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SUMMARY

This dissertation comprises three self-contained chapters covering two different

economic topics. The inaugural chapter considers the modeling and forecasting of

recession probabilities, while the remaining chapters study the empirical relation

between macroeconomic fundamentals and time-varying risk premia in financial

markets from an asset allocation perspective. Albeit the economic topics are distinct,

the use of historically available covariates in forming out-of-sample predictions uni-

fies the chapters in this dissertation around a common denominator. Evaluating

the informational content of a particular covariate for forecasting purposes using

historically available information is imperative as recession forecasting and portfolio

allocation decisions are inherently real-time exercises. This aspect is particular im-

portant for macroeconomic variables, where the reliance on revised data, which is a

frequent occurrence in empirical studies, implies the use of ex post data unavailable

to a forecaster in real-time.

The first chapter, Forecasting US recessions: The role of sentiment (joint work with

Charlotte Christiansen and Stig Vinther Møller), examines the ability of real-time

available survey measures of business and consumer sentiment to accurately signal

future recession periods.1 Recessions are generally understood to be periods of sig-

nificant, persistent, and pervasive declines of economic activity and are frequently

associated with significant wealth destructions. By extension, being able to identify

a set of reliable early warning indicators that contain information about the future

trajectory of the real economy seems of fundamental importance. Our results sug-

gest that business and consumer sentiment are natural early warning candidates as

they are able to consistently provide accurate signals for future recession periods,

while simultaneously keeping the rate of false positives remarkably low. Moreover,

we find that models relying on financial market variables, such as those discussed

in Estrella and Mishkin (1998) and Nyberg (2010), improve their ability to reliably

distinguish between periods of economic contraction and expansion substantially

when augmented with sentiment variables. A similar result is obtained when using

latent factors estimated from a large panel of economic covariates using the factor

model of Stock and Watson (2002) as conditioning variables alongside sentiment.

1Published in Journal of Banking and Finance 49 (2014), 459-468.
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viii SUMMARY

The second chapter, Expected business conditions and bond risk premia, studies

the predictability of time-varying risk premia in the US Treasury bond market.2 While

the existing literature relies mostly on information in the current term structure and

business environment, this chapter takes a forward-looking perspective by studying

the link between expectations to future business conditions and bond risk premia by

means of survey forecasts from the Survey of Professional Forecasters (SPF). Using

survey forecasts to study this relation in a predictive regression framework is both

novel to the literature and ideally suited since such forecasts are model-free and

available in real-time (Amato and Swanson, 2001; Croushore and Stark, 2001). Our

empirical analysis begins by uncovering a single factor from the entire term structure

of SPF survey forecasts and establishing its predictive content for future bond risk

premia. Secondly, comparing the informational content in our single factor with that

contained in the Cochrane and Piazzesi (2005) forward rate-based factor and the Lud-

vigson and Ng (2009) macro-based factor reveals a non-negligible role for expected

business conditions in explaining variations in bond risk premia. Our results are

confirmed in an out-of-sample exercise, where all forecasting factors are constructed

recursively using historically available information only. Most importantly, our out-

of-sample results suggest that an investor with mean-variance preferences could

have improved portfolio performance substantially by relying on the information in

expected business conditions to guide real-time portfolio allocation decisions.

The third and final chapter, Global macro strategies (joint work with Maik Schmel-

ing and Christian Wagner), examines the time series predictability of excess returns to

global equities, currencies, and fixed income using real-time data on key macroeco-

nomic fundamentals covering industrial production, inflation, unemployment, retail

sales, and trade balances for up to 16 developed countries. If variations in returns

are indeed predictable and reflect rational responses to time-varying investment

opportunities as suggested in Merton (1973), then it is reasonable to expect that such

fundamentals should be informative about future risk premia. Indeed, we find that

an investor, who recursively learns about this predictive link in real-time, is able to

capture sizable profits from trading on global macro signals in a pure out-of-sample

portfolio approach. Moreover, the excess returns to our global macro strategies are

able to capture a non-trivial part of the excess returns to well-known trading strate-

gies from the literature such as the return momentum and value strategies discussed

in Moskowitz, Ooi, and Pedersen (2012) and Asness, Moskowitz, and Pedersen (2013)

as well as the generalized carry strategies suggested in Koijen, Moskowitz, Pedersen,

and Vrugt (2015). Such results suggest that these strategies are linked to fluctuations

in macroeconomic fundamentals.

2Accepted for publication in Journal of Financial and Quantitative Analysis.
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DANISH SUMMARY

Denne afhandling består af tre uafhængige kapitler fokuseret på to forskellige øko-

nomiske emner. Det indledende kapitel omhandler modellering og fremskrivning af

recessionssandsynligheder, mens de resterende kapitler undersøger den empiriske

sammenhæng mellem makroøkonomiske variable og tidsvarierende risikopræmier

på de finansielle markeder ud fra et porteføljeperspektiv. På trods af emnernes for-

skellighed, så bindes kapitlerne i denne afhandling sammen af brugen af historisk

tilgængeligt information til fremskrivningsformål. Det er en integreret del af denne

afhandling, at informationen i en given variabel evalueres udelukkende ved brug af

historisk tilgængeligt information, idet recessionsfremskrivning og porteføljealloke-

ringer naturligt foretages i real-tid. Dette aspekt er særlig vigtigt for makroøkonomiske

variable, hvor brugen af reviderede data, hvilket forekommer hyppigt i empiriske

undersøgelser, indebærer anvendelse af data, som i princippet er utilgængeligt for

fremskrivningsformål i real-tid.

Det første kapitel, Forecasting US recessions: The role of sentiment (skrevet i sam-

arbejde med Charlotte Christiansen og Stig Vinther Møller), undersøger, hvorvidt

tidsserier for erhvervs- og forbrugertillid, der er tilgængelige i real-tid, har evnen til at

signalere fremtidige recessionsperioder.1 Recessioner er karakteriseret ved perioder

med betydelige og vedvarende fald i den økonomiske aktivitet og er ofte forbun-

det med betragtelige velstandsforringelser. Det er derfor af høj samfundsmæssig

interesse at identificere en række varslingsindikatorer, der indeholder brugbare in-

formationer omkring den fremtidige økonomiske retning. Vores empiriske analyse

viser, at erhvervs- og forbrugertillid bør betragtes som sådanne indikatorer givet deres

konsistente afgivelse af præcise signaler om fremtidige recessionsperioder, mens

forekomsten af falske signaler samtidig holdes bemærkelsesværdigt lav. Derudover

finder vi, at modeller baseret på finansielle variable, såsom dem beskrevet i Estrella

og Mishkin (1998) og Nyberg (2010), markant forbedrer deres evne til pålideligt at

skelne mellem økonomiske nedgangs- og vækstperioder såfremt de udvides med

tillidsvariable. Et lignende resultat fremkommer ved at anvende latente faktorer esti-

meret på baggrund af et stort panel af økonomiske variable via faktormodellen fra

Stock og Watson (2002) som forklarende variable sammen med tillidsvariablerne.

1Publiceret i Journal of Banking and Finance 49 (2014), 459-468.
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xii DANISH SUMMARY

Afhandlingens andet kapitel, Expected business conditions and bond risk premia,

undersøger forudsigeligheden af tidsvarierende risikopræmier på det amerikanske

obligationsmarked.2 Den eksisterende litteratur benytter sig ofte af information rela-

teret til den nuværende rentekurve eller forretningsmiljøet, hvorimod dette kapitel

anvender et fremadrettet perspektiv ved at undersøge sammenhængen mellem de

forventede forretningsmæssige forhold og risikopræmien på obligationsmarkedet

ved brug af prognoser fra Survey of Professional Forecasters (SPF). Vores brug af prog-

noser er hidtil uset i litteraturen og særdeles velegnet, idet sådanne prognoser er

tilgængelige i real-tid (Amato og Swanson, 2001; Croushore og Stark, 2001). Vores

empiriske analyse tager sin begyndelse ved først at estimere en enkelt faktor base-

ret på terminsstrukturen af SPF-prognoser samt efterfølgende at etablere faktorens

evne til at forudsige fremtidige obligationsafkast. Herefter sammenligner vi informa-

tionsindholdet i vores faktor med informationen i den fremtidige renteaftale faktor

beskrevet i Cochrane og Piazzesi (2005) samt den latente makroøkonomiske faktor fra

Ludvigson og Ng (2009). Sammenligningen afslører, at forventede forretningsmæssi-

ge vilkår spiller en betydelig rolle i forklaringen af tidsvarierende obligationsafkast.

Vores resultater bekræftes i en real-tidsfremskrivningsøvelse, hvori alle faktorer esti-

meres rekursivt udelukkende ved brug af historisk tilgængeligt information. Et vigtig

aspekt af vores undersøgelse fremkommer af, at en investor med middelværdi-varians

præferencer kunne have øget sin nytteværdi betydeligt ved at inddrage information

omkring forventede forretningsmæssige vilkår i sine porteføljeallokeringer.

Det tredje og sidste kapitel, Global macro strategies (skrevet i samarbejde med

Maik Schmeling og Christian Wagner), undersøger forudsigeligheden af overskuds-

afkastet på globale aktier, valutaer, og obligationer ved brug af centrale makroøko-

nomiske variable såsom industriel produktion, inflation, arbejdsløshed, detailsalg,

og handelsbalancer for op til 16 industrilande. Såfremt afkastvariationer kan for-

udsiges og afspejler rationelle reaktioner på tidsvarierende investeringsmuligheder

som foreslået i Merton (1973), så er det rimeligt at forvente, at centrale makroøkono-

miske variable bør indeholde brugbar information om fremtidige risikopræmier. I

overensstemmelse hermed finder vi, at en investor, som rekursivt lærer om denne

sammenhæng i real-tid, kan generere betydelige overskud ved at basere sine handels-

strategier på globale makroøkonomiske signaler i en real-tidsporteføljetilgang. Dertil

finder vi, at overskudsafkastet på vores globale makrostrategier er i stand til at forklare

en anseelig andel af overskudsafkastet på velkendte handelsstrategier fra den eksi-

sterende litteratur såsom momentum- og værdistrategierne beskrevet i Moskowitz,

Ooi, og Pedersen (2012) og Asness, Moskowitz, og Pedersen (2013) samt de generali-

serede carry-strategier foreslået i Koijen, Moskowitz, Pedersen, og Vrugt (2015). Dette

antyder, at de ovenstående strategier er relateret til variationer i makroøkonomiske

variable.

2Accepteret for publikation i Journal of Financial and Quantitative Analysis.
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Abstract

We study the role of sentiment variables as predictors for US recessions. We combine

sentiment variables with either classical recession predictors or common factors

based on a large panel of macroeconomic and financial variables. Sentiment variables

hold vast predictive power for US recessions in excess of both the classical recession

predictors and the common factors. The strong importance of the sentiment variables

is documented both in-sample and out-of-sample.
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2 CHAPTER 1. FORECASTING US RECESSIONS: THE ROLE OF SENTIMENT

1.1 Introduction

The monthly releases of consumer and business sentiment surveys attract widespread

attention from policy makers, investors, and the media, and are among the most

watched indicators of future economic activity, especially during times of economic

crisis. Former Chairman of the Board of Governors of the Federal Reserve System Ben

S. Bernanke expresses the importance of confidence in the following way: “As in all

past crises, at the root of the problem is a loss of confidence by investors and the public

in the strength of key financial institutions and markets”.1

The presumption that business and consumer sentiment variables are related

to the state of the economy is substantiated by Figure 1.1 in which we plot indices

of business and consumer sentiment (denoted PMIt and CCt , respectively) against

National Bureau of Economic Research (NBER) defined recession periods marked by

gray shading. Around each recession period the sentiment variables drop, which is

consistent with bad sentiment typically reflecting poor economic conditions. Thus,

Figure 1.1 highlights the procyclical movements of both sentiment indices in relation

to the business cycle.

Figure 1.1: Business and consumer confidence.
This figure plots the time series of business confidence (PMIt ; solid line) and consumer confi-
dence (CCt ; broken line) against NBER defined recession dates in gray shading.
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Sentiment variables have long been thought to contain information about future

fluctuations in the level of real economic activity. Matsusaka and Sbordone (1995)

show that consumer sentiment adds significant information in forecasting GDP

and Batchelor and Dua (1998) find that forecasts of GDP during the 1991 recession

could have been improved had forecasters taken consumer confidence into account.

Carroll, Fuhrer, and Wilcox (1994), Bram and Ludvigson (1998), Howrey (2001), and

Ludvigson (2004) show that measures of consumer sentiment contain information

1Bernanke (2008).
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about consumer spending. Howrey (2001) also considers the relationship between

consumer confidence and the business cycle. Similarly, Dasgupta and Lahiri (1993)

show that the Purchasing Manager’s Index (PMI) is useful for forecasting GDP changes.

Additionally, Kauffman (1999), Klein and Moore (1991), Lindsey and Pavur (2005),

Banerjee and Marcellino (2006), and Lahiri and Monokroussos (2013) show that

business sentiment is useful for forecasting and nowcasting GDP and the business

cycle. As pointed out by Koenig (2002), the use of sentiment indices has two important

advantages for forecasting compared to alternative leading indicators. In particular,

they are available in real-time and are not subject to subsequent revisions. Lahiri and

Monokroussos (2013) further note that no economic variables of similar importance

are available with the same timeliness. Macroeconomic variables, in contrast, are

typically published with a delay and are often subject to considerable revisions

following the initial publication.

This paper separates itself from the extant literature by using sentiment variables

to forecast a binary recession indicator using probit models rather than forecasting

a continuous variable such as GDP growth. Existing literature in this field generally

finds that the term spread, the short rate, and the stock market return carry impor-

tant information about future recessions (Dueker, 1997; Estrella and Mishkin, 1998;

Wright, 2006; Kauppi and Saikkonen, 2008; Nyberg, 2010). We add to this literature

by showing that sentiment variables have considerably better forecasting power for

future recessions than these classical recession predictors. In particular, we find that

business sentiment is by far the best univariate recession predictor among the set

of forecasting variables. Moreover, we find that combining sentiment variables with

the classical recession predictors provides for stronger forecasting performance for

future recession periods, both in-sample and out-of-sample.

Evidence of incremental predictive power of the sentiment variables could, how-

ever, simply be a result of the exclusion of other relevant economic control variables.

To account for this concern, we examine the ability of sentiment variables to predict

future recessions when controlling for a large panel of more than 150 macroeconomic

and financial time series. This is done in an efficient way using a common factor

approach (Stock and Watson, 2002a,b; Bai and Ng, 2002, 2006). We find that the

predictive power of the sentiment variables remains strong even in the presence of

the common factors.

An important concern in forecasting is the issue of temporal instabilities in the

parameters of the forecasting model. In particular, Stock and Watson (2003), Ng and

Wright (2013), and Rossi (2013) find compelling evidence of temporal instabilities

in a large proportion of linear models used to predict economic growth. In contrast,

we find no evidence of instabilities in the predictive relationship between the binary

recession indicator and models using sentiment variables as predictors. This finding

is in line with Estrella, Rodrigues, and Schich (2003) who provide evidence of binary

models being more stable than continuous models.
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Overall, we find that sentiment variables are strong predictors for future reces-

sions and that combining them with either classical recession predictors or with

latent common factors significantly boost the predictive power.

The rest of the paper is structured as follows. Section 1.2 describes the economet-

ric methodology. Section 1.3 introduces the data. Section 1.4 presents the empirical

results, both in-sample and out-of-sample. Section 1.5 provides robustness analyses,

while Section 1.6 concludes. Various details are delegated to the Appendix.

1.2 Econometric methodology

This section describes the econometric methodology. We first describe the probit

model and its estimation. Secondly, we discuss the evaluation measures used to assess

model performance. Lastly, we discuss the estimation of latent common factors from

our panel of economic variables.

1.2.1 The model

Consider the binary-valued time series process
{

yt
}T

t=1 that depends on the state of

the economy as follows

yt =
 1,

0,

if the economy is in a recession at time t

if the economy is in an expansion at time t
(1.1)

The recession indicator yt has, conditional on the information set Ft−1, a Bernoulli

distribution with probability parameter pt , i.e. yt |Ft−1 ∼B
(
pt

)
. Our aim is to model

the conditional probability pt of a future recession. To do so, we consider a standard

probit model in which the conditional probability for the recession event
{

yt = 1
}

satisfies

Et−1
[

yt
]=Pt−1

[
yt = 1

]=Φ(
πt

)= pt (1.2)

whereΦ (·) is the standard normal cumulative distribution function, which ensures

that the conditional probability takes values in the unit interval [0,1], Et−1 [·] and

Pt−1 [·] denote the conditional expectation and probability, respectively, and πt is a

linear function of variables in Ft−1.2 In particular, we consider nested specifications

of πt of the following form

πt =$+ s′t−kα+ z ′
t−kβ+ f ′

t−kγ (1.3)

where st−k is a vector of sentiment variables, zt−k is a vector containing classical

recession predictors, and ft−k is a vector of common factors representing information

2The probit model is also used by, among others, Dueker (1997), Estrella and Mishkin (1998), Chauvet
and Potter (2005), Wright (2006), Kauppi and Saikkonen (2008), Nyberg (2010), and Ng (2012). Hamilton
(2011) provides a recent survey. The results are robust to using a logit specification in place of the probit
specification.
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from a large panel of economic variables. Hence, with this specification, we control

for a much richer information set compared to prior studies in which only a few

predetermined variables are used as controls. This is important because by condi-

tioning on a rich information set, it is possible to examine to what extent sentiment

variables contain independent incremental explanatory power not captured by other

economic predictors. The parameters of the probit model can be straightforwardly

estimated using maximum likelihood estimation, and misspecification robust stan-

dard errors can be obtained as in Kauppi and Saikkonen (2008). In Section 1.5.1, we

provide additional evidence using a dynamic probit model to show that our results

are robust to the inclusion of a lagged dependent variable.

In order to select the best model, we make a search over different lag orders k and

different combinations of the explanatory variables, where each lag is treated as a

distinct predictor. We allow k to vary between 1 and 6, and we allow for combinations

of up to five explanatory variables. In the previous literature, it is custom to set k

equal to the forecast horizon h. However, Estrella and Mishkin (1998) and Kauppi

and Saikkonen (2008) show that the most recent values of the explanatory variables

are not necessarily the most important in terms of predictive power. Thus, we allow

the lag structure to be determined purely by model selection techniques. Given

the large number of potential predictors, some standard pretesting is necessary

in order to reduce the dimensionality of the set of potential model combinations

(Ludvigson and Ng, 2009; Christiansen, Schmeling, and Schrimpf, 2012). We do so by

only considering predictors with a t-statistic greater than two in absolute value in a

univariate probit model. In this way, we end up with a smaller set of predictors such

that an analytical evaluation of all model combinations becomes computationally

feasible. We compute the Schwarz-Bayesian Information Criterion (BIC) for each

model combination and rank them accordingly for model selection. The BIC tends

to favor models that provide a good fit while at the same time penalizing highly

parameterized models.

We estimate the selected models both in-sample and out-of-sample. The advan-

tage of the in-sample results is that all available information is used to assess the

fit of the model. However, a good in-sample fit does not necessarily translate into a

good out-of-sample performance (Inoue and Kilian, 2005; Ng and Wright, 2013; Rossi,

2013). We therefore complement the in-sample analysis with a pseudo out-of-sample

analysis to assess the predictive power of the models.

1.2.2 Evaluation measures

To assess the performance of the models in more than one dimension, and to check

the robustness of the results across different loss specifications, we use several fore-

cast evaluation metrics. The first set of metrics are all defined over the value of the

log likelihood function of the probit model. In particular, we consider the pseudo-R2

measure developed in Estrella (1998), the BIC criterion, and the log probability score
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(LPS).3 LPS ranges between 0 and ∞, where 0 implies perfect forecast accuracy. These

measures all evaluate the probability forecasts.

Secondly, we make use of the Receiver Operating Characteristics (ROC) curve,

which evaluates the model’s ability to distinguish between recessions and expansions.

The ROC curve plots all possible combinations of false positive and true positive

rates using threshold values from 0 to 1. The ROC curve therefore plots the entire

space of trade-offs between correct and false recession signals as a function of the

threshold used to make classifications based on a real-valued probability forecast.

We report the area under the ROC curve (AUC), which is a measure of the overall

classification ability.4 A perfect recession classifier has an AUC of 1, whereas a coin-

toss classifier has an AUC of 0.5. The AUC is asymptotically Gaussian under general

conditions so that the null of no classification ability (H0: AUC = 0.5) can be tested

using standard techniques (Hanley and McNeil, 1982). The difference between the

AUC of two models can be tested using the procedure from Hanley and McNeil (1983).

We refer to Pepe (2003) and Berge and Jordà (2011) for a detailed discussion of ROC

curves and their use in classifying economic activity into expansions and recessions.

1.2.3 Estimation of common factors

We estimate the common factors from a large panel of macroeconomic and financial

variables as in Stock and Watson (2002a,b, 2006, 2010), Bai (2003), and Bai and Ng

(2002, 2006). In particular, we consider a T ×N panel of macroeconomic and financial

data with elements xi t , where i = 1, ..., N refers to the cross-sectional dimension of the

panel and t = 1, ...,T is the time index. We transform the panel of observed economic

variables into stationary variables with zero mean and unit variance. We assume that

xi t follows a factor model of the form

xi t =Λ′
i Ft +ξi t (1.4)

where Ft is an r ×1 vector of common factors,Λi is an r ×1 vector of factor loadings

for the i th observed variable, and ξi t is a zero-mean idiosyncratic error component.

The essential idea behind the factor model in (1.4) is that the cross-sectional co-

movements in the panel are primarily governed by fluctuations in a relatively small

number of common factors
(
r ¿ N

)
. The goal is to effectively reduce the dimension

of the set of predictors while still being able to use and summarize the underlying

information in the large panel. In particular, we use the common factors in our

specification of πt in (1.3) where ft is a subset of Ft . The static factor model in (1.4)

is estimated using the method of principal components and the optimal number

3See Diebold and Rudebusch (1989) for a discussion on the use of scoring rules in assessing the
predictive power of leading indicators.

4Formally, the area under the ROC curve is given by AUC = ∫ 1
0 ROC (c)dc , where c is the false positive

rate. We compute it using a trapezoidal approximation.
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of factors is determined using the panel information criteria, IC2, from Bai and Ng

(2002).5

1.3 Data

We make use of three different sets of data: US business cycle dates, sentiment survey

variables, and control variables consisting of classical recession predictors and a

panel of macroeconomic and financial variables. All variables are measured at a

monthly frequency and span the period from 1978:M1 to 2011:M12, providing a total

of T = 407 observations for the in-sample analysis.6

1.3.1 Business cycle dates

We use the NBER defined business cycle expansion and contraction dates to deter-

mine US recessions, i.e. yt from (1.1).7 The NBER business cycle dates are publicly

available and are standard in the business cycle literature. We use the same definition

of recessions as Estrella and Trubin (2006). In particular, the first month following

a peak month defines the first recession month and the last month of a trough de-

fines the last recession month.8 A similar definition goes for expansion months. The

sample period includes five recession periods.

1.3.2 Sentiment variables

The consumer sentiment survey data are based on the University of Michigan’s Index

of Consumer Sentiment. The index, denoted CCt , is based on a monthly survey, where

a minimum of 500 households are interviewed by telephone. The households are

asked questions about their own financial situation and the business conditions in

the US as a whole. The results of the survey become publicly available either during

the month of the survey or at the beginning of the following month.

The business confidence data are based on the Institute of Supply Management’s

Purchasing Manager’s Index. The index, denoted PMIt , is constructed from data

collected through a survey of more than 400 industrial companies in 20 manufac-

turing industries across the US. PMIt is an equally-weighted composite index of five

seasonally adjusted diffusion indices: Production, New Orders, Speed of Supplier

5Consistency of the principal component estimator is shown by Connor and Korajczyk (1986) for
fixed T and N →∞ for the exact static factor model and extended to the approximate static factor model
of Chamberlain and Rothschild (1983) by Stock and Watson (2002b), Bai (2003), and Bai and Ng (2006).
Specifically, the estimated factors, F̂t , are consistent if N →∞, T →∞, and

p
T /N → 0. This implies that

parameter inference from the second-stage probit models need not be affected by the effect of estimated
(i.e. not observed) explanatory variables.

6The availability of the sentiment variables determines the beginning of the sample period, whereas
the availability of the variables in our panel determines the end of the sample period.

7The business cycle dates are available at www.nber.org.
8Hereby, the most recent recession is 2008:M01 through 2009:M06.

www.nber.org
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Deliveries, Inventories, and Employment. The respondents answer questions that

compare the current level of activity with that of the previous month. PMIt ranges

between 0 and 100, with 50 being the threshold for expansion or recession in the

manufacturing sector. The results of the survey become available on the first business

day of each month.9

The Index of Consumer Sentiment and the Purchasing Manager’s Index are both

available from the Federal Reserve Bank of St. Louis’ economic research database.10

1.3.3 Control variables

The first set of control variables consists of three classical recession predictors: the

term spread, the short rate, and the return on a broad stock market index. The term

spread, TSt , is defined as the 10-year bond yield in excess of a 3-month Treasury bill

rate and is a measure of the slope of the yield curve. The short rate is taken to be the

effective federal funds rate, which we denote FFRt . Lastly, the stock market return,

RETt , is defined as the log return on the S&P500 index.

The second set of control variables consists of latent common factors. To estimate

the common factors, we use a balanced panel of 176 macroeconomic and financial

time series similar to Stock and Watson (2002a,b, 2006, 2010) and Ludvigson and

Ng (2007, 2009, 2010). The series represent broad categories of macroeconomic and

financial time series including: interest rates and spreads; stock market returns, risk

factors and predictors; exchange rates; output and income; employment, hours and

earnings; housing; money and credit; and prices. We provide detailed information

about the series in Section A.1 of the Appendix.

The Bai and Ng (2002) criterion suggests that the optimal number of factors

is 15. As illustrated in Section A.2 of the Appendix, these 15 factors account for

about 75% of the total variation in the panel, whereas the first five factors alone

account for 54%. Section A.3 of the Appendix provides graphical illustrations and

interpretations of the loadings for each factor. The first factor f̂1,t is highly correlated

(0.98) with the CRSP stock market return and can therefore be interpreted as a stock

market factor. The second factor f̂2,t is a real activity factor as it loads heavily on

employment variables and industrial production. The factor moves countercyclically

and correlates negatively with, for instance, total non-farm employment (−0.87) and

industrial production (−0.64). The third factor f̂3,t is a return prediction factor as it

loads strongly on, among others, the dividend yield. The sixth factor f̂6,t is a term

structure factor and the fourteenth factor f̂14,t is an unemployment factor.

Table 1.1 presents the contemporaneous correlations between the sentiment

variables and the control variables. PMIt has its strongest correlations with the real

activity factor f̂2,t (−0.64), the return prediction factor f̂3,t (−0.38), and the term struc-

9Bram and Ludvigson (1998) and Ludvigson (2004) offer detailed discussions of the consumer confi-
dence survey and Lahiri and Monokroussos (2013) of the business confidence survey.

10http://research.stlouisfed.org/fred2/.

http://research.stlouisfed.org/fred2/
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Table 1.1: Correlations.
This table presents correlation coefficients between PMIt and CCt and the control variables
used in the paper. The sample period is 1978:M1 to 2011:M12.

Variable PMIt CCt Variable PMIt CCt

TSt 0.15 -0.06 f̂7,t 0.09 0.07
FFRt -0.20 -0.08 f̂8,t -0.03 -0.12
RETt 0.01 0.06 f̂9,t -0.01 0.12

f̂1,t -0.02 0.03 f̂10,t 0.02 -0.09
f̂2,t -0.64 -0.42 f̂11,t -0.13 0.03
f̂3,t -0.38 -0.59 f̂12,t -0.10 0.02
f̂4,t -0.16 0.11 f̂13,t -0.05 0.06
f̂5,t -0.09 0.11 f̂14,t -0.01 -0.02
f̂6,t 0.24 -0.30 f̂15,t 0.00 -0.02

ture factor f̂6,t (0.24). The negative correlation with the real activity factor arises due

to the countercyclical nature of f̂2,t described above. In the case of CCt , the strongest

correlations are observed for the return prediction factor f̂3,t (−0.59), the real activity

factor f̂2,t (−0.42), and the term structure factor f̂6,t (−0.30). The correlations be-

tween the sentiment variables and the common factors are far from perfect. This is a

necessary requirement for PMIt and CCt to contain information useful for predicting

future recession periods not captured by the common factors.11

1.4 Empirical findings

This section presents the empirical results. We first present the results from the

in-sample analysis, which are followed by the results from an out-of-sample analysis.

1.4.1 In-sample results

The in-sample estimation results are obtained by estimating models nested in the

general specification given in (1.3) using monthly data from 1978:M1 to 2011:M12. As

a preliminary step, we evaluate the individual predictive ability of our predictors by

estimating univariate probit models for one variable at the time at its preferred lag

length. More specifically, we consider the two sentiment variables, the three classical

recession predictors, and the 15 common factors. In Table 1.2, we rank the 20 best

models according to the pseudo-R2.

Table 1.2 shows that the best univariate recession predictors are business confi-

dence, PMIt , and consumer confidence, CCt , for which the pseudo-R2’s are as large

as 47% and 26%. The best classical recession predictor is the term spread, but it

still provides much worse predictions than the sentiment variables, illustrated by a

11Regressions of PMIt and CCt on the full set of factors give R2s of around 70%. Again, this implies
that the macro factors do not fully span the information contained in the sentiment variables.
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Table 1.2: The predictive ability of individual variables.
This table presents in-sample results from estimating univariate probit models at their pre-
ferred lag length selected using the BIC. The models are ranked according to their pseudo-R2.
LPS denotes the log probability score. AUC is the area under the ROC curve and the p-value
refers to the null of no classification ability. The sample period is 1978:M1 to 2011:M12.

Rank Variable pseudo-R2 BIC LPS AUC p-val

1 PMIt−1 0.47 80.14 0.18 0.95 (0.00)
2 CCt−1 0.26 117.29 0.28 0.87 (0.00)
3 f̂2,t−1 0.23 123.23 0.29 0.84 (0.00)
4 f̂3,t−2 0.15 138.87 0.33 0.81 (0.00)
5 TSt−6 0.09 151.10 0.36 0.73 (0.00)
6 FFRt−6 0.07 154.49 0.37 0.65 (0.00)
7 f̂1,t−4 0.05 158.54 0.38 0.66 (0.00)
8 f̂6,t−6 0.04 160.85 0.39 0.66 (0.00)
9 f̂7,t−6 0.03 162.01 0.39 0.63 (0.00)

10 RETt−4 0.03 162.29 0.39 0.61 (0.00)
11 f̂8,t−5 0.02 164.03 0.39 0.64 (0.00)
12 f̂14,t−2 0.02 164.75 0.39 0.58 (0.03)
13 f̂10,t−4 0.01 166.90 0.40 0.58 (0.03)
14 f̂13,t−1 0.01 167.12 0.40 0.57 (0.05)
15 f̂12,t−1 0.00 167.29 0.40 0.55 (0.11)
16 f̂15,t−4 0.00 167.30 0.40 0.57 (0.06)
17 f̂9,t−6 0.00 167.66 0.40 0.57 (0.04)
18 f̂4,t−2 0.00 167.79 0.40 0.52 (0.32)
19 f̂11,t−1 0.00 167.92 0.40 0.53 (0.26)
20 f̂5,t−5 0.00 168.21 0.40 0.48 (0.72)

pseudo-R2 of only 9%. The second and third common factors (the real activity factor

and the return prediction factor) perform better than the classical recession predic-

tors, whereas the other common factors provide less accurate predictions. We obtain

similar rankings from both the LPS and the AUC statistics as with the pseudo-R2,

which confirms the predictive ability of PMIt and CCt across evaluation metrics. In

Section A.5 of the Appendix, we go through a similar exercise using all 176 variables

one at a time. PMIt and CCt remain the two best predictors measured by both the

pseudo-R2 and the LPS and AUC statistics. Taken together, these preliminary findings

are highly supportive of our suggestion of using sentiment variables for predicting

future recession periods.

