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Abstract

This thesis studies the predictability of stock and commodity returns. It

also examines the sources of return anomalies in �nancial markets. Chapter

1 introduces the main concepts and delivers an overview of the subsequent

chapters.

Chapter 2 begins with the analysis of stock return predictability around

the globe. By studying more than 80 countries for a sample period of up to

144 years, we conduct the most comprehensive analysis of equity premium

predictability that thus far exists. We �nd substantial evidence of in-sample

and out-of-sample predictability for aggregate excess returns of countries in

all regions. We detect predictability by examining price ratios, interest-

related variables, and economic indicators, as well as forecast combination

approaches. Investors in international markets can realize sizable utility

gains. Analyzing the cross-section of countries, we �nd that markets that

are more e�cient are generally more predictable, while more variability in

business cycles does not lead to better predictability.

Building on the analysis of return predictability based on historical

measures in Chapter 2, Chapter 3 examines another strand in the literature

and comprehensively analyzes the predictive power of several option-implied

variables for monthly S&P 500 excess returns and realized variance. The

correlation risk premium (CRP ) and the variance risk premium (V RP )
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emerge as strong predictors of both excess returns and realized variance.

This is true both in- and out-of-sample. A timing strategy based on the

CRP leads to utility gains of more than 5.03% p.a. Forecast combinations

provide stable forecasts for both excess returns and realized variance, and

add economic value.

Inspired by the remarkable degree of predictability in stock markets,

Chapter 4 extends the analysis to commodity spot markets. Using more

than 140 years of data, we comprehensively analyze the predictive power of a

broad set of macroeconomic variables for commodity prices and volatilities.

We �nd some evidence for short-term predictability, while the predictability

is much stronger in the long-term, at least in the case of predicting returns.

The level of volatility and the degree of predictability are a�ected by the

introduction of derivatives trading. A business cycle analysis shows that

the degree of return predictability is independent of being in a recession or

expansion. Volatility predictability is more pronounced in recessions.

Motivated by the �ndings in commodity spot markets in Chapter

4, Chapter 5 translates the analysis to futures markets and studies the

predictability of metal futures returns. Additionally, it identi�es years of

high predictability. Generally, we �nd a substantial degree of predictability

both in- and out-of-sample. Gold returns seem to be best predictable

out-of-sample. A timing strategy leads to utility gains of 2.18 % p.a. In

particular, the Aruoba�Diebold�Scotti (ADS) business conditions index

incorporates relevant information for metal returns, and strongly predicts

gold returns.

In the previous chapters, stock and commodity markets have been

analyzed in isolation. Chapter 6 examines commodity futures markets to

draw inferences about stock markets. The analysis is based on the insight

that �nancial markets are populated by a large number of return anomalies.

Our main objective is to provide evidence as to which of these are likely
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behaviorally-based and which have a risk-based explanation. To do so, we

examine return anomalies in commodity futures markets. These markets

provide an ideal ground for such research since (i) they are populated

mostly by institutional investors rather than retail investors and (ii) there

are only small limits to arbitrage. We �nd that downside beta, idiosyncratic

volatility, and MAX are likely due to behavioral reasons, while jump risk,

momentum, and volatility-of-volatility have a risk-based origin.

Finally, Chapter 7 concludes and outlines possible future directions for

research questions.

Keywords: Return Predictability, Volatility Predictability, Capital Market

Anomalies, Stock Markets, Commodity Markets
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Zusammenfassung

Diese Arbeit untersucht die Vorhersagbarkeit von Aktien- und Roh-

sto�renditen. Auÿerdem werden die Quellen von Renditeanomalien in

Finanzmärkten analysiert. Kapitel 1 stellt die Hauptkonzepte vor und liefert

einen Überblick über die nachfolgenden Kapitel.

Kapitel 2 beginnt mit der Analyse der Vorhersagbarkeit von Aktienren-

diten in einem internationalen Vergleich. Durch die Untersuchung von mehr

als 80 Ländern über einen Zeitraum von bis zu 144 Jahren führen wir die

umfangreichste Analyse der Vorhersagbarkeit der Marktrisikoprämie durch,

die bisher existiert. Wir �nden bedeutende Anhaltspunkte für eine in-sample

und out-of-sample Vorhersagbarkeit von Aktienmarktüberrenditen für

Länder in allen geogra�schen Regionen. Wir stellen Vorhersagbarkeit durch

Preiskennzahlen, Zinssatz-bedingte Variablen, ökonomische Indikatoren

sowie durch prognosekombinierte Ansätze fest. Investoren können in

internationalen Märkten beträchtliche Nutzengewinne realisieren. Bei der

Analyse des Querschnitts aller Länder �nden wir, dass e�ziente Märkte

im Allgemeinen besser prognostizierbar sind, wohingegen eine gröÿere

Variabilität in Konjunkturzyklen nicht zu einer besseren Vorhersagbarkeit

führt.

Aufbauend auf der Analyse der Vorhersagbarkeit von Renditen auf

Basis von historischen Maÿen in Kapitel 2, analysiert Kapitel 3 die
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Prognosekraft von Options-implizierten Variablen für monatliche S&P 500

Überrenditen und realisierte Varianz. Die Korrelationsrisikoprämie (CRP )

und die Varianzrisikoprämie (V RP ) o�enbaren sich als starke Prognose-

variablen sowohl für Überrenditen als auch für realisierte Varianz. Dies zeigt

sich sowohl in-sample als auch out-of-sample. Eine Handelsstrategie, die

auf der CRP basiert, führt zu Nutzengewinnen von mehr als 5.03% p.a.

Prognosekombinationen liefern stabile Vorhersagen für Überrenditen sowie

für realisierte Varianz, und liefern Nutzengewinne.

Inspiriert durch den bemerkenswerten Grad an Vorhersagbarkeit auf

Aktienmärkten erweitert Kapitel 4 die Analyse auf Rohsto�-Spotmärkte.

Mit mehr als 140 Jahren an Daten analysieren wir umfangreich die

Prognosekraft zahlreicher makroökonomischer Variablen für Rohsto�preise

und Volatilitäten. Wir �nden Anhaltspunkte für eine kurzfristige Vorhersag-

barkeit, während die Vorhersagbarkeit auf langer Sicht viel stärker ist,

zumindest für die Vorhersagbarkeit von Renditen. Das Level der Volatilität

und der Grad der Vorhersagbarkeit werden durch die Einführung des

Derivatehandels beein�usst. Eine Konjunkturanalyse zeigt, dass der Grad

der Vorhersagbarkeit von Renditen unabhängig von der Tatsache ist, ob

sich die Wirtschaft in einer Rezession oder in einer Expansion be�ndet. Die

Vorhersagbarkeit von Volatilitäten ist in Rezessionen ausgeprägter.

Motiviert durch die Ergebnisse von Rohsto�-Spotmärkten im Kapitel

4 überträgt Kapitel 5 die Analyse auf Terminmärkte und untersucht

die Vorhersagbarkeit der Renditen von Metallterminkontrakten. Darüber

hinaus werden Jahre hoher Vorhersagbarkeit identi�ziert. Im Allgemeinen

�nden wir einen erheblichen Grad an Vorhersagbarkeit sowohl in-sample

als auch out-of-sample. Goldrenditen scheinen out-of-sample am besten

prognostizierbar zu sein. Eine Handelsstrategie führt zu Nutzengewinnen

von 2.18 % p.a. Insbesondere der Aruoba�Diebold�Scotti (ADS) Business

Conditions Index umfasst relevante Informationen für Metallrenditen, und
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prognostiziert Goldrenditen in einem beträchtlichen Umfang.

In den vorhergehenden Kapiteln wurden Aktien- und Rohsto�märkte

isoliert analysiert. Kapitel 6 untersucht Rohsto�-Terminmärkte, um Rück-

schlüsse auf Aktienmärkte zu ziehen. Die Analyse basiert auf der Einsicht,

dass auf Finanzmärkten eine groÿe Anzahl von Renditeanomalien existieren.

Unser Hauptziel ist es, Anhaltspunkte zu liefern, welche von diesen

möglicherweise verhaltensbasiert sind und welche einen risikobasierten

Erklärungsansatz haben. Um dies zu tun untersuchen wir Renditeanomalien

auf Rohsto�-Terminmärkten. Diese Märkte liefern einen idealen Gegenstand

für solch eine Forschungsfrage, da sie (i) hauptsächlich von institutionellen

Investoren als von Kleinanlegern genutzt werden, und (ii) nur geringe

Beschränkungen für Arbitrage aufweisen. Wir �nden, dass Downside Beta,

idiosynkratische Volatilität und MAX wahrscheinlich verhaltensbedingt

sind, wohingegen Jump Risiko, Momentum und Volatilität-von-Volatilität

einen risikobasierten Ursprung haben.

Abschlieÿend zieht Kapitel 7 Schlussfolgerungen und zeigt mögliche

Anregungen für zukünftige Forschungsfragen auf.

Schlagwörter: Vorhersagbarkeit von Renditen, Vorhersagbarkeit von Vola-

tilitäten, Kapitalmarktanomalien, Aktienmärkte, Rohsto�märkte
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Chapter 1

Introduction

Whether returns are predictable or not has been one of the most

discussed issues in �nance for decades. Initial attempts to predict stock

returns were already performed by Dow (1920). Numerous studies have

tackled the question of return predictability and provided evidence either

in favor or against predictability.

Goyal &Welch (2008) re-drew attention to and stimulated that topic by

their seminal paper, in which they re-examine previous studies and provide

evidence against return predictability in the U.S. They argue that the so

far observed predictability is mainly driven by the period of the oil crises

and, to some extent, due to econometric issues of previous studies. They

conclude that the historical mean is a tough benchmark to beat. Campbell

& Thompson (2008) provide evidence in favor of return predictability

when including two economically motivated restrictions. Cochrane (2008)

shows that return predictability results from the time-variation of expected

returns. Overall, return predictability is challenging and the answer of

whether it is there is still inconclusive.

Chapter 2 accepts this challenge and extends the analysis of return

predictability to an international setting. Most of the existing literature
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has focused only on studying the return predictability in the U.S.,

using historical aggregated measures. Among others, the dividend�price

ratio (Roze�, 1984; Fama & French, 1988b; Hodrick, 1992), short-term

interest rates (Campbell, 1987; Hodrick, 1992; Ang & Bekaert, 2007),

the consumption�wealth ratio (Lettau & Ludvigson, 2001), and the

earnings�price ratio (Campbell & Shiller, 1988, 1998) have been examined.

There are also some recent studies that examine a small number of European

countries (e.g., Ang & Bekaert, 2007; Henkel, Martin, & Nardari, 2011;

Jordan, Vivian, & Wohar, 2014; Golez & Koudijs, 2018), or some Asian and

European countries (e.g., Charles, Darné, & Kim, 2016). However, the focus

of each of these studies is rather narrow.

Thus, in this chapter, we perform the most comprehensive analysis of

market return predictability in terms of sample length and cross-section

that, to the best of our knowledge, exists thus far. Our sample period

extends from January 1871 to December 2015 and includes more than 80

countries. Moreover, the broad set of countries enables us to gain insights

about the determinants of the predictability of the market risk premium.

The countries in our sample are heterogenous in various dimensions. Making

use of this heterogeneity in the cross-section of countries, we examine the

sources of international return predictability.

Our empirical evidence suggests that stock market returns in America,

Asia Paci�c, and Europe are well predictable, whereas those in Africa and

the Middle East are less well predictable. We detect better predictability

in more developed and more open countries. Overall, aggregate market

returns in more ine�cient countries appear to be severely less predictable.

Furthermore, we �nd that returns in countries with more business-cycle

variability are less predictable than those in countries with relatively more

stable business cycles.

Due to the notable degree of return predictability in an international
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setting based on historical measures, Chapter 3 analyzes the predictive

power of option-implied variables for monthly S&P 500 excess returns and

realized variance. It makes use of recent developments in the literature,

using option-implied measures. Among others, the variance risk premium

(Bollerslev, Tauchen, & Zhou, 2009; Bollerslev, Marrone, Xu, & Zhou, 2014;

Pyun, 2018), the correlation risk premium (Driessen, Maenhout, & Vilkov,

2009, 2013), implied variance (Jiang & Tian, 2005; Kourtis, Markellos, &

Symeonidis, 2016), and implied skewness (Rehman & Vilkov, 2012; Stilger,

Kostakis, & Poon, 2017) are examined.

To complement the existing literature, Chapter 3 provides a compre-

hensive analysis of the forecasting ability of variables separately proposed

in the recent literature on option-implied variables. We do not only analyze

return predictability, but also the predictability of variance at the same

time. In doing so, we are able to draw inferences for an investor's portfolio

choice.

We �nd that in particular the correlation risk premium (CRP ) and the

variance risk premium (V RP ) strongly predict the monthly excess return

of the S&P 500. This is true both in- and out-of-sample. Furthermore, we

show that both variables predict not only the market excess return but

also its realized variance. We note that most of the variables under study

have strong predictive power for realized variance but not for market excess

return. Moreover, we �nd that relative to an agent who assumes that the

mean and the variance of the market return are unpredictable, a mean�

variance agent with a risk-aversion coe�cient of 3 who uses the information

content of the CRP would realize utility gains of 5.03 % p.a.

Motivated by the remarkable degree of predictability in stock markets of

both returns and variance, Chapter 4 studies analogously the predictability

in commodity spot markets using historical measures. Commodities have

drawn more attention in recent decades as stock and bond portfolios have
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bene�cial properties when commodities are included. Thus, investors have

turned to commodities as a new investment class (e.g., Bessembinder &

Chan, 1992; Gorton & Rouwenhorst, 2006; Kogan, Livdan, & Yaron, 2009).

Due to the low correlation with stocks and bonds, commodities are useful to

achieve a high degree of portfolio diversi�cation and serve as a good hedge

against in�ation (e.g., Sadorsky, 2002; Gorton & Rouwenhorst, 2006; Lien

& Yang, 2008; Symeonidis, Prokopczuk, Brooks, & Lazar, 2012). Moreover,

commodities seem to be predictable by variables known from the equity

literature (e.g., Bessembinder & Chan, 1992; Bailey & Chan, 1993; Chen,

Rogo�, & Rossi, 2010; Pierdzioch, Risse, & Rohlo�, 2016).

Chapter 4 extends the existing literature by providing the most

comprehensive evidence on the predictive power of macroeconomic variables

for commodity excess returns and volatilities. We analyze more than 140

years of data and use a comprehensive set of commodity markets and

predictive variables. Our sample spans the period from January 1871 to

December 2015 and covers 30 commodities and 16 predictive variables.

Moreover, we do not only analyze the predictability of excess returns but

also the predictability of volatilities. We analyze whether the introduction of

derivatives trading systematically a�ected the degree of predictability, and

we study the predictability over business cycle stages (Cujean & Hasler,

2017).

Our empirical results suggest that there is short- and long-term pre-

dictability for both commodity excess returns and volatilities. We observe,

however, more predictability at longer horizons. These improvements are

more pronounced for the predictability of excess returns rather than

that of volatilities. In particular, we �nd that the growth of industrial

production, the market risk premium, and the default return spread reveal

themselves as the most reliable predictive variables in the short-term return

predictability, whereas interest rate-related variables are the most reliable
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predictive variables in the long-term. Analogously, the dividend�price ratio,

the dividend yield, the in�ation rate, and the long-term government bond

yield are the most important predictive variables in the short-term volatility

predictability, whereas for longer horizons, the earnings�price ratio, the

default yield spread, and the term spread contribute to the predictability.

Moreover, we �nd that the level of volatility and the degree of predictability

are a�ected by the introduction of derivatives trading. The degree of return

predictability is independent of being in a recession or expansion, whereas

the volatility predictability is more pronounced in recessions.

Analyzing spot markets in Chapter 4 allows us to identify economic

linkages over a very long sample period. Chapter 5, in turn, extends the

analysis to commodity futures markets in order to study trading strategies.

This chapter provides evidence on return predictability of metal commodity

futures. Using 12 variables that seem to predict stock returns, we analyze

several sample periods and identify years of high predictability. We study

the e�ect of forecast combinations on return predictability, and whether

investors might earn utility gains relying on predictive variables. We also

analyze the Aruoba�Diebold�Scotti (ADS) business conditions index to

examine the potential e�ects on metal futures returns and on the behavior

over business cycles.

We �nd substantial in- and out-of-sample predictability for next year's

excess return. The best performing variable is the long-term government

bond yield, indicated by an out-of-sample R2 of 37.90 % in the case of

gold. The �ndings provide evidence for stable forecasts using forecast

combinations. Gold returns seem to be best predictable out-of-sample. A

timing strategy leads to utility gains of 2.18 % p.a., when predicting gold

returns. Moreover, the ADS index seems to incorporate relevant information

for metal futures returns, and strongly predicts gold returns, indicated by

an out-of-sample R2 of 8.21 %.
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Finally, Chapter 6 uses commodity futures markets to explain capital

market anomalies. The literature has found numerous anomalies and factors

in the cross-section of stock returns (Harvey, Liu, & Zhu, 2016). Anomalies

may be explained by three main categories. First, they may be explained

rationally as re�ecting some underlying form of systematic risk (e.g., Fama

& French, 1993; Berk, Green, & Naik, 1999; Johnson, 2002; Liu & Zhang,

2008; Fama & French, 2015). Second, by irrational behavior, mostly of

individual investors (e.g., De Long, Shleifer, Summers, & Waldmann, 1990a;

Daniel, Hirshleifer, & Subrahmanyam, 1998; Hong & Stein, 1999; Daniel,

Hirshleifer, & Teoh, 2002; Diether, Malloy, & Scherbina, 2002; Baker &

Wurgler, 2006; Hirshleifer, Subrahmanyam, & Titman, 2006; Baker, Coval,

& Stein, 2007; Hirshleifer & Jiang, 2010). Finally, by limits to arbitrage (e.g.,

Jarrow, 1980; Mayshar, 1981; Shleifer & Vishny, 1997; Mitchell, Pulvino, &

Sta�ord, 2002; Acharya, Amihud, & Litov, 2011; Baker, Bradley, & Wurgler,

2011; Ljungqvist & Qian, 2016).

Chapter 6 uses commodity markets as ideal testing ground to organize

the set of anomalies, by examining the underlying causes of the anomalies

that constitute, in our view, the most relevant issues. To do so, we

examine whether the anomalies found in equity markets are also present

in commodity futures markets.

Using portfolio sorts with a holding period of one month, our empirical

results suggest distinct patterns in the anomalies. For many anomalies

detected in the equity literature, we do not �nd signi�cant return premia

in commodity futures markets. Downside beta, idiosyncratic volatility, and

the MAX measure reveal themselves as behaviorally caused, whereas jump

risk, skewness, momentum, and volatility-of-volatility underly systematic

risk-based explanations. Moreover, using cross-sectional Fama & MacBeth

(1973) regressions, we reach very similar conclusions.

This thesis proceeds as follows. Chapter 2 analyzes return predictability
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in an international setting. Chapter 3 examines return and variance

predictability in the U.S. using option-implied variables. Chapter 4 studies

return and volatility predictability in commodity spot markets. Chapter

5 extends the analysis to metal futures. Chapter 6 studies the economic

sources of equity market anomalies using commodity futures. Finally,

Chapter 7 summarizes the main �ndings of this thesis and suggests several

directions for future research.

The thesis consists of several chapters, which are to be regarded as

independent. Therefore, each chapter has its own notation of variables and

acronyms. To facilitate readability, they are used consistently throughout

the thesis, where possible.
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Chapter 2

Predicting the Equity

Premium: Comprehensive

Evidence from a Large Sample∗

2.1 Introduction

Whether the equity premium is predictable or not is an important

question that has now been analyzed for at least a century. Initial attempts

to predict stock returns date back to Dow (1920). Typically, the literature

examines the predictability of stock market returns in the U.S. However,

even though numerous studies have examined this issue, the empirical

evidence about equity premium predictability is still inconclusive.

Studying return predictability is important from both a theoretical

and a practical standpoint. For applications in practice, enhanced return

predictability goes along with an improved investment performance. Inves-

∗This chapter is based on the Working Paper �Predicting the Equity Premium:
Comprehensive Evidence from a Large Sample� authored by Fabian Hollstein, Marcel
Prokopczuk, Björn Tharann, and Chardin Wese Simen, 2018.
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tors might better choose their portfolio allocations across di�erent markets.

Knowledge about country-speci�c market return predictability might also

enable investors to establish pro�table market timing strategies. For

theorists, knowing about the sources and drivers of return predictability is

important since we need to distinguish between rational predictability (e.g.,

Campbell & Cochrane, 1999; Bansal & Yaron, 2004) due to time-varying

expected returns and irrational or frictions-based predictability that might

be more concentrated in less e�cient markets. Any predictability should be

accounted for when aiming for realistic asset pricing models.

Several studies �nd that stock returns are predictable by macroeco-

nomic variables (e.g., Fama & French, 1988b; Campbell, 1991; Cochrane,

1992). On the other hand, Goyal & Welch (2003, 2008) argue that most

forecasting variables have limited predictive power out-of-sample. They

conclude that overall the historical mean is the best predictor for the equity

premium in the U.S.

Connecting to these �ndings, the main goal of this paper is to analyze

whether the equity premium around the globe is predictable. In doing so, we

make two contributions to the existing literature. First, we perform the most

comprehensive analysis of market return predictability in terms of sample

length and cross-section that, to the best of our knowledge, exists thus far.

Indeed, our sample period extends from January 1871 to December 2015

and includes more than 80 countries.1 Most of the literature has focused

on either the U.S. stock market or a small number of developed countries.

This narrow focus might raise issues about data snooping (Lo & MacKinlay,

1990a). With our data, we are able to directly address these concerns and

provide out-of-sample evidence by extending the analysis to a framework

covering numerous countries across the entire globe. Second, the broad

1The exact sample length naturally di�ers across countries, and depends on data
availability in the respective countries.
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set of countries enables us to gain insights about the determinants of the

predictability of the market risk premium. The countries in our sample are

heterogenous in various dimensions. Making use of this heterogeneity in the

cross-section of countries, we examine the sources of international return

predictability.

Our focus lies on analyzing the predictive power of variables for the

future 12-month market excess return. We �nd evidence of substantial

predictability of aggregate market returns for countries in all geographic

regions. However, there is heterogeneity in the strength of predictability

across regions and for di�erent predictive variables. In-sample, we �nd that

the dividend yield and the price�earnings ratio are very strong predictors

of future aggregate excess returns for countries all over the world. While

we �nd that, overall, market excess returns in Africa and the Middle

East are the least predictable, these two variables also provide signi�cant

in-sample predictability there. Stock market returns in America, Asia

Paci�c, and Europe are very well predictable. In America, the dividend

yield, the price�earnings ratio, and the in�ation rate are the strongest return

predictors. In Asia Paci�c, the dividend yield and the price�earnings ratio

are the best predictors, but there is also remarkable predictive power of

the government bond yield, the in�ation rate, and the unemployment rate.

Finally, in Europe, the government bond yield and the unemployment rate

appear to be the strongest predictors for future stock market excess returns.

Out-of-sample, we detect signi�cant predictability for market risk

premia in countries of all regions. The pattern for the regions is the same

as in-sample. Returns are least forecastable in Africa and the Middle

East. In these regions, the dividend yield and the in�ation rate appear

to be the best out-of-sample predictors. The same variables perform

best in America, where aggregate stock market excess returns are better

predictable out-of-sample than in Africa and the Middle East. In Asia
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Paci�c, the dividend yield, the price�earnings ratio, and the unemployment

rate are the strongest predictors, while in Europe the in�ation rate and

the unemployment rate generally yield the best out-of-sample predictions.

In total, also considering model selection approaches, we �nd that a

mean forecast combination yields very good out-of-sample predictions. For

the mean forecast combination approach, we obtain out-of-sample R2s

ranging between −35.29 % and 1.06 % for Africa, −122.19 % and 6.88 % for

America, −114.99 % and 29.83 % for Asia Paci�c, −35.03 % and 20.60 %

for Europe, and −18.12 % and 31.68 % for the Middle East.

We also analyze whether the observed return predictability can be used

to generate economic utility gains, �nding that it is possible to generate

sizable utility gains across all regions and predictors. For the mean forecast

combination (MFC) approach, we obtain annualized economic utility gains

ranging between −0.96 % and 2.06 % for Africa, −17.97 % and 1.22 % for

America, −1.10 % and 3.02 % for Asia Paci�c, −4.12 % and 2.56 % for

Europe, and −4.02 % and 0.84 % for the Middle East.

Having established predictability all over the globe, an important

question relates to what drives this return predictability: market e�ciency

with time-varying expected returns, or mainly �nancial frictions? To address

this question, we sort the countries according to proxies for market

e�ciency and the variability of the respective business cycles. In general,

we detect better predictability in more developed and more open countries.

Thus, aggregate market returns in more ine�cient countries appear to be

severely less predictable. We also �nd that returns in countries with more

business-cycle variability are less predictable than those in countries with

relatively more stable business cycles.

Finally, we perform several additional analyses. The economic sign

restrictions of Campbell & Thompson (2008) generally slightly strengthen

the return predictability. There is also predictive power of U.S. variables

12
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for aggregate market excess returns in other countries. However, the

predictability is generally weaker than that based on local predictive

variables. One remarkable exception is that the U.S. government bond yield

seems to be a strong predictor of international market excess returns, often

stronger than the domestic yield. Finally, examining U.S. Dollar (USD)

returns, the results are largely very similar.

Our study naturally faces limitations. It is possible that di�erent

sample periods and heterogenous de�nitions of the variables between the

countries a�ect the return predictability. Moreover, the data quality might

di�er between countries, depending on the respective political and economic

conditions. We try to address these issues by using the variables from the

same database and taking into account the time-variation in variables by,

e.g., using a rolling rather than an expanding window in the out-of-sample

analysis. Additionally, we also test the robustness of our results for a

substantially shorter post-1990 period, which, at the cost of reduced power

of the statistical tests, substantially reduces the heterogeneity of the dataset

in all dimensions. We obtain overall very similar results as for the full sample

period.

This paper is related to the literature on the predictability of U.S.

market excess returns, which mainly uses aggregate valuation ratios as

return predictors. Variables which have been extensively examined in the

existing literature are, e.g., the dividend�price ratio (Roze�, 1984; Fama &

French, 1988b; Hodrick, 1992), short-term interest rates (Campbell, 1987;

Hodrick, 1992; Ang & Bekaert, 2007), and the consumption�wealth ratio

(Lettau & Ludvigson, 2001). Campbell & Shiller (1988, 1998) show that

the earnings�price ratio especially predicts long-term stock returns.

In recent years, several studies also have examined a wide-range of

accounting-based valuation ratios (e.g., Rapach & Wohar, 2006; Rapach &

Zhou, 2013). Goyal & Welch (2008) conduct a comprehensive analysis of
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previously documented predictor variables and argue that, due to serious

econometric issues, many existing methodologies yield unstable or spurious

results. They conclude that previously documented predictability of the

equity premium is not robust, and that the historical mean is the best

predictor for the equity premium. Campbell & Thompson (2008) show that

predictive regressions are able to beat the historical mean if economically

motivated restrictions related to the sign of the slope coe�cient and/or the

equity premium forecast are imposed on the model. We extend their analysis

to a large international sample studying international return predictability

both with and without these restrictions.

Our study also adds to the literature on international stock return

predictability. Most studies focus on a limited number of European

countries. Ang & Bekaert (2007) analyze Germany, the U.K., and the U.S.

and show the short-term predictive power of dividend yields in combination

with short-term interest rates. Golez & Koudijs (2018) analyze return

predictability for four centuries by combining Dutch, U.K., and U.S. data

and provide evidence for a strong annual and multi-annual predictability,

and show that expected returns are higher in recessions. Henkel et al.

(2011) examine the G7 countries and �nd short-term predictability

of macroeconomic variables only in recessions. Rangvid, Schmeling, &

Schrimpf (2014) provide evidence for dividend growth predictability in

an international setting. In addition, Jordan et al. (2014) consider 14

European countries and provide evidence for return predictability of the

short-term interest rate and the historical stock return variance. Charles

et al. (2016) analyze Asian and European countries and document a weak

predictability of �nancial ratios, and a moderate short-term predictability

of several macroeconomic variables. Rapach, Strauss, & Zhou (2013) show

that lagged aggregate U.S. returns have predictive power for those of 10

non-U.S. industrialized countries.
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2.2. DATA AND METHODOLOGY

The remainder of this paper proceeds as follows. Section 2.2 introduces

the data and explains the variables used. Section 2.3 presents the main

empirical results on predictability. Section 2.4 examines the sources of

return predictability. Section 2.5 provides further results. Finally, Section

2.6 concludes.

2.2 Data and Methodology

2.2.1 Data

We obtain our data from several sources. We retrieve the monthly time

series of equity market indices for 81 countries from the Global Financial

Database (GFD).2 All time series are directly available both in domestic

currency and in USD. For the U.S. 3-month Treasury bill rate, we use the

extended dataset of Goyal & Welch (2008).3 Our sample period extends

from January 1871 to December 2015. Table 2.1 provides an overview of

the countries under study and the number of observations for each market

index. In order to put some structure on our analysis, we group countries

according to their geographic regions, i.e., Africa, America, Asia Paci�c,

Europe, and the Middle East.

In addition, we obtain several measures characterizing the economic

strength and the environment for investments in the respective countries.

We collect the GDP per capita and the annual GDP growth rates (both

in USD and base year 2010) from the World Bank as well as data on

the stock market capitalizations (in USD), adjusted by the GDP implicit

2Due to a lack of data availability at GFD, we obtain the market indices of Ecuador
(in USD) and Russia (in domestic currency) from Datastream. Due to a lack of data
availability in Datastream, we use the index of Ecuador only denominated in USD.

3The dataset is available at http://www.hec.unil.ch/agoyal/.
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Table 2.1: Summary Statistics � Market Risk Premia

This table summarizes key statistics about the individual market risk premia. We sample

all data at the monthly frequency. We sort the countries according to geographic regions.

The time series of the market indices are denominated in domestic currencies. Ecuador

is denominated in USD. �Average�, �Std Dev�, �Skew�, �Kurt�, and �AR(1)� denote the

(annualized) mean, (annualized) standard deviation, skewness, kurtosis, and the AR(1)

coe�cient, respectively. �First Obs� and �Nobs� denote the �rst observation and the

number of observations, respectively.

Country A
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e
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N
o
b
s

Africa Average 0.0364 0.1787 0.0916 9.0014 0.2185
Botswana 0.1006 0.1371 1.4744 11.6475 0.4366 06.1989 319
Ghana -0.0358 0.2556 1.0617 11.1113 0.4137 12.1990 236
Kenya -0.0253 0.1774 0.6305 11.9322 0.2301 02.1964 623
Mauritius 0.0575 0.1544 -0.0481 6.2439 0.2664 08.1989 317
Morocco 0.0959 0.1438 -0.0337 5.7870 0.0956 01.1988 336
Namibia -0.0002 0.2304 -1.3483 10.1760 0.1081 03.1993 274
Nigeria 0.0704 0.2119 -0.6109 9.8161 0.2085 01.1988 336
South Africa 0.0286 0.1656 -0.7580 7.8281 0.1357 02.1910 1271
Tunisia 0.0361 0.1320 0.4571 6.4702 0.0715 01.1998 216

America Average 0.1179 0.3360 -0.7303 47.5038 0.1803
Argentina 0.5647 0.6048 2.3631 14.2038 0.2605 01.1967 588
Brazil -0.0078 0.9870 -17.8075 422.1675 -0.0180 02.1955 731
Canada 0.0426 0.1576 -1.0921 8.8685 0.1813 02.1915 1211
Chile 0.1451 0.3234 1.0461 14.2134 0.2793 02.1960 661
Colombia 0.0658 0.1991 1.8617 21.9943 0.2400 02.1927 1067
Ecuador -0.0002 0.2088 0.7363 12.8598 0.1317 01.1994 264
Jamaica 0.0057 0.2363 0.8226 6.7070 0.3255 07.1969 558
Mexico 0.0433 0.1718 -0.6579 9.2334 0.0442 02.1938 803
Peru 0.2782 0.3854 3.6523 27.5458 0.3488 01.1933 996
Trinidad and Tobago 0.0439 0.3247 -0.5074 5.5715 0.0685 02.1985 371
United States 0.0615 0.1649 -0.4488 11.8389 0.1097 01.1871 1740
Venezuela 0.1719 0.2686 1.2677 14.8412 0.1918 01.1937 948

Asia Paci�c Average 0.0539 0.2626 -0.1020 11.2091 0.1353
Australia 0.0781 0.1336 -2.2470 33.4600 0.0909 10.1882 1599
Bangladesh 0.0566 0.2950 0.9264 11.5369 0.1903 07.1980 408
China 0.0832 0.2922 -0.0375 4.2015 0.0605 01.1995 252
Hong Kong 0.0920 0.3159 -0.7553 9.9577 0.0720 08.1964 617
India 0.0399 0.1927 0.3294 7.6286 0.1273 07.1922 1110
Indonesia 0.1096 0.2923 0.8647 16.7527 0.1866 01.1983 396
Japan 0.0504 0.2070 0.5477 10.9253 0.1315 08.1914 1206
Korea 0.1521 0.3820 1.5544 30.2861 0.0469 02.1962 647
Malaysia 0.0423 0.2768 -0.5515 6.5627 0.1421 12.1972 517
New Zealand 0.0092 0.1402 -0.9310 11.8695 0.1513 01.1931 1020
Pakistan 0.0605 0.2289 -0.7932 11.4081 0.0772 08.1960 665
Philippines -0.0348 0.2816 0.1743 5.9244 0.1906 01.1953 756
Singapore 0.0533 0.2267 -0.5080 6.8195 0.1520 08.1965 605
Sri Lanka 0.0052 0.2136 0.4894 5.4698 0.1705 01.1963 516
Taiwan 0.0514 0.3201 -0.3091 7.2557 0.0907 02.1967 587
Thailand 0.0628 0.2979 -0.4396 6.3284 0.0755 05.1975 488
Vietnam 0.0046 0.3672 -0.0474 4.1674 0.3437 01.2001 180
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Table 2.1: Summary Statistics � Market Risk Premia
(continued)
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Europe Average 0.0256 0.2663 -0.2170 20.6059 0.2100
Austria 0.0488 0.2550 4.0091 63.0844 0.2721 02.1922 1071
Belgium 0.0075 0.1759 0.1012 7.1514 0.0936 02.1897 1357
Bulgaria -0.2280 0.3843 -1.9165 11.9364 0.5209 10.1993 267
Croatia -0.0015 0.2888 -1.5123 12.2023 0.0667 02.1997 227
Czech Republic 0.0051 0.2776 0.3542 8.6036 0.2619 10.1993 267
Denmark 0.0153 0.1275 -0.1841 7.3464 0.2454 02.1893 1475
Estonia 0.1309 0.3462 -0.5886 7.6367 0.2750 08.1995 245
Finland 0.0687 0.2035 0.2875 8.2076 0.2432 11.1912 1238
France 0.0288 0.1783 -0.1269 4.9375 0.1314 01.1898 1400
Germany 0.0404 0.3392 -5.0350 187.8966 -0.0342 01.1871 1740
Greece 0.0154 0.2777 0.5333 7.2474 0.2098 01.1954 744
Hungary -0.0049 0.2964 -0.2234 8.3953 0.1160 02.1991 299
Iceland -0.0223 0.3359 -8.5592 108.5430 0.2149 01.1993 276
Ireland 0.0252 0.1619 -0.8334 8.9796 0.2431 02.1934 983
Italy 0.0117 0.2356 0.9488 9.3258 0.1619 10.1905 1317
Latvia 0.0603 0.3229 0.2900 11.7569 0.3114 05.1996 236
Lithuania 0.0314 0.3030 1.4524 15.6386 0.1892 01.1996 240
Luxembourg 0.0742 0.1679 -0.9036 9.7534 0.2388 01.1954 744
Malta 0.0435 0.1714 1.0103 5.6374 0.3295 01.1996 240
Netherlands 0.0110 0.1668 -0.5579 5.6680 0.1801 02.1919 1142
Norway 0.0236 0.1718 -0.9661 9.6329 0.1825 02.1915 1211
Poland 0.1071 0.4824 1.4191 15.3133 0.2902 02.1921 517
Portugal 0.0517 0.2423 2.0347 22.0341 0.1687 01.1934 949
Romania 0.1486 0.4918 1.4781 9.9794 0.2407 01.1931 410
Russian Federation -0.0784 0.5300 -1.4045 10.3650 0.1814 02.1995 251
Slovakia Republic -0.0120 0.2956 2.8791 29.8210 0.3013 10.1993 267
Slovenia 0.0284 0.2512 1.1214 9.9935 0.2445 02.1993 275
Spain 0.0284 0.1671 -0.4829 6.6801 0.1567 01.1915 1168
Sweden 0.0586 0.1620 -0.6451 7.3069 0.1446 11.1901 1370
Switzerland 0.0256 0.1508 -0.5555 8.2437 0.1443 01.1914 1207
Ukraine 0.0317 0.4241 -0.1290 4.3530 0.3128 02.1998 215
United Kingdom 0.0452 0.1375 -0.2393 15.7176 0.0827 01.1871 1740

Middle East Average 0.0334 0.2397 0.0807 7.3695 0.1756
Bahrain -0.0080 0.1290 -0.2114 3.9214 0.3079 07.1990 306
Cyprus 0.0064 0.0957 1.4541 10.0501 0.1869 01.1984 384
Egypt 0.0485 0.3046 -0.0933 4.5476 0.1647 01.1993 276
Israel 0.1986 0.2275 0.0970 6.8117 0.2477 02.1949 803
Jordan 0.0273 0.2181 0.0488 6.9907 0.0432 02.1978 455
Kuwait 0.0482 0.2133 -0.2279 15.1681 0.2401 02.1973 431
Lebanon -0.0613 0.2523 1.1110 8.7831 0.1473 02.1996 239
Oman 0.0375 0.1984 -0.5705 6.9893 0.2226 12.1992 277
Qatar 0.0871 0.2747 -0.4805 5.1146 0.1053 10.1999 195
Saudi Arabia 0.0228 0.2266 -0.8275 5.6805 0.2244 01.1993 276
Turkey -0.0398 0.4968 0.5877 7.0070 0.0411 02.1986 359
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price de�ator.4,5 Finally, we use the Chinn & Ito (2006) index, which

the authors compute as the �rst principal component of several indicator

variables measuring capital controls, as a measure for market openness. We

employ the average of the standardized Chinn�Ito index as a classi�cation

criterion.6,7 Table A.1 in the Appendix to this chapter presents the tickers

for all the time series used in this chapter.8

2.2.2 Variables

Market Excess Return We compute the market excess return as the

di�erence between the log-return on the market index and the risk-free

rate for the corresponding period, i.e.:

ERt+1 = log

(
Pt+1

Pt

)
− rf t, (2.1)

where ERt+1 is the monthly excess return on the speci�c market index at

the end of month t + 1.9 Pt+1 and Pt denote the index price at the end of

months t+1 and t, respectively. rf t refers to the log risk-free rate observed at

the end of month t.10 Following Ang & Bekaert (2007), Hjalmarsson (2010),

and Rapach et al. (2013), we measure returns in the respective national

4The datasets are available at http://data.worldbank.org/indicator/NY.GDP.PCAP.
KD?locations=CL and https://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG,
respectively.

5We obtain the stock market capitalizations from the GFD, and the GDP implicit
price de�ator from the Federal Reserve Bank of St. Louis (FRED). The dataset is
available at https://fred.stlouisfed.org/series/GDPDEF.

