the larger
unrestricted model for upward bias. The reason is that —ruh@enull hypothesis (additional re-

gressors in the larger model are not necessary for foregastithe unrestricted model attempts to
estimate parameters that are zero in population, whicbhdaotres noise in the forecast. MSEE

takes these considerations into account
— 2 —
MSFEyq; = P Z( trk — 2tt+k) -P Z( tt+k 2tt+k) (2)

where the GDP growth forecast-@Quarter ahead) based on the information set at timelenoted

as zmk for the case of the (unrestricted) model of mterestyﬁﬁqk“for the case of the benchmark
model.P is the number of OOS predictionB:= T — R—k—1. Note that the first term in Equation
(2) corresponds to the usual mean squared forecast errbedfibrestricted) model of interest,
and the second term is the adjustment term discussed abovemputational convenient way to

test equal predictive performance of the two nested modetsregress

A~

£t

— 2 2 & 2
t+k T ( +k 1tt+k) [(t 2tt+k) (1tt+k 2tt+k ] (3)

onto a constant. The t-statistic can be used to assess whiethdiference of the MSFE of the re-



stricted benchmark model and the adjusted MSFE of the |langelel is statistically dferent from
zero (one-sided test) Again, we use the MBB to obtain the autocorrelation constsséandard

error (fork > 1).

C. Time-variation of OOS Performance

We investigate the time-variation of OOS performance udiagnostic plots, which are motivated
by the recent work of Goyal and Welch (2003) and Goyal and Wg604) in the context of stock
return predictability. Goyal and Welch suggest to plot the cumulative sum of squimestast
errors from a benchmark model minus the squared errors tnerndnditional model, that is: Net-
SSET)=2 1, [V = 98,02 — (Vo — 50,1 )?], whereTy is the starting date arif is the end date,
When the graph is above the zero horizontal line, it indictitasthe model of interest outperforms
the benchmark model in terms of squared forecast errors ppriodT;. This graph is a simple

but rather informative diagnostic for comparing the retaperformance of the competing models.

However, the Net-SSE measure fails to take the upward bidsr@tast errors into account (in-
duced by the need to estimate additional parameters in the general model). Therefore,
following the logic by Clark and West (2006), we propose arusidid Net-SSE to address this
concern. Instead of using the cumulative unadjusted sduarer of the unrestricted model, we
use the cumulative adjusted squared ety (Y, — ¥5.100” = Zir, Vicek — Foieai) > as in Clark

and West (2006). The convenient way of plotting the adjubledSSE is to graph the cumulative

sum of f®

.« from Equation (3) over time, which is equivalent to the cuative sum of the squared

errors from the benchmark model minus the squared adjusteddst errors from the model of

interest.

Note that the (adjusted) Net-SSE provides only a descetiatistic of time-varying OOS perfor-
mance. Therefore, in order to judge time-varying OOS paréorce from a statistical perspective

we use a recursive application of the Clark-West test. Baseitheffirst 40 forecasts we calcu-

8Their simulation shows that the use of MSEEwith standard normal critical values is as accurate as other
competing tests, while the power is as good or better.

%In an extensive analysis for the US stock market Goyal anath\g004) question the existence of stock return
predictability based on their finding of poor OOS performanelative to a naive benchmark.



late the first Clark-West statistic and its standard erroethas the MBB'° We then update the
information set each quarter and recalculate the tessstagiach time. The obtained series of the
Clark-West test statistic is then plotted together with theesponding critical value based on the
standard normal distribution. This plot illustrates thelging path of the test of equal forecast
performance. Our approach is free from sample splittindplerms and can fully characterize the
time-varying nature of predictability of the yield curve this sense our approach can reveal some
important and interesting results that might be negledteshé applies in-sample stability tests

only.

lll. Empirical Results

A. Data Overview

Our dataset consists of time series of real GDP, yields ad zeupon bonds and three-month
interest rates for Germany, the USA and the UK. The sampl®geanges from 1972:0Q4 to
2006:Q1 for two countries: Germany and the US. Unfortugatgmprehensive yield curve data
for the UK are only available for a shorter period from 198D:1Q 2006:Q1. The maturities of
zero bond yields covar = 1, ..., 10 years for all countries. Additional control variablegdgor
multivariate analysis in the case of Germany are taken fl@Blundesbank time-series database,
Reuters-Ecowin and provided by the ifo institute. Furthdaidked information on the data, their

sources and data transformation is provided in the appekxdix

B. The In-sample Predictive Performance of the Yield Curve

Table | reports the estimation results for the predictivergoof the term spread for German real

GDP growth at dierent forecasting horizon& € 1, 4, 8, 12 quarters) and for fferent bond ma-

10Since asymptotic results in Clark and West (2006) depencherratio of in-sample observationB)(to OOS
forecast observation®), we use the first 40 forecast observations for the first ¢aticun of the recursive Clark-West
statistic. As argued by Clark and West (2006), the behavidd8FE,q; is rationalized, when the ratiB/Ris 2 or
above. Since in our cadris set to 20 quarters, we use 40 observations for the firstilegion of the Clark-West
statistic.

10



turities for the longest yieldr(= 1, 3,5, 7, 10 years). The shortest yield is always the three-month

interest rate!!

[Insert Table | About Here]

Overall, we obtain the well known picture from studies witB Jata. The term spread has a signif-
icant (in-sample) predictive power for real activity. Thesb predictive performance in Germany
is obtained for 4 to 8 quarter ahead. It is worth noting thattérm spread with the longest time
to maturity (in our case 10 years) relative to the three-imonterest rate does not necessarily
have the best predictive power, lending no support for timemon recommendation in the extant

literature [e.g. Estrella and Trubin (2006)].

Panel B of Table | reports estimation results with margirall -tGDP growth as the dependent
variable. This allows us to assess how far into the futureptiedictive performance of the yield
curve reaches. In fact, the marginal predictive power oftédmen spread vanishes substantially
after a predictive horizon of 8 quarters, which is somewbagér than in the US and the UK (See
Tables V and VII). Also note that at a horizon of 8 quartersaah¢he tests based on Newey-West
and the MBB deliver dterent conclusions, indicating that Newey-West standanat&tead to an

overstatement of the predictive power of the term spréad.

The Role of the Short Rate and Time-Varying Risk Premia

In the following we investigate whether other measures ftibenyield curve have predictive con-

tent for future real activity (taken individually or in conmation with each other). Estimation

\We report estimates for Germany only since the US relatipnishwell-studied already. In this table and the
remainder of the paper, for each horizon, two types of isties are reported in parentheses below the parameters:
t-statistics in () are based on Newey-West standard errors whereas thdseare based on MBB standard errors
(100,000 replications). For one-step ahead forecéstsX), no HAC standard errors are computed since there is no
overlap.

12Table A.1 in the appendix indicates that even when contiglior other predictive variables, the term spread still
retains much of its predictive content for future outputvgity in particular beyond a horizon of 4 quarters. The role
of other macro variables is not our major concern in this papberefore, we only report the results of the German
case for interested readers.

11



results for the predictive content of the short rate (Moddb2 cumulative real output growth are
reported in Tables II, IV and VI. The significant and negatestticient is in line with the con-
ventional wisdom that higher interest rates tend to slowrdtive economy by adding higher costs
to investment. As shown by the tables, the predictive cdrdéthe short rate is mainly concen-
trated at shorter horizons. The predictive performancarlyl@lecreases with increasing forecast
horizons. It is worth noting, that the predictive power ieax least far into the future in the case
of the UK. For marginal GDP growth, the results for Model 2 ables 11, V and VII show that
the predictive power of the short rate is in most cases iifsignt beyond a four quarter horizon.

Based on this result, we conclude that the short rate’s inpkapredictive power is quite limited.

An issue of major interest in this paper is the role of timeyiray risk premia for predicting future
output growth. As noted above, we use the Cochrane-Piazzasr f(CP-factor) as our proxy for
time-varying bond risk premia, following Wright (2006). A joaadvantage compared to other

measures is that it can be computed back easily for a rellativeg time period.