1.4.1.1 Main models

Table 1.3 presents the main results from estimating probit models in-sample using

various predictors at their preferred lags and combinations. The choice of variable

combinations and lags is determined by the BIC. Model 1 and 2 (Table 1.3) are

based on the classical recession predictors only. Model 1 uses the six-month lagged

term spread and model 2 the six-month lagged term spread, the short rate lagged

six months, and three different lags of the S&P500. The predictive ability of the
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Table 1.3: In-sample estimation of various probit models.
This table presents in-sample results from estimating various probit models. Model com-
position is based on the BIC. Kauppi and Saikkonen (2008) standard errors are reported in
parentheses. log-L is the value of the log likelihood function, pseudo-R2 is the Estrella (1998)
measure, and LPS denotes the log probability score. AUC is the area under the ROC curve
and the p-value refers to the null of no classification ability. The sample period is 1978:M1 to
2011:M12.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

PMIt−1 -0.24 -0.22 -0.23 -0.28
(0.03) (0.04) (0.05) (0.05)

CCt−1 -0.07 -0.08 -0.06 -0.08
(0.01) (0.02) (0.02) (0.02)

CCt−6 0.04
(0.02)

TSt−6 -0.35 -0.14 -0.33
(0.10) (0.12) (0.12)

FFRt−6 0.19
(0.06)

RETt−2 -0.08 -0.11
(0.03) (0.03)

RETt−4 -0.12 -0.08
(0.03) (0.03)

RETt−6 -0.10
(0.03)

f̂1,t−2 -0.50
(0.12)

f̂6,t−6 -0.80
(0.22)

f̂14,t−4 0.42
(0.17)

log-L -145.11 -110.30 -74.15 -111.29 -57.95 -47.44 -42.53
pseudo-R2 0.09 0.27 0.47 0.26 0.56 0.63 0.66
BIC 151.10 128.29 80.14 117.29 69.95 65.43 60.52
LPS 0.36 0.27 0.18 0.28 0.14 0.12 0.11
AUC 0.73 0.88 0.95 0.87 0.97 0.98 0.99
p-val (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

term spread, TSt−6, by itself is not very strong (the pseudo-R2 only amounts to 9%),

whereas the best model combination of classical recession predictors (model 2)

obtains a pseudo-R2 of 27%. In line with the previous literature, we find that the

classical recession predictors are useful for predicting future recessions. However,

their explanatory power is lower than what is usually found in previous research

(Estrella and Mishkin, 1998; Nyberg, 2010). This is in accordance with Schrimpf and

Wang (2010) and Ng (2014), where the former find that the term spread is losing its

predictive power for future economic activity and the latter provides evidence for the

usefulness of the term spread to be dependent on the type of recession.

Models 3-5 are based on sentiment variables only. In particular, we consider PMIt ,

CCt , and their combination, respectively. The optimal lag length of the sentiment
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variables is short at the first lag. The coefficients of the sentiment variables (model

3-4) are negative, which implies that low values of the sentiment indices signal

an increasing probability of a future recession. This is in line with the preliminary

observations from Figure 1.1. As mentioned above, the pseudo-R2 indicates that PMIt

is a much more important variable for predicting future recessions than is CCt . Yet,

the strongest predictive ability is obtained by combining the two sentiment variables

and thereby combining both business and consumer perceptions about the future.

In this manner, the pseudo-R2 becomes as large as 56% (model 5), compared to only

27% when using classical recession predictors. The superior predictive ability of the

sentiment variables relative to the classical recession predictors is further highlighted

by the large difference in the AUC (0.97 vs. 0.88). In fact, a test on the difference in the

AUC for models 2 and 5 gives a p-value of 0.001. Thus, sentiment variables appear

to be strong candidates for predicting future recession periods regardless of which

evaluation metric is used to assess their performance.

A natural next step is to consider a joint specification in which we directly compare

the predictive content of the sentiment variables with that of the classical recession

predictors. Model 6 is such a specification, where we allow for the combination of sen-

timent variables and classical recession predictors to exists of up to five explanatory

variables.12 Combining the classical recession predictors with the sentiment variables

improves the ability of the probit model to forecast future recessions considerably.

The pseudo-R2 increases to 63% and the AUC to 0.98. The best model includes both

sentiment variables at their first lag in addition to the term spread at lag six and the

stock market return lagged two and four times. Testing the difference in the AUC

between models 2 and 6 gives a p-value of virtually zero, which implies that senti-

ment variables contain a large portion of predictive information not contained in

commonly used recession predictors. Thus, substantial increases in forecast accuracy

can be obtained by using sentiment variables joint with the classical variables.

If we control for a richer information set using the common factors and the senti-

ment variables in a joint specification (model 7), we still find the preferred models

chosen by the BIC to include both PMIt and CCt . In particular, model 7 is made up of

the sentiment variables at their first lag, a stock market factor ( f̂1,t−2) at its second lag,

a term structure factor ( f̂6,t−6) at its sixth lag, and an unemployment factor ( f̂14,t−4)

at its fourth lag. This specification provides a pseudo-R2 as large as 66%. The LPS

and AUC measures for models 6 and 7 are nearly identical, with a slight advantage

to model 7. There is, however, no statistically significant difference between the two

AUC measures for models 6 and 7 (p-value around 0.3), but the AUC for model 7

is significantly higher than that for model 2 (p-value around zero). Thus, the gains

from using common factors over the classical predictors seem weak once sentiment

variables are used as predictors as well. Overall, the results of the joint specifications

underscore that we gain predictive ability from combining the information in senti-

12Allowing for more than five explanatory variables does not cause noteworthy changes to our results.
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ment variables with either the information in the classical recession predictors or the

information contained in the common factors.

1.4.1.2 Illustrating the in-sample fit

This section illustrates the predictive ability of the various specifications graphically

by plotting the model implied recession probability forecasts, p̂t , together with the

actual recession variable yt .

Figure 1.2: In-sample fit.
This figure plots in-sample recession probabilities implied by selected models from Table 3.
NBER defined recession dates are in gray shading.
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Figure 1.2 plots the full sample recession probability forecasts for the model in-

cluding the best combination of classical predictors (model 2), the model containing

sentiment variables only (model 5), the joint specification of sentiment variables

and classical predictors (model 6), and, finally, the joint specification of sentiment

variables and common factors (model 7). First, we note that there are several false

signals in the specification using classical predictors only and actual recessions are

poorly captured. In contrast, models including sentiment variables seem to resolve
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most of these issues. These models all provide very accurate recession signals with

few and weak false recession signals. This is especially true for the joint specifications.

Figure 1.3: In-sample ROC curves.
This figure plots in-sample ROC curves for selected models from Table 3. The 45 degree line
represents a coin-toss classifier.
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Figure 1.3 plots ROC curves for the same set of models. The figure confirms the

message from Table 1.3 and Figure 1.2. In particular, the models containing sentiment

variables (model 5, 6, and 7) exhibit strong classification abilities, whereas relying

on classical recession predictors only (model 2) leads to a much lower classification

ability. As an example, Figure 1.3 shows that a 90% true positive rate can be achieved

by accepting a false positive rate of less than 10% in the joint specification models,

whereas the classical predictor model needs a false positive rate of around 35% to

achieve the same true positive rate.13

To sum up, the in-sample analysis shows that there is much information about

future business cycle periods to be obtained from considering consumer and busi-

ness sentiment as leading indicators. In particular, not only are sentiment variables

strong predictors of future recessions on their own, but combining them with either

classical recession predictors or common factors provides for even stronger recession

predictions.

13For each model, the ROC curve illustrates all potential trade-offs between type 1 and type 2 errors by
varying the threshold from 0 to 1. To identify the optimal threshold, a forecaster could move along the ROC
curve and analyze relative costs of false alarms and missed signals.
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1.4.2 Out-of-sample results

It is well-known that in-sample results are not necessarily representative of what

can be achieved out-of-sample (Inoue and Kilian, 2005; Rossi, 2013). In order to

evaluate the predictive accuracy of our baseline models, we set up an out-of-sample

analysis similar to, among others, Estrella and Mishkin (1998), Nyberg (2010), and

Ng (2012). Specifically, we divide the full sample into an initial estimation period

from 1978:M1 to 1997:M12 and an out-of-sample forecasting period from 1998:M1

to 2011:M12, which provides for a total of T ∗ = 168 out-of-sample predictions. The

out-of-sample period includes the two most recent recessions, the dot-com crisis in

2001 and the recent financial crisis in 2008 and 2009. We use an expanding window in

the forecasting setup such that the estimation period increases with one observation

every time we move one step ahead in time. The common factors and forecasting

models are all estimated recursively at each point in time for all T ∗ out-of-sample

forecasts.

Most of our explanatory variables are available in real-time or with a short pub-

lication delay. In contrast, the NBER recession indicator is often announced with a

substantial time delay. Kauppi and Saikkonen (2008) and Nyberg (2010) assume, in

their implementations, that the recession indicator is announced with a nine month

delay. On the other hand, Chauvet and Potter (2005), Kauppi (2008), and Ng (2012)

advocate the use of a shorter delay period of three months. They argue that the re-

cent advances in real-time business cycle dating let researchers make reasonable

assumptions on the state of the economy even if the NBER is yet to announce its

classification.14 We follow their approach and take the announcement delay into

account by estimating model parameters using data measured at time t −d −k and

data measured at time t − k to construct prediction, where d = 3 represents the

assumed publication delay in the recession indicator. This procedure mimics a real-

time forecasting situation as we only use information available at the time of the

forecast.

Table 1.4 presents the results from our out-of-sample exercise for the seven mod-

els from the in-sample analysis. We consider forecast horizons of one to twelve

months, where for each horizon we report the pseudo-R2, LPS, and AUC along with

p-values for the null of no classification ability for each of the models. The first col-

umn of Table 1.4 provides the main out-of-sample results for the one-month forecast

horizon. Sentiment variables remain strong predictors of future recessions out-of-

sample with pseudo-R2s reaching 45%, 19%, and 57% at a one-month horizon for

the PMIt , CCt , and their combination, respectively. Their forecasting performance is,

however, decreasing in the forecast horizon. Consistent with the in-sample analysis,

we find that a joint specification consisting of both sentiment variables and classical

recession predictors or common factors provides for the most accurate recession

forecasts. This is especially true for the model using sentiment variables and classical

14Chauvet and Piger (2008) survey recent developments in dating business cycle turning points.
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Table 1.4: Out-of-sample results.
This table presents out-of-sample results for the main models. The forecasting horizons range
from one month to twelve months. Pseudo-R2 is the Estrella (1998) measure and LPS denotes
the log probability score. AUC is the area under the ROC curve and the p-value refers to the
null of no classification ability. The out-of-sample window runs from 1998:M1 to 2011:M12.

Forecast horizon

1 3 6 9 12 1 3 6 9 12

pseudo-R2 LPS

Model 1 -0.04 0.01 0.14 0.22 0.28 0.47 0.45 0.39 0.36 0.34
Model 2 0.07 0.25 0.30 0.22 0.21 0.41 0.33 0.32 0.36 0.38
Model 3 0.45 0.39 0.26 0.11 0.05 0.23 0.27 0.34 0.42 0.45
Model 4 0.19 0.21 0.14 0.05 -0.01 0.35 0.35 0.40 0.45 0.48
Model 5 0.57 0.48 0.31 0.11 -0.05 0.18 0.22 0.31 0.42 0.51
Model 6 0.59 0.58 0.49 0.32 0.27 0.17 0.18 0.23 0.31 0.35
Model 7 0.64 0.56 0.31 0.15 0.07 0.15 0.19 0.31 0.40 0.44

AUC p-val

Model 1 0.56 0.65 0.76 0.82 0.84 0.16 0.01 0.00 0.00 0.00
Model 2 0.84 0.90 0.90 0.87 0.87 0.00 0.00 0.00 0.00 0.00
Model 3 0.96 0.93 0.88 0.77 0.64 0.00 0.00 0.00 0.00 0.01
Model 4 0.81 0.78 0.73 0.65 0.56 0.00 0.00 0.00 0.01 0.16
Model 5 0.98 0.96 0.90 0.73 0.53 0.00 0.00 0.00 0.00 0.31
Model 6 0.97 0.98 0.95 0.88 0.85 0.00 0.00 0.00 0.00 0.00
Model 7 0.98 0.97 0.91 0.77 0.68 0.00 0.00 0.00 0.00 0.00

recession predictors. In fact, Table 1.4 highlights how sentiment and the classical

variables complement each other at different forecast horizons. The sentiment vari-

ables provide the bulk of the predictive content at the shorter horizons, whereas the

classical variables, and especially the term spread, provide most of the predictive

content at longer horizons.15

Figure 1.4 graphically illustrates the out-of-sample performance of the same

competing specifications as in Figure 1.2 for the one-month forecast horizon. The

model with classical predictors only is not able to identify the dot-com crisis and

provides weak and delayed signals for the financial crisis. The predictive ability

improves when using sentiment variables only for both crisis periods, but still the

crisis periods are predicted with delay and the predictions are not too strong. The

best performance is obtained when considering sentiment variables in combination

with either the classical predictors or the common factors. The two combinations

provide similar recession probability forecasts and both identify the two recession

periods with fairly strong signals. There are only few and weak false recession signals.

15Performing Diebold and Mariano (1995) tests on the time series of log probability score contributions
for model 2 and model 6, we obtain p-values of 0.01, 0.02, 0.07, 0.14, and 0.15, which highlights the gain
from sentiment variables at the shorter horizons. Although they share some of the same explanatory
variables, model 2 is not nested in model 6, and vice versa. The non-nestedness ensures that the Diebold-
Mariano tests are valid.
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Figure 1.4: Out-of-sample fit.
This figure plots out-of-sample recession probabilities implied by selected models from Table
4 for a one-month forecast horizon. NBER defined recession dates are in gray shading.
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Overall, the out-of-sample findings strongly support the conclusions drawn from the

in-sample analysis.

1.5 Robustness checks

This section presents the results from a series of additional robustness checks. We first

investigate whether the sentiment variables are robust to the inclusion of a lagged

recession indicator. Secondly, we test for instabilities in the predictive relationship

in the main models from Section 1.4. Lastly, we consider the ability of sentiment

variables to predict changes in industrial production.

1.5.1 Dynamic probit model

Recent research finds that including a lagged recession indicator can substantially

increase model performance (Dueker, 1997; Moneta, 2008; Startz, 2008; Kauppi and

Saikkonen, 2008; Nyberg, 2010). However, due to the long delay of the NBER an-
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nouncements, this requires strong assumptions on what information is available at

the time of the forecast. We follow the line of arguments from above and add the

recession indicator lagged three months to models 5-7. Table 1.5 presents the results.

Table 1.5: Dynamic probit models.
This table report in-sample results from estimating dynamic probit models. Dynamic 5 is the
dynamic probit model equivalent of model 5, dynamic 6 is the dynamic version of model 6,
and dynamic 7 of model 7. The choice of explanatory variables is based on the BIC. See notes
to Table 3 for remaining entries.

Variable Dynamic 5 Dynamic 6 Dynamic 7

PMIt−1 -0.19 -0.18 -0.24
(0.04) (0.05) (0.05)

CCt−1 -0.09 -0.06 -0.07
(0.02) (0.02) (0.02)

CCt−5 0.06
(0.02)

TSt−6 -0.39
(0.14)

RETt−2 -0.12
(0.03)

RETt−4 -0.07
(0.03)

f̂1,t−2 -0.54
(0.11)

f̂6,t−6 -0.76
(0.21)

f̂14,t−4 0.48
(0.19)

yt−3 0.88 0.95 0.71
(0.55) (0.48) (0.47)

log-L -55.01 -44.35 -40.98
pseudo-R2 0.58 0.65 0.67
BIC 70.00 65.34 61.96
LPS 0.14 0.11 0.10
AUC 0.98 0.98 0.99
p-val (0.00) (0.00) (0.00)

The sentiment variables remain strongly significant and their economic impact

is nearly unchanged from Table 1.3, whereas the lagged recession indicator is either

marginally significant or insignificant. Furthermore, all evaluation metrics are almost

identical. This implies that the models considered in this paper can be viewed as

alternatives to dynamic probit models, where the former does not require intricate

knowledge of the most recent NBER classifications.

1.5.2 Stability tests

We now turn to an investigation of whether the main models are subject to instabil-

ities at any month during the sample period. This is an important question as the

presence of breaks will influence the forecasting performance; see Rossi (2013) for
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a comprehensive survey. Estrella et al. (2003) and Kauppi (2008) test for structural

breaks in various yield-curve based probit models and find no evidence of breaks,

whereas Chauvet and Potter (2005) argue that parameter instability underlies the

difficulty of yield-curve based probit models in signaling the 1990-1991 and 2001 re-

cessions. We test for instabilities using the sup-LMT (ω) statistic of Andrews (1993).16

Table 1.6: Stability tests for unknown break points.
This table presents Andrews (1993) tests for a single structural change at an unknown location.
The sup of the Lagrange multiplier (LM) statistic is taken over an interior portion that excludes
25% of the sample at each end point. The critical values are obtained from Estrella (2003).

sup-LMt (ω) CV H0: No break

Model 1 5.37 10.96 Not rejected
Model 2 10.04 19.30 Not rejected
Model 3 7.15 10.96 Not rejected
Model 4 3.25 10.96 Not rejected
Model 5 8.28 15.45 Not rejected
Model 6 8.84 19.30 Not rejected
Model 7 9.90 19.30 Not rejected

Table 1.6 presents the results of stability tests for the main models considered

in this paper. We find no evidence of structural breaks in either of the considered

models. This is in line with Estrella et al. (2003) and Kauppi (2008), who find that

binary models are more stable than continuous models.

1.5.3 Economic growth

A natural next step is to examine whether the main results for the binary recession

indicator extend to a setting with a continuous measure of economic activity. To keep

the analysis at a monthly frequency, we focus on industrial production growth. In

Table 1.7, we show results from forecasting one-month ahead industrial production

growth (in logs). Focusing first on the individual predictive ability of the variables, we

see that PMIt and CCt generate adjusted R2s of 22% and 10%, respectively, compared

to only 3% using the term spread. Next, we allow for up to five regressors and select

the best specification based on the BIC. If we consider classical variables only, the

adjusted R2 equals 17%. Adding sentiment variables to the set of predictive variables

to choose from, the adjusted R2 increases to 36%. Finally, controlling for the informa-

tion in the large panel of variables, the best specification still selects both PMIt and

CCt to be part of the model.

The structural break test of Andrews (1993) identifies instabilities in the empiri-

cal relationships between sentiment variables and future growth rates of industrial

production. These instabilities also emerge when using classical variables to forecast

economic growth. This is in line with Stock and Watson (2003), Ng and Wright (2013),

16We refer to Estrella et al. (2003), Kauppi (2008), and Ng (2012) for details on the testing procedure.
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Table 1.7: Forecasting industrial production growth.
This table presents in-sample results from forecasting one-month ahead industrial production
growth (in logs) using various linear regression models. Model composition is based on the BIC.
Newey-West standard errors are reported in parentheses. The sup of the Andrews (1993) LRT (ω)
statistic is taken over an interior portion of the sample that excludes 25% of the observations at
each end point with p-values obtained using the method from Hansen (1997) in parentheses.
The sample period is 1978:M1 to 2011:M12.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

PMIt−1 0.05 0.10 0.09 0.09
(0.01) (0.01) (0.01) (0.01)

PMIt−3 -0.06 -0.06 -0.06
(0.01) (0.01) (0.01)

CCt−1 0.02 0.01 0.01 0.01
(0.00) (0.00) (0.00) (0.00)

TSt−4 0.09 0.03
(0.03) (0.03)

FFRt−4 -0.05
(0.01)

RETt−2 0.03 0.02
(0.01) (0.01)

RETt−3 0.04
(0.01)

RETt−6 0.04 0.02
(0.01) (0.01)

f̂1,t−3 0.09
(0.03)

f̂6,t−6 0.12
(0.03)

BIC -0.73 -0.83 -0.95 -0.81 -1.07 -1.10 -1.10
adj. R2 0.03 0.17 0.22 0.10 0.33 0.36 0.36
sup-LRT (ω) 6.01 5.48 7.65 4.70 4.41 1.57 2.37
p-val (0.03) (0.00) (0.01) (0.09) (0.02) (0.64) (0.22)

and Rossi (2013), who provide evidence of parameter instability in a large proportion

of linear models used to predict economic growth. However, when we consider the

joint specification of sentiment variables with either classical predictors or common

factors, we are no longer able to reject the null of stability.

1.6 Conclusion

The financial press pays a lot of attention to the monthly announcements of consumer

and business sentiment variables, especially during times of economic crisis. In this

paper, we examine whether it is worthwhile to monitor sentiment surveys when it

comes to forecasting business cycles. We provide comprehensive empirical evidence

that sentiment variables hold vast predictive power for US recessions in excess of

classical recession predictors and in excess of common factors estimated based on a

large panel of economic data. The best predictions for future recessions are obtained
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by combining sentiment variables with either the classical recession predictors or

with the common factors.

Recessions are often associated with financial instability, credit crunches, busi-

ness failures, and job destruction. Thus, being able to predict recessions is of critical

importance. We show that sentiment variables are more than just a summary of other

variables. Indeed, they contain independent information relevant for forecasting

business cycles.

Understanding why consumer and business confidence variables do so well

at predicting future recession periods is a question that we leave open for future

discussion. However, it would be possible to attribute the presence of recession

predictability using sentiment variables either to animal spirits (Keynes, 1936; Akerlof

and Shiller, 2009) or agents rationally and intelligently processing fundamental news.

Barsky and Sims (2012) examine these two interpretations for consumer confidence

and conclude that the predictive power of consumer confidence is unlikely to reflect

a causal effect of animal spirits on economic activity. Instead, they suggest that

fundamental news is the driving force behind the predictive power of consumer

confidence. We examine both consumer and business confidence and find that the

latter is a substantially stronger recession predictor than the former. This finding

points towards business professionals being better at processing fundamental news

about the state of economy than individuals.
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Appendix

This appendix contains supplementary material for the paper Forecasting US Reces-

sions: The Role of Sentiments. Section A.1 details the panel of macroeconomic and

financial variables. Section A.2 provides information about the relative importance of

the estimated factors and Section A.3 provides an informal factor interpretation. As a

complement to the main out-of-sample analysis, Section A.4 plots ROC curves for

the out-of-sample forecasting exercise.

The remaining part of the appendix provides additional results and robustness

checks on the main findings presented in the paper. Section A.5 presents in-sample

results for all variables in our panel to show that the use of factors does not change

the relative rankings of variables. Section A.6 contains out-of-sample results for the

individual variables and factors to show that the in-sample ranking carries over. As

a robustness check on our main results, Section A.7 presents the results from using

an alternative definition of recession periods based on the Bry and Boschan (1971)

algorithm and Section A.8 presents the results from using a logit model instead of the

probit model used throughout the paper. Finally, instead of summarizing the panel

by latent common factors, Section A.9 considers the usefulness of using forecast

combination in the out-of-sample exercise using all variables from our panel.

A.1 Description of panel data

Table A.1 lists the macroeconomic and financial variables in the panel divided into

eight representative groups. For each variable, we report their original source, their

short name, transformation codes (tcodes), and a full variable description. We collect

data from four different sources: 1) The economic database at the Federal Reserve

Bank of St. Louis (FRED), 2) the Center for Research in Security Prices (CRSP), 3)

Kenneth French’s data library (KF), which is available from his website, and 4) the

stock predictor dataset constructed by Goyal and Welch (2008) (GW) available from

the website of Amit Goyal.17

The transformations that we use to ensure covariance stationarity of the panel

variables are defined as follows. lvl denotes no transformation, ∆lvl denotes the

first difference of the variable in its level, ln denotes the natural logarithm of the

underlying variable, and ∆ ln denotes the log first difference of the time-series.

17The FRED data can be obtained from http://research.stlouisfed.org/fred2/, the KF data from
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html, and the GW data can be
obtained from http://www.hec.unil.ch/agoyal/.

http://research.stlouisfed.org/fred2/
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://www.hec.unil.ch/agoyal/
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Table A.1: Description of panel data.

This table lists the 176 macroeconomic and financial variables in our panel divided into

eight representative groups. For each variable, the table presents its original source, short

name, the transformation applied to ensure covariance stationarity (tcode), and a full variable

description.

No. Source Short tcode Description

Group 1: Interest Rates and Spreads

1 FRED FFR ∆lvl Effective Federal Funds Rate (FFR)
2 FRED T3M ∆lvl 3-Month Treasury Bill: Secondary Market Rate (T3M)
3 FRED 3M ∆lvl 3-Month Certificate of Deposit: Secondary Market Rate (3M)
4 FRED 6M ∆lvl 6-Month Certificate of Deposit: Secondary Market Rate (6M)
5 FRED 1Y ∆lvl 1-Year Treasury Constant Maturity Rate (1Y)
6 FRED 3Y ∆lvl 3-Year Treasury Constant Maturity Rate (3Y)
7 FRED 5Y ∆lvl 5-Year Treasury Constant Maturity Rate (5Y)
8 FRED 10Y ∆lvl 10-Year Treasury Constant Maturity Rate (10Y
9 FRED AAA ∆lvl Moody’s Seasoned Aaa Corporate Bond Yield (AAA)
10 FRED BAA ∆lvl Moody’s Seasoned Baa Corporate Bond Yield (BAA)
11 FRED S3MF lvl Spread: 3M-FFR
12 FRED S6MF lvl Spread: 6M-FFR
13 FRED S1YF lvl Spread: 1Y-FFR
14 FRED S3YF lvl Spread: 3Y-FFR
15 FRED S5YF lvl Spread: 5Y-FFR
16 FRED S10YF lvl Spread: 10Y-FFR
17 FRED S10YT3 lvl Spread: 10Y-T3M
18 FRED SBAAF lvl Spread: BAA-FFR
19 FRED SBAAA lvl Spread: BAA-AAA

Group 2: Stock Market Returns, Risk Factors and Predictors

20 FRED SP500 ∆lvl The S&P500 Index
21 CRSP CRSP ∆lvl The CRSP Value-Weighted Index (Including Dividends)
22 FRED DJCA ∆lvl Dow Jones Composite Average Index
23 FRED DJIA ∆lvl Dow Jones Industrial Average Index
24 FRED DITA ∆lvl Dow Jones Transportation Average Index
25 FRED DJUA ∆lvl Dow Jones Utility Average Index
26-50 KF FF# lvl 25 Fama-French Size and Value Portfolios (Value-Weighted Returns)
51-80 KF I# lvl 30 Industry-Sorted Portfolios (Value-Weighted Returns)
81 KF FFMF lvl The Fama-French Market Risk Factor (Excess Market Return)
82 KF SMB lvl The Fama-French SMB Risk Factor (Size Premium)
83 KF HML lvl The Fama-French HML Risk Factor (Value Premium)
84 GW DP lvl S&P Dividend-Price Ratio (Past Twelve-Month Dividend Divided by Price)
85 GW DY lvl S&P Dividend-Yield (Past Twelve-Month Dividend Divided by Lagged Price)
86 GW EP lvl S&P Earnings-Price Ratio (Past Twelve-Month Earnings Divided by Price)
87 GW DE lvl Dividend-Payout Ratio (Dividends Relative to Earnings)
88 GW SVAR lvl Stock Variance (Sum of Squared Daily Returns on the S&P500)
89 GW BM lvl Book-to-Market Ratio (Book Value Relative to Market Value, DJIA)

Group 3: Exchange Rates

90 FRED EXCU ∆ ln Canada / U.S. Foreign Exchange Rate
91 FRED EXDU ∆ ln Denmark / U.S. Foreign Exchange Rate
92 FRED EXIU ∆ ln India / U.S. Foreign Exchange Rate
93 FRED EXSU ∆ ln Switzerland / U.S. Foreign Exchange Rate
94 FRED EXJU ∆ ln Japan / U.S. Foreign Exchange Rate
95 FRED EXUA ∆ ln U.S. / Australia Foreign Exchange Rate
96 FRED EXUU ∆ ln U.S. / U.K. Foreign Exchange Rate

Continued on next page
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Table A.1 – continued from previous page

No. Source Short tcode Description

97 FRED TWUB ∆ ln Trade Weighted U.S. Dollar Index (Broad)
98 FRED RWUM ∆ ln Trade Weighted U.S. Dollar Index (Major Currencies)

Group 4: Output and Income

99 FRED PI ∆ ln Personal Income (Chained 2005 Dollars, SA)
100 FRED PDI ∆ ln Disposable Personal Income (Chained 2005 Dollars, SA)
101 FRED PITR ∆ ln Personal Income Excluding Current Transfer Receipts (Chained 2005 Dollars,

SA)
102 FRED IPT ∆ ln Industrial Production Index - Total Index (SA)
103 FRED IPFP ∆ ln Industrial Production Index - Final Products (SA)
104 FRED IPCG ∆ ln Industrial Production Index - Consumer Goods (SA)
105 FRED IPDC ∆ ln Industrial Production Index - Durable Consumer Goods (SA)
106 FRED IPND ∆ ln Industrial Production Index - Nondurable Consumer Goods (SA)
107 FRED IPBE ∆ ln Industrial Production Index - Business Equipment (SA)
108 FRED IPM ∆ ln Industrial Production Index - Materials (SA)
109 FRED IPDM ∆ ln Industrial Production Index - Durable Materials (SA)
110 FRED IPNM ∆ ln Industrial Production Index - Nondurable Materials (SA)

Group 5: Employment, Hours and Earnings

111 FRED CLF ∆ ln Civilian Labor Force (Thous., SA)
112 FRED CUR ∆lvl Civilian Unemployment Rate (%)
113 FRED CE ∆ ln Civilian Employment (Thous., SA)
114 FRED UMP ∆lvl Unemployed (Thous., SA)
115 FRED ADE ∆lvl Average Duration of Unemployment (Weeks, SA)
116 FRED CU5 ∆ ln Civilians Unemployed - Less Than 5 Weeks (Thous., SA)
117 FRED CU14 ∆ ln Civilians Unemployed for 5-14 Weeks (Thous., SA)
118 FRED CU15 ∆ ln Civilians Unemployed - 15 Weeks & Over (Thous., SA)
119 FRED CU26 ∆ ln Civilians Unemployed for 15-26 Weeks (Thous., SA)
120 FRED CU27 ∆ ln Civilians Unemployed for 27 Weeks and Over (Thous., SA)
121 FRED AENF ∆ ln All Employees: Total Nonfarm (Thous., SA)
122 FRED AEPI ∆ ln All Employees: Total Private Industries (Thous., SA)
123 FRED AEGI ∆ ln All Employees: Goods-Producing Industries (Thous., SA)
124 FRED AEML ∆ ln All Employees: Mining and Logging (Thous., SA)
125 FRED AEC ∆ ln All Employees: Construction (Thous., SA)
126 FRED AEM ∆ ln All Employees: Manufacturing (Thous., SA)
127 FRED AEDG ∆ ln All Employees: Durable Goods (Thous., SA)
128 FRED AENG ∆ ln All Employees: Nondurable Goods (Thous., SA)
129 FRED AESI ∆ ln All Employees: Service-Providing Industries (Thous., SA)
130 FRED AETU ∆ ln All Employees: Trade, Transportation & Utilities (Thous., SA)
131 FRED AEWT ∆ ln All Employees: Wholesale Trade (Thous., SA)
132 FRED AERT ∆ ln All Employees: Retail Trade (Thous., SA)
133 FRED AEFA ∆ ln All Employees: Financial Activities (Thous., SA)
134 FRED AEG ∆ ln All Employees: Government (Thous., SA)
135 FRED AEIS ∆ ln All Employees: Information Services (Thous., SA)
136 FRED AEPB ∆ ln All Employees: Professional & Business Services (Thous., SA)
137 FRED AWG lvl Average Weekly Hours of Production and Nonsupervisory Employees: Goods
138 FRED AWC lvl Average Weekly Hours of Production and Nonsupervisory Employees: Con-

struction
139 FRED AWM lvl Aggregate Weekly Hours of Production and Nonsupervisory Employees: Man-

ufactoring
140 FRED AWPI ∆ ln Aggregate Weekly Hours of Production and Nonsupervisory Employees: Total

Private Industries
141 FRED AHG ∆ ln Average Hourly Earnings of Production and Nonsupervisory Employees:

Goods
142 FRED AHC ∆ ln Average Hourly Earnings of Production and Nonsupervisory Employees: Con-

struction
143 FRED AHM ∆ ln Average Hourly Earnings of Production and Nonsupervisory Employees: Man-

ufacturing

Continued on next page
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Table A.1 – continued from previous page

No. Source Short tcode Description

144 FRED AHPI ∆ ln Average Hourly Earnings of Production and Nonsupervisory Employees: Total
Private

145 FRED AOM lvl Average Weekly Overtime Hours of Production and Nonsupervisory Employ-
ees: Manufacturing

Group 6: Housing

146 FRED HSMW ln Housing Starts in Midwest Census Region (Thous., SA)
147 FRED HSNE ln Housing Starts in Northeast Census Region (Thous., SA)
148 FRED HSS ln Housing Starts in South Census Region (Thous., SA)
149 FRED HSW ln Housing Starts in West Census Region (Thous., SA)
150 FRED NOWH ln New One Family Houses Sold: United States (Thous., SA)
151 FRED NPHA ln New Private Housing Units Authorized by Building Permits (Thous., SA)
152 FRED RHS lvl Ratio of Houses for Sale to Houses Sold (SA)

Group 7: Money and Credit

153 FRED CIL ∆ ln Commercial and Industrial Loans at All Commercial Banks (SA)
154 FRED CLC ∆ ln Consumer Loans at All Commercial Banks (SA)
155 FRED CCM ∆ ln Currency Component of M1 (SA)
156 FRED M1 ∆ ln M1 Money Stock (SA)
157 FRED M2 ∆ ln M2 Money Stock (SA)
158 FRED REL ∆ ln Real Estate Loans at All Commercial Banks (SA)
159 FRED PSR lvl Personal Saving Rate (%)
160 FRED TCC ∆ ln Total Consumer Credit Outstanding (SA)

Group 8: Prices

161 FRED PPCM ∆ ln Producer Price Index: Crude Materials for Further Processing (1982=100, SA)
162 FRED PPCF ∆ ln Producer Price Index: Finished Consumer Foods (1982=100, SA)
163 FRED PPFC ∆ ln Producer Price Index: Finished Goods (1982=100, SA)
164 FRED PPIM ∆ ln Producer Price Index: Intermediate Materials: Supplies & Components

(1982=100, SA)
165 FRED PPCE ∆ ln Producer Price Index: Finished Goods: Capital Equipment (1982=100, SA)
166 FRED CPA ∆ ln Cpi-U: All Items (82-84=100, SA)
167 FRED CPFE ∆ ln Cpi-U: All Items Less Food & Energy (82-84=100, SA)
168 FRED CPT ∆ ln Cpi-U: Transportation (82-84=100, SA)
169 FRED CPC ∆ ln Cpi-U: Commodities (82-84=100, SA)
170 FRED CPD ∆ ln Cpi-U: Durables (82-84=100, SA)
171 FRED CPN ∆ ln Cpi-U: Nondurables (82-84=100, SA)
172 FRED CPF ∆ ln Cpi-U: All Items Less Food (82-84=100, Sa)
173 FRED CPS ∆ ln Cpi-U: All Items Less Shelter (82-84=100, SA)
174 FRED SOP ∆ ln Spot Oil Price: West Texas Intermediate
175 FRED PEC ∆ ln Personal Consumption Expenditures: Chain-type Price Index (2005=100, SA)
176 FRED PEFE ∆ ln Personal Consumption Expenditures Excl. Food and Energy: Chain-type Price

Index (2005=100, SA)
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A.2 Relative factor importance

Figure A.1 plots the relative importance of the estimated latent common factors in

terms of explaining the total amount of variation in the panel. In particular, Figure

A.1 plots the relative proportion, R2
i , of the total variation explained by the i th factor.