6The standardized Chinn�Ito index is de�ned between 0 (no market openness) and
1 (complete market openness).

7Due to limited data availability, the sampling windows for these measures di�er
slightly. For GDP per capita and GDP volatility, we have data starting from 1960. For
market capitalization and market openness, the sample periods start in 1947 and 1970,
respectively.

8To use the maximal number of observations, there are market indices that are
combined from two subsequent indices. These time series are denoted by two tickers.

9The k-month excess return between time t and T = t + k is simply the sum of all
monthly excess returns occurring between t and T .

10We de�ne the risk-free rate as follows: we use the subscript for the time when it is
observed, thus, at time t even though it is realized at time t+ 1.
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currencies. Solnik (1993) notes that this approach yields returns that are

approximately equal to currency-hedged excess returns an investor from

any country can realize.11 We use the 3-month Treasury bill rate of the

respective country to proxy for the risk-free rate in domestic currencies.12

Following Goyal & Welch (2008), we use the 3-month Treasury bill rate to

proxy for the risk-free rate in USD.

Predictive Variables Rational return predictability requires time-variation

in expected returns. Expected returns are typically deemed to be high in

business cycle troughs and small in peaks. Accordingly, Cochrane (1999)

argues that prices are driven down if future cash �ows are discounted

at a higher rate. Low prices indicate high expected returns, and vice

versa. Thus, in principle all variables that have some correlation with the

business cycle are potential predictors of returns. In particular price-related

variables are natural candidates for forecasting variables. Both a high

dividend�price ratio and a low price�earnings ratio imply that assets have

high expected returns. Campbell & Cochrane (1999) and Cochrane (2007)

argue that return predictability based on these variables could be, for

example, generated by habits which react slowly to changes in consumption.

We base our main analysis on six predictor variables.13 We obtain

the monthly time series for the predictor variables from the GFD.14 All

11Solnik (1993) argues that this is due to interest rate parity, when the di�e-
rence in interest rates equates to the forward premium. Furthermore, working with
currency-converted returns raises the issue of a potential risk premium in exchange rates.
Nevertheless, for robustness, we study the predictability for international returns in USD
in Section 2.5.4.

12Due to a lack of data availability, we employ the 3-month Treasury bill rate rather
than that with a 12-month maturity. When there is no risk-free rate available, the risk-free
rate is set to zero. Please note that, because of this, the market risk premia for countries
for which this occurs can be slightly biased upwards.

13Further variables used in previous studies are, among others, the dividend�payout
ratio, the long-term Treasury yield, the consumption�wealth�income ratio, the default
yield spread, the default return spread, and the term spread. Due to a lack of data
availability for these variables in our international setting, we do not include these.

14For the unemployment rate of Ecuador, we obtain the time series from Datastream.
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variables are country-speci�c.15 We use three stock market variables: the

monthly dividend yield (dy) (e.g., Cochrane, 2008, 2011), the monthly

price�earnings ratio (pe) (e.g., Campbell & Shiller, 1988), and the monthly

long-term corporate bond yield (corp) (e.g., Chan, Chen, & Hsieh, 1985).

In addition, the analysis is based on three macroeconomic variables: the

monthly long-term government bond yield (gov) (e.g., Chen, Roll, & Ross,

1986), the monthly in�ation rate (infl) (e.g., Chen et al., 1986; Ferson &

Harvey, 1991), and the monthly unemployment rate (unrate) (e.g., Boyd,

Hu, & Jagannathan, 2005; Rapach, Wohar, & Rangvid, 2005).16

2.2.3 Model Selection Approaches

Since univariate models are typically unstable over time, it might be

fruitful to combine information from di�erent sources. To do so, we extend

our analysis using methods related to the statistical learning literature and

introduce two approaches that deal with parameter shrinkage and variable

selection. The question we want to answer is: Is it possible to utilize the

information in variables to improve the predictability that goes beyond that

of the univariate regressions?

Adaptive Elastic Net (AEN) Following Rapach et al. (2013), we use the

adaptive elastic net estimation technique which, similar to ordinary least

squares (OLS), minimizes the sum of squared residuals, but subject to two

penalty terms. We use the multiple predictive regression model:

ERt+k = αk + β′kXt + εt+k, (2.2)

15All variables are expressed in percent. Thus, they are independent of the currency.
To compute the in�ation rate, we use the consumer price index (CPI), denominated in
domestic currency.

16Table A.1 of the Appendix to this chapter presents the tickers for each of the time
series.
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where ERt+k is the market excess return from month t to t + k

and β′k = (βk,1, ..., βk,M), where m = 1, ...,M , is the vector of slope

parameters. Xt is the vector of M forecasting variables observed at the

end of month t, and εt+k represents the regression error term over k

month(s). The adaptive elastic net procedure aims to address the problem

that highly-parametrized forecast combinations of multiple predictors are

typically in-sample over�tted and perform very poorly out-of-sample. The

penalty terms in the optimization aim to provide regularization that ensures

a sparse model.17 The adaptive elastic net entails minimizing the following

objective function:

min
βk

[
T−1∑
t=0

(ERt+k − αk − β′kXt)
2 + λ1

M∑
m=1

ωm|βk,m|+ λ2

M∑
m=1

β2
k,m

]
, (2.3)

where λ1 and λ2 are the parameters of the penalty terms of Tibshirani

(1996) least absolute shrinkage and selection operator (lasso) and of the

ridge regression, respectively. We follow Zou (2006) and adjust the elastic

net approach of Zou & Hastie (2005) by the weighting term ωm = |β̂k,m|−γ

for γ > 0, where β̂k,m is the OLS estimate of βk,m from Equation (2.2). To

�nd the minimum, for given parameters we solve Equation (2.3) using the

algorithm provided by Friedman, Hastie, & Tibshirani (2010), selecting the

optimal parameter combination by �ve-fold cross-validation.18

Mean Forecast Combination (MFC) Rapach, Strauss, & Zhou (2010) �nd

that using forecast combinations yield substantial improvements in the

out-of-sample predictability (relative to single variable predictions) for the

U.S. The authors argue that di�erent variables capture complementary

17We also try a simple multiple predictive regression without the penalty terms of
Equation (2.3). This approach clearly falls short of the adaptive elastic net in terms of
out-of-sample performance.

18Following Zou (2006), we use the values of 0, 0.5, 1, and 2 as possible γs and 100
equally-spaced di�erent values for λ1 and λ2, with the maximum being the value from
which on all βk-parameters will be set to zero.
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information about the state of the economy. Forecast combinations provide

more stable estimates than simple multiple regressions and, thereby, reduce

the forecast volatility. To compute the combined out-of-sample forecast,

we �rst run a kitchen sink regression and select all variables that yield a

signi�cant slope coe�cient at at least the 10 % signi�cance level. Finally,

equipped with these B variables, where b = 1, ..., B, we compute the

combined out-of-sample forecast (ÊR
c,oos

t+k ) as:

ÊR
c,oos

t+k =
1

B

B∑
b=1

ÊR
b,oos

t+k , (2.4)

where ÊR
b,oos

t+k is the univariate out-of-sample forecast of predictor b.19 If

no variable yields a signi�cant slope estimate, we set the combined forecast

ÊR
c,oos

t+k equal to the historical mean estimate.

2.3 International Return Predictability

2.3.1 Summary Statistics

Before discussing our main �ndings, it is instructive to look at the

summary statistics reported in Table 2.1. The time series are denominated

in the countries' respective domestic currencies. All countries are grouped

according to their geographic regions, i.e., Africa, America, Asia Paci�c,

Europe, and the Middle East.

We observe that America exhibits the highest (annualized) average

market excess return of 11.79 %.20 For the U.S., we �nd an average
19Rapach et al. (2010) suggest the median and the truncated mean as two further

combination approaches. They obtain a superior performance of the mean forecast
combination approach. Following them, we concentrate on that approach.

20In some countries, the (nominal) market excess returns are unusually high. This
is caused by high in�ation rates. We account for this by subtracting the risk-free rate
from the corresponding market return. However, due to unexpected in�ation, the market
excess returns nevertheless display high values, induced by uncommon average (annual)
in�ation rates of, e.g., 65.16 %, 34.48 %, 34.38 %, 26.60 %, 19.47 %, 14.91 %, and 12.69 %
in Argentina, Romania, Peru, Chile, Israel, Venezuela, and Ukraine.

22



2.3. INTERNATIONAL RETURN PREDICTABILITY

(annualized) market excess return (standard deviation) of 6.15 % (16.49 %).

These �gures are similar to those reported, e.g., by Goyal & Welch (2008).

By comparison, (annualized) average market excess returns of more

than 5 % and 3 %, respectively, indicate that market risk premia in

countries in Asia Paci�c, Africa, and the Middle East are somewhat lower.

Europe displays the lowest (annualized) average market excess return,

with 2.56 %. Germany and the U.K. exhibit (annualized) average excess

returns (standard deviations) of 4.04 % (33.92 %) and 4.52 % (13.75 %),

respectively.21

What drives these high average market excess returns? Jorion &

Goetzmann (1999) show that the average U.S. real return is high compared

to that of other countries. Furthermore, the literature broadly discusses

whether the U.S. equity premium is overestimated.22 However, we �nd

substantial average equity excess returns across all regions.

Brailsford, Handley, & Maheswaran (2008) document that the historical

21For almost all countries the average market excess returns are positive. There are,
however, some exceptions. These include Bahrain, Brazil, Bulgaria, Croatia, Ecuador,
Ghana, Hungary, Iceland, Kenya, Lebanon, Namibia, Philippines, Russian Federation,
Slovakia Republic, and Turkey. For these countries the sample periods are relatively
short. Thus, the negative average market excess return might be a�ected by strongly
negative excess returns during the recent crises. In Brazil, there is a strong increase in
the price level around January 1993, driven by extraordinary in�ation expectations. This
temporary increase induces a sharp drop in returns, which yields a negative average
market excess return.

22Claus & Thomas (2001) provide evidence by using analysts' earnings forecasts and
show that in the U.S. and in Canada, France, Germany, Japan, and the U.K., the equity
premium estimates amount to 3% p.a. at the maximum. Using dividend and earnings
growth rates, Fama & French (2002) document a large discrepancy between the expected
U.S. equity premium and the realized average market excess return for the period 1951�
2000. Using both the dividend and earnings growth model, the approaches suggest equity
premia of 2.55 % and 4.32 %, respectively, rather than 7.43 % p.a. Donaldson, Kamstra,
& Kramer (2010) show similar �ndings and provide evidence for a U.S. equity premium
of around 3.5 % p.a. Van Ewijk, De Groot, & Santing (2012) argue that inconsistencies
in how to compute the equity premium might lead to di�erences in the estimates of up to
3.5 percentage points. Avdis & Wachter (2017) con�rm the overestimation of historical
averages of the U.S. equity premium. While using maximum likelihood estimation and
taking dividend and price information into account, they provide evidence for a strong
reduction from 6.4% to 5.1% p.a. They �nd similar results for the equity premia in Asia
and the European Union, however, although to a smaller extent.
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estimates of the equity premium in Australia are upward biased due to poor

data quality. Analyzing the time period 1958�2005, the authors provide

evidence for a reduced equity premium of more than 6% p.a. The lack of data

quality might be responsible for the large di�erences in the average market

excess returns we observe in our sample among countries within the same

geographical region. Among others, we may refer to the African countries

Botswana (10.06 %) and Morocco (9.59 %), in comparison to South Africa

(2.86 %).

Shackman (2006) and Erbas & Mirakhor (2010) show that there

are signi�cant di�erences in the equity premia between countries. They

document that equity premia are higher in emerging markets than in

developed economies. Van Ewijk et al. (2012) con�rm these results.

Emerging countries seem to exhibit larger equity premia than the U.S. The

highest premia are observable in the Asian Tiger countries with 15.21 %,

whereas Italy, among the G7 countries, has the lowest, 1.17 %. Equity

premia in Australia and Japan, and in Western Europe appear to be similar

to that in the U.S. In addition, the authors argue that larger volatility in

GDP (higher nominal interest rates) is (are) associated with larger (lower)

equity premia.23

Our results con�rm these patterns. In particular, the Asian Tiger

countries Korea and Hong Kong seem to have large average (annualized)

market excess returns of 15.21 % and 9.20 %, respectively, whereas

Singapore and Taiwan exhibit excess returns of more than 5 %. Considering

the European countries, we �nd similar patterns, for example, when

23Based on a steady-state model, Campbell (2008) shows that the (geometric) average
equity premia for the world, the U.S., and Canada of 3.9 %, 4.1 %, and 3.6 % are lower
than the realized market excess returns of 4.7 %, 5.5 %, and 4.5 % for the sample period
1900�2005, as documented in Dimson, Marsh, & Staunton (2008). Dimson, Marsh, &
Staunton (2008, 2011) also show a reduction of the equity premium estimate in the U.S.
and the U.K. The overestimation of sample averages in the existing literature arises from
econometric concerns and distorted dividend expectations. The authors conclude that
investors expect a global equity premium of 4.5 % to 5 % p.a.
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comparing Estonia (13.09 %), Latvia (6.03 %), and Lithuania (3.14 %). In

contrast, we notice that most Western European countries exhibit average

(annualized) market excess returns ranging from 0.5 % to 6 %, whereas in

Australia (Japan), with 7.81 % (5.04 %), we detect an average market excess

return somewhat higher (lower) than in the U.S.

2.3.2 In-Sample Analysis

We start our main analysis by studying the in-sample predictability

of market excess returns. We estimate the following (univariate) regression

model of the k-month(s) ahead excess return including a constant and the

predictor variable:

ERt+k = αk + βkXt + εt+k, (2.5)

where all variables are as previously de�ned. For our analysis, we focus on

the 12-month predictability of excess returns (Goyal & Welch, 2008).

To draw inferences about the predictability of the market risk premium,

we test the null hypothesis that the future excess return cannot be predicted

using the variable Xt. In the case of no predictability, we expect that βk = 0.

In this case, we would conclude that the best predictor of the future market

excess return is a constant, i.e., the recursive mean. On the other hand, if the

slope loading is statistically signi�cant, there is evidence of predictability.

To quantify the degree of signi�cant predictability across countries, we

report average R2s in our main tables. We base our statistical inference

on a bootstrapped distribution, as suggested by Rapach & Wohar (2006).

Following this approach, we avoid a small-sample bias (Stambaugh, 1999)

and account for serial correlation in the error terms (Richardson & Stock,
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1989).24

Table 2.2 visualizes and Table A.2 of the Appendix to this chapter

provides detailed regression results for each country. In discussing our

results, however, we focus on the more dense exposition of Table 2.3,

where we aggregate the regression results over the geographical regions.

We investigate each potential predictor separately.25

We observe a substantial predictive power for all variables. In Africa, dy

and pe have the highest predictive power, indicated by averageR2s (fractions

of signi�cant R2s) of 8.41 % (62.50 %) and 14.43 % (88.89 %), respectively.

gov and infl also display predictive ability, demonstrated by average R2s

(fractions) of 3.91 % (66.67 %) and 1.15 % (33.33 %), respectively. For corp

and unrate, we do not have su�cient data for African countries. Overall, the

price�earnings ratio appears to be the best in-sample predictor of African

market excess returns.

In America, all variables evince a high degree of predictability. In

particular dy, pe, and unrate appear to be very good in-sample predictors

with average R2s of 8.56 %, 9.31 %, and 9.76 %, which are signi�cant for

81.82 %, 72.73 %, and 62.50 % of the cases, respectively. All other predictors

also possess (if there is su�cient data to run our tests) noteworthy predictive

ability. gov yields an average R2 of 2.47 % (signi�cant for 3 out of 5

countries). infl has a high predictive power which, however, seems to be

driven mostly by high-in�ation countries in Latin America. For example,
24First, we set up the following null hypothesis: ERt = a0 + ε1,t and Xt = b0 +

b1 Xt−1 + ε2,t, where a0, b0, and b1 are the regression coe�cients and ε1,t and ε2,t are
the error terms, respectively. We then estimate the process under the null hypothesis of
no predictability via OLS. Second, we form a series of error terms and set up our pseudo
sample. For the pseudo sample, we calculate both the in- and out-of-sample statistics.
Finally, we repeat this procedure 1,000 times.

25We impose two conditions to be able to make reliable inferences from our results.
First, at least 10 years of observations must be available to include a variable for the in-
sample analysis. Second, there must be at least 30 out-of-sample observations to consider
the out-of-sample performance of a variable. Note that tables reporting the aggregated
results are based on equally weighted portfolios. However, due to the conditions imposed,
the number of countries per portfolio might di�er slightly.
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Table 2.2: Graphical Representation of Return Predictability �
Country View

This table presents a visualization of the signi�cance of in-sample and out-of-sample R2s

for di�erent predictor variables and forecast combinations. We sample the data at the

monthly frequency, and we predict the future 12-month excess return. a , a , a indicate

signi�cance of the respective statistics at the 10 %, 5 %, and 1 % level, respectively.

A white cell denotes no signi�cant predictive power, whereas ��� indicates insu�cient

data availability. �dy� denotes the dividend yield, �pe� the price�earnings ratio, �gov�

the long-term government bond yield, �corp� the long-term corporate bond yield, �in��

the in�ation rate, and �unrate� the unemployment rate. �AEN� and �MFC� denote the

adaptive elastic net and the mean forecast combination approach, respectively. For simple

regression models, statistical inference is based on a bootstrapped distribution, while for

AEN and MFC we use the MSPE-adjusted test statistic of Clark & West (2007).

In-Sample R2 Out-of-Sample R2 (R2
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A
E
N

M
F
C

Africa Botswana − − − − −
Ghana − − − − − − −
Kenya − − − − − − −
Mauritius − − − − − −
Morocco − − − − −
Namibia − − − − − − −
Nigeria − − − − − −
South Africa − −
Tunisia − − − − − −

America Argentina − − − − − −
Brazil − − − −
Canada
Chile − − − −
Colombia − − − − −
Ecuador − − − − − − − − − − − − − −
Jamaica − − − − −
Mexico − −
Peru − − − −
Trinidad and Tobago − − − − − − −
United States
Venezuela − −

Asia Australia − −
Paci�c Bangladesh − − − − − − −

China − − − − − −
Hong Kong − −
India − − − −
Indonesia − − − − − −
Japan
Korea
Malaysia − − − −
New Zealand − − − − − −
Pakistan − −
Philippines − − − −
Singapore − − − −
Sri Lanka − −
Taiwan
Thailand − −
Vietnam − − − − − − − − − −
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Table 2.2: Graphical Representation of Return Predictability �
Country View (continued)

In-Sample R2 Out-of-Sample R2 (R2
oos)

Region Country d
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Europe Austria
Belgium
Bulgaria − − − − −
Croatia − − − − − − − −
Czech Republic − −
Denmark
Estonia − − − − − −
Finland − −
France
Germany
Greece − −
Hungary − −
Iceland − − − − − − −
Ireland − −
Italy
Latvia − − − −
Lithuania − − − − −
Luxembourg − − − −
Malta − − − − − −
Netherlands
Norway
Poland − −
Portugal − −
Romania − − − −
Russian Federation − −
Slovakia Republic − − −
Slovenia − − −
Spain − −
Sweden
Switzerland − −
Ukraine − − − − − − − − −
United Kingdom

Middle Bahrain − − − − − −
East Cyprus − − − − − −

Egypt − − − − − − −
Israel − − − − −
Jordan − − − − −
Kuwait − − − − − − − − − −
Lebanon − − − − − − − − −
Oman − − − − − − − − − −
Qatar − − − − − − − − − − − − −
Saudi Arabia − − − − − − − −
Turkey − − − −
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Table 2.3: Return Predictability and Regions � Aggregated View

This table summarizes the in-sample and out-of-sample return predictability for di�erent

regions. We sample the data at the monthly frequency and predict the future 12-month

excess return. �Mean� indicates the average R2. �Nobs� and �Percentage� denote the

number of countries and the percentage fraction of signi�cant R2s, respectively. �Mean

| Signi�cant� is the mean of the R2s given they are signi�cant at at least the 10%

signi�cance level. �dy� denotes the dividend yield, �pe� the price�earnings ratio, �gov�

the long-term government bond yield, �corp� the long-term corporate bond yield, �in��

the in�ation rate, and �unrate� the unemployment rate. �AEN� and �MFC� denote the

adaptive elastic net and the mean forecast combination approach, respectively. R2 and

R2
oos are the in-sample and out-of-sample R2, respectively. For simple regression models,

statistical inference is based on a bootstrapped distribution, while for AEN and MFC we

use the MSPE-adjusted test statistic of Clark & West (2007).
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R2

oos 2.40 3 66.67 7.75 0.10 7 42.86 20.33 -4.18 1 0.00 -29.70 4 0.00

America R2 8.56 11 81.82 10.38 9.31 11 72.73 12.74 2.86 2 100.00 2.86 2.47 5 60.00 3.97
R2

oos -7.67 9 44.44 12.68 -3.84 11 18.18 22.60 -0.81 2 50.00 1.44 6.08 5 20.00 54.63

Asia R2 12.28 16 75.00 16.33 11.47 16 81.25 14.08 1.19 4 50.00 2.02 2.73 13 69.23 3.78
Paci�c R2

oos 14.54 15 66.67 24.34 2.11 16 50.00 13.53 2.28 4 25.00 27.80 -10.21 13 53.85 5.08

Europe R2 4.36 26 76.92 5.64 3.39 28 53.57 6.00 1.32 10 50.00 2.54 5.49 30 80.00 6.81
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oos -2.53 22 36.36 9.04 -12.74 23 17.39 1.42 0.41 10 50.00 9.20 -31.22 29 17.24 9.11

Middle R2 12.01 5 60.00 19.07 9.09 7 85.71 10.45 1.13 3 33.33 2.53
East R2

oos 10.03 4 100.00 10.03 -50.32 6 16.67 24.68 7.36 2 100.00 7.36
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Africa R2 1.15 9 33.33 2.91
R2

oos -1.26 9 33.33 1.14 -6.39 9 11.11 1.45 -2.91 9 11.11 1.06

America R2 4.80 11 72.73 6.57 9.76 8 62.50 15.43
R2

oos -11.53 11 54.55 2.40 11.01 7 71.43 18.73 -13.46 11 54.55 4.40 -9.84 11 54.55 4.04

Asia R2 1.99 15 60.00 3.19 10.47 8 100.00 10.47
Paci�c R2

oos -6.75 15 46.67 2.94 5.75 8 62.50 13.17 0.10 17 52.94 16.82 4.56 17 64.71 15.29

Europe R2 1.47 32 34.38 3.96 5.78 30 70.00 8.16
R2

oos -8.02 32 40.63 3.96 -1.23 30 56.67 12.77 -2.12 32 43.75 8.28 2.89 32 50.00 9.74

Middle R2 4.47 10 40.00 10.81 16.77 3 100.00 16.77
East R2

oos 0.68 9 44.44 9.96 -36.83 2 50.00 1.42 -2.26 10 40.00 9.46 2.77 10 40.00 12.35
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the predictive power in Argentina (R2 = 23.93 %), Brazil (R2 = 2.63 %),

Chile (R2 = 3.11 %), Peru (R2 = 14.69 %), and Venezuela (R2 = 3.37 %) is

very high, whereas, e.g., in the U.S. and Canada, there is a smaller degree

of predictability. Thus, the predictive ability of infl may be hard to exploit

in practice.

In Asia Paci�c and Europe, we detect a similar pattern to that in

America. All variables seem to have substantial predictive ability. dy, pe,

gov, and unrate in particular display a very good performance, indicated

by both substantial shares of countries for which we �nd signi�cant

predictability and high average in-sample R2s. For the Middle East, we

detect a similar pattern.

Overall, we detect substantial in-sample predictability for, in principle,

all of our predictive variables. Thus, subject to a veri�cation out-of-sample,

it seems that aggregate market excess returns are strongly predictable across

the globe.

2.3.3 Out-of-Sample Analysis

We continue the analysis by examining the return predictability

out-of-sample. Following Rapach & Wohar (2006), we use an initial training

window of 10 years to estimate the forecasting model presented in Equation

(2.5) in order to obtain the �rst parameter estimates.26 Equipped with

these and using the most recent observation of the forecasting variable,

we generate the �rst excess return forecast. Afterwards, we re-estimate the

forecasting model by rolling the training window forward by one month.

Thus, with the new parameter estimates, we again forecast the market

excess return over the next 12 months. We base our out-of-sample analysis

26Using an initial training window of 20 years, as suggested by Goyal & Welch (2008),
we obtain similar results. However, some countries drop o� due to their short time series.
Therefore, for our main analysis, we use an initial training window of 10 years.
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on a 10-year rolling window to capture the potential time-varying e�ects in

the coe�cients of the predictive regression.27

Following Campbell & Thompson (2008), we use the out-of-sample R2

(R2
oos) to assess the out-of-sample performance of di�erent models, i.e.:

R2
oos = 1− MSEu

MSEr

, (2.6)

whereMSEu andMSEr are the mean squared errors of the unrestricted and

restricted models, respectively. The unrestricted model is based on Equation

(2.5) or one of our model selection approaches. In the case of the restricted

model, we impose the null hypothesis that excess returns are unpredictable,

i.e., βk = 0. Thus, based on the R2
oos we can answer the question: What

predictive power in excess of the historical mean can one achieve by using

the variable Xt? A variable has noteworthy predictive power if it exhibits a

positive and signi�cant R2
oos, indicating an overall outperformance over the

historical mean.

To assess whether the predictability is signi�cantly higher than that

of the historical mean, we compute the MSE − F statistic suggested by

McCracken (2007):

MSE − F = (N − k + 1)×
(
MSEr −MSEu

MSEu

)
, (2.7)

where N denotes the number of out-of-sample forecasts. All other variables

are as previously de�ned. The null hypothesis is that the restricted model

performs at most as well as the unrestricted model, i.e., MSEr ≤ MSEu.

The alternative is that the unrestricted model provides smaller forecast

errors than the restricted model.

While out-of-sample predictability is �the ultimate test of any predictive

model� (Campbell, 2008), out-of-sample tests are somewhat less powerful

27Due to the overlapping observations, we obtain serial correlation in the error terms.
We account for this by using the bootstrap algorithm of Rapach & Wohar (2006).
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than in-sample tests of return predictability (Inoue & Kilian, 2005; Co-

chrane, 2008). For out-of-sample tests, the sample employed for estimating

parameters is only a subset of that used for in-sample estimates. A larger

sample naturally improves the accuracy of the estimates and enhances the

power of statistical tests. Thus, it is likely that we detect a somewhat lower

degree of out-of-sample predictability.

Similar to the in-sample analysis, Table 2.2 visualizes and Table A.2

of the Appendix to this chapter provides detailed regression results, while

we focus the discussion on the aggregated out-of-sample regression results

in Table 2.3.28

We also observe a substantial predictive power for all variables. In

African countries, we �nd noteworthy predictive power for dy and pe,

demonstrated by average R2s (fractions) of 2.40 % (66.67 %) and 0.10 %

(42.86 %), respectively. infl has some, whereas gov seems to have no

predictive ability at all. For most countries in these regions, we do not

have su�cient data to compute R2
ooss for corp and unrate. Overall, market

excess returns are predictable for most African countries.

Compared to the in-sample study, we detect a reduced though still

substantial predictability for all predictors in America, Asia Paci�c, Europe,

and the Middle East. For example, dy achieves signi�cant R2
ooss for 44.44 %,

66.67 %, and 36.36 % of the countries of the three regions, respectively.

Similar, though typically somewhat weaker predictive power materializes

for unrate, infl, pe, corp, and gov (broadly ordered by the strength of the

predictability).

28Studying the results carefully, the reader might wonder why the results for the
predictability of dy and corp in the U.S. di�er from those in Goyal & Welch (2008).
For one reason, in their tables, Goyal & Welch (2008) present results for an expanding
instead of a rolling window, as in our speci�cation. Second, we use a 10-year instead
of a 20-year rolling window that they employ for their graphs. It thus seems that the
optimal predictive relation changes frequently and one can enhance the out-of-sample
predictability by accounting for this.
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The last two columns in Table 2.3 show the results of the adaptive

elastic net as well as of the mean forecast combination approach.29 We

observe that both approaches yield good out-of-sample predictions. For

Africa, there is generally not much data available. Thus, it is not surprising

that the model selection approaches do not work that well there, with only

one country for which we can detect a signi�cant R2
oos. For the remaining

regions, however, we �nd high shares of signi�cant R2
ooss, even though the

sample for the two model selection approaches spans more countries than

are typically available for a single predictor variable. For MFC, the share

of signi�cant R2
oos is at least 40.00 % for America, Asia Paci�c, Europe, and

the Middle East. The overall performance of AEN is somewhat weaker than

that of MFC. In total, also considering the substantially broader sample

considered for MFC, we regard the mean forecast combination approach

as the best for out-of-sample predictions.

2.3.4 Economic Utility Gains

While the previous analysis is statistical in nature, for investors it

is very important whether and how predictability can be translated into

economic gains by portfolio allocation strategies. However, the relation

between out-of-sample R2 and economic utility gains from such a portfolio

allocation strategy has been found to be complex (Rapach & Zhou, 2013).

Therefore, in this section, we also study whether it is possible to obtain

economic utility gains.

We assume that an investor either has mean�variance preferences or

that mean�variance preferences provide a reasonable second-order Taylor

approximation to the investor's true utility function (Fleming, Kirby, &

29For the adaptive elastic net and the mean forecast combination approach, we use
the MSPE-adjusted test statistic of Clark & West (2007). A parametric bootstrap is only
possible for univariate or multiple predictive regressions, using homogenous time series
for the predictors.
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Ostdiek, 2001). The investor decides to allocate a fraction ωt of her wealth

to the risky market portfolio and the remainder, i.e. 1− ωt, to the risk-free

asset. Her objective function is:

max
wt

Et

(
rp,t+k −

γ

2
σ2
p,t+k

)
, (2.8)

where Et(·) is the expectation operator, σ2
p,t+k the conditional variance of

the portfolio from t to t+k, and γ is the coe�cient of relative risk-aversion.

rp,t+k is the simple return of the investor's portfolio between t and t + k.

Since our previous analysis is based on log rather than simple returns, we

use a second-order Taylor expansion to transform the returns.30 Thus, we

can express the objective function as follows:

max
wt

Et

(
Rp,t+k −

γ − 1

2
σ2
p,t+k

)
, (2.9)

where Rp,t+k is the log-return on the portfolio. For the conditional return

variances, we use an estimate based on a �ve-year rolling window.

Optimizing Equation (2.9), one can obtain the optimal weight invested

in the risky asset as (Jordan et al., 2014):

ωt =
Et(ERt+k + 1

2
σ2
t+k)

γEt(σ2
t+k)

=
Et(ERt+k)

γEt(σ2
t+k)

+
1

2γ
. (2.10)

Thus, the optimal weight positively depends on the expected future excess

return, while it is reduced for higher realized variance and levels of relative

risk-aversion.

For each month in our out-of-sample analysis, we compute the weight

ωt and also the realized return over the next k months of the portfolio. To

avoid short-selling and excessive leverage, we follow Campbell & Thompson

(2008) and impose the restriction that ωt has to be between 0 and 1.5. The

30The second-order Taylor expansion leads to the following relationship: Rt ≈ rt− 1
2σ

2
t ,

where Rt, rt, and σ
2
t are the log-return, simple return, and variance at time t, respectively.

In doing so, we express the simple return as a function of log-return and variance.
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certainty equivalent return (CER) is:

CER = r̄p −
γ

2
σ2
p, (2.11)

where r̄p is the average simple return on the portfolio, and σ2
p is the

variance of the portfolio returns. The utility gain (∆CER) of using a

certain predictor is the di�erence between the CER of a strategy using

that predictor and the CER when using the historical mean benchmark

return.

Table 2.4 reports the results for γ = 3 (Friend & Blume, 1975). For

each region and predictive variable, we observe that the out-of-sample

return predictability also translates to substantial economic gains. While the

average utility gains are negative for some predictor�region combinations,

across all regions and predictors there is a substantial share of countries, for

which we can detect positive utility gains. Among the individual predictors,

especially dy and unrate appear to yield high utility gains. In particular the

combination approaches AEN and MFC yield high utility gains.

Tables A.3 and A.4 of the Appendix to this chapter repeat the analysis

for γ = 6 and γ = 9, respectively. For these higher levels of risk-aversion,

we �nd somewhat weaker aggregate results, but it is still possible to obtain

substantial utility gains for all regions and predictors. Finally, Table A.5

of the Appendix to this chapter reports the utility gains for γ = 3, when

taking transaction costs into account. We follow Balduzzi & Lynch (1999)

and assume transaction costs of 50 basis points per transaction proportional

to the asset's traded size |ωt+k − ωt+|, where ωt+ is the portfolio weight

before re-balancing at t + k. Note that transaction costs arise for both

strategies: that based on a predictor variable and that based on the historical

mean. Hence, it is not surprising that we observe very similar results after

transaction costs. Our �ndings are largely una�ected by these.
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Table 2.4: Economic Utility Gains (γ = 3) � Aggregated View

This table reports the utility gains (∆CERs) with γ = 3 in percent relative to a

benchmark strategy based on the historical mean. We sample the data at the monthly

frequency, and we predict the future 12-month excess return. �Mean� indicates the

average ∆CER. �Nobs� and �Percentage� denote the number of countries and the

percentage fraction of ∆CERs greater than zero, respectively. �Mean | > 0� is the

mean ∆CER given it is greater than zero. �dy� denotes the dividend yield, �pe� the

price�earnings ratio, �gov� the long-term government bond yield, �corp� the long-term

corporate bond yield, �in�� the in�ation rate, and �unrate� the unemployment rate.

�AEN� and �MFC� denote the adaptive elastic net and the mean forecast combination

approach, respectively.
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Africa -0.02 9 55.56 0.25 0.48 9 66.67 1.09 0.55 9 66.67 1.11
America -3.07 11 45.45 0.18 1.56 7 71.43 2.86 -2.66 11 36.36 1.67 -2.79 11 36.36 0.92
Asia Paci�c -0.11 15 46.67 0.33 1.22 8 75.00 1.70 0.65 17 64.71 1.94 1.10 17 70.59 1.73
Europe -0.46 32 31.25 0.70 0.26 30 76.67 1.34 0.38 32 71.88 1.51 0.29 32 71.88 1.22
Middle East -1.00 9 44.44 0.71 0.45 2 50.00 1.44 -0.97 10 50.00 0.42 -0.86 10 40.00 0.57

2.4 What Drives Market Return Predictabi-

lity?

A longstanding question related to return predictability is whether

there is predictability due to rationally time-varying expected returns (e.g.,

Fama & French, 1989) or due to market ine�ciency, caused by �nancial

frictions or possibly even by irrational deviations of prices from their
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fundamental values (e.g., Shiller, Fischer, & Friedman, 1984; Summers,

1986), or due to a combination of these. Making use of our large cross-section

of countries, in this section, we provide evidence on this issue. To set the

stage, we �rst develop �ve hypotheses which we test in the following.

Time-Varying Expected Returns Fama & French (1989) �nd that expected

returns vary considerably across the business cycle. The authors show

that expected returns behave counter-cyclically, implying higher expected

returns when economic conditions are weak, and vice versa. Thus, any

predictability that is due to time-varying aggregate risk or risk preferences

is entirely consistent with market e�ciency. One could argue that if

time-varying expected returns are an important driver of predictability, the

predictability should be stronger for countries for which the business cycles

vary more strongly, i.e., those with higher GDP volatility. Furthermore,

Diebold & Yilmaz (2008) document a robust cross-sectional link between

GDP volatility and stock market volatility. This leads us to the following

hypothesis:

Hypothesis 1. Countries with higher GDP volatility exhibit better out-of-

sample predictability.

A further measure of frequently changing business conditions is the

share of recessions during our sample period. In recessions, investors exhibit

a higher risk-aversion and therefore require a higher risk premium, which

implies a better return predictability in these states (Cochrane, 1999,

2007). Rapach et al. (2010), Henkel et al. (2011), Dangl & Halling (2012),

and Garcia (2013) analyze the U.S. and the G7 countries and document

a stronger return predictability in recessions. Cujean & Hasler (2017)

provide a theoretical model with disagreement to explain these results. More

concretely, Henkel et al. (2011) show that, for the U.S., there seems to be
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a positive relation between the proportion of recession months and return

predictability. This leads us to our second hypothesis:

Hypothesis 2. Countries with more frequent bad states exhibit better out-

of-sample predictability.

This hypothesis might be somewhat controversial. The �ndings of the

previous literature indicate that predictability is stronger in recessions.

However, we set up unconditional predictive regressions. The optimal

predictive technology might face severe model uncertainty and parameter

instability across di�erent stages of the business cycle, and hence might

change strongly from �good� to �bad� states (Dangl & Halling, 2012). It is

thus possible that we �nd a worse overall predictability in countries with

frequent bad states.31

Market Ine�ciency Rösch, Subrahmanyam, & van Dijk (2017) argue that

�nancial frictions, such as limited capital or transaction costs, severely

reduce market e�ciency. This reduced market e�ciency may cause slow

information di�usion and delayed price reactions to new information, and

may cause predictability of returns in the time series. Thus, if market

ine�ciency is the main driver of return predictability, we expect returns in

countries with small and restricted capital markets to be better predictable.

This leads us to the following two hypotheses:

Hypothesis 3. Countries with higher market capitalizations exhibit worse

out-of-sample predictability.

Hypothesis 4. Countries with higher market openness exhibit worse out-

of-sample predictability.
31Furthermore, Henkel et al. (2011) �nd that for France, Germany, and Italy (out of

their sample of the G7 countries), the di�erence is not statistically signi�cant towards
the 5 % signi�cance level. It is thus possible that the relation between predictability and
bad states holds only for very large countries.
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Finally, Jordan et al. (2014) suggest using GDP per capita as a proxy

for market development, which leads us to:

Hypothesis 5. Countries with higher GDP per capita exhibit worse out-

of-sample predictability.

We sort the countries into �ve portfolios, according to their GDP

volatility, frequency of bad states, market capitalization, market openness,

and GDP per capita. Portfolio 1 (5) contains the countries with the lowest

(highest) values for the respective characteristic. We base our analysis on

out-of-sample predictability of the mean forecast combination approach,

which yields both high predictability and good data availability across the

regions. To synchronize the evidence on predictability with the availability

of data on the sorting variables, for this analysis, we limit our sample period

to that for which the sorting variables are available. Table 2.5 reports the

results.

GDP Volatility We �rst explore the e�ect of GDP volatility on return

predictability. GDP volatility is computed as the volatility of the annual

GDP growth rates. We �nd that the evidence is not entirely clear-cut.

While in all portfolios there is a share of more than 30 % of the countries

with signi�cant R2
ooss, we observe the highest average R2

ooss for portfolios

1, 2, and 5. Thus, on the one hand, consistent with Hypothesis 1, returns

in countries with high GDP volatility are very well predictable. However,

returns are also very well predictable in those countries that exhibit only

low GDP volatility. Thus, overall we cannot con�rm Hypothesis 1.