Under the expectations hypothesis, expected bond excesageshould be constant over time.
Evidence for predictability of bond excess returns by fadvaates suggests, however, that there
are time-varying risk premia for holding longer period bsnerhich implies that the expectations
hypothesis is violated. To see whether it makes sense tstiga¢e the impact of time-varying
risk premia, it is useful to study first whether the expeotadi hypothesis holds in our dataset.
We therefore run Fama and Bliss (1987) and Cochrane and Pi#2068) regressions, and the
results are summarized in the appendix. As shown in TableirAtBe appendix, the Cochrane-
Piazzesi regressions provide strong evidence againsixfier&tions hypothesis. Note also that
the evidence against the expectations hypothesis is kesgysh the case of the Fama-Bliss regres-
sions® As shown in Figure A.1, we observe the typical tent-shapeepatn all three countries,

which corroborates the recent findings by Cochrane and Ria2@05) using a dierent dataset:

[Insert Tables Il, IV and VI About Here]

13Due to limited space only results for the German bond manketeported. Results for the UK and the US are
similar and can be delivered by the authors upon request.

YCochrane and Piazzesi (2005) use the Fama-Bliss data $ebavitl maturities from 1 to 5 years, whereas our
dataset covers maturities from 1 to 10 years. In order todagodblems from multicollinearity we do not use all
forwards on the right-hand side.

12



We now examine the predictive ability of time-varying riglemia for the subsequent real develop-
ment using the CP-factor as a proxy. As shown in Tables II, I¥\dh we document a positive and
significant predictive power for cumulative real GDP grow#pecially in the case of Germany and
the US. In the case of Germany, the CP-factor predicts cuimailaal GDP growth up to a horizon
of 12 quarters ahead. For the US, the predictive power footgaut growth is even stronger with
significant coéficients at all reported horizons and adjusRaf about 27% for horizons of 4 and
8 quarter ahead. Not surprisingly, the marginal predigliower decays after a forecast horizon of
6 quarters for Germany and USA. In the case of the UK, the tesuth marginal GDP growth
as dependent variable show that the predictive power islyneomcentrated at a longer horizon
(8 and 12 quarters). Putting all results together, we calecthat time-varying risk premia have a
certain in-sample predictive ability for real GDP growtmotigh the predictive powerfiiers across

countries in terms of both significance and forecast hoszon

The (significantly) positive cdgcient we document is in line with recent findings by Faverdet a
(2005) and Wright (2006). Nevertheless, this result comttatghe conventional reasoning that low
time-varying risk premia may act as a stimulus to the econfaxyressed for instance by chairman
Ben Bernanke in his recent speech before the economic clubvefvidek [Bernanke (2006)]. For
ourselves, we are somewhat reluctant to draw strong stalatanclusions from this result. One
way of rationalizing the result may be the following. Bondkrigremia (as well as risk premia in
the stock market) tend to be higher during a recession wheseoted business conditions are poor.
Eventually, as the economy moves out of the recession ambeato conditions improve. Hence,

empirically we observe a positive relationship over hangzbeyond 4 quarters.

A main question of the paper is whether it is useful to conssggeral measures of yield curve or
whether using less information may actually prove more beiaéfrom a forecasting perspective.
Therefore, we now look at combinations offdrent yield curve measures, where we assess the
predictive power of a particular yield curve measure whemtratling for the other ones. Again,
the results for cumulative real GDP growth are provided ibl@sa II, IV and VI, and those for

marginal real GDP growth are provided in Tables Ill, V and.VII

Model specification 4 includes the term spread and the satajointly. Including the short rate is

motivated by the recent work by Ang et al. (2005) and Galv&96} who have found an important

13



role of the short rate for predicting real activity, in padiar for recent sample periods. As shown
by the tables, the term spread largely maintains its predigtower in most cases, whereas the
short rate tends to lose its limited forecasting ability lintlaree countries. We also examine the
joint role of the term spread and time-varying bond risk peemodel 5). Again, for all three
countries the term spread mostly maintains its informatite for subsequent real GDP growth.
The CP-factor continues to play a role beyond the spread ontige case of the US. Model 6
examines the joint predictive power of the short rate andGRefactor. As becomes clear from
the tables, the CP-factor usually predicts better than the sate, although the t-statistics decline
relative to the case where it is considered solely. Frommuestigation of the joint role of various
yield curve measures, we conclude that the term spread amasna dominant predictive power
relative to the other two variables. A notable exceptiorhis tole of the CP-factor in the US.
Although the CP-factor and the short rate have predictiveerurof their own, the predictive

power is limited when controlling for the term spread.

[Insert Tables I, V and VIl About Here]

C. Evaluation of OOS Forecast Performance

In the following, we discuss the results of OOS forecastuat@bn across dlierent model speci-
fications. The (pseudo-) OOS forecasts are generated awgdoda recursive scheme as outlined
in section Il. Tables VIII, IX and X summarize the results ofdcast evaluation for Germany,
USA and UK respectively. The test framework proposed by Céantk West (2006) tests the null
hypothesis of equal predictive performance of a larger tmmél model and a restricted bench-
mark model against the alternative of superior forecagop@ance of the unrestricted model. We
therefore consider a one-sided testing framework withcalitvalues+1.282 (for 10% level) or
+1.645 (for 5% level). Models which include a single measurthe yield curve (M1, M2, M3)
are always compared to a naive model which takes the pnegailiean of the dependent variable

as forecast for the next period (denoted as n.M. in the tableg¢reas those models which jointly
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consider diferent measures of the yield curve (M4, M5, M6) are also coetpr the two nested

models which only include a corresponding subset of theatbsbas!®

M1 refers to the model which includes the slope of the yieldsewas predictive variable. The
model tends to outperform the naive model for several — thawaj for all — forecasting horizons.
The Clark-West statistics indicate a significantly betterSO@erformance (at the 10% level) of
the conditional model based on the spread for very short éttgr) and very long (12 quarters)
horizons in Germany. The evidence for superior OOS perfoomas found to be strongest in the
US (4, 8, 12 quarters ahead) and weakest for the UK (1 quahtespme cases, Theil's U is slightly
above 1 while the Clark-West statistics still reject the tmyibothesis of equal OOS performance.
Since Theil’'s U is only a descriptive statistic, we rely onieirence upon the Clark-West statistics.
It appears that the term spread has a better OOS forecastmarfce in the US compared to the
other two countries. In the case of Germany (which coversdnee sample period as the US), this
may well be due to the fact that several structural events H&ected the German economy but not
the US economy during the sample period (German reunificaindroduction of the Euro). The
rather weak results for the UK could be ascribed to the redbtishort time period for evaluating
OOS performance in the UK. The OOS evaluation in the UK istiahito a period, where the
predictive performance of the slope of the yield curve apptahave declined at an international

level as we will discuss in greater detail below.

[Insert Tables VIII, IX and X About Here]

We now turn to the OOS performance of the model based on thersite (M2). Our evidence for
Germany suggests that the short rate fails to improve upratidom walk model for all reported
horizons. These resultsftér markedly from those for the other two countries. For thetéSO0OS
performance is superior to the one of the benchmark at a 4eguasrizon (Clark-West statistic is
marginally significant at 10% level). In the case of the UK e a rather good OOS performance

of the short rate, concentrated especially at shorter twsifl and 4 quarter ahead).

5In order to mimic the real-time experience of a typical iregsonly information truly available as of peridds
used for the recursive forecast scheme. Therefore, we @sriesive estimate of time-varying risk premia in the OOS
forecast experiment.
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The OOS forecast performance of our measure of time-vamyskgoremia (M3) also diers sub-

stantially across the three countries. In Germany, theopmdnce relative to the naive model
remains rather poor. By contrast, we find a fairly good OOSaguerénce for the US market.
The results for the UK are somewhat mixed. Considering thedCkif as a predictive variable
improves relative to the benchmark model only at a horizoa2fjuarters, but the Clark-West

statistic is highly significant.