Let ϕi denote the i th eigenvalue, then

R2
i = ϕi

Σϕi
(A.1)

In this way, (A.1) shows that the relative proportion of the total variance explained

by the i th factor is simply its eigenvalue divided by the sum of eigenvalues. The

proportion of total variation explained by f̂i ,t is depicted in the gray bars and the

cumulative proportion of total variation
∑r̂

i=1 R2
i is depicted in the black bars. The first

Figure A.1: Relative factor importance.
This figure plots the individual and cumulative R2

i s for the optimal number of factors as
selected by the Bai and Ng (2002) information criterion.
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factor, f̂1,t , explains around 25% of the total variation in the panel, the second factor,

f̂2,t , explains around 12%, and so forth. The proportion of total variation explained

by the i th factor is decreasing in i . In fact, with 15 common factors as suggested by

the panel information criteria developed in Bai and Ng (2002), nearly 75% of the

total variation in the panel is accounted for. However, it is clear that a relatively small

number of factors account for the largest proportion of the variation in our panel. For

instance, the first four factors are able to explain 50% of the variation in the panel.

A.3 Economic factor interpretation

While it is not possible to present a detailed economic interpretation of the estimated

latent common factors as they are only identifiable up to an r × r matrix and, as

pointed out in Ludvigson and Ng (2009), any labeling of the factors will be imperfect

as each factor is to some degree influenced by all variables in the panel and the

orthogonalization implies that none of the factors will correspond exactly to a precise
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economic concept, a less detailed factor interpretation can be achieved by regressing

each of the 176 panel variables onto each of the estimated common factors in turn.

Figure A.2 plots in bar form the R2 values from these regressions for all fifteen factors.

Figure A.2: Factor interpretation.
This figure plots the R2 values from regressing each variable in the panel onto each of the
factors.
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The individual panel variables are grouped and aligned according to the grouping

and numbering given in Section A.1 and broken lines are used to indicate breaks

between groups of variables.
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A.4 ROC curves for out-of-sample models

Figure A.3 plots Receiver Operating Characteristics (ROC) curves for the out-of-

sample forecasts from section 1.4.2 in the main paper. As in the in-sample coun-

terpart (Figure 1.3), we plot results for models 2, 5, 6, and 7. We see that the ROC

Figure A.3: Out-of-sample ROC curves for selected models.
This figure plots out-of-sample ROC curves derived from the out-of-sample forecasts produced
by selected models.
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curves in Figure A.3 verify the in-sample results. In particular, all models containing

sentiment variables (PMIt and CCt ) deliver higher true positive rates for smaller

sacrifices in terms of false positive rates compared to models relying on information

from classical recession predictors only.

A.5 In-sample results for all variables

Table A.2 reports the results from estimating univariate probit models using the senti-

ment variables, the classical recession predictors, and all macroeconomic variables

from our panel. Here we show that the ordering and results are nearly identical when

using all individual variables from the panel instead of the estimated common factors.

To conserve space, we report results for the top hundred models only.
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Table A.2: In-sample results for single-factor probit models.
This table reports in-sample results from estimating single-factor probit models for the senti-
ment variables, the estimated latent common factors, and all variables in the panel (including
the classic predictors) at their preferred lag length selected using the BIC. The models are
ranked according to the pseudo-R2 (ps-R2) measure of Estrella (1998). LPS refers to the log
probability score. AUC denotes the area under the ROC curve and the p-values refer to the
null that AUC=0.5, implying a coin-toss classification ability. The sample period is 1978:M1 to
2011:M12.

Variable ps-R2 BIC LPS AUC p-val Variable ps-R2 BIC LPS AUC p-val

1 PMIt−1 0.47 80.14 0.18 0.95 0.00 51 DYt−1 0.06 156.67 0.37 0.68 0.00
2 AEPIt−1 0.30 109.82 0.26 0.90 0.00 52 IPNMt−1 0.06 156.81 0.38 0.70 0.00
3 AENFt−1 0.30 110.67 0.26 0.90 0.00 53 PITRt−1 0.06 157.03 0.38 0.74 0.00
4 RHSt−1 0.27 115.74 0.27 0.85 0.00 54 SBAAFt−6 0.06 157.04 0.38 0.70 0.00
5 AEGIt−1 0.27 116.03 0.27 0.89 0.00 55 FFMFt−4 0.06 157.16 0.38 0.68 0.00
6 AEPBt−1 0.27 116.59 0.28 0.88 0.00 56 IPCGt−1 0.05 157.53 0.38 0.70 0.00
7 CCt−1 0.26 117.29 0.28 0.87 0.00 57 RETt−4 0.05 157.71 0.38 0.68 0.00
8 AETUt−1 0.25 120.13 0.28 0.87 0.00 58 T3Mt−1 0.05 157.75 0.38 0.71 0.00
9 AEMt−1 0.25 120.37 0.28 0.87 0.00 59 CPFEt−2 0.05 157.84 0.38 0.63 0.00
10 IPDMt−1 0.24 120.96 0.29 0.87 0.00 60 FF18t−4 0.05 157.87 0.38 0.68 0.00
11 AEDGt−1 0.24 122.34 0.29 0.87 0.00 61 I5t−4 0.05 157.88 0.38 0.67 0.00
12 f̂2,t−1 0.23 123.23 0.29 0.84 0.00 62 FF24t−4 0.05 158.06 0.38 0.66 0.00
13 SBAAAt−1 0.23 123.51 0.29 0.83 0.00 63 PPCEt−4 0.05 158.28 0.38 0.70 0.00
14 AESIt−1 0.21 127.42 0.30 0.85 0.00 64 DJCAt−4 0.05 158.35 0.38 0.68 0.00
15 AECt−1 0.20 128.31 0.30 0.85 0.00 65 CRSPt−4 0.05 158.50 0.38 0.67 0.00
16 AEWTt−1 0.20 128.36 0.30 0.84 0.00 66 f̂1,t−4 0.05 158.54 0.38 0.66 0.00
17 AERTt−1 0.19 131.68 0.31 0.82 0.00 67 FF19t−4 0.05 158.62 0.38 0.68 0.00
18 IPTt−1 0.18 132.38 0.31 0.82 0.00 68 I12t−4 0.05 158.62 0.38 0.67 0.00
19 CURt−1 0.17 135.42 0.32 0.80 0.00 69 DJIAt−4 0.05 158.82 0.38 0.68 0.00
20 AENGt−1 0.16 136.32 0.32 0.78 0.00 70 FF23t−4 0.05 158.93 0.38 0.68 0.00
21 UMPt−1 0.16 137.39 0.33 0.80 0.00 71 I11t−4 0.05 159.01 0.38 0.66 0.00
22 AWMt−1 0.15 138.07 0.33 0.79 0.00 72 FF20t−4 0.05 159.03 0.38 0.66 0.00
23 f̂3,t−2 0.15 138.87 0.33 0.81 0.00 73 BMt−1 0.05 159.11 0.38 0.61 0.00
24 IPMt−1 0.14 139.95 0.33 0.80 0.00 74 I9t−4 0.05 159.23 0.38 0.66 0.00
25 IPBEt−1 0.14 140.01 0.33 0.78 0.00 75 I24t−4 0.04 159.32 0.38 0.67 0.00
26 HSMWt−1 0.14 140.27 0.33 0.80 0.00 76 FF5t−4 0.04 159.34 0.38 0.66 0.00
27 AOMt−1 0.14 140.94 0.34 0.77 0.00 77 I13t−4 0.04 159.45 0.38 0.67 0.00
28 NPHAt−1 0.14 141.21 0.34 0.82 0.00 78 FF14t−4 0.04 159.71 0.38 0.68 0.00
29 AWGt−1 0.14 141.39 0.34 0.78 0.00 79 DEt−1 0.04 159.79 0.38 0.66 0.00
30 NOWHt−1 0.14 141.56 0.34 0.80 0.00 80 SVARt−1 0.04 160.13 0.38 0.76 0.00
31 S3YFt−6 0.13 141.60 0.34 0.81 0.00 81 3Mt−1 0.04 160.14 0.38 0.67 0.00
32 CU15t−1 0.13 141.61 0.34 0.79 0.00 82 FF17t−4 0.04 160.18 0.38 0.66 0.00
33 S5YFt−6 0.13 141.96 0.34 0.80 0.00 83 PIt−1 0.04 160.20 0.38 0.70 0.00
34 HSWt−1 0.12 143.82 0.34 0.82 0.00 84 PSRt−1 0.04 160.21 0.38 0.64 0.00
35 S10YFt−6 0.12 144.09 0.34 0.78 0.00 85 PEFEt−6 0.04 160.30 0.38 0.66 0.00
36 CEt−1 0.12 144.16 0.34 0.77 0.00 86 I15t−4 0.04 160.37 0.38 0.66 0.00
37 AWPIt−1 0.11 146.40 0.35 0.82 0.00 87 I30t−4 0.04 160.39 0.38 0.66 0.00
38 IPFPt−1 0.11 146.59 0.35 0.77 0.00 88 I25t−4 0.04 160.47 0.38 0.65 0.00
39 S1YFt−1 0.10 147.66 0.35 0.78 0.00 89 CILt−6 0.04 160.49 0.38 0.64 0.00
40 AEFAt−1 0.09 149.59 0.36 0.72 0.00 90 DITAt−4 0.04 160.61 0.38 0.65 0.00
41 HSNEt−1 0.09 150.97 0.36 0.77 0.00 91 AWCt−1 0.04 160.63 0.38 0.64 0.00
42 TSt−6 0.09 151.10 0.36 0.73 0.00 92 CU14t−1 0.04 160.64 0.38 0.68 0.00
43 HSSt−1 0.08 152.11 0.36 0.77 0.00 93 f̂6,t−6 0.04 160.85 0.39 0.66 0.00
44 IPDCt−1 0.08 153.05 0.37 0.71 0.00 94 I14t−4 0.04 160.90 0.39 0.63 0.00
45 CU26t−1 0.07 153.35 0.37 0.72 0.00 95 BAAt−4 0.04 160.92 0.39 0.63 0.00
46 FFRt−6 0.07 154.49 0.37 0.65 0.00 96 FF21t−4 0.04 160.94 0.39 0.65 0.00
47 TCCt−1 0.07 154.86 0.37 0.70 0.00 97 AHPIt−6 0.04 160.95 0.39 0.67 0.00
48 DPt−1 0.06 155.38 0.37 0.69 0.00 98 1Yt−1 0.04 160.98 0.39 0.68 0.00
49 I29t−4 0.06 156.14 0.37 0.69 0.00 99 6Mt−1 0.04 161.01 0.39 0.65 0.00
50 CU27t−1 0.06 156.20 0.37 0.69 0.00 100 FF22t−4 0.04 161.06 0.39 0.66 0.00
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A.6 Out-of-sample results for individual predictors

To analyze the predictive abilities of the individual variables in our panel, we conduct

an out-of-sample exercise for each variable using univariate probit models using

a setup similar to the one used in Section 1.4.2. The results from this exercise are

presented in Table A.6. We note that PMIt is one of the best predictors out-of-sample,

especially at short horizons, and it is only surpassed by the term spread at very long

forecast horizons. CCt is also a relatively robust out-of-sample predictor, although

the real activity factor performs better, especially at shorter forecast horizons.

A.7 Alternative recession definition

As mentioned in the paper, NBER recession dates are often published with a delay

and are subject to subjective evaluations by the NBER Business Cycle Dating Com-

mittee. To examine whether our main results are robust to an alternative definition

of recession periods, we consider the well-known Bry and Boschan (1971) algorithm

for monthly data. This algorithm resembles the NBER methodology, but is fully data

driven and requires only a single reference series for the identification of turning

points. In this application, we take industrial production (i pt ) as our reference series

to identify turning points. A turning point is, in the Bry and Boschan (1971) algorithm,

identified when a local maximum (minimum) occurs within a certain time frame

given by

i pt > (<)i pt±k , for k = 1, ...,5 (A.2)

where k denotes months. The simple decision rule in (A.2) is complemented with

a set of censoring rules. In particular, each phase of a cycle is required to have a

minimum duration of six months and the duration of an entire cycle is required to

last no less than 15 months. We refer to Bry and Boschan (1971) for a full overview of

assumptions and implementation. The results are presented in Table A.4. The use of

the Bry and Boschan (1971) algorithm does not qualitatively change the results. In

fact, all conclusions carry over to this alternative definition of recession periods.

A.8 Alternative model specification

As an additional robustness check on the main results, we consider an alternative

binary choice model to assess the importance of using a probit model rather than,

as an example, a logit model. As detailed in Section 1.2.1, the probit model uses the

standard normal cumulative distribution function as the link function. In the logit

formulation, this link function takes the form of a logistic distribution function given

by

Φ
(
πt

)= exp
(
πt

)
1+exp

(
πt

) (A.3)
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Table A.3: Out-of-sample results for single-factor probit models.
This table reports out-of-sample results for each of the 20 main predictors in the paper. The
forecast horizon ranges from one to twelve months. Pseudo-R2 is the Estrella (1998) measure.
LPS is the log probability score. AUC denotes the area under the ROC curve and the p-value
refers to the null that AUC=0.5, implying no classification ability. The common factors and the
coefficients in the probit models are estimated recursively using an expanding window. The
out-of-sample window runs from 1998:M1 to 2011:M12.

Forecast horizon

1 3 6 9 12 1 3 6 9 12

pseudo-R2 LPS

PMIt−1 0.45 0.39 0.26 0.11 0.05 0.23 0.27 0.34 0.42 0.45
CCt−1 0.19 0.21 0.14 0.05 -0.01 0.35 0.35 0.40 0.45 0.48
TSt−6 -0.04 0.01 0.14 0.22 0.28 0.47 0.45 0.39 0.36 0.34
FFRt−6 -0.23 -0.19 -0.11 -0.06 -0.03 0.57 0.55 0.52 0.50 0.49
RETt−4 0.09 0.08 0.08 0.05 0.02 0.40 0.42 0.42 0.45 0.47
f̂1,t−4 0.09 0.08 0.07 0.05 0.04 0.41 0.42 0.43 0.45 0.46
f̂2,t−1 0.41 0.26 0.12 0.04 0.02 0.25 0.33 0.41 0.45 0.47
f̂3,t−2 -0.01 0.01 0.00 0.02 -0.03 0.45 0.45 0.47 0.46 0.49
f̂4,t−2 -0.01 0.03 0.04 0.05 0.04 0.46 0.44 0.44 0.45 0.46
f̂5,t−5 -0.03 -0.02 0.09 0.09 0.05 0.46 0.47 0.42 0.43 0.46
f̂6,t−6 0.06 0.08 0.08 0.06 0.07 0.42 0.42 0.43 0.44 0.44
f̂7,t−6 0.06 0.11 0.09 0.12 0.06 0.42 0.40 0.42 0.41 0.45
f̂8,t−5 -0.08 -0.05 -0.06 0.01 0.08 0.49 0.48 0.49 0.47 0.44
f̂9,t−6 0.03 0.03 0.03 0.04 0.05 0.44 0.44 0.45 0.45 0.45
f̂10,t−4 0.03 0.04 0.05 0.03 0.04 0.43 0.44 0.44 0.46 0.46
f̂11,t−1 0.02 0.03 0.03 0.05 0.06 0.44 0.44 0.45 0.45 0.45
f̂12,t−1 0.03 0.04 0.04 0.05 0.05 0.43 0.44 0.45 0.45 0.45
f̂13,t−1 0.03 0.02 0.04 0.05 0.06 0.43 0.45 0.45 0.45 0.45
f̂14,t−2 0.04 0.06 0.07 0.05 0.04 0.43 0.43 0.43 0.45 0.46
f̂15,t−4 0.00 0.02 0.03 0.05 0.05 0.45 0.45 0.45 0.45 0.45

AUC p-val

PMIt−1 0.96 0.93 0.88 0.77 0.64 0.00 0.00 0.00 0.00 0.01
CCt−1 0.81 0.78 0.73 0.65 0.56 0.00 0.00 0.00 0.01 0.16
TSt−6 0.56 0.65 0.76 0.82 0.84 0.16 0.01 0.00 0.00 0.00
FFRt−6 0.69 0.81 0.96 0.94 0.91 0.00 0.00 0.00 0.00 0.00
RETt−4 0.70 0.67 0.65 0.57 0.50 0.00 0.00 0.01 0.13 0.49
f̂1,t−4 0.66 0.64 0.64 0.58 0.49 0.00 0.01 0.01 0.10 0.54
f̂2,t−1 0.94 0.86 0.74 0.48 0.52 0.00 0.00 0.00 0.61 0.40
f̂3,t−2 0.76 0.78 0.75 0.77 0.72 0.00 0.00 0.00 0.00 0.00
f̂4,t−2 0.38 0.50 0.53 0.57 0.52 0.98 0.52 0.32 0.12 0.36
f̂5,t−5 0.53 0.49 0.69 0.68 0.53 0.29 0.56 0.00 0.00 0.30
f̂6,t−6 0.56 0.58 0.58 0.60 0.64 0.19 0.10 0.09 0.07 0.01
f̂7,t−6 0.64 0.71 0.68 0.75 0.63 0.01 0.00 0.00 0.00 0.02
f̂8,t−5 0.48 0.48 0.49 0.59 0.67 0.62 0.62 0.58 0.08 0.00
f̂9,t−6 0.55 0.53 0.55 0.55 0.61 0.21 0.30 0.21 0.20 0.04
f̂10,t−4 0.57 0.56 0.55 0.47 0.50 0.13 0.17 0.22 0.68 0.53
f̂11,t−1 0.50 0.46 0.50 0.56 0.61 0.49 0.74 0.48 0.16 0.04
f̂12,t−1 0.54 0.52 0.51 0.56 0.56 0.28 0.35 0.45 0.16 0.18
f̂13,t−1 0.55 0.48 0.54 0.55 0.57 0.20 0.64 0.27 0.21 0.14
f̂14,t−2 0.54 0.55 0.60 0.61 0.49 0.28 0.21 0.06 0.05 0.59
f̂15,t−4 0.45 0.49 0.46 0.55 0.57 0.77 0.59 0.74 0.24 0.13
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Table A.4: In-sample estimation using Bry and Boschan (1971) recession dates.
This table reports in-sample estimation of the same models as in the paper, but with the
dependent variable being determined by the Bry and Boschan (1971) algorithm rather than
the NBER. Kauppi and Saikkonen (2008) standard errors are in parentheses. log-L is the log
likelihood function. Pseudo-R2 is the Estrella (1998) measure. LPS is the log probability score.
AUC denotes the area under the ROC curve and the p-value refers to the null of no classification
ability. The sample period is 1978:M1 to 2011:M12.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

PMIt−1 -0.19 -0.17 -0.15 -0.16
(0.03) (0.03) (0.03) (0.03)

CCt−1 -0.04 -0.03 -0.03 -0.03
(0.01) (0.02) (0.01) (0.02)

CCt−6 0.01
(0.02)

TSt−6 -0.46 -0.22 -0.37
(0.09) (0.11) (0.10)

FFRt−6 0.27
(0.06)

RETt−2 -0.08 -0.04
(0.03) (0.03)

RETt−4 -0.11 -0.02
(0.03) (0.02)

RETt−6 -0.10
(0.03)

f̂1,t−2 -0.07
(0.08)

f̂6,t−6 -0.48
(0.13)

f̂14,t−4 0.07
(0.11)

log-L -169.15 -127.56 -123.59 -169.62 -117.52 -103.37 -106.96
pseudo-R2 0.16 0.37 0.39 0.16 0.42 0.49 0.47
BIC 175.15 145.55 129.59 175.62 129.52 121.36 124.95
LPS 0.42 0.32 0.31 0.42 0.29 0.26 0.27
CR50% 0.23 0.54 0.54 0.22 0.53 0.69 0.69
CE50% 0.99 0.97 0.98 0.98 0.96 0.98 0.96
AUC 0.76 0.88 0.88 0.76 0.89 0.92 0.91
p-val (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

where exp(·) is the exponential function. The parameters of the logit model can, just

as the probit model, be consistently estimated by maximum likelihood. Re-doing the

in-sample analysis using a logit specification rather than a probit specification yields

the results presented in Table A.5. The results and model compositions are virtually

identical, which implies that the final choice of the binary model appears to be only

of negligible importance for the empirical analysis.

A.9 Forecast combination

Forecast combination has long been recognized as a useful method in applications

where the forecaster has access to a high-dimensional set of potential predictors, but

no clear model specification arises naturally. In particular, a large empirical literature

shows that forecast combination can improve forecast accuracy and reduce issues
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Table A.5: In-sample estimation with logit model.
This table reports in-sample estimation of the same models as in the paper, but using a
logit rather than a probit specification. Kauppi and Saikkonen (2008) standard errors are in
parentheses. log-L is the log likelihood function. Pseudo-R2 is the Estrella (1998) measure. LPS
is the log probability score. AUC denotes the area under the ROC curve and the p-value refers
to the null of no classification ability. The sample period is 1978:M1 to 2011:M12.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

PMIt−1 -0.44 -0.44 -0.45 -0.53
(0.09) (0.07) (0.05) (0.04)

CCt−1 -0.13 -0.16 -0.12 -0.15
(0.03) (0.03) (0.02) (0.02)

CCt−6 0.08
(0.03)

TSt−6 -0.62 -0.26 -0.63
(0.15) (0.25) (0.10)

FFRt−6 0.37
(0.11)

RETt−2 -0.18 -0.19
(0.06) (0.05)

RETt−4 -0.22 -0.15
(0.05) (0.04)

RETt−6 -0.18
(0.05)

f̂1,t−2 -0.94
(0.18)

f̂6,t−6 -1.51
(0.20)

f̂14,t−4 0.66
(0.23)

log-L -145.38 -109.91 -74.78 -110.89 -57.82 -47.29 -42.35
pseudo-R2 0.08 0.27 0.47 0.26 0.57 0.63 0.66
BIC 151.38 127.90 80.78 116.88 69.82 65.28 60.34
LPS 0.36 0.27 0.19 0.28 0.14 0.12 0.11
AUC 0.73 0.88 0.95 0.87 0.97 0.98 0.99
p-val (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

with temporal instabilities and structural breaks (Bates and Granger, 1963; Hendry

and Clements, 2004; Timmermann, 2006; Aiolfi, Capistran, and Timmermann, 2010).

Forecast combination further has a sound statistical and theoretical foundation and

is straightforward to implement in many situations. In this section, we consider a

simple equally-weighted forecast combination scheme. More advanced combination

schemes typically entail greater estimation error, which makes the simple equal-

weighted scheme hard to beat (Timmermann, 2006). We construct recession forecasts

from univariate probit models for each of the 176 variables in our panel and combine

them into a single forecast using the equal-weighted forecast combination scheme.

When compared to the out-of-sample results from Table 1.4 in Section 1.4.2, the

results in Table A.6 show that the gains from considering forecast combination are

limited in our case. The pseudo-R2 values are all lower than what is observed for

PMIt alone, except for the twelve-month horizon. Berge (2015) arrives at a similar

result and concludes that simple forecast combination seems to dilute the useful

information. This issue arises because whenever a given economic indicator signals a
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Table A.6: Out-of-sample results using forecast combination.
This table reports the out-of-sample results from performing equal-weighted forecast combi-
nation on all variables from the panel. The forecast horizon ranges from one to twelve months.
Pseudo-R2 is the Estrella (1998) measure. LPS is the log probability score. AUC denotes the area
under the ROC curve and the p-value refers to the null that AUC=0.5, implying no classification
ability. The common factors and the coefficients in the probit models are estimated recursively
using an expanding window. The out-of-sample window runs from 1998:M1 to 2011:M12.

Forecast horizon

1 3 6 9 12 1 3 6 9 12

pseudo-R2 LPS

FC-EW 0.16 0.14 0.10 0.09 0.07 0.37 0.39 0.41 0.43 0.44

AUC p-val

FC-EW 0.89 0.86 0.79 0.75 0.75 0.00 0.00 0.00 0.00 0.00

recession, there are likely many more indicators signaling an expansion. Thus, when it

comes to forecasting binary variables, it seems that more sophisticated combination

techniques are needed to sort through the predictors in a dynamic way.





C H A P T E R 2
EXPECTED BUSINESS CONDITIONS

AND BOND RISK PREMIA

ACCEPTED FOR PUBLICATION IN JOURNAL OF FINANCIAL AND QUANTITATIVE ANALYSIS

Jonas Nygaard Eriksen
Aarhus University and CREATES

Abstract

This paper studies the predictability of bond risk premia by means of expectations

to future business conditions using survey forecasts from the Survey of Professional

Forecasters. We show that expected business conditions consistently affect excess

bond returns and that the inclusion of expected business conditions in standard

predictive regressions improve forecast performance relative to models using infor-

mation derived from the current term structure and macroeconomic variables. The

results are confirmed in a real-time out-of-sample exercise, where the predictive

accuracy of the models is evaluated both statistically and from the perspective of a

mean-variance investor that trades in the bond market.
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2.1 Introduction

There is mounting evidence that the risk premia required by investors for holding

Treasury bonds contain a time-varying and predictable component. One strand of

research relates such variations to forward spreads (Fama and Bliss, 1987; Fama,

2006), yield spreads (Keim and Stambaugh, 1986; Campbell and Shiller, 1991), and

forward rates (Cochrane and Piazzesi, 2005; Dahlquist and Hasseltoft, 2013; Zhu,

2015), whereas more recent studies link the predictable component to factors whose

variations lie outside the span of current yields. This strand has uncovered a wide

array of factors including jump risk (Wright and Zhou, 2009), option prices (Almeida,

Graveline, and Joslin, 2011), and macroeconomic variables (Ilmanen, 1995; Moench,

2008; Cooper and Priestley, 2009; Ludvigson and Ng, 2009; Wright, 2011; Favero, Niu,

and Sala, 2012; Joslin, Priebsch, and Singleton, 2014; Zhou and Zhu, 2015).

While existing studies mainly rely on information in the current term structure

and business environment to explain variations in the predictable component of

bond risk premia, our study takes a forward-looking perspective by studying the

link between expected business conditions and bond risk premia using survey fore-

casts from the Survey of Professional Forecasters (SPF). Albeit empirical studies fre-

quently conclude that macroeconomic fundamentals carry information about bond

risk premia not already captured by the yield curve, they rarely account for issues

with publication lags and data revisions in macroeconomic time series. As recently

demonstrated by Ghysels, Horan, and Moench (2014), such features may drive a

wedge between the factor spaces spanned by latent common factors extracted from a

panel of revised and non-revised data, respectively, implying that a sizable fraction

of the predictability documented by Ludvigson and Ng (2009) may largely be driven

by revision and publication lag components that are unavailable to an investor in

real-time. Survey forecasts, as a result, provide an ideal data source for studying the

predictability of bond risk premia as they are model-free, available in real-time, and

not subject to subsequent revisions (Amato and Swanson, 2001; Croushore and Stark,

2001; Pesaran and Timmermann, 2005). Moreover, the use of survey forecasts allows

us to investigate if macroeconomic expectations influence future bond risk premia

as suggested by, among others, Chen, Roll, and Ross (1986), Fama and French (1989),

Barro (1990), Fama (1990), and Ferson and Harvey (1991).

Using SPF survey forecasts, we investigate empirically whether expected business

conditions are related to one-year ahead variations in bond risk premia and, secondly,

whether expected business conditions contain information orthogonal to current

business conditions and yield curve information. Our findings suggest that excess

bond returns are indeed predictable by expected business conditions. In particular,

we find that expected business conditions are able explain about 20% of the one-year

ahead variation in bond risk premia. Consistent with recent research, we find the

majority of the informational content in expected business conditions to lie outside

the span of contemporaneous yields (Duffee, 2011; Joslin et al., 2014). From a mod-



2.1. INTRODUCTION 43

eling perspective, this has important implications for leading affine term structure

models, where it is normally assumed that all macroeconomic state variables can be

fully spanned by the current term structure.1 More importantly, we find that expected

business conditions contain information about bond risk premia not already embed-

ded in either the CPt factor from Cochrane and Piazzesi (2005) or the LNt factor from

Ludvigson and Ng (2009). In both cases, we obtain sizable improvements in the in-

sample fit from augmenting the existing models with expected business conditions.

This indicates that expected business conditions are not simply a repackaged version

of the standard factors, but constitute an independent and important source of risk.