A possible explanation for this result is that GDP volatility is not a

perfect measure of variation in business cycles. Indeed, we �nd that countries

that exhibit lower GDP volatility are typically associated with higher GDP
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Table 2.5: Return Predictability and Sorting Characteristics �
Aggregated View

This table reports portfolio sorts of countries according to di�erent characteristics,

indicated in the panel headings. We present average out-of-sample results based on the

mean forecast combination approach. We sample the data at the monthly frequency,

and we predict the future 12-month excess return. We sort the countries according to

the respective sorting characteristic into �ve portfolios. Portfolio 1 (5) contains the

countries with the lowest (highest) value of the sorting characteristic. �Mean� indicates

the average R2
oos. �Nobs� and �Percentage� denote the number of countries and the

percentage fraction of signi�cant R2
ooss, respectively. �Mean | Signi�cant� is the mean

of the R2
ooss given they are signi�cant at at least the 10% signi�cance level. Statistical

inference is based on the MSPE-adjusted test statistic of Clark & West (2007).
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Portfolio 1 5.08 15 40.00 13.12 11.86 16 62.50 18.48
Portfolio 2 4.00 16 62.50 10.59 3.58 16 56.25 9.42
Portfolio 3 -8.25 16 43.75 13.17 -7.82 15 40.00 8.82
Portfolio 4 -1.03 16 31.25 7.49 0.61 16 43.75 8.90
Portfolio 5 5.24 15 60.00 20.37 -4.76 16 43.75 5.56
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Portfolio 1 0.30 11 27.27 3.01 -6.31 15 26.67 15.37 -2.32 15 40.00 15.63
Portfolio 2 -7.58 11 36.36 16.01 5.77 15 46.67 12.22 -12.82 16 37.50 5.18
Portfolio 3 8.54 11 81.82 12.45 -4.90 16 31.25 17.75 4.95 16 50.00 14.87
Portfolio 4 10.81 11 81.82 12.31 3.31 16 62.50 11.29 4.46 16 43.75 16.27
Portfolio 5 12.81 11 81.82 14.07 8.05 15 46.67 17.26 10.65 15 66.67 13.99
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per capita.32 Thus, perhaps GDP volatility is not a perfect proxy for the

degree of time-variation in expected returns.

Bad States To proxy for the share of bad states, we use the relative

frequency of negative return observations in our sample (Lakonishok,

Shleifer, & Vishny, 1994).33 We sort the countries according to that ratio:

the higher the ratio, the more bad states occurred in the respective country.

The analysis reveals a clear pattern between the frequency of bad

states and return predictability. The average R2
ooss as well as the share

of signi�cantly positive R2
ooss are highest for portfolios 1 and 2. Thus, the

aggregate excess returns appear to be much better predictable in countries

that exhibit a small number of bad states. Hence, the data delivers only

very little support for Hypothesis 2. It is likely, though, that the optimal

predictive technology di�ers for bad and good states. In this case, returns

in countries with fewer bad states might be better predictable simply

because the data generating process � in�uenced by issues like policy

shocks, technological advances, institutional changes, or learning of investors

(Timmermann, 2008) � changes less frequently.

Market Capitalization Next, we scrutinize whether the size of an economy,

proxied by aggregate market capitalization, systematically a�ects the

predictability of market excess returns. In doing so, we sort the countries

according to their stock market capitalizations, adjusted by the GDP

implicit price de�ator.

32Due to limited space, we do not present the tables that display the portfolio
compositions per characteristic.

33Directly measuring the frequency of recessions would be preferable. However, we
can only obtain data about recessions for the OECD countries and a reduced time series
from the OECD. Therefore, we follow Lakonishok et al. (1994) and proxy recessions by
the frequency of negative market returns.
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We �nd that the three portfolios of countries with the highest market

capitalizations are clearly best predictable. The average R2
ooss (fractions of

signi�cant R2
ooss) for portfolios 3 to 5 amount to 8.54 % (81.82 %), 10.81 %

(81.82 %), and 12.81 % (81.82 %), while the numbers are considerably lower

for portfolios 1 and 2. Thus, these results are at odds with Hypothesis 3.

Market Openness We also examine the relationship between market

openness and return predictability. We �nd that aggregate excess returns of

countries in portfolios 2, 4, and 5 are best predictable. Thus, the data also

does not support Hypothesis 4: it is clearly visible that predictability in the

most closed economies is not superior.

GDP per Capita Finally, we sort the countries according to their average

GDP per capita. We �nd that aggregate excess returns in countries with

higher GDP per capita are, in general, more predictable than those in

countries with lower GDP per capita. The highest average R2
oos of 10.65 %

results for portfolio 5. This portfolio also has the highest share of signi�cant

R2
ooss (66.67 %). Thus, we also �nd no empirical support for Hypothesis 5.

One might argue that by using the mean forecast combination approach

for all, we do not uncover the full scale of predictability in some countries.

Therefore, we repeat the previous analysis using the ex-post best predictive

technology for each country (measured by the level of R2
oos). While it would

not have been possible to implement such a strategy in real-time, this

approach comes closer to analyzing the maximum predictability that is

possible to achieve in each country.

We present these results in Table A.6 of the Appendix to this chapter.

For GDP volatility, we uncover a weakly increasing relation of average R2
ooss.

Thus, with the ex-post best predictors, Hypothesis 1 gains a little more

support, but still clearly not enough to accept it. For the frequency of bad
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states, the results are also largely similar as before. The portfolio of countries

with the highest percentage share of bad states is least predictable. For the

three remaining sorting characteristics, we detect similar patterns as before.

In general, market excess returns in better developed countries appear to

be somewhat better predictable, also when using the ex-post best predictive

technology.

Overall, our �ndings suggest that it is more di�cult to predict market

returns in low-developed and less open economies. Thus, it seems very

unlikely that aggregate return predictability is caused by market ine�ciency.

On the contrary, our results rather indicate that predictability is positively

related to these rough measures of market e�ciency. The main intuition for

why returns in e�cient markets are predictable is time-variation in expected

returns due to variation in business cycles. However, our results also cannot

con�rm that excess returns in countries with more business cycle variations

are better predictable. One potential reason for this is, though, that we do

not have the perfect proxies for business cycle variations.

2.5 Further Analyses

In this section, we perform further analyses. First, to check the

robustness of our results, we perform a subsample analysis and investigate

the post-1990 time period. Second, we employ economically motivated

sign restrictions. Third, we examine the e�ect of U.S. predictors on the

predictability of international market risk premia. Finally, we analyze the

market return predictability from the perspective of a U.S. investor, i.e.,

when denominating returns in USD.
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2.5.1 Post-1990 Time Period

To examine the robustness of our results, we analyze the time period

after 1990. Studying a reduced period of time substantially reduces the

heterogeneity in our dataset in terms of data quality and lengths of the

time series. Thus, with this analysis, we primarily test the robustness of

our main results with respect to imbalances in the dataset. We consider

1990 as a reasonable breakpoint since it broadly coincides with structural

changes that occurred in many countries around this time, e.g., due to

the decay of the Soviet Union. In the post-1990 period, many countries

are characterized by a stronger market as opposed to a planned economy

and deregulation strengthened capital markets. Consequently, there might

be a structural break around that data that implies changes in the

predictability of aggregate excess returns. Timmermann & Granger (2004)

and Chordia, Roll, & Subrahmanyam (2008) argue that markets behave

e�ciently at the present time. On the other hand, Pesaran & Timmermann

(2002) and Lettau & Van Nieuwerburgh (2008) argue that predictability

has disappeared since the 1990s due to parameter instability and further

structural breaks. Thus, it is also possible that we cannot observe any return

predictability for this most recent subperiod.

Table 2.6 visualizes the detailed results, whereas Table 2.7 reports the

aggregated regression results for in- and out-of-sample return predictability.

The post-1990 time period reveals, compared to the initial analysis based

on the maximal possible sample periods (see Table 2.3), similar patterns for

all regions, both in- and out-of-sample. In some instances, aggregate market

excess returns seem to be even better predictable when only considering the

post-1990 period. Table 2.8 reports the economic utility gains for γ = 3 and

Table A.7 of the Appendix to this chapter summarizes the results, when

accounting for transaction costs. Again, the results are very similar to those
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for our entire sample period.

Overall, the results for the reduced time period are qualitatively similar

as for our main study period. We �nd a substantial predictability of

aggregate market returns in all regions, as well as substantial utility gains

for many predictor�country combinations, also for the substantially shorter

post-1990 period. The observation of strong return predictability in the

more recent period, which is typically characterized as more e�cient, further

strengthens the view that it is not market ine�ciency that drives the return

predictability.

However, the heterogeneity in time series is less of a concern for

establishing predictability than for the cross-country analysis. Therefore,

we also repeat this analysis for the post-1990 sample period. Table 2.9

summarizes these results. These are overall very similar to those for the

entire sample period. There seems to be a negative relation of return

predictability with the frequency of bad states. Furthermore, predictability

is positively related to proxies for market e�ciency and market openness.

2.5.2 Restricted Predictability

Following Campbell & Thompson (2008), we impose two economically

motivated restrictions to improve the out-of-sample predictability of market

returns. First, we set the out-of-sample slope estimate equal to zero

whenever it has a di�erent sign to that of the in-sample estimate.34 Second,

we set the out-of-sample forecast equal to zero whenever it is negative

(Campbell & Thompson, 2008).

Table 2.10 presents the aggregated out-of-sample regression results.

Imposing both restrictions generally slightly enhances the aggregate return

predictability. For most regions and predictors, the average R2
oos is somewhat

34It is worthwhile to mention that this restriction cannot be implemented in real-time.
Thus, the analysis su�ers from a look-ahead bias.
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Table 2.6: Graphical Representation of Return Predictability �
Country View (Post-1990)

This table presents a visualization of the signi�cance of in-sample and out-of-sample R2s

for di�erent predictor variables and forecast combinations. We sample the data at the

monthly frequency, and we predict the future 12-month excess return. a , a , a indicate

signi�cance of the respective statistics at the 10 %, 5 %, and 1 % level, respectively.

A white cell denotes no signi�cant predictive power, whereas ��� indicates insu�cient

data availability. �dy� denotes the dividend yield, �pe� the price�earnings ratio, �gov�

the long-term government bond yield, �corp� the long-term corporate bond yield, �in��

the in�ation rate, and �unrate� the unemployment rate. �AEN� and �MFC� denote the

adaptive elastic net and the mean forecast combination approach, respectively. For simple

regression models, statistical inference is based on a bootstrapped distribution, while for

AEN and MFC we use the MSPE-adjusted test statistic of Clark & West (2007). The

sample period spans from January 1990 to December 2015.
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A
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C

Africa Botswana − − − − −
Ghana − − − − − − −
Kenya − − − − − − −
Mauritius − − − − −
Morocco − − − − −
Namibia − − − − − − −
Nigeria − − − − − −
South Africa − −
Tunisia − − − − − −

America Argentina − − − − − −
Brazil − − − −
Canada
Chile − − − −
Colombia − − − − −
Ecuador − − − − − − − − − − − − − −
Jamaica − − − − − − −
Mexico − −
Peru − − − −
Trinidad and Tobago − − − − − − −
United States
Venezuela − −

Asia Australia − −
Paci�c Bangladesh − − − − − − −

China − − − − − −
Hong Kong − −
India − − − −
Indonesia − − − − − −
Japan
Korea
Malaysia − − − −
New Zealand − − − − − −
Pakistan − −
Philippines − − − −
Singapore − − − −
Sri Lanka − −
Taiwan
Thailand − −
Vietnam − − − − − − − − − −

46



2.5. FURTHER ANALYSES

Table 2.6: Graphical Representation of Return Predictability �
Country View (Post-1990) (continued)

In-Sample R2 Out-of-Sample R2 (R2
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Europe Austria
Belgium
Bulgaria − − − − −
Croatia − − − − − − − −
Czech Republic − −
Denmark
Estonia − − − − − −
Finland − −
France − −
Germany
Greece − −
Hungary − −
Iceland − − − − − − −
Ireland − −
Italy
Latvia − − − −
Lithuania − − − − −
Luxembourg − − − − − −
Malta − − − − − −
Netherlands − −
Norway
Poland − −
Portugal − −
Romania − − − −
Russian Federation − −
Slovakia Republic − − −
Slovenia − − −
Spain − −
Sweden
Switzerland − −
Ukraine − − − − − − − − −
United Kingdom

Middle Bahrain − − − − − −
East Cyprus − − − − − −

Egypt − − − − − − −
Israel − − − −
Jordan − − − − −
Kuwait − − − − − − − − − −
Lebanon − − − − − − − − −
Oman − − − − − − − − − −
Qatar − − − − − − − − − − − − −
Saudi Arabia − − − − − − − −
Turkey − − − −
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Table 2.7: Return Predictability � Aggregated View (Post-1990)

This table summarizes the in-sample and out-of-sample return predictability for di�erent

regions. We sample the data at the monthly frequency, and we predict the future 12-

month excess return. �Mean� indicates the average R2. �Nobs� and �Percentage� denote

the number of countries and the percentage fraction of signi�cant R2s, respectively.

�Mean | Signi�cant� is the mean of the R2s given they are signi�cant at at least the

10% signi�cance level. �dy� denotes the dividend yield, �pe� the price�earnings ratio,

�gov� the long-term government bond yield, �corp� the long-term corporate bond yield,

�in�� the in�ation rate, and �unrate� the unemployment rate. �AEN� and �MFC� denote

the adaptive elastic net and mean forecast combination approach, respectively. R2 and

R2
oos are the in-sample and out-of-sample R2, respectively. For simple regression models,

statistical inference is based on a bootstrapped distribution, while for AEN and MFC we

use the MSPE-adjusted test statistic of Clark & West (2007). The sample period spans

from January 1990 to December 2015.
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Africa R2 7.59 8 62.50 11.68 13.74 9 88.89 15.43 12.05 1 100.00 12.05 4.05 6 83.33 4.81
R2

oos -2.29 3 66.67 2.08 1.01 7 57.14 16.09 13.53 1 100.00 13.53 -21.04 4 25.00 6.76

America R2 9.00 11 72.73 12.15 8.56 11 72.73 11.76 1.90 2 50.00 2.89 2.53 4 25.00 9.28
R2

oos -1.31 9 55.56 9.03 2.77 11 45.45 12.24 -3.25 2 50.00 0.63 9.63 4 50.00 30.37

Asia R2 14.69 16 75.00 19.48 10.47 16 87.50 11.95 3.96 4 100.00 3.96 4.34 13 69.23 6.08
Paci�c R2

oos 15.74 15 66.67 27.65 1.15 16 50.00 10.72 3.82 4 50.00 17.21 -3.28 13 61.54 11.57

Europe R2 5.51 25 60.00 8.95 3.66 28 50.00 6.87 4.30 8 75.00 5.68 6.09 30 73.33 8.21
R2

oos -1.21 21 28.57 13.16 -12.90 23 17.39 3.42 -10.90 8 12.50 2.81 -37.81 29 10.34 13.89

Middle R2 5.93 5 60.00 8.93 9.07 7 85.71 10.43 1.13 3 33.33 2.53
East R2

oos 12.26 4 100.00 12.26 -74.99 6 16.67 24.68 7.36 2 100.00 7.36
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Africa R2 2.30 9 44.44 4.86
R2

oos -0.76 9 22.22 5.08 -4.60 9 0.00 -2.53 9 11.11 12.35

America R2 5.33 11 63.64 8.08 10.21 8 75.00 13.51
R2

oos -5.06 11 45.45 3.98 15.55 7 85.71 19.85 0.88 11 54.55 18.42 8.92 11 45.45 16.83

Asia R2 1.46 15 40.00 3.28 10.73 8 100.00 10.73
Paci�c R2

oos -7.08 15 60.00 2.26 1.53 8 50.00 11.56 6.29 17 58.82 22.33 11.25 17 52.94 23.61

Europe R2 1.81 32 40.63 4.11 11.17 30 83.33 13.34
R2

oos -0.54 32 18.75 8.24 1.17 30 63.33 16.24 -3.12 32 34.38 28.95 2.90 32 34.38 16.46

Middle R2 1.28 10 40.00 2.59 16.77 3 100.00 16.77
East R2

oos -2.19 9 55.56 2.68 -36.83 2 50.00 1.42 -7.29 10 30.00 2.23 -0.65 10 30.00 2.80
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Table 2.8: Economic Utility Gains (γ = 3) � Aggregated View
(Post-1990)

This table reports the utility gains (∆CERs) with γ = 3 in percent relative to a

benchmark strategy based on the historical mean. We sample the data at the monthly

frequency, and we predict the future 12-month excess return. �Mean� indicates the

average ∆CER. �Nobs� and �Percentage� denote the number of countries and the

percentage fraction of ∆CERs greater than zero, respectively. �Mean | > 0� is the

mean ∆CER given it is greater than zero. �dy� denotes the dividend yield, �pe� the

price�earnings ratio, �gov� the long-term government bond yield, �corp� the long-term

corporate bond yield, �in�� the in�ation rate, and �unrate� the unemployment rate.

�AEN� and �MFC� denote the adaptive elastic net and the mean forecast combination

approach, respectively. The sample period spans from January 1990 to December 2015.
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Europe -0.62 32 21.88 0.96 1.02 30 73.33 2.51 1.75 32 68.75 3.67 0.71 32 62.50 2.22
Middle East -0.49 9 55.56 0.77 -1.17 3 33.33 1.44 -0.94 11 54.55 0.48 -0.41 10 60.00 0.48
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Table 2.9: Return Predictability and Sorting Characteristics �
Aggregated View (Post-1990)

This table reports portfolio sorts of countries according to di�erent characteristics,

indicated in the panel headings. We present average out-of-sample results based on the

mean forecast combination approach. We sample the data at the monthly frequency,

and we predict the future 12-month excess return. We sort the countries according to

the respective sorting characteristic into �ve portfolios. Portfolio 1 (5) contains the

countries with the lowest (highest) value of the sorting characteristic. �Mean� indicates

the average R2
oos. �Nobs� and �Percentage� denote the number of countries and the

percentage fraction of signi�cant R2
ooss, respectively. �Mean | Signi�cant� is the mean

of the R2
ooss given they are signi�cant at at least the 10% signi�cance level. Statistical

inference is based on the MSPE-adjusted test statistic of Clark & West (2007). The

sample period spans from January 1990 to December 2015.
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Portfolio 1 -0.70 11 9.09 1.27 -3.53 15 26.67 18.48 0.81 15 13.33 35.75
Portfolio 2 3.97 11 45.45 10.82 10.45 15 40.00 16.01 -1.52 16 37.50 10.57
Portfolio 3 13.73 11 72.73 13.76 -4.43 16 12.50 15.98 4.60 16 43.75 16.00
Portfolio 4 16.15 11 81.82 17.98 7.28 16 56.25 13.87 8.57 16 37.50 21.20
Portfolio 5 11.75 11 36.36 25.80 13.71 15 60.00 19.99 9.40 15 60.00 14.73
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Table 2.10: Restricted Return Predictability � Aggregated View

This table reports the average results of out-of-sample predictions using economically

motivated restrictions. We sample the data at the monthly frequency, and we predict

the future 12-month excess return. Following Campbell & Thompson (2008), we impose

two restrictions: (i) we set the out-of-sample slope estimate equal to zero whenever

it is di�erent to that of the in-sample estimate, (ii) we set the out-of-sample forecast

equal to zero whenever it is negative. �Mean� indicates the average R2
oos. �Nobs� and

�Percentage� denote the number of countries and the percentage fraction of signi�cant

R2
ooss, respectively. �Mean | Signi�cant� is the mean of the R2

ooss given they are

signi�cant at at least the 10% signi�cance level. �dy� denotes the dividend yield, �pe� the

price�earnings ratio, �gov� the long-term government bond yield, �corp� the long-term

corporate bond yield, �in�� the in�ation rate, and �unrate� the unemployment rate.

Statistical inference is based on the MSPE-adjusted test statistic of Clark & West (2007).
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Africa -20.67 4 25.00 5.36 -0.28 9 33.33 2.33
America 7.75 5 20.00 54.13 -9.08 11 81.82 4.20 10.98 7 85.71 13.38
Asia Paci�c -5.96 13 69.23 5.83 -3.60 15 73.33 3.09 6.15 8 62.50 11.71
Europe -7.07 29 48.28 7.44 -7.11 32 50.00 4.72 -0.65 30 66.67 7.34
Middle East 9.55 2 100.00 9.55 0.41 9 44.44 10.33 -4.10 2 0.00
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higher with the restriction than without and the shares of signi�cant R2
ooss

increase. However, there are also cases where both decrease.

2.5.3 Return Predictability based on U.S. Predictors

Rapach et al. (2013) demonstrate that lagged U.S. returns are a

superior predictor of the returns of industrialized non-U.S. countries.

These �ndings suggest that investors may primarily rely on information

on macroeconomic fundamentals from the U.S. instead of that of a local

country. We thus ask the question: Do U.S. predictors have superior

predictive power for non-U.S. market excess returns compared to domestic

variables?

Table 2.11 presents the aggregated regression results. Overall, using

U.S. predictors enables us to analyze more countries per region in predicting

market returns due to the better data availability and longer time series of

U.S. variables. Thus, the comparison with the return predictability based

on domestic variables is not entirely straightforward. However, we are able

to analyze and compare the overall predictive performance.

In general, the out-of-sample predictability is slightly reduced when

using U.S. predictors. Only for America, i.e., the region geographically

closest to and maybe economically most strongly dependent on the U.S., is

there typically a consistently better predictability when using U.S. variables

over using local predictors. For all other regions, the average R2
ooss are

sometimes somewhat higher, but typically there is a smaller share of

signi�cant R2
ooss. To some extent, however, the U.S. gov variable seems to be

a stronger predictor of future returns than most local long-term government

bond rates, likely re�ecting the leading role of the United States Dollar as

global reserve currency.
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Table 2.11: Return Predictability and Regions based on U.S.
Predictors � Aggregated View

This table summarizes the in-sample and out-of-sample return predictability for di�erent

regions using U.S. predictor variables. We sample the data at the monthly frequency,

and we predict the future 12-month excess return. �Mean� indicates the average

R2. �Nobs� and �Percentage� denote the number of countries and the percentage

fraction of signi�cant R2s, respectively. �Mean | Signi�cant� is the mean of the

R2s given they are signi�cant at at least the 10% signi�cance level. �dy� denotes

the dividend yield, �pe� the price�earnings ratio, �gov� the long-term government

bond yield, �corp� the long-term corporate bond yield, �in�� the in�ation rate, and

�unrate� the unemployment rate. �AEN� and �MFC� denote the adaptive elastic net

and mean forecast combination approach, respectively. R2 and R2
oos are the in-sample

and out-of-sample R2, respectively. For simple regression models, statistical inference is

based on a bootstrapped distribution, while for AEN and MFC we use the MSPE-adjusted

test statistic of Clark & West (2007).
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Africa R2 0.53 9 22.22 1.47 2.85 9 77.78 3.49
R2

oos -1.19 9 0.00 -1.00 9 33.33 5.52 -8.40 9 44.44 18.05 11.08 9 33.33 15.73

America R2 0.42 11 45.45 0.64 3.81 11 100.00 3.81
R2

oos 1.17 11 45.45 4.24 0.60 11 54.55 7.11 15.02 11 81.82 18.87 14.47 11 81.82 15.13

Asia R2 1.01 17 41.18 1.99 2.21 17 70.59 3.09
Paci�c R2

oos -0.17 17 52.94 2.50 -1.80 17 41.18 3.29 -9.99 17 58.82 12.45 6.16 17 41.18 12.86

Europe R2 0.67 32 43.75 1.14 2.43 32 71.88 3.27
R2

oos 0.83 32 62.50 1.88 -6.96 32 40.63 2.63 -11.36 32 43.75 7.67 5.07 32 43.75 9.06

Middle R2 0.79 11 18.18 3.14 2.20 11 36.36 5.09
East R2

oos -1.28 11 27.27 1.48 -19.47 11 18.18 5.85 -24.57 11 9.09 37.37 4.94 11 18.18 27.19
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2.5.4 Return Predictability from the Perspective of a

(Non-Hedged) U.S. Investor

In this section, we analyze the market return predictability from the

perspective of a U.S. investor. As discussed earlier, domestic excess returns

can be regarded as currency-hedged excess returns for a U.S. investor.

Thus, in this section, by analyzing all time series denominated in USD,

we essentially assume that investors do not hedge their currency risk. Thus,

we can partially answer the question: Does the exchange rate systematically

a�ect return predictability?

Table 2.12 shows the aggregated regression results. Overall, we �nd

similar results as in the domestic analysis, both in- and out-of-sample.

However, since one has to ideally predict both the foreign market return

and changes in the exchange rate, there are small di�erences, especially

for countries with a high exchange rate volatility. Generally, we observe a

slight decrease, in the average R2
ooss and the share of signi�cant R2

ooss. It

thus seems it is advisable to separate the prediction of market returns and

exchange rate. Worthwhile to mention is the overall weaker performance

of infl, indicating a weaker in�uence of high-in�ation countries on return

predictability in USD.

Table A.8 of the Appendix to this chapter provides the results for the

restricted return predictability. We �nd similar results compared to the

analysis on the basis of domestic currencies. In general, we observe a slight

worsening using market returns denominated in USD.

For robustness, Tables A.9 and A.10 of the Appendix to this chapter

show the aggregated results for the post-1990 time period, and the return

predictability from the perspective of a U.S. investor. In all cases, we �nd

similar results compared to our previous analyses.
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Table 2.12: Return Predictability and Regions � Aggregated
View (in USD)

This table summarizes the in-sample and out-of-sample return predictability for di�erent

regions. We sample the data at the monthly frequency, and we predict the future

12-month excess return. The time series of the market indices are denominated in

USD. �Mean� indicates the average R2. �Nobs� and �Percentage� denote the number

of countries and the percentage fraction of signi�cant R2s, respectively. �Mean |
Signi�cant� is the mean of the R2s given they are signi�cant at at least the 10%

signi�cance level. �dy� denotes the dividend yield, �pe� the price�earnings ratio, �gov�

the long-term government bond yield, �corp� the long-term corporate bond yield, �in��

the in�ation rate, and �unrate� the unemployment rate. �AEN� and �MFC� denote the

adaptive elastic net and the mean forecast combination approach, respectively. R2 and

R2
oos are the in-sample and out-of-sample R2, respectively. For simple regression models,

statistical inference is based on a bootstrapped distribution, while for AEN and MFC we

use the MSPE-adjusted test statistic of Clark & West (2007).
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oos 0.48 9 55.56 10.37 2.18 11 27.27 24.28 0.04 2 50.00 1.52 2.78 6 16.67 48.79

Asia R2 9.15 16 87.50 10.42 9.89 16 75.00 13.12 0.91 4 50.00 1.76 2.90 13 61.54 4.55
Paci�c R2

oos 13.85 15 73.33 20.45 3.77 16 56.25 13.03 1.30 4 25.00 19.87 -6.64 13 53.85 7.50

Europe R2 3.24 26 61.54 5.08 3.48 28 50.00 6.52 1.05 10 50.00 1.78 4.27 30 63.33 6.66
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Middle R2 9.60 5 40.00 23.09 8.68 7 71.43 11.95 1.71 3 66.67 2.53
East R2

oos 3.90 4 75.00 9.66 -38.71 6 16.67 17.02 5.31 2 100.00 5.31

in� unrate AEN MFC
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Africa R2 0.33 9 11.11 0.22
R2

oos -1.56 9 22.22 1.71 1.63 9 22.22 1.92 3.92 9 22.22 8.81

America R2 0.41 11 36.36 0.98 10.93 8 75.00 14.53
R2

oos -5.34 11 0.00 15.22 7 71.43 23.92 -4.35 12 41.67 2.73 -2.58 12 50.00 2.57

Asia R2 0.59 15 33.33 1.53 8.77 8 87.50 10.01
Paci�c R2

oos -12.11 15 13.33 1.87 2.80 8 50.00 12.87 -4.38 17 52.94 13.00 0.35 17 76.47 11.88

Europe R2 0.66 32 25.00 1.98 6.46 30 83.33 7.72
R2

oos -4.30 32 6.25 1.19 -2.89 30 43.33 15.99 -5.73 32 28.13 4.08 0.42 32 43.75 6.63

Middle R2 0.76 10 20.00 2.15 14.98 3 100.00 14.98
East R2

oos -1.11 9 11.11 6.23 -16.65 2 0.00 -5.01 10 20.00 3.83 -3.13 10 20.00 2.10
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2.6 Conclusion

We comprehensively analyze equity premium predictability using a long

sample period and a broad cross-section of countries. Overall, we detect

substantial predictability of 12-month aggregate excess returns around the

globe. We detect a comparably higher degree of predictability for American,

Asian Paci�c, and European countries, whereas countries in Africa and the

Middle East exhibit less predictability.

Analyzing the determinants of return predictability, we �nd that it is

unlikely that predictability is driven by market ine�ciency. There is only

little predictability for market excess returns in countries with low stock

market capitalization, little market openness, and small GDP per capita.

On the other hand, returns in countries with high manifestations of these

characteristics are, in general, better predictable. Finally, we �nd that high

GDP volatility and frequent bad states hinder return predictability.
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A. APPENDIX

A Appendix

In this section, we provide additional material for Chapter 2:

�Predicting the Equity Premium: Comprehensive Evidence from a Large

Sample�.
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CHAPTER 2. PREDICTING THE EQUITY PREMIUM: COMPREHENSIVE

EVIDENCE FROM A LARGE SAMPLE

Table A.2: Return Predictability and Regions � Country View

This table reports the in-sample and out-of-sample return predictability for the countries

in our sample. We sample the data at the monthly frequency, and we predict the

future 12-month excess return. We report the t-statistics (t − stat) in parentheses.

∆CER denotes the economic utility gain (with γ = 3) in percentage points relative

to a benchmark strategy based on the historical mean. �dy� denotes the dividend yield,

�pe� the price�earnings ratio, �gov� the long-term government bond yield, �corp� the

long-term corporate bond yield, �in�� the in�ation rate, and �unrate� the unemployment

rate. �AEN� and �MFC� denote the adaptive elastic net and the mean forecast

combination approach, respectively. R2 and R2
oos are the in-sample and out-of-sample

R2, respectively. ∗, ∗∗, and ∗∗∗ indicate signi�cance at the 10 %, 5 %, and 1 %

level, respectively. For better orientation, we print all signi�cant (at at least 10 %)

observations in bold. For simple regression models, statistical inference is based on

a bootstrapped distribution, while for AEN and MFC we use the MSPE-adjusted test

statistic of Clark & West (2007).

Country dy pe corp gov in� unrate AEN MFC

Africa Botswana R2 22.83*** 20.23*** 2.04* 0.24
R2

oos 7.84*** -21.41 -1.45 -13.73 -7.27
t− stat (9.50) (-6.23) (1.69) (-0.85)
∆CER 2.99 1.45 0.14 1.35 1.55

Ghana R2 0.00 13.24*** 0.70
R2

oos 24.85*** -1.18 4.96 0.86
t− stat (-0.07) (-4.83) (-1.25)
∆CER 0.08 -0.47 -0.43 -0.52

Kenya R2 0.35 29.93*** 0.28
R2

oos -26.40 1.32*** 1.45** 1.06*
t− stat (0.71) (8.08) (1.31)
∆CER -5.69 -0.92 -0.90 -0.96

Mauritius R2 1.92* 20.30*** 5.41*** 0.00
R2

oos 33.62*** -1.80 21.67 8.69
t− stat (1.67) (-6.24) (2.88) (0.01)
∆CER 1.95 0.23 0.65 0.57

Morocco R2 9.28*** 0.25 13.66*** 0.28
R2

oos -9.48 -65.08 -0.47 -13.76 -1.06
t− stat (3.81) (0.69) (6.55) (0.94)
∆CER -0.62 -5.18 -0.02 -0.91 -0.17

Namibia R2 8.03*** 0.25 2.32***
R2

oos -4.63 1.76** -2.37 -4.37
t− stat (-3.20) (0.77) (-2.49)
∆CER 1.24 0.60 0.96 0.82

Nigeria R2 25.89*** 18.67*** 5.81***
R2

oos 7.65*** 2.53** -0.44 4.89 9.87
t− stat (9.34) (-7.53) (4.46)
∆CER 4.23 1.16 0.07 1.65 1.36

South Africa R2 4.54*** 5.11*** 0.21 0.21 0.61***
R2

oos -8.30 -2.99 -4.18 -2.11 0.35*** -5.16 1.36
t− stat (5.09) (-5.95) (-1.26) (-1.61) (-2.64)
∆CER -1.17 -0.55 0.43 0.28 0.23 0.52 0.29

Tunisia R2 2.50* 14.12*** 1.88** 0.07
R2

oos -47.00 -9.42 -55.40 -35.29
t− stat (-1.82) (4.61) (1.97) (0.35)
∆CER 1.80 -0.03 1.41 2.06

America Argentina R2 0.31 0.43 23.93***
R2

oos -12.57 -19.30 4.02*** -0.99 -2.24
t− stat (1.00) (-1.29) (13.44)
∆CER -0.59 0.19 -18.01 -17.25 -17.97
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A. APPENDIX

Table A.2: Return Predictability and Regions � Country View
(continued)

Country dy pe corp gov in� unrate AEN MFC

Brazil R2 2.45** 14.11*** 2.63*** 0.69
R2

oos -29.23 -30.74 4.31*** 9.42*** 4.17* 3.87*
t− stat (2.84) (-7.27) (4.40) (-1.44)
∆CER -0.82 -0.48 -2.34 1.84 -2.27 -2.23

Canada R2 4.55*** 0.00 5.48*** 2.11*** 0.10 0.00
R2

oos -0.95 -6.77 -3.06 -9.13 -1.10 -5.87 1.42*** 1.66*
t− stat (6.80) (-0.02) (-6.36) (-5.08) (-1.10) (-0.08)
∆CER 0.70 0.25 0.62 -0.30 0.09 0.56 2.21 1.14

Chile R2 34.38*** 44.55*** 3.11*** 9.68***
R2

oos 28.28*** 23.80*** 1.65*** 5.17*** 5.87*** 4.09**
t− stat (13.96) (-15.83) (4.56) (5.99)
∆CER 2.64 2.53 0.15 4.21 1.98 1.22

Colombia R2 5.23*** 5.26*** 0.02 32.54***
R2

oos -31.64 -15.18 -15.62 -29.96 -7.21
t− stat (4.22) (-4.23) (0.40) (7.95)
∆CER -3.43 -1.93 -0.29 -0.45 -0.41

Ecuador R2

R2
oos

t− stat
∆CER

Jamaica R2 11.15*** 19.87*** 0.44 3.15***
R2

oos 21.40*** -6.28 2.20*** -1.06 3.28**
t− stat (4.10) (-6.16) (1.24) (4.21)
∆CER -3.82 -2.33 -0.92 -1.29 -0.58

Mexico R2 22.29*** 12.06*** 9.28*** 0.16 0.22
R2

oos 12.78*** -0.85 54.63*** 0.34** -10.73 5.53* 1.75
t− stat (9.61) (-6.65) (4.05) (-1.13) (-0.84)
∆CER -0.25 0.04 0.06 -0.21 -0.68 -0.23 -0.40

Peru R2 4.08*** 1.65** 14.69*** 17.88***
R2

oos 8.28*** -0.01 -122.88 64.30*** -117.86 -122.19
t− stat (3.27) (-2.10) (13.00) (5.94)
∆CER 0.27 0.78 -12.95 6.27 -12.36 -12.60

Trinidad R2 0.40 0.01 1.24**
and R2

oos 0.54 1.88*** 3.92** 4.48**
Tobago t− stat (0.75) (0.13) (2.12)

∆CER 0.28 0.02 0.43 0.50

United R2 2.38*** 1.02*** 0.23* 0.51*** 0.41*** 3.50***
States R2

oos 1.37*** -1.90 1.44*** -5.42 -1.65 6.05*** 5.72*** 6.88***
t− stat (6.49) (-4.23) (-1.67) (-2.99) (-2.62) (5.40)
∆CER -0.32 0.20 0.50 0.36 0.32 1.43 2.06 0.82

Venezuela R2 6.94*** 3.42*** 0.01 3.37*** 13.56***
R2

oos -45.37 -13.23 -3.42 -0.02 8.72*** -20.82 -2.65
t− stat (4.89) (-3.67) (0.20) (5.63) (-5.47)
∆CER -2.32 -1.20 0.51 0.33 -2.69 -2.06 -0.19

Asia Australia R2 5.15*** 0.32 0.57 3.11*** 2.26***
Paci�c R2

oos 6.02*** -8.34 27.80*** -6.80 -5.18 21.25*** 23.71***
t− stat (9.27) (-1.33) (-1.39) (-7.13) (4.53)
∆CER 0.96 0.60 3.69 1.77 1.15 2.64 2.59

Asia Bangladesh R2 13.82*** 23.63*** 0.01
R2

oos -8.45 -1.37 -4.52 -4.06
t− stat (4.75) (-8.02) (-0.19)
∆CER 1.36 -0.44 -0.13 -0.02

China R2 0.26 1.72* 0.65
R2

oos -2.93 4.67*** 2.43** -15.50 3.94
t− stat (0.78) (-2.04) (-1.25)
∆CER -0.15 -0.81 0.34 -7.18 -0.04

Hong Kong R2 30.46*** 30.70*** 2.88** 0.35 13.49***
R2

oos 34.80*** 6.14*** -2.05 -0.69 9.42*** 21.91*** 19.22***
t− stat (14.84) (-14.93) (-2.54) (-1.46) (5.75)
∆CER 4.19 1.96 -0.44 0.37 1.63 3.06 2.87
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EVIDENCE FROM A LARGE SAMPLE

Table A.2: Return Predictability and Regions � Country View
(continued)

Country dy pe corp gov in� unrate AEN MFC

India R2 25.54*** 12.26*** 0.85*** 0.25*
R2

oos 39.02*** 26.31*** 0.80*** -0.78 12.65** 8.91*
t− stat (10.51) (-6.71) (3.04) (1.65)
∆CER 4.36 2.58 -0.08 0.04 0.56 0.13

Indonesia R2 23.10*** 20.56*** 0.04
R2

oos 40.94*** 5.99*** -2.46 17.54* 19.07*
t− stat (9.30) (-8.78) (-0.38)
∆CER 7.38 0.68 -0.01 3.23 3.02

Japan R2 7.29*** 5.81*** 1.47*** 0.01 4.63*** 0.45*
R2

oos 11.25*** -1.52 -5.00 -29.45 2.81*** 1.87*** -14.20 2.57***
t− stat (8.91) (-6.60) (3.71) (0.26) (7.28) (-2.02)
∆CER -0.71 0.67 -0.53 0.11 -0.52 0.59 1.23 0.95

Korea R2 17.04*** 20.13*** 2.56*** 1.25 0.00 28.67***
R2

oos 7.61*** 12.84*** -7.07 -115.42 0.85*** 22.17*** 30.30 25.78
t− stat (11.30) (-11.09) (3.68) (1.47) (-0.12) (15.36)
∆CER 0.72 2.24 -0.97 -1.64 -0.19 0.67 2.36 2.08

Malaysia R2 17.80*** 9.27*** 0.10 2.49***
R2

oos 17.03*** -7.30 0.63*** -0.62 11.14*** 14.65**
t− stat (10.44) (-7.17) (-0.71) (-3.59)
∆CER 0.07 0.30 0.39 0.04 1.58 1.66

New Zealand R2 0.00 0.07 1.56***
R2

oos -8.68 -39.20 0.73*** -20.08 0.37
t− stat (0.02) (-0.48) (-3.99)
∆CER -0.76 -0.60 -0.26 -0.38 -0.17

Pakistan R2 30.14*** 30.60*** 1.61*** 1.14*** 32.34***
R2

oos 46.68*** 33.80*** -2.55 4.13*** 13.25*** 35.23* 29.83*
t− stat (11.79) (-11.92) (3.25) (-2.74) (10.37)
∆CER 4.41 3.89 0.77 0.72 4.89 2.47 2.45