In the light of these results it seems natural to ask whethgniecessary at all to account for yield
curve measures other than the term spread from an OOS ptvepés less information actually
more when it comes to OOS forecast performance ? Hence, wpatenthe OOS predictive
ability of larger models combining fierent yield curve measures with those of smaller nested
models which are either the naive model or a single yieldeuneasure only. The superscript at

the corresponding Clark-West statistic denotes which baack is used for the comparison.

First, we discuss the results using the unconditional nawdel as the benchmark. For all three
countries, the bivariate models (M4 and M5) nesting the tepnead model outperform the naive
model only when M1 (the model includes only the term spread) $uperior predictive ability
relative to the benchmark. This observation clearly indisdghe central role of term spread for
driving most of the predictive power of the yield curve foar&DP growth. Moreover, it is worth
noting that while the model which includes the term spreag ontperforms the benchmark in

terms of OOS accuracy, the model which combines term spreddlzort rate generally does not.

Inspection of Tables VIII, IX and X reveals that combinindgtdient information measures may
often introduce more noise into the forecast such that th® foScasting ability declines. Thus,
to formally assess whether bivariate models have a sugseidormance than models including a

single predictor, we rely on the Clark-West test using thégtbsnivariate model as the benchmark.

The result from these tests indicate that once the slopeeoyitld curve is combined with the
level (model M4), the model performs never better, but oftense than the model which includes
the slope only (M1). When the model with the short rate (M2)assidered as the benchmark,
however, M4 performs never worse but sometimes better. fliisng holds true for all three

countries. We thus conclude that — from an OOS perspective -ddminating information for
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future real activity appears to be in the slope of the yield/ewand not in the level. In this regard

our conclusion dters markedly from Ang et al. (2005) and Galvao (2006).

Similarly, we document a dominating role of the term spreaer dhe CP-factor in the case of
Germany and the UK. This statement does not hold for the USewer. According to our results
for the US, time-varying risk premia play a distinctive roldhe model which considers the spread
along with the CP-factor (M5) usually performs no worse bt¢wbetter than the model with the

spread only (M1), while it performs no better but sometimesss than the CP-factor alone (M5).

D. Time-Variation of OOS Forecast Performance

In the following, we discuss our results on the time-vao@atof OOS forecast performance. Our
aim in this context is to provide a complete picture of howghedictive relation evolves over time
in Germany, USA and UK. As described in section Il, we use gbrbut informative graphical

approach for illustration (adjusted Net-SSE plots andnseely calculated Clark-West statistics).

First, we discuss briefly how the OLS dfeients estimated using the recursive OOS scheme
evolve over time. Figure 1 plots the dfeient on the term spread obtained by estimating M1 in a
recursive fashiod® When considering a forecast horizon of 1 quarter for Gerntamyielationship
appears to be rather stable. For a horizon of 4 quarterg #smms to be a downward shift in the
estimated parameter in the vicinity of 1991 which impliesrapdof the predictive power of the
term spread, which may be ascribed to the German reunificalttothe US (k=4) a clear decline

of the codficient can be observed over the whole sample period. Nevesthehe cocient still
remains highly significant at the end of the sample perioa fibture for the UK is quite dlierent

in that we observe a sudden increase of the recursively asthtoéicient in the early 1990s

from around zero to a significantly positive ¢heient.

We draw our main conclusions on the time-varying OOS perémte of the diferent models
based on the adjusted Net-SSE plots provided in Figure 3thHeoease of comparison, we also
show Goyal-Welch type Net-SSE plots (Figure 2), where naigtidjent is made to the forecast

errors of the larger model (See the discussion in sectio®tjh plots show the OOS performance

16The 95% confidence bands are estimated using MBB standand evith 10,000 replications.
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of the term spread model over time relative to the naive bexack, with forecasting horizons
k=1, 4 for all three countries. The statistical significanceariation in the OOS performance is

assessed by recursively estimated Clark-West statistoygrsim Figure 4.

The adjusted Net-SSE plots for Germany indicate a supe@$ @erformance of the model with
the term spread relative to the naive benchmark. Howevendlative OOS performance clearly
varies over time as illustrated by Figure 2. Between 1990 &9d lone can observe a “U" shape in
both sub-figure (a) and (b), which shows that the OOS forquarsbrmance initially fell and then

bounced back. We attribute this finding to theets of German reunification which is a typical
example of a real shock to the economy. The unadjusted Netg&s show a more volatile

OOS accuracy over time, which is due to the noise induced &yéed for estimating additional

parameters.

From a statistical perspective, the plot of the recursivek=Vdest statistic shows that for a forecast
horizon of 1 quarter the OOS performance indeed has undergoanges over tim€. In the

period around 1993-1996, we find evidence for superioritoQfS performance relative to the
naive benchmark while afterwards equal OOS performanceatdre rejected. For a 4 quarter
horizon — though there is some time-variation of OOS perforoe — it is less pronounced and not

significant.

The adjusted Net-SSE plots for the US show a superior OO®mesihce of M1 over almost the
whole period under scrutiny and for both forecast horizofbe unadjusted Net-SSE, however
indicates a very poor relative performance for the onetgudorecast horizon. For a forecast
horizon of 4 quarters, a substantial decline in the reld@@sS performance can be observed: from
about 1993 onwards the conditional model based on the speréarmed almost uniformly worse
than the benchmark model in terms of squared forecast eribing recursive Clark-West plot
confirms these results for a forecast horizon of 4 quarteh® rélative OOS superiority declines
steadily, but from 2000 onwards it has declined less ragmiyhe rest of the sample. In the case
of one-step ahead forecasts, though there is also dectinal] ®0S forecast performance cannot

be rejected for the whole period.

"Note that the rejection region plotted along with the Clévst test statistic is based on the 5% significance level.
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In the UK there is also some evidence of time-varying OOSagoerance. Unfortunately, the sam-
ple period of the UK yield curve data is relatively short, lse time-variation might not be captured
adequately by the figures. The adjusted Net-SSE shows avedygtoor OOS performance at the
beginning of the period (especially foek) which has somewhat recovered afterwards. According
to the unadjusted Net-SSE plot, the OOS performance isrrgtiw at the one-step horizon but
worse than the benchmark for 4 quarters ahead. Indeed,dteqgflrecursive Clark-West statistics
indicate a superior OOS performance compared to the benkraha one-step horizon, while one

cannot reject equal OOS forecast performance for a horizdrmgoarters.

V. Conclusion

This paper addresses the question whethézrmdint measures from the yield curve (such as the term
spread, the short rate and time-varying bond risk premieg fiarecasting power for subsequent
real GDP growth (separately and beyond each other) and ethdib forecasting relationships
vary over time. Our findings provide new evidence for Germamy US and the UK, especially

with regard to the time-variation of out-of-sample fordqaerformance.

From our in-sample analysis we find a dominant role of theeslofthe yield curve compared to
the short rate and our measure of time-varying bond risk @efime-varying risk premia and
the short rate have a predictive content of their own, buy émk limited extent beyond the term
spread. The notable exception is the case of the US where thevidence that time-varying
risk premia also play an important role. Moreover, our figdishow a dominant out-of-sample
forecast performance of the term spread relative to thet sat for all three countries. There is
some evidence in the case of the US that accounting for tangng risk premia is beneficial from
an out-of-sample forecast perspective. We further doctisigstantial time-variation of out-of-
sample forecast performance with strong evidence thatréaigiive power of the yield curve has

declined over the reported sample period.
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Appendix

A. Data Appendix

Panel A: Germany

Variable

Data Source

Details on Data Construction

Zero-Bond Yields Bundesbank Zero-Bond yields are takemftioe Bundesbank time-series database. The yield curve
construction by the Bundesbank follows the Svenson Meth@dlculations are based
on market prices of Federal Bonds withffdrent times to maturity. Monthly data are
transformed into quarterly data. Yields are annualized apdessed in continuous cont-
pounding.