Although empirical studies frequently report that bond risk premia are predictable

in-sample, there is less systematic evidence for bond risk premia being predictable

out-of-sample and, in particular, that an investor’s economic utility can be improved

by exploiting this predictability to guide real-time asset allocation decisions. Notably,

Thornton and Valente (2012) find that predictive models using long-term forward

rates are unable to generate economic value over a simple expectations hypothesis

(EH) no-predictability benchmark. A similar result is found in Sarno, Schneider, and

Wagner (2014). One possible explanation, as suggested by Andreasen, Engsted, Møller,

and Sander (2015), is that bond return predictability by term structure variables is

confined to periods of economic expansion, whereas predictability is largely absent

in recessions.2 Gargano, Pettenuzzo, and Timmermann (2014), on the other hand,

using models that allow for time-varying parameters and stochastic volatility in the

predictive regressions, find that bond predictability by factors such as LNt is con-

centrated in recession periods. Although Ludvigson and Ng (2009) find that latent

factors from a large panel of macroeconomic variables forecast excess bond returns

out-of-sample, Ghysels et al. (2014) argue that the majority of this predictability de-

rives from using revised data. To address such concerns directly, we construct a panel

of 67 macroeconomic time series from vintage data. Using vintages of data consisting

of historically available information allows us to formulate a variant of the LNt factor

that is available in real-time and free from publication lag and revision issues. The

panel broadly covers the same categories of variables used in Ludvigson and Ng

(2009), although we exclude financial variables to focus on the relative forecasting

performance of current and expected business conditions, respectively.

To assess the statistical and economic value of bond excess return predictability,

we consider an out-of-sample analysis in which we generate excess bond return fore-

casts for the period 1990-2014 at a quarterly frequency. The forecasts are generated

recursively using an expanding window of observations, where model parameters and

predictor variables are updated recursively prior to each forecast as well. Importantly,

1Examples include Ang and Piazzesi (2003), Ang, Dong, and Piazzesi (2007b) Rudebusch and Wu
(2008), Bikbov and Chernov (2010), and Bansal and Shaliastovich (2013). See Andersen and Benzoni (2010),
Chernov and Mueller (2012), and Joslin et al. (2014) for recent applications using unspanned risk factors.

2Interestingly, this is the opposite pattern often found for stock returns (Henkel, Martin, and Nardari,
2011; Dangl and Halling, 2012; Rapach and Zhou, 2013; Møller and Sander, 2015).



44 CHAPTER 2. EXPECTED BUSINESS CONDITIONS AND BOND RISK PREMIA

we rely on historically available information only to mimic a real-time forecasting en-

vironment and avoid concerns of look-ahead bias induced by full sample parameters.

Compared to the benchmark EH model, we find that expected business conditions

produce significantly positive out-of-sample R2 values. Moreover, expected business

conditions provide equally or more accurate predictions than the CPt and the LNt

factors for most bond maturities and the predictive power is increasing with maturity.

Likewise, augmenting the existing models with expected business conditions results

in near universal improvement in forecasting accuracy, where the best forecasts, in a

statistical sense, are achieved from a three-factor specification including CPt , LNt ,

and expected business conditions. The economic value of using expected business

conditions to guide portfolio allocations is evaluated from the perspective of an in-

vestor with mean-variance preferences who allocates capital between a risky bond

with n = 2, . . . ,5 years to maturity and a risk-free Treasury bond that matures in one

year.3 Our results demonstrate that an investor, who relies on the investment signals

generated by expected business conditions, is able to improve upon the economic

utility realized by an investor whose portfolio allocations are based on the recur-

sively updated EH model. Moreover, we find sizable utility gains from using expected

business conditions across the entire maturity spectrum relative to using CPt and

LNt and, additionally, that augmenting the standard models with expected business

conditions results in universally improved portfolio performance.

Our approach complements an extensive literature that studies bond market

dynamics using survey information. Froot (1989), in an early paper, uses survey data

on interest rates to document that the severity of expectations hypothesis (EH) viola-

tions depends on bond maturity. Similarly, Chun (2011), using survey forecasts for

output, inflation, and the federal funds rate, finds that the term structure moves with

monetary policy expectations. A related result is established in Altavilla, Giacomini,

and Constantini (2014) whose monetary policy expectations, however, are extracted

from federal funds rate futures. Dick, Schmeling, and Schrimpf (2013) use forecasters’

subjective yield expectations to construct a real-time proxy for expected term premia

that predicts bond risk premia. A similar approach is found in Piazzesi, Salomao, and

Schneider (2013). Moving away from yield curve information, Wright (2011) considers

survey forecasts on macroeconomic fundamentals to improve term premia estimates.

Similarly, Chernov and Mueller (2012) use information from the term structure of

survey-based inflation expectations to uncover a hidden factor in the yield curve

and Joslin et al. (2014) use economic growth and expected inflation as unspanned

risk factors to obtain more precise term premia estimates. Using the cross-sectional

dispersion in survey forecasts, Bansal and Shaliastovich (2013) find that bond risk

premia rise with uncertainty about expected inflation and fall with uncertainty about

expected economic growth. Our approach is also related to a large literature that

3Similar approaches are found in Campbell and Thompson (2008), Dangl and Halling (2012), Thornton
and Valente (2012), Rapach and Zhou (2013), Gargano et al. (2014), Sarno et al. (2014), and Zhu (2015).
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investigates the predictive ability of survey forecasts for macroeconomic forecasting.

For instance, Fama and Gibbons (1984), Thomas (1999), and Ang, Bekaert, and Wei

(2007a) show that survey forecasts are robust predictors of future inflation. Finally, our

study contributes to the literature that studies the predictability of bond risk premia

directly in a predictive regression framework by demonstrating that forward-looking

expectations to the real economy are important for understanding the time-varying

component of bond risk premia and, importantly, that the predictive information in

expected business conditions is not already captured by standard factors.4

The rest of the paper is organized as follows. Section 2.2 lays out the basic bond

pricing terminology and the econometric framework used to assess bond excess

return predictability. Section 2.3 outlines our proxy for expected business conditions.

Section 2.4 details the data and provides descriptive statistics. Section 2.5 presents

the empirical results. Finally, Section 2.6 concludes.

2.2 Predicting bond risk premia

Our study focuses on zero-coupon US Treasury bonds with maturities ranging from

two to five years. Let p(n)
t = logP (n)

t denote the time t log nominal price of a bond with

n-years left to expiry and a terminal payoff of a dollar. The continuously compounded

(log) yield of an n-year bond is given by

y (n)
t =−(

1/n
)

p(n)
t (2.1)

where we use parentheses to distinguish the remaining time to maturity from expo-

nentiation in the superscript. The log forward rate at time t for loans between time

t +n −1 and t +n is defined as

f (n)
t = p(n−1)

t −p(n)
t (2.2)

which, since p(0)
t = 0, implies the relation f (1)

t = y (1)
t =−p(1)

t that throughout will be

considered the risk-free rate of return. The return on a risky n-year Treasury bond

less the risk-free rate of return is then given by

r x(n)
t+4 = p(n−1)

t+4 −p(n)
t − y (1)

t (2.3)

where p(n−1)
t+4 − p(n)

t = r (n)
t+4 is the log holding period return from buying an n-year

bond at time t and selling it as an n −1 year bond after four quarters. The average

excess return across the bond maturity spectrum is given as

r x t+4 = 4−1
5∑

n=2
r x(n)

t+4 (2.4)

4See also Campbell and Diebold (2009) and Schmeling and Schrimpf (2011) for a similar approach.
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which can be thought of as the annual excess log holding period return to an equally-

weighted portfolio of risky Treasury bonds with maturities ranging from two through

five years.

The prevailing practice in the literature is to assess the predictive ability of time t

observable covariates for bond risk premia by means of a predictive regression nested

within the general specification

r x(n)
t+4 =α+Z′

tβ+ε(n)
t+4 (2.5)

where r x(n)
t+4 is the one-year ahead excess return on a bond with n-years left to expiry

from (2.3) and Zt is a vector of time t observable covariates. We suppress the maturity

dependence in the parameters for notational simplicity throughout. Note that the

expression in (2.5) for β= 0 reduces to an expectation hypothesis (EH) equivalent

under which bond risk premia are unpredictable and equal to the constant α(n)

(maturity dependence emphasized), which can vary across maturities, but not time.

The existing empirical literature has uncovered a wide array of candidates for Zt

that explains part of the one-year ahead variation in bond risk premia, cf. Section

2.1. The most prominent examples include the Cochrane and Piazzesi (2005) forward

rate-based factor, which is a tent-shaped linear combination of forward rates, and

the Ludvigson and Ng (2009) factor, which is a linear combination of latent factors

extracted from a large panel of macroeconomic information. While Ludvigson and

Ng (2009) use a panel of revised data series, we consider a variant of their factor

that permits the use of real-time macroeconomic data for factor construction in the

out-of-sample analysis. In particular, since we are ultimately interested in predicting

bond risk premia in real-time for asset allocation purposes, we consider a panel

of purely real-time observable macroeconomic variables from the Archival Federal

Reserve Economic Data (ALFRED) database maintained by the Federal Reserve Bank

of St. Louis. As in Ghysels et al. (2014), we exclude financial variables to focus on

the distinction between current and expected business conditions. We estimate

the latent common factors using the dynamic factor model of Stock and Watson

(2002a,b) and determine the optimal number of factors to extract using the panel

information criterion from Bai and Ng (2002). Following Ludvigson and Ng (2009),

we then select the optimal subset of the factors and their nonlinear transformations

using the Schwartz-Bayesian information criterion (SIC).

While these factors are designed to exploit the information in the current term

structure and business environment, respectively, this paper takes a forward-looking

perspective by constructing a proxy for expected business conditions from survey

forecasts to serve as a candidate predictor. The motivation for this choice originates,

in part, from the seminal papers of Chen et al. (1986), Fama and French (1989),

Barro (1990), Fama (1990), and Ferson and Harvey (1991), who argue that expected

business conditions are fundamental drivers of fluctuations in expected risk premia
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and interpret the predictive power of financial ratios and variables through that lens.5

Secondly, expected business conditions are, from a theoretical point of view, likely

to contain information about time-variations in investment opportunities in the

sense of Merton (1973), suggesting that macro expectations should be informative

about the time-varying component in bond risk premia. Such a view is recently

explored by Rossi and Timmermann (2015), who show that conditional covariance

risk, measured as the realized covariance between daily economic news about the

future state of the economy and daily returns, plays an important role in explaining

time-variations in risk premia. Moreover, modern asset pricing models, such as those

discussed in Campbell and Cochrane (1999), Bansal and Yaron (2004), Wachter (2006),

Buraschi and Jiltsov (2007), and Bansal and Shaliastovich (2013), argue that investors

are concerned about the future state of the real economy and require compensation

for taking on business cycle risk. We detail the construction of our proxy for expected

business conditions in the next section.

2.3 Measuring expected business conditions

Although several model-based procedures exist for extracting expectations about the

future course of the real economy, we rely on survey forecasts from the Survey of Pro-

fessional Forecasters (SPF) to measure expected business conditions. As mentioned in

the introduction, such an approach complements a large literature relying on survey

information for forecasting and understanding bond market dynamics. While studies

such as Chun (2011), Wright (2011), Chernov and Mueller (2012), Dick et al. (2013),

Piazzesi et al. (2013), and Joslin et al. (2014) rely on survey forecasts to understand

yield dynamics and improve term premia estimates, we follow the tradition of, among

others, Cochrane and Piazzesi (2005) and Ludvigson and Ng (2009) and study the

predictive ability of survey forecasts for bond risk premia directly in a predictive

regression framework.6

The use of survey forecasts in a study like ours, where the aim is to investigate

the link between expected business conditions and bond risk premia, seems ideal

for several reasons. First, and most notably, survey forecasts are available in real-

time and not subject to revisions following the initial release (Amato and Swanson,

2001; Croushore and Stark, 2001). The notion of model-free survey forecasts that

are naturally constructed in real-time further mitigates any concerns about poten-

tial look-ahead biases in forecasts constructed from an ex post econometric model

(Pesaran and Timmermann, 2005; Capistrán and Timmermann, 2009). In addition,

survey forecasts are often found to be robust predictors of the surveyed macroeco-

5Campbell and Diebold (2009) provide empirical evidence in support of this interpretation for stock
returns using survey forecasts for GDP as a proxy for expected business conditions.

6Our study can, in some sense, be viewed as a generalization of the approach in Chernov and Mueller
(2012) as we are using the term structure of survey expectations for a broad set of fundamentals rather
than the term structure of inflation expectations alone.
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nomic fundamentals (Fama and Gibbons, 1984; Thomas, 1999; Ang et al., 2007a).

The use of survey forecasts is, however, also associated with a few shortcomings. For

instance, as suggested in Ottaviani and Sørensen (2006), survey participants may give

strategic forecasts.7 Survey forecasts are, in such circumstances, unlikely to reveal

the true expectations of market participants, but such incentives should be signifi-

cantly reduced given the anonymity of the forecasters in the SPF. Moreover, as will be

detailed shortly, using a median aggregate across participating forecasters is likely to

further iron out the impact of any such outliers.

The SPF has been running since 1968 and is conducted on a quarterly basis. The

questionnaires are sent out at the end of the first month of each quarter with response

deadline in the middle of the second month of the quarter. The SPF solicits a broad

variety of participants covering financial firms, banks, consulting firms, and research

centers concerning their views on economic variables today, a so-called nowcast, and

one- through four-quarters ahead. That respondents are asked to provide a nowcast

is an important advantage of the SPF relative to similar surveys as it allows for the

construction of one- through four-quarter-ahead growth forecasts based on the

forecasters own expectation for the current level. Using the SPF, as a result, allows us

to measure the term structure of growth expectations over the annual bond holding

period usually assumed in empirical work.8

We collect survey forecasts for six macroeconomic fundamentals that are available

at a quarterly frequency from 1968:Q4 to 2014:Q4, where 1968:Q4 marks the initiation

of the SPF. The macroeconomic fundamentals include 1) GDP
(
gdpEt

)
, 2) the GDP

price index
(
infEt

)
, 3) the unemployment rate

(
unempEt

)
, 4) corporate profits after

tax
(
cprofEt

)
, 5) industrial production

(
ipEt

)
, and 6) housing starts

(
housEt

)
. For each

variable and survey respondent, we compute log expected growth rates one- through

four-quarters ahead relative to the forecaster’s own nowcast, with the exception

of housing starts for which we compute expected changes. The individual growth

forecasts are then aggregated into median forecasts such that we obtain for each

series and survey date a median growth forecast one- through four-quarters ahead.

We use the median forecast due to its robustness against outliers. The average number

of participating forecasters per quarter is about 36 in our sample.

Table 2.1 provides descriptive statistics for our set of survey forecasts. A quick

glance reveals that mean expectations are monotonically increasing with forecast

horizon for most variables, the exception being unemployment rates (unempEt ),

and that the variability of the forecasts scales with the forecast horizon. A similar

observation emerges from investigating the time series of survey forecasts as they

tend to be extrapolative in the forecast horizon, i.e. the median forecasts at a given

point in time are usually either increasing or decreasing in forecast horizon.

Considering the information in the term structure of survey forecasts over the

7See Rangvid, Schmeling, and Schrimpf (2013) for a Keynes’ beauty contest argument.
8See, e.g., Cochrane and Piazzesi (2005), Ludvigson and Ng (2009), and Thornton and Valente (2012).
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Table 2.1: Descriptive statistics: Survey variables.
This table reports descriptive statistics for the median expected growth rates for the macroeco-
nomic fundamentals collected from the Survey of Professional Forecasters (SPF). The variables

include: 1) GDP
(
gdpEt

)
, 2) the GDP price index

(
infEt

)
, 3) the unemployment rate

(
unempEt

)
,

4) corporate profits after tax
(
cprofEt

)
, 5) industrial production

(
ipEt

)
, and 6) housing starts(

housEt

)
. We report means, standard deviations, skewness, and kurtosis for each fundamental

and forecast horizon. The last three rows in each panel reports the loadings from the principal
component estimation. The sample covers the period from 1968:Q4 to 2014:Q4.

gdpEt infEt cprofEt unempEt ipEt housEt

Panel A: One quarter ahead

Mean 1.53 0.88 1.42 0.51 0.77 0.23
Std 0.57 0.50 2.11 2.74 0.79 5.67
Skewness 0.63 1.18 -0.70 1.01 -0.67 -0.05
Kurtosis 3.18 3.55 5.46 3.31 5.79 4.42
Load PE1,t 0.22 0.07 0.24 -0.20 0.24 0.14

Load PE2,t 0.18 0.36 -0.16 0.20 -0.15 0.06

Load PE3,t -0.21 -0.10 -0.03 0.16 -0.10 0.43

Panel B: Two quarter ahead

Mean 3.13 1.77 3.19 0.52 1.66 1.67
Std 1.11 0.97 3.50 4.78 1.32 10.12
Skewness 0.73 1.15 -0.37 1.10 -0.66 0.20
Kurtosis 2.95 3.49 4.95 3.74 5.87 3.79
Load PE1,t 0.22 0.08 0.26 -0.23 0.26 0.12

Load PE2,t 0.21 0.36 -0.12 0.19 -0.12 0.11

Load PE3,t -0.17 -0.10 0.04 0.09 -0.03 0.45

Panel C: Three quarter ahead

Mean 4.76 2.65 5.19 -0.08 2.63 3.73
Std 1.62 1.42 4.45 5.81 1.64 14.32
Skewness 0.78 1.09 0.23 0.89 -0.06 0.48
Kurtosis 2.83 3.36 4.02 3.29 4.38 3.69
Load PE1,t 0.21 0.08 0.26 -0.24 0.27 0.09

Load PE2,t 0.23 0.36 -0.07 0.17 -0.08 0.16

Load PE3,t -0.14 -0.11 0.09 0.02 0.01 0.45

Panel D: Four quarter ahead

Mean 6.44 3.54 7.06 -0.97 3.61 5.79
Std 2.15 1.86 5.09 6.55 1.91 17.78
Skewness 0.83 1.08 0.72 0.64 0.48 0.56
Kurtosis 2.78 3.34 3.56 2.79 3.88 3.60
Load PE1,t 0.20 0.09 0.25 -0.25 0.28 0.06

Load PE2,t 0.26 0.35 -0.01 0.14 -0.04 0.19

Load PE3,t -0.12 -0.11 0.13 -0.03 0.04 0.43



50 CHAPTER 2. EXPECTED BUSINESS CONDITIONS AND BOND RISK PREMIA

holding period of the bond provides us with a total of 24 economic time series to

use for forecasting. Although possible, using all variables at once quickly becomes

impractical as the predictive regression would likely suffer from degrees of freedom

problems and model selection would require the evaluation of all 224 possible pre-

dictor combinations. Instead, we follow the line of thought from Ludvigson and Ng

(2009), and to some extent Litterman and Scheinkman (1991), and summarize the

information in the term structure of expected business conditions by a small number

of latent factors, or principal components, denoted PEt , which are distinct linear

combinations of the underlying survey forecasts. We concentrate our analysis on the

first three principal components (PE1,t ,PE2,t ,PE3,t ), which explain 53%, 25%, and 14% of

the total variation in the panel, respectively.9

The loadings from the principal component analysis, which can be used to give

an informal interpretation of the full sample components, are reported in the bottom

half of each panel of Table 2.1. We see that the first component, PE1,t , generally loads

on real activity related variables such as GDP, corporate profitability, unemployment

rates, and industrial production, implying that this component can be interpreted as

a real activity factor. The second component, PE2,t , tends to load highly on inflation,

making it an inflation factor. Finally, we label the third component, PE3,t , a housing

factor as it loads strongly on expected housing starts. Figure 2.1 plots the time series

dynamics of the full sample components against NBER defined recession periods.

The real activity factor tends to decline quickly in recession periods, as defined by the

NBER, where economic growth is usually low, and the inflation factor displays the

long-term decline exhibited by realized inflation.

Cochrane and Piazzesi (2005) and Ludvigson and Ng (2009) show that a single

forecasting factor, which they make observable through a linear combination of

forward rates and latent macro factors, respectively, forecasts excess holding period

returns on Treasury bonds with maturities ranging from two to five years. It seems

natural to investigate whether the informational content in the survey forecast com-

ponents can be similarly condensed to recover a single mean-reverting factor that

forecasts bond excess returns for all maturities. To answer this question, we begin

by investigating the predictive ability of the latent factors for each bond maturity by

projecting the annual holding period excess returns from (2.3) onto the principal

components extracted from the term structure of expected business conditions, i.e.

r x(n)
t+4 =α+β1P

E
1,t +β2P

E
2,t +β3P

E
3,t +ε(n)

t+4 (2.6)

where the superscript (n) denoting bond maturity is suppressed in the parameters for

notational simplicity. The results from estimating (2.6) are presented in rows denoted

(a) in each panel of Table 2.2. The real activity factor, PE1,t , and the housing factor, PE3,t ,

9Although the components that are pervasive in explaining the panel of survey-based growth forecasts
may not similarly be important for bond risk premia (Bai and Ng, 2008), we find no significant gains from
including later components in any of our analyses.
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Figure 2.1: Estimated survey factors.
This figure illustrates the time series dynamics of the survey factors estimated from the term
structure of survey forecasts. The factors are plotted against National Bureau of Economic
Research (NBER) recession periods marked in gray shading. The principal components are
estimated using the full range of available observations covering the period 1968:Q4 to 2014:Q4.
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are strongly significant for all maturities, with the exception of PE1,t for the two-year

bond. The inflation factor, PE2,t , however, is significant only for the long end of the

bond maturity spectrum. The components are jointly able to explain between 19%

and 20% of the one-year ahead variation in bond risk premia, indicating that expected

business conditions play a non-negligible role in explaining time-variations in bond

risk premia. PE1,t and PE3,t enter with positive coefficients, implying that increases

in forward-looking expectations about the real economy and the housing market,

respectively, are associated with higher bond risk premia going forward. PE2,t , on the

other hand, enters with a negative sign for all bond maturities, implying that lower

inflation expectations predict increasing risk premia. This is consistent with prior

studies on expected inflation and asset returns (Fama and Schwert, 1977; Campbell

and Ammer, 1993; Cieslak and Povala, 2015).

Similar to the findings in Cochrane and Piazzesi (2005) and Ludvigson and Ng

(2009), we see that the same function of covariates, where the absolute value of the

loadings is increasing in maturity, forecasts bond risk premia across the maturity

spectrum. To exploit this pattern, we construct a single factor by first regressing the

mean excess return across the maturity spectrum upon the survey factors

r x t+4 = δ+γ1P
E
1,t +γ2P

E
2,t +γ3P

E
3,t +νt+4 (2.7)
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Table 2.2: Estimating the macroeconomic expectations factor.
This table reports slope estimates from regressing one-year ahead bond risk premia upon the
first three principal components (PE1,t ,PE2,t ,PE3,t ) of the Survey of Professional Forecasters (SPF)

forecasts and expected business conditions
(
MEt

)
in rows (a) and (b), respectively. Although

not reported, all regressions contain an intercept. Hansen and Hodrick (1980) t-statistics
implemented with four lags are presented in parentheses. Adj. R2 (

%
)

denotes the full sample
adjusted coefficient of determination in percentage. The sample period starts in 1968:Q4 and
ends in 2014:Q4.

PE1,t PE2,t PE3,t MEt adj R2 (
%

)
Panel A: Two-year bond

(a) 0.08 -0.10 0.38 18.87
(2.03) (-1.18) (3.32)

(b) 0.46 18.86
(4.56)

Panel B: Three-year bond

(a) 0.13 -0.24 0.67 19.22
(1.79) (-1.58) (3.49)

(b) 0.86 19.85
(4.71)

Panel C: Four-year bond

(a) 0.20 -0.43 0.83 18.99
(2.03) (-2.10) (3.38)

(b) 1.20 19.84
(4.80)

Panel D: Five-year bond

(a) 0.24 -0.56 0.99 19.56
(2.00) (-2.42) (3.57)

(b) 1.47 20.29
(4.90)

where r x t+4 denotes the average excess bond return from (2.4). We then compute the

single factor, which we denote by MEt for macroeconomic expectations, as the fitted

values from (2.7), i.e. MEt = δ̂+ γ̂PEt .10 We then regress MEt on excess bond returns

and present the results in rows (b) of Table 2.2. The coefficients are all positive and

increasing in bond maturity, which indicates that an increase in expected business

conditions predicts higher future excess bond returns. Notably, the adjusted R2 values

remain comparable to the full model, suggesting that no efficiency is lost from using

the single factor over the full model.

Figure 2.2 plots the MEt factor against both the three-month moving average

of the Chicago Fed National Activity Index (CFNAI) and NBER defined recession

10The estimated values of γ1, γ2, and γ3 are 0.16, -0.33, and 0.72, respectively. Hansen and Hodrick
(1980) t-statistics are equal to 2 or higher in absolute size for all parameters.
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Figure 2.2: Time series dynamics of the MEt factor.
This figure illustrates the relation between expected business conditions

(
MEt

)
and the real

economy as measured by the three-month moving average of the Chicago National Activity
Index (CFNAIt ) and National Bureau of Economic Research (NBER) defined recession periods
in gray shading over the sample period 1968:Q4-2014:Q4. MEt and CFNAIt are plotted in
standardized units for convenience.
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periods.11 MEt tends to increase during periods of economic contraction and peak at

the end of a recession, whereas it tends to decline during expansion with its low points

being reached in the mid-to-late expansion periods. The CFNAI, in contrast, tends

to move in the opposite direction. It tends to peak mid-to-late in expansion periods

and bottom out mid-to-late in recessionary periods. This suggests that MEt captures

cyclical variation related to the business cycle. In particular, since MEt enters with

a positive sign in the excess bond return regressions in Table 2.2 and is negatively

correlated with the CFNAI (-0.45 to be exact), this implies that excess bond returns

are predicted to be high when MEt (CFNAI) is high (low) and, as a result, exhibit a

countercyclical behavior. These observations are consistent with economic theories

and models in which investors require compensation for bearing business cycle risk,

e.g. Campbell and Cochrane (1999), Wachter (2006), and Buraschi and Jiltsov (2007).

2.4 Data sources

Treasury bond data covering the period from 1968:Q4 to 2014:Q4 are obtained from

the Fama-Bliss dataset available from the Center for Research in Security Prices

(CRSP), which contains observations on one- through five-year zero-coupon US Trea-

sury bond prices. We construct bond risk premia and forward rates for the Cochrane

and Piazzesi (2005) factor as described in Section 2.2. Due to the odd timing of

11The Federal Reserve Bank of Chicago constructs the CFNAI from inflation adjusted economic indica-
tors such as: Production and income (23 series), employment and hours (24 series), personal consumption
and housing (15 series), and sales, order, and inventories (23 series). The estimation methodology follows
Stock and Watson (1999).
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the SPF responses mentioned in Section 2.3, we follow, among others, Bansal and

Shaliastovich (2013) and sample bond prices at the end of the second month of

every quarter to align survey responses and bond prices. As mentioned in Section

2.3, survey forecasts are obtained from the Survey of Professional Forecasters (SPF),

which is available at the Federal Reserve Bank of Philadelphia, to measure forecasters’

subjective expectation to future growth in our set of macroeconomic fundamentals.12

Table 2.3: Descriptive statistics: Bond risk premia and forecasting factors.
This table reports descriptive statistics for excess bond returns r x(n)

t+4, n = 2, . . . ,5 and predictor
variables used in the empirical analyses (Panel A) and their contemporaneous correlations
(Panel B). CPt is the forward rate-based factor from Cochrane and Piazzesi (2005), LNt is
the macro-based factor from Ludvigson and Ng (2009), and MEt represents our proxy for
expected business conditions described in Section 2.3. For each variable, we report means,
standard deviations, skewness, and kurtosis as well as first- and fourth-order autocorrelations.
In addition, we report Sharpe ratios (SR) for each of the Treasury bonds. The sample covers the
period from 1968:Q4 to 2014:Q4.

r x(2)
t+4 r x(3)

t+4 r x(4)
t+4 r x(5)

t+4 CPt LNt MEt

Panel A: Descriptive statistics

Mean 0.60 1.06 1.48 1.63 1.19 1.19 1.19
Std 1.79 3.27 4.54 5.52 1.54 1.56 1.70
Skewness -0.24 -0.29 -0.28 -0.20 -0.10 -0.72 -1.22
Kurtosis 3.73 3.72 3.76 3.44 3.80 5.79 5.48
AC(1) 0.75 0.74 0.75 0.74 0.68 0.57 0.89
AC(4) 0.20 0.15 0.14 0.10 0.42 0.13 0.62
SR 0.34 0.33 0.33 0.30 - - -

Panel B: Correlation matrix

r x(2)
t+4 1.00

r x(3)
t+4 0.98 1.00

r x(4)
t+4 0.96 0.99 1.00

r x(5)
t+4 0.93 0.97 0.99 1.00

CPt 0.37 0.40 0.43 0.40 1.00
LNt 0.41 0.43 0.42 0.40 0.11 1.00
MEt 0.44 0.45 0.45 0.46 0.42 0.33 1.00

The data for our variant of the LNt factor, as mentioned in Section 2.2, are ob-

tained from the Archival Federal Reserve Economic Data (ALFRED) database main-

tained by the Federal Reserve Bank of St. Louis.13 Specifically, we construct a panel

consisting of 67 macroeconomic time series, where any variable is required to ful-

fill the following criteria for inclusion. First, each variable is required to have a full

time series of observations from 1968 or earlier available in all of its vintages and,

12The survey is available at http://www.phil.frb.org/research-and-data/real-time-center/

survey-of-professional-forecasters/.
13The data are available at http://alfred.stlouisfed.org.

http://www.phil.frb.org/research-and-data/real-time-center/survey-of-professional-forecasters/
http://www.phil.frb.org/research-and-data/real-time-center/survey-of-professional-forecasters/
http://alfred.stlouisfed.org
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secondly, each variable must have real-time vintages available from 1989 onwards.

Appendix A.1 provides a detailed account of this real-time dataset along with the

transformations that we apply in order to ensure covariance stationarity. The data

broadly cover the same economic categories used in Ludvigson and Ng (2009). In

particular, the series include output and labor market variables, housing indicators,

income series, price indexes, and the money stock. The macroeconomic series and

vintages are recorded at a monthly frequency, so we follow the approach from above

and sample from the second month of each quarter. Although the real-time vintages

are mostly recorded at a monthly frequency, there are cases where vintages are up-

dated multiple times within a month or not at all. To account for this, we use the

following generic set of rules. In months with multiple vintages, we pick out the latest

observable vintage. Formally, this is based on an assumption that forecasters usually

make their predictions and asset allocation decisions at month’s end. If a month has

no recorded vintage, we use the previous month’s vintage to avoid the introduction of

look-ahead biases. Also obtained from the Federal Reserve Bank of St. Louis are the

Chicago Fed National Activity Index (CFNAI) and the National Bureau of Economic

Research (NBER) recession dates.

Table 2.3 presents summary statistics for excess bond returns, r x(n)
t+4,n = 2, . . . ,5,

and predictors in Panel A along with their contemporaneous correlations in Panel

B. Mean excess bond returns range from 0.60% for the two-year bond to 1.63% for

the five-year bond and corresponding standard deviations range from 1.79 to 5.52,

suggesting that investors require a higher premium for investing in longer maturity

(riskier) Treasury bonds. The return and volatility values correspond to Sharpe ratios

of around 0.30-0.34 over the full sample period. Excess bond returns are negatively

skewed and leptokurtic. All bonds display strong serial correlation with first-order

autocorrelation coefficients of about 0.75. The serial dependence, however, reduces

drastically when we instead consider the fourth-order autocorrelation coefficient

due to the overlapping nature of the holding period returns. Here autocorrelation

coefficients are only in the 0.1-0.2 range and insignificant (highest t-stat is around 1.6).

As is evident in Panel B, excess bond returns are highly cross-sectionally correlated

with coefficients well above 0.90.