Philippines R2 0.19 1.41** 13.05*** 7.71***
R2

oos 19.94*** 10.23*** -12.05 7.82*** 13.36*** 14.17***
t− stat (-0.88) (-2.38) (-5.68) (-7.87)
∆CER -0.50 -0.71 -2.66 -1.15 -0.65 -0.78

Singapore R2 18.17*** 12.34*** 0.04 3.07***
R2

oos 20.07*** -0.03 16.99*** -0.06 14.14** 12.84***
t− stat (10.57) (-8.42) (0.29) (-4.33)
∆CER 1.17 0.02 1.22 0.59 2.52 2.34

Sri Lanka R2 0.03 3.37*** 0.65* 0.05 1.94**
R2

oos -3.41 -3.81 0.23** -0.86 -13.58 -8.59 -1.73
t− stat (0.26) (-3.02) (1.71) (-0.51) (-2.17)
∆CER -1.34 0.96 0.21 -0.10 -0.22 -0.91 0.14

Taiwan R2 6.31*** 11.28*** 0.15 6.30*** 2.41*** 0.79*
R2

oos -0.92 8.31*** -6.60 1.69** 0.77*** -1.12 4.13*** 8.65***
t− stat (4.66) (-6.40) (-0.72) (-4.00) (-3.76) (1.88)
∆CER -1.75 -2.09 -0.62 -0.05 -0.42 1.28 0.40 0.73

Thailand R2 1.19* 0.08 4.02*** 2.58*** 3.82***
R2

oos -9.31 -5.94 14.50*** 1.77*** 19.14*** -2.00 14.60**
t− stat (1.97) (-0.60) (-4.19) (-3.54) (2.57)
∆CER -0.69 -0.50 2.54 0.24 -0.21 1.32 1.76

Vietnam R2 4.39***
R2

oos -114.99 -114.95 -114.99
t− stat (-2.76)
∆CER -1.10 -1.10 -1.10

Europe Austria R2 0.82** 0.16 3.83*** 8.41*** 10.27*** 0.26
R2

oos -6.04 -25.26 -1.45 -1.28 -6.60 -0.18 2.59*** 3.63**
t− stat (-2.42) (0.79) (-4.89) (-9.75) (10.81) (1.51)
∆CER -0.33 1.57 0.06 -0.40 -0.71 0.37 0.63 0.23

Belgium R2 0.01 0.80** 0.15 0.68*** 0.43** 2.44***
R2

oos -8.00 -0.36 -1.53 -2.55 -33.09 9.67*** 3.29*** 3.93
t− stat (0.29) (-2.10) (0.88) (-3.00) (2.14) (5.15)
∆CER -1.41 -0.97 -0.05 0.10 -0.42 0.62 1.08 0.28
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Table A.2: Return Predictability and Regions � Country View
(continued)

Country dy pe corp gov in� unrate AEN MFC

Bulgaria R2 27.18*** 10.46*** 5.73*** 26.57***
R2

oos -4.55 4.27*** 4.70*** -7.94 -1.85
t− stat (-6.64) (-5.40) (-3.92) (8.03)
∆CER -4.48 -0.70 0.27 -4.17 -3.97

Croatia R2 0.04 0.66 1.01
R2

oos -0.38 0.35 0.14
t− stat (0.23) (-0.92) (-1.47)
∆CER 1.55 1.72 1.68

Czech R2 12.92*** 4.90*** 1.03 6.89*** 18.23***
Republic R2

oos -4.55 -17.91 -13.39 3.38*** 28.59*** 19.77 14.23*
t− stat (5.94) (-3.50) (-1.35) (-4.33) (7.51)
∆CER -0.07 -2.36 -0.31 1.03 3.29 2.53 2.56

Denmark R2 0.10 2.06*** 0.14 0.68*** 0.08 0.75**
R2

oos 1.65*** -3.23 -17.44 -0.14 -0.03 -0.35 8.86*** 7.20*
t− stat (0.74) (-3.38) (0.54) (-3.16) (-0.68) (2.74)
∆CER 0.67 -1.51 -3.67 0.00 -0.31 0.35 0.83 0.19

Estonia R2 11.15*** 0.03 13.39***
R2

oos -8.45 23.16*** 22.02*** 33.33* 20.60**
t− stat (-4.51) (-0.28) (5.75)
∆CER -2.69 2.18 3.28 2.89 2.54

Finland R2 0.55* 2.06** 0.05 0.14 4.01***
R2

oos 1.07*** -8.43 1.94*** 3.19*** 11.21*** 8.60 11.78*
t− stat (1.87) (2.60) (0.73) (-1.26) (5.25)
∆CER 0.86 -1.36 -0.25 0.09 2.07 0.76 1.22

France R2 0.82*** 0.33 0.07 0.29* 0.03 0.20
R2

oos -1.99 -8.72 32.09*** 0.34*** 0.20*** 7.49*** 5.01*** 11.44***
t− stat (3.31) (1.31) (0.34) (-1.98) (0.57) (-1.22)
∆CER 0.13 -0.50 5.58 0.49 -0.41 1.08 1.65 1.02

Germany R2 0.73*** 0.89** 1.89*** 0.55*** 0.72** 1.13***
R2

oos 1.81*** -12.04 1.21*** -6.30 -214.23 -6.22 -7.69 0.38*
t− stat (-3.50) (-2.22) (-3.65) (-3.05) (3.54) (3.43)
∆CER -0.48 -0.54 0.87 -0.43 -1.64 0.94 0.44 -0.16

Europe Greece R2 3.56*** 0.33 1.31** 0.35* 0.22
R2

oos -8.15 -1.77 -22.66 0.09** -16.70 -20.06 1.41
t− stat (4.09) (-1.23) (2.19) (-1.60) (0.63)
∆CER -1.34 -2.01 -4.49 -1.00 -6.68 -0.72 -0.77

Hungary R2 5.10*** 0.63 1.95** 0.02 0.43
R2

oos -0.98 -5.27 -24.89 -8.56 3.00*** -18.37 1.87
t− stat (3.66) (1.29) (1.94) (0.25) (-0.99)
∆CER -2.84 -0.04 0.61 -0.92 0.46 0.59 0.24

Iceland R2 40.87*** 12.80*** 11.75***
R2

oos 11.65*** 1.09** 11.40* 25.82
t− stat (-9.41) (-6.20) (5.90)
∆CER -3.29 -5.63 -5.03 -2.59

Ireland R2 0.04 1.41** 0.36* 3.08*** 5.91***
R2

oos -1.30 4.34*** -5.37 0.01 -2.87 -6.64 -4.21
t− stat (0.33) (2.05) (-1.86) (-2.61) (4.90)
∆CER 1.01 -0.82 1.43 -3.16 0.47 2.13 2.05

Italy R2 0.36** 1.16** 0.15 1.26*** 0.06 7.70***
R2

oos -1.45 -2.20 -9.83 -4.98 -5.31 8.82*** 0.68*** 4.27*
t− stat (-1.98) (-2.18) (-1.00) (-4.06) (0.81) (7.84)
∆CER -2.83 -0.74 -2.00 -0.92 -0.57 0.08 0.28 0.13

Latvia R2 11.73*** 1.24 0.07 0.00 3.15***
R2

oos -44.49 -7.80 -3.64 -32.29 2.99
t− stat (3.94) (1.27) (-0.36) (0.03) (2.68)
∆CER -0.30 -0.07 1.58 -0.25 1.07

Lithuania R2 0.02 1.88** 0.66 4.58***
R2

oos -24.43 -16.69 -3.13 -30.88 -22.24
t− stat (-0.15) (-2.02) (-1.23) (3.29)
∆CER -4.66 -3.44 -0.10 -4.11 -4.12
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EVIDENCE FROM A LARGE SAMPLE

Table A.2: Return Predictability and Regions � Country View
(continued)

Country dy pe corp gov in� unrate AEN MFC

Luxembourg R2 2.30* 2.00*** 0.07 0.01
R2

oos -53.52 -7.24 -1.11 -17.11 -16.53 -7.71
t− stat (1.90) (3.32) (-0.72) (0.21)
∆CER -6.42 1.03 -0.23 0.10 1.31 1.39

Malta R2 16.19*** 0.07 3.28***
R2

oos -15.57 -0.69 -45.53 -39.59 -35.03
t− stat (-5.86) (-0.40) (-2.77)
∆CER -0.36 -0.16 -1.97 -2.37 -2.00

Netherlands R2 0.46 0.06 5.86*** 1.24*** 0.08 3.57***
R2

oos -4.77 0.00** 7.30*** -9.00 0.51*** 17.04*** 16.31*** 8.75***
t− stat (1.58) (0.55) (-3.33) (-3.74) (0.93) (6.43)
∆CER 0.32 0.42 4.36 -0.32 -0.38 2.03 2.00 0.89

Norway R2 9.04*** 0.11 0.62* 0.03 0.18 0.60***
R2

oos 7.65*** -1.39 1.86*** -1.41 -0.64 6.05*** 2.37*** 7.94**
t− stat (7.35) (0.77) (1.81) (-0.64) (-1.43) (2.69)
∆CER 1.12 0.81 0.27 0.16 0.08 0.40 0.76 0.59

Poland R2 10.70*** 13.13*** 12.67*** 0.01 2.34***
R2

oos -15.63 -58.01 -16.91 0.97*** 8.07*** -5.50 -1.25
t− stat (5.49) (-6.43) (-5.20) (0.17) (2.60)
∆CER -3.53 0.14 -0.17 -0.53 1.50 0.90 0.36

Portugal R2 1.30** 3.59*** 5.18*** 1.06*** 3.12***
R2

oos -2.14 -3.86 3.09*** 1.28*** -10.12 2.35** 12.17***
t− stat (2.06) (-3.47) (7.10) (3.15) (3.51)
∆CER -1.53 -3.32 0.04 -0.36 -1.69 0.99 1.22

Romania R2 11.85*** 5.40*** 0.29 18.35***
R2

oos 41.00*** -654.70 0.12* -129.59 -11.37 -8.08
t− stat (5.04) (2.93) (-0.97) (6.65)
∆CER 0.69 -0.07 -1.14 -0.24 -1.07 -0.90

Russian R2 4.49*** 0.01 9.36*** 1.48* 0.42
Federation R2

oos 2.23** -5.01 14.97*** -1.96 3.73*** -3.54 11.72*
t− stat (3.17) (-0.17) (4.71) (1.89) (1.00)
∆CER -0.95 -1.11 2.87 0.26 2.09 1.49 2.19

Slovakia R2 0.03 0.60 27.42*** 0.19 35.40***
Republic R2

oos -11.60 -60.72 -0.45 64.35*** -3.85 -3.97
t− stat (0.21) (0.96) (-9.52) (-0.69) (10.52)
∆CER -1.44 -1.83 0.81 4.04 1.66 1.86

Slovenia R2 21.64*** 0.63 2.43** 0.10 3.44***
R2

oos -0.11 25.18*** -1.41 -18.40 -3.07 -7.45
t− stat (6.24) (-0.99) (1.94) (0.51) (2.84)
∆CER -0.70 0.28 -0.86 -6.70 -3.40 -2.64

Spain R2 0.47* 1.44** 0.18 0.05 0.16
R2

oos -12.80 0.56** -1.32 2.30*** 8.37*** 2.06** 6.32***
t− stat (1.94) (-2.48) (-1.43) (0.70) (1.00)
∆CER -1.07 0.21 1.15 0.72 2.26 2.05 1.36

Sweden R2 1.16*** 0.26 0.01 0.00 0.06 0.06
R2

oos 1.22*** -2.80 3.52*** -7.18 0.34*** 4.80*** 2.75*** 14.06***
t− stat (3.99) (-1.19) (-0.27) (-0.01) (-0.82) (0.85)
∆CER 0.92 1.10 0.14 0.12 0.17 1.50 2.77 2.37

Switzerland R2 1.01** 1.18** 1.53*** 0.83*** 1.74***
R2

oos -6.55 -1.22 -8.55 -0.39 8.04*** 3.10*** 8.66**
t− stat (2.45) (2.55) (-4.30) (-3.09) (4.21)
∆CER -0.01 0.21 0.69 0.13 1.39 2.41 1.43

Ukraine R2 2.57* 0.05
R2

oos -6.82 -6.75 -7.78
t− stat (-1.76) (-0.30)
∆CER -1.36 -1.34 -1.63

United R2 12.20*** 9.26*** 0.48*** 0.20* 0.28* 0.13
Kingdom R2

oos 15.66*** 0.78*** -11.65 -4.71 -1.93 -0.23 22.46*** 12.70***
t− stat (12.31) (-8.03) (2.87) (1.85) (-1.85) (1.42)
∆CER 0.60 0.92 0.36 0.97 -0.06 0.67 2.91 1.20
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Table A.2: Return Predictability and Regions � Country View
(continued)

Country dy pe corp gov in� unrate AEN MFC

Middle Bahrain R2 1.35 12.08*** 0.02
East R2

oos 14.42*** -41.20 -8.23 -11.32 -4.78
t− stat (1.56) (5.11) (0.27)
∆CER 0.07 -0.06 -1.64 -1.20 -0.86

Cyprus R2 2.53** 0.01 11.45***
R2

oos 11.47*** -0.86 1.42** 4.27 1.54
t− stat (-2.30) (0.15) (4.80)
∆CER 0.51 -0.34 1.44 0.01 -0.04

Egypt R2 1.48 13.23*** 0.51
R2

oos 24.68*** -17.88 -17.15 -18.12
t− stat (1.40) (-5.21) (-1.16)
∆CER 5.57 -2.87 -2.68 -2.69

Israel R2 14.62*** 0.92 36.47*** 4.99***
R2

oos 9.09*** -1.51 31.97*** 32.49*** 31.68***
t− stat (6.54) (1.31) (21.28) (2.77)
∆CER -0.32 -0.07 -3.84 -3.89 -4.02

Middle Jordan R2 5.85*** 2.96*** 0.04 0.07
R2

oos 10.17*** -9.25 0.05* -1.45 8.48
t− stat (3.93) (-2.76) (-0.22) (-0.57)
∆CER 4.71 -2.63 0.30 -0.74 0.84

Kuwait R2 0.00
R2

oos 0.58** 0.59* 0.19
t− stat (0.11)
∆CER 0.05 0.05 -0.23

Lebanon R2 20.22*** 0.83
R2

oos 3.24** 3.08** 1.27**
t− stat (-5.45) (1.35)
∆CER 0.33 0.32 0.10

Oman R2 1.33*
R2

oos -6.24 -6.14 -9.00
t− stat (-1.73)
∆CER 1.07 1.09 0.65

Qatar R2 0.82
R2

oos

t− stat (-1.09)
∆CER

Saudi Arabia R2 12.67*** 3.84***
R2

oos -36.16 7.25*** 1.58* 4.84*
t− stat (-5.41) (-3.24)
∆CER -2.58 1.44 0.64 0.71

Turkey R2 36.72*** 1.56** 1.60** 33.86***
R2

oos 6.44*** -238.48 -0.56 -75.09 -28.50 11.62**
t− stat (14.15) (-2.34) (-2.37) (9.55)
∆CER -2.97 -3.29 -3.14 -0.54 -3.28 -3.05
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EVIDENCE FROM A LARGE SAMPLE

Table A.3: Economic Utility Gains (γ = 6) � Aggregated View

This table reports the utility gains (∆CERs) with γ = 6 in percent relative to a

benchmark strategy based on the historical mean. We sample the data at the monthly

frequency, and we predict the future 12-month excess return. �Mean� indicates the

average ∆CER. �Nobs� and �Percentage� denote the number of countries and the

percentage fraction of ∆CERs greater than zero, respectively. �Mean | > 0� is the

mean ∆CER given it is greater than zero. �dy� denotes the dividend yield, �pe� the

price�earnings ratio, �gov� the long-term government bond yield, �corp� the long-term

corporate bond yield, �in�� the in�ation rate, and �unrate� the unemployment rate.

�AEN� and �MFC� denote the adaptive elastic net and the mean forecast combination

approach, respectively.
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Africa 1.02 3 66.67 1.91 -0.17 7 57.14 0.69 -0.41 1 0.00 -0.96 4 25.00 0.56
America -0.50 9 22.22 1.22 -0.23 11 36.36 0.49 0.08 2 100.00 0.08 -1.14 5 40.00 0.20
Asia Paci�c -0.07 15 33.33 1.79 -0.08 16 43.75 0.83 0.05 4 25.00 2.66 -0.23 13 30.77 0.94
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Africa -0.14 9 44.44 0.12 -0.19 9 44.44 0.52 0.04 9 44.44 0.58
America -2.83 11 36.36 0.07 0.58 7 57.14 1.72 -2.96 11 36.36 0.83 -2.87 11 36.36 0.52
Asia Paci�c -0.15 15 53.33 0.14 0.31 8 62.50 1.02 -0.69 17 41.18 0.78 0.22 17 52.94 0.90
Europe -0.53 32 25.00 0.40 -0.31 30 50.00 0.73 -0.58 32 46.88 0.72 -0.23 32 50.00 0.77
Middle East -2.19 9 44.44 0.36 0.69 2 50.00 1.65 -2.40 10 40.00 0.25 -1.99 10 30.00 0.23
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Table A.4: Economic Utility Gains (γ = 9) � Aggregated View

This table reports the utility gains (∆CERs) with γ = 9 in percent relative to a

benchmark strategy based on the historical mean. We sample the data at the monthly

frequency, and we predict the future 12-month excess return. �Mean� indicates the

average ∆CER. �Nobs� and �Percentage� denote the number of countries and the

percentage fraction of ∆CERs greater than zero, respectively. �Mean | > 0� is the

mean ∆CER given it is greater than zero. �dy� denotes the dividend yield, �pe� the

price�earnings ratio, �gov� the long-term government bond yield, �corp� the long-term

corporate bond yield, �in�� the in�ation rate, and �unrate� the unemployment rate.

�AEN� and �MFC� denote the adaptive elastic net and the mean forecast combination

approach, respectively.
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America -0.41 9 22.22 0.82 -0.17 11 36.36 0.34 -0.01 2 50.00 0.03 -0.97 5 40.00 0.15
Asia Paci�c -0.32 15 33.33 1.16 -0.32 16 43.75 0.56 -0.19 4 25.00 1.80 -0.27 13 30.77 0.71
Europe -0.61 22 22.73 0.13 -0.28 22 31.82 0.18 -0.31 10 30.00 1.00 -0.54 29 24.14 0.40
Middle East -0.04 4 50.00 0.79 -1.16 6 16.67 1.97 -0.05 2 50.00 0.11

in� unrate AEN MFC
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Africa -0.13 9 44.44 0.08 -0.33 9 44.44 0.35 -0.07 9 44.44 0.40
America -2.54 11 27.27 0.05 0.28 7 57.14 1.06 -2.77 11 27.27 0.42 -2.59 11 36.36 0.33
Asia Paci�c -0.14 15 46.67 0.11 0.00 8 62.50 0.61 -0.78 17 35.29 0.62 0.00 17 52.94 0.61
Europe -0.41 32 21.88 0.30 -0.32 30 46.67 0.49 -0.67 32 31.25 0.48 -0.29 32 46.88 0.50
Middle East -1.64 9 44.44 0.24 -0.26 2 0.00 -1.99 10 40.00 0.17 -1.55 10 30.00 0.15
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CHAPTER 2. PREDICTING THE EQUITY PREMIUM: COMPREHENSIVE

EVIDENCE FROM A LARGE SAMPLE

Table A.5: Economic Utility Gains (γ = 3) and Transaction Costs
� Aggregated View

This table reports the utility gains (∆CERs) with γ = 3 in percent relative to a

benchmark strategy based on the historical mean. We assume transaction costs of 50bp

per transaction. We sample the data at the monthly frequency, and we predict the future

12-month excess return. �Mean� indicates the average ∆CER. �Nobs� and �Percentage�

denote the number of countries and the percentage fraction of ∆CERs greater than zero,

respectively. �Mean | > 0� is the mean ∆CER given it is greater than zero. �dy� denotes

the dividend yield, �pe� the price�earnings ratio, �gov� the long-term government bond

yield, �corp� the long-term corporate bond yield, �in�� the in�ation rate, and �unrate�

the unemployment rate. �AEN� and �MFC� denote the adaptive elastic net and the mean

forecast combination approach, respectively.
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Africa 1.97 3 66.67 3.57 -0.39 7 57.14 1.08 0.36 1 100.00 0.36 -0.53 4 75.00 1.04
America -0.52 9 33.33 1.16 -0.33 11 54.55 0.65 0.50 2 100.00 0.50 -0.38 5 60.00 0.29
Asia Paci�c 1.09 15 46.67 3.24 0.60 16 62.50 1.46 0.35 4 25.00 3.64 0.09 13 53.85 0.96
Europe -0.81 22 40.91 0.63 -0.58 22 36.36 0.64 0.54 10 60.00 1.88 -0.50 29 41.38 0.77
Middle East 0.32 4 50.00 2.37 -0.54 6 16.67 5.51 0.40 2 100.00 0.40

in� unrate AEN MFC
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Africa -0.04 9 55.56 0.23 0.57 9 66.67 1.07 0.52 9 66.67 1.07
America -3.09 11 45.45 0.17 1.53 7 71.43 2.82 0.13 11 63.64 1.35 -2.83 11 36.36 0.87
Asia Paci�c -0.12 15 46.67 0.31 1.19 8 75.00 1.67 1.62 17 82.35 2.09 1.04 17 70.59 1.67
Europe -0.52 32 31.25 0.68 0.20 30 76.67 1.30 0.91 32 75.00 1.92 0.19 32 68.75 1.17
Middle East -1.02 9 44.44 0.68 0.47 2 50.00 1.47 -0.19 10 50.00 0.79 -0.89 10 40.00 0.54
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Table A.6: Return Predictability and Sorting Characteristics �
Aggregated View with Ex-Post R2

ooss

This table reports portfolio sorts of countries according to di�erent characteristics,

indicated in the panel headings. We present out-of-sample results based on the predictor

that exhibits the highest R2
oos ex-post. We sample the data at the monthly frequency,

and we predict the future 12-month excess return. We sort the countries according

to the respective sorting characteristic into �ve portfolios. Portfolio 1 (5) contains

the countries with the lowest (highest) value of the sorting characteristic. �Mean�

indicates the average R2
oos. �Nobs� and �Percentage� denote the number of countries

and the percentage fraction of signi�cant R2
ooss, respectively. �Mean | Signi�cant� is

the mean of the R2
ooss given they are signi�cant at at least the 10% signi�cance level.

Statistical inference is based on the MSPE-adjusted test statistic of Clark & West (2007).
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Portfolio 1 2.53 15 33.33 12.75 15.35 16 50.00 21.59
Portfolio 2 10.34 16 37.50 15.46 14.72 16 50.00 24.45
Portfolio 3 19.10 16 43.75 20.21 12.67 15 40.00 21.04
Portfolio 4 15.80 16 50.00 22.25 9.09 16 43.75 12.88
Portfolio 5 10.73 15 33.33 24.33 4.80 16 25.00 8.48
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Portfolio 1 10.09 11 27.27 5.59 -0.36 15 26.67 24.22 7.40 15 46.67 27.39
Portfolio 2 9.74 11 54.55 21.48 15.48 15 40.00 13.92 16.81 16 50.00 20.85
Portfolio 3 14.64 11 63.64 18.71 18.54 16 43.75 26.41 13.41 16 31.25 13.07
Portfolio 4 16.07 11 63.64 11.69 13.94 16 50.00 17.96 12.77 16 31.25 25.75
Portfolio 5 13.72 11 45.45 18.77 11.58 15 26.67 27.29 8.26 15 40.00 7.50
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CHAPTER 2. PREDICTING THE EQUITY PREMIUM: COMPREHENSIVE

EVIDENCE FROM A LARGE SAMPLE

Table A.7: Economic Utility Gains (γ = 3) and Transaction Costs
� Aggregated View (Post-1990)

This table reports the utility gains (∆CERs) with γ = 3 in percent relative to a

benchmark strategy based on the historical mean. We assume transaction costs of 50bp

per transaction. We sample the data at the monthly frequency, and we predict the future

12-month excess return. �Mean� indicates the average ∆CER. �Nobs� and �Percentage�

denote the number of countries and the percentage fraction of ∆CERs greater than zero,

respectively. �Mean | > 0� is the mean ∆CER given it is greater than zero. �dy� denotes

the dividend yield, �pe� the price�earnings ratio, �gov� the long-term government bond

yield, �corp� the long-term corporate bond yield, �in�� the in�ation rate, and �unrate�

the unemployment rate. �AEN� and �MFC� denote the adaptive elastic net and the mean

forecast combination approach, respectively. The sample period spans from January 1990

to December 2015.
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Africa 0.27 3 66.67 2.46 -0.16 7 57.14 1.41 3.19 1 100.00 3.19 0.03 5 60.00 1.59
America -0.14 9 33.33 0.98 0.37 11 72.73 1.19 0.36 2 50.00 1.71 -0.07 4 75.00 0.69
Asia Paci�c 0.91 15 53.33 2.85 0.04 16 43.75 1.39 0.70 4 50.00 2.21 0.55 13 53.85 1.76
Europe -0.99 21 28.57 1.14 -0.92 22 22.73 1.10 -0.40 8 50.00 1.17 -0.99 29 27.59 1.32
Middle East 0.25 4 50.00 2.39 -0.56 6 16.67 5.51 0.40 2 100.00 0.40

in� unrate AEN MFC
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Africa 0.07 9 44.44 0.68 0.60 9 66.67 1.18 0.61 9 66.67 1.22
America 0.01 11 54.55 0.36 1.74 7 71.43 3.09 3.16 11 90.91 3.62 0.98 11 81.82 1.39
Asia Paci�c 0.20 15 66.67 0.63 0.92 8 62.50 1.89 2.28 17 76.47 3.14 1.57 17 76.47 2.32
Europe -0.64 32 21.88 0.94 0.96 30 66.67 2.72 2.28 32 75.00 3.83 0.66 32 62.50 2.17
Middle East -0.52 9 55.56 0.74 -1.15 3 33.33 1.47 0.09 10 70.00 0.92 -0.45 10 60.00 0.44
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Table A.8: Restricted Return Predictability � Aggregated View
(in USD)

This table reports the average results of out-of-sample predictions using economically

motivated restrictions. We sample the data at the monthly frequency, and we predict the

future 12-month excess return. The time series of the market indices are denominated

in USD. Following Campbell & Thompson (2008), we impose two restrictions: (i) we

set the out-of-sample slope estimate equal to zero whenever it is di�erent to that of

the in-sample estimate, (ii) we set the out-of-sample forecast equal to zero whenever

it is negative. �Mean� indicates the average R2
oos. �Nobs� and �Percentage� denote the

number of countries and the percentage fraction of signi�cant R2
ooss, respectively. �Mean

| Signi�cant� is the mean of the R2
ooss given they are signi�cant at at least the 10%

signi�cance level. �dy� denotes the dividend yield, �pe� the price�earnings ratio, �gov�

the long-term government bond yield, �corp� the long-term corporate bond yield, �in��

the in�ation rate, and �unrate� the unemployment rate. Statistical inference is based on

the MSPE-adjusted test statistic of Clark & West (2007).
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Africa 9.47 3 100.00 9.47 -3.13 7 28.57 5.00 3.38 1 100.00 3.38
America 2.56 9 66.67 10.83 4.42 11 45.45 12.92 2.87 2 100.00 2.87
Asia Paci�c 14.78 15 80.00 18.67 8.75 16 81.25 11.40 1.34 4 50.00 2.98
Europe -3.82 22 27.27 8.55 -5.10 23 8.70 1.22 1.22 10 40.00 12.76
Middle East 4.32 4 75.00 7.14 -3.27 6 50.00 9.12
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Africa 0.05 4 50.00 2.49 -0.92 9 33.33 2.22
America 4.47 6 33.33 23.15 -4.53 11 54.55 1.58 13.83 7 85.71 16.85
Asia Paci�c -5.58 13 46.15 9.80 -4.58 15 40.00 3.95 5.48 8 62.50 11.12
Europe -6.90 29 31.03 4.46 -1.99 32 40.63 3.88 -0.45 30 46.67 13.23
Middle East 9.27 2 100.00 9.27 0.35 9 55.56 3.03 -13.60 2 0.00
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EVIDENCE FROM A LARGE SAMPLE

Table A.9: Return Predictability � Aggregated View (Post-1990)
(in USD)

This table summarizes the in-sample and out-of-sample return predictability for di�erent

regions. We sample the data at the monthly frequency, and we predict the future

12-month excess return. The time series of the market indices are denominated in

USD. �Mean� indicates the average R2. �Nobs� and �Percentage� denote the number

of countries and the percentage fraction of signi�cant R2s, respectively. �Mean |
Signi�cant� is the mean of the R2s given they are signi�cant at at least the 10%

signi�cance level. �dy� denotes the dividend yield, �pe� the price�earnings ratio, �gov�

the long-term government bond yield, �corp� the long-term corporate bond yield, �in��

the in�ation rate, and �unrate� the unemployment rate. �AEN� and �MFC� denote the

adaptive elastic net and mean forecast combination approach, respectively. R2 and R2
oos

are the in-sample and out-of-sample R2, respectively. For simple regression models,

statistical inference is based on a bootstrapped distribution, while for AEN and MFC we

use the MSPE-adjusted test statistic of Clark & West (2007). The sample period spans

from January 1990 to December 2015.
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Africa R2 6.32 8 62.50 9.67 14.12 9 77.78 18.00 7.84 1 100.00 7.84 4.97 6 83.33 5.94
R2

oos 27.19 3 100.00 27.19 7.62 7 42.86 29.41 10.78 1 100.00 10.78 3.22 4 75.00 4.19

America R2 7.27 11 72.73 9.85 9.10 11 63.64 14.03 2.32 2 50.00 3.73 1.91 5 20.00 8.14
R2

oos -0.82 9 55.56 8.31 4.52 11 45.45 15.20 -1.95 2 50.00 0.63 5.96 5 40.00 27.45

Asia R2 14.21 16 87.50 16.21 10.02 16 81.25 12.23 2.47 4 100.00 2.47 3.93 13 61.54 6.12
Paci�c R2

oos 15.55 15 66.67 28.16 2.07 16 43.75 13.22 3.76 4 25.00 23.67 -2.19 13 69.23 10.02

Europe R2 5.15 25 64.00 7.80 3.62 28 50.00 6.76 3.46 8 62.50 5.49 4.80 30 66.67 7.04
R2

oos -4.22 21 33.33 9.16 -12.24 23 4.35 0.96 -7.15 8 37.50 3.01 -18.19 29 10.34 17.19

Middle R2 5.41 5 80.00 6.74 8.91 7 85.71 10.39 1.71 3 66.67 2.53
East R2

oos 7.69 4 100.00 7.69 -49.82 6 16.67 17.02 5.31 2 100.00 5.31

in� unrate AEN MFC
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Africa R2 0.35 9 0.00
R2

oos -1.54 9 22.22 1.72 6.64 9 33.33 15.50 7.40 9 33.33 17.47

America R2 0.59 11 27.27 1.63 11.57 8 87.50 13.22
R2

oos -5.66 11 9.09 1.19 19.87 7 85.71 24.36 5.92 12 58.33 17.02 5.26 12 33.33 20.11

Asia R2 0.69 15 20.00 2.48 9.47 8 87.50 10.82
Paci�c R2

oos -9.91 15 26.67 1.76 2.36 8 50.00 11.72 4.51 17 41.18 29.90 8.87 17 47.06 21.91

Europe R2 1.04 32 43.75 1.83 9.68 30 80.00 12.03
R2

oos -3.59 32 9.38 1.23 -3.18 30 36.67 18.98 -6.17 32 34.38 19.57 -0.48 32 31.25 13.84

Middle R2 0.90 10 20.00 2.20 14.98 3 100.00 14.98
East R2

oos -1.01 9 22.22 3.27 -16.65 2 0.00 -5.87 10 20.00 3.87 -3.87 10 20.00 2.10
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Table A.10: Return Predictability and Regions based on U.S.
Predictors � Aggregated View (in USD)

This table summarizes the in-sample and out-of-sample return predictability for di�erent

regions using U.S. predictor variables. We sample the data at the monthly frequency, and

we predict the future 12-month excess return. The time series of the market indices are

denominated in USD. �Mean� indicates the average R2. �Nobs� and �Percentage� denote

the number of countries and the percentage fraction of signi�cant R2s, respectively.

�Mean | Signi�cant� is the mean of the R2s given they are signi�cant at at least the

10% signi�cance level. �dy� denotes the dividend yield, �pe� the price�earnings ratio,

�gov� the long-term government bond yield, �corp� the long-term corporate bond yield,

�in�� the in�ation rate, and �unrate� the unemployment rate. �AEN� and �MFC� denote

the adaptive elastic net and mean forecast combination approach, respectively. R2 and

R2
oos are the in-sample and out-of-sample R2, respectively. For simple regression models,

statistical inference is based on a bootstrapped distribution, while for AEN and MFC we

use the MSPE-adjusted test statistic of Clark & West (2007).
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Africa R2 3.52 9 77.78 4.44 3.61 9 66.67 5.22 3.48 9 55.56 6.13 2.09 9 55.56 3.47
R2

oos -7.89 9 0.00 -1.74 9 44.44 3.56 8.13 9 88.89 9.39 2.15 9 55.56 8.84

America R2 0.98 12 66.67 1.42 1.24 12 50.00 2.34 1.59 12 66.67 2.33 1.46 12 75.00 1.84
R2

oos -2.08 12 58.33 3.60 -5.09 12 25.00 2.23 -0.42 12 83.33 7.94 3.80 12 75.00 8.09

Asia R2 0.93 17 47.06 1.89 2.52 17 70.59 3.49 1.22 17 52.94 2.07 1.89 17 70.59 2.58
Paci�c R2

oos 1.12 17 52.94 5.85 -2.80 17 29.41 4.78 -2.28 17 58.82 6.89 -1.10 17 52.94 8.01

Europe R2 1.40 32 53.13 2.36 1.52 32 56.25 2.58 1.05 32 40.63 2.34 1.04 32 37.50 2.54
R2

oos -7.58 32 18.75 3.52 -0.97 32 43.75 5.50 -8.14 32 40.63 3.93 -7.20 32 15.63 7.32

Middle R2 4.21 11 90.91 4.61 0.93 11 36.36 1.86 1.36 11 54.55 2.29 1.23 11 45.45 2.33
East R2

oos -16.23 11 9.09 0.29 -10.17 11 18.18 3.94 -6.87 11 45.45 5.00 -10.38 11 27.27 7.60

in� unrate AEN MFC

R
e
g
io
n

S
ta
ti
st
ic

M
e
a
n

N
o
b
s

P
e
rc
e
n
ta
g
e

M
e
a
n
|S

ig
n
i�
c
a
n
t

M
e
a
n

N
o
b
s

P
e
rc
e
n
ta
g
e

M
e
a
n
|S

ig
n
i�
c
a
n
t

M
e
a
n

N
o
b
s

P
e
rc
e
n
ta
g
e

M
e
a
n
|S

ig
n
i�
c
a
n
t

M
e
a
n

N
o
b
s

P
e
rc
e
n
ta
g
e

M
e
a
n
|S

ig
n
i�
c
a
n
t

Africa R2 0.99 9 55.56 1.55 2.20 9 55.56 3.64
R2

oos -0.43 9 44.44 0.91 -3.66 9 33.33 2.23 2.73 9 44.44 24.76 6.79 9 22.22 9.28

America R2 0.74 12 50.00 1.30 1.76 12 91.67 1.92
R2

oos -1.45 12 25.00 0.32 -1.76 12 33.33 4.81 -27.14 12 66.67 11.98 7.80 12 50.00 9.22

Asia R2 1.43 17 82.35 1.61 2.42 17 70.59 3.26
Paci�c R2

oos -0.78 17 41.18 3.25 -1.74 17 47.06 3.49 -7.78 17 70.59 12.28 7.21 17 47.06 11.46

Europe R2 1.14 32 62.50 1.63 1.88 32 68.75 2.62
R2

oos 1.94 32 68.75 3.19 -9.94 32 21.88 1.71 -11.88 32 40.63 8.59 4.71 32 46.88 8.75

Middle R2 0.23 11 0.00 1.02 11 54.55 1.48
East R2

oos -1.68 11 18.18 1.13 -23.14 11 0.00 -31.16 11 0.00 2.14 11 9.09 15.74
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Chapter 3

Predicting the Equity Market

with Option-Implied Variables∗

3.1 Introduction

A growing literature, e.g., Jiang & Tian (2005), Bollerslev et al.

(2009), and Driessen et al. (2013), documents the predictive power of

option-implied variables for equity excess returns and realized variance. The

growing number of option-implied predictors raises several questions: Which

variables really forecast market excess returns? Do the variables that predict

market excess returns also forecast realized variance? Does predictability

lead to economic gains? These are some of the questions we want to study.

The main contribution of this chapter is to provide a comprehensive

analysis of the forecasting ability of variables separately proposed in recent

literature on option-implied predictors. We perform our analysis following

the methodological background of Goyal & Welch (2008). Importantly, we

∗This chapter is based on the Paper �Predicting the Equity Market with Option-
Implied Variables� authored by Fabian Hollstein, Marcel Prokopczuk, Björn Tharann,
and Chardin Wese Simen, forthcoming in the European Journal of Finance, 2018.
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do not only analyze return predictability, but consider the predictability

of variance at the same time. This is important from a portfolio choice

perspective, since both quantities are needed for a portfolio decision. As

such, we do not only consider statistical predictability, but also analyze the

economic signi�cance of return and variance predictability. We �nd that

several variables, including the correlation risk premium (CRP ) and the

variance risk premium (V RP ), predict the monthly excess return of the

S&P 500. This is the case both in- and out-of-sample. We also show that

both the CRP and the V RP predict not only the market excess return

but also its realized variance. We note that most of the variables we study

have strong predictive power for realized variance but not for market excess

return.

When studying the economic e�ects of the documented predictability

in the context of portfolio choice, we �nd that relative to the agent who

assumes that the mean and variance of the market return are unpredictable,

a mean�variance agent with a risk-aversion coe�cient of 3 who uses the

information content of CRP would realize utility gains of 5.03% p.a.

Relatedly, we �nd that a return timing strategy based on the V RP leads to

lower utility gains than those a�orded by the strategy based on the recursive

mean. This indicates that the statistical predictability of excess returns

and realized variance, respectively, by the V RP does not always translate

to economic gains. We conjecture that this result is due to the fact that

individual variables lead to a large dispersion in the forecast estimation.

Forecast combinations instead appear to generate stable forecasts for both

excess returns and realized variance, and add economic value. Further, we

link this result also to the sign-switching behavior of the V RP around

economically important periods.

A variable is considered to have predictive power if it passes two tests.

First, it has to generate statistically signi�cant forecasts. In this case the
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variable contains key information about the variation in the market risk

premium and the realized variance, respectively. Bollerslev et al. (2009) and

Drechsler & Yaron (2011) argue that time-varying economic uncertainty

is captured by the variance risk premium, and thus, a�ects the variation

in the market risk premium. Driessen et al. (2009, 2013) state that the

time-varying correlation risk is linked to economic uncertainty, and thus,

also relates to the market price of return risk. Second, the variable needs

to add economic value. Since the predictability, measured by the R2, is,

in general, small in magnitude, and thus the question arises whether it is

economically meaningful. Does an investor obtain an increase in utility by

taking the variable into account? This aspect is often ignored in the existing

literature. Our results show that CRP emerges as the only predictor that

passes both tests.