Real GDP Growth Reuters-Ecowin A seasonally adjusted timessef real GDP is used. The outlier in the growth rate|of
real GDP due to the German reunification (1991:Q1) is adjussethterpolation as in
Stock and Watson (2003): the corresponding observatiorregaced by the median of
the three previous and the three following observations.

Three-Month Interest Rate  Bundesbank Frankfurt Interbdokey Market Rates for ninety days’ deposits. Monthly da&a a
transformed into quarterly data. We use annualized yielgsessed in continuous cont-
pounding.

Money-Market Rate Bundesbank Frankfurt Money Market Ré&telaily deposits. Monthly data are transformed into
quarterly data. Yields are annualized and expressed ifntamts compounding.

Stock Market Portfolio Reuters-Ecowin We use the MSCI Geyn@noss Total Return Index as a representative stock inglex.
Monthly returns based on the MSCI Index are transformed intotgrly data by cumu-
lating monthly log returns.

Business Climate Indica- Ifo-Institute Until 1991:Q2 the business climate indicaapplies to Western Germany, whereas there-

tor after data apply to the reunited Federal Republic of Germdfg/use the growth rate of
the index based on quarterly data.

Inflation Rate Reuters-Ecowin The inflation rate is cale@datased on the Consumer Price Index (CPl).

Qil Price Reuters-Ecowin Oil price (Brent), Changes of thguce are used.

Panel B: USA

Zero-Bond Yields Refet  Gurkay- Zero-Bond yields calculated by Gurkayanak, Sack, and Wi{@806). Daily data are|

nak's Homepage quarterlized. We use annualized yields expressed in agmisicompounding.

Real GDP Growth Reuters-Ecowin Seasonally adjusted timessef real GDP growth.

Three-Month Interest Rate  Econstats Three-month TreaslisyilBthe Secondary Market. Monthly data are transformed in
quarterly data. We use annualized yields expressed inreanis compounding.

Panel C: UK

Zero-Bond Yields Econstats Zero-Bond Yields calculatedi®yBank of England. Monthly data are transformed into
quarterly data. Yields are annualized and expressed ifintants compounding.

Real GDP Growth Reuters-Ecowin Seasonally adjusted timessef real GDP growth.

Three Month Interest Rate  Econstats Three-month TreaslsjiBthe Secondary Market. Monthly data are transformed int

quarterly data. We use annualized yields expressed inreanis compounding.
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B. Additional Results

[Insert Table A.1 About Here]

[Insert Table A.2 About Here]

[Insert Figure A.1 About Here]
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C. Tables and Figures

Table |
Predictive Regressions for Real GDP Growth, Spreads of Herent Maturities, Germany

Estimation is based on the following regression specificati

=t + 0%+
whereX; contains the term spread”( - iﬁgm)) as explanatory variable. Bérent maturity combinations for the
longest maturityn are used. The dependent variable is defined as cumulativ&B#a growth (annualized) in
Panel A, whereas in Panel B it is defined as marginal real GDRtbr The forecasting horizon is denotedky
The sample period is 1972:Q4-2006:@.denotes the adjusteé’f. We report t-statistics based on two methods
for calculating standard errors) €ontains t-statistics based on Newey-West standardsanitin k — 1 lags{-) is
based on the bootstrapped standard errors (100,000 riphish

Horizon Term-Spread (maturity n)
n=1 n=3 n=5 n=7 n=10

Panel A: C_umulative GDP Growth

ﬁ(kl) R2 B(ks) R2 B(kS) R2 ﬁ(k7) R2 ,B(klo) R2
k=1 1.816 0.065 1.005 0.069 0.750 0.058 0.629 0.050 0.529 0.042

(2.30) (2.90) (2.86) (2.76) (2.61)
k=4  1.446 0181 0848 0218 0682 0.216 0.596 0.206 0.520 0.191
(5.31) (4.95) (4.64) (4.30) (3.92)
(4.40) (4.30) (3.95) (3.60) (3.30)
k=8  0.980 0.157 0.583 0.194 0.484 0206 0.432 0.206 0.387 0.201
(3.80) (4.45) (4.45) (4.25) (4.00)
(3.16) (4.02) (3.95) (3.79) (3.59)
k=12  0.643 0.094 0.440 0.157 0.390 0.191 0.357 0.200 0.322 80.19
(2.51) (3.91) (4.27) (4.25) (4.11)
(2.37 (3.48) (3.64) (3.61) (3.49)

Panel B: Marginal GDP Growth

ﬁ(kl) R2 ,B(ks) R B(kS) R2 ﬁ(k7) R B(klO) R2
k=4 1.446 0.181 0.848 0.218 0.682 0.216 0.596 0.206 0.520 0.191

(5.31) (4.95) (4.64) (4.30) (3.92)
(4.42 (4.3 (3.96 (3.62 (3.29

k=8 0508 0.019 0.315 0.028 0.283 0.037 0.266 0.042 0.251 0.046
(1.50) (1.77) (2.02) (2.12) (2.19)
(1.22 (1.55 (1.76 (1.85 (1.87

k=12  -0.047 -0.008 0.135 -0.002 0.181 0.011 0.180 0.016 0.16D150
(-0.11) (0.62) (1.03) (1.14) (1.12)
(-0.09 (0.52 (0.85 (0.94 (0.92
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Table Il
Predictive Performance of Dfferent Yield Curve Measures for Cumulative Real GDP
Growth, Germany

Estimation is based on the following regression

K _ pk (K) (k)
Ve = BY + BIOX + €5,

whereX; contains diferent information measures from the yield curve, witfiedtent combinations of yield
curve measures from Model 1 through 6. The dependent vewéﬂ;lis defined as cumulative real GDP
growth (annualized). The forecasting horizon is denote#.b&ll models are estimated using a constant
although its estimate is not reported. The sample perio871214-2006:Q1. We report t-statistics based
on two methods for calculating standard errord:cpntains t-statistics based on Newey-West standard
errors withk — 1 lags,(-) is based on the standard errors from the moving block beqtstith 100,000
replications.

Horizon Model1l Model2 Model3 Model4 Model5 Model6
k=1 Term Spread 0.563 0.916 0.600
(2.50) (2.20) (2.30)
Short Rate -0.201 0.268 -0.165
(-1.70) (1.24) (-1.24)
CP-Factor 0.124 -0.035 0.070
_ (1.07) (-0.28) (0.55)
R? 0.044 0.009 0.002 0.045 0.036 0.003
k=4 Term Spread 0.444 0.596 0.359
(2.96) (2.58) (2.23)
(2.44 (1.95 (1.92
Short Rate -0.204 0.114 -0.136
(-1.85) (0.74) (-1.21)
(-1.33 (0.53 (-0.87)
CP-Factor 0.177 0.081 0.133
(2.55) (1.28) (2.01)
_ (2.19 (1.13 (1.59
R? 0.146 0.072 0.088 0.146 0.154 0.110
k=8 Term Spread  0.366 0.529 0.288
(3.32) (2.25) (2.25)
(2.92 (1.78 (1.9%
Short Rate -0.169 0.125 -0.107
(-1.83) (0.77) (-1.03)
(-1.48 (0.58 (-0.87)
CP-Factor 0.151 0.074 0.117
(3.03) (1.41) (1.94)
B (2.63 (1.28 (1.55
R2 0.165 0.078 0.108 0.171 0.178 0.129
k=12 Term Spread 0.333 0.573 0.287
(3.84) (2.69) (2.43)
(3.22 (2.10 (2.19
Short Rate -0.142 0.188 -0.091
(-1.85) (1.28) (-0.92)
(-1.71) (0.97) (-0.83
CP-Factor 0.119 0.043 0.091
(3.61) (0.85) (1.52)
_ 7 (2.74 (0.80 (1.32
R2 0.191 0.07% 0.094 0.222 0.193 0.113




Table IlI
Predictive Performance of Dfferent Yield Curve Measures for Marginal Real GDP Growth,
Germany

Estimation is based on the following regressigffy = Y + XX, + ¥, whereX, contains dfferent
information measures from the yield curve, withffdient combinations of yield curve measures from
Model 1 through 6. The dependent varialf8, is defined as marginal real GDP growth (annualized).
The forecasting horizon is denoted kyAll models are estimated using a constant although itsnasé
is not reported. The sample period is 1972:Q4-2006:Q1. \perte-statistics based on two methods for
calculating standard errors) €ontains t-statistics based on Newey-West standardsewitih k — 1 lags,

(-y is based on the standard errors from the moving block bagtstith 100,000 replications.