Turning our attention to the predictor variables, we see that CPt , LNt , and MEt

are positively correlated with one-year ahead bond risk premia. As in Ludvigson

and Ng (2009), we note that CPt and LNt are almost unrelated with a correlation of

only 0.11 in the full sample. Similarly, we see that the informational content in our

macroeconomic expectations factor, MEt , appears to be largely unrelated to CPt and

LNt with correlations of 0.42 and 0.33, respectively, which are far from perfect. As

such, MEt appears from the outset to capture a relatively large informational compo-

nent orthogonal to the existing forecasting factors from the literature. Whether this

information is useful for predicting excess bond returns is, of course, an important

empirical question that this paper seeks to address.
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2.5 Empirical results

This section presents the results from our empirical analyses. We begin by consider-

ing results based on full sample estimates to remain comparable with the existing

literature on bond risk premia. Specifically, Section 2.5.1 examines whether expected

business conditions can be thought of as an unspanned risk factor in the sense of

Joslin et al. (2014), whereas Section 2.5.2 compares the predictive ability of expected

business conditions to competing forecasting factors representing information from

the current term structure and business environment. However, a good in-sample

fit does not necessarily translate into positive out-of-sample performance (Inoue

and Kilian, 2005; Thornton and Valente, 2012). To investigate the real-time predictive

ability of expected business conditions, Section 2.5.3 considers an out-of-sample

exercise that mimics a real-time forecasting environment in which model parameters

and forecasting factors are re-estimated recursively using information available at

the time of the forecast only. Notably, we base the estimation of our variant of the LNt

factor on vintage data to void concerns of look-ahead bias induced by ignoring publi-

cation lag and revision issues. The forecasts are evaluated using both conventional

statistical measures (Section 2.5.3.1) and from the perspective of a mean-variance

investor (Section 2.5.3.2). Section 2.5.4 investigates the gains from combining model

forecasts and Section 2.5.5 investigates the link between forecast performance and

the real economy. Finally, Section 2.5.6, as a robustness check, studies the predictive

ability of expected business conditions for quarterly holding period returns rather

than the annual holding period used for the main results.

2.5.1 Expected business conditions as an unspanned risk factor

Several recent papers have considered the possibility that some factors in- and out-

side the current term structure are hidden in the sense that while they are largely

irrelevant for explaining the cross-sectional variation in yields, they are important for

forecasting bond risk premia. In particular, Duffee (2011) uses filtering to recover a

hidden factor in yields, whereas Joslin et al. (2014) recover two hidden factors from

economic activity and expected inflation that are largely unspanned by the current

term structure. Similarly, Chernov and Mueller (2012) uncover a hidden factor in the

yield curve using the term structure of survey-based inflation expectations. While

Section 2.3 finds that expected business conditions explain a sizable fraction of the

one-year ahead variation in bond risk premia, this section examines whether this

predictive information is unspanned by current yields.

As is standard in the literature, we summarize the term structure by a small set of

linear combination of yields, e.g. principal components, as they virtually capture all

cross-sectional variation (Litterman and Scheinkman, 1991). The first three PCs, say

Y1,t , Y2,t , and Y3,t , are commonly known as level, slope, and curvature, respectively.

To gauge the degree to which MEt can be thought of as an unspanned risk factor in
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the sense of Joslin et al. (2014), we consider the macro-spanning condition

Mi t =α+θYt +εi t (2.8)

where Mt denotes the vector of variables used to construct MEt and Yt denotes the

vector of either the first three (Y3
t ) or the first five (Y5

t ) principal components of the

yield curve covariance matrix.14

Table 2.4: Macro-spanning condition for expected business conditions.
This table reports slope estimates from the Joslin et al. (2014) macro-spanning condition in
(2.8). Although not reported, all regressions contain an intercept. PE1,t , PE2,t , and PE3,t denote
the first three principal components estimated from survey forecasts and levelt , slopet , curvt ,
Y4,t , and Y5,t are the principal components of the yield covariance matrix. Newey and West
(1987) t-statistics implemented with six lags are presented in parentheses. Adj. R2 (

%
)

denotes
the full sample adjusted coefficient of determination in percentage. The sample period starts
in 1968:Q4 and ends in 2014:Q4.

Variable levelt slopet curvt Y4,t Y5,t adj R2 (
%

)
(a) PE1,t 0.12 2.51 -0.55 28.15

(1.82) (4.35) (-0.16)
(b) 0.12 2.51 -0.55 -0.51 4.28 27.87

(1.88) (4.46) (-0.16) (-0.10) (0.77)

(a) PE2,t 0.25 -1.16 4.97 60.67

(8.36) (-3.46) (2.75)
(b) 0.26 -1.16 4.97 0.27 7.42 62.97

(8.66) (-3.55) (3.07) (0.09) (3.54)

(a) PE3,t -0.07 0.54 2.22 10.57

(-1.42) (1.53) (1.72)
(b) -0.07 0.54 2.24 6.17 5.31 17.75

(-1.84) (1.94) (1.78) (2.52) (1.98)

(a) MEt -0.12 1.19 -0.14 42.17
(-2.72) (3.46) (-0.20)

(b) -0.12 1.19 -0.13 4.27 2.05 45.23
(-3.20) (3.93) (-0.14) (1.68) (1.13)

If a variable is fully spanned by current yields, then the error term in (2.8) should

be identically zero and the associated R2 should equal unity. Table 2.4 demonstrates

that this is not the case. In particular, a projection of PE1,t upon Y3
t (Y5

t ) gives an

adjusted R2 of 28% (28%), implying that around 72% of the variation in PE1,t is un-

spanned by the current term structure. The corresponding numbers for PE2,t and PE3,t

are, respectively, 61% (63%) and 11% (18%), revealing a large fraction of unspanned

risk, even for the inflation factor. This is in line with Joslin et al. (2014), who document

similar results for economic growth measured as the three-month moving average

of the CFNAI and one-year ahead expected inflation from the SPF. Projecting MEt

14See also Andersen and Benzoni (2010).
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on Y3
t (Y5

t ) reveals that 58% (55%) of the variation in expected business conditions

is unspanned by the current term structure. In unreported results, we find that MEt

survives the inclusion of Y5
t in predictive regressions such as (2.5), implying that the

projection errors from (2.8) retain most of the predictive power from the variables

in the vector Mt . Such results have significant implications for affine term structure

models, where all macroeconomic risk is assumed to be fully spanned by yields. More-

over, it tells us that we need to look beyond the term structure to fully understand the

observed time-variations in bond risk premia.

2.5.2 In-sample comparisons with standard predictors

This section compares the predictive ability of expected business conditions to stan-

dard factors identified in the literature. Table 2.5 presents results from estimating

predictive regressions over the full range of available observations for different com-

bination of predictors. Although such estimates are not available to an investor in

real-time, they are useful for understanding the basic mechanisms of the models.

We report slope estimates, t-statistics based on Hansen and Hodrick (1980) standard

errors implemented with four lags, and adjusted R2 values.

We begin with the results for the CPt factor presented in rows denoted (a) in

Panels A-D in Table 2.5. We see that CPt is able to explain 13-18% of the one-year

ahead variation in bond risk premia across the maturity spectrum. While the explana-

tory power is lower than in Cochrane and Piazzesi (2005), this can be attributed to

differences in sample period and frequency. Similarly, however, we obtain significant

coefficients that are monotonically increasing with maturity. If we augment their

model with our MEt factor in a two-factor specification in rows (b) of Panels A-D,

we find that the coefficient on MEt remains highly significant across all maturities,

whereas the magnitude and statistical significance of CPt reduce substantially. The

inclusion of expected business conditions raises for all bond maturities the adjusted

R2 with about ten percentage points, indicating that expected business conditions

provide an important complimentary information source to the term structure of

forward rates, despite the forward-looking nature of forward rates.

Next, we turn to our variant of the macro-factor from Ludvigson and Ng (2009) in

rows (c). LNt is able to explain between 15% and 18% of the one-year ahead variation

in bond risk premia, where the largest proportion is explained for the tree- and four-

year bonds. Note that these results are obtained using the latest available vintages

of ALFRED data.15 An important question to ask at this point is whether expected

business conditions contain information about bond risk premia that is distinguish-

ably different from that contained in current business conditions. To answer this,

we consider a two-factor specification in which we augment the LNt model with

MEt in rows denoted (d). As it turns out, both are individually strongly significant

15In our case, this means the November 2014 vintages.
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Table 2.5: In-sample results.
This table reports slope estimates from regressing one-year ahead bond risk premia upon
various combinations of predictors. CPt is the forward rate-based factor from Cochrane and Pi-
azzesi (2005), LNt is the macro-based factor from Ludvigson and Ng (2009), and MEt represents
our proxy for expected business conditions described in Section 2.3. Although not reported, all
regressions contain an intercept. Hansen and Hodrick (1980) t-statistics implemented with
four lags are presented in parentheses. Adj. R2 (

%
)

denotes the full sample adjusted coefficient
of determination in percentage. The sample period starts in 1968:Q4 and ends in 2014:Q4.

CPt LNt MEt adj R2 (
%

)
Panel A: Two-year bond

(a) 0.43 13.17
(3.44)

(b) 0.26 0.36 22.55
(1.63) (2.80)

(c) 0.47 16.47
(3.58)

(d) 0.34 0.36 26.52
(3.98) (3.78)

(e) 0.38 0.43 26.82
(2.94) (3.95)

(f) 0.27 0.35 0.25 30.72
(1.65) (4.69) (2.06)

Panel B: Three-year bond

(a) 0.84 15.16
(3.40)

(b) 0.53 0.66 24.56
(1.90) (3.06)

(c) 0.90 18.06
(4.21)

(d) 0.66 0.66 28.46
(4.74) (3.57)

(e) 0.75 0.82 30.07
(3.08) (5.00)

(f) 0.56 0.68 0.45 33.77
(1.95) (6.03) (2.09)

Panel C: Four-year bond

(a) 1.28 18.39
(3.59)

(b) 0.87 0.87 26.69
(2.13) (2.95)

(c) 1.22 17.10
(4.25)

(d) 0.89 0.93 27.74
(4.53) (3.62)

(e) 1.16 1.10 32.12
(3.24) (5.15)

(f) 0.91 0.92 0.58 35.28
(2.15) (5.79) (1.92)

Panel D: Five-year bond

(a) 1.45 15.93
(3.16)

(b) 0.93 1.12 25.38
(1.78) (3.01)

(c) 1.40 15.25
(4.48)

(d) 0.98 1.18 26.78
(4.56) (3.67)

(e) 1.31 1.26 28.21
(2.85) (5.18)

(f) 0.97 1.01 0.80 32.41
(1.79) (5.33) (2.04)
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for all bond maturities, which implies that they capture quite distinct aspects of the

potentially high-dimensional set of risks that governs the time-variations in bond risk

premia. The effect of augmenting the predictive regression with MEt is economically

important as well with increases in the explanatory power of about eleven percentage

point across the maturity spectrum.

As a last step, we first consider a two-factor specification using CPt and LNt

and, secondly, a three-factor specification that investigates the effects of augment-

ing the model with MEt . Analogously to Ludvigson and Ng (2009), we find CPt and

LNt to contain complementary information as both factors remain significant and

jointly produce adjusted R2 values larger than their individual values for all maturi-

ties. Augmenting the model with MEt results in increases in adjusted R2s of about

four percentage points on average across the maturity spectrum and MEt remains

significant at the 5% level for most maturities.

Summing up the results so far, we find that while both current term structure

information and current business conditions, in the form of CPt and LNt , respectively,

are important for explaining the variations in one-year ahead bond risk premia, there

is strong evidence for a non-negligible role for expected business conditions as a

complementary source of predictive information, implying that expectations to the

future course of the real economy directly influence the risk premia demanded by

investors for holding risky Treasury bonds.

2.5.3 Out-of-sample forecasting and asset allocation

In this section, we evaluate the ability of the bond return prediction models from

Section 2.5.2 to accurately forecast bond risk premia in an out-of-sample setting using

information available at the time of the forecast only. The forecasts are generated

recursively using an expanding window of observations, where the period 1968:Q4-

1989:Q4 constitutes the initial estimation period and 1990:Q1-2014:Q4 the forecast

evaluation period. As in the in-sample analysis, we set n = 2,3,4,5 and predict bond

risk premia for each bond maturity separately. To mimic a real-time forecasting

exercise, we estimate model parameters and forecasting factors recursively prior to

each forecast using information restricted to match the information set available at

time t . Importantly, we address issues with publication lags and data revisions in

macroeconomic time series directly by using the vintages of data available at the time

of the forecast only in the construction of our variant of the LNt factor.

2.5.3.1 Statistical significance

As a first way to gauge the value of bond return prediction models, we consider a

statistical evaluation of the predictive accuracy of the out-of-sample forecasts relative

to a recursively updated expectations hypothesis (EH) benchmark computed as a

recursively updated projection of bond excess returns upon a constant. We consider
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two measures of statistical significance well-known to the literature. First, for each

bond maturity and model, we follow Campbell and Thompson (2008) and provide an

out-of-sample R2 relative to the EH benchmark model given as

R2
oos = 1−

∑P
t=1

(
r x(n)

t+4 − r̂ x(n)
t+4,i

)2

∑P
t=1

(
r x(n)

t+4 − r̂ x(n)
t+4,E H

)2 (2.9)

where r̂ x(n)
t+4,i and r̂ x(n)

t+4,E H denote the forecast from the i th candidate model and the

EH benchmark model, respectively, and P is the number of out-of-sample forecasts.

The R2
oos in (2.9) can be understood as the ratio of mean squared prediction errors

(MSPE) for the i th candidate model relative to, in this case, the EH benchmark model.

A R2
oos > 0 implies that the MSPE of the i th candidate model is lower than that of the

EH benchmark model, indicating a higher predictive accuracy.

While the R2
oos metric measures the relative improvement in MSPE for the i th

bond excess return forecasting model over the EH model, it does not tell us whether

these differences are large in a statistical sense. As a result, we follow, among others,

Rapach and Zhou (2013), Gargano et al. (2014), and Andreasen et al. (2015) and

conduct more formal tests for the differences in predictive accuracy using the Clark

and West (2007) test for equal predictive accuracy. In this setup, we interpret the EH

model as a no predictability benchmark and test the null of no predictability (R2
oos ≤ 0)

against the one-sided alternative of predictability by the i th candidate forecasting

model (R2
oos > 0). The Clark and West (2007) test is ideally suited for an environment

like ours, where the competing forecast is generated by a nested model.16 The test is

computed by first defining

ψt+4 =
(
r x(n)

t+4 − r̂ x(n)
t+4,E H

)2 −
[(

r x(n)
t+4 − r̂ x(n)

t+4,i

)2 −
(
r̂ x(n)

t+4,E H − r̂ x(n)
t+4,i

)2
]

(2.10)

where ψt+4 can be interpreted as a bias adjusted difference in MSPE between the EH

model and the i th candidate model, where the adjustment takes into account the

upward bias in MSPE induced by having to estimate parameters that are zero under

the null of no predictability. Carrying out the test amounts to projecting ψt+4 upon a

constant and evaluating the t-statistic using the one-sided upper-tail p-value from a

normal distribution, where the t-statistic is computed using Newey and West (1987)

standard errors implemented with six lags.

The results from the statistical evaluation of the models against the EH benchmark

are presented Panel A of Table 2.6. We see in the first column that CPt consistently

delivers a negative R2
oos in the range of -16.26% to -20.27% over the spectrum of bond

maturities, signaling a forecasting performance inferior to the simple EH benchmark

of constant expected returns. This is corroborated by the failure to reject the null of no

predictability for all maturities. The results for our real-time variant of the LNt factor

16As mentioned in Section 2.2, the forecasting models reduce to the EH model for β= 0.
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Table 2.6: Out-sample-results.
This table reports the out-of-sample results from forecasting one-year ahead bond risk premia
using various combinations of predictors. CPt is the forward rate-based factor from Cochrane
and Piazzesi (2005), LNt is the macro-based factor from Ludvigson and Ng (2009), and MEt
represents our proxy for expected business conditions described in Section 2.3. Panel A reports
the Campbell and Thompson (2008) R2

oos statistic from (2.9) relative to the expectations hy-
pothesis (EH) benchmark accompanied by p-values from Clark and West (2007) tests of equal
predictive ability in square brackets. Panel B reports annualized percentage utility gain, ∆

(
%

)
,

relative to the EH model accompanied by p-valued from Diebold and Mariano (1995) tests of
equal utilities in square brackets. Finally, Panel C reports annualized Goetzmann et al. (2007)
manipulation-proof performance measures,Θ

(
%

)
. The out-of-sample evaluation period starts

in 1990:Q1 and ends in 2014:Q4.

n CP LN CP+LN ME CP+ME LN+ME CP+LN+ME

Panel A: R2
oos

2 -16.26 7.57 0.80 -7.17 6.53 -1.13 12.31
[0.17] [0.01] [0.02] [0.07] [0.04] [0.05] [0.03]

3 -20.10 9.08 -2.05 2.08 10.15 6.99 14.54
[0.24] [0.01] [0.04] [0.03] [0.03] [0.02] [0.02]

4 -20.27 8.77 -3.98 8.77 14.06 11.51 16.09
[0.20] [0.01] [0.05] [0.02] [0.02] [0.02] [0.02]

5 -18.62 8.82 -3.54 13.08 16.12 15.05 17.86
[0.28] [0.01] [0.07] [0.01] [0.02] [0.01] [0.02]

Panel B: ∆
(
%

)
2 -0.84 -0.15 -0.54 0.32 -0.23 0.31 -0.31

[0.97] [0.75] [0.88] [0.01] [0.75] [0.02] [0.82]
3 -1.64 0.43 -0.57 0.96 0.16 0.99 -0.00

[0.98] [0.17] [0.77] [0.04] [0.40] [0.04] [0.50]
4 -1.95 1.28 -0.56 2.39 1.21 2.46 0.99

[0.99] [0.02] [0.74] [0.00] [0.06] [0.00] [0.11]
5 -1.57 1.93 -0.09 3.85 2.38 3.95 2.10

[0.97] [0.00] [0.53] [0.00] [0.00] [0.00] [0.01]

Panel C:Θ
(
%

)
2 -0.90 -0.03 -0.61 0.47 -0.27 0.46 -0.34
3 -1.40 0.76 -0.37 1.34 0.27 1.39 0.18
4 -1.42 1.56 -0.14 2.86 1.41 2.97 1.30
5 -1.06 2.06 0.40 4.01 2.51 4.19 2.39
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is presented in the second column. We see, even when taking explicitly into account

issues with publication lags and data revisions using vintage data corresponding to

the time of the forecasts, that LNt is able to forecast bond risk premia more accurately

than the EH model. The out-of-sample R2 implies statistically significant reductions

in MSPE of about 8-9% on average. This stands in contrast to the general conclusion

in Ghysels et al. (2014) and shows that past macroeconomic variables do contain

important information about future bond risk premia, at least in a statistical sense.

Considering a two-factor model including CPt and LNt results in a positive and

statistically significant R2
oos value for the two-year bond, but negative R2

oos values for

the remainder of the maturity spectrum.

Our main interest centers on the out-of-sample predictive ability of expected

business conditions relative to both a recursively updated EH model and the existing

forecasting factors. Starting with the first point, we see that MEt performs somewhat

poorly at the very short end of the maturity spectrum, where it realizes a negative R2
oos

of -7.17%. It does, however, produce highly positive and significant MSPE reductions

for the remainder of the maturity spectrum from 2.08% to 13.08%. Augmenting the

CPt specification with MEt results in positive and significant R2
oos values for all bond

maturities ranging from a low of 6.53% for the two-year bond to a high of 16.12% for

the five-year bond. Consequently, MEt and CPt appear to contain complementary

information that results in significant out-of-sample forecasting gains. Similarly,

augmenting the LNt specification with MEt results in statistically significant, and

mostly positive, improvements over the EH model, although the LNt model performs

better on its own for the two and three-year bonds.

Lastly, we consider a three-factor specification that includes all forecasting factors.

In this case, we see positive and highly significant R2
oos values across the entire bond

maturity spectrum. The R2
oos ranges from a low of 12.31% for the two-year bond to

a high of 17.86% for the five-year bond, which are the highest attained values for

any maturity. This sustains the real-time importance of MEt as a reliable source

of information to consider when forecasting bond excess returns out-of-sample,

especially for the longer maturity bonds. It also supports the notion that all three

factors contain independent information important for correctly assessing one-year

ahead variations in bond risk premia.

In Table 2.7, we consider the results from testing nested excess bond return

prediction models against each other to verify, in a statistical sense, the observed

patterns from Panel A in Table 2.6. In the first row of each panel, we test whether

augmenting the CPt model with MEt results in significant improvements in predictive

accuracy. This is indeed the case with high certainty for all maturities with R2
oos values

in the range of 19-30% (p-values are virtually zero). As mentioned above, we see that

augmenting the LNt model with MEt only leads to significant improvements for the

four- and five-year bonds, whereas LNt is better on its own at the shorter end. Lastly,

we note that augmenting the two-factor CPt and LNt specification with MEt for all
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Table 2.7: Model Comparisons.
This table reports the out-of-sample results from forecasting one-year ahead bond risk premia
using nested models with and without expected business conditions

(
MEt

)
. R2

oos is the out-of-
sample R2 suggested in Campbell and Thompson (2008). For each R2

oos, we report p-values
from the Clark and West (2007) test of equal predictive ability in square brackets. ∆

(
%

)
de-

notes the annualized percentage utility gain between the model including expected business
conditions and the nested benchmark omitting expected business conditions. Θ

(
%

)
is the

annualized manipulation-proof measure from Goetzmann et al. (2007). For each ∆
(
%

)
, we re-

port p-values from the Diebold and Mariano (1995) test in square brackets. The out-of-sample
evaluation period starts in 1990:Q1 and ends in 2014:Q4.

R2
oos p-val ∆(%) p-val Θ(%)

Panel A: Two-year bond

CP+ME vs. CP 19.60 [0.00] 0.61 [0.03] 0.63
LN+ME vs. LN -9.41 [0.16] 0.46 [0.01] 0.49
CP+LN+ME vs. CP+LN 11.60 [0.02] 0.23 [0.19] 0.27

Panel B: Three-year bond

CP+ME vs. CP 25.19 [0.00] 1.80 [0.00] 1.67
LN+ME vs. LN -2.30 [0.11] 0.55 [0.13] 0.62
CP+LN+ME vs. CP+LN 16.25 [0.01] 0.57 [0.07] 0.56

Panel C: Four-year bond

CP+ME vs. CP 28.54 [0.00] 3.16 [0.00] 2.83
LN+ME vs. LN 3.00 [0.07] 1.18 [0.05] 1.41
CP+LN+ME vs. CP+LN 19.30 [0.00] 1.56 [0.00] 1.44

Panel D: Five-year bond

CP+ME vs. CP 29.28 [0.00] 3.95 [0.00] 3.58
LN+ME vs. LN 6.83 [0.05] 2.02 [0.01] 2.13
CP+LN+ME vs. CP+LN 20.67 [0.00] 2.19 [0.00] 2.00

maturities results in improved forecasting performance with positive and significant

R2
oos values in the range of about 12-20% (p-values of 0.02 or less).

As a supplement to the results in Table 2.6, we follow, among others, Goyal and

Welch (2008) and Rapach and Zhou (2013) and compute and plot in Figure 2.3 the

differences in cumulative squared prediction errors (DCSPE) between the EH bench-

mark and the i th forecasting model given by

DCSPEi ,t =
P∑

t=1

(
r x(n)

t+4 − r̂ x(n)
t+4,E H

)2 −
P∑

t=1

(
r x(n)

t+4 − r̂ x(n)
t+4,i

)2
(2.11)

for t = 1, . . . ,P , with P being the number of out-of-sample forecasts. The purpose of

this exercise is to assess the consistency of the model’s forecasting performance over

time. That is, to check that forecasting gains are not solely derived from a specific

event or period of time.

The graphical output in Figure 2.3 is largely supportive of the findings so far. In

particular, we note that the predictive performance of MEt , and the models in which
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Figure 2.3: Differences in cumulative squared prediction errors.
This figure illustrates the relative forecasting performance by plotting the difference in cumula-
tive squared prediction errors from (2.11) between the candidate forecasting model and the
expectations hypothesis (EH) model over the out-of-sample evaluation period, which covers
the period from 1990:Q1 to 2014:Q4. National Bureau of Economic Research (NBER) recession
periods are marked in gray shading.
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it appears, tends to increase steadily over time, implying consistent improvements

in forecasting accuracy over the EH model. Notably, this suggests that the predictive

ability is not derived from a particular event or time period, although clear improve-

ments are visible around recession periods. A similar pattern is observed for the LNt

factor. The CPt factor, on the other hand, while doing well in the beginning of the

sample, sees a sharp decline in predictive performance during the latest part of the

sample, which is especially pronounced for the longer maturity bonds.

2.5.3.2 Economic significance

The empirical analysis has insofar concentrated on statistical measures of predictive

accuracy. An investor, however, is likely to care more about the portfolio performance

attainable from using return prediction models to guide investment decisions. While

empirical studies frequently find statistical support for predictability, they fail to

document economic value to a mean-variance investor that trades in the Treasury

bond market (Thornton and Valente, 2012; Sarno et al., 2014).

To examine the economic value of using expected business conditions, we con-

sider the asset allocation problem of an investor with mean-variance preferences

that chooses the weight ω(n)
t to invest in a risky bond with n-years to maturity versus

the one-year risk-free yield y (1)
t .17 The resulting portfolio return r (n)

P,t+4 is given by

r (n)
P,t+4 = y (1)

t +ω(n)
t r x(n)

t+4 (2.12)

where y (1)
t and r x(n)

t+4 are defined in (2.1) and (2.3), respectively. In order to determine

the optimal weights, we assume that the mean-variance investor trades off expected

returns and risk by solving the expected utility maximization problem

max
ω(n)

t

Et

[
r (n)
P,t+4

]
− ϕ

2
Vart

[
r (n)
P,t+4

]
(2.13)

where ϕ measures the investor’s level of relative risk aversion, which we set equal

to ten. While this value is somewhat higher than what is normally considered in

empirical studies, this choice, as in Gargano et al. (2014), reflects the fact that lower

values of ϕ causes the weights placed on the risky bonds to hit the upper bounds

of our investment constraints more often than not for the EH benchmark and most

candidate models for the two-year bond, which makes it hard to reliably distinguish

the competing hypotheses.18 The solution to the maximization problem in (2.13)

delivers the following weight on the risky n-year bond

ω(n)
t = 1

ϕ

Et

[
r x(n)

t+4

]
Vart

[
r x(n)

t+4

] (2.14)

17See, among others, Campbell and Thompson (2008), Dangl and Halling (2012), Thornton and Valente
(2012), Rapach and Zhou (2013), Gargano et al. (2014), and Sarno et al. (2014), for similar analyses.

18Campbell and Thompson (2008), Thornton and Valente (2012), and Rapach and Zhou (2013) use a
coefficient of relative risk aversion equal to five, whereas Sarno et al. (2014) use a value of 3.
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where Et

[
r x(n)

t+4

]
and Vart

[
r x(n)

t+4

]
denote the conditional expectation and variance

of r x(n)
t+4, respectively. For each t ∈ 1, . . . ,P in the out-of-sample period, we estimate

the conditional mean using either the i th bond excess return prediction model or the

EH no-predictability benchmark model. The conditional variance is computed using

a rolling window estimator over the past twenty years of observations. To prevent the

investor from taking extreme positions, we restrict the weight ω(n)
t on the risky bond

to lie in the interval
[
0,1.5

]
. This corresponds to imposing a maximum leverage of

50% and no short-selling of the risky bond.

The average utility realized by the investor from using the sequence of realized

weights ŵ (n)
t , t = 1, . . . ,P , is given by

U
(n) = P−1

P∑
t=1

[
r (n)
P,t+4 −

ϕ

2

(
r (n)
P,t+4 −µ

(n)
P

)2
]

(2.15)

where µ(n)
P

denotes the average portfolio return attained by following the trading strat-

egy. For each excess return prediction model, we compute the annualized percentage

utility gain, denoted ∆
(
%

)
, relative to the simple EH no-predictability benchmark.

This average utility gain, or certainty equivalent return, can be interpreted as the

portfolio management fee (in annualized percentage returns) that an investor would

be willing to pay in order to switch from the EH model to the i th predictive model.

As a way to test statistically the differences in utility gains, we compute Diebold and

Mariano (1995) t-tests for the equality of realized utilities from the i th predictive

regression model and the EH model. A similar approach is used in Gargano et al.

(2014). To construct the test, we compute time series of realized utilities using (2.15)

and test whether the difference between the EH benchmark and the i th candidate

model is distinguishably different from zero.19

Another frequently used measure to assess portfolio performance is the Sharpe

ratio (SR). Alas, despite the wide use of the SR, it is subject to a series of drawbacks.

Most importantly, it can be manipulated in various ways (Goetzmann et al., 2007).

We therefore follow Thornton and Valente (2012) and report a manipulation-proof

performance measure for the i th predictor model relative to the EH model defined as

Θ= 1

1−ϕ

ln

P−1
P∑

t=1

R(n)
P,t+4,i

1+ y (1)
t+4

1−ϕ− ln

P−1
P∑

t=1

R(n)
P,t+4,E H

1+ y (1)
t+4

1−ϕ
 (2.16)

where R(n)
P,t+4,i denotes the gross portfolio return attained from following the strategy

implied by the i th forecasting model and R(n)
P,t+4,E H the analogous gross portfolio

return for the EH model.20 We report the annualized percentage measureΘ
(
%

)
for

each candidate model and bond maturity.

19To be more specific, we estimate the regression U(n)
i ,t −U(n)

E H ,t = δ(n) +ε(n)
t , where U(n)

i ,t is based on

(2.15) and test whether δ(n) is equal to zero using a HAC standard error estimator (Gargano et al., 2014).
20We refer to Goetzmann et al. (2007) for detailed information about the performance metric.
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Table 2.6 contains the results from the economic evaluation of the forecasting

models. Panel B presents the results for the average annualized percentage utility

gains, ∆
(
%

)
, attained relative to the EH benchmark and Panel C presents results for

the manipulation-proof performance measure, Θ
(
%

)
. Guiding investment decisions

using CPt results in negative utility gains across the entire maturity spectrum ranging

from -0.84 to -1.95, implying that CPt does not provide any economic benefit over

simply using a constant expected return forecast. This echoes the results from Thorn-

ton and Valente (2012), the statistical evaluation herein, and the manipulation-proof

performance measure,Θ
(
%

)
, in Panel C, which takes on negative values for the en-

tire maturity spectrum as well. The LNt factor delivers negative utility gains for the

two-year bond, but positive gains from 0.43 to 1.93 for the remainder of the maturity

spectrum, where the gains are significant for the three- and four-year bonds.Θ
(
%

)
tells a similar story. This supports the argument in Thornton and Valente (2012) that

statistical gains does not mechanically translate into economic gains. Considering a

joint two-factor specification of LNt and CPt results in negative utility gains for all

maturities. The same is true forΘ
(
%

)
, except for the five-year bond, where it is just

on the positive side.

Expected business conditions, on the other hand, generate positive utility gains

ranging monotonically from 0.32 for the two-year bond to 3.85 for the five-year bond.

These gains are significant at the 5% level or less for all maturities. Moreover, despite

the statistical evidence suggesting a weaker forecasting performance at the short end

of the maturity spectrum relative to LNt , we see that the economic gains from using

MEt are higher for all maturities. Similar to the statistical evidence, however, we see

that the largest utility gains are attained at the long end of the maturity spectrum.

These results are mirrored byΘ
(
%

)
, which increases monotonically from 0.47 to 4.01.

Augmenting the CPt model with MEt yields positive utility gains ranging from 0.16 to

2.38 for the three- to five-year bonds, although the gains are only significant for the

four- and five-year bonds. A similar story is told by theΘ
(
%

)
measure, which ranges

from -0.27 to 2.51. On the other hand, we see that the two-factor specification includ-

ing MEt and the real-time LNt factor delivers positive utility gains for all maturities of

a magnitude slightly larger than for MEt alone. ∆
(
%

)
ranges from a low of 0.31 for the

two-year bond to a high of 3.95 for the five-year bond and the average utility gains

are all significant at a 5% level or lower. As for the statistical evaluation, we see the

largest gains at the longer end of the maturity spectrum. Interestingly, this makes

a compelling case for trading based on the current and expected state of the real

economy. Finally, while the three-factor specification delivered the highest statistical

significance, it fails to provide superior economic value.