We analyze the predictability of di�erent speci�cations of the V RP

as robustness. We follow Andersen & Bondarenko (2013), Andersen,

Bondarenko, & Gonzalez-Perez (2015), and Feunou, Jahan-Parvar, &

Okou (2017) and decompose the total variance risk premium into the

downside and upside components. The results show that the upside and

downside variance risk premia also pass both tests by providing evidence

for signi�cantly predicting excess returns and realized variance in-sample,

and in adding economic value based on a timing strategy.

Our work relates to the literature on the predictability of the market

excess return and/or its associated realized variance using option-implied

quantities. Bollerslev et al. (2009) document the predictive power of the

variance risk premium for S&P 500 excess returns, and Bollerslev et al.

(2014) document similar results for a broad range of international equity

indices. Pyun (2018) provides evidence of a weak out-of-sample performance

of the variance risk premium for S&P 500 excess returns. Driessen et al.

(2009, 2013) show that the correlation risk premium predicts S&P 500

77



CHAPTER 3. PREDICTING THE EQUITY MARKET WITH

OPTION-IMPLIED VARIABLES

excess returns, whereas Cosemans (2011) points out that the correlation

risk premium and the systematic part of individual variance risk premia are

the drivers of the predictive power of the variance risk premium for market

excess returns. Zhou (2013) documents the predictive power of the S&P

500 implied correlation index for S&P 500 index returns. Xing, Zhang, &

Zhao (2010) �nd that the option-implied smirk contains information about

the cross-section of equity returns. Cremers & Weinbaum (2010) document

that deviations from the put-call parity, measured as the di�erence in

implied volatility between pairs of call and put options of U.S. stocks,

contain information about the cross-section of stock returns and have

predictive power for these. Rehman & Vilkov (2012) and Stilger et al.

(2017) show that implied skewness of individual U.S. stocks has predictive

power for future returns. Jiang & Tian (2005) and Kourtis et al. (2016)

establish the forecasting power of the S&P 500 option-implied variance

for realized variance. The above mentioned studies use di�erent sample

periods and statistical techniques to document their results, thus, making

the interpretation and comparison of the �ndings somewhat di�cult. We

use a common sample period and recent developments in the literature on

predictability to thoroughly analyze all these variables.

Our study also relates to the literature on the economic value of

predictability. Typically, the literature analyzes the implications of return

predictability for a return timing strategy (e.g., Campbell & Thompson,

2008; Çakmakl� & van Dijk, 2016). Similarly, studies on realized variance

predictability only explore the implications for a volatility/variance timing

strategy (Fleming et al., 2001). Unlike these studies, we jointly study

the impact of return and variance timing. This is important because in

a mean�variance framework, the optimal portfolio weight invested in the

risky asset depends on both the expected return and the expected realized

variance. If a forecasting variable predicts both the market excess return
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and the realized variance, it might be potentially important to account for

these two e�ects when computing the optimal weight.

The remainder of this chapter proceeds as follows. Section 3.2

introduces the data and explains the construction of the main variables.

Section 3.3 presents the main empirical results. Section 3.4 discusses some

further results. Section 3.5 provides additional results. Finally, Section 3.6

concludes.

3.2 Data and Methodology

3.2.1 Data

We obtain our data from three distinct sources. First, we retrieve

the monthly time series of the S&P 500 total return index as well as the

corresponding dividend payments from the Center for Research in Security

Prices (CRSP) database. Second, we obtain S&P 500 index option data

from OptionMetrics. The OptionMetrics dataset contains information about

option contracts available in the market as well as standardized options,

both of which are useful for our analysis (see Section 3.2.2). Third, we use

intraday data on the S&P 500 index sampled at the 5-minute frequency

from Thomson Reuters Tick History (TRTH). In sampling the intraday

data, we focus on the normal trading hours, i.e. from 09:30 AM to 04:00

PM (EDT). Our sample period extends from January 1996 to December

2014. It is worth pointing out that although the CRSP database covers a

period starting before 1996, this is not the case for the OptionMetrics and

TRTH. Starting our sample in January 1996 allows us to guarantee the

availability of data from all three databases.
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3.2.2 Variables

Armed with the dataset introduced above, we are now able to construct

our main variables.

Market Excess Return We compute the excess return on the S&P 500 index

by subtracting the riskless rate for the corresponding period from the total

return on the equity index:

ERt+1 = 12× log

(
Pt+1

Pt

)
− rf t, (3.1)

where ERt+1 is the (annualized) monthly excess return on the S&P 500

index at the end of month t + 1. Pt+1 and Pt denote the total return

price index at the end of months t + 1 and t, respectively. rf t refers to

the (annualized) riskless rate observed at the end of month t.1 Following

Goyal & Welch (2008), we use the 1-month T-bill rate to proxy for the

riskless rate.

Realized Variance In order to estimate the realized variance of the stock

market, we exploit developments in the literature on high-frequency

�nancial econometrics. Andersen, Bollerslev, Diebold, & Labys (2003) show

that by sampling data at the intraday level, one can improve the accurate

measurement of realized variance. Building on this insight, we use intraday

prices sampled at the 5-minute frequency to compute the realized variance

of the asset:

RV t+1 =
360

N
×

 N∑
i=1

m−1∑
j=1

log

(
St+ i

N
,j+1

St+ i
N
,j

)2
+ log

(
St+ i

N
,1

St+ i−1
N
,m

)2
 , (3.2)

where RV t+1 is the realized variance at the end of month t+1. The �rst term

to the right of the equality sign simply annualizes the variance estimate,
1Throughout this chapter, we use the convention that the riskless rate is given the

subscript for the time when it is observed. Thus, the riskless rate is observed at time t
even though it is realized at time t+ 1.
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where N is the number of days between the end of month t and that of

month t+1. Each day containsm intraday observations. St+ i
N
,j+1 and St+ i

N
,j

are the spot prices observed on day t+ i
N
at times j+ 1 and j, respectively.

The last term to the right of the equality sign simply re�ects the e�ect of

overnight returns. In particular, it captures the impact of the return from

the end of the previous day to the opening of the following day.

Option-Implied Moments Recent studies document the information content

of option-implied moments, e.g., Jiang & Tian (2005), Prokopczuk &

Wese Simen (2014), and Kourtis et al. (2016), for realized variance. We

exploit the theoretical results of Bakshi, Kapadia, & Madan (2003) to

construct the risk-neutral variance (V ARBKM), skewness (SKEWBKM),

and excess kurtosis (EXKURTBKM):

V ARBKM =
erτV − µ2

τ
, (3.3)

SKEWBKM =
erτW − 3µerτV + 2µ3

[erτV − µ2]3/2
, (3.4)

EXKURTBKM =
erτX − 4µerτW + 6erτµ2V − 3µ4

[erτV − µ2]2
− 3, (3.5)

where r denotes the continuously compounded (annualized) interest rate

for the period from t to t + τ . We use the Ivy curve from OptionMetrics

to proxy for the interest rate. Essentially, this curve is based on London

Interbank O�ered Rate (LIBOR) and Eurodollar futures.2 τ indicates the

time to expiration of each option, expressed as a fraction of a year. Note

that all variables are contemporaneously observed. In the expressions above

2We use this interest rate curve to be consistent with the empirical literature on
option prices (e.g., Bali & Hovakimian, 2009; McGee & McGroarty, 2017). Obviously,
one may wonder if our main results hold if we substitute the OptionMetrics curve with
the term-structure of Treasury rates. The e�ect on our main �ndings is negligible. The
intuition behind this result is that most of our analysis focuses on options of short time
to maturity. Because the interest rate is always multiplied by the time to maturity, we
�nd that the interest rate proxy has very little impact on our results.
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V , W , X, and µ are de�ned as follows:

V =

∫ S

K=0

2(1 + log[ S
K

])

K2
P (K)dK

+

∫ ∞
K=S

2(1− log[K
S

])

K2
C(K)dK, (3.6)

W =

∫ ∞
K=S

6 log[K
S

]− 3(log[K
S

])2

K2
C(K)dK

−
∫ S

K=0

6 log[ S
K

] + 3(log[ S
K

])2

K2
P (K)dK, (3.7)

X =

∫ ∞
K=S

12(log[K
S

])2 + 4(log[K
S

])3

K2
C(K)dK

+

∫ S

K=0

12(log[ S
K

])2 + 4(log[ S
K

])3

K2
P (K)dK, (3.8)

µ = erτ − 1− erτ

2
V − erτ

6
W − erτ

24
X, (3.9)

where K and S are the strike and spot prices, respectively. C(K) and P (K)

denote the call and put prices of strike K, respectively. All other variables

are as previously de�ned.

At the end of each calendar month, we use the OptionMetrics

database to extract the standardized options data of 1-month maturity,

the contemporaneous spot price, and the interest rate of corresponding

maturity. We retain only out-of-the-money option prices. It is worth pointing

out that the integrals in the formulas above implicitly assume the existence

of a wide range of strike prices. Alas, this is not perfectly true in the

market. Thus, we follow Chang, Christo�ersen, Jacobs, & Vainberg (2012)

by computing a �ne grid of 1,000 equidistant interpolated moneyness levels,

i.e.K/S, ranging from 0.3% to 300%. For each moneyness level on that grid,

we interpolate the implied volatility using a spline interpolation method. For

moneyness levels outside of the moneyness range observed in the market,

we simply use a nearest neighborhood algorithm to extrapolate the implied
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volatilities (Jiang & Tian, 2005). In practice, this means that if a moneyness

level is lower (higher) than the lowest (highest) moneyness level available in

the market, we simply use the implied volatility corresponding to the lowest

(highest) level of moneyness available in the market. Next, we plug the

implied volatilities into the Black & Scholes (1973) option pricing model to

obtain the corresponding out-of-the-money option prices. Finally, we follow

Bali, Hu, & Murray (2017b) by using a trapezoidal rule to approximate

the integrals that appear in the formulas above and obtain the risk-neutral

moments of 1-month maturity.

Variance Risk Premium The variance risk premium is de�ned as the

di�erence between the risk-neutral and physical expectations of variance:

V RP t = EQ
t (σ2

t+1)− EP
t (σ2

t+1), (3.10)

where Et(·) is the expectation operator conditional on the information

available at time t. The superscripts Q and P indicate that the expectation

is computed under the risk-neutral and physical measures, respectively. In

order to proxy for the risk-neutral expectation of variance, we use V ARBKM .

This choice is motivated by Du & Kapadia (2012) who show that the

risk-neutral variance of Bakshi et al. (2003) is robust to jumps.

While the expression above clearly de�nes the variance risk premium,

it is of very little practical use. The reason for this is that it involves the

physical expectation of future variance, which is not directly observable.

Therefore, we follow the lead of Bollerslev et al. (2009) and Driessen et al.

(2013) in positing a simple random walk model for the future variance under

the physical measure. That is, we assume that the expectation of the future

variance under the physical measure equals its most recent realization. Thus,

we can compute the V RP as follows:

V RP t = V ARBKM
t −RV t. (3.11)
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Note that all variables are annualized and observed at the end of each

calendar month.

Correlation Risk Premium Driessen et al. (2013) establish the predictive

power of the correlation risk premium for future aggregate stock returns.

The authors observe that the equity index is a portfolio of individual

equities (Driessen et al., 2009). An upshot of this is that the variance of the

market index return is equal to the weighted average variance of individual

stocks and covariance terms. Assuming further that the pairwise correlation

between di�erent stocks is the same for all stocks, they are able to derive

the following formula:

ICt =
EQ
t [
∫ t+τ
t

σ2
Ψ,s ds]−

∑Θ
ψ=1 ω

2
ψ E

Q
t [
∫ t+τ
t

σ2
ψ,s ds]∑Θ

ψ=1

∑
χ 6=ψ ωψωχ E

Q
t [
∫ t+τ
t

σ2
ψ,s ds] E

Q
t [
∫ t+τ
t

σ2
ψ,s ds]

, (3.12)

where ICt is the implied correlation at time t. Θ denotes the number of

stocks in the stock market. EQ
t [
∫ t+τ
t

σ2
Ψ,s ds] and E

Q
t [
∫ t+τ
t

σ2
ψ,s ds] are the risk-

neutral expected variance of the index (Ψ) and of the individual stock (ψ),

respectively. As before, we proxy these expectations with the risk-neutral

variance of Bakshi et al. (2003). wψ and wχ are the weights of stocks ψ and

χ in the market index Ψ, respectively.

The intuition developed above also holds under the physical measure,

thus yielding the following formula for the realized correlation at time t:

RCt =
EP
t [
∫ t+τ
t

σ2
Ψ,s ds]−

∑Θ
ψ=1 ω

2
ψ E

P
t [
∫ t+τ
t

σ2
ψ,s ds]∑Θ

ψ=1

∑
χ 6=ψ ωψωχ E

P
t [
∫ t+τ
t

σ2
ψ,s ds] E

P
t [
∫ t+τ
t

σ2
ψ,s ds]

, (3.13)

where RCt is the realized correlation at time t. All other variables are as

previously de�ned. As before, we use the historical variance computed over

the most recent period to proxy for the physical expectation of the future

variance.

The CRP at time t is then de�ned as the di�erence between the

risk-neutral and physical expectations of future correlation, yielding the
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following result:

CRP t = ICt −RCt, (3.14)

To obtain this variable, we use standardized options (of time to

maturity of one month) on the S&P 500 index as well as options data

on all constituents of the index. All options are observed at the end of each

calendar month.

Implied Volatility Smirk Measure Xing et al. (2010) document the predictive

power of the implied volatility smirk.3 Our construction of this variable

broadly mirrors theirs. At the end of each calendar month, we retain all

S&P 500 index options with positive open interest and a time to maturity

between 10 and 60 days. We discard all option prices with a midquote price

below $0.125. We also purge all options with implied volatility outside of

the interval [3%; 200%]. We de�ne the out-of-the-money put options as

the put options with a moneyness level between 0.8 and 0.95. Note that

by moneyness level, we understand the ratio of the strike price over the

stock price, i.e. K/S. Relatedly, we de�ne at-the-money call options as call

options with a moneyness level between 0.95 and 1.05. The smirk measure

is simply computed as follows:

SMIRKt = V OLOTMP
t − V OLATMC

t , (3.15)

where SMIRKt is the smirk measure at time t. V OLOTMP
t denotes the

implied volatility of out-of-the-money puts. To be more precise, this is the

volume-weighted average of the implied volatilities of all out-of-the-money

put options. V OLATMC
t refers to the volume-weighted average of all implied

volatilities of at-the-money calls at time t.

3Xing et al. (2010) analyze the predictive ability of the implied volatility smirk in
the cross-section of stock returns. Motivated by the intertemporal capital asset pricing
model (ICAPM) of Merton (1973), if SMIRK is priced in the cross-section, it also has to
predict the investment opportunity set in the time series (Maio & Santa-Clara, 2012).
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3.3 Main Results

Before discussing our main �ndings, it is instructive to look at the

summary statistics reported in Table 3.1. We can observe a positive market

risk premium of around 6% p.a. The risk premium exhibits a standard

deviation of around 16% p.a. We also notice that the sample moments of

the V RP and the CRP are consistent with those reported in previous works

(Driessen et al., 2009, 2013). In particular, we can see that although positive

on average, the V RP is negatively skewed and prone to extreme movements

as indicated by its high kurtosis, suggesting a sign-switching behavior. This

observation could carry important implications for the predictive ability of

this variable. We shall return to this point later.

The table also reports the AR(1) coe�cient of each variable. We notice

that the autoregressive coe�cient of these variables is typically lower than

that of the valuation ratios such as the (log) dividend to price ratio routinely

analyzed in empirical works, e.g., Goyal & Welch (2003). This suggests that

our analysis does not su�er from the statistical issues that a�ect these earlier

works. We can also see that the AR(1) coe�cient of the realized variance

is much higher than that of the market risk premium, likely indicating that

there might be a stronger evidence of predictability in the realized variance

series than in the market excess returns.

Table 3.2 presents the sample correlation coe�cients among all the

predictive variables. While most variables are only weakly correlated, there

is a high correlation between SKEWBKM and EXKURTBKM (�0.92). This

suggests that these variables contain very similar information.
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Table 3.1: Summary Statistics

This table summarizes key statistics about several variables. CRP denotes the

correlation risk premium. IC is the implied correlation. RC is the realized correlation.

ER is the market excess return. EXKURTBKM is the risk-neutral kurtosis of Bakshi

et al. (2003). RV is the realized variance. SKEWBKM is the risk-neutral skewness

of Bakshi et al. (2003). SMIRK is the option smirk. V ARBKM is the risk-neutral

variance of Bakshi et al. (2003). V RP is the variance risk premium computed as the

di�erence between the risk-neutral variance of Bakshi et al. (2003) and the most recent

observation of the realized variance. V RPHAR denotes the variance risk premium based

on the HAR�RV model. V RPDOWN is the downside variance risk premium. V RPUP

is the upside variance risk premium. V RPDOWN,HAR is the downside variance risk

premium based on the HAR�RV model. Finally, V RPUP,HAR is the upside variance

risk premium based on the HAR�RV model. �Mean", �Std Dev", �Skew", and �Kurt"

denote the mean, standard deviation, skewness, and kurtosis, respectively. The last two

columns show the AR(1) coe�cient and the number of observations, respectively. All

data are sampled at the monthly frequency and relate to the S&P 500 index.

Mean Std Dev Skew Kurt AR(1) Nobs

CRP 0.0941 0.1019 0.1409 3.2970 0.2496 228
IC 0.4166 0.1403 0.5092 3.1725 0.7621 228
RC 0.3225 0.1398 0.8731 3.5571 0.5854 228
ER 0.0591 0.1555 -0.8294 4.4268 0.0900 228
EXKURTBKM 0.7571 0.2840 0.4887 3.0378 0.7522 228
RV 0.0317 0.0519 7.3129 75.2277 0.6333 228
SKEWBKM -0.8698 0.1978 0.2588 3.0325 0.6611 228
SMIRK 0.1326 0.2522 0.1584 3.4828 0.3299 228
V ARBKM 0.0474 0.0427 3.3066 18.0518 0.7880 228
V RP 0.0157 0.0284 -5.0586 61.7528 0.1340 228
V RPHAR 0.0459 0.0414 3.2330 17.3103 0.7887 228
V RPDOWN -0.0136 0.0249 -7.5246 79.4665 0.5899 228
V RPUP -0.0143 0.0244 -7.5439 78.4141 0.6219 228
V RPDOWN,HAR 0.0016 0.0015 2.7589 13.2030 0.7708 228
V RPUP,HAR 0.0007 0.0007 1.7649 7.6611 0.5894 228
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3.3. MAIN RESULTS

3.3.1 Return Predictability

In-Sample Analysis We start by assessing the in-sample predictability of the

equity risk premium. To do so, we estimate the standard regression model of

the month-ahead excess return on a constant and the predictive variable(s):

ERt+1 = β0 + β1Xt + εt+1, (3.16)

where ERt+1 is the excess return on the market realized at the end of

month t+ 1. β0 and β1 are the intercept and slope parameters, respectively.

Xt represents the forecasting variable(s) observed at the end of month t.

Finally, εt+1 is the regression error term at t+ 1.

Table 3.3 summarizes the results for each predictive variable. The

regression model enables us to ascertain whether the equity risk premium is

time-varying or constant. Under the null hypothesis that the future excess

return cannot be predicted using Xt, we would expect that β1 = 0. As a

result, the expected market excess return would simply be constant. One

implication of this is that the best estimate of the future excess return is

simply its recursive mean. If there is evidence of predictability, we would

expect to see that the slope loading is statistically signi�cant. To avoid

a small-sample bias (Stambaugh, 1999) and serial correlation in the error

terms (Richardson & Stock, 1989), we base all our statistical inferences on

the bootstrapped distribution obtained by implementing the framework of

Rapach & Wohar (2006).4

We can see that the CRP , SMIRK, and V RP are statistically

signi�cant in the univariate regressions. This is illustrated by their
4We estimate our process under the null hypothesis of no predictability via OLS, i.e.

ERt = a0 + ε1,t and Xt = b0 + b1 Xt−1 + ε2,t, where a0, b0, and b1 are the regression
coe�cients and ε1,t and ε2,t are the error terms, respectively. We then form a series
of error terms and set up our pseudo sample. For the pseudo sample, we compute the
in-sample and out-of-sample statistics. Finally, we repeat this procedure 1,000 times. In
the case of multiple regressions, we adjust the procedure by taking the multiple variables
into account and, in-sample, by using the F -statistic rather than the individual t-statistic.
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t-statistics of 2.76, �2.06, and 4.26. The positive and signi�cant slope

estimate related to the V RP con�rms and updates, using a more recent

sample period, the result of Bollerslev et al. (2009). It is also consistent

with the authors' intuition that the V RP encodes information about

time-variations in economic uncertainty. Note also that, if as argued by

Driessen et al. (2013), CRP accounts for most of the V RP , then one would

expect that CRP predicts future excess returns with a positive sign as we

�nd in the data, since it has been documented that the V RP predicts the

market excess return (Bollerslev et al., 2009).

The result that CRP predicts future returns is consistent with that

in Driessen et al. (2009, 2013). There is a strong relationship between

correlations and returns. It seems that correlations between stocks are

time-varying and that correlations increase when returns are low.5,6

Moreover, the authors document a strong predictive power of IC for future

returns, supported by a correlation of 0.24 between IC and V RP , shown in

Table 3.2.7 Pollet & Wilson (2010) provide evidence for predictive power of

(average) realized correlations for stock returns at a quarterly horizon.

The �nding that SMIRK predicts future returns with a negative sign

extends the results of Xing et al. (2010) to the time series of the market

5They show that an increase in market correlations has two main e�ects. First,
diversi�cation possibilities are lowered, thus, investors face limitations in their portfolio
formations and su�ering from a welfare reduction. Second, there is a rise in market
volatility. One implication is that index options become relatively expensive compared
to individual options. They represent a hedge against changes in market correlations,
thus, also against losses due to diversi�cation limitations.

6The use of CRP (and of IC and RC) can be theoretically motivated by the ICAPM
of Merton (1973). It directly a�ects future investment opportunities, i.e. investors' future
diversi�cation bene�ts as well as the market variance. Moreover, Driessen et al. (2013)
argue that CRP appears to drive dividend growth volatility, and also the volatility of
dividend growth volatility, consistent with the argumentation of Bollerslev et al. (2009)
for V RP . One implication is that CRP matters for both return as well as variance
predictability.

7Driessen et al. (2009, 2013) document that IC strictly exceeds RC, indicating the
existence of a large CRP . Our data support these �ndings. We observe a mean IC (RC)
of 41.66 % (32.25 %), generating a mean CRP of 9.41 %.
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excess return. The intuition behind this result is simple. An increase in

SMIRK implies a stronger demand for out-of-the-money put options. This

increased demand signals that investors are actively purchasing insurance

against expected declines in the stock index. The negative slope estimate of

SMIRK is consistent with this intuition.

It is also worth comparing the predictive power of individual variables.

A cursory look at the in-sample R2 reveals that V RP has the highest

predictive power for future excess returns (R2 = 7.47 %). The second most

powerful predictor is the CRP , with an R2 of 3.28%. While the slope

estimate on the V RP is similar to that documented by Bollerslev et al.

(2009), it is worth noticing that the predictive power, we document at the

monthly horizon, is much higher, indicating that, if anything, the predictive

ability of the V RP is much larger in the more recent sample period.

It is worthwhile to analyze the performance of individual variables

over time. Figure 3.1 plots the in-sample cumulative di�erences in squared

forecast errors (CDSFE).8 We observe a similar (in-sample) performance

in the case of CRP and V RP , indicated by a sharp increase during the

global �nancial crisis in 2008/2009, and a steady rise during the post crisis

period. The �ndings suggest the outperformance of the unrestricted model

to the restricted model, particularly in times of distress. It seems that

investors can exploit the information content of both variables in times

of high risk-aversion.

In the case of EXKURTBKM and SKEWBKM , we �nd an increase

of the performance during the global �nancial crisis, however, afterwards

there is a steady decline, suggesting the superior performance of the

restricted model. Both variables appear to have substantial predictive

8Please note that whenever there is a rise of the in-sample (or out-of-sample)
performance, the unrestricted model outperforms the restricted model, and vice versa.
In this case, a variable provides a better forecast than the benchmark model.
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power, particularly in crises.

SMIRK shows the strongest increase in the CDSFE plot during the

global �nancial crisis, indicating that investors look for a hedge against a

further market downturn, by buying put options. Finally, in the case of

V ARBKM , we see no strong �uctuations in its CDSFE, suggesting a similar

performance of both the unrestricted and restricted model. Generally, we

also �nd a strong increase in the performance after the dot-com bubble in

2001. This is true for all variables, except SMIRK.

To analyze the joint predictive ability of di�erent variables, we perform

three multiple regressions. Due to the high correlation between SKEWBKM

and EXKURTBKM , we run the regressions also once without the �rst and

once without the second variable.9 In all cases we �nd that only SMIRK

and V RP retain their statistical signi�cance.10 Overall, the adjusted R2

increases to 7.91%, 8.13%, and 7.74 % in the �rst, second and third case,

respectively.

Out-of-Sample Results We now turn our focus to the out-of-sample evidence

of return predictability. We use an initial training window of 5 years to �rst

estimate the forecasting model presented in Equation (3.16). Equipped with

the parameter estimates and the most recent observation of the forecasting

variable in the training window, we are able to generate the �rst excess

return forecast. The following month, we expand the training window by

one observation month and re-estimate the forecasting model. With the

new parameter estimates, we forecast the market excess return for the next

month. We proceed analogously for all months, except the last month of

9We present the results of the multiple regressions only for return predictability. In the
case of realized variance predictability, we skip these regressions due to multicollinearity.

10CRP does not retain their statistical signi�cance in the multiple regressions. It
seems that other variables, mainly V RP , capture the information content. In-sample
multiple regressions have no explanatory power for out-of-sample predictability. For
further details, wee also refer to the forthcoming out-of-sample analysis.
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Figure 3.1: Return Predictability

This �gure plots the in- and out-of-sample performances of individual variables. We

regress monthly excess returns on a constant and the lagged predictive variable. On

the ordinate, there are the cumulative di�erences in squared forecast errors (CDSFE).

The in-sample performance is the di�erence between the cumulative squared demeaned

excess return and the cumulative squared regression residual, and the out-of-sample

performance is the di�erence between the cumulative squared forecast error from the

restricted model and the cumulative squared forecast error from the unrestricted model.

The grey bars indicate the U.S. recessions, published by the NBER. All data are sampled

at the monthly frequency and relate to the S&P 500 index.
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our sample period.

In order to assess the out-of-sample performance of di�erent models,

we follow Campbell & Thompson (2008) and de�ne the out-of-sample R2

(R2
oos) as follows:

R2
oos = 1− MSEu

MSEr

, (3.17)

whereMSEu andMSEr are the mean squared errors of the unrestricted and

restricted models, respectively. The unrestricted model is based on Equation

(3.16). The restricted model imposes the null hypothesis that returns are

unpredictable, i.e. β1 = 0. Thus the R2
oos sheds light on the question: How

large an improvement in forecast accuracy can one achieve by accounting

for the predictive power of variable Xt? The higher the R2
oos the better. A

variable has notable predictive power if it exhibits a positive and signi�cant

R2
oos, indicating an overall outperformance of the predictive variable.

In order to gauge whether the potential improvement is statistically

signi�cant, we compute the MSE − F statistic of McCracken (2007):

MSE − F = H ×
(
MSEr −MSEu

MSEu

)
, (3.18)

where H denotes the number of out-of-sample forecasts. All other variables

are as previously de�ned. Brie�y, the null hypothesis is that the restricted

model performs at most as well as the unrestricted model, i.e. MSEr ≤

MSEu. The alternative is that the unrestricted model provides smaller

forecast errors than the restricted model. As can be seen from the last

set of results in Table 3.3, CRP and V RP yield statistically signi�cant

improvements in the out-of-sample performance relative to the simple

recursive mean. This result is noteworthy given that Goyal & Welch (2003)

argue that the recursive mean is a tough benchmark to beat. Overall, these

results suggest that CRP and V RP contain important information about

next-month's market excess returns both in- and out-of-sample. In contrast,

the multiple regressions do not improve the predictive power out-of-sample.
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In Figure 3.1, we observe a similar development of the out-of-sample

performances as in-sample. Except for V ARBKM , showing a sharp drop

during the global �nancial crisis, indicating a superior performance of the

restricted model. It seems that investors have to rely on the historical mean

rather than on V ARBKM in times of distress.

3.3.2 Variance Predictability

We now turn our attention to the predictability of the realized variance.

In particular, we ask the question: Can any of the forecasting variables be

used to predict next-month's realized variance?

In-Sample Using all the sample information, we estimate the following

regression model:

RV t+1 = γ0 + γ1Xt + γ2RVt + εt+1, (3.19)

where γ0, γ1, and γ2 are the intercept and slope parameters, respectively.

All other variables are as previously de�ned. We include the lag of realized

variance, because realized variance is a strongly persistent process, indicated

by its AR(1) coe�cient of 0.63, shown in Table 3.1.11 To account for the

persistence, we use a �tted AR(1) process as naive benchmark rather than

the historical mean variance.12

Table 3.4 summarizes the results of the in-sample analysis. We notice

that all variables have predictive power for future realized variance, as

evidenced by their statistically signi�cant R2s.13 The R2s range from
11Since realized variance is strongly persistent, future realized variance is primarily

predictable by its current value. Ignoring the lag of realized variance allows the other
lagged variables to partially capture this persistence. In particular V ARBKM and RV
are highly correlated. We refer to this point later in Table 3.4.

12In Section 3.5.3, we use the historical mean variance as naive benchmark and show
the results.

13Although CRP has a t-statistic of �1.59, this variable generates a statistically
signi�cant improvement in the in-sample R2 of 40.80 %. We also refer to Section 3.5.3.
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Table 3.4: Variance Predictability

This table reports the regression results of monthly realized variance on a constant,

which we denote by γ0, the lagged predictive variable, and the lagged realized variance

RV . We report the t-statistics in parentheses. Statistical inferences are based on a

bootstrapped distribution. A �tted AR(1) model serves as naive benchmark. CRP

denotes the correlation risk premium. EXKURTBKM is the risk-neutral kurtosis of

Bakshi et al. (2003). SKEWBKM is the risk-neutral skewness of Bakshi et al. (2003).

SMIRK is the option smirk. V ARBKM is the risk-neutral variance of Bakshi et al.

(2003). Finally, V RP is the variance risk premium computed as the di�erence between

the risk-neutral variance of Bakshi et al. (2003) and the most recent observation of the

realized variance. R2 and R2
oos are the in-sample and out-of-sample R2, respectively.

∗, ∗∗, and ∗∗∗ indicate the signi�cance at the 10%, 5%, and 1% signi�cance levels,

respectively. The sample period extends from January 1996 to December 2014. All data

are sampled at the monthly frequency and relate to the S&P 500 index.

γ0 0.016*** 0.031*** 0.035*** 0.010*** 0.002 0.002
(3.80) (3.57) (2.78) (2.98) (0.49) (0.49)

RV 0.612*** 0.596*** 0.621*** 0.585*** 0.374*** 0.750***
(11.51) (11.14) (12.01) (10.67) (4.06) (12.26)

CRP -0.043
(-1.59)

EXKURTBKM -0.024**
(-2.37)

SKEWBKM 0.026*
(1.91)

SMIRK 0.027**
(2.40)

V ARBKM 0.376***
(3.37)

V RP 0.376***
(3.37)

R2 40.80** 41.60** 41.09** 41.64** 43.03** 43.03**
R2

oos 3.18*** 3.34*** 2.40*** 3.89*** 3.78*** 3.78***
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40.80% to 43.03%. These results are interesting for several reasons. First,

they indicate that the predictability of realized variance is much stronger

than that of excess returns. Second, they reveal that CRP , SMIRK, and

V RP are able to predict (in-sample) not only next-month's market excess

return (see Table 3.3) but also realized variance. Third, the risk-neutral

variables of Bakshi et al. (2003) that do not predict future excess returns

matter for realized variance forecasting. For instance, EXKURTBKM

predicts next-month's realized variance with a predictive power equal to

41.60%. An implication of this result is that when assessing the information

content of a predictive variable, it is advisable to investigate whether it

predicts not only excess returns but also realized variance. We observe

that V ARBKM and V RP have similar t-statistics and R2s, which is not

surprising due to the construction of V RP and the used regression model

in Equation (3.19).

Figure 3.2 shows the CDSFE for all individual variables predicting the

next month's realized variance. There is a similar pattern for the variables.

We observe a strong increase in their performance during the global �nancial

crisis in 2008/2009, indicating the outperformance of the unrestricted model

to the restricted model. It seems that investors can exploit the information

content of the variables, particularly in times of high variance.

Out-of-Sample We conduct our analysis out-of-sample in a similar way

as before. Speci�cally, we use the �rst 5 years of observations to initially

estimate the model parameters (see Equation (3.19)). Having done this,

we then make a forecast for the following month. We expand the training

window by one observation month and repeat all steps. This procedure

mirrors that used for the return predictability analysis with the only

di�erence that we assume a �tted AR(1) process as naive benchmark and

that we forecast realized variance rather than the market excess return. The
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Figure 3.2: Variance Predictability

This �gure plots the in- and out-of-sample performances of individual variables. We

regress monthly realized variance on a constant, the lagged predictive variable, and

the lagged realized variance. On the ordinate, there are the cumulative di�erences in

squared forecast errors (CDSFE). The in-sample performance is the di�erence between

the cumulative squared demeaned excess return and the cumulative squared regression

residual, and the out-of-sample performance is the di�erence between the cumulative

squared forecast error from the restricted model and the cumulative squared forecast

error from the unrestricted model. The grey bars indicate the U.S. recessions, published

by the NBER. All data are sampled at the monthly frequency and relate to the S&P 500

index.
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last row of Table 3.4 shows the R2
ooss. All variables that predict realized

variance in-sample are also predictors out-of-sample. The R2
ooss range from

2.40 % for SKEWBKM to 3.89 % for SMIRK.14 In Figure 3.2, we observe

a similar pattern as in-sample. In particular in times of distress, investors

should rely on the information content of the predictive variables rather

than on the forecast of a �tted AR(1) model.

3.3.3 Portfolio Choice Implications

We now study the portfolio choice implications of the predictability

results reported earlier. To do this, we consider an investor with mean�

variance preferences. The agent allocates a fraction ωt of her wealth to the

risky portfolio and the remainder, i.e. 1 − ωt, to the risk-free asset. The

agent's objective function is:

max
wt

EP
t

(
rp,t+1 −

γ

2
σ2
p,t+1

)
, (3.20)

where EP
t (·) is the physical expectation operator. σ2

p,t+1 is the conditional

variance of the portfolio from t to t + 1. γ is the coe�cient of relative

risk-aversion. rp,t+1 is the next-period's (simple) return on the investor's

portfolio. This return is the weighted average of the (simple) return on the

risky stock and on the risk-free asset. Because our earlier analysis focuses

on log-returns rather than simple returns, we use a second-order Taylor

expansion to express the simple return as a function of the log-return and

realized variance.15 Thus, we can express the objective function as follows:

max
wt

Et

(
Rp,t+1 −

γ − 1

2
σ2
p,t+1

)
, (3.21)

14When using the recursive mean as benchmark model, we obtain R2
ooss of �5.31 %

for CRP , �5.13 % for EXKURTBKM , �6.16 % for SKEWBKM , �4.54 % for SMIRK,
�4.65 % for V ARBKM , and �4.65 % for V RP . The results support the use of a �tted
AR(1) process (rather than the historical mean variance) as natural benchmark model.

15More precisely, the approximation yields the following relationship: Rt ≈ rt− 1
2RV t,

where Rt, rt, and RV t are the log-return, simple return, and realized variance at time t,
respectively.
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where Rp,t+1 is the log-return on the portfolio and all other variables are as

previously de�ned.

Using the �rst-order condition, it is straightforward to derive the

optimal weight invested in the risky asset (Jordan et al., 2014):

ωt =
Et(ERt+1 + 1

2
RV t+1)

γEt(RV t+1)
=

Et(ERt+1)

γEt(RV t+1)
+

1

2γ
. (3.22)

The expression above shows that the optimal allocation to the risky

asset depends on the expected excess return, the risk-aversion parameter,

and the expected realized variance. One implication of this expression is

that, holding everything else constant, the allocation to the risky stock rises

with expected returns. In other words, if realized variance is unpredictable

and a forecasting variable Xt positively (negatively) predicts excess returns,

then the agent would invest more (less) in the risky stock as Xt increases.

In contrast, if a variable Xt positively predicts future variance (and not

returns), then the share of wealth invested in the risky stock decreases with

the variable Xt.

Note that the preceding discussion focuses only on the predictability

of either returns or variance and does not explore the case where both

moments are predictable by the same variable. The share of the position in

the stock will be determined by two (potentially o�setting) forces, one that

increases with the expected excess return and the other that decreases with

the expected realized variance.

In light of the preceding discussion, we �nd it interesting to distinguish

between three cases. The �rst one deals with the case where only excess

returns might be predictable. The second case allows for the predictability

of realized variance alone. The third case deals with the possibility that both

excess returns and realized variance are predictable by the same variable

Xt.16

16To be consistent with Section 3.3.2, we predict realized variance by the variable Xt

and the lag of realized variance.
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For a given case (ξ) and each calendar month of our out-of-sample

window, we compute the weight ωt and also the realized return of the

portfolio. We impose the restriction that whenever the forecast of the market

excess return or of the realized variance (or of both) in Equation (3.22)

equals zero, we set the portfolio weight equal to 1/(2γ). Further, following

Campbell & Thompson (2008) and Jordan, Vivian, & Wohar (2017), we

impose the restriction that ωt is bounded from below by 0 and from above

by 1.5. Economically, the lower bound implies that the agent does not

short-sell the risky asset. The upper bound prevents the agent from taking

on excessive leverage. At the end of the sample period, we compute the

certainty equivalent return as follows:

CER(ξ) = r̄p −
γ

2
σ2
p, (3.23)

where CER(ξ) is the certainty equivalent return associated with strategy

ξ. This number is expressed in percent per annum. r̄p is the average

(annualized) return on the portfolio. σ2
p is the variance of the portfolio

returns.

Our approach consists in computing the utility gain (∆CER(ξ)), the

di�erence between CER(ξ) and the certainty equivalent return of the naive

strategy that assumes that the �rst two moments are unpredictable, and

thus relies on simple historical averages. We do this for each of the three

scenarios in turn.

We also compute the Sharpe Ratio (SR) of each strategy ξ:

SR(ξ) =
R̄p − rf
σ2
p

, (3.24)

where R̄p is the average log-return on the portfolio. Similar to the certainty

equivalent return analysis, we compute the improvement in SR by taking

the di�erence between SR(ξ) and the SR linked to the naive strategy

that assumes that the market excess return and realized variance are
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unpredictable. We use an approach suggested by Jobson & Korkie (1981)

and after taking the correction done by Memmel (2003) into account, we

test whether the improvement is statistically signi�cant.

Table 3.5 reports our results for di�erent values of risk-aversion. We

can see that statistical evidence of excess return predictability does not

necessarily imply important economic gains. For instance, while the V RP

predicts both excess returns and realized variance, a timing strategy relying

on this variable would have underperformed the naive strategy. One possible

explanation for this result is the following. Shortly before the crisis period,

the variance risk premium is high (since the historical variance is low).