Horizon Modell Model2 Model3 Model4 Model5 Model6
k=6 Term Spread  0.301 0.339 0.206
(2.09) (1.24) (2.17)
(1.87) (1.05 (1.06
Short Rate -0.156 0.029 -0.097
(-1.49) (0.16) (-0.85)
(-1.2% (0.13 (-0.7%
CP-Factor 0.145 0.090 0.114
(2.57) (2.33) (1.83)
_ (2.36 (1.22 (1.60
R2 0.065 0.039 0.059 0.058 0.076 0.066
k=8 Term Spread  0.278 0.487 0.205
(2.11) (2.03) (1.26)
(1.80 (1.80 (1.11
Short Rate -0.111 0.160 -0.053
(-1.09) (0.93) (-0.45)
(-0.9% (0.8 (-0.41
CP-Factor 0.124 0.069 0.108
(2.05) (0.91) (1.43)
_ (1.76 (0.82 (1.3%
R2 0.054 0.014 0.041 0.060 0.057 0.037
k=10 Term Spread 0.265 0.626 0.223
(1.73) (2.72) (1.112)
(1.42 (2.4 (1.00
Short Rate -0.073 0.281 -0.022
(-0.69) (1.73) (-0.17)
(-0.57 (1.52 (-0.16
CP-Factor 0.099 0.039 0.092
(1.45) (0.40) (1.07)
B (1.3% (0.42 1.0
R? 0.048 0.001 0.023 0.080 0.043 0.015
k=12 Term Spread 0.234 0.769 0.247
(1.43) (3.84) (1.112)
(1.2% (3.33 (1.08
Short Rate -0.024 0.420 0.008
(-0.21) (2.70) (0.06)
(-0.20 (2.45 (0.06
CP-Factor 0.054 -0.012 0.056
(0.72) (-0.11) (0.59)
(0.7D (-0.1)  (0.61)

R? 0.036 -0.0088  0.000 0.112 0.027 -0.009




Table IV
Predictive Performance of Dfferent Yield Curve Measures for Cumulative Real GDP
Growth, USA

Estimation is based on the following regression

= A0+ A%+
whereX; contains diferent information measures from the yield curve, witfiestent combinations of yield
curve measures from Model 1 through 6. The dependent vary'&i}glis defined as cumulative real GDP
growth (annualized). The forecasting horizon is denote&.b&ll models are estimated using a constant
although its estimate is not reported. The sample perio87214-2006:Q1. We report t-statistics based
on two methods for calculating standard errorg:cpntains t-statistics based on Newey-West standard

errors withk — 1 lags,(-) is based on the standard errors from the moving block beqtstith 100,000

replications.
Horizon Model1 Model2 Model3 Model4 Model5 Model6
k=1 Term Spread  0.605 0.451 0.166
(2.46) (1.83) (0.68)
Short Rate -0.234 -0.125 -0.111
(-1.82) (-0.91) (-1.06)
CP-Factor 0.244 0.218 0.219
_ (3.07) (2.59) (3.12)
R 0.055 0.040 0.124 0.057 0.120 0.126
k=4 Term Spread  0.730 0.648 0.398
(3.69) (2.59) (1.82)
(2.93 (2.09 (1.68
Short Rate -0.228 -0.064 -0.116
(-2.01) (-0.50) (-1.30)
(-1.5% (-0.42 (-0.99
CP-Factor 0.225 0.162 0.200
(4.23) (2.54) (3.43)
_ (3.95 (2.43 (2.63
R 0.224 0.106 0.276 0.223 0.317 0.296
k=8 Term Spread  0.655 0.672 0.455
(4.16) (2.87) (2.88)
(3.4% (2.40 (2.52
Short Rate -0.158 0.014 -0.071
(-1.46) (0.13) (-0.73)
(-1.23 (0.10 (-0.56
CP-Factor 0.169 0.096 0.154
(4.49) (2.98) (4.01)
_ (4.07 (2.69 (2.98
R? 0.313 0.082 0.270 0.308 0.368 0.279
k=12 Term Spread  0.496 0.555 0.425
(3.83) (3.05) (2.58)
(3.3 (2.48 (2.46
Short Rate -0.089 0.052 -0.034
(-0.92) (0.58) (-0.34)
(-0.83 (0.4 (-0.28
CP-Factor 0.100 0.033 0.094
(4.51) (2.07) (3.59)
_ 9 (3.43 {0.97 (2.17
R 0.294 0.03% 0.158 0.298 0.300 0.155




Table V
Predictive Performance of Dfferent Yield Curve Measures for Marginal Real GDP Growth,

USA

Estimation is based on the following regressio{ﬁ( = ﬁg() + ﬁ(lk)xt + et('j( whereX; contains diferent
information measures from the yield curve, witlfdirent combinations of yield curve measures from
Model 1 through 6. The dependent variabjﬁ is defined as marginal real GDP growth (annualized).
The forecasting horizon is denoted kyAll models are estimated using a constant although itsnasé

is not reported. The sample period is 1972:Q4-2006:Q1. \perte-statistics based on two methods for
calculating standard errors) €ontains t-statistics based on Newey-West standardsewitih k — 1 lags,

(- is based on the standard errors from the moving block bagtstith 100,000 replications.

Horizon Model1 Model2 Model3 Model4 Model5 Model6
k=6 Term Spread  0.696 0.729 0.483
(3.53) (2.51) (2.14)
(3.17 (2.22 (1.98
Short Rate -0.163 0.026 -0.070
(-1.32) (0.19) (-0.67)
(-1.19 (0.16 (-0.55
CP-Factor 0.181 0.104 0.166
(3.45) (1.76) (3.48)
_ (3.28 (1.6% (2.83
R 0.203 0.048 0.175 0.197 0.237 0.177
k=8 Term Spread  0.563 0.690 0.498
(4.03) (2.82) (3.06)
(3.43 (2.32 (2.6%
Short Rate -0.074 0.103 -0.012
(-0.50) (0.63) (-0.09)
(-0.46 (0.53 (-0.07)
CP-Factor 0.111 0.031 0.108
(1.60) (0.40) (2.09)
_ (1.53 (0.39 (1.80
R? 0.129 0.003 0.061 0.137 0.125 0.053
k=10 Term Spread  0.339 0.534 0.472
(1.51) (2.53) (2.36)
(1.3 (2.09 (2.23
Short Rate 0.030 0.166 0.042
(0.18) (1.04) (0.28)
(0.17 (0.8% (0.23
CP-Factor 0.012 -0.063 0.021
(0.17) (-0.79) (0.41)
_ (0.16 (-0.76 (0.3D
R 0.040 -0.007 -0.008 0.070 0.046 -0.014
k=12 Term Spread  0.130 0.358 0.374
(0.45) (1.28) (0.93)
(0.39 (1.06 {0.99
Short Rate 0.111 0.202 0.088
(0.78) (1.43) (0.65)
{0.65 (1.02 (0.48
CP-Factor -0.056 -0.115 -0.039
(-0.66) (-0.90) (-0.54)
_ (-0.61 (-0.9% (-0.37
R -0.002 0.0139 0.009 0.045 0.041 0.013




Table VI
Predictive Performance of Dfferent Yield Curve Measures for Cumulative Real GDP
Growth, UK

Estimation is based on the following regression specificati

= A0+ A%+
whereX; contains diferent information measures from the yield curve, witfiestent combinations of yield
curve measures from Model 1 through 6. The dependent vary'&i}glis defined as cumulative real GDP
growth (annualized). The forecasting horizon is denote#.b¥he sample period is 1980:Q1-2006:Q1.
We report t-statistics based on two methods for calculagtagdard errors:-) contains t-statistics based
on Newey-West standard errors wki 1 lags,(-) is based on the standard errors from the moving block
bootstrap with 100,000 replications.