In the remaining columns of Table 2.7, we present the results from computing

realized utility gains and risk-adjusted returns from augmenting the existing forecast-

ing models from the literature with our measure of expected business conditions. In

contrast to the statistical evaluations, we see universal improvements from adding
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MEt as a covariate in all cases. As a whole, the utility gains range from a low of 0.23

to a high of 3.95 across model specifications and bond maturities, where almost

all the gains are significant at a 10% level or lower. The same story is told by Θ
(
%

)
,

which ranges between 0.27 and 3.58. Thus, from an economic perspective, there is

ample evidence supporting the use of expected business conditions to guide port-

folio decisions. In fact, an investor’s economic utility could have been significantly

improved in all instances had the investor exploited the information in expected

business conditions.

Figure 2.4 plots the cumulative differences between the realized utility from re-

lying on the i th forecasting model and the EH benchmark, respectively, to gauge

whether utility gains are realized consistently over the out-of-sample period or at-

tributable to specific periods in time only. We compute time series of realized utilities

as in (2.15) and the cumulative differences analogously to (2.11). The figure, for most

parts, mirrors the results from Figure 2.3. Most utility gains do not seem to be driven

by a specific period in time, i.e. most slopes are on average in the same direction. In

particular, models including MEt seem to deliver particularly stable utility gains over

the out-of-sample forecasting period. The exception being CPt , which fails to provide

useful signals during and after the latest financial crisis. We return briefly to this point

in Section 2.5.5. Overall, both the statistical and the economic evaluations of the

out-of-sample forecasting performance suggest that MEt contains information useful

for forecasting bond risk premia and making asset allocation decisions in real-time.

In particular, not only does MEt predict excess bond returns on its own, but com-

bining it with existing forecasting factors results in increased statistical significance,

particular at the long end of the maturity spectrum, and universal improvements in

portfolio performance. As such, this suggests that not only do we need to look beyond

the term structure to fully understand bond risk premia as suggested in Ludvigson

and Ng (2009), Cooper and Priestley (2009), Duffee (2011), and Joslin et al. (2014), we

also need to look beyond current and past values of macroeconomic fundamentals.

2.5.4 Model combinations

Since the seminal paper of Bates and Granger (1969), it has been widely acknowl-

edged that combining forecasts across models may produce a forecast that performs

better than any of the individual forecasts (Rapach, Strauss, and Zhou, 2010; Dangl

and Halling, 2012). Timmermann (2006) points out that forecast combination can

be viewed as a diversification strategy in the sense that combined forecasts are less

volatile than individual forecasts, thereby dealing with model uncertainty and pa-

rameter instability in a simple manner. Model uncertainty would as such not be a

concern if all models were able to beat the EH benchmark consistently. However, this

is not the case as the evaluations in Section 2.5.3 revealed significant variation in

model performances. To investigate whether an investor could improve upon the

individual models by combining forecasts, we consider two different combination
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Figure 2.4: Differences in cumulative realized utility.
This figure illustrates the relative portfolio performance by plotting the difference in cumulative
realized utility from (2.15) between the candidate forecasting model and the expectations
hypothesis (EH) model over the out-of-sample evaluation period, which covers the period
from 1990:Q1 to 2014:Q4. National Bureau of Economic Research (NBER) recession periods
are marked in gray shading.
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schemes. The first scheme diversifies across the three forecasts generated by CPt

and LNt models, whereas the second scheme combines the forecasts from all seven

models considered in the in-sample and out-of-sample analyses. For both cases, we

consider the simple equal-weighted combination of forecasts.

Table 2.8: Forecast combination.
This table reports the out-of-sample results from forecasting one-year ahead bond risk premia
using combinations of forecasts. Panel A presents the results from combining forecasts from
the three CPt and LNt models and Panel B presents the results from combining forecasts for all
seven model. R2

oos is the out-of-sample R2 suggested in Campbell and Thompson (2008). For
each R2

oos, we report p-values from the Clark and West (2007) test of equal predictive ability in
square brackets. ∆

(
%

)
denotes the annualized percentage utility gain relative to the EH model.

Θ
(
%

)
is the annualized manipulation-proof measure from Goetzmann et al. (2007). For each

∆
(
%

)
, we report p-values from the Diebold and Mariano (1995) test in square brackets. The

out-of-sample evaluation period starts in 1990:Q1 and ends in 2014:Q4.

n R2
oos p-val ∆(%) p-val Θ(%)

Panel A: Forecast combination using CPt and LNt models

2 8.00 [0.02] -0.42 [0.86] -0.47
3 5.98 [0.04] -0.49 [0.75] -0.36
4 5.05 [0.04] -0.49 [0.73] -0.19
5 3.85 [0.06] -0.06 [0.53] 0.22

Panel B: Forecast combination using all models

2 15.28 [0.02] 0.09 [0.34] 0.11
3 17.17 [0.02] 0.46 [0.20] 0.64
4 18.86 [0.01] 1.22 [0.04] 1.36
5 18.67 [0.01] 2.07 [0.00] 2.08

The results from the forecast combination schemes are presented in Table 2.8. The

first combination scheme seems to mirror the impressions from the individual model

evaluations (Panel A). While the reductions in MSPE relative to the EH benchmark

are statistically significant at a 6% significance level or lower for all maturities, we

see that both ∆
(
%

)
andΘ

(
%

)
turns out negative, with the exception ofΘ

(
%

)
for the

five-year bond. In the second combination scheme, where we combine forecasts

from all seven models, we again see positive and statistically significant R2
oos values

(Panel B). The MSPE reductions, which range from 15.81% to 19.60%, are of sizable

magnitude and, in fact, surpasses all individual models from Table 2.6. Unlike the first

scheme, the second scheme delivers positive utility gains with ∆
(
%

)
ranging from

0.13 to 2.11 andΘ
(
%

)
ranging from 0.16 to 2.17. The utility gains are significant for

the four- and five-year bonds. As was the case for the individual model evaluations,

we see the largest gains, both statistically and economically, being concentrated in

the longer end of the bond maturity spectrum.
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2.5.5 Links to the real economy

Recent studies argue that return predictability itself may be time-varying and not

necessarily present in all states of the economy (Henkel et al., 2011; Dangl and Halling,

2012; Rapach and Zhou, 2013; Møller and Sander, 2015; Andreasen et al., 2015). A

standard way to assess state-dependent predictability is to split the out-of-sample

forecast errors, ex post, into periods of expansions and recessions using the NBER

recession indicator. However, due to the use of annual excess holding period returns

and the quarterly data frequency, such an approach seems infeasible as it would be

difficult to disentangle the effects for holding periods returns realized over multiple

economic states. Examining how forecast performance is related to the real economy,

however, still seems a worthwhile exercise. To do so, we consider the contempora-

neous correlations between the differences in cumulative squared prediction errors

and realized utilities, respectively, and the three-month moving average of the CFNAI

in Panels A and B of Table 2.9. We start by noticing that correlations vary markedly

across forecasting models. In particular, the forecasting performance of CPt relative

to the EH benchmark appears to be positively correlated with the CFNAI, indicating

that CPt performs well during good times when the CFNAI is high and poorly during

recessions when CFNAI is low. This is consistent with the findings in Andreasen et al.

(2015), who document that bond risk premia are only predictable by term structure

variables in expansion periods. In fact, all models containing CPt tend to perform

poorly in recessions relative to the EH benchmark model, something that is also visi-

ble in Figure 2.3. The relative forecast performance for the remaining models, which

are based on LNt , MEt , or a combination of the two, is negatively correlated with the

CFNAI, implying that these models perform comparatively better during periods of

economic recession in which the CFNAI is low.21 Notice that this suggests different

roles for term structure variables and business conditions in expansions vis-a-vis

recessions. A similar picture is observed for realized utilities in Panel B, although all

correlations are positive for the two-year bond.

To provide an informal investigation of the forecasting mechanisms of the models,

we consider the correlation between the out-of-sample forecasts and the CFNAI and

macroeconomic uncertainty
(
UMacro

t

)
in Panels C and D, respectively, where we

measure macroeconomic uncertainty using the index constructed in Jurado et al.

(2015).22 Starting with Panel C, we see that almost all model forecasts are negatively

correlated with the CFNAI, which is consistent with risk-based explanations for

time-variations in bond risk premia. That is, the models predict high (low) excess

return when economic conditions are bad (good). The exception being the CPt

model whose predictions are, albeit the magnitudes are small, on average positively

correlated with the real economy, accounting for part of its poor out-of-sample

performance. Looking at the correlation between the out-of-sample forecasts and

21This is consistent with the results in Gargano et al. (2014).
22The macro uncertainty index is available at http://www.econ.nyu.edu/user/ludvigsons/.

http://www.econ.nyu.edu/user/ludvigsons/
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Table 2.9: Correlations between forecast performance, forecasts, and economic variables.
This table reports contemporaneous correlations between relative forecast and portfolio perfor-
mance and the real economy as measured by the Chicago Fed National Activity Index

(
CFNAIt

)
in Panels A and B. Relative forecast performance is defined as the difference in cumulative
squared prediction error

(
DCSPEt

)
from (2.11) and portfolio performance is the cumulative

difference in realized utilities
(
DCRUt

)
from (2.15). Panels C and D report contemporaneous

correlations between expected bond risk premia and the CFNAIt and macroeconomic uncer-

tainty
(
UMacro

t

)
, respectively. Macro uncertainty is the uncertainty index constructed in Jurado

et al. (2015). The out-of-sample evaluation period starts in 1990:Q1 and ends in 2014:Q4.

2-year 3-year 4-year 5-year 2-year 3-year 4-year 5-year

Panel A: ρ
(
DCSPEt ,CFNAIt

)
Panel B: ρ

(
DCRUt ,CFNAIt

)
CP 0.53 0.49 0.47 0.44 0.48 0.37 0.30 0.26
LN -0.25 -0.25 -0.22 -0.25 0.24 -0.14 -0.27 -0.27
CP+LN 0.42 0.42 0.44 0.41 0.50 0.38 0.29 0.23
ME -0.31 -0.42 -0.32 -0.26 0.02 -0.28 -0.27 -0.24
CP+ME 0.16 0.24 0.29 0.23 0.54 0.45 0.31 0.14
LN+ME -0.41 -0.42 -0.32 -0.27 0.04 -0.28 -0.27 -0.25
CP+LN+ME 0.03 0.12 0.22 0.17 0.49 0.41 0.29 0.16
FC1 0.25 0.30 0.33 0.32 0.50 0.38 0.31 0.24
FC2 -0.08 -0.03 0.02 0.02 0.30 0.27 0.18 0.07

Panel C: ρ
(
Et r x(n)

t+4,CFNAIt

)
Panel D: ρ

(
Et r x(n)

t+4,UMacro
t

)
CP 0.03 0.02 0.03 0.02 -0.24 -0.23 -0.24 -0.23
LN -0.09 -0.09 -0.07 -0.07 -0.14 -0.13 -0.13 -0.11
CP+LN -0.02 -0.02 0.01 0.00 -0.29 -0.28 -0.30 -0.28
ME -0.43 -0.43 -0.42 -0.42 0.18 0.20 0.20 0.20
CP+ME -0.29 -0.27 -0.23 -0.26 0.02 0.02 -0.03 0.01
LN+ME -0.37 -0.37 -0.34 -0.36 0.06 0.07 0.06 0.10
CP+LN+ME -0.23 -0.21 -0.15 -0.19 -0.10 -0.11 -0.16 -0.10
FC1 -0.03 -0.03 -0.00 -0.01 -0.28 -0.27 -0.28 -0.26
FC2 -0.24 -0.23 -0.20 -0.22 -0.09 -0.09 -0.11 -0.07

macro uncertainty in Panel D, we see that the traditional models are all negatively

correlated with UMacro
t , implying that bond risk premia are predicted to be high

when macroeconomic uncertainty is low. MEt , on the other hand, is highly positively

correlated with UMacro
t , indicating that expected business conditions predicts bond

risk premia to be high when macro uncertainty is high as well. The same is true for

the two-factor model including LNt and MEt , whereas the remaining models are

either unrelated or negatively correlated with macroeconomic uncertainty.

2.5.6 Forecasting quarterly excess bond returns

As a complement, and robustness check, to the main empirical results presented so

far for one-year ahead bond risk premia, this section follows a recent strand of the

literature that studies bond excess returns over shorter holding periods (Gargano

et al., 2014; Andreasen et al., 2015). To be specific, we consider quarterly excess bond
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returns, which is the shortest holding period permitted by the frequency of the SPF

responses, and explore whether the main conclusions are robust to a change in the

length of the holding period.

To obtain quarterly bond risk premia, we start by reconstructing the yield curve

at a daily frequency relying on the methods developed in Nelson and Siegel (1987)

and Svensson (1994) and the model parameters estimated in Gürkaynak, Sack, and

Wright (2007). The time t log yield of an n-year zero-coupon Treasury bond is, in this

setup, given by

y (n)
τ =β0 +β1

1−exp
(
− n
κ1

)
n
κ1

+β2

1−exp
(
− n
κ1

)
n
κ1

−exp

(
− n

κ1

)
+β3

1−exp
(
− n
κ2

)
n
κ2

−exp

(
− n

κ2

) (2.17)

where τ denotes the daily time index. The parameters
(
β0,β1,β2,β3,κ1,κ2

)
are pro-

vided by Gürkaynak et al. (2007), who report estimates of the yield curve from June

1961 and onwards at a daily frequency for the entire maturity spectrum spanned by

outstanding Treasury securities.23 The authors rely on the Nelson and Siegel (1987)

specification for the period up until 1980, i.e. restrict β3 to equal zero, to obtain a

better identified yield curve without compromising fit (Gürkaynak et al., 2007, p.

2297). To keep the results comparable, we focus on bonds with the same maturities

as above. Yields are converted to a quarterly frequency by sampling from the last day

of the second month in each quarter. Quarterly bond risk premia are then computed

analogously to (2.1)-(2.3) in Section 2.2 by buying an n-year bond today and selling it

after one quarter as an n−1/4 year bond. The risk-free rate is a three-month Treasury

bill (Secondary Market Rate).

Table 2.10 presents full sample results from regressing one-step ahead quarterly

bond risk premia on a subset of the model specifications from Table 2.5. We recon-

struct all predictors using the quarterly bond price data analogously to their annual

holding period return counterparts and add the superscripted suffix GSW to avoid

confusion. For expected business conditions, we rely on one-quarter ahead survey

forecasts only to match the holding period. The results in Table 2.10 largely mirror

the ones from Sections 2.3 and 2.5.2. In particular, we see that MEGSW
t is highly sig-

nificant across the maturity spectrum and, by itself, is able to explain between 4%

and 6% of the variation in one-quarter ahead bond risk premia.24 Running horse

races against the standard factors, CPGSW
t and LNGSW

t , reveals that MEGSW
t contains

relevant information about future risk premia not already captured by the current

23The data is available at http://www.federalreserve.gov/pubs/feds/2006/200628/200628abs.html.
24The R2 values are naturally lower in this setting due to the shorter holding periods, see also Gargano

et al. (2014).

http://www.federalreserve.gov/pubs/feds/2006/200628/200628abs.html
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Table 2.10: In-sample results for quarterly bond risk premia.
This table reports slope estimates from regressing one-quarter ahead bond risk premia upon
various combinations of predictors. CPGSW

t is the forward rate-based factor from Cochrane

and Piazzesi (2005), LNGSW
t is the macro-based factor from Ludvigson and Ng (2009), and

MEGSW
t represents our proxy for expected business conditions described in Section 2.3. Al-

though not reported, all regressions contain an intercept. Newey and West (1987) t-statistics
implemented with six lags are presented in parentheses. Adj. R2 (

%
)

denotes the full sample
adjusted coefficient of determination in percentage. The sample period starts in 1968:Q4 and
ends in 2014:Q4.

CPGSW
t LNGSW

t MEGSW
t adj R2 (

%
)

Panel A: Two-year bond

(a) 0.55 3.88
(2.44)

(b) 0.65 0.57 8.90
(3.20) (2.21)

(c) 0.64 0.53 9.29
(5.04) (2.62)

(d) 0.57 0.60 10.43
(2.67) (4.12)

(e) 0.59 0.58 0.54 13.72
(2.99) (3.84) (2.36)

Panel B: Three-year bond

(a) 0.88 4.91
(2.90)

(b) 0.92 0.91 9.91
(3.40) (2.59)

(c) 0.89 0.84 10.24
(5.35) (3.20)

(d) 0.80 0.84 10.33
(2.81) (4.28)

(e) 0.83 0.81 0.87 14.64
(3.21) (3.83) (2.82)

Panel C: Four-year bond

(a) 1.16 5.43
(3.21)

(b) 1.16 1.19 10.53
(3.51) (2.83)

(c) 1.09 1.11 10.47
(5.29) (3.60)

(d) 1.01 1.03 10.14
(2.91) (4.15)

(e) 1.05 0.98 1.14 14.99
(3.35) (3.63) (3.13)

Panel D: Five-year bond

(a) 1.41 5.71
(3.40)

(b) 1.38 1.44 10.86
(3.55) (2.99)

(c) 1.25 1.35 10.39
(5.01) (3.86)

(d) 1.21 1.18 9.85
(2.94) (3.88)

(e) 1.25 1.12 1.39 14.99
(3.39) (3.36) (3.32)
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term structure or business environment. In all cases, we see that all factors are highly

significant and that the addition of MEt increases the explanatory power, supporting

the conclusion that MEt can be viewed as a complementary source of information

for explaining one-step ahead variations in bond risk premia.

2.6 Concluding remarks

This paper contributes to the literature that examines the source of variations in

the risk premia required by investors for holding US Treasury bonds. While existing

studies mainly rely on information in the current term structure and business envi-

ronment, our study takes a forward-looking perspective by constructing a real-time

proxy for expected business conditions using survey forecasts from the Survey of

Professional Forecasters (SPF).

Our findings indeed suggest that a sizable fraction of the risk premia on two- to

five-year zero-coupon US Treasury bonds can be accounted for by expected business

conditions. Consistent with recent research, we find that the majority of the predic-

tive information lies outside the span of contemporaneous yields. Moreover, direct

comparisons with the Cochrane and Piazzesi (2005) and Ludvigson and Ng (2009)

factors reveal a non-negligible role for expected business conditions in explaining

one-year ahead variations in bond risk premia. As a result, we view expected business

conditions as a complementary source of information not already embedded in the

standard predictors. Our results are confirmed in a real-time out-of-sample exercise,

where the predictive accuracy of expected business conditions relative to the exist-

ing predictors is evaluated using both conventional statistical measures and from

the perspective of a mean-variance investor. Our results suggest that expected busi-

ness conditions are able to generate significantly better forecasts than a recursively

updated EH model and that augmenting existing models with expected business

conditions improves forecasting performance in most cases. Finally, we find that

expected business conditions significantly improve upon an investor’s economic

utility when used to guide real-time investment decisions.
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Appendix

A.1 Data appendix

Below we list the 67 macroeconomic time series used to construct the latent common

factors underlying the recursive construction of our variant of the LNt factor. The

data are obtained from the Archival Federal Reserve Economic database (ALFRED)

hosted at the Federal Reserve Bank of St. Louis. We refer to Section 2.4 for detailed

information on the construction of the LNt factor, our treatment of the data, and

dealing with multiple or missing vintages in a particular month. For each variable,

we report FRED mnemonics, a full variable description, and the transformation code

(tcode) used to ensure covariance stationarity of the underlying data series.

To fix notation for the transformations, let xi ,t and xraw
i ,t denote the i th variable

observed at time t after transformation and the actual (untransformed) input series,

respectively, and let ∆= (
1−L

)
, with L being a lag operator such that Lxraw

i ,t = xraw
i ,t−1.

We then apply one of six possible transformations:

1. lvl: xi ,t = xraw
i ,t

2. ∆ lvl: xi ,t = xraw
i ,t −xraw

i ,t−1

3. ∆2 lvl: xi ,t =∆2xraw
i ,t

4. ln: xi ,t = ln
(
xraw

i ,t

)

5. ∆ ln: xi ,t = ln
(
xraw

i ,t

)
− ln

(
xraw

i ,t−1

)

6. ∆2 ln: xi ,t =∆2 ln
(
xraw

i ,t

)

Where applicable, we use the same transformation codes for variable transformation

as in the FRED-MD dataset discussed in McCracken and Ng (2015), which relies on

the same underlying data source.25

25The FRED-MD dataset is available from https://research.stlouisfed.org/econ/mccracken/

fred-databases/.

https://research.stlouisfed.org/econ/mccracken/fred-databases/
https://research.stlouisfed.org/econ/mccracken/fred-databases/
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No. Mnemonic Variable description tcode

1 AWHMAN Average Weekly Hours of Production and Nonsupervisory Employees: Manufacturing 1
2 AWHNONAG Average Weekly Hours Of Production And Nonsupervisory Employees: Total private 2
3 AWOTMAN Average Weekly Overtime Hours of Production and Nonsupervisory Employees: Manufacturing 2
4 CE16OV Civilian Employment 5
5 CLF16OV Civilian Labor Force 5
6 CPIAUCSL Consumer Price Index for All Urban Consumers: All Items 6
7 CURRDD Currency Component of M1 Plus Demand Deposits 6
8 CURRSL Currency Component of M1 5
9 DEMDEPSL Demand Deposits at Commercial Banks 6
10 DMANEMP All Employees: Durable Goods 5
11 DSPI Disposable Personal Income 5
12 DSPIC96 Real Disposable Personal Income 5
13 HOUST Housing Starts: Total: New Privately Owned Housing Units Started 4
14 HOUST1F Privately Owned Housing Starts: 1-Unit Structures 4
15 HOUST2F Housing Starts: 2-4 Units 4
16 HOUSTMW Housing Starts in Midwest Census Region 4
17 HOUSTNE Housing Starts in Northeast Census Region 4
18 HOUSTS Housing Starts in South Census Region 4
19 HOUSTW Housing Starts in West Census Region 4
20 INDPRO Industrial Production Index 5
21 M1SL M1 Money Stock 6
22 M2SL M2 Money Stock 6
23 MANEMP All Employees: Manufacturing 5
24 NDMANEMP All Employees: Nondurable goods 5
25 OCDSL Other Checkable Deposits 6
26 PAYEMS All Employees: Total nonfarm 5
27 PCE Personal Consumption Expenditures 5
28 PCEDG Personal Consumption Expenditures: Durable Goods 5
29 PCEND Personal Consumption Expenditures: Nondurable Goods 5
30 PCES Personal Consumption Expenditures: Services 5
31 PFCGEF Producer Price Index: Finished Consumer Goods Excluding Foods 6
32 PI Personal Income 5
33 PPICPE Producer Price Index: Finished Goods: Capital Equipment 6
34 PPICRM Producer Price Index: Crude Materials for Further Processing 6
35 PPIFCF Producer Price Index: Finished Consumer Foods 6
36 PPIFGS Producer Price Index: Finished Goods 6
37 PPIIFF Producer Price Index: Intermediate Foods & Feeds 6
38 PPIITM Producer Price Index: Intermediate Materials: Supplies & Components 6
39 SAVINGSL Savings Deposits - Total 6
40 SRVPRD All Employees: Service-Providing Industries 5
41 STDCBSL Small Time Deposits at Commercial Banks 6
42 STDSL Small Time Deposits - Total 6
43 STDTI Small Time Deposits at Thrift Institutions 6
44 SVGCBSL Savings Deposits at Commercial Banks 6
45 SVGTI Savings Deposits at Thrift Institutions 6
46 SVSTCBSL Savings and Small Time Deposits at Commercial Banks 6
47 SVSTSL Savings and Small Time Deposits - Total 6
48 TCDSL Total Checkable Deposits 6
49 UEMP5TO14 Number of Civilians Unemployed for 5 to 14 Weeks 5
50 UEMP15OV Number of Civilians Unemployed for 15 Weeks & Over 5
51 UEMP15T26 Number of Civilians Unemployed for 15 to 26 Weeks 5
52 UEMP27OV Number of Civilians Unemployed for 27 Weeks and Over 5
53 UEMPLT5 Number of Civilians Unemployed - Less Than 5 Weeks 5
54 UEMPMEAN Average (Mean) Duration of Unemployment 2
55 UEMPMED Median Duration of Unemployment 2
56 UNEMPLOY Unemployed 5
57 UNRATE Civilian Unemployment Rate 2
58 USCONS All Employees: Construction 5
59 USFIRE All Employees: Financial Activities 5
60 USGOOD All Employees: Goods-Producing Industries 5
61 USGOVT All Employees: Government 5
62 USMINE All Employees: Mining and logging 5
63 USPRIV All Employees: Total Private Industries 5
64 USSERV All Employees: Other Services 5
65 USTPU All Employees: Trade, Transportation & Utilities 5
66 USTRADE All Employees: Retail Trade 5
67 USWTRADE All Employees: Wholesale Trade 5
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A.2 Predictive ability across forecast horizons

To better understand the predictive ability of survey forecasts for different forecast

horizons, we construct horizon specific versions of the first three principal compo-

nents
(
PE1,t ,PE2,t ,PE3,t

)
and the macroeconomic expectations factor, MEt , using data

from the Survey of Professional Forecasters (SPF). We estimate the horizon specific

principal components and MEt factors analogously to their full horizon counter-

parts in Section 2.3. The results, which are presented in Table A.1, show that the

predictive ability of survey forecasts is not confined to a particular forecast horizon.

In fact, albeit some heterogeneity is present in the loading sizes and significance,

we see that the overall results are remarkably similar across forecast horizons. The

pattern of loadings being an increasing function of bond maturity in absolute value

emerges again and the same functions of horizon specific components forecast bond

risk premia for all maturities. As such, we view our use of the full term structure of

survey expectations as a way to average, in a sense, over the heterogeneities in the

predictive abilities, thereby avoiding having to evaluate all possible combinations of

components and forecast horizons in the SPF data.

A.3 Visualizing principal component loadings

While the loadings from the principal component analysis are tabulated in Table

2.1, this section provides a visual interpretation by plotting the loadings in bar form

in Figure A.1. The interpretation is naturally identical to the one obtained from the

Figure A.1: Principal component loadings.
This figure illustrates the loadings from the principal component analysis in Section 2.3.
Loadings are grouped by macroeconomic fundamentals and ordered from shortest to longest
forecast horizon.
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tabulated loadings, but the visualization may be more informative in some aspects.
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Table A.1: Predictive ability across forecast horizons.
This table reports slope estimates from regressing one-year ahead bond risk premia upon
horizon specific versions of the first three principal components (PE1,t ,PE2,t ,PE3,t ) of the Survey

of Professional Forecasters (SPF) forecasts and expected business conditions
(
MEt

)
. Although

not reported, all regressions contain an intercept. Hansen and Hodrick (1980) t-statistics
implemented with four lags are presented in parentheses. Adj. R2 (

%
)

denotes the full sample
adjusted coefficient of determination in percentage. The sample period starts in 1968:Q4 and
ends in 2014:Q4.

PE1,t PE2,t PE3,t adj R2 (
%

)
MEt adj R2 (

%
)

Panel A: Two-year bond

One-quarter ahead 0.13 0.21 -0.77 20.08 0.47 19.97
(1.44) (1.42) (-3.94) (5.29)

Two-quarters ahead 0.19 0.19 -0.77 20.35 0.46 20.39
(2.36) (1.22) (-3.62) (5.35)

Three-quarters ahead 0.16 0.22 -0.75 18.58 0.46 18.63
(2.27) (1.31) (-3.12) (4.37)

Four-quarters ahead 0.13 0.24 -0.69 15.33 0.45 15.37
(1.60) (1.22) (-2.58) (3.23)

Panel B: Three-year bond

One-quarter ahead 0.22 0.51 -1.31 19.43 0.86 20.05
(1.46) (1.82) (-3.88) (5.26)

Two-quarters ahead 0.32 0.46 -1.37 20.70 0.86 21.32
(2.23) (1.66) (-3.83) (5.51)

Three-quarters ahead 0.27 0.51 -1.35 19.31 0.86 19.95
(1.91) (1.75) (-3.35) (4.60)

Four-quarters ahead 0.19 0.55 -1.24 16.03 0.86 16.72
(1.21) (1.60) (-2.73) (3.40)

Panel C: Four-year bond

One-quarter ahead 0.42 0.87 -1.61 19.24 1.20 20.08
(1.95) (2.29) (-3.82) (5.39)

Two-quarters ahead 0.51 0.83 -1.69 20.67 1.20 21.50
(2.58) (2.18) (-3.79) (5.68)

Three-quarters ahead 0.38 0.91 -1.66 19.03 1.20 19.88
(2.05) (2.25) (-3.23) (4.70)

Four-quarters ahead 0.23 0.98 -1.50 15.81 1.20 16.69
(1.14) (2.03) (-2.52) (3.44)

Panel D: Five-year bond

One-quarter ahead 0.52 1.12 -1.90 19.43 1.46 20.15
(1.99) (2.58) (-4.02) (5.35)

Two-quarters ahead 0.63 1.08 -2.02 21.12 1.47 21.84
(2.57) (2.52) (-4.03) (5.76)

Three-quarters ahead 0.46 1.19 -1.99 19.72 1.48 20.46
(2.03) (2.58) (-3.42) (4.84)

Four-quarters ahead 0.27 1.27 -1.82 16.69 1.49 17.46
(1.13) (2.30) (-2.66) (3.58)
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In particular, the graphical illustration naturally revels that loadings are similar in

size for a particular fundamental across forecast horizons, albeit some heterogeneity

in loading sizes are present. However, no loading is placed entirely on a particular

forecast horizon for any of the macroeconomic fundamentals.

A.4 Participation of individual forecasters

As mentioned in Section 2.3, the average number of participating forecasters in our

sample is about 36 per quarter. However, this number fluctuates over time as indi-

vidual forecasters exit and enter the sample at various points in time.26 To illustrate

the participation, we consider in Figure A.2 the one-quarter ahead forecasts pro-

vided for the GDP variable over our sample period. Each dot represents a response

Figure A.2: Participation of individual forecasters.
This figure illustrates the participation of individual forecasters over our sample period. The
blue dots represents a submitted forecasts from forecaster i at time t . Forecaster IDs with
no forecast submissions have been removed for easier readability of the figure. As a result,
our notation of Forecaster ID need not correspond to the ID from the Survey of Professional
Forecasters (SPF). The sample period starts in 1968:Q4 and ends in 2014:Q4.
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by forecaster i , who are represented by a unique, but anonymous, forecaster ID, at

time t . We see that the composition of the panel of professional forecasters vary over

time and that individual forecasters frequently enter, exit, and re-enter the sample at

various points in time.

A.5 The term structure of expected business conditions

The descriptive statistics in Section 2.3 suggested that survey forecasts are extrap-

olative in the forecast horizon. As a verification, we plot in Figure A.3 one- through

26See Capistrán and Timmermann (2009) for a discussion on how best to deal with these exits and
entries from a forecasting perspective.
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Figure A.3: Term structure of expected business conditions.
This figure plots one- through four-quarter ahead forecasts from the Survey of Professional
Forecasters (SPF). The sample period starts in 1968:Q4 and ends in 2014:Q4.

1970 1975 1980 1985 1990 1995 2000 2005 2010
0

5

10

GDP

1970 1975 1980 1985 1990 1995 2000 2005 2010

2

4

6

8

Inflation

One-quarter ahead
Two-quarters ahead
Three-quarters ahead
Four-quarters ahead

1970 1975 1980 1985 1990 1995 2000 2005 2010
-10

0

10

20

Corporate Profitability

1970 1975 1980 1985 1990 1995 2000 2005 2010

-10

0

10

Unemployment

1970 1975 1980 1985 1990 1995 2000 2005 2010

0

4

8

Industrial Production

1970 1975 1980 1985 1990 1995 2000 2005 2010

-20

0

20

40

60
Housing

four-quarter ahead forecasts from the SPF. As suggested by the descriptive statistics,

we see that the majority of the forecasts are indeed displaying extrapolative behavior.
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Abstract

We investigate whether macroeconomic fundamentals forecast the time series of

excess returns to global equities, currencies, and fixed income by means of simple

trading strategies. To do so, we employ real-time data on industrial production, in-

flation, unemployment, retail sales, and trade balances for 16 developed countries

obtained from the OECD. Our results demonstrate that trading on macro fundamen-

tals generates sizable excess returns in a pure out-of-sample setting. Moreover, the

returns to our global macro strategies capture a non-trivial part of the returns to carry

and momentum in international asset markets suggesting that carry and momentum

are linked to fundamentals.
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3.1 Introduction

Understanding the empirical linkages between macroeconomic fundamentals and

expected returns is a key question in macro-finance and asset pricing. If return

fluctuations are indeed predictable and reflect rational responses to time-varying

investment opportunities as in Merton (1973), then it is reasonable to expect that key

macroeconomic fundamentals should be informative about future risk premia. In this

paper, we offer a new perspective on such linkages by exploring whether real-time

macroeconomic fundamentals forecast excess returns to global equities, currencies,

and fixed income instruments using a pure out-of-sample portfolio approach. Our

results indeed suggest that macroeconomic fundamentals are highly informative

about future risk premia in international asset markets.