Because V RP predicts future returns with a positive sign, this result implies

that an agent should hold more (rather than less) stocks. As a result of this

increased position, the strategy incurs more severe losses as the economy

slides into recession. Similarly, as the economy recovers, the variance risk

premium is low, implying that the agent should hold a small position in

the stock. Because of this, the agent misses out on the rally in the market.

Further, it seems that, though V RP predicts both returns and variance

individually with a positive sign, the joint predictability is associated with

large variance, thus, generating negative certainty equivalent returns.17

In contrast, one can see that relative to an agent with risk-aversion

γ = 3 who assumes that the market excess return and the realized variance

are unpredictable, the agent who exploits the information content of CRP

would improve her utility by 5.03% p.a. The �nding is consistent with

Driessen et al. (2009, 2013), who document that index options represent a

hedge against changes in market correlations, and also against losses due to

diversi�cation limitations.

Table B.1 of the Appendix to this chapter shows the portfolio choice

implications taking turnover and transaction costs into account. Following

17We refer to Section 3.4.2 for further details.
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Table 3.5: Economic Value

This table reports utility gains and Sharpe Ratios for each of the three scenarios.

Scenario 1 assumes that the realized variance is unpredictable and that the forecasting

variable [name in row] only predicts the excess returns. Scenario 2 assumes that the

excess returns are unpredictable but that the variable [name in row] and the lagged

realized variance predict the realized variance. Scenario 3 implicitly assumes that the

excess returns and the realized variance can be predicted by the forecasting variable

[name in row], and in the latter case, by both the forecasting variable [name in row] and

the lagged realized variance. The historical mean return, and a �tted AR(1) model for

realized variance serve as naive benchmarks. ∆CER(1), ∆CER(2), and ∆CER(3) are

the annualized utility gains relative to a naive strategy that assumes unpredictable excess

returns and realized variance, achieved by following strategy 1, 2, and 3, respectively.

Similarly, ∆SR(1), ∆SR(2), and ∆SR(3) are the annualized improvements in Sharpe

Ratios achieved by following strategy 1, 2, and 3, respectively. ∗, ∗∗, ∗∗∗ indicate the

signi�cance at the 10 %, 5 %, and 1 % signi�cance levels, respectively. All data are

sampled at the monthly frequency and relate to the S&P 500 index.

Panel A: γ = 3

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 5.46 -0.01 5.03 0.46** 0.13 0.39*
EXKURTBKM 5.39 2.83 6.39 0.51*** 0.29* 0.50**
SKEWBKM 1.86 2.32 3.84 0.16 0.24* 0.30*
SMIRK 2.96 2.33 3.21 0.30 0.25** 0.27
V ARBKM -7.28 6.39 -4.24 -0.42*** 0.38*** -0.19
V RP -6.10 7.80 -2.60 -0.41* 0.51*** -0.09

Panel B: γ = 6

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 3.05 -4.27 2.29 0.45** -0.04 0.40*
EXKURTBKM 3.92 2.42 4.90 0.63*** 0.38** 0.62***
SKEWBKM 1.20 1.17 2.48 0.22 0.25** 0.41**
SMIRK 2.07 0.80 2.26 0.38* 0.22* 0.36
V ARBKM -10.70 5.53 -5.54 -0.60*** 0.49*** -0.24
V RP -8.49 5.46 -8.16 -0.60*** 0.59*** -0.36

Panel C: γ = 9

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.71 -5.26 0.96 0.40* -0.07 0.42*
EXKURTBKM 2.82 2.11 3.34 0.67*** 0.40*** 0.63**
SKEWBKM 0.58 0.87 0.74 0.20 0.24** 0.39*
SMIRK 1.40 0.50 1.69 0.38* 0.18* 0.40*
V ARBKM -10.28 3.76 -4.09 -0.63*** 0.49*** -0.25
V RP -8.15 3.72 -7.67 -0.63*** 0.63*** -0.42*

Panel D: γ = 12

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.25 -5.88 -0.14 0.40* -0.10 0.41
EXKURTBKM 2.11 1.75 2.29 0.67*** 0.40*** 0.64**
SKEWBKM 0.44 0.50 -0.14 0.20 0.21** 0.38
SMIRK 1.05 0.36 1.21 0.38* 0.17* 0.40*
V ARBKM -8.37 2.80 -3.12 -0.63*** 0.49*** -0.25
V RP -6.18 2.30 -6.73 -0.63*** 0.60*** -0.44*
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DeMiguel, Garlappi, & Uppal (2009), we de�ne the turnover for strategy ξ

as the average sum of the absolute values of the trades, i.e.:

Turnover =
1

T −H

T−H∑
t=1

(
|ω(ξ)
t+1 − ω

(ξ)

t+ |
)
, (3.25)

where T −H is the training window over which the moments are estimated

and ω
(ξ)

t+ is the portfolio weight before rebalancing at t + 1. All other

variables are as previously de�ned. For the benchmark strategy, we observe

an absolute value of the turnover (Turnoverabs) of 0.0448 which can be

interpreted as the average percentage of wealth traded in each out-of-sample

period. For our three strategies, we report the turnover (Turnover
(ξ)
rel)

relative to the benchmark case. We notice that all strategies exhibit higher

turnovers than the benchmark, indicated by values larger than one.

We follow Balduzzi & Lynch (1999) and include transaction costs of 50

basis points per transaction proportional to the asset's traded size |ω(ξ)
t+1 −

ω
(ξ)

t+ |. Table B.1 reports the corresponding utility gains and Sharpe Ratios.

We observe that transaction costs have a systematic impact on the results,

however, the results are qualitatively similar. An agent who relies on CRP

would still improve her utility by 1.38 % p.a., indicating the robustness of

that trading strategy.

3.4 Further Analyses

3.4.1 Sign Restriction

Campbell & Thompson (2008) propose to impose two economically

motivated restrictions when studying the question of predictability. The

authors suggest to set the slope estimate in the out-of-sample analysis

equal to zero whenever its sign di�ers from that of the in-sample analysis.

They also suggest to set the out-of-sample forecast equal to zero whenever
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its negative. Before discussing our �ndings, it is worth emphasizing that

the �rst constraint is not implementable in real-time. This is because the

implementation would require the agent to know about the sign of the

in-sample slope parameter, i.e., to have information about future data, thus,

introducing a look-ahead bias.

The �rst set of results in Table 3.6 reports the �ndings when imposing

the �rst restriction. Panel A shows, when doing so, that the main results

remain: the CRP and V RP are the two best option-implied predictors for

the market excess return. It is worth noticing that imposing the restriction

has very little e�ect on the R2
oos related to the forecasting variables (see

Table 3.3 for comparison). This suggests that the sign of the relationship

between the forecasting variables CRP and V RP and future excess returns

is relatively stable out-of-sample.

We also impose the restriction on the slope of the realized variance

forecasting regression. In other words, we set the slope estimate equal to

zero, if the sign of the recursively estimated parameter is di�erent from

that obtained in-sample.18 Overall, we can see from Panel B of Table 3.6

that this restriction has very little impact on our main results.

The second set of results in Table 3.6 reports the �ndings when

imposing the second restriction. Finally, the last entries of each panel show

the results when we jointly impose the restrictions (on the sign of the slope

and the sign of the return/variance forecast). Summarized, in both cases

18To be consistent with Section 3.3.2, we impose the restriction for both the variable
Xt and the lag of realized variance.
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Table 3.6: Out-of-Sample Analysis: Restriction

This table reports the results of the out-of-sample analysis after imposing economically

motivated restrictions. We report the MSE-F statistics in parenthesis. CRP denotes the

correlation risk premium. EXKURTBKM is the risk-neutral kurtosis of Bakshi et al.

(2003). SKEWBKM is the risk-neutral skewness of Bakshi et al. (2003). SMIRK is

the option smirk. V ARBKM is the risk-neutral variance of Bakshi et al. (2003). Finally,

V RP is the variance risk premium computed as the di�erence between the risk-neutral

variance of Bakshi et al. (2003) and the most recent observation of the realized variance.

The historical mean return, and a �tted AR(1) model for realized variance serve as naive

benchmarks. "(I)" denotes the imposition of the �rst restriction, where we set the slope

estimate in the out-of-sample analysis equal to zero, whenever its sign di�ers from that

of the in-sample analysis. "(II)" denotes the imposition of the second restriction, where

we set the forecast equal to zero, whenever it is negative. "(I+II)" denotes the joint

imposition of both restrictions. R2
oos is the out-of-sample R2. ∗, ∗∗, and ∗∗∗ indicate

statistical signi�cance at the 10%, 5%, and 1% signi�cance levels, respectively. All

data are sampled at the monthly frequency and relate to the S&P 500 index.

Panel A: Return Predictability

C
R
P

E
X
K
U
R
T

B
K

M

S
K
E
W

B
K

M

S
M
I
R
K

V
A
R

B
K

M

V
R
P

(I) R2
oos 2.81*** -1.22 -0.53 0.07 -3.84 5.50***

(4.83) (-2.02) (-0.87) (0.12) (-6.18) (9.73)

(II) R2
oos 2.69** 0.37 0.56 0.93 -3.39 4.43***

(4.61) (0.62) (0.95) (1.57) (-5.48) (7.74)

(I+II) R2
oos 2.69** 0.37 0.56 0.93 -2.95 4.43***

(4.61) (0.62) (0.95) (1.57) (-4.79) (7.74)

Panel B: Variance Predictability

C
R
P

E
X
K
U
R
T

B
K

M

S
K
E
W

B
K

M

S
M
I
R
K

V
A
R

B
K

M

V
R
P

(I) R2
oos 3.28*** 3.34*** 2.40** 3.89*** 3.78*** 3.78***

(5.67) (5.77) (4.10) (6.76) (6.57) (6.57)

(II) R2
oos 3.18** 3.44*** 2.40** 3.89*** 3.78*** 3.78**

(5.48) (5.95) (4.10) (6.76) (6.57) (6.57)

(I+II) R2
oos 3.28** 3.44** 2.40** 3.89*** 3.78** 3.78**

(5.67) (5.95) (4.10) (6.76) (6.57) (6.57)
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Table 3.7: Economic Value: Restriction I

This table reports utility gains and Sharpe Ratios for each of the three scenarios, after

imposing the �rst economically motivated restriction following Campbell & Thompson

(2008). Scenario 1 assumes that the realized variance is unpredictable and that the

forecasting variable [name in row] only predicts the excess returns. Scenario 2 assumes

that the excess returns are unpredictable but that the variable [name in row] predicts

the variance of market returns. Scenario 3 implicitly assumes that the excess returns

and the realized variance can be predicted by the forecasting variable [name in row].

The historical mean return, and a �tted AR(1) model for realized variance serve as

naive benchmarks. ∆CER(1), ∆CER(2), and ∆CER(3) are the annualized utility gains

relative to a strategy that assumes unpredictable excess returns and realized variance,

achieved by following strategy 1, 2, and 3, respectively. Similarly, ∆SR(1), ∆SR(2),

and ∆SR(3) are the annualized improvements in Sharpe Ratios achieved by following

strategy 1, 2, and 3, respectively. ∗, ∗∗, ∗∗∗ indicate the signi�cance at the 10 %, 5 %,

and 1 % signi�cance levels, respectively. All data are sampled at the monthly frequency

and relate to the S&P 500 index.

Panel A: γ = 3

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 5.46 6.12 6.87 0.46** 0.54*** 0.60***
EXKURTBKM 5.39 6.35 8.01 0.51*** 0.61*** 0.76***
SKEWBKM 1.86 6.26 6.88 0.16 0.57*** 0.63***
SMIRK 2.96 5.00 4.88 0.30 0.55*** 0.52***
V ARBKM -8.81 6.96 -1.53 -0.48*** 0.52*** -0.10
V RP -6.10 6.96 -4.33 -0.41* 0.55*** -0.35*

Panel B: γ = 6

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 3.05 3.91 5.11 0.45** 0.44*** 0.69***
EXKURTBKM 3.92 4.58 6.46 0.63*** 0.59*** 0.90***
SKEWBKM 1.20 4.11 5.60 0.22 0.53*** 0.80***
SMIRK 2.07 2.91 3.14 0.38* 0.51*** 0.57**
V ARBKM -11.50 4.88 -0.85 -0.63*** 0.66*** -0.08
V RP -8.49 4.88 -2.80 -0.60*** 0.68*** -0.37*

Panel C: γ = 9

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.71 2.61 3.33 0.40* 0.35*** 0.64**
EXKURTBKM 2.82 3.11 5.17 0.67*** 0.52*** 0.94***
SKEWBKM 0.58 2.84 4.03 0.20 0.47*** 0.80***
SMIRK 1.40 1.96 2.17 0.38* 0.49*** 0.58***
V ARBKM -10.81 3.26 -0.58 -0.66*** 0.66*** -0.08
V RP -8.15 3.26 -1.88 -0.63*** 0.68*** -0.37*

Panel D: γ = 12

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.25 1.96 2.62 0.40* 0.30*** 0.66**
EXKURTBKM 2.11 2.35 4.05 0.67*** 0.47*** 0.93***
SKEWBKM 0.44 2.17 3.14 0.20 0.44*** 0.80***
SMIRK 1.05 1.47 1.63 0.38* 0.49*** 0.58***
V ARBKM -8.77 2.44 -0.44 -0.66*** 0.66*** -0.08
V RP -6.18 2.44 -1.42 -0.63*** 0.68*** -0.37*
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Table 3.8: Economic Value: Restriction II

This table reports utility gains and Sharpe Ratios for each of the three scenarios, after

imposing the second economically motivated restriction following Campbell & Thompson

(2008). Scenario 1 assumes that the realized variance is unpredictable and that the

forecasting variable [name in row] only predicts the excess returns. Scenario 2 assumes

that the excess returns are unpredictable but that the variable [name in row] predicts

the variance of market returns. Scenario 3 implicitly assumes that the excess returns

and the realized variance can be predicted by the forecasting variable [name in row].

The historical mean return, and a �tted AR(1) model for realized variance serve as

naive benchmarks. ∆CER(1), ∆CER(2), and ∆CER(3) are the annualized utility gains

relative to a strategy that assumes unpredictable excess returns and realized variance,

achieved by following strategy 1, 2, and 3, respectively. Similarly, ∆SR(1), ∆SR(2),

and ∆SR(3) are the annualized improvements in Sharpe Ratios achieved by following

strategy 1, 2, and 3, respectively. ∗, ∗∗, ∗∗∗ indicate the signi�cance at the 10 %, 5 %,

and 1 % signi�cance levels, respectively. All data are sampled at the monthly frequency

and relate to the S&P 500 index.

Panel A: γ = 3

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 5.46 6.22 6.88 0.46** 0.55*** 0.61***
EXKURTBKM 5.39 6.35 8.01 0.51*** 0.61*** 0.76***
SKEWBKM 1.86 6.26 6.88 0.16 0.57*** 0.63***
SMIRK 2.96 5.00 4.88 0.30 0.55*** 0.52***
V ARBKM -7.28 6.96 -1.48 -0.42*** 0.53*** -0.10
V RP -6.10 6.96 -4.33 -0.41* 0.55*** -0.35*

Panel B: γ = 6

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 3.05 3.81 5.02 0.45** 0.43*** 0.69***
EXKURTBKM 3.92 4.58 6.46 0.63*** 0.59*** 0.90***
SKEWBKM 1.20 4.11 5.60 0.22 0.53*** 0.80***
SMIRK 2.07 2.91 3.14 0.38* 0.51*** 0.57**
V ARBKM -10.70 4.88 -0.82 -0.60*** 0.67*** -0.07
V RP -8.49 4.88 -2.80 -0.60*** 0.68*** -0.37*

Panel C: γ = 9

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.71 2.54 3.23 0.40* 0.34*** 0.63**
EXKURTBKM 2.82 3.11 5.17 0.67*** 0.52*** 0.94***
SKEWBKM 0.58 2.84 4.03 0.20 0.47*** 0.80***
SMIRK 1.40 1.96 2.17 0.38* 0.49*** 0.58***
V ARBKM -10.28 3.26 -0.57 -0.63*** 0.67*** -0.07
V RP -8.15 3.26 -1.88 -0.63*** 0.68*** -0.37*

Panel D: γ = 12

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.25 1.91 2.55 0.40* 0.29*** 0.65**
EXKURTBKM 2.11 2.35 4.05 0.67*** 0.47*** 0.93***
SKEWBKM 0.44 2.17 3.14 0.20 0.44*** 0.80***
SMIRK 1.05 1.47 1.63 0.38* 0.49*** 0.58***
V ARBKM -8.37 2.44 -0.43 -0.63*** 0.67*** -0.07
V RP -6.18 2.44 -1.42 -0.63*** 0.68*** -0.37*
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Table 3.9: Economic Value: Restrictions I and II

This table reports utility gains and Sharpe Ratios for each of the three scenarios, after

imposing both economically motivated restrictions following Campbell & Thompson

(2008). Scenario 1 assumes that the realized variance is unpredictable and that the

forecasting variable [name in row] only predicts the excess returns. Scenario 2 assumes

that the excess returns are unpredictable but that the variable [name in row] predicts

the variance of market returns. Scenario 3 implicitly assumes that the excess returns

and the realized variance can be predicted by the forecasting variable [name in row].

The historical mean return, and a �tted AR(1) model for realized variance serve as

naive benchmarks. ∆CER(1), ∆CER(2), and ∆CER(3) are the annualized utility gains

relative to a strategy that assumes unpredictable excess returns and realized variance,

achieved by following strategy 1, 2, and 3, respectively. Similarly, ∆SR(1), ∆SR(2),

and ∆SR(3) are the annualized improvements in Sharpe Ratios achieved by following

strategy 1, 2, and 3, respectively. ∗, ∗∗, ∗∗∗ indicate the signi�cance at the 10 %, 5 %,

and 1 % signi�cance levels, respectively. All data are sampled at the monthly frequency

and relate to the S&P 500 index.

Panel A: γ = 3

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 5.46 6.12 6.87 0.46** 0.54*** 0.60***
EXKURTBKM 5.39 6.35 8.01 0.51*** 0.61*** 0.76***
SKEWBKM 1.86 6.26 6.88 0.16 0.57*** 0.63***
SMIRK 2.96 5.00 4.88 0.30 0.55*** 0.52***
V ARBKM -8.81 6.96 -1.53 -0.48*** 0.52*** -0.10
V RP -6.10 6.96 -4.33 -0.41* 0.55*** -0.35*

Panel B: γ = 6

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 3.05 3.91 5.11 0.45** 0.44*** 0.69***
EXKURTBKM 3.92 4.58 6.46 0.63*** 0.59*** 0.90***
SKEWBKM 1.20 4.11 5.60 0.22 0.53*** 0.80***
SMIRK 2.07 2.91 3.14 0.38* 0.51*** 0.57**
V ARBKM -11.50 4.88 -0.85 -0.63*** 0.66*** -0.08
V RP -8.49 4.88 -2.80 -0.60*** 0.68*** -0.37*

Panel C: γ = 9

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.71 2.61 3.33 0.40* 0.35*** 0.64**
EXKURTBKM 2.82 3.11 5.17 0.67*** 0.52*** 0.94***
SKEWBKM 0.58 2.84 4.03 0.20 0.47*** 0.80***
SMIRK 1.40 1.96 2.17 0.38* 0.49*** 0.58***
V ARBKM -10.81 3.26 -0.58 -0.66*** 0.66*** -0.08
V RP -8.15 3.26 -1.88 -0.63*** 0.68*** -0.37*

Panel D: γ = 12

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.25 1.96 2.62 0.40* 0.30*** 0.66**
EXKURTBKM 2.11 2.35 4.05 0.67*** 0.47*** 0.93***
SKEWBKM 0.44 2.17 3.14 0.20 0.44*** 0.80***
SMIRK 1.05 1.47 1.63 0.38* 0.49*** 0.58***
V ARBKM -8.77 2.44 -0.44 -0.66*** 0.66*** -0.08
V RP -6.18 2.44 -1.42 -0.63*** 0.68*** -0.37*
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our main results remain unchanged.19 We also repeat our economic value

analysis using these economically motivated constraints. Tables 3.7 to 3.9

document that imposing the restriction(s) does (do) not a�ect our main

conclusions on the economic value of the predictive power of both CRP

and V RP .

3.4.2 Forecast Combination

Rapach et al. (2010) suggest the use of forecast combinations. The

pooled forecast is the weighted average of all G individual forecasts,

where g = 1, ..., G, i.e., ÊR
pool

t+1 =
∑G

g=1 xg,tÊRg,t+1 and R̂V
pool

t+1 =∑G
g=1 xg,tR̂V g,t+1, based on Equation (3.16) and (3.19), respectively. xg,t

is the weight of the individual forecast in the pooled one.

Following the literature, we use three approaches. Table 3.10 shows the

out-of-sample R2s of (i) the mean forecast combination, where the weight

is simply 1/G for g = 1, ..., G, (ii) the median forecast combination, where

the pooled forecast is just the median of all individual forecasts, and (iii)

the trimmed mean forecast combination, where xg,t = 0 in the case of the

individual forecasts with the smallest and largest value, respectively, and

xg,t = 1/(G− 2) for the remaining forecasts.

The mean forecast combination exhibits superior performance in the

case of return predictability (R2
oos = 3.11 %), whereas the median forecast

combination in the case of variance predictability (R2
oos = 4.83 %). The

19Table B.2 of the Appendix to this chapter reports the frequency of how often the
restrictions are binding. Panel A shows the results for return predictability. We observe
that the �rst restriction is not binding. This is true for all variables, except V ARBKM ,
indicated by a frequency of 35. The second restriction is binding more frequently,
indicated by frequencies from 29 for SKEWBKM to 77 for V RP . It seems that the
forecast restriction matters more for excess return predictability. Panel B of Table B.2
shows the frequencies in the case of variance predictability. We �nd that the �rst (second)
restriction is binding only for CRP (EXKURTBKM ) with a frequency of 75 (3). Lagged
realized variance appears to be not a�ected by the (�rst) restriction(s) at all, indicating
the persistence of that variable. The �ndings reveal that the imposition of economically
motivated restrictions matters more for return rather than variance predictability.
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Table 3.10: Out-of-Sample Analysis: Forecast Combinations

This table reports the results of the out-of-sample analysis after the use of fore-

cast combinations. The mean forecast combination [MeanFC], the median forecast

combination [MedianFC], and the trimmed mean forecast combination [TrMeanFC]

are used as alternative speci�cations. We report the MSE-F statistics in parenthesis.

The historical mean return, and a �tted AR(1) model for realized variance serve as

naive benchmarks. Six forecasting variables are used. CRP denotes the correlation

risk premium. EXKURTBKM is the risk-neutral kurtosis of Bakshi et al. (2003).

SKEWBKM is the risk-neutral skewness of Bakshi et al. (2003). SMIRK is the option

smirk. V ARBKM is the risk-neutral variance of Bakshi et al. (2003). Finally, V RP is

the variance risk premium computed as the di�erence between the risk-neutral variance

of Bakshi et al. (2003) and the most recent observation of the realized variance. R2
oos

is the out-of-sample R2. ∗, ∗∗, and ∗∗∗ indicate statistical signi�cance at the 10%, 5%,

and 1% signi�cance levels, respectively. All data are sampled at the monthly frequency

and relate to the S&P 500 index.

Panel A: Return Predictability

M
ea
n
F
C

M
ed
ia
n
F
C

T
rM

ea
n
F
C

R2
oos 3.11*** 1.72*** 2.36***

(5.37) (2.91) (4.03)

Panel B: Variance Predictability

M
ea
n
F
C

M
ed
ia
n
F
C

T
rM

ea
n
F
C

R2
oos 4.16*** 4.83*** 4.54***

(7.24) (8.48) (7.94)

�ndings are interesting for several reasons. First, they support the results

of Rapach & Zhou (2013) who argue that forecast combinations yield

more stable forecasts and increase the forecasting performance. Second, the

�ndings show a substantial increase in the magnitude of the R2
ooss. In the

case of return predictability, the mean forecast combination generates an
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R2
oos which is substantially larger than for all individual variables, except

for V RP . The median forecast combination outperforms all individual

variables, predicting realized variance. Third, the �ndings support our

previous conclusion. It seems that individual predictive variables generate

notable variance when predicting excess returns and realized variance,

respectively.

Table 3.11 reports the economic value for di�erent values of risk-

aversion. Compared with our previous �ndings, all forecast combinations, in

particular the median forecast combination, generate substantial certainty

equivalent returns. For γ = 3, an annualized utility gain of 6.73% (relative

to the naive strategy) may be achieved, when both return and variance are

predicted by the combined forecast. It seems that forecast combinations

rather than individual variables, generate more stable forecasts, thus,

leading to signi�cant positive utility gains.

3.4.3 Predictability of the Sharpe Ratio

After predicting excess returns and realized variance in isolation, we

want to answer the question: What predictive power do the variables have,

when predicting excess returns and realized variance jointly? In doing so,

we estimate the following regression model:

ERt+1√
RVt+1

= ϕ0 + ϕ1Xt + εt+1, (3.26)

where ERt+1√
RVt+1

is the Sharpe Ratio, and ϕ0 and ϕ1 are the intercept and

slope parameters, respectively. All other variables are as previously de�ned.

Table 3.12 documents the results for each predictive variable. The

regression model (3.26) enables us to assess whether each variable has

predictive power, when predicting excess returns and realized variance

jointly. We �nd that CRP , SKEWBKM , and V RP have predictive power
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Table 3.11: Economic Value: Forecast Combinations

This table reports utility gains and Sharpe Ratios for each of the three scenarios based

on forecast combinations. Scenario 1 assumes that realized variance is unpredictable

and that the forecast combination only predicts excess returns. Scenario 2 assumes that

excess returns are unpredictable but that the forecast combination predicts the variance

of market returns. Scenario 3 implicitly assumes that excess returns and variance

can be predicted by the forecast combination. The historical mean return, and a �tted

AR(1) model for realized variance serve as naive benchmarks. ∆CER(1), ∆CER(2),

and ∆CER(3) are the annualized utility gains relative to a strategy that assumes

unpredictable excess returns and realized variance, achieved by following strategy 1,

2, and 3, respectively. Similarly, ∆SR(1), ∆SR(2), and ∆SR(3) are the annualized

improvements in Sharpe Ratios achieved by following strategy 1, 2, and 3, respectively.
∗, ∗∗, ∗∗∗ indicate the signi�cance at the 10 %, 5 %, and 1 % signi�cance levels,

respectively. All data are sampled at the monthly frequency and relate to the S&P 500

index.

Panel A: Mean Forecast Combination

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

γ = 3 1.08 6.41 5.35 0.09 0.61*** 0.50***
γ = 6 0.96 4.09 3.78 0.14 0.66*** 0.63***
γ = 9 0.65 2.75 2.69 0.14 0.64*** 0.66***
γ = 12 0.49 2.06 2.05 0.14 0.64*** 0.66***

Panel B: Median Forecast Combination

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

γ = 3 2.85 6.52 6.73 0.28* 0.67*** 0.67***
γ = 6 1.21 4.22 4.55 0.19 0.74*** 0.80***
γ = 9 0.82 2.82 3.12 0.19 0.73*** 0.81***
γ = 12 0.62 2.12 2.34 0.19 0.73*** 0.81***

Panel C: Trimmed Mean Forecast Combination

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

γ = 3 1.59 6.51 5.73 0.14 0.63*** 0.55***
γ = 6 0.96 4.11 3.98 0.15 0.69*** 0.68***
γ = 9 0.65 2.75 2.77 0.15 0.68*** 0.70***
γ = 12 0.49 2.06 2.08 0.15 0.68*** 0.70***

114



3.4. FURTHER ANALYSES

T
a
b
le
3
.1
2
:
P
re
d
ic
ta
b
il
it
y
o
f
th
e
S
h
a
rp
e
R
a
ti
o

T
h
is
ta
bl
e
re
po
rt
s
th
e
re
gr
es
si
o
n
re
su
lt
s
o
f
m
o
n
th
ly

S
h
a
rp
e
R
a
ti
o
s
o
n
a
co
n
st
a
n
t,
w
h
ic
h
w
e
d
en
o
te

by
ϕ
0
,
a
n
d
th
e
la
gg
ed

p
re
d
ic
ti
ve

va
ri
a
bl
e(
s)
.
W
e
re
po
rt

th
e
t-
st
a
ti
st
ic
s
in

pa
re
n
th
es
es
.
S
ta
ti
st
ic
a
l
in
fe
re
n
ce
s
a
re

ba
se
d
o
n
a
bo
o
ts
tr
a
p
pe
d
d
is
tr
ib
u
ti
o
n
.
A

�
tt
ed

A
R
(1
)

m
od
el
se
rv
es

a
s
n
a
iv
e
be
n
ch
m
a
rk
.
C
R
P
d
en
o
te
s
th
e
co
rr
el
a
ti
o
n
ri
sk

p
re
m
iu
m
.
E
X
K
U
R
T

B
K

M
is
th
e
ri
sk
-n
eu
tr
a
l
ku
rt
o
si
s
o
f
B
a
ks
h
i

et
a
l.
(2
0
0
3
).
S
K
E
W

B
K

M
is

th
e
ri
sk
-n
eu
tr
a
l
sk
ew

n
es
s
o
f
B
a
ks
h
i
et

a
l.
(2
0
0
3
).
S
M
I
R
K

is
th
e
o
p
ti
o
n
sm

ir
k.
V
A
R

B
K

M
is

th
e

ri
sk
-n
eu
tr
a
l
va
ri
a
n
ce

o
f
B
a
ks
h
i
et

a
l.
(2
0
0
3
).

F
in
a
ll
y,
V
R
P

is
th
e
va
ri
a
n
ce

ri
sk

p
re
m
iu
m

co
m
p
u
te
d
a
s
th
e
d
i�
er
en
ce

be
tw
ee
n
th
e

ri
sk
-n
eu
tr
a
l
va
ri
a
n
ce

o
f
B
a
ks
h
i
et

a
l.
(2
0
0
3
)
a
n
d
th
e
m
o
st
re
ce
n
t
o
bs
er
va
ti
o
n
o
f
th
e
re
a
li
ze
d
va
ri
a
n
ce
.
R

2
a
n
d
R

2 o
o
s
a
re

th
e
in
-s
a
m
p
le

a
n
d
o
u
t-
o
f-
sa
m
p
le
R

2
,
re
sp
ec
ti
ve
ly
.
∗ ,

∗∗
,
a
n
d

∗∗
∗
in
d
ic
a
te

th
e
si
gn
i�
ca
n
ce

a
t
th
e
1
0
%
,
5
%
,
a
n
d
1
%

si
gn
i�
ca
n
ce

le
ve
ls
,
re
sp
ec
ti
ve
ly
.

T
h
e
sa
m
p
le
pe
ri
od

ex
te
n
d
s
fr
o
m

J
a
n
u
a
ry

1
9
9
6
to

D
ec
em

be
r
2
0
1
4
.
A
ll
d
a
ta

a
re

sa
m
p
le
d
a
t
th
e
m
o
n
th
ly

fr
eq
u
en
cy

a
n
d
re
la
te

to
th
e

S
&
P
5
0
0
in
d
ex
.

ϕ
0

0
.4
4
5

0
.0
7
6

-0
.7
7
6

1
.0
9
2
*
*
*

1
.0
0
5
*
*
*

0
.6
6
9
*
*
*

-0
.4
4
4

-1
.1
7
4

-1
.5
5
2

(1
.5
3
)

(0
.1
2
)

(-
0
.8
0
)

(4
.5
0
)

(3
.1
2
)

(2
.7
4
)

(-
0
.5
5
)

(-
1
.1
0
)

(-
1
.2
7
)

C
R
P

5
.0
8
4
*
*

3
.1
2
0

2
.9
1
0

2
.9
6
9

(2
.4
3
)

(1
.3
3
)

(1
.2
4
)

(1
.2
6
)

E
X
K
U
R
T

B
K

M
1
.1
2
5

1
.1
5
5

-1
.4
6
9

(1
.4
6
)

(1
.3
4
)

(-
0
.6
2
)

S
K
E
W

B
K

M
-1
.9
5
8
*

-1
.9
4
8

-3
.7
8
6

(-
1
.7
9
)

(-
1
.6
9
)

(-
1
.1
9
)

S
M
I
R
K

-1
.2
6
2

-1
.2
6
2

-1
.3
7
3

-1
.4
2
3

(-
1
.4
8
)

(-
1
.3
8
)

(-
1
.4
9
)

(-
1
.5
4
)

V
A
R

B
K

M
-1
.7
1
0

4
.2
7
2

3
.1
0
4

0
.9
6
3

(-
0
.3
4
)

(0
.7
3
)

(0
.5
7
)

(0
.1
5
)

V
R
P

1
6
.2
6
5
*
*

1
0
.7
4
4

1
0
.7
5
1

1
0
.3
0
2

(2
.1
7
)

(1
.3
0
)

(1
.3
0
)

(1
.2
4
)

R
2

2
.5
6
*
*

0
.9
4

1
.4
0
*

0
.9
7

0
.0
5

2
.0
4
*
*

2
.5
7
*

3
.0
3
*
*

2
.7
6
*

R
2 o
o
s

2
.9
9
*
*

-0
.5
0

0
.9
6

0
.2
4

-0
.4
5

1
.5
4
*

-2
.8
0
*

-1
.3
0
*
*

-3
.1
5
*

115



CHAPTER 3. PREDICTING THE EQUITY MARKET WITH

OPTION-IMPLIED VARIABLES

for the future Sharpe Ratio, indicated by their statistically signi�cant

t-statistics of 2.43, �1.79, and 2.17. A look at the in-sample R2s reveals that

CRP and V RP have the highest (in-sample) predictive power of 2.56 % and

2.04 %, respectively.20

The further analysis shows that CRP and V RP also contain important

information about the future Sharpe Ratio out-of-sample, indicated byR2
ooss

of 2.99 % and 1.54 %. The �ndings suggest that CRP and V RP are able

to predict excess returns and realized variance not only in isolation but also

jointly.

3.5 Additional Analysis

To use more information in estimating the realized variance, we follow

Corsi (2009) and Sévi (2014) and use the heterogenous autoregressive

(HAR) model. The HAR�RV model provides a conditional estimate for

realized variance that accounts for di�erent trading horizons. Further, in

the previous analysis, we examine the total variance risk premium. However,

Andersen & Bondarenko (2013), Andersen et al. (2015), and Feunou et al.

(2017) show how to decompose the variance risk premium into downside and

upside components. In the following section, we analyze the predictability

of both components separately.

We follow Andersen & Bondarenko (2013) and Andersen et al. (2015)

and use the downside and upside model-free implied variance. Following the

arguments of Feunou et al. (2017), investors dislike increases in the volatility

of the underlying, which is associated with an increase in the probability

of severe losses. Investors hedge against these downward movements, thus,

we expect that the downside variance risk premium is the main driver of

20The multiple predictive regressions show no signi�cant variables, indicating that
multiple regressions are able to predict excess returns and realized variance in isolation
rather than jointly.
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the variance risk premium. Further, to get a better estimate for the physical

expectation of variance, we analogously use the downside and upside realized

variance.

3.5.1 Variables

Variance Risk Premium based on HAR�RV Model We de�ne the variance

risk premium based on the HAR�RV model (V RPHAR) as the di�erence

between the risk-neutral variance (V ARBKM) and the RV , estimated on

the basis of the HAR model (RV HAR):

V RPHAR
t = V ARBKM

t −RV HAR
t , (3.27)

where V ARBKM
t is as previously de�ned. Analogously to Section 3.2.2 and

using Equation (3.2), we follow Christo�ersen (2012) and de�ne

RVD,t+ i
N
≡ RVt+ i

N
, (3.28)

RVW,t+ i
N
≡ RV(t+ i

N )−4,t+ i
N

(3.29)

=
[
RV(t+ i

N )−4 +RV(t+ i
N )−3 +RV(t+ i

N )−2 +RV(t+ i
N )−1 +RVt+ i

N

]
/ 5,

RVM,t+ i
N
≡ RV(t+ i

N )−20,t+ i
N

(3.30)

=
[
RV(t+ i

N )−20 +RV(t+ i
N )−19 + ...+RVt+ i

N

]
/ 21

as the daily, weakly, and monthly realized variance on day t + i
N
,

respectively.21 Further, RV(t+ i
N

)+1,(t+ i
N

)+20 is the realized variance over the

next 21 days, i.e.:

RV(t+ i
N

)+1,(t+ i
N

)+20 =[
RV(t+ i

N
)+1 +RV(t+ i

N
)+2 + ...+RV(t+ i

N
)+20

]
/ 21.

(3.31)

21Since we now work with daily rather than intraday data, we follow the common
approach and de�ne one month as 21 trading days.
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Finally, to compute RV HAR
t , we run the following regression:

RV(t+ i
N

)+1,(t+ i
N

)+20 = φ0 + φDRVD,t+ i
N

+ φWRVW,t+ i
N

+ φMRVM,t+ i
N

+ ε(t+ i
N

)+1,(t+ i
N

)+20,
(3.32)

where φ0, φD, φW , and φM are the regression coe�cients, and

ε(t+ i
N

)+1,(t+ i
N

)+20 is the error term over the next 21 days. The �tted values

are the forecasted RV and represent RV HAR
t .

Downside and Upside Variance Risk Premium We de�ne the downside and

upside variance risk premium (V RPDOWN and V RPUP ) as the di�erence

between the downside and upside model-free implied variance ((σQ−
t )2 and

(σQ+
t )2) and the downside and upside realized variance (RV DOWN and

RV UP ), respectively:

V RPDOWN
t =

(
σQ−
t

)2 −RV DOWN
t , (3.33)

V RPUP
t =

(
σQ+
t

)2 −RV UP
t . (3.34)

To obtain (σQ−
t )2 and (σQ+

t )2, we follow Andersen & Bondarenko (2013) and

Andersen et al. (2015) and use their corridor implied volatility method to

decompose the model-free implied variance into di�erent parts, and de�ne

the model-free implied variance ((σQ
t )2) as:(

σQ
t

)2
= 2

∫ ∞
0

M(K)

K2
dK = (σQ−

t )2 + (σQ+
t )2, (3.35)

whereM(K) = min (P (K), C(K)) is the minimum price of the put and call

with maturity of 1 month and strike K. Consistently, we also compute the

grid of 1,000 equidistant interpolated moneyness levels of out-of-the money

option prices, as described above. Finally, to compute (σQ−
t )2 and (σQ+

t )2,

we assume the threshold Seθ with θ = 0:(
σQ−
t

)2
= 2

∫ Seθ

0

M(K)

K2
dK, (3.36)(

σQ+
t

)2
= 2

∫ ∞
Seθ

M(K)

K2
dK. (3.37)
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We then use the trapezoidal rule to approximate the integrals, as outlined

above.

Following Barndor�-Nielsen, Kinnebrock, & Shephard (2010), we

decompose the realized variance into the upside and downside realized

variance for a given threshold κ. Imposing κ = 0, we compute RV DOWN
t

(RV UP
t ) on the basis of Equation (3.2), however, using only log-returns that

are at most (least) equal to κ.