Horizon Model1 Model2 Model3 Model4 Model5 Model6
k=1 Term Spread 0.449 0.398 0.438
(3.10) (2.39) (3.00)
Short Rate -0.178 -0.040 -0.100
(-2.16) (-0.43) (-1.03)
CP-Factor 0.123 0.016 0.110
_ (1.14) (0.17) (1.11)
R? 0.105 0.056 0.013 0.097 0.095 0.014
k=4 Term Spread 0.472 0.419 0.436
(2.79) (2.60) (2.96)
(1.83 (1.7D (2.05
Short Rate -0.193 -0.041 -0.114
(-1.67) (-0.39) (-0.97)
(-1.02 (-0.25 (-0.56
CP-Factor 0.159 0.052 0.145
(2.31) (0.58) (1.40)
_ (1.03 (0.46 (1.16
R? 0.245 0.140 0.070 0.240 0.244 0.089
k=8 Term Spread 0.447 0.430 0.424
(2.20) (2.30) (2.24)
(1.63 (1.60 (1.70
Short Rate -0.176 -0.014 -0.088
(-1.22) (-0.12) (-0.61)
(-0.90 (-0.09 (-0.40
CP-Factor 0.138 0.034 0.128
(1.18) (0.54) (1.33)
_ (1.10 {0.48 (1.3%
R 0.293 0.147 0.069 0.285 0.288 0.079
k=12 Term Spread 0.384 0.390 0.337
(2.26) (2.51) (2.05)
(1.83 (1.77 (1.7%
Short Rate -0.149 0.005 -0.048
(-1.07) (0.04) (-0.34)
(-0.88 (0.03 (-0.25
CP-Factor 0.150 0.069 0.146
(1.87) (2.25) (2.21)
(1.69 (1.50 (2.0D

R? 0.280 0.12§1 0.114 0.271 0.294 0.110




Table VII
Predictive Performance of Dfferent Yield Curve Measures for Marginal Real GDP Growth,

UK
Estimation is based on the following regressio{ﬁ( = ﬁg() + ﬁ(lk)xt + et('j( whereX; contains diferent
information measures from the yield curve, withfdrent combinations of yield curve measures from
Model 1 through 6. The dependent variatzflfé( is defined as marginal real GDP growth (annualized). The
forecasting horizon is denoted By The sample period is 1980:Q1-2006:Q1. We report t-sketifiased
on two methods for calculating standard errord:cpntains t-statistics based on Newey-West standard
errors withk — 1 lags,(-) is based on the standard errors from the moving block beqtstith 100,000

replications.
Horizon Model1 Model2 Model3 Model4 Model5 Model6
k=6 Term Spread  0.464 0.446 0.483
(2.12) (2.05) (2.27)
(1.59 (1.60 (1.8%
-0.180 -0.014 -0.103
(-1.26) (-0.12) (-0.71)
(-0.93 (-0.10 (-0.50
0.090 -0.028 0.079
(0.68) (-0.37) (0.70)
(0.61) (-0.3% (0.68
0.239 0.118 0.015 0.230 0.232 0.027
k=8 Term Spread  0.418 0.471 0.407
(1.80) (2.14) (1.71)
(1.47 (1.6% (1.4%
-0.136 0.042 -0.028
(-0.86) (0.36) (-0.18)
(-0.67) (0.27) (-0.14
0.115 0.015 0.112
(1.12) (0.29) (1.25)
(1.0% (0.23 (1.1%
0.192 0.060 0.031 0.186 0.182 0.021
k=10 Term Spread  0.313 0.411 0.226
(1.57) (2.24) (1.04)
(1.32 (1.55 (0.9
-0.079 0.079 0.050
(-0.52) (0.63) (0.35)
(-0.43 (0.4% (0.28
0.183 0.128 0.189
(2.97) (2.57) (3.16)
(2.28 (1.76 (2.4%
0.103 0.011 0.099 0.105 0.138 0.093
k=12 Term Spread  0.228 0.344 0.136
(2.02) (2.05) (0.98)
(1.56 (1.40 0.77
-0.040 0.095 0.085
(-0.33) (0.67) (0.62)
(-0.27 (0.49 (0.48
0.169 0.137 0.177
(2.63) (1.84) (2.68)
(1.9% (1.37 (2.05
0.049 -0.0032  0.083 0.054 0.089 0.085




Table VIII
Out-of-sample Forecast Evaluation, Germany

A series of (pseudo-) out-of-sample forecasts is genetayectcursive estimation of the forecasting
regression for cumulative real GDP growth:

= A+ A%l
whereX; contains diferent measures from the yield curve. Model 1 (M1) only ineluthe term spread,
M2 uses the short rate, M3 includes the Cochrane-Piazzessume of time-varying bond risk premia
(CP-factor). M4 is based on the term spread and the shoriM&teontains the spread and the CP-factor,
whereas M6 is based on the short rate and the CP-factor. Mieimean forecast error, Theil's U is
the ratio of the RMSE of the model of interest to the RMSE of @aedenchmark model (n.M.). CW
is the diference between the MSFE of the benchmark model and the M$is{@d) of the model of
interest. The Clark-West t-statistic for testing the hyyasis of equal predictive performance is reported
in parenthese¢) based on the MBBCW* andCW' compare the MSFE from a larger conditional
model to a smaller conditional nested model, with the supigts(-)2, (-)® indicating the smaller nested
model. A CW-statistic which is significant at the 10 % levelb&iow is bold-printed. Sample period:
1972:Q4-2006:Q1. After 20 quarters of initialization, thedels are estimated recursively.

Horizon  Statistic M1 [a] M2 [b] M3 [c] M4 M5 M6 n.M. [n]
k=1 Mean Error ~ -0.277 -0.569 -0.183 -0.190 -0.302 -0.546 .40
ME t-stat. (-0.82  (-1.64 (-0.53 (-0.56) (-0.89 (-1.57 (-1.20
Theil's U 1.001 1.026 1.013 1.006 1.008 1.035
CcW 1.364 1.103 0.210 1.345 1.340 0.987
CW t-stat. 146"  (1.09"  (0.37" (1.42" (1.39" (0.96"
cwh -0.041 -0.127 -0.174
CWH t-stat. (-0.222  (-0.70*  (-1.16°
cwf 0.589 0.174 -0.503
CWH t-stat. (1.82b (0.23°  (-0.71)°
k=4 Mean Error ~ -0.226 -0.513 -0.056 -0.441 -0.174 -0.415 .27
ME t-stat. (059  (-1.19 (-0.14 (-1.03 (-0.45 (-0.96) (-0.74
Theil's U 1.022 1.084 1.028 1.076 1.028 1.074
CcW 0.827 1.105 0.410 1.035 0.750 1.017
CW t-stat. 0.99"  (1.06"  (0.56" (1.00" (0.85" (0.96"
cwh -0.020 0.006 0.117
CWH t-stat. (-0.0%  (0.102 (1.09P
cwf 0.376 0.039 -0.246
CWH t-stat. (1.53P (0.08°  (-0.40°
k=8 Mean Error ~ -0.119 -0.395 0.010 -0.352 -0.072 -0.282 -0.113
ME t-stat. (-029  (-0.8% (0.02 (-0.72) (-0.17 (-0.56) (-0.29
Theil's U 1.043 1.130 1.092 1.154 1.076 1.170
CcwW 0.356 0.245 -0.162 0.116 0.145 -0.076
CW t-stat. (0.85"  (0.43"  (-091"  (0.25" 0.40"  (-0.17"
cwid -0.238 -0.082 -0.053
CWH t-stat. (-0.992 (0792  (-0.26°
cwt 0.120 0.118 -0.212
CWH t-stat. (0.53P (0.33°  (-0.36°
k=12  MeanError  -0.082 -0.322 0.001 -0.125 -0.048 -0.224 .09
ME t-stat. (-019  (-0.64 (0.00 (-0.22 (-0.12) (-0.38 (-0.22
Theil's U 0.965 1.057 1.028 1.179 1.021 1.201
CcwW 0.492 0.254 -0.001 -0.134  0.463 -0.199
CW t-stat. (1.65"  (0.57"  (-0.0hH"  (-0.42"  (1.39"  (-0.52"
cwh -0.593 -0.143 -0.413
CWH t-stat. (-2.542  (-2.982  (-1.61)°
cwf -0.293 0.059 -0.511
CWS* t-stat. (-0.68P 0.17¢  (-1.17°
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Table IX
Out-of-sample Forecast Evaluation, USA