To establish our results, we use monthly data on key macroeconomic funda-

mentals such as industrial production, inflation, unemployment, retail sales, and

trade balances from the Organisation for Economic Co-operation and Development

(OECD) real-time and revision database for up to 16 developed countries over the

period January 2000 to December 2014. Our sample of global asset returns is con-

structed from forward and futures prices as in Koijen, Moskowitz, Pedersen, and Vrugt

(2015a). To assess the economic link between country fundamentals and risk premia

in financial markets in a time series setting, we employ a simple portfolio approach

to building portfolios by taking positions in asset markets conditional on past growth

in macroeconomic fundamentals over a broad spectrum of look-back periods. Our

portfolio approach is fully data-driven and allows an investor to learn about the po-

tentially time-varying links between fundamentals and returns recursively over time.

Importantly, our approach operates purely in real-time and alleviates the necessity

of imposing economic restrictions on the relation between fundamentals and asset

prices ex ante. We ensure real-time feasibility and implementability of our strategies

by strictly limiting conditioning information to historically available macro data.

Our choice of letting the data dictate portfolio positions originates, in part, from a

lack of unequivocal theoretical guidance on how each of the fundamentals and look-

back periods should affect prices across asset classes. As an example, rising inflation

could be an indication of strong economic growth and, consequently, be viewed as a

signal to purchase equities or, alternatively, imply a sell signal by indicating higher

future interest rates. Our approach allows the investor to learn about such relations

in real-time and, importantly, it allows for the relation between fundamentals and

asset returns to change over time. The latter is an important feature in light of the

numerous studies suggesting that the predictive relations between risk premia and

fundamentals are indeed time-varying (Paye and Timmermann, 2006; Rossi, 2006;

Guidolin and Timmermann, 2007; Pettenuzzo and Timmermann, 2011; Dangl and

Halling, 2012; Bacchetta and Van Wincoop, 2004, 2013).

Using our framework, we begin by forming macro portfolios for each fundamental

and asset class separately to examine the informational content in a broad sense. To
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motivate our learning approach, we start by building simple timing strategies using a

set of baseline macro signals. The resulting portfolios exhibit a large degree of hetero-

geneity in magnitudes and signs of Sharpe ratios across look-back periods, suggesting

that portfolio performance is a complex function of the fundamentals, look-back

periods, and asset classes. Allowing the investor to learn about the economic links

in real-time, on the other hand, results in positive and sizable Sharpe ratios for all

combinations of fundamentals and asset classes, except for a single instance. More-

over, portfolios that diversify across fundamentals within each asset class generate

annualized Sharpe ratios of 0.76 (equities), 0.65 (currencies), and 0.56 (fixed income),

respectively. Finally, a global macro factor that additionally diversifies across asset

classes generates an annualized Sharpe ratio of about one with a significant annual

excess return of about five percent.

Our paper can be placed at the intersection of two strands of research. First,

our paper contributes to the literature that aims at understanding the link between

macroeconomic fundamentals and asset prices (see e.g. Cochrane, 2007, 2011, for

recent surveys) and, secondly, to recent work that investigates the excess returns to

trading strategies involving multiple asset classes in global financial markets. Related

to the first strand, our results speak to a link between macroeconomic fundamentals

and asset returns. While a plethora of earlier papers, who address the question of

predictability in a predictive regression framework, often arrive at conflicting results,

our approach based on timing strategies provides clear out-of-sample evidence for

the predictability of excess returns by real-time macroeconomic fundamentals.1 Our

results suggest that the returns to global macro strategies originate, in part, from the

investor being able to correctly identify changes in the relations between fundamen-

tals and returns over time. As an example, while inflation appears to be negatively

related to future equity risk premia and unemployment positively to currency risk pre-

mia, there are extended periods during which our investor perceives these relations

to be inversed. Such results could be related to a changing role for fundamentals over

time as suggested in Bacchetta and Van Wincoop (2004, 2013) and Fratzscher, Rime,

Sarno, and Zinna (2015). Moreover, we find that the portfolio weights attached to

the underlying futures contract are related to the global business cycle. For instance,

we find that an investor would, on average, be long equity futures when the global

economy is expanding and short when it is contracting. In addition, we observe an

investment behavior for fixed income futures that is consistent with the notion of

flight-to-safety episodes discussed in Baele, Bekaert, Inghelbrecht, and Wei (2015).

Finally, our results suggest that both short-term growth rates, which should capture

timely macroeconomic information, as well as changes in fundamentals at business

cycle frequencies are informative about future asset returns.

Our work is also related to recent research that uncovers predictability of global

asset returns by means of country differentials in (mostly) financial market variables

1See Duffee (2013), Rapach and Zhou (2013) and Rossi (2013) for recent comprehensive surveys.
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such as Asness, Moskowitz, and Pedersen (2013) using value and momentum, Koijen

et al. (2015a) using carry, Koijen, Schmeling, and Vrugt (2015b) using return sur-

veys, and Lettau, Maggiori, and Weber (2014) using measures of downside risk. Our

strategies are, however, different in that we explore the time series predictability of

asset returns by means of country specific macroeconomic fundamentals. As such,

our work is more closely related to Moskowitz, Ooi, and Pedersen (2012), who study

time series momentum in several asset classes, including equities, currencies, and

Treasury bonds. The key difference being that, while Moskowitz et al. (2012) rely on

trends in asset returns themselves for portfolio construction, we use trends in country

fundamentals as our trading signals. It is also worth noting that country fundamentals

provide identical baseline signals for all asset classes. Moreover, we provide evidence

that the returns to time series carry, momentum, and value strategies can partly be

understood in terms of their exposure to global macro fundamentals. Our paper is

also related to a recent study by Dahlquist and Hasseltoft (2015, DH), who evaluate

the returns to currency portfolios based on economic trends in the cross-section.

Albeit related, our study on time series relations deviates in important ways: (i) we

employ vintage macroeconomic data to ensure real-time feasibility, (ii) we rely exclu-

sively on macro fundamentals without imposing ex ante economic restrictions, and

(iii) we extend the set of global securities to include equities and fixed income.2

The rest of the paper proceeds as follows. The next section describes our global

sample of real-time macroeconomic fundamentals and security prices and provides

descriptive statistics. Section 3.3 details the construction of global macro strategy

returns. Section 3.4 presents our main empirical results, while Section 3.5 provides

additional results and robustness checks. Finally, Section 3.6 concludes. The Appendix

contains supplementary material.

3.2 Data sources

This section details our monthly sample of real-time macroeconomic fundamentals

and global instruments covering equities, currencies, and fixed income forward and

futures prices for up to 16 developed countries over the period January 2000 to

December 2014. While security prices and real-time macro data are available for the

majority of the countries over the full sample periods, others enter the investable set

as the sample period unfolds.

3.2.1 Macroeconomic fundamentals

We collect data on the following key macroeconomic fundamentals from the Organi-

sation for Economic Co-operation and Development (OECD) real-time and revision

2Feature (i) means that DH are able to use a much longer sample period than employed in this paper
due to the lack of real-time data for earlier time periods and feature (ii) relates to DH also using financial
market prices such as levels, changes, and spreads in interest rates, among other variables.
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database: (i) industrial production, (ii) consumer prices, (iii) unemployment rates,

(iv) retail sales, and (v) trade balances.3 We measure trade balances as net exports

scaled by the total amount of goods traded, where import and export of goods are

obtained from the OECD real-time and revision database as well. All macroeconomic

time series are generally available at a monthly frequency.4

Empirical research that studies the link between asset returns and macroeco-

nomic fundamentals frequently relies on macroeconomic time series available at

the time of the study, i.e. revised data. Using such data, however, ignores that re-

vised data often deviate substantially from initial releases and even data entries at

different points in time. The reason being that initial releases are usually projections,

which are then subsequently revised as time passes and more information becomes

available. Moreover, initial releases are frequently published with a time delay. It is

therefore likely that such data features may drive a wedge between results obtained

using revised data relative to using vintages consisting of historically available data.5

Said differently, it is not possible to explore the real-time profitability of trading

strategies using today-available, revised data. Consequently, we rely on vintages of

macroeconomic data to ensure real-time feasibility of our macro strategies.

To obtain real-time available measures of economic growth, we compute monthly

log growth rates for each macroeconomic fundamental, with the exception of trade

balances for which we consider monthly changes, using the vintages of macro data

pertaining to the time of the monthly portfolio re-balancing (time t). Within said

vintages, we compute for each macroeconomic fundamental ( f ) and country (i )

averages of growth over the latest k = 1, . . . ,60 months, which we denote by ∆xt ,i , f ,k .

Table 3.1 reports descriptive statistics (mean, standard deviation, and first-order

autocorrelation) for the monthly (k = 1) real-time growth series. In Section 3.3, we

describe how our investor uses economic growth over the spectrum of look-back

periods to build macro strategies by learning about the link between fundamentals

and risk premia recursively over time.

3.2.2 Asset returns

Our international asset return data cover three major asset classes and consist of

futures and forward prices for global equities, currencies, and fixed income securities.

We use currency-hedged futures returns for equities and fixed income and forward

returns for currencies.6 Table 3.2 provides descriptive statistics for our sample of

global instruments. The first column reports the date at which both time series of

3The data is available at http://stats.oecd.org/mei/default.asp?rev=1.
4When data is only available at quarterly frequency, we impute missing monthly values by linear

interpolation within individual vintages, which is free of look-ahead bias. This procedure is necessary for
industrial production in Australia, New Zealand, and Switzerland; inflation in Australia and New Zealand;
unemployment rates in New Zealand and Switzerland; and retail sales in Australia and New Zealand.

5See Croushore (2006), Ghysels et al. (2014), and Eriksen (2015) for recent discussions.
6A similar approach is used in Koijen et al. (2015a) and Koijen et al. (2015b).

http://stats.oecd.org/mei/default.asp?rev=1
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Table 3.2: Descriptive statistics: Asset returns.
This table reports descriptive statistics for our monthly sample of global instruments covering
equities, currencies, and fixed income. We report mean returns, standard deviations (Std),
skewness, and kurtosis for each security. Mean returns and volatilities are annualized. The
column “Start” lists the starting dates for which the securities enter the sample and become
available for investment. The sample period ends in December 2014.

Market Start Mean Std Skewness Kurtosis

Panel A: Equities

Australia 2000/06 5.45 13.04 -0.56 3.27
Canada 2000/01 5.40 14.70 -0.57 4.48
France 2000/01 -0.26 17.94 -0.42 3.53
Germany 2000/01 4.92 21.57 -0.60 5.06
Italy 2004/04 0.22 20.51 -0.11 3.88
Japan 2000/01 0.88 20.27 -0.70 4.62
Netherlands 2000/01 -0.81 19.84 -0.75 4.81
Spain 2000/01 1.79 20.63 -0.12 3.59
Sweden 2005/03 8.79 16.66 -0.42 5.53
Switzerland 2000/01 1.85 14.40 -0.54 3.71
United Kingdom 2000/01 0.70 14.40 -0.49 3.43
United States 2000/01 3.35 15.32 -0.57 4.02

Panel B: Currencies

Australia 2000/01 5.07 13.37 -0.50 4.63
Canada 2000/01 2.20 8.98 -0.46 6.10
Denmark 2000/01 1.77 10.41 -0.06 3.92
Japan 2000/01 -2.80 9.70 -0.16 3.04
New Zealand 2000/01 6.69 13.91 -0.27 4.43
Norway 2000/01 2.49 11.72 -0.27 3.62
Sweden 2000/01 1.44 11.74 0.05 3.41
Switzerland 2000/01 2.40 11.01 0.28 4.94
United Kingdom 2000/01 1.02 8.67 -0.31 4.51
Euro 2000/01 1.66 10.45 -0.09 3.89

Panel C: Fixed Income

Australia 2000/01 3.60 8.24 0.14 3.23
Canada 2000/01 5.31 6.61 0.11 3.16
Germany 2000/01 5.65 6.66 0.14 2.90
Japan 2000/01 3.27 3.67 -0.64 5.20
New Zealand 2003/07 2.78 8.16 -0.25 4.81
Norway 2000/01 4.75 8.99 -0.02 5.50
Sweden 2000/01 4.86 7.43 -0.11 3.10
Switzerland 2000/01 4.45 5.29 0.36 3.35
United Kingdom 2000/01 4.13 7.35 0.19 3.45
United States 2000/01 6.42 9.82 0.20 5.25
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returns and macro data are available for each security, where a date later than January

2000 (2000/01) indicates when the security becomes investable during the sample

period. The remaining columns report annualized time series means and standard

deviations for each security as well as the skewness and kurtosis of the return series.

The universe of global equity index futures consists of twelve countries covering

the United States (S&P 500), Canada (S&P TSE 60), the United Kingdom (FTSE 100),

France (CAC), Germany (DAX), Spain (IBEX), Italy (FTSE MIB), the Netherlands

(AEX), Sweden (OMX), Switzerland (SMI), Japan (Nikkei), and Australia (S&P ASX 200).

Monthly futures returns are obtained by first computing daily returns from the most

actively traded futures contracts, the front month contracts, and then converting the

daily returns to a monthly aggregate.7

The cross-section of foreign exchange pairs covers ten global currencies quoted

against the US dollar, implying the viewpoint of a US investor. The set of coun-

tries consists of Australia, Canada, Denmark, Japan, New Zealand, Norway, Sweden,

Switzerland, and the United Kingdom as well as the Euro zone. Exchange rates are

defined as the US dollar price per unit of foreign currency such that positive changes

in the exchange rates correspond to an appreciation of the foreign currency relative

to the US dollar. We start from daily spot and one-month forward exchange rates

from Barclays Bank International (BBI) and WM/Reuters (via Datastream) and build

end-of-month series. Currency excess returns are then computed by buying forward

today and selling spot one month hence.

The global fixed income sample covers ten countries including Australia, Canada,

Germany, Japan, New Zealand, Norway, Sweden, Switzerland, the United Kingdom,

and the United States. Fixed income futures returns are based on ten-year zero-

coupon Treasury bonds and computed using synthetic one-month futures as in

Koijen et al. (2015a).8 As in their paper, we splice yield data from Wright (2011)

covering the period up to and including May 2009 with yield data from Bloomberg

from June 2009 onwards.9

Table 3.2 illustrates that mean returns vary substantially across asset classes.

While excess returns are predominantly positive in all asset classes over our sample

period, some currency and equity securities yield negative excess returns. Treasury

bonds, on the other hand, consistently exhibit positive excess returns. Consistent

with prior literature, we see that the volatility of global equities is considerably higher

than bond futures and currency forwards, although a high degree of heterogeneity is

present within asset classes as well.

7We use first generic futures contracts rolled eight days prior to expiration from Bloomberg. All data
tickers are available in Koijen et al. (2015a).

8More specifically, we buy futures today at the price Ft =
(
1+r f ,t

)
/
(
1+y10

t

)
, where y10

t denotes the
current yield on a ten-year zero-coupon Treasury bond and r f ,t is a monthly Libor rate (risk-free rate),

and sell it after one month at the spot price St = 1/
(
1+y9+11/12

t

)9+11/12
.

9The yield data are available at http://econ.jhu.edu/directory/jonathan-wright/.

http://econ.jhu.edu/directory/jonathan-wright/
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3.3 Construction of macro portfolios

If the real economy matters for asset prices, then investors should be able to extract

return-relevant information from changes in macroeconomic fundamentals. Building

on this notion, we explore the performance of global equity, currency, and fixed

income market strategies based on macroeconomic signals. Using these signals,

investors extract information on the link between an asset’s return and changes in

fundamentals by employing a simple recursive learning approach. This learning

approach operates in real-time and alleviates the necessity of imposing restrictions

on portfolio positions ex ante.10

To initialize our approach, we start from time t observable real-time growth in

macroeconomic fundamentals (indexed by f ) across countries (indexed by i ) over a

broad spectrum of look-back periods (indexed by k). We begin by extracting baseline

macro signals νt ,i , f ,k from these observable changes in fundamentals by evaluating

current growth relative to a recursively updated growth average

νt ,i , f ,k = sign
(
∆xt ,i , f ,k −∆x t ,i , f ,k

)
(3.1)

where ∆xt ,i , f ,k denotes the k-period growth in fundamental f for country i at time t

and ∆x t ,i , f ,k the corresponding recursively updated long-term average. Given the set

of baseline signals from (3.1), investors face the question of how to infer investment

decisions from νt ,i , f ,k . Unfortunately, economic theory does not provide us with

unequivocal guidance on how each of the fundamentals should affect prices across

asset classes. For instance, equity investors may interpret a signal of rising inflation

either as in indication of strong growth, and therefore as a signal to purchase equity

futures, or as an indicator for high future interest rates and, as a result, a signal to

sell stocks. Moreover, should we expect short-term or long-term trends in fundamen-

tals to be more informative about asset returns? Again, there seems to be a lack of

economic guidance on how to choose the optimal k for each and every combination

of fundamentals and asset classes. We explore these questions in more detail in the

following section as a motivation for our recursive learning approach, which can be

consistently applied across all fundamentals, look-back periods, and asset classes.

3.3.1 Time series relations between fundamentals and asset returns

This section describes our framework for a global investor who constructs cross-

country portfolios in equities, currencies, and fixed income (with the asset class being

indexed by j ) using a simple timing strategy. Due to the large degree of variability in

volatilities across securities and asset classes illustrated in Table 3.2, we follow, among

others, Moskowitz et al. (2012) and scale returns (or, equivalently, portfolio weights)

such that each security is associated with an annualized ex ante volatility of 10% to

10For example, it is not necessary to impose that high inflation forecasts high or low equity returns or
that a lower trade balance reading forecasts positive or negative fixed income returns ex ante.
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make excess returns comparable across countries and asset classes. To implement

the scaling, we first estimate the ex ante security return volatility, denoted σ̂t ,i , j , using

an exponentially-weighted moving average of past squared returns.11 Using the ex

ante volatility estimates, we then adjust the corresponding portfolio weights by a

factor 0.1/σ̂t ,i , j . As a next step, we are going to use this portfolio allocation framework

to examine the questions asked above in more detail and provide further motivation

for adopting our proposed learning procedure, which will be detailed in Section

3.3.2, by illustrating that return-relevant information conveyed by past growth in

macroeconomic fundamentals over various look-back periods k substantially differs

within and across fundamentals as well as asset classes.

In doing so, we compute returns to simple equal-volatility-weighted timing strate-

gies for each fundamental f and look-back period k in each asset class j separately.

The resulting portfolio weights (ωt ,i , f ,k, j ) are based on the baseline signals νt ,i , f ,k

and scaled such that each portfolio position is associated with an annual ex ante

volatility of 10%. In particular, let r xt+1,i , j denote the excess return on security i in

asset class j and let σ̂t ,i , j denote its ex ante volatility such that the excess portfolio

return is given by

Rk
t+1, f , j =

Nt∑
i=1

ωt ,i , f ,k, j · r xt+1,i , j (3.2)

with portfolio weights across all Nt available securities at time t being

ωt ,i , f ,k, j = N−1
t ·νt ,i , f ,k ·

10%

σ̂t ,i , j
(3.3)

where νt ,i , f ,k is the baseline macro signal from (3.1). Table 3.3 summarizes return

statistics for all combinations of fundamentals and asset classes when we average

across all k-period growth portfolios, i.e. when we construct an equally-weighted

portfolio across look-back periods. The results exhibit pronounced variation across

fundamentals and asset classes in terms of both signs and magnitudes of mean

returns and Sharpe ratios. Some portfolios generate sizable Sharpe ratios in absolute

value, while others are fairly small. Coming back to our example on using inflation

signals for equity investments, we see, ex post, that rising inflation is associated

with significantly negative equity returns. However, as discussed above, an investor

11The exponentially-weighted moving average ex ante volatility estimator, which is applied to all assets,
is defined as

σ̂2
t ,i , j = 12

∞∑
m=0

(
1−λ)

λm
(
r xt−1−m,i , j − r̂ x t ,i , j

)2

where r̂ x t ,i , j denotes the exponentially-weighted moving average return computed similarly, 12 is a scalar

that scales the variance to an annualized value, and the weights
(
1−λ)

λm sum to one. The parameter
λ is set such that the center of the mass of the weights is

∑∞
m=0

(
1−λ)

λm m = λ/(1−λ) = 24 months. The
infinite sum is naturally truncated at the beginning of the return series. This estimator, while making use
of all available observations, is able to capture time-varying volatility by putting higher weights on the
most recent past. To ensure that we do not contaminate our results with any look-ahead biases, we use the
volatility estimate at time t −1 to scale returns at time t throughout.
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would not have access to these ex post results in real-time for portfolio allocations.

Moreover, as of yet, it is still unclear whether the results are driven by short- or

long-term macroeconomic growth.

Table 3.3: Returns to timing strategies.
This table reports annualized means, standard deviations (Std), and Sharpe ratios (SR) of
excess returns to simple equal-weighted equity, currency, and fixed income portfolios that
average across all k = 1, . . . ,60 look-back periods for each fundamental f covering industrial
production (IP), inflation (INF), unemployment rates (UR), retail sales (RS), and trade balances
(TB) constructed by going long (short) countries with growth above (below) the recursively
updated average. White (1980) t-statistics are presented in parentheses. Portfolio returns are
observed at a monthly frequency over the period January 2000 to December 2014.

IP INF UR RS TB

Panel A: Equities

Mean -1.19 -3.63 0.91 -0.40 -1.33
t-stat (-1.06) (-3.60) (0.84) (-0.52) (-1.96)
Std 4.36 3.91 4.16 2.97 2.62
SR -0.27 -0.93 0.22 -0.13 -0.51

Panel B: Currencies

Mean -2.25 -0.33 2.57 0.97 0.19
t-stat (-2.18) (-0.29) (2.51) (0.79) (0.31)
Std 3.99 4.38 3.97 4.77 2.39
SR -0.56 -0.08 0.65 0.20 0.08

Panel C: Fixed Income

Mean -1.32 1.48 0.64 -1.83 0.21
t-stat (-1.44) (1.42) (0.75) (-1.92) (0.38)
Std 3.55 4.06 3.34 3.69 2.09
SR -0.37 0.37 0.19 -0.50 0.10

Figure 3.1 provides further details on this matter by plotting annualized Sharpe

ratios for all k-period growth portfolios for the same combination of fundamentals

and asset classes. The plots reveal that magnitudes and signs of Sharpe ratios vary

substantially across the look-back periods k, even within a given combination of

fundamentals and asset classes. As an example, consider the results for inflation

again. We see that equity portfolios based on inflation signals yield negative Sharpe

ratios for every single k, which, in part, explains the significantly negative return

for the equal-weighted (across k) portfolio reported above. Considering instead

the currency portfolios constructed from inflation signals, we see that the relation

between inflation and currency excess returns seems to vary systematically with the

look-back period. In particular, shorter (longer) k-period growth rates are associated

with negative (positive) Sharpe ratios, explaining why the corresponding average

portfolio return and Sharpe ratio in Table 3.3 is not distinguishable from zero. All

in all, these results illustrate the ex ante difficulty associated with the lack of proper
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Figure 3.1: Sharpe ratios from timing strategies.
This figure plots annualized Sharpe ratios for raw macro strategies in equities, currencies,
and fixed income formed from relying on macroeconomic fundamentals such as industrial
production, inflation, unemployment rates, retail sales, and trade balances. In each month, we
go long (short) in a country based on the growth in the fundamental over the last k = 1, . . . ,60
months relative to a recursively updated long-term average of past growth. The sample covers
the period from January 2000 to December 2014.
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economic guidance by showing that not only does portfolio performance depend on

the specific macro fundamental, but that it may additionally depend on the choice of

the k-period growth signals. In the next section, we describe our recursive learning

approach to portfolio formation, which aims at informing the investor about these

links in real-time.
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3.3.2 Learning about the link between fundamentals and returns

As illustrated above, the relation between macro fundamentals and asset returns is

highly specific to the particular combination of the fundamental variable, the look-

back growth period, and the asset class. To account for these observations directly,

we propose a recursive learning approach that operates in real-time and captures

all three features by extracting the sign of past portfolio returns in asset class j from

trading on k-period growth in fundamental f , i.e. from the returns Rk
m, f , j , where

m = 0, ..., t . To additionally allow and account for potential time-varying changes in

the relation between fundamentals and returns, we attach a higher weight on more

recent Rk
m, f , j -observations by computing an exponentially-weighted moving average

of past returns, which we denote by R̂k
m, f , j .12 By extracting the sign of R̂k

m, f , j , we

allow an investor to learn, in real-time, whether the baseline signal νt ,i , f ,k has been

associated with positive or negative asset class returns in the (more recent) past.

The portfolio construction is similar to the one discussed above in the sense that

we form equal-volatility-weighted averages across all look-back periods, where the

volatility-weighting ensures comparability of excess returns across securities and

asset classes. The key difference being that the portfolio weights now account for

the signs that we extract and extrapolate from R̂k
m, f , j . More specifically, we deter-

mine the portfolio weights for each look-back portfolio k for every combinations of

fundamental f and asset class j as

wt , f ,k, j = K −1 · 10%

σ̂t , f ,k, j
· sign

(
R̂k

m, f , j

)
(3.4)

and compute portfolio excess returns as

Rt+1, f , j =
K∑

k=1
wt , f ,k, j ·Rk

t+1, f , j

=
K∑

k=1
wt , f ,k, j ·

Nt∑
i=1

ωt ,i , f ,k, j · r xt+1,i , j (3.5)

where ωt ,i , f ,k, j and Rk
t+1, f , j are the weight and returns from (3.3) and (3.2), respec-

tively. Looking at (3.3) and (3.4) in conjunction reveals how our learning approach

impacts portfolio weights by allowing the investor to learn about the economic links

from past portfolio performance. In the next section, we evaluate the performance

of our global macro strategies and the resulting portfolio returns Rt+1, f , j for every

combination of fundamentals and asset classes as well as various combo portfolios

that diversify across fundamentals and/or asset classes.

12Following the ex-ante volatility estimation above, we compute R̂k
m, f , j as

R̂k
m, f , j =

∞∑
m=0

(
1−λ)

λm Rk
t−1−m, f , j

and use the same λ for consistency.
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3.4 Fundamentals and expected returns

3.4.1 Returns to global macro strategies

Table 3.4 reports annualized means, volatilities, and Sharpe ratios for the excess

returns to our global macro strategies that allow an investor to recursively extract

information about the relation between fundamentals and asset returns in real-time

(see Section 3.3.2). We report results for all 15 possible combinations of fundamentals

Table 3.4: Returns to global macro strategies.
This table reports annualized means, standard deviations (Std), and Sharpe ratios (SR) of
excess returns to global macro strategies in equity, currency, fixed income, and all asset classes
simultaneously. White (1980) t-statistics are presented in parentheses. Portfolio returns are
constructed using the learning approach from (3.4)-(3.5) in which an investor recursively
learns about the relation between growth in macroeconomic fundamentals computed over the
past k = 1, . . . ,60 months and future asset returns from the recursive performance of k-period
growth portfolios for industrial production (IP), inflation (INF), unemployment rates (UR),
retail sales (RS), and trade balances (TB). Each underlying strategy is scaled to have an annual
ex ante volatility of 10%. We report descriptive statistics for macro portfolios (portfolios based
on one fundamental and one asset class) and for strategies that diversify across fundamentals
within each asset class (Asset combos) and for strategies that diversify across asset classes
within each fundamental (Macro combos) as well as a portfolio that diversifies across all macro
portfolios (Global Macro Factor). Portfolio returns are observed at a monthly frequency over
the period January 2000 to December 2014.

IP INF UR RS TB Asset
combos

Panel A: Equities

Mean 1.43 4.84 2.54 0.95 3.64 5.87
t-stat (0.93) (2.96) (1.59) (0.61) (2.64) (2.73)
Std 5.77 6.11 6.00 5.77 5.16 7.77
SR 0.25 0.79 0.42 0.16 0.71 0.76

Panel B: Currencies

Mean 2.25 2.53 3.15 0.04 0.72 5.09
t-stat (1.47) (1.92) (1.69) (0.02) (0.83) (2.33)
Std 5.73 4.94 7.00 6.90 3.25 7.86
SR 0.39 0.51 0.45 0.01 0.22 0.65

Panel C: Fixed Income

Mean 2.32 2.77 2.14 2.14 -0.36 3.61
t-stat (1.40) (1.81) (1.50) (1.43) (-0.43) (2.02)
Std 6.21 5.74 5.35 5.58 3.13 6.45
SR 0.37 0.48 0.40 0.38 -0.12 0.56

Panel D: Macro Combos and the Global Macro Factor

Mean 3.76 7.26 5.12 4.28 3.85 4.85
t-stat (2.09) (3.74) (2.53) (2.16) (2.09) (3.65)
Std 6.50 6.99 7.30 7.14 6.65 4.80
SR 0.58 1.04 0.70 0.60 0.58 1.01
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and asset classes as well as for strategies that diversify across fundamentals and/or

asset classes. For ease of reference, we label portfolios based on a single asset class

and fundamental as macro portfolios, portfolios that diversify across fundamentals

within an asset class as asset combos, strategies that combine across asset classes for

fundamental f as macro combos, and, finally, the portfolio that diversifies across all

possible combinations is labeled a global macro factor (GMF).

The results in Table 3.4 demonstrate that our proposed learning approach appears

to successfully identify whether to take long or short positions in specific securities

within asset classes based on the signal extracted and extrapolated from a given

fundamental. Specifically, we find that 14 of the 15 macro portfolios generate positive

excess returns, the exception being the fixed income strategy that trades according

to signals extracted from trade balance portfolios. Secondly, we find that combining

signals derived from multiple fundamentals within an asset class is generally more

powerful than relying on a single fundamental. In particular, the results show that

asset combos generate significant annual excess returns of 5.87%, 5.09%, and 3.61%

and annualized Sharpe ratios of about 0.76, 0.65, and 0.56 for equities, currencies, and

fixed income, respectively. Similarly, we find that every single macro combo portfolio

generates significant excess returns ranging from 3.76% to 7.26% and annualized

Sharpe ratios ranging from 0.58 (industrial production) to 1.04 (inflation). The GMF

that uses all macro fundamentals and diversifies across all asset classes delivers a

significant annual excess return of 4.85% with a corresponding Sharpe ratio of 1.01.

Taken together, these results imply that macroeconomic fundamentals are highly

informative about future risk premia within and across global equity, currency, and

fixed income markets. The simple learning procedure that we propose in this paper

appears to be sufficiently informative about the potentially time-varying links be-

tween asset returns and fundamentals for investors to exploit the information in their

asset allocations. We explore these links and the properties of macro strategy returns

in more details below.

3.4.2 Contribution of look-back period

To better understand the economic link between fundamentals and returns, this sec-

tion analyzes whether short-term (k = 1, . . . ,20 months), medium-term (k = 21, . . . ,40

months), or long-term growth (k = 41, . . . ,60 months) matter more for portfolio deci-

sions. The general pattern that emerges from Figure 3.2 is that all look-back periods

are about equally informative about future asset returns, with the exception being

medium-term signals for fixed income instruments. In general, the learning approach

leads to Sharpe ratios that are very similar when using either short-, medium-, or

long-term signals or a combination of all look-back periods.