Downside and Upside Variance Risk Premium based on HAR�RV Model We

de�ne the downside and upside variance risk premium based on the HAR�

RV model (V RPDOWN,HAR and V RPUP,HAR) as the di�erence between the

downside and upside model-free implied variance ((σQ−
t )2 and (σQ+

t )2) and

the downside and upside realized variance, estimated on the basis of the

HAR model (RV DOWN,HAR and RV UP,HAR), respectively:

V RPDOWN,HAR
t =

(
σQ−
t

)2 −RV DOWN,HAR
t , (3.38)

V RPUP,HAR
t =

(
σQ+
t

)2 −RV UP,HAR
t , (3.39)

where (σQ−
t )2 and (σQ+

t )2 are as previously de�ned. To compute

RV DOWN,HAR
t (RV UP,HAR

t ), we follow the steps described above, however,

using RV DOWN (RV UP ) instead of RV .

3.5.2 Results

Table B.3 of the Appendix to this chapter reports the regression

results for the di�erent speci�cations predicting the next month's excess

return and realized variance, respectively. In Panel A, we observe that all

speci�cations exhibit an inferior performance in predicting excess returns

compared to the V RP as proposed by Bollerslev et al. (2009). However, we

notice that V RPUP , V RPDOWN , and V RPUP,HAR have still (in-sample)
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signi�cant predictive power, indicated by t-statistics between 2.47 and 2.17,

and in-sample R2s from 2.65 % to 2.05 %.

In Panel B of Table B.3, we �nd that all speci�cations have a similar

(insigni�cant) in-sample predictive power for RV as V RP . We observe

noteworthy signi�cant out-of-sample predictability for V RPHAR (R2
oos =

3.40 %), V RPDOWN (R2
oos = 4.34 %), and V RPUP,HAR (R2

oos = 4.63 %).

We now turn our attention to the portfolio choice implications. Table

B.4 of the Appendix to this chapter reports the results of the economic

value. For an agent with risk-aversion of γ = 3, we observe that V RPUP

(V RPDOWN) provides substantial improvements in the utility gain of 6.74 %

p.a. (6.31 % p.a.) and in the Sharpe Ratio of 0.71 (0.59).

Overall, the results con�rm our previous �ndings in providing evidence

for a stronger variance than return predictability. We also observe that

V RPDOWN , V RPUP , and V RPUP,HAR predict in-sample both returns and

realized variance. In addition, we notice that V RPHAR, V RPDOWN , and

V RPUP,HAR strongly predict realized variance out-of-sample. Finally, the

results reveal that V RPUP and V RPDOWN provide evidence for generating

statistically signi�cant economic value.

3.5.3 Alternative Approach of Variance Predictability

In our main analysis, we included lagged realized variance as an

additional predictor, when predicting realized variance as it is well known

that variance is a persistent process. To see whether our results are driven

by this choice, we repeat the analysis without including lagged realized

variance. We now estimate the following regression model for realized

variance:

RV t+1 = γ0 + γ1Xt + εt+1, (3.40)
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where all variables are as previously de�ned. Under the null hypothesis of

no predictability, the variable Xt has no predictive power for future realized

variance. In this case, we expect that γ1 = 0, and that the best estimate

for future realized variance would be its mean. Accordingly, the historical

mean variance serves as benchmark model. Using this speci�cation, we are

able to analyze the individual predictive power of variables subject to the

standard approach in extant literature. Tables B.5 and B.6 of the Appendix

to this chapter summarize the results of the predictability and economic

value analysis.

In Table B.5, we �nd that all variables have in-sample predictive power

for future realized variance. CRP turns out to have signi�cant predictive

ability, indicated by a t-statistic of �3.72. We notice that the in-sample R2s

are smaller compared with our previous results. They range from 3.19 % for

SKEWBKM to 38.83 % for V ARBKM .

In the out-of-sample analysis, we observe that the variables that predict

realized variance in-sample are also predictors out-of-sample. This is true

for all variables with the exception of V RP , which does not yield an

improvement relative to the recursive mean. We justify this pattern by the

sign-switching behavior of V RP . The R2
ooss range from 1.88 % for CRP

to 34.65 % for V ARBKM . It seems that, using the standard methodology,

the predictive power of some variables increases, compared to our previous

results.

In the economic value analysis, shown in Table B.6, we �nd similar

results as before. It seems that statistical evidence of predictability does

not necessarily imply important economic gains. One can see that relative

to an agent with risk-aversion γ = 3 who assumes that the market excess

return and the realized variance are unpredictable, the agent who exploits

the information content of CRP would improve her utility by 4.63 % p.a.

Overall, the results con�rm our previous �ndings.
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3.6 Conclusion

This chapter comprehensively studies the predictive power of option-

implied variables for future excess returns and realized variance. A variable

is considered to have predictive power if it exhibits statistically signi�cant

forecasting power and also adds economic value. We �nd that the correlation

risk premium and the variance risk premium emerge as statistically

signi�cant predictors of both the market excess return and the realized

variance. This is true both in- and out-of-sample.

We then investigate the economic value of the documented predictabi-

lity. Our results highlight an important contrast between the two variables.

Relative to a naive strategy that assumes that excess returns and realized

variance are unpredictable, the agent who relies on the correlation risk

premium as a timing signal realizes utility gains of 5.03% p.a. In contrast,

the timing strategy that uses the variance risk premium as timing signal

yields lower certainty equivalent returns than a naive strategy that assumes

constant excess returns and realized variance. Thus, our analysis shows

that statistical evidence of predictability does not necessarily translate

to economic value. Moreover, we �nd that forecast combinations generate

stable forecasts for both excess returns and realized variance, and that they

add substantial economic value.

We further decompose the total variance risk premium into the

downside and upside components, and analyze the predictability of di�erent

versions of the variance risk premium. We show that the upside and

downside variance risk premia have noteworthy (in-sample) predictive power

for excess returns and realized variance. Further, a timing strategy provides

substantial utility gains.
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B Appendix

In this section, we provide additional material for Chapter 3:

�Predicting the Equity Market with Option-Implied Variables�.
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Table B.1: Economic Value with Turnover and Transaction Costs

This table reports the turnover, the utility gains, and the Sharpe Ratios for each of the

three scenarios. Scenario 1 assumes that the realized variance is unpredictable and that

the forecasting variable [name in column] only predicts the excess returns. Scenario 2

assumes that the excess returns are unpredictable but that the variable [name in column]

and the lagged realized variance predict the realized variance. Scenario 3 implicitly

assumes that the excess returns and the realized variance can be predicted by the

forecasting variable [name in column], and in the latter case, by the forecasting variable

[name in column] and the lagged realized variance. The historical mean return, and a

�tted AR(1) model for realized variance serve as naive benchmarks. Turnoverabs is the

monthly absolute value of the turnover for the naive strategy. Turnover
(i)
rel represents the

monthly relative turnover of strategy i related to the benchmark. ∆CER(1), ∆CER(2),

and ∆CER(3) are the annualized utility gains relative to a strategy that assumes

unpredictable excess returns and realized variance, achieved by following strategy 1,

2, and 3, respectively. Similarly, ∆SR(1), ∆SR(2), and ∆SR(3) are the annualized

improvements in Sharpe Ratios achieved by following strategy 1, 2, and 3, respectively.
∗, ∗∗, ∗∗∗ indicate the signi�cance at the 10 %, 5 %, and 1 % signi�cance levels,

respectively. All data are sampled at the monthly frequency and relate to the S&P 500

index.

Panel A: γ = 3

CRP EXKURTBKM SKEWBKM SMIRK V ARBKM V RP

Turnoverabs 0.0448 0.0448 0.0448 0.0448 0.0448 0.0448

Turnover
(1)
rel 12.1906 5.4513 5.5545 8.9341 2.2193 9.6821

Turnover
(2)
rel 4.8831 5.5580 2.9157 2.7424 2.7127 3.9283

Turnover
(3)
rel 14.6331 8.2202 6.6146 10.9321 3.4473 11.5826

∆CER(1) 2.48 4.19 0.64 0.85 -7.62 -8.46
∆CER(2) -1.03 1.60 1.81 1.87 5.94 7.04
∆CER(3) 1.38 4.46 2.33 0.55 -4.91 -5.47
∆SR(1) 0.21 0.39** 0.06 0.05 -0.43*** -0.57***
∆SR(2) 0.06 0.20 0.21 0.21** 0.36*** 0.47***
∆SR(3) 0.13 0.36* 0.20 0.06 -0.22 -0.25

Panel B: γ = 6

CRP EXKURTBKM SKEWBKM SMIRK V ARBKM V RP

Turnoverabs 0.0247 0.0247 0.0247 0.0247 0.0247 0.0247

Turnover
(1)
rel 15.9051 7.0084 7.0350 9.3238 4.2300 12.5610

Turnover
(2)
rel 10.6311 10.8603 6.8986 4.7041 5.8114 9.8254

Turnover
(3)
rel 25.8225 16.2198 13.7024 18.2632 5.2006 18.7912

∆CER(1) 0.88 3.03 0.30 0.85 -11.25 -10.32
∆CER(2) -5.70 0.95 0.29 0.26 4.83 4.18
∆CER(3) -1.36 2.62 0.64 -0.28 -6.18 -10.91
∆SR(1) 0.18 0.49*** 0.10 0.10 -0.61*** -0.73***
∆SR(2) -0.14 0.25 0.20* 0.16 0.44*** 0.49***
∆SR(3) 0.12 0.41* 0.27 0.06 -0.28 -0.54**
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Table B.1: Economic Value with Turnover and Transaction
Costs (continued)

Panel C: γ = 9

CRP EXKURTBKM SKEWBKM SMIRK V ARBKM V RP

Turnoverabs 0.0151 0.0151 0.0151 0.0151 0.0151 0.0151

Turnover
(1)
rel 18.4886 8.8266 9.2375 10.2124 5.7328 15.0938

Turnover
(2)
rel 15.6516 16.8364 10.1848 5.1486 6.6592 17.8674

Turnover
(3)
rel 36.6566 26.1824 20.6825 24.7431 5.7841 22.0822

∆CER(1) 0.15 2.11 -0.18 0.57 -10.81 -9.58
∆CER(2) -6.59 0.70 0.03 0.13 3.25 2.20
∆CER(3) -2.17 1.01 -1.03 -0.41 -4.53 -9.70
∆SR(1) 0.13 0.50*** 0.07 0.10 -0.65*** -0.74***
∆SR(2) -0.18 0.25* 0.18* 0.14 0.44*** 0.49***
∆SR(3) 0.14 0.39 0.22 0.10 -0.29 -0.59***

Panel D: γ = 12

CRP EXKURTBKM SKEWBKM SMIRK V ARBKM V RP

Turnoverabs 0.0108 0.0108 0.0108 0.0108 0.0108 0.0108

Turnover
(1)
rel 19.5157 9.1852 10.0488 10.6805 6.4946 15.8094

Turnover
(2)
rel 18.2998 21.0369 12.2949 5.3345 6.8723 24.3221

Turnover
(3)
rel 45.3856 34.0648 25.9198 27.6275 6.0582 23.5223

∆CER(1) 0.07 1.58 -0.17 0.43 -8.86 -7.25
∆CER(2) -7.04 0.49 -0.24 0.08 2.43 0.77
∆CER(3) -2.90 0.09 -1.78 -0.48 -3.45 -8.30
∆SR(1) 0.12 0.50*** 0.07 0.10 -0.65*** -0.75***
∆SR(2) -0.21 0.25* 0.14 0.13 0.44*** 0.43**
∆SR(3) 0.11 0.38 0.21 0.09 -0.29 -0.59***
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Table B.2: Out-of-Sample Analysis: Restriction � Frequencies

This table reports the frequency of how often the economically motivated restrictions

imposed are binding in the out-of-sample analysis, shown in Table 3.6. Panel A shows

the frequency for each individual variable, predicting the next month's excess return.

Panel B shows the frequency for each individual variable as well as lagged realized

variance, predicting the next month's realized variance. CRP denotes the correlation

risk premium. EXKURTBKM is the risk-neutral kurtosis of Bakshi et al. (2003).

SKEWBKM is the risk-neutral skewness of Bakshi et al. (2003). SMIRK is the option

smirk. V ARBKM is the risk-neutral variance of Bakshi et al. (2003). Finally, V RP is

the variance risk premium computed as the di�erence between the risk-neutral variance

of Bakshi et al. (2003) and the most recent observation of the realized variance. The

historical mean return, and a �tted AR(1) model for realized variance serve as naive

benchmarks. "(I)" denotes the imposition of the �rst restriction, where we set the slope

estimate in the out-of-sample analysis equal to zero, whenever its sign di�ers from that

of the in-sample analysis. "(II)" denotes the imposition of the second restriction, where

we set the forecast equal to zero, whenever it is negative. "(I+II)" denotes the joint

imposition of both restrictions. "(I+II) (I)" ("(I+II) (II)") refers to the frequency of

the �rst (second) restriction in the case of the joint imposition of both restrictions. All

data are sampled at the monthly frequency and relate to the S&P 500 index.

Panel A: Return Predictability

C
R
P

E
X
K
U
R
T

B
K

M

S
K
E
W

B
K

M

S
M
I
R
K

V
A
R

B
K

M

V
R
P

(I) 0 0 0 0 35 0
(II) 53 32 29 62 56 77
(I+II) (I) 0 0 0 0 35 0
(I+II) (II) 53 32 29 62 50 77

Panel B: Variance Predictability

C
R
P

E
X
K
U
R
T

B
K

M

S
K
E
W

B
K

M

S
M
I
R
K

V
A
R

B
K

M

V
R
P

(I) 75 0 0 0 0 0
(II) 0 3 0 0 0 0
(I+II) (I) 75 0 0 0 0 0
(I+II) (II) 0 3 0 0 0 0

Lagged Realized Variance

(I) 0 0 0 0 0 0
(II) - - - - - -
(I+II) (I) 0 0 0 0 0 0
(I+II) (II) - - - - - -

126



B. APPENDIX

Table B.3: Return and Variance Predictability of VRP
Speci�cations

Panel A of this table reports the regression results of monthly excess returns on a

constant, which we denote by β0, and the lagged predictive variable. Panel B reports

the regression results of monthly realized variance on a constant, which we denote by

γ0, the lagged predictive variable, and the lagged realized variance. Statistical inferences

are based on a bootstrapped distribution. The historical mean return, and a �tted AR(1)

model for realized variance serve as naive benchmarks. V RPHAR denotes the variance

risk premium based on the HAR�RV model. V RPDOWN is the downside variance

risk premium. V RPUP is the upside variance risk premium. V RPDOWN,HAR is the

downside variance risk premium based on the HAR�RV model. Finally, V RPUP,HAR

is the upside variance risk premium based on the HAR�RV model. R2 and R2
oos are the

in-sample and out-of-sample R2, respectively. We report the t-statistics in parentheses.
∗, ∗∗, and ∗∗∗ indicate the signi�cance at the 10%, 5%, and 1% signi�cance levels,

respectively. The sample period extends from January 1996 to December 2014. All data

are sampled at the monthly frequency and relate to the S&P 500 index.

Panel A: Return Predictability

V
R
P

H
A
R

V
R
P

D
O
W

N

V
R
P

U
P

V
R
P

D
O
W

N
,H

A
R

V
R
P

U
P
,H

A
R

R2 0.00 2.23** 2.65** 0.38 2.05**
R2

oos -5.37 -1.13 -2.38 -4.10 -1.25
t− stat (0.10) (2.26) (2.47) (0.93) (2.17)

Panel B: Variance Predictability

V
R
P

H
A
R

V
R
P

D
O
W

N

V
R
P

U
P

V
R
P

D
O
W

N
,H

A
R

V
R
P

U
P
,H

A
R

R2 42.95 41.03 40.34 41.19 43.94
R2

oos 3.40*** 4.34*** -3.46 -4.05 4.63***
t− stat (3.32) (1.85) (0.89) (2.01) (3.90)
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Table B.4: Economic Value of VRP Speci�cations

This table reports utility gains and Sharpe Ratios for each of the three scenarios.

Scenario 1 assumes that the realized variance is unpredictable and that the forecasting

variable [name in column] only predicts the excess returns. Scenario 2 assumes that

the excess returns are unpredictable but that the variable [name in column] and the

lagged realized variance predict the realized variance. Scenario 3 implicitly assumes that

the excess returns and the realized variance can be predicted by the forecasting variable

[name in column], and in the latter case, by the forecasting variable [name in column]

and the lagged realized variance. The historical mean return, and a �tted AR(1) model

for realized variance serve as naive benchmarks. ∆CER(1), ∆CER(2), and ∆CER(3)

are the annualized utility gains relative to a strategy that assumes unpredictable excess

returns and realized variance, achieved by following strategy 1, 2, and 3, respectively.

Similarly, ∆SR(1), ∆SR(2), and ∆SR(3) are the annualized improvements in Sharpe

Ratios achieved by following strategy 1, 2, and 3, respectively. ∗, ∗∗, ∗∗∗ indicate the

signi�cance at the 10 %, 5 %, and 1 % signi�cance levels, respectively. All data are

sampled at the monthly frequency and relate to the S&P 500 index.

Panel A: γ = 3

V
R
P

H
A
R

V
R
P

D
O
W

N

V
R
P

U
P

V
R
P

D
O
W

N
,H

A
R

V
R
P

U
P
,H

A
R

∆CER(1) -7.41 0.24 2.25 -9.33 -9.25
∆CER(2) 6.29 7.40 6.73 5.17 5.11
∆CER(3) -4.36 6.31 6.74 -4.99 -8.24

∆SR(1) -0.43*** 0.04 0.19** -0.55*** -0.58***

∆SR(2) 0.38*** 0.69*** 0.71*** 0.37*** 0.40***

∆SR(3) -0.20 0.59*** 0.71*** -0.29* -0.51**

Panel B: γ = 6

V
R
P

H
A
R

V
R
P

D
O
W

N

V
R
P

U
P

V
R
P

D
O
W

N
,H

A
R

V
R
P

U
P
,H

A
R

∆CER(1) -10.71 -1.91 0.96 -11.09 -10.73
∆CER(2) 5.47 5.94 5.12 3.70 4.81
∆CER(3) -6.36 4.47 6.13 -6.32 -8.17

∆SR(1) -0.60*** -0.12 0.17* -0.64*** -0.69***

∆SR(2) 0.46*** 0.74*** 0.60*** 0.40*** 0.62***

∆SR(3) -0.27 0.61** 0.79*** -0.37** -0.59***
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Table B.4: Economic Value of VRP Speci�cations (continued)

Panel C: γ = 9
V
R
P

H
A
R

V
R
P

D
O
W

N

V
R
P

U
P

V
R
P

D
O
W

N
,H

A
R

V
R
P

U
P
,H

A
R

∆CER(1) -10.65 -2.43 0.63 -10.89 -9.83
∆CER(2) 3.72 4.24 3.21 2.49 4.36
∆CER(3) -4.72 3.39 4.63 -5.68 -6.97

∆SR(1) -0.62*** -0.21 0.17* -0.65*** -0.73***

∆SR(2) 0.47*** 0.67*** 0.45** 0.36*** 0.76***

∆SR(3) -0.29 0.64** 0.80*** -0.40** -0.60***

Panel D: γ = 12

V
R
P

H
A
R

V
R
P

D
O
W

N

V
R
P

U
P

V
R
P

D
O
W

N
,H

A
R

V
R
P

U
P
,H

A
R

∆CER(1) -8.65 -2.20 0.47 -10.35 -7.82
∆CER(2) 2.78 3.15 2.25 1.85 3.43
∆CER(3) -3.60 2.53 3.25 -4.61 -5.49

∆SR(1) -0.63*** -0.23* 0.17* -0.62*** -0.72***

∆SR(2) 0.47*** 0.61*** 0.43* 0.34*** 0.80***

∆SR(3) -0.29 0.65** 0.76** -0.40** -0.59***
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Table B.6: Economic Value: Alternative Approach

This table reports utility gains and Sharpe Ratios for each of the three scenarios.

Scenario 1 assumes that the realized variance is unpredictable and that the forecasting

variable [name in row] only predicts the excess returns. Scenario 2 assumes that the

excess returns are unpredictable but that the variable [name in row] predicts the realized

variance. Scenario 3 implicitly assumes that the excess returns and the realized variance

can be predicted by the forecasting variable [name in row]. The historical mean serves

as naive benchmark for both return and variance predictability. ∆CER(1), ∆CER(2),

and ∆CER(3) are the annualized utility gains relative to a naive strategy that assumes

unpredictable excess returns and realized variance, achieved by following strategy 1,

2, and 3, respectively. Similarly, ∆SR(1), ∆SR(2), and ∆SR(3) are the annualized

improvements in Sharpe Ratios achieved by following strategy 1, 2, and 3, respectively.
∗, ∗∗, ∗∗∗ indicate the signi�cance at the 10 %, 5 %, and 1 % signi�cance levels,

respectively. All data are sampled at the monthly frequency and relate to the S&P 500

index.

Panel A: γ = 3

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 5.46 1.63 4.63 0.46** 0.11 0.40*
EXKURTBKM 5.39 3.69 6.24 0.51*** 0.34*** 0.58***
SKEWBKM 1.86 1.78 3.28 0.16 0.13** 0.29
SMIRK 2.96 1.47 2.91 0.30 0.14 0.30
V ARBKM -7.28 7.19 -1.65 -0.42*** 0.50*** -0.09
V RP -6.10 -1.57 -5.43 -0.41* -0.13 -0.41*

Panel B: γ = 6

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 3.05 1.50 2.86 0.45** 0.14* 0.43*
EXKURTBKM 3.92 3.05 4.83 0.63*** 0.40*** 0.70***
SKEWBKM 1.20 1.30 2.36 0.22 0.14** 0.37**
SMIRK 2.07 1.10 2.13 0.38* 0.14 0.37*
V ARBKM -10.70 5.67 -0.45 -0.60*** 0.71*** 0.02
V RP -8.49 -0.98 -6.14 -0.60*** -0.12 -0.53**

Panel C: γ = 9

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.71 1.04 1.56 0.40* 0.12* 0.38
EXKURTBKM 2.82 2.27 3.74 0.67*** 0.40*** 0.74***
SKEWBKM 0.58 0.88 1.76 0.20 0.13** 0.41**
SMIRK 1.40 0.75 1.47 0.38* 0.14 0.38*
V ARBKM -10.28 3.94 -0.18 -0.63*** 0.73*** 0.05
V RP -8.15 -0.65 -6.22 -0.63*** -0.10 -0.58**

Panel D: γ = 12

∆CER(1) ∆CER(2) ∆CER(3) ∆SR(1) ∆SR(2) ∆SR(3)

CRP 1.25 0.78 0.87 0.40* 0.10* 0.36
EXKURTBKM 2.11 1.80 2.93 0.67*** 0.40*** 0.74***
SKEWBKM 0.44 0.66 1.35 0.20 0.13** 0.42**
SMIRK 1.05 0.57 1.10 0.38* 0.14 0.38*
V ARBKM -8.37 2.95 -0.15 -0.63*** 0.73*** 0.05
V RP -6.18 -0.49 -5.82 -0.63*** -0.10 -0.59**
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Chapter 4

Predictability in Commodity

Markets: Evidence from more

than a Century∗

4.1 Introduction

A growing literature has analyzed the predictability of commodity

spot returns and/or volatilities, mostly using variables that are known

to predict equity returns (e.g., Gorton & Rouwenhorst, 2006; Gargano &

Timmermann, 2014). The growing number of predictive variables raises

several questions: Which variables known to predict stock returns can

also predict commodity returns? Do the variables that predict commodity

returns also forecast commodity return volatilities? Does predictability vary

over the business cycle? Had the introduction of derivatives trading in�uence

∗This chapter is based on the Working Paper �Predictability in Commodity Markets:
Evidence from more than a Century� authored by Marcel Prokopczuk, Björn Tharann,
and Chardin Wese Simen, 2018.
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on the degree of predictability? These are some of the questions we want to

answer.

The interest in commodity markets has grown rapidly over recent

decades. Although commodities have been traded on exchanges for more

than 100 years in the U.S., commodities as an asset class are still relatively

unexplored. Due to the poor performance of stocks and bonds, investors

have turned to commodities as a new investment class (e.g., Bessembinder

& Chan, 1992; Gorton & Rouwenhorst, 2006; Kogan et al., 2009). Erb &

Harvey (2006) show that commodities and equities have similar average

returns. Due to the low correlation with stocks and bonds, commodities are

useful to achieve a high degree of portfolio diversi�cation and serve as a

good hedge against in�ation (e.g., Sadorsky, 2002; Gorton & Rouwenhorst,

2006; Lien & Yang, 2008; Symeonidis et al., 2012).

Commodities also attract attention by being predictable, with �nancial

and macroeconomic variables that are known to possess predictive power

for stocks and bonds (e.g., Bessembinder & Chan, 1992; Bailey & Chan,

1993; Chen et al., 2010; Pierdzioch et al., 2016). Capital constraints

and limitations for hedging also a�ect commodity prices and thus the

predictability of commodity returns (De Roon, Nijman, & Veld, 2000; Hong

& Yogo, 2012; Acharya, Lochstoer, & Ramadorai, 2013). Last but not least,

being able to predict the prices (or returns) of commodities is naturally very

important for the real industry. In many sectors, commodities are one of the

most important inputs to production. It is thus of great interest to be able

to accurately model the expected return on commodity prices.

The main goal of this chapter is to provide the most comprehensive

evidence on the predictive power of macroeconomic variables for commodity

excess returns and volatilities to date. In doing so, we make three

contributions to the literature.

First, in contrast to the existing literature, we analyze a very long
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sample period of more than 140 years and use a comprehensive set of

commodity markets and predictive variables. Indeed, our sample spans the

period from January 1871 to December 2015 and covers 30 commodities and

16 predictive variables. A variable is considered to have predictive power if

it exhibits signi�cant predictive ability out-of-sample.

Second, we do not only analyze the predictability of excess returns,

which is the focus of most existing studies, but also the predictability of

volatilities. In doing so, we use the same time periods and techniques as for

the returns to ensure a comparable analysis.

Third, in contrast to previous studies, our data allow us to get new

insights from analyzing a long sample period as well as the strength

of the predictability around economically important events such as the

introduction of derivatives trading. Our long sample also enables us to

analyze the predictability of both excess returns and volatilities for di�erent

states of the economy. Following Cujean & Hasler (2017), we examine

expansions and recessions separately.

We �nd that there is evidence for short- and long-term predictability for

both commodity excess returns and volatilities. We observe, however, more

predictability at longer horizons. These improvements are more pronounced

for the predictability of excess returns rather than that of volatilities.

In more detail, we �nd that the growth of industrial production, the

market risk premium, and the default return spread are the most reliable

predictive variables in the short-term. At long horizons, we �nd that interest

rate-related variables � speci�cally, the 3-month Treasury bill rate, the

default yield spread, the long-term U.S. government bond yield, and the

term spread � are the most reliable predictive variables.

Analyzing the short-term volatility predictability, we detect that the

dividend�price ratio, the dividend yield, the in�ation rate, and the long-term

government bond yield are the most important predictive variables. For
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longer horizons, the earnings�price ratio, the default yield spread, and the

term spread contribute to the predictability.

The structural break analysis shows that the introduction of derivatives

trading has a substantial e�ect on the degree of return and volatility pre-

dictability. It also provides evidence that volatility has been systematically

a�ected by the introduction of derivatives trading and the beginning of the

global �nancial crisis.

Our study directly relates to the literature on commodity return

predictability. Bessembinder & Chan (1992), Bailey & Chan (1993), and

Bjornson & Carter (1997) use the dividend yield, the default return spread,

Treasury bill rates, and long-term government bond yields to forecast

commodity futures returns. De Roon et al. (2000) focus on the forecasting

power of hedging pressure. Hong & Yogo (2012) and Acharya et al. (2013)

extend that work using open interest and limits to arbitrage proxies,

respectively. Etula (2013) shows that lagged e�ective risk-aversion and the

market excess return predict energy returns. We extend these studies by

analyzing a broad set of commodities and we examine numerous predictive

variables together that have been studied in isolation in the existing

literature.

Chen et al. (2010) demonstrate the predictive power of commodity

currency exchange rates for country-speci�c commodity spot indices.

Gargano & Timmermann (2014) use commodity spot indices to examine

the predictive ability of several variables over a somewhat longer sample

period than typically analyzed in the existing literature. Analyzing di�erent

states of the economy, they �nd stronger evidence for predictability during

recessions. We focus on individual commodities rather than an aggregated

index and are thus able to analyze commodity-speci�c and sector-speci�c

e�ects.

Our study also relates to the interplay between macroeconomic
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aggregates and commodity volatilities. Veronesi (1999) documents the link

between investors' uncertainty about fundamental variables and volatility

clustering. Bansal & Yaron (2004) show that there is a strong relationship

between fundamentals and time-varying stock market volatility. Mele

(2007) points out the e�ect of stages of the economy on stock market

return volatility. Paye (2012) demonstrates that macroeconomic variables

have predictive power for stock market volatility, particularly around the

beginning of recessions. Pierdzioch et al. (2016) use macroeconomic and

�nancial variables to predict the volatility of gold-price �uctuations, while

Prokopczuk, Symeonidis, & Wese Simen (2016) analyze the drivers of

commodity variance. We contribute to this literature by analyzing not

only return predictability but also volatility predictability. In addition, we

extend these studies by analyzing the linkage between return and volatility

predictability and business cycle stages.

The remainder of this chapter proceeds as follows. Section 4.2

introduces the data and describes the variables. Section 4.3 presents the

main empirical results. Section 4.4 discusses the time-variation analysis.

Section 4.5 provides the business cycle analysis. Section 4.6 discusses further

results. Finally, Section 4.7 concludes.

4.2 Data and Methodology

This section introduces the data used for the empirical analysis. It then

explains the main variables in detail.

4.2.1 Data

We obtain our data from three distinct sources. First, we retrieve the

monthly time series of spot prices for 30 di�erent commodities from the
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Global Financial Database (GFD). Our sample period extends from January

1871 to December 2015, covering almost 150 years. We focus on commodities

traded in the U.S. and that are denominated in United States Dollar (USD).

Table 4.1 lists all the commodity markets we analyze. We focus on spot

prices rather than on futures prices since we can obtain a much longer

history for the former. Using futures prices has the advantage that one

can analyze the pro�tability of a trading strategy from the perspective of a

�nancial investor. Although interesting, this is not our goal. Our objective is

to analyze the spot market to identify potential economic linkages between

macroeconomic variables and commodity excess returns and volatilities.1

Second, we consider most of the predictive variables employed by Goyal &

Welch (2008), which they use to predict the equity premium.2 Third, like

Gargano & Timmermann (2014), we also consider industrial production,

money supply, and the unemployment rate from the Federal Reserve Bank

of St. Louis (FRED).

4.2.2 Variables

Commodity Excess Return Since some commodity markets are

known to exhibit seasonal patterns, we deseasonalize the commodity returns

by running the following regression on the full sample period:

Rt+1 =
12∑
j=1

δj Dj,t+1 + εt+1, (4.1)

where Rt+1 =
(
Pt+1−Pt

Pt

)
is the simple return on the commodity at the end

of month t+ 1. Pt+1 and Pt denote the price at the end of months t+ 1 and

t, respectively. Dj,t+1 are monthly dummy variables to account for di�erent

1Knowledge about the future price development of physical commodities is important
for producers and consumers, e.g., for planning purposes of future purchases and sales.

2The extended data set is available at http://www.hec.unil.ch/agoyal/.
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY

monthly mean returns, and δj and εt+1 are the coe�cients associated with

the dummy variables Dj,t+1, and the error term, respectively.

We then compute the excess return on a commodity as the di�erence

between the monthly simple return on the commodity and the monthly

riskless rate from the corresponding period:

ERt+1 = Rd
t+1 −Rf t, (4.2)

where ERt+1 is the monthly excess return on the speci�c commodity at the

end of month t + 1. Rd
t+1 denotes the deaseasonalized monthly commodity

return. Rf t refers to the riskless rate observed at the end of month t.3

Following Goyal & Welch (2008), we use the 1-month Treasury bill rate to

proxy for the riskless rate.4

Commodity Volatility To compute a measure of dispersion on the

basis of monthly excess return data, we follow Schwert (1989).5 First, we

estimate a 12th-order autoregression for the commodity excess returns, i.e.:

ERt =
12∑
i=1

ηi ERt−i + εt, (4.3)

where ERt is the monthly deseasonalized commodity excess return, ηi are

the regression coe�cients, and ε̂t are the realized error terms. Second, we use

the absolute value of the realized error terms | ε̂t | to estimate a 12th-order

autoregression, i.e.:

| ε̂t |=
12∑
i=1

ρi | ε̂t−i | + ut, (4.4)

3Throughout this chapter, we use the convention that the riskless rate is given the
subscript for the time when it is observed. Thus, the riskless rate is observed at time t
even though it is realized at time t+ 1.

4We obtain similar results when using commodity excess returns for deaseasonaliza-
tion rather than commodity returns in Equation (4.1). The riskless rate does not exhibit
a seasonal component and thus does not in�uence the results.

5In the case of daily excess returns, we would compute the monthly variance as the
sum of the squared daily excess returns. Due to our long sample period there are no
daily excess returns available. Thus, we compute the monthly volatility on the basis of
monthly excess returns, following the procedure suggested by Schwert (1989).
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4.2. DATA AND METHODOLOGY

where ρi are the regression coe�cients and ut the realized error terms.

The absolute value of the �tted values represents the conditional monthly

standard deviation, which we denote by σt, and serves as measure of

dispersion.

Predictive Variables To analyze whether macroeconomic variables

carry information about future commodity excess returns and volatilities,

we follow the literature on stock return predictability and use 16 predictive

variables that are usually considered to have predictive power for stock

returns. The variables are related to the equity market, to the �xed income

market, and to the overall economy.

In particular, we consider the dividend�payout ratio (de) computed as

the di�erence between the log of monthly dividends and the log of monthly

earnings. The dividends (earnings) are computed as the trailing sum of

dividends (earnings) paid on the S&P 500 index over the past year. Further,

we use the dividend�price ratio (dp) as the di�erence between the log of

monthly dividends and the log of monthly prices on the S&P 500 stock

index, the dividend yield (dy) as the di�erence between the log of monthly

dividends and the log of lagged monthly prices, the earnings�price ratio

(ep) as the di�erence between the log of monthly earnings and the log of

monthly prices, the market risk premium (erp) as the di�erence between

the change in the monthly log prices of the S&P 500 total return index

and the monthly continuously compounded 1-month Treasury bill rate, and

the monthly stock variance (svar) computed as the sum of squared daily

returns on the S&P 500.

As interest rate-related variables, we use the default return spread

(dfr) computed as the di�erence between monthly long-term U.S. corporate

bond returns on AAA- and BAA-rated bonds and monthly long-term

U.S. government bond returns, the default yield spread (dfy) as the
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY

di�erence between monthly U.S. BAA- and AAA-rated corporate bond

yields, the monthly long-term U.S. government bond returns (ltr), the

monthly long-term U.S. government bond yields (lty), the monthly 3-month

Treasury bill rate (tbl), and the term spread (tms) as the di�erence between

the monthly long-term yield on U.S. government bonds and the monthly

3-month Treasury bill rate.

As variables that are related to the overall economy, we use the growth

of industrial production (∆indpro) computed as the change in the logarithm

of the monthly industrial production, the growth of the money stock M1

(∆M1 ) as the change in the logarithm of the monthly money stock, the

monthly in�ation rate (infl) calculated as the simple return on the U.S.

consumer price index (CPI), and the monthly unemployment rate (unrate).6

4.3 Empirical Analysis

4.3.1 Summary Statistics

Before turning to our main analysis, it is instructive to look at the

summary statistics and correlation matrices of our variables. We classify the

commodities into three groups: agricultural, energy, and metal commodities.

Table 4.1 reports some (non-annualized) summary statistics of the

deseasonalized returns. We observe that the average monthly returns are

between 0.24 % for wool and 2.83 % for oranges, 0.28 % for coal and 1.72 %

6The monthly data of the dividends on the S&P 500 index, earnings on the S&P 500,
prices on the S&P 500, U.S. BAA- and AAA-rated corporate bond returns, U.S. BAA-
and AAA-rated corporate bond yields, long-term U.S. government bond returns, long-
term U.S. government bond yields, 1-month Treasury bill rate, and 3-month Treasury
bill rate are obtained from the extended data set provided by Goyal & Welch (2008).
The monthly data for industrial production, money supply M1, and unemployment rate
with tickers �INDPRO", �M1", and �UNRATE" are obtained from FRED. The monthly
U.S. consumer price index (ticker: �CPUSAM") and the monthly prices of the S&P 500
total return index (ticker: �_SPXTRD") are retrieved from the GFD.
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4.3. EMPIRICAL ANALYSIS

for natural gas, and 0.20 % for aluminium and 0.97 % for palladium in

the agricultural, energy, and metal sector, respectively. These numbers

are in line with former studies of, e.g., Gorton, Hayashi, & Rouwenhorst

(2012), although they analyze futures returns.7 Table 4.2 presents some

(non-annualized) summary statistics of the volatilities. They range from

2.97 % for milk to 13.60 % for oranges in the agricultural sector, 2.64 % for

coal to 10.12 % for natural gas in the energy sector, and 1.67 % for gold to

7.34 % for nickel in the metal sector. The high �rst-order autoregressive

coe�cients are noteworthy, indicating a higher persistence and thus a

potentially better predictability on the basis of their own current values,

compared to commodity returns.

Table C.1 of the Appendix to this chapter reports some (non-

annualized) summary statistics for the predictor variables. In particular,

the classical predictors de, dp, dy, and ep are characterized by high

monthly standard deviations between 31.58 % and 43.11 %, respectively.

Most predictors also exhibit high �rst-order autoregressive coe�cients,

indicating that they might be predictable themselves.

Tables C.2 to C.4 of the Appendix to this chapter report the

correlation matrices of the commodity returns and volatilties, and the

predictive variables. In Table C.2, we see that in the agricultural sector, the

related commodities soybeans, soybean oil, and soybean meal exhibit high

correlations between 0.43 and 0.82, indicating a similar information content.

Further, we notice that wheat, yellow corn, and soybean commodities

show notable correlations between 0.35 and 0.60, which might be due

to the fact that they serve as substitutes. Within the energy sector, we

observe co-movements across heating oil, unleaded regular gas, and WTI oil,

7The high average monthly return of oranges is explained through sharp changes in
the monthly price level over time.
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4.3. EMPIRICAL ANALYSIS

indicated by high correlations between 0.63 and 0.74.8 In the metal sector all

commodities exhibit moderate correlations. However, there is a high degree

of correlation between silver and gold (0.74), which is also consistent with

former studies.

In Table C.3 of the Appendix to this chapter, we observe similar

patterns for volatilities within the sectors. There are additional notable

correlations between tin and zinc volatility of 0.46, nickel and high grade

copper of 0.47, and soybean oil and corn oil of 0.48. In Table C.4 of the

Appendix to this chapter, we see high correlations between the interest

rate-related variables, namely, ltr and dfr of �0.46, lty and dfy of 0.51, and

tbl and lty of 0.89; also between unrate and tms of 0.56, and unrate and

dfy of 0.64. We also observe similar information content between the related

variables ep and dp, and dy, respectively, indicated by a correlation of 0.78.

Finally, dp and dy exhibit a correlation of 0.99.

4.3.2 Return Predictability

In-Sample Analysis To assess the in-sample predictability for commodity

excess returns, we follow the methodology of Rapach & Wohar (2006).

We estimate the following regression model of the k-month(s) ahead excess

return on a constant and the predictive variable:

ERt,t+k = αk + βkXt + εt,t+k, (4.5)

where ERt,t+k is the commodity excess return from month t to t + k, αk

and βk are the intercept and slope parameters of the respective forecast

horizon, respectively, and εt,t+k represents the regression error term over

the k month(s). Xt is the predictive variable observed at the end of month

t.