A series of (pseudo-) out-of-sample forecasts is genetayectcursive estimation of the forecasting
regression for cumulative real GDP growth:

= A+ A%l
whereX; contains diferent measures from the yield curve. Model 1 (M1) only ineluthe term spread,
M2 uses the short rate, M3 includes the Cochrane-Piazzessume of time-varying bond risk premia
(CP-factor). M4 is based on the term spread and the shoriM&teontains the spread and the CP-factor,
whereas M6 is based on the short rate and the CP-factor. Mieimean forecast error, Theil's U is
the ratio of the RMSE of the model of interest and the RMSE ddisenbenchmark model (n.M.). CW
is the diference between the MSFE of the benchmark model and the M$is{@d) of the model of
interest. The Clark-West t-statistic for testing the hyyasis of equal predictive performance is reported
in parenthese¢) based on the MBBCW* andCW' compare the MSFE from a larger conditional
model to a smaller conditional nested model, with the supigts(-)2, (-)® indicating the smaller nested
model. A CW-statistic which is significant at the 10 % levelb&iow is bold-printed. Sample period:
1972:Q4-2006:Q1. After 20 quarters of initialization, thedels are estimated recursively.

Horizon  Statistic M1 [a] M2 [b] M3 [c] M4 M5 M6 n.M. [n]
k=1 Mean Error ~ -0.432 -0.725 -0.183 -0.648 -0.358 -0.358 .07
ME t-stat. (-1.36 (-2.29 (-0.66) (-1.98 (-1.18 (-1.19 (-0.23
Theil's U 1.061 1.082 0.985 1.120 1.057 1.045
CcwW 1.065 1.204 2.837 0.285 1.778 1.603
CW t-stat. (1.25" (113"  (1.70"  (0.49" (1.2" (1.53"
cwh 0.298 0.985 1.674
CW! t-stat. (0.322 (1.572 (2.39°
cw’ 0.625 -0.134 0.228
CW! t-stat. (0.76°  (-0.13° (0.28¢
k=4 Mean Error ~ -0.566 -0.712 -0.129 -0.755 -0.530 -0.274 0.102
ME t-stat. (-1.49 (-1.39 (-0.38 -1.77 (-1.35 (-0.56) (0.28
Theil's U 1.015 1.091 0.890 1.144 1.001 1.152
CcwW 2.458 1.232 2.810 1.113 2.846 0.643
CW t-stat. (1.84"  (1.30" (152"  (2.1D»" (1.62" (0.95"
cwh -0.582 0.444 0.480
CW! t-stat. (-1.292  (1.562 (0.56°
cwf -0.019 -0.405 -0.933
CWH t-stat. (-0.03P  (-0.73°  (-0.63°
k=8 Mean Error ~ -0.419 -0.434 -0.058 -0.277 -0.384 -0.146 0.196
ME t-stat. (-1.16 (-0.98 (-0.20 (-0.66) (-1.04 (-0.45 (0.51)
Theil's U 0.993 1.151 0.892 1.219 0.966 1.059
CcwW 1.995 0.037 1.668 0.867 2.201 0.589
CW t-stat. (1.9 (0.14"  (1.64"  (1.44" (1.83" (2.32"
cwh -0.583 0.214 1.245
CWH t-stat. (-2.1h8  (2.222 (3.10°
cwf 0.085 -0.159 0.204
CWH t-stat. (0.1 (-0.53° (0.43°
k=12  MeanError  -0.345 -0.253 -0.029 -0.176 -0.329 0.288 0.050
ME t-stat. (-1.14 (-0.87 (-0.12 (-0.46 (-1.06 (0.82 (0.18
Theil's U 1.065 1.121 0.839 1.319 1.096 1.486
CcwW 0.890 -0.063 0.649 0.943 0.833  -0.462
CW t-stat. (1.96"  (-0.39"  (1.78"  (1.39" (1.92"  (-0.93"
CcwWi -0.285 -0.025 -0.294
CWH t-stat. (-1.052  (-0.292  (-0.50°
cwf -0.166 -0.433 -0.821
CWS* t-stat. (-0.320  (-2.44°  (-1.01°

34



Table X
Out-of-sample Forecast Evaluation, UK

A series of (pseudo-) out-of-sample forecasts is genetayectcursive estimation of the forecasting
regression for cumulative real GDP growth:

= A+ A%l
whereX; contains diferent measures from the yield curve. Model 1 (M1) only ineluthe term spread,
M2 uses the short rate, M3 includes the Cochrane-Piazzessume of time-varying bond risk premia
(CP-factor). M4 is based on the term spread and the shoriM&teontains the spread and the CP-factor,
whereas M6 is based on the short rate and the CP-factor. Mieimean forecast error, Theil's U is
the ratio of the RMSE of the model of interest and the RMSE ddisenbenchmark model (n.M.). CW
is the diference between the MSFE of the benchmark model and the M$is{@d) of the model of
interest. The Clark-West t-statistic for testing the hyyasis of equal predictive performance is reported
in parenthese¢) based on the MBBCW* andCW' compare the MSFE from a larger conditional
model to a smaller conditional nested model, with the supigts(-)2, (-)® indicating the smaller nested
model. A CW-statistic which is significant at the 10 % levelb&iow is bold-printed. Sample period:
1980:Q1-2006:Q1. After 20 quarters of initialization, thedels are estimated recursively.

Horizon  Statistic M1 [a] M2 [b] M3 [c] M4 M5 M6 n.M. [n]
k=1 Mean Error ~ -0.681 -1.230 -0.538 -1.056 -0.706 -1.228 .44
ME t-stat. (-2.56) (-6.30  (-1.52 (-4.88 (-2.60 (-5.56) (-1.2%
Theil's U 0.946 0.981 1.004 0.984 0.961 1.035
CcwW 1.101 1.852  0.022 1.515 0.981 0.798
CW t-stat. 191" (195" (0.1  (1.46" (1.99" (1.20"
cwh 0.085 -0.104 -0.033
CWH t-stat. (0192  (-1.192  (-0.08P
cw’ 0.340 0.328 0.143
CWH t-stat. (1.36P (0.77° (0.22°¢
k=4 Mean Error ~ -0.912 -1.631 -0.557 -1.343 -0.934 -1.447 9.42
ME t-stat. -1.72 -479  (-1.04 (-2.7% (-1.75 (-3.82 -0.77
Theil's U 1.075 1.121 1.003 1.147 1.084 1.074
CcwW 0.649 1.914 0.075 1.168 0.605 1.140
CW t-stat. 0.93"  (1.94" (0.73"  (1.22" (0.87" (1.72"
cwh -0.100 -0.051 0.743
CWH t-stat. (-0.412  (-1.892  (1.04P
cwf 0.210 -0.510 -0.026
CWH t-stat. (0.3 (-0.98°  (-0.07%°
k=8 Mean Error ~ -0.822 -1.707 -0.314 -0.941 -0.839 -1.048 .18
ME t-stat. (-1.6% (-449  (-0.72 (-1.60 (-1.67 (-3.21) (-0.42
Theil's U 1.321 1.535 1.012 1.461 1.335 1.090
Ccw -0.151 0.565 0.023 -0.271 -0.203 0.585
CW t-stat. (-0.15"  (0.44" (01D  (-0.23"  (-0.20"  (1.14"
cwh -0.674 -0.078 3.582
CWH t-stat. (-5.882  (-1.352  (2.42P
cwf 0.642 -1.635 0.709
CWH t-stat. (0.89°  (-2.20° (1.02°
k=12  MeanError  -0.361 -1.075 0.072 0.325 -0.379 0.099 0.189
ME t-stat. (-1.3% (-6.31) (0.39 (0.99 (-1.39 (0.33 (0.82
Theil's U 1.416 1.885 0.899 1.860 1.408 1.341
Ccw 0.523 0.852  0.180 -0.174 0.566 -0.051
CW t-stat. (112" (120" (255" (059" (117D  (-0.26"
cwWi 0.056 0.020 3.135
CWH t-stat. (0.122 (0.81)2 (2.58P
cwf 0.843 -0.589 1.739
CWS* t-stat. (1.28°  (-3.06° (1.87°
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Figure 1
Time-varying Forecast Performance: Recursively EstimatedCodfficient on the Term Spread
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Figure 2
Time-varying Out-of-sample Performance: NET-SSE Plots
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Figure 3
Time-varying Out-of-sample Performance: Adjusted Net-S& Plots
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Figure 4
Time-varying Out-of-sample Performance: Clark-West Statstic
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Table A.1
Predictive Performance of the Spread and other InformationVariables for Real GDP
Growth, Germany