To investigate whether a similar result holds for the fundamental-level macro

portfolios, we present a more detailed breakdown in Figure 3.3. The results suggest

that this is indeed the case. For instance, while we discussed above that short- com-
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pared to long-term inflation signals seem to predict expected currency returns with

opposite signs in Figure 3.1, applying the learning approach leads to very similar

Sharpe ratios when using either short- or long-term signals in Figure 3.3, indicating

that our learning approach is able to identify such relations in real-time.

Figure 3.2: Contribution of look-back periods.
This figure plots the annualized Sharpe ratios attributable to global macro strategies in equities,
currencies, fixed income, and the global macro factor that diversifies across asset classes
based on using all k = 1, . . . ,60 look-back periods and equal-sized bins of look-back periods
representing Sharpe ratios attributable to short-term growth

(
k = 1, . . . ,20

)
, medium-term

growth
(
k = 21, . . . ,40

)
, and long-term growth

(
k = 41, . . . ,60

)
. The sample covers the period

from January 2000 to December 2014.
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For more details on the time series properties of the excess returns to global

macro strategies, we plot in Figure 3.4 the cumulative excess returns to asset combos

and the global macro factor for the same buckets of look-back periods as above. We

see that the global macro factor that draws on signals from all fundamentals and

diversifies across all asset classes (lower right panel) tends to perform well over time

and even during the financial crisis. Given that the asset combos for equities, curren-

cies, and fixed income show larger swings in cumulative returns, this pattern reflects

diversification effects across asset classes.13 Moreover, we see that the cumulative

portfolio returns are very similar regardless of whether we base portfolio construction

on short-, medium, or long-term growth in macroeconomic fundamentals.

13Table A.2 in Appendix A.2 reports correlation coefficients for the excess returns of all macro portfolios.
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Figure 3.3: Contribution of look-back periods for global macro strategies.
This figure plots the annualized Sharpe ratios attributable to global macro strategies in equities,
currencies, fixed income, and the global macro factor that diversifies across asset classes based
on using all k = 1, . . . ,60 look-back periods and equal-sized bins of look-back periods repre-
senting Sharpe ratios attributable to short-term growth

(
k = 1, . . . ,20

)
, medium-term growth(

k = 21, . . . ,40
)
, and long-term growth

(
k = 41, . . . ,60

)
. We consider Sharpe ratios attributable

to industrial production (IP), inflation (INF), unemployment rates (UR), retail sales (RS), and
trade balances (TB) separately as well as the Sharpe ratios for diversifying across fundamentals
(Combo). The sample covers the period from January 2000 to December 2014.
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Figure 3.4: Cumulative macro strategy returns.
This figure illustrates the cumulative excess returns to global macro strategies in equities, cur-
rencies, fixed income, and the global macro factor based on using all k = 1, . . . ,60 look-back pe-
riods and equal-sized bins of look-back periods representing short-term growth

(
k = 1, . . . ,20

)
,

medium-term growth
(
k = 21, . . . ,40

)
, and long-term growth

(
k = 41, . . . ,60

)
. All strategies are

scaled to have an annual ex ante volatility of 10%. The sample covers the period from January
2000 to December 2014.
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3.4.3 Exposure of benchmark strategies to global macro strategies

While the previous sections establish that macroeconomic fundamentals are infor-

mative about future risk premia in global financial markets, this section changes

perspective and investigates the extent to which excess returns to time series carry,

momentum, and value strategies can be understood by their exposure to our global

macro strategies.14 Specifically, we regress the excess benchmark strategy returns,

Rt+1,b, j with b = {
TS Carry, TS Mom, TS Value

}
indexing the benchmark strategy and

j = {
EQ, FX, FI, GMF

}
the asset class, on contemporaneous excess returns to our

14We provide details on the construction of the benchmark portfolios in Appendix A.1.
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asset combo strategies and the global macro factor, Rt+1, j with j as above, i.e.

Rt+1,b, j =α+βRt+1, j +εt+1 (3.6)

to examine if macro fundamentals can account for the returns to standard return-

based trading strategies identified in the literature (Moskowitz et al., 2012; Asness

et al., 2013; Koijen et al., 2015a).

The results presented in Table 3.5 indeed suggest the existence of a link between

macro strategies and returns to carry, momentum, and value portfolios, albeit this link

varies across asset classes and benchmark styles. The strongest link, generally speak-

ing, can be found for momentum strategies, which is not completely unexpected as

both return momentum and our macro portfolios are based on trading according to

trends. Moreover, as suggested by Novy-Marx (2015), there is evidence for US equity

return momentum being closely linked to momentum in firm fundamentals and,

consequently, it does not seem surprising that global (return) momentum is also

related to country fundamentals.

Results for carry and value are somewhat more mixed. We find a large exposure of

currency and fixed income carry to our macro strategies, but virtually no exposure for

equities. Koijen et al. (2015a) demonstrate that the carry signals for currencies and

fixed income correspond to interest rate differentials and term spreads (plus a roll-

down component), respectively, which should be related to trends in real output (e.g.

industrial production and unemployment) and, hence, the link we uncover makes

intuitive sense. Equity carry, on the other hand, corresponds to the expected dividend

yield and the dividend smoothing documented by Chen, Da, and Priestley (2012)

may be one reason why equity carry is not strongly related to macro fundamentals

at this more aggregate level of asset combo portfolios. For value benchmarks, we

find that only time series currency value strategies are strongly exposed to our macro

portfolios, whereas equity and fixed income value are not. However, given the lack of a

universal value definition across asset classes, these results should not be overstated.

Turning to the global macro factor and the global benchmark portfolios in Panel D

of Table 3.5, we see that all benchmark strategies are exposed to macro fundamentals

on the aggregate global level and that global macro strategies account for sizable

fractions of the excess returns to global benchmark styles. Finally, Table 3.5 shows, in

columns III, that the results remain unchanged when conditioning the explanatory

content on the passive long benchmarks for each of the asset classes.

As a complement to the above results, we additionally report more detailed results

on the link between benchmark factors and macro strategy returns in Table 3.6.

Specifically, we regress benchmark returns, Rt+1,b, j , on all five fundamental-level

macro portfolios instead of asset combo portfolios, i.e. replacing Rt+1, j in (3.6) with

its underlying return components. Doing so reveals a much higher exposure (judging

from the adjusted R2s reported in the table). For example, we now find an adjusted

R2 of about 23% for equity carry and an insignificant alpha of 1.21% p.a. (t-statistic of

1.26). The reason being that equity carry is highly exposed to macro strategies based
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Table 3.5: Explaining benchmark returns.
This table reports coefficient estimates from regressing monthly time series carry, momentum,
and value portfolio returns on a constant (columns I), monthly macro portfolios (columns II),
and a passive long benchmark (columns III). We report results for for equities (EQ), currencies
(FX), fixed income (FI) separately as well as for the global macro factor (GMF) that diversifies
across asset classes. The constants (α) and information ratios (IR) are all annualized. IR is
defined as α divided by the residual volatility from the contemporaneous regression. Newey
and West (1987) t-statistics implemented with twelve lags are presented in parentheses. The
sample covers the period from January 2000 to December 2014.

TS Carry TS Mom TS Value

I II III I II III I II III

Panel A: Equities

α 3.62 2.58 2.62 4.21 0.10 0.11 0.77 3.17 2.60
(2.89) (2.04) (2.05) (2.15) (0.06) (0.07) (0.41) (1.94) (1.25)

EQ 0.09 0.09 0.76 0.76 -0.23 -0.20
(1.01) (1.00) (11.52) (12.19) (-1.13) (-1.20)

Passive -0.01 -0.00 0.16
(-0.09) (-0.03) (0.66)

IR 0.75 0.54 0.55 0.56 0.02 0.02 0.11 0.46 0.38
R2 (

%
)

- 1.34 0.73 - 58.20 57.93 - 5.78 9.28

Panel B: Currencies

α 3.25 1.49 1.20 2.49 -0.79 -1.05 -2.58 -0.70 -0.17
(2.38) (1.24) (1.00) (1.41) (-0.51) (-0.72) (-1.57) (-0.47) (-0.13)

FX 0.28 0.19 0.51 0.43 -0.50 -0.33
(3.64) (3.34) (6.01) (4.88) (-6.49) (-4.89)

Passive 0.22 0.19 -0.38
(2.29) (1.65) (-3.92)

IR 0.62 0.34 0.29 0.37 -0.15 -0.21 -0.41 -0.15 -0.05
R2 (

%
)

- 19.76 30.53 - 37.06 41.51 - 40.71 63.15

Panel C: Fixed Income

α 5.36 3.98 1.14 2.62 1.61 -0.31 -1.36 -1.22 -1.27
(3.32) (2.62) (1.05) (1.54) (1.36) (-0.30) (-0.96) (-0.74) (-0.80)

FI 0.50 0.17 0.54 0.32 0.09 0.08
(4.27) (2.35) (6.80) (2.42) (0.75) (0.65)

Passive 0.59 0.40 0.01
(4.55) (2.76) (0.06)

IR 0.86 0.73 0.32 0.40 0.29 -0.06 -0.25 -0.22 -0.23
R2 (

%
)

- 25.01 68.48 - 27.57 45.62 - 0.40 -0.23

Panel D: Global Macro Factors

α 3.95 2.70 1.68 3.19 0.02 -0.47 -1.11 0.53 1.04
(4.54) (3.16) (2.02) (2.53) (0.03) (-0.68) (-1.08) (0.59) (1.02)

GMF 0.25 0.23 0.68 0.67 -0.27 -0.26
(3.55) (3.71) (11.59) (12.15) (-2.96) (-2.86)

Passive 0.26 0.13 -0.13
(2.60) (1.63) (-1.05)

IR 1.22 0.91 0.62 0.68 0.01 -0.14 -0.29 0.15 0.29
R2 (

%
)

- 13.80 28.13 - 47.34 48.63 - 10.92 12.96
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Table 3.6: Explaining benchmark returns using fundamental-level portfolios.
This table reports coefficient estimates from regressing monthly time series carry, momentum,
and value portfolio returns on fundamental-level global macro strategy returns. We report
results for equities (EQ), currencies (FX), fixed income (FI) separately as well as for the global
macro factor (GMF) that diversifies across asset classes. The constants (α) and information
ratios (IR) are all annualized. IR is defined as α divided by the residual volatility from the
contemporaneous regression. Newey and West (1987) t-statistics implemented with twelve lags
are presented in parentheses. The sample covers the period from January 2000 to December
2014.

TS Carry TS Mom TS Value TS Carry TS Mom TS Value

Panel A: Equities Panel B: Currencies

α 1.21 1.25 2.69 1.72 0.33 -2.07
(1.26) (0.98) (1.77) (1.33) (0.25) (-1.58)

IP -0.14 0.03 -0.28 0.09 0.38 -0.61
(-1.45) (0.13) (-0.97) (0.80) (3.06) (-4.50)

INF 0.45 0.09 0.21 -0.06 -0.10 0.23
(3.78) (0.96) (1.92) (-0.70) (-0.76) (1.68)

UR 0.12 0.43 0.19 0.28 0.19 -0.05
(0.85) (1.84) (0.74) (4.20) (1.43) (-0.36)

RS -0.22 0.61 -0.26 -0.08 0.28 -0.25
(-2.68) (3.75) (-1.35) (-0.96) (2.77) (-3.63)

TB -0.03 0.24 -0.43 0.29 0.29 -0.29
(-0.24) (2.49) (-1.99) (1.88) (1.25) (-1.60)

IR 0.29 0.27 0.43 0.44 0.07 -0.54
R2 (

%
)

23.29 64.43 19.29 35.08 47.58 59.35

Panel C: Fixed Income Panel D: Global Macro Factors

α 3.41 0.61 -0.87 3.02 0.18 0.12
(3.04) (0.56) (-0.64) (3.36) (0.25) (0.13)

IP 0.48 0.10 0.58 0.05 0.19 -0.12
(4.92) (0.63) (5.02) (0.72) (3.16) (-1.62)

INF -0.05 0.34 -0.13 -0.04 0.09 0.08
(-0.37) (2.06) (-1.28) (-0.82) (2.12) (1.40)

UR 0.01 0.27 -0.20 0.15 0.10 0.02
(0.12) (2.19) (-1.33) (2.83) (1.54) (0.35)

RS 0.52 0.38 -0.30 0.03 0.22 -0.17
(3.48) (2.94) (-2.31) (0.52) (3.32) (-3.01)

TB 0.01 0.05 0.11 0.03 0.09 -0.11
(0.06) (0.32) (0.88) (0.93) (1.63) (-1.75)

IR 0.81 0.12 -0.19 1.05 0.05 0.04
R2 (

%
)

54.83 37.47 27.65 17.01 47.59 18.16
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on inflation and retail sales, while it seems unrelated to the remaining macro strategy

returns. Hence, confounding these effects with a diversified portfolio return as in

Table 3.5 masks these lower level relationships. A similar observation is made for fixed

income value, where Table 3.6 revels a large exposure to macro strategies based on

industrial production and retail sales. All in all, the results in this table suggest that

carry, momentum, and value benchmark returns are indeed linked to fundamentals.

3.5 Additional results and robustness checks

3.5.1 Does the link between fundamentals and returns vary over time?

As discussed in Section 3.4.1, our real-time recursive learning approach seems ca-

pable of taking differences across look-back periods into account as well as being

flexible in accommodating time variations in the relations between asset returns and

fundamentals. Focusing on the latter dimension, we illustrate in Figure 3.5 how our

investor perceives the economic links to evolve over time. We do so by taking a closer

look at the time series dynamics of the portfolio weights wt , f ,k, j as defined in (3.4).

We compute cross-horizon (k = 1, . . . ,60) averages of wt , f ,k, j and plot the resulting

time series for every combination of fundamentals and asset classes.

The plots in Figure 3.5 suggest that our learning investor perceives time variation

in the fundamental-asset return link as important for asset allocation, even for those

combinations of assets and fundamentals that appear to be systemically related to

either long or short positions in Figure 3.1. If the link between such fundamentals

and asset returns would not change over time, then we should observe average

weights being highly positive, or negative depending on the relation, over the entire

sample period. This does not, however, appear to be the general conclusion from

looking at Figure 3.5, suggesting that our investor indeed takes time variations in

the underlying links into account. One example that illustrates this notion is the

link between inflation and equity returns. From our analysis in Section 3.3, we know

that inflation is, on average, negatively related to equity futures returns and that this

negative relation is observed for all k = 1, . . . ,60 look-back horizons. Since inflation, on

average, is associated with an excess return of -3.63% p.a. (see Table 3.3) and that the

learning investor is able to generate excess returns of 4.84% p.a. when trading equities

based on inflation signals (see Table 3.4), this suggests that the learning approach

is able to accommodate time-variations in this link. In particular, while the weights

are highly negative for the majority of the period in Figure 3.5, we see a switch from

2005 to late 2008 where weights become positive. While equity and inflation served

as our main illustrative example, we see similar changes in the relations over time for

many of the combinations. Other prominent examples include unemployment for

currencies and retail sales for fixed income.

Overall, our results suggest that investors, who apply the simple recursive learn-

ing approach that we propose above, perceive the link between asset returns and
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Figure 3.5: Time series dynamics of learning weights.
This figure illustrates the time series dynamics of portfolio weights from (3.4) for global macro
strategies in equities, currencies, and fixed income. The weights are functions of industrial
production (IP), inflation (INF), unemployment rates (UR), retail sales (RS), and trade balances
(TB). The sample covers the period from January 2000 to December 2014.
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macro fundamentals to vary over time. The general success of the investor’s macro

portfolio strategies provides (indirect) evidence for correctly capturing the changing

role of fundamentals for asset prices over time (cf. Bacchetta and Van Wincoop, 2004;

Fratzscher et al., 2015, for currencies).

3.5.2 Time series dynamics of aggregate portfolio weights

To better understand how the investor uses the learning approach to take positions in

the underlying security market conditional on the signals extracted in real-time, this

section takes a closer look at the time series dynamics of the portfolio weights placed

on the underlying forward and futures contracts implied by our recursive learning

approach from Section 3.3.2, i.e. the aggregate weights
∑K

k=1 wt , f ,k, j ·
∑Nt

i=1ωt ,i , f ,k, j

from (3.5). Specifically, for each fundamental and asset class, we construct a single

time series of average portfolio weights, where the cross-country average is taken

across the Nt countries available for investment at time t for each of the asset classes.

The portfolio dynamics illustrated in Figure 3.6 tell us about the inference made

by our hypothetical investor and how that inference translates into average portfolio

positions in the security markets considered herein. Together with the average aggre-

gate portfolio weights, we additionally plot in Figure 3.6 a global recession indicator,

which is a simple equal-weighted average of country recession dummies obtained

from the Economic Cycle Research Institute (ECRI).15 This measure serves as a proxy

for the global business cycle.

Starting with equity futures in Figure 3.6a, we see that average cross-country

portfolio weights vary over time and that these variations appear to be closely linked

to global business cycle regimes. Common for nearly all fundamentals, the exception

being trade balances, we see that the weights implied by the learning approach are

mostly positive during global expansions, but turn negative (on average) during global

recession periods. The effect of the latest financial crisis is especially pronounced

for the weights implied by unemployment rates as they switch rather abruptly, but is

clearly evident for industrial production, inflation, and retail sales as well. Moreover,

the weights gradually turn positive again as the recession turns to an expansion,

indicating that the investor expects equity returns to increase going forward. Such a

behavior is consistent with classic asset pricing models in which expected returns

move countercyclically such as the Campbell and Cochrane (1999) habit model.

Moreover, it also suggests that global equity returns are linked to a global component

in fundamentals such as the global business cycle (Kose, Otrok, and Whiteman, 2003,

2008; Crucini, Kose, and Otrok, 2011; Cooper and Priestley, 2013).

For the currency portfolio weights plotted in Figure 3.6b, we see that most funda-

mentals imply net long positions on average over time, but that the average (cross-

country) weights move around substantially over time. In particular, we tend to see

15The recession dummies are available from https://www.businesscycle.com.

https://www.businesscycle.com
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Figure 3.6: Time series dynamics of portfolio weights.
This figure illustrates the time series dynamics of portfolio weights placed on the underlying se-
curities for macro strategies in equities, currencies, fixed income, and the global macro strategy
relative to a global recession indicator. The weights are functions of industrial production (IP),
inflation (INF), unemployment rates (UR), retail sales (RS), and trade balances (TB). Portfolio
weights and the global recession indicator are normalized for ease of exposition. The sample
covers the period from January 2000 to December 2014.
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net long positions in the first part of our sample, whereas weights turn negative on

average before and during the latest financial crisis with the average weight size

peaking (negatively) around the height of the global recession.

Lastly, we consider the portfolio weights placed on fixed income futures in Figure

3.6c. While the investor appears to be mostly long on average over time as well, we
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note that the cross-country portfolio weights tend to move opposite equity portfolio

weights. As an example, consider the average portfolio weights implied by real output

variables such as industrial production, inflation, and unemployment. We see that

these fundamentals imply portfolio weights that tend to increase rapidly at the onset

of a global recession period, which is particularly pronounced for the latest financial

crisis and at the beginning of the European debt crisis. As such, this resembles the

flight-to-safety behavior discussed in Baele et al. (2015).

3.5.3 Drawdown dynamics of global macro strategies

To examine whether there exists a common risk factor in our global macro strategies,

we follow Koijen et al. (2015a) and compute the drawdown dynamics of the global

macro factor using the expression

D t =
t∑

s=1
Rs,GMF − max

u∈{1,...,t}

u∑
s=1

Rs,GMF (3.7)

where Rs,GMF denotes the excess return on the global macro factor at time s. The

drawdown dynamics are depicted in Figure 3.7. Drawdowns of the global macro

factor seem fairly modest and the maximum drawdown during our sample period,

which includes the financial crisis, is only slightly above 4%.

Figure 3.7: Drawdown dynamics of the global macro strategy.
This figure illustrates the drawdown dynamics of the global macro factor (GMF), where we
define drawdowns as Dt = ∑t

s=1 Rs,GMF −maxu∈{1,...,t}
∑u

s=1 Rs,GMF, where Rs,GMF denotes
the return on the global macro strategy at time s. The sample covers the period from January
2000 to December 2014.
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From the drawdown dynamics of the global macro factor, it is possible to iden-

tify periods of macro drawdowns and expansions, respectively, by defining macro

drawdowns as periods in which D t < 0 and all other periods as macro expansions. If

asset combo portfolios are driven by a common macro component, then we should

see a systematic difference in returns across macro drawdowns and expansions. To

examine this, we report in Table 3.7 descriptive statistics for the excess returns to
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Table 3.7: Descriptive statistics across macro drawdowns and expansions.
This table reports descriptive statistics for the excess return on global macro strategies for
equities (EQ), currencies (FX), fixed income (FI), and the global macro factor (GMF) that diver-
sifies across asset classes during macro drawdowns and expansions, where macro drawdowns
are defined as periods where the cumulative return to the global macro factor is negative, i.e.
Dt =∑t

s=1 Rs,GMF −maxu∈{1,...,t}
∑u

s=1 Rs,GMF < 0, where Rs,GMF denotes the excess return on
the global macro factor. Macro expansions are defined as all other periods. The sample covers
the period from January 2000 to December 2014.

EQ FX FI GMF

Panel A: Macro drawdowns

Mean 0.90 -1.95 -2.47 -1.17
t-stat (0.41) (-1.04) (-1.47) (-1.09)
Std 6.65 5.75 5.12 3.29
SR 0.13 -0.34 -0.48 -0.36

Panel B: Macro expansions

Mean 18.42 22.85 18.93 20.06
t-stat (3.89) (4.44) (4.99) (7.44)
Std 9.17 9.96 7.35 5.22
SR 2.01 2.29 2.58 3.84

our asset combo strategies in each asset class separately over macro drawdowns and

expansions, respectively.

While the mean excess return on the equity combo remains positive on average

during macro drawdowns, the average excess returns for currencies and fixed income

are negative at -1.99% and -2.47%, respectively. Although positive, the average ex-

cess return for equities are substantially lower in macro drawdowns than in macro

expansions. Similarly, the average excess returns for currencies and fixed income are

higher in macro expansions as well. The annualized Sharpe ratio of the global macro

factor (GMF) is -0.36 during drawdown periods, whereas the same statistic is 3.84

during expansions. These results suggest that the poor performing episodes of the

global macro factor are not particular to any of the asset classes, but rather caused by

common episodes for all macro strategies.

3.5.4 Exposure of global macro to benchmark strategies

As a complement to Section 3.4.3, this section considers contemporaneous regres-

sions of excess returns to macro strategies on excess returns from standard time

series benchmarks styles such as carry, momentum, value, and long-only portfolios

for each asset class separately as well as for the global macro factor. The regressions

are the mirror image of (3.6), i.e.

Rt+1, j =α+βRt+1,b, j +εt+1 (3.8)
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where Rt+1, j denotes the excess returns to our macro strategies, Rt+1,b, j the excess

return to benchmark strategies, and j = {
EQ, FX, FI, GMF

}
indexes the asset class.

Table 3.8: Exposure to benchmark portfolios.
This table reports coefficient estimates from regressing monthly global macro strategy returns
on a passive long benchmark (columns I) and time series carry, momentum, and value returns
(columns II). We report results for equities (EQ), currencies (FX), fixed income (FI) separately as
well as for the global macro factor (GMF) that diversifies across asset classes. The constants (α)
and information ratios (IR) are all annualized. IR is defined asα divided by the residual volatility
from the contemporaneous regression. Newey and West (1987) t-statistics implemented with
twelve lags are presented in parentheses. The sample covers the period from January 2000 to
December 2014.

EQ FX FI GMF

I II I II I II I II

α 6.19 1.45 3.71 1.41 1.13 0.99 4.47 1.83
(2.38) (1.11) (1.39) (0.57) (0.91) (1.02) (2.16) (2.10)

Passive -0.13 -0.02 0.39 -0.26 0.36 -0.02 0.09 -0.15
(-0.59) (-0.25) (1.63) (-2.35) (2.63) (-0.12) (0.46) (-1.77)

TS Carry 0.41 0.57 0.25 0.40
(2.55) (3.54) (1.46) (2.42)

TS Mom 0.75 0.22 0.41 0.62
(8.11) (2.01) (3.10) (5.09)

TS Value -0.11 -0.79 0.18 -0.08
(-0.77) (-4.26) (1.42) (-0.43)

IR 0.81 0.31 0.52 0.27 0.20 0.19 0.94 0.56
R2 (

%
)

1.64 62.75 16.01 54.07 19.65 33.65 0.12 51.70

Table 3.8 shows that the returns to a passive long-only strategy explain a non-

trivial part of the excess return to currency and fixed income returns, whereas they

only explain a very modest fraction of the excess returns to equities and the global

macro factor (columns I). Additionally conditioning on time series carry, momentum,

and value benchmark returns appears to account for a large fraction of the returns to

macro strategies. In fact, the alphas for all asset combo strategies become insignificant

after netting out the exposure to these factors. This finding, however, is expected

and makes sense as carry, momentum, and value should pick up macro trends in

the data (and thus be related to global macro returns as argued in Section 3.4.3), but

are measured with a higher accuracy than macro fundamentals themselves. This is

particularly true for an application like ours, where we rely on real-time data. For

the global macro factor (GMF), we do, however, find a significant alpha even after

netting out the exposure to the global benchmark returns and fairly high information

ratios of 0.94 (passive long) and 0.56 (passive long and carry, momentum, and value),

respectively. Hence, from this perspective, a global macro portfolio that diversifies

across asset classes and fundamentals generates a positive alpha even after taking

into account the standard benchmark styles.



3.6. CONCLUDING REMARKS 117

3.6 Concluding remarks

We investigate the excess returns to global macro strategies from trading in equity,

currency, and fixed income forward and futures markets conditional on past growth

in macroeconomic fundamentals over a broad spectrum of look-back periods. We

find that macro fundamentals are highly informative about future risk premia in all

three asset markets and that simple trading strategies based on country fundamentals

generate sizable returns and Sharpe ratios. Consequently, our results indicate that

global macroeconomic fundamentals are important determinants of risk premia in

global financial markets.

Our results have implications for a number of questions in international finance

and macro-finance. First, we show that there is clear evidence of time series pre-

dictability of returns by macro variables. While many earlier papers have resorted to

predictive regressions, which are plagued by econometric problems, our approach

based on timing strategies provides clear out-of-sample evidence that real-time

macroeconomic fundamentals predict returns. Secondly, our empirical results can

inform theoretical work that models the relationship between macro factors and risk

premia. For example, we find that low inflation in a country forecasts high returns go-

ing forward in equity markets and that both higher real output growth and declining

unemployment forecasts low currency returns going forward. Third, we also show

that global macro strategy returns capture a non-trivial share of global carry and

momentum portfolios, which suggests that part of these returns are indeed linked to

macro developments.
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Appendix

A.1 Benchmark strategies

One of our goals is to test whether standard benchmark strategies can partly be un-

derstood by their exposure to our macro strategy portfolios. Hence, we also compute

returns to well-known return factors. In particular, we consider a passive (long only)

investment, which simply takes a long position in each asset within an asset class

with weight N−1
t , where Nt denotes the number of assets available for trade at time t .

Moreover, we also compute returns to carry, momentum, and value strategies for all

three asset markets.

To compute the carry signal for each of our securities consistently across asset

classes, we follow Koijen et al. (2015a) and define carry as the return to any security

assuming that market conditions remain unchanged. In the case of futures and

forward contracts, this definition implies the following formulation of carry

Ct ≡ St −Ft

Ft
(A.1)

where St denotes the spot price of the asset and Ft the one-month futures price, both

observed at month’s end at time t . By relying on no-arbitrage arguments, Koijen et al.

(2015a) show that the carry signal has a distinct economic interpretation for each

of our asset classes. In particular, currency carry can naturally be interpreted as the

interest rate differential between the foreign and the local country (the standard carry

trade), equity carry can be interpreted as representing the expected dividend yield in

excess of the risk-free rate, and the fixed income carry signal is related to the slope of

the yield curve in excess of a roll down component reflecting the fact that the bond

rolls down the yield curve over time. We refer to Koijen et al. (2015a) for further details

on the theoretical underpinnings of the carry signal, its construction, and guidance

on how to interpolate the futures curves to obtain one-month futures prices.

For momentum, we use the standard measure of the past twelve-month cumu-

lative raw return on the asset, skipping the most recent month’s returns (Jegadeesh

and Titman, 1993; Fama and French, 1996; Grinblatt and Moskowitz, 2004; Asness

et al., 2013).16 This definition bypasses any effects from potential one-month re-

versals in prices caused by liquidity or microstructure issues (Jegadeesh, 1990; Lo

and MacKinlay, 1990; Boudoukh, Richardson, and Whitelaw, 1994; Grinblatt and

Moskowitz, 2004). While omitting the most recent month of returns may not be nec-

essary for some of our return series, we maintain the standard definition to ensure

16Although Novy-Marx (2012) shows that the past 7- to 12-month return is a better momentum predic-
tor for US stocks than the past 2- to 6-month return, Goyal and Wahal (2015) find this to be unique for the
US in a sample of 36 countries. Moreover, as Novy-Marx (2012) shows, the additional benefit of using 7- to
12-month returns only over the standard measure is negligible for US stocks. As a result, we stick with the
traditional and well-established definition of momentum across asset classes.



122 CHAPTER 3. GLOBAL MACRO STRATEGIES

comparability with earlier literature. The momentum signal, like the carry signal, is

easy to apply consistently across asset classes.

Table A.1: Benchmark strategies.
This table reports annualized means, standard deviations (Std), and Sharpe ratios (SR) of
excess returns to various benchmark strategies including a passive long portfolio and carry,
momentum, and value strategies based on time series signals. White (1980) t-statistics are
presented in parentheses. Carry and momentum portfolios are constructed by going long
(short) if the time series signal is above (below) zero and value portfolios are constructed
by going long (short) if the time series value signal is above (below) its recursively updated
average. Portfolio returns are observed at a monthly frequency over the period January 2000 to
December 2014.

Passive TS Carry TS Mom TS Value

Panel A: Equities

Mean 1.05 3.62 4.21 0.77
t-stat (0.46) (2.89) (2.15) (0.41)
Std 8.81 4.85 7.57 7.26
SR 0.12 0.75 0.56 0.11

Panel B: Currencies

Mean 1.75 3.25 2.49 -2.58
t-stat (0.80) (2.38) (1.41) (-1.57)
Std 8.47 5.30 6.84 6.35
SR 0.21 0.61 0.36 -0.41

Panel C: Fixed Income

Mean 6.48 5.36 2.62 -1.36
t-stat (3.20) (3.32) (1.54) (-0.96)
Std 7.86 6.26 6.60 5.46
SR 0.82 0.86 0.40 -0.25

Panel D: Global Benchmarks

Mean 3.09 4.08 3.11 -1.06
t-stat (2.48) (4.79) (2.59) (-1.07)
Std 4.84 3.30 4.65 3.83
SR 0.64 1.24 0.67 -0.28

Attaining uniformity in the definition of value, however, is less straightforward

since the definition of value depends on a model of the fundamental (or book) value

relative to the security price. In this paper, we follow Asness et al. (2013) and use the

negative 5-year return as the value signal for global equities, the negative of the past

five-year change in the real exchange rate for currencies, and the five-year change in

ten-year bond yields for fixed income.

We present descriptive statistics for these benchmark returns in Table A.1 in-

cluding annualized means (along with a t-statistic for a zero mean excess return),

volatilities, and Sharpe ratios for each strategy. Figure A.1 plots the cumulative excess

returns to the four benchmarks styles.
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Figure A.1: Cumulative benchmark returns.
This figure illustrates the cumulative excess returns to passive and time series carry, momen-
tum, and value strategies in equities, currencies, fixed income, and a global benchmark factor
that diversifies across asset classes. All strategies are scaled to have an ex ante volatility of 10%.
The sample covers the period from January 2000 to December 2014.
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A.2 Correlations of macro strategy returns

Table A.2 presents correlation coefficients between all 15 combinations of macroeco-

nomic fundamentals and asset classes discussed in Section 3.4. Unsurprisingly, we

see that strategies based on industrial production and unemployment within a given

asset class is highly correlated, although far from perfectly. For the remaining variable

we observe relatively low correlations within asset classes and, in addition, that macro

strategies are almost unrelated across asset classes, allowing for the diversification

benefits discussed in Section 3.4.2.
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