Estimation is based on the following regression specificati
K K K K
=B+ 80X+ 07l

whereX; is a vector containing the term spread using maturity 5 (PAhend maturity 10 (Panel B)Z is

a vector of additional control variable&; contains the lagged dependent variable known as(obeficient
61x), the return on the aggregate stock market fitccientd, ), the growth of the ifo business climate indicator
(codfticient 63), the inflation rate (cd@cientd,x), changes in the oil price (cficient 65x), and the money
market rate (co@icientfsx). The dependent variable is defined as cumulative real GBRtgr(annualized).
The forecasting horizon is denoted kyThe sample period is 1972:Q4-2006:Q1. We report t-skegistised on
two methods for calculating standard error§:.contains t-statistics based on Newey-West standardsenribi

k — 1 lags,-) is based on the bootstrapped standard errors.

Horizon Panel A: g5

Bok Bk O1x (% O3k Oax Osx 6.k R?

k=1  1.401 0598 -0.210 -0.019 0.391 -0.045 0.325 0.092 0.078
(1.26) (1.26) (-2.15) (-0.53) (2.64) (-0.21) (0.15) (0.40)

k=4  1.492 0.470 0.080 0.028 0.109 0021 -0.775 -0.049 0.233
(1.79) (1.99) (0.66) (1.26) (1.54) (0.30) (-0.91) (-0.40)
(153 (1.72 (057 (117 (140 (029 (-0.7% (-0.34

k=8  1.005 0549 0.042 0.025 0014 -0.023 -0.187 0.074 0.204
(1.16) (2.88) (0.28) (1.47) (0.23) (-0.51) (-0.34) (0.69)
(1.0 (248 (025 (1.39 (022 (-0.46 <(-0.26 (0.57)

k=12 1.180 0516 -0.144 0015 -0.014 -0.024 -0.332 0.125 0.208
(1.42) (2.86) (-1.25) (0.88) (-0.27) (-0.55) (-0.57) (119
(110 (229 (-0.9) (0.83 (025 (053 <(-0.45 (0.87

Panel B: =10

k=1 1586 0.357 -0.203 -0.021 0.427 -0.027 0.160 0.057 0.068
(1.14) (0.87) (-2.08) (-0.58) (2.95) (-0.13) (0.07) (0.22)

k=4 1293 0365 0.102 0027 0130 0.028 -0.873 -0.035 0.223
(1.24) (1.56) (0.85) (1.24) (1.93) (0.40) (-0.98) (-0.24)
(1.06 (1.30 (0.73 (114 (176 (039 (-0.84 (-0.2D

k=8  0.326 0539 0.066 0024 0.032 -0.029 -0.278 0.154 0.218
(0.33) (2.87) (0.44) (1.46) (0.52) (-0.62) (-0.55) (1.26)
(028 (248 (0.40 (1.3 <(0.51) (057 <(-0.41 (1.04

k=12  0.387 0.542 -0.117 0.014 -0.002 -0.034 -0.407 0.220 0.243
(0.41) (3.00) (-1.05) (0.86) (-0.04) (-0.75) (-0.77) (1.82
(0.32 (2.46 (-0.80 (0.7 (-0.04 (-0.72 (0.6 (1.40

40



Table A.2
Estimation Results: Cochrane-Piazzesi and Fama-Bliss Reggions, Germany

Panel A reports results from (unrestricted) CochraneZesizegressions
0,1 23 89
= B+ B0 00+ B0 1D+ B0

Whererxfﬂ)4 is defined as the holding period log return of a bond matumnyiears over the yield on a one year
bond fx, = p".Y — p™ — i), p{” is the log price of a bond maturing inperiods. f"~" are forward rates
implied by the yield curvef™" = p{™ — p{_ Panel B reports the results of Fama-Bliss regressions

-1, 0,1
X, = 0 ¢

whererx"”, is defined as above. Agaiff" """ are forward rates implied by the yield curv& denotes the
adjustedR?. The Cochranfiazzesi and the Farfigliss regressions are run for bond maturities= 2, ..., 10
years. () contains t-statistics based on Newey-West standardsaritink— 1 lags,(-) is based on the bootstrapped
standard errors (100,000 replications).

Bond maturity
n=2 n=3 n=4 n=5 n=6 n=7 n=8 n=9 n=10

Panel A: Cochrane-Piazzesi regressions

BY 1114 1704 -1.949 2145 -2513 -3.076 -3.923 -4.993 314.
(-0.84) (-0.71) (-0.61) (-0.55) (-0.56) (-0.61) (-0.69) 0(79) (-0.91)
(-0.67 (-0.57 <(-0.48 <(-0.44 (-0.45 <(-048 (-0.57 <(-0.65 <(-0.75

M .0305 -0.678 -1.075 -1.459 -1.810 -2.113 -2.371 -2.586 75Q.
(-1.64) (-1.95) (-2.21) (-2.41) (-2.55) (-2.64) (-2.68) 268) (-2.64)
(-179 (-1.96 (-221) (243 (260 (-2.73 (-269 (270 (-2.68

) 0696 1554 2369 3.082 3653 4.048 4287 4373 4.303
(1.93) (2.32) (255) (2.70) (2.75) (2.69) (2.57) (2.37) 1@.
(17D (202 (227 (247 (2.6 (263 (248 (234 (2.13

BY 0173 0524 -0.886 -1.182 -1.358 -1.387 -1.269 -1.012 618.
(-0.42) (-0.71) (-0.89) (-0.99) (-0.99) (-0.90) (-0.74) 063) (-0.29)
(-0.3h (-0.61) (-0.789 (-0.8n (-0.89 <(-0.82 (-0.68 (050 <(-0.28

R? 0102 0.121 0132 0139 0.144 0145 0.145 0.144 0.141

Panel B: Fama-Bliss regressions

A" 0321 0566 0735 0.856 0935 1.013 1.088 1154 1.212
(0.82) (1.26) (1.44) (1.50) (1.49) (1.49) (1.51) (1.52) 5.
(118 (14D (150 (1.5 (148 (146 (145 (143 (143

R 0.014 0.036 0.048 0.053 0.0563 0.0563 0.0563 0.052 0.050

41



Figure A.1
Restricted Cochrane-Piazzesi Regressions, Tent-shapetigan

GER: Restricted Cochrane—Piazzesi Regressions
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Note: This figure presents regression fficéents of one year bond excess returns from restricted @aehr
Piazzesi regressions. On the y-axis thefitoients of the restricted Cochrane-Piazzesi regressi@seported.
The x-axis gives the élierent forward rates used as predictive variables. Our tsaheaf forwards follows Tang
and Xia (2005):f®Y, % and &9 42