8Which is not surprising, because heating oil is derived from crude oil.
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY

Table 4.3 summarizes the results for each predictive variable, predicting

the next month's and the next year's excess return. Panel (A) reports

the results for the short-term predictability, whereas Panel (B) focuses

on the long-term predictability. Tables 4.4 and 4.5 provide more detailed

regression results. Based on the regression model, we examine whether

the expected commodity excess return is time-varying or constant. Under

the null hypothesis that the future commodity excess return cannot be

predicted usingXt, we would expect that the slope would not be signi�cantly

di�erent from zero, i.e., βk = 0. Thus, the expected commodity excess

return would simply be constant, and we would conclude that the best

estimate of the future expected excess return is simply its recursive mean.

Under the alternative hypothesis, we would expect to see that the slope

loading is statistically signi�cant, indicating evidence of predictability. We

use the bootstrapped distribution proposed by Rapach & Wohar (2006) to

obtain reliable statistical inferences. Thus, we avoid a small-sample bias

(Stambaugh, 1999) and serial correlation in the error terms (Richardson &

Stock, 1989).9

Analyzing the short-term predictability, Panel (A) of Table 4.3 reports

the percentage of commodities for which the variable under consideration

has predictive power. We �nd that ∆indpro and dfr are the most frequent

statistically signi�cant variables in the univariate regressions in-sample.

This is also supported by their t-statistics shown in Table 4.4. Other

frequently signi�cant predictors are erp, infl, ltr, tbl, and tms, con�rming

the previous results of, e.g., Bessembinder & Chan (1992) and Sadorsky

(2002). It is also worth analyzing the predictive power of each individual

variable. The in-sample R2s, presented in Table 4.4, reveal that ∆indpro in

9Under the null hypothesis of no predictability, we generate a pseudo sample and
compute the respective in- and out-of-sample statistics. For details, we refer to Rapach
& Wohar (2006). For the multiple variable regression case, we adjust the procedure
accordingly.
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4.3. EMPIRICAL ANALYSIS

Table 4.3: Summary Return and Volatility Predictability

This table reports a summary of the regression results of monthly excess returns on a

constant and the lagged predictive variable (Panel (A) and (B)), and the regression

results of monthly volatilities on a constant, the lagged volatility, and the lagged

predictive variable (Panel (C) and (D)). In Panel (A) and (B), we report the percentage

of signi�cant in-sample and out-of-sample R2s across the variables of predicting the

next month's and next year's excess return. In Panel (C) and (D), we report the

percentage of signi�cant in-sample F -statistics of the di�erence between the adjusted R2s

of the unrestricted and restricted model, and out-of-sample R2s across the variables of

predicting the next month's and next year's volatility. �de" denotes the dividend�payout

ratio, �∆indpro" the growth of industrial production, and �∆M1" the growth of money

supply M1. �dfr" is the default return spread as the di�erence between long-term U.S.

corporate bond returns and long-term U.S. government bond returns. �dfy" is the default

yield spread as the di�erence between U.S. BAA- and AAA-rated corporate bond yields.

�dp" is the dividend�price ratio, �dy" the dividend yield, �ep" the earnings�price ratio,

�erp" the market risk premium, �in�" the in�ation rate, �ltr" the long-term U.S.

government bond returns, �lty" the long-term U.S. government bond yields, �svar" the

stock variance, and �tbl" the 3-month Treasury bill rate. �tms" is the term spread as

the di�erence between the long-term yield on U.S. government bonds and the 3-month

Treasury bill rate. �unrate" is the unemployment rate. All data are sampled at the

monthly frequency.

Panel (A): Return Predictability (1 Month)

In-Sample Out-of-Sample

∆indpro 63.33 ∆indpro 23.33
dfr 46.67 erp 20.00
erp 43.33 dfr 16.67
infl 43.33 ∆M1 10.00
ltr 30.00 infl 10.00
tbl 30.00 ltr 6.67
tms 30.00 tms 3.33
∆M1 26.67 de 0.00
svar 20.00 dfy 0.00
lty 16.67 dp 0.00
dp 13.33 dy 0.00
ep 10.00 ep 0.00
dfy 6.67 lty 0.00
dy 6.67 svar 0.00
de 3.33 tbl 0.00
unrate 0.00 unrate 0.00

Panel (B): Return Predictability (12 Months)

In-Sample Out-of-Sample

tbl 90.00 tbl 70.00
lty 86.67 dfy 56.67
ep 83.33 lty 53.33
tms 80.00 tms 43.33
∆indpro 60.00 de 33.33
dy 56.67 dy 33.33
svar 56.67 dp 26.67
unrate 56.67 infl 26.67
dfy 53.33 ∆M1 23.33
dp 50.00 ep 23.33
infl 46.67 unrate 23.33
de 40.00 erp 20.00
erp 40.00 ∆indpro 16.67
dfr 33.33 dfr 3.33
∆M1 26.67 svar 3.33
ltr 16.67 ltr 0.00

Panel (C): Volatility Predictability (1 Month)

In-Sample Out-of-Sample

dp 60.00 dp 40.00
dy 56.67 dy 40.00
svar 56.67 infl 36.67
dfy 50.00 lty 36.67
unrate 50.00 dfy 30.00
ep 46.67 ep 30.00
lty 43.33 unrate 30.00
infl 40.00 de 20.00
de 36.67 ∆indpro 16.67
tbl 36.67 erp 16.67
tms 33.33 tbl 13.33
erp 23.33 ∆M1 6.67
∆M1 20.00 dfr 3.33
∆indpro 16.67 ltr 3.33
dfr 10.00 svar 3.33
ltr 10.00 tms 3.33

Panel (D): Volatility Predictability (12 Months)

In-Sample Out-of-Sample

∆indpro 46.67 ep 23.33
dfy 43.33 dfy 20.00
unrate 36.67 tms 20.00
de 33.33 dy 13.33
dp 33.33 unrate 13.33
dy 33.33 ∆indpro 10.00
ep 33.33 dp 10.00
svar 33.33 ltr 10.00
tms 33.33 tbl 10.00
tbl 3.33 de 6.67
∆M1 16.67 ∆M1 6.67
dfr 13.33 svar 6.67
erp 13.33 erp 3.33
ltr 13.33 infl 3.33
infl 10.00 dfr 0.00
lty 0.00 lty 0.00

147



CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY

T
a
b
le
4
.4
:
R
e
tu
rn

P
re
d
ic
ta
b
il
it
y
(1

M
o
n
th
)

T
h
is
ta
bl
e
re
po
rt
s
th
e
re
gr
es
si
o
n
re
su
lt
s
o
f
m
o
n
th
ly
ex
ce
ss

re
tu
rn
s
o
n
a
co
n
st
a
n
t
a
n
d
th
e
la
gg
ed

p
re
d
ic
ti
ve

va
ri
a
bl
e(
s)
.
W
e
p
re
d
ic
t
th
e

n
ex
t
m
o
n
th
's

ex
ce
ss

re
tu
rn
.
S
ta
ti
st
ic
a
l
in
fe
re
n
ce
s
a
re

ba
se
d
o
n
a
bo
o
ts
tr
a
p
pe
d
d
is
tr
ib
u
ti
o
n
.
�d
e"

d
en
o
te
s
th
e
d
iv
id
en
d
�
pa
yo
u
t
ra
ti
o
,

�∆
in
d
p
ro
"
th
e
gr
o
w
th

o
f
in
d
u
st
ri
a
l
p
ro
d
u
ct
io
n
,
a
n
d
�∆
M
1
"
th
e
gr
o
w
th

o
f
m
o
n
ey

su
p
p
ly

M
1
.
�d
fr
"
is

th
e
d
ef
a
u
lt
re
tu
rn

sp
re
a
d
a
s

th
e
d
i�
er
en
ce

be
tw
ee
n
lo
n
g-
te
rm

U
.S
.
co
rp
o
ra
te

bo
n
d
re
tu
rn
s
a
n
d
lo
n
g-
te
rm

U
.S
.
go
ve
rn
m
en
t
bo
n
d
re
tu
rn
s.
�d
fy
"
is
th
e
d
ef
a
u
lt
yi
el
d

sp
re
a
d
a
s
th
e
d
i�
er
en
ce

be
tw
ee
n
U
.S
.
B
A
A
-
a
n
d
A
A
A
-r
a
te
d
co
rp
o
ra
te

bo
n
d
yi
el
d
s.
�d
p
"
is
th
e
d
iv
id
en
d
�
p
ri
ce

ra
ti
o
,
�d
y"

th
e
d
iv
id
en
d

yi
el
d
,
�e
p
"
th
e
ea
rn
in
gs
�
p
ri
ce

ra
ti
o
,
�e
rp
"
th
e
m
a
rk
et

ri
sk

p
re
m
iu
m
,
�i
n
�
"
th
e
in
�
a
ti
o
n
ra
te
,
�l
tr
"
th
e
lo
n
g-
te
rm

U
.S
.
go
ve
rn
m
en
t

bo
n
d
re
tu
rn
s,
�l
ty
"
th
e
lo
n
g-
te
rm

U
.S
.
go
ve
rn
m
en
t
bo
n
d
yi
el
d
s,
�s
va
r"

th
e
st
oc
k
va
ri
a
n
ce
,
a
n
d
�t
bl
"
th
e
3
-m

o
n
th

T
re
a
su
ry

bi
ll
ra
te
.

�t
m
s"

is
th
e
te
rm

sp
re
a
d
a
s
th
e
d
i�
er
en
ce

be
tw
ee
n
th
e
lo
n
g-
te
rm

yi
el
d
o
n
U
.S
.
go
ve
rn
m
en
t
bo
n
d
s
a
n
d
th
e
3
-m

o
n
th

T
re
a
su
ry

bi
ll

ra
te
.
�u
n
ra
te
"
is
th
e
u
n
em

p
lo
ym

en
t
ra
te
.
�M

S
A
"
a
n
d
�M

F
C
"
d
en
o
te

th
e
m
od
el
se
le
ct
io
n
a
p
p
ro
a
ch

a
n
d
m
ea
n
fo
re
ca
st

co
m
bi
n
a
ti
o
n
.

R
2
a
n
d
R

2 o
o
s
a
re

th
e
in
-s
a
m
p
le
a
n
d
o
u
t-
o
f-
sa
m
p
le
R

2
,
re
sp
ec
ti
ve
ly
.
W
e
re
po
rt

th
e
t-
st
a
ti
st
ic
s
in

pa
re
n
th
es
es
.
∗ ,

∗∗
,
∗∗

∗
in
d
ic
a
te

th
e

si
gn
i�
ca
n
ce

a
t
th
e
1
0
%
,
5
%
,
a
n
d
1
%

si
gn
i�
ca
n
ce

le
ve
ls
,
re
sp
ec
ti
ve
ly
.
W
e
sp
li
t
th
e
co
m
m
od
it
ie
s
in
to

th
e
a
gr
ic
u
lt
u
ra
l,
en
er
gy
,
a
n
d

m
et
a
l
se
ct
o
r.
A
ll
d
a
ta

a
re

sa
m
p
le
d
a
t
th
e
m
o
n
th
ly

fr
eq
u
en
cy
.

C
om

m
od
it
y

S
ta
ti
st
ic

d
e

∆
in
d
p
ro

∆
M

1
df
r

df
y

d
p

d
y

ep
er
p

in
f
l

lt
r

lt
y

sv
a
r

tb
l

tm
s

u
n
ra
te

M
S
A

M
F
C

B
u
tt
er

R
2

0
.1
0

0
.3
3
*
*

1
.2
8
*
*
*

0
.0
0

0
.1
1

0
.1
9

0
.1
2

0
.0
5

0
.6
7
*
*
*

0
.0
4

0
.0
0

0
.1
1

0
.2
0

0
.2
0

0
.1
1

0
.0
0

R
2 o
o
s

-1
.4
3

-0
.6
8

0
.5
2
*
*
*

-0
.6
7

-1
.5
2

-2
.0
1

-1
.9
9

-1
.7
3

-0
.5
5

-0
.5
3

-1
.8
7

-2
.1
8

-0
.9
3

-1
.8
1

-1
.1
7

-1
.6
2

-1
6
.6
5

-0
.5
1

t
−
st
a
t

(-
1
.2
4
)

(1
.9
6
)

(-
3
.2
7
)

(0
.0
8
)

(-
1
.1
3
)

(-
1
.6
8
)

(-
1
.3
3
)

(-
0
.8
5
)

(3
.1
9
)

(0
.7
8
)

(-
0
.0
0
)

(-
1
.1
3
)

(-
1
.7
5
)

(-
1
.5
1
)

(1
.1
3
)

(0
.0
9
)

C
oc
oa

R
2

0
.0
1

0
.8
8
*
*
*

0
.0
9

0
.0
0

0
.1
1

0
.0
4

0
.0
2

0
.1
0

0
.2
2
*
*

0
.0
8

0
.0
5

0
.3
1
*

0
.0
1

0
.5
7
*
*
*

0
.3
2
*

0
.0
0

R
2 o
o
s

-1
.8
9

-0
.6
5

-1
.4
7

-0
.2
7
*

-1
.9
3

-1
.7
4

-1
.8
0

-2
.5
8

-1
.0
0

-1
.2
3

-0
.8
5

-1
.3
7

-1
0
.1
6

-1
.9
0

-1
.0
2

-1
.5
0

-1
8
.0
9

-7
.2
4
*

t
−
st
a
t

(0
.4
6
)

(3
.2
0
)

(-
0
.8
7
)

(-
0
.0
2
)

(-
1
.1
1
)

(-
0
.8
3
)

(-
0
.6
5
)

(-
1
.3
5
)

(1
.9
7
)

(1
.1
5
)

(0
.7
6
)

(-
1
.8
9
)

(-
0
.4
5
)

(-
2
.5
6
)

(1
.9
3
)

(0
.1
1
)

C
of
f
ee

R
2

0
.0
7

0
.5
6
*
*

0
.0
1

0
.3
4

0
.0
0

0
.0
0

0
.0
0

0
.0
5

0
.0
0

0
.1
2

0
.1
3

0
.0
1

0
.0
0

0
.4
3

1
.5
2
*
*
*

0
.3
8

A
ra
bi
ca

R
2 o
o
s

-1
.7
7

-0
.6
0

-2
.2
0

-0
.3
0

-1
.6
5

-2
.3
2

-2
.4
3

-2
.7
5

-0
.8
1

-1
.2
3

-1
.0
5

-1
.7
6

-6
.8
7

-1
.0
9

0
.8
5
*
*
*

-0
.7
6
*

-1
4
.1
4
*
*

0
.4
6
*

t
−
st
a
t

(0
.6
8
)

(1
.9
4
)

(0
.2
3
)

(1
.5
1
)

(0
.0
0
)

(-
0
.0
9
)

(-
0
.1
1
)

(-
0
.5
8
)

(-
0
.0
2
)

(0
.8
8
)

(-
0
.9
3
)

(-
0
.2
5
)

(0
.0
5
)

(-
1
.7
1
)

(3
.2
1
)

(1
.5
9
)

C
or
n

R
2

0
.0
9

0
.6
8
*
*
*

0
.0
0

0
.3
0
*

0
.0
1

0.
0
0

0
.0
3

0
.0
6

2
.0
9
*
*
*

0
.0
9

0
.2
4

0
.1
1

0
.0
0

0
.1
4

0
.0
3

0
.0
2

O
il

R
2 o
o
s

-3
.0
4

-1
.3
4

-0
.8
2

-0
.2
4
*
*

-2
.2
9

-1
.6
9

-1
.4
2

-2
.4
6

-2
.3
7

-0
.4
2
*

-1
.4
7

-2
.2
3

-6
.3
5

-3
.1
7

-3
.1
8

-2
.7
8

-1
7
.4
8

-1
.9
8

t
−
st
a
t

(0
.9
9
)

(2
.7
3
)

(-
0
.0
0
)

(1
.8
0
)

(0
.3
4
)

(-
0
.0
2
)

(0
.5
4
)

(-
0
.8
0
)

(4
.8
3
)

(1
.0
1
)

(-
1
.6
1
)

(-
1
.1
0
)

(0
.1
0
)

(-
1
.2
3
)

(0
.5
6
)

(0
.4
1
)

C
ot
to
n

R
2

0
.0
0

0
.4
8
*
*

0
.1
8

0
.0
2

0
.2
3

0
.0
0

0
.0
1

0
.0
0

1
.5
8
*
*
*

0
.7
0
*
*
*

0
.0
5

0
.1
9

0
.0
1

0
.4
7
*
*

0
.4
7
*
*

0
.1
6

R
2 o
o
s

-2
.5
7

-0
.9
7

-1
.2
6

-2
.0
8

-1
.7
9

-2
.0
0

-1
.7
5

-2
.6
8

0
.3
6
*
*
*

-0
.4
0
*
*

-1
.5
8

-0
.7
4
*
*

-2
.4
2

-1
.2
3

-1
.8
9

-1
.1
3

-1
7
.8
1

-0
.6
3
*
*

t
−
st
a
t

(-
0
.1
5
)

(2
.3
5
)

(-
1
.2
1
)

(-
0
.4
8
)

(1
.6
3
)

(-
0
.1
0
)

(0
.4
2
)

(0
.0
1
)

(5
.2
8
)

(3
.4
6
)

(0
.7
3
)

(-
1
.4
8
)

(0
.3
5
)

(-
2
.3
3
)

(2
.3
2
)

(1
.1
3
)

L
iv
e

R
2

0
.0
2

1
.8
6
*
*
*

0
.0
6

0
.3
2
*

0
.0
6

0.
0
1

0
.0
0

0
.0
0

0
.3
9
*
*
*

0
.2
9
*
*

0
.1
4

0
.3
7
*
*

0
.0
7

0
.7
4
*
*
*

0
.5
1
*
*

0
.1
8

C
a
tt
le

R
2 o
o
s

-2
.0
5

-0
.0
8
*
*

-0
.7
4

-0
.2
5
*

-1
.9
1

-1
.8
7

-2
.0
1

-2
.4
3

-0
.5
9

-0
.3
2
*
*

-1
.3
9

-1
.8
9

-4
.6
8

-2
.3
9

-1
.6
2

-1
.4
7

-1
6
.2
1

-0
.3
9
*
*

t
−
st
a
t

(-
0
.5
3
)

(4
.6
9
)

(0
.7
0
)

(1
.8
6
)

(-
0
.8
4
)

(-
0
.4
3
)

(-
0
.1
9
)

(-
0
.0
5
)

(2
.6
2
)

(2
.2
1
)

(-
1
.2
1
)

(-
2
.0
6
)

(-
1
.0
4
)

(-
2
.9
3
)

(2
.4
1
)

(1
.2
2
)

L
ea
n

R
2

0
.0
7

0
.0
1

0
.0
0

0
.0
2

0
.0
1

0
.0
5

0
.0
4

0
.0
0

0
.0
3

0
.0
5

0
.0
3

0
.0
6

0
.0
1

0
.1
7

0
.1
7

0
.0
4

H
og

R
2 o
o
s

-1
.5
1

-1
.0
1

-1
.0
5

-0
.5
6

-2
.5
8

-1
.9
9

-1
.7
9

-2
.3
6

-1
.5
2

-0
.1
5
*
*
*

-0
.6
9

-2
.9
9

-1
.9
4

-1
.8
0

-1
.3
8

-1
.2
6

-1
6
.4
0

-1
.9
7

t
−
st
a
t

(-
1
.1
1
)

(-
0
.3
1
)

(-
0
.0
6
)

(0
.5
1
)

(0
.3
6
)

(-
0
.9
0
)

(-
0
.8
3
)

(-
0
.1
0
)

(0
.7
6
)

(0
.9
3
)

(-
0
.5
4
)

(-
0
.8
6
)

(-
0
.4
4
)

(-
1
.3
9
)

(1
.3
9
)

(-
0
.5
7
)

M
il
k

R
2

0
.1
1

1
.1
6
*
*
*

1
.1
1
*
*
*

0
.3
4
*
*

0
.3
8
*
*

0
.0
0

0
.0
0

0
.0
6

0
.1
3

1
.3
2
*
*
*

0
.7
1
*
*
*

0
.2
3

0
.3
4
*
*

0
.1
9

0
.0
0

0
.0
1

R
2 o
o
s

-1
.1
9

0
.8
8
*
*
*

0
.1
9
*
*

-0
.8
1

-0
.5
2
*
*

-1
.6
0

-1
.9
7

-1
.9
8

-0
.8
2

1
.3
6
*
*
*

-0
.1
1
*
*

-1
.6
0

-5
.6
5

-1
.9
3

-1
.8
1

-1
.4
5

-9
.8
6
*
*

-1
.0
2
*
*

t
−
st
a
t

(-
1
.2
8
)

(3
.6
9
)

(-
3
.0
4
)

(1
.9
2
)

(-
2
.1
0
)

(-
0
.0
7
)

(0
.0
5
)

(0
.9
6
)

(1
.3
9
)

(4
.4
9
)

(-
2
.7
8
)

(-
1
.6
2
)

(-
2
.2
7
)

(-
1
.4
6
)

(-
0
.0
6
)

(0
.2
6
)

O
ra
n
g
es

R
2

0
.0
4

0
.0
1

0
.0
0

0
.0
1

0
.2
8
*

0
.3
1
*

0
.3
4
*
*

0
.2
1

0
.0
4

0
.0
2

0
.0
6

0
.0
8

0
.1
5

0
.0
9

0
.0
1

0
.0
9

R
2 o
o
s

-2
.0
2

-0
.9
3

-1
.0
2

-1
.7
0

-0
.9
2

-1
.6
6

-2
.0
1

-1
.1
4

-1
.6
9

-1
.3
8

-0
.6
6

-1
.6
8

-2
.2
2

-1
.7
1

-1
.4
4

-1
.7
2

-1
2
.8
2

-0
.3
4

t
−
st
a
t

(-
0
.7
2
)

(0
.3
7
)

(-
0
.1
7
)

(0
.3
3
)

(-
1
.8
0
)

(-
1
.9
5
)

(-
2
.0
5
)

(-
1
.6
0
)

(-
0
.7
0
)

(0
.5
1
)

(-
0
.8
2
)

(-
0
.9
4
)

(-
1
.3
7
)

(-
1
.0
0
)

(0
.3
4
)

(-
0
.8
4
)

S
oy
be
a
n

R
2

0
.0
1

2
.1
8
*
*
*

0
.0
1

0
.0
2

0
.0
3

0
.0
1

0
.0
0

0
.0
3

0
.3
4
*
*

0
.6
4
*
*
*

0
.0
0

0
.0
8

0
.0
1

0
.2
0

0
.2
1

0
.0
1

O
il

R
2 o
o
s

-3
.2
0

0
.5
9
*
*
*

-1
.5
7

-1
.8
6

-2
.3
0

-2
.0
5

-1
.7
8

-3
.0
9

-0
.2
2
*
*

-1
.1
5

-0
.3
8

-2
.0
3

-4
.8
1

-1
.9
4

-2
.6
1

-3
.0
6

-1
9
.1
6
*

-0
.2
0
*
*

t
−
st
a
t

(0
.2
5
)

(5
.0
8
)

(0
.3
4
)

(0
.4
6
)

(-
0
.5
4
)

(-
0
.3
8
)

(-
0
.1
8
)

(-
0
.6
1
)

(2
.0
8
)

(2
.8
4
)

(-
0
.1
9
)

(-
0
.9
4
)

(-
0
.3
3
)

(-
1
.5
2
)

(1
.5
5
)

(0
.3
5
)

S
oy
be
a
n
s

R
2

0
.0
1

1
.5
7
*
*
*

0
.0
5

0
.0
0

0
.0
0

0
.0
4

0
.0
1

0
.0
9

0
.7
5
*
*
*

0
.0
3

0
.0
1

0
.1
7

0
.0
1

0
.4
2
*
*

0
.3
9
*
*

0
.0
6

R
2 o
o
s

-3
.1
6

0
.2
1
*
*
*

-1
.0
2

-1
.1
1

-1
.5
9

-1
.2
1

-1
.4
1

-2
.9
3

0
.9
9
*
*
*

-1
.4
0

-1
.1
1

-1
.4
0

-2
.7
9

-1
.6
6

-0
.8
4

-1
.7
3

-1
6
.7
5

-0
.8
8

t
−
st
a
t

(0
.3
7
)

(4
.3
0
)

(0
.6
3
)

(-
0
.0
0
)

(-
0
.1
5
)

(-
0.
6
8
)

(-
0
.3
7
)

(-
1
.0
4
)

(3
.0
5
)

(0
.5
6
)

(-
0
.3
4
)

(-
1
.4
2
)

(0
.2
5
)

(-
2
.1
9
)

(2
.1
2
)

(0
.7
2
)

S
oy
be
a
n

R
2

0
.0
2

0
.3
2
*

0
.2
2

0
.0
1

0
.0
1

0
.0
4

0
.0
1

0
.1
1

0
.4
8
*
*

0
.0
9

0
.0
1

0
.1
4

0
.0
3

0
.2
6

0
.1
9

0
.0
5

M
ea
l

R
2 o
o
s

-3
.5
6

-1
.3
2

-0
.9
2

-1
.0
6

-1
.1
2

-1
.9
1

-1
.9
0

-3
.7
9

-0
.5
8

-1
.2
9

-0
.8
5

-1
.8
9

-2
.3
3

-1
.4
0

-0
.7
5

-1
.3
1

-1
6
.7
7

-2
.4
1

t
−
st
a
t

(0
.4
4
)

(1
.8
1
)

(1
.3
4
)

(-
0
.2
8
)

(0
.2
9
)

(-
0
.6
3
)

(-
0
.3
9
)

(-
1
.0
5
)

(2
.2
4
)

(-
0
.9
7
)

(-
0
.3
5
)

(-
1
.2
1
)

(0
.5
4
)

(-
1
.6
4
)

(1
.3
8
)

(0
.6
6
)

148



4.3. EMPIRICAL ANALYSIS
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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the case of wool has the highest predictive power for future excess returns

(R2 = 3.04 %).

The results analyzing the long-term predictability of excess returns

are shown in Panel (B) of Table 4.3. We ascertain that tbl and lty are the

most frequent statistically signi�cant variables in the univariate regressions,

documented by their large t-statistics, shown in Table 4.5, among others, of

�11.15 and �8.24 for, e.g., live cattle. The degree of predictability for ep, tms,

and ∆indpro is also noteworthy. We note that tbl has the highest predictive

power in the univariate regressions in the case of live cattle (R2 = 9.86 %).

Overall, our �ndings are consistent with the literature. Fama & French

(1989) show that tms is related to shorter-term business cycles, whereas

dfy and dy more to long-term cycles. Chen (1991) documents that ∆indpro

and short-term interest yields are positively correlated to expected returns.10

The relative high correlation between lty and tbl support the �ndings and

indicate a similar variation. The results also suggest that bond returns,

speci�cally dfr and ltr, are less suitable for predicting commodity excess

returns.

To summarize, in the long-term we �nd a substantial increase in

the frequency of signi�cant predictions by the individual variables. Some

variables predict (in-sample) excess returns better in the short-term

(∆indpro), and others better in the long-term (lty). Further, there are

variables that predict excess returns well in the short- and in the long-term

(tbl).

Out-of-Sample Results We analyze the out-of-sample results in the spirit

of Goyal & Welch (2008). To obtain the �rst out-of-sample forecast, we

10In detail, Chen (1991) shows that lagged industrial production, the default yield
spread, the term spread, short-term interest yields, and the dividend yield are related
to future economic growth. Simultaneously, he shows that the market excess return is
positively correlated with future economic conditions.
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4.3. EMPIRICAL ANALYSIS

estimate the forecasting model presented in Equation (4.5) using an initial

estimation window of 10 years. We then generate the �rst excess return

forecast by using the parameter estimates and the most recent observation

of the predictive variable in the estimation period. For the following month,

we roll the estimation period by one observation month and re-estimate

the forecasting model. With the new parameter estimates, we forecast the

commodity excess return for the next month. The out-of-sample analysis is

based on a rolling window to capture the potential time-varying relationship.

To address the average length of a common business cycle, we follow

Çakmakl� & van Dijk (2016) and use a 10-year rolling window.11

To be able to compare the out-of-sample performance of di�erent

models, we use the out-of-sample R2 (R2
oos), proposed by Campbell &

Thompson (2008), which is given as follows:

R2
oos = 1− MSEu

MSEr

, (4.6)

where MSEu and MSEr are the mean squared errors of the unrestricted

and restricted model, respectively. The unrestricted model is presented in

Equation (4.5), whereas in the restricted model we assume that βk = 0 by

imposing the null hypothesis that excess returns are unpredictable. Thus,

based on the R2
oos we answer the question: How large is the additional

predictive power using the variable Xt in excess of the predictive power

by using the historical mean? An increasing predictive power is associated

with a positive R2
oos. A variable is considered to have predictive power if it

exhibits a positive and signi�cant R2
oos, thus, displaying an overall superior

performance of the predictive variable.

To be able to make a statement whether the improvement is statistically

11We analyze the time series for structural breaks and our �ndings suggest the use of
a rolling window.
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signi�cant, we compute the MSE − F statistic of McCracken (2007):

MSE − F = (N − k + 1)×
(
MSEr −MSEu

MSEu

)
, (4.7)

where N denotes the number of out-of-sample forecasts, and k the degree

of overlapping observations.12 All other variables are as previously de�ned.

The null hypothesis is that the restricted model performs at most as well as

the unrestricted model, i.e., MSEr ≤MSEu. Thus, the alternative is that

the unrestricted model provides smaller forecast errors than the restricted

model.

We �rst analyze the short-term predictability. The results are summari-

zed in Panel (A) of Table 4.3. We observe that the variables performing best

in-sample also perform best out-of-sample. In particular, ∆indpro is the best

performing variable, being signi�cant for 23.33 % of the cases and showing

the highest predictive power in the case of natural gas (R2
oos = 2.34 %),

documented in Table 4.4.

We now analyze the long-term predictability, given in Panel (B) of

Table 4.3. We observe similar patterns as in-sample. Interest rate-related

variables, especially tbl, dfy, lty, and tms are the most frequently signi�cant

predictive variables with a frequency up to 70 %. dfy exhibits the highest

predictive power in the univariate regressions in the case of gold (R2
oos =

13.98 %), shown in Table 4.5.

Overall, similar to the in-sample analysis, in the long-term we �nd

a substantial increase in the frequency of signi�cant predictions by the

variables. ∆indpro, dfr, and erp perform best in the short-term, whereas

interest rate-related variables, speci�cally, tbl, dfy, lty, and tms, do best

in the long-term. In total, our results are consistent with the literature.

We detect a moderate short-term predictability, while the degree of

predictability is stronger for longer horizons.
12Analogously to Equation (4.5), k equals 1 (12) in the case of predicting the next

month's (next year's) excess return.
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4.3. EMPIRICAL ANALYSIS

4.3.3 Volatility Predictability

We now turn our attention to the predictability of commodity

volatilities. In particular, we ask the question: Can any of the forecasting

variables considered for returns be used to predict the next month's and the

next year's volatility, respectively?

In-Sample Analysis Using all the sample information, we estimate the

following regression model:

σt,t+k = ξk + γkXt + δkσt + ut,t+k, (4.8)

where σt,t+k is the monthly (average) volatility from month t to t+k. ξk, γk,

and δk are the intercept and slope parameters, respectively. Xt represents

the forecasting variable observed at the end of month t. Finally, ut,t+k is the

regression error term over the k month(s). To account for the persistence

in volatility, we include the lagged volatility, σt, as an additional predictive

variable. Accordingly, we use a �tted AR(1) process as naive benchmark to

address this property.13

Table 4.3 summarizes the results for each predictive variable, predicting

the next month's and the next year's volatility. Tables 4.6 and 4.7 provide

more detailed regression results. In doing so, we now present the in-sample

R2 improvement (∆R2) of the unrestricted model rather than the individual

R2.14 We start again by analyzing the short-term predictability, shown

in Panel (C) of Table 4.3. The results reveal that all variables have
13The strong persistence of commodity volatilities is indicated by their high AR(1)

coe�cients, shown in Table 4.2, in comparison to commodity returns that show
substantial lower AR(1) coe�cients (see Table 4.1). Thus, the best predictor for future
volatility is mainly its current value. Accordingly, a �tted AR(1) process represents the
natural naive benchmark rather than the historical volatility.

14In more detail, we compute ∆R2 as the di�erence between the partial in-sample R2s,
i.e., as the di�erence between the adjusted R2 of the unrestricted and restricted model.
Using the corresponding sum of squared residuals, we compute an F -test to determine
the signi�cance based on a bootstrapped distribution.
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY

predictive power for future volatilities. In particular, dp, dy, and svar

provide evidence for predictability in the univariate regressions by their

statistically signi�cant t-statistics of 6.24 and 5.09 in the case of live cattle,

and 4.29 for the commodity tin, respectively, shown in Table 4.6. Other

frequently signi�cant predictive variables are dfy, unrate, ep, and lty.

Next, we analyze the long-term predictability of volatilities; here,

the results are presented in Panel (D) of Table 4.3. We observe that

all variables exhibit predictive power for future volatilities, except lty.

Especially, frequent statistically signi�cant variables are ∆indpro and dfy,

indicated by t-statistics of �3.78 for lean hog and �5.17 for unleaded regular

gas, respectively, and are associated with ∆R2s of 0.03 % and 0.15 %,

documented in Table 4.7. Other frequently signi�cant variables are unrate,

de, and dp.

Overall, we �nd similar patterns for the predictive variables in both

the short- and the long-term. However, we do not �nd an increase in the

frequency of signi�cant predictions by the variables in the long-term. These

results are interesting for several reasons. First and possibly most surprising,

they indicate that there is predictability of volatility beyond its own lag,

although volatility is known to be strongly persistent. Second, the �ndings

reveal that many variables that predict commodity returns also predict

commodity volatilities. These are, among others, ∆indpro, svar, dfy, and

tms. These results have an important implication for investigating the

predictive power of variables. It is advisable to examine whether variables

predict not only excess returns but also volatilities.

Out-of-Sample Results We perform our out-of-sample volatility prediction

analysis in a similar way as for returns. In doing so, �rst, we use the �rst

10 years of observations to initially estimate the model parameters (see

Equation (4.8)). We then predict the next month. We roll the training
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4.4. TIME-VARIATION IN PREDICTABILITY

window by one observation month and repeat all steps. Also here, we

account for the possibility of structural breaks and use a 10-year rolling

window. This procedure is analog to the return predictability analysis,

however, we forecast volatility rather than the excess return.

Analyzing the short-term predictability, Panel (C) of Table 4.3 shows

that variables performing best in-sample also perform best out-of-sample.

Speci�cally, dp, dy, infl, lty, and dfy perform best with a frequency up

to 40.00 %. Further, lty has the highest predictive power in the univariate

regressions in the case of gold (R2
oos = 6.16 %), shown in Table 4.6.

Analyzing the long-term predictability, Panel (D) of Table 4.3

documents similar results as in-sample. In particular ep, dfy, tms, dy, and

unrate are the most frequently statistically signi�cant variables predicting

future volatilities with a frequency up to 23.33 %. Further, tms has the

highest predictive power in the univariate regressions in the case of natural

gas (R2
oos = 5.56 %), documented in Table 4.7.

Overall, we �nd a similar fraction of signi�cant predictions by variables

in both the short- and long-term. It seems that, despite the high degree

of persistence, commodity volatilities are, to some extent, signi�cantly

predictable out-of-sample.

4.4 Time-Variation in Predictability

To further analyze the e�ects of important changes in commodity

markets on the predictability of commodity excess returns and volatilities,

we examine the variation of predictability around speci�c events on the basis

of a kitchen sink approach.15 In particular, we ask the question: Does the

15We run a multiple regression in which we include all predictive variables. dy, ep,
and tbl have been excluded due to high correlations and multicollinearity. In the case of
volatility predictability, we again include lagged volatility as a further predictive variable,
and we present the ∆R2s.
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY

introduction of derivatives trading systematically a�ect the predictability

of commodity returns and volatilities?

We use data from the Commodity Research Bureau (CRB) to

determine the time points of introduction of commodity futures and options,

respectively. Moreover, we follow Guidolin & Tam (2013) and additionally

use the beginning of the global �nancial crisis in 2007 as a further break

point. Following the de�nition of U.S. business cycle stages from the

National Bureau of Economic Research (NBER), we use December 2007

as starting point for the global �nancial crisis.

Tables 4.8 to 4.11 report the (in-sample) adjusted R2s and ∆R2s,

respectively, for di�erent horizons computed on the basis of 10 years of

observations before and after the break point. To be able to compare

the adjusted R2s (∆R2s), we compute them using 10 years of data (120

observations) before and after the respective event. In the case of the global

�nancial crisis, we use 97 observations due to limited data availability after

the event.16 Panel (A) shows the results with respect to the introduction

of derivatives trading, whereas Panel (B) shows them with respect to the

beginning of the global �nancial crisis. Lettau & Van Nieuwerburgh (2008)

and Pettenuzzo & Timmermann (2011) analyze the relationship between

break points and predictability, and argue that break points are associated

with an increase in investment risk due to model instability. Thus, we expect

a decrease in the return and volatility predictability after the break points.

4.4.1 Time-Variation in Return Predictability

We start by assessing the time-variation in return predictability. Prior

to and after the introduction of futures and options trading, respectively,

16In the case of futures and options, we impose the restriction that at least 10 years of
observations must be available to compute the adjusted R2s. Missing values in the table
are due to a lack of data availability.
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4.4. TIME-VARIATION IN PREDICTABILITY

only few commodity excess returns are signi�cantly predictable in the short-

term, documented in Panel (A) of Table 4.8. The highest predictability

is observable in the case of WTI oil (adjusted R2 = 19.20 %) and high

grade copper (adjusted R2 = 16.80 %) prior to the introduction of futures

and options, respectively. However, in Panel (B) we observe that, since the

global �nancial crisis, there is a substantial increase in the predictability, in

particular in the case of energy commodities. The adjusted R2s range from

10.68 % for nickel to 37.10 % for natural gas.

Panel (A) of Table 4.9 reports the results for the long-term and

indicates an extensive signi�cant predictability prior to and after the

introduction of futures and options trading, respectively. In accordance with

our expectation, we �nd a higher predictability prior to the break points,

indicated by adjusted R2s ranging from 11.02 % for platinum to 68.36 % for

gold, and 7.31 % for platinum to 68.27 % for gold in the case of futures and

options, respectively. In the case of the global �nancial crisis, documented

in Panel (B), all commodities show signi�cant predictability before and

after the break point. We detect similar patterns as before, displaying a

stronger predictability after the break point, indicated by adjusted R2s

between 28.23 % for butter and 86.49 % for platinum.

Overall, the results provide evidence in favor of our expectation in

the case of futures and options trading, respectively. The introduction of

derivatives trading seems to be associated with a reduction in commodity

return predictability. The global �nancial crisis represents an exception

by showing stronger predictability after December 2007. Speci�cally here,

energy commodities signal a substantial increase in the predictability.
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4.4.2 Time-Variation in Volatility Predictability

We now turn our focus to the analysis of the time-variation in volatility

predictability. In Table 4.10, we �nd a similar extent of signi�cant short-

term volatility predictability, compared to return predictability, prior to and

after the break points. Gold exhibits the highest adjusted ∆R2s of 18.17 %

prior to the break point in the case of futures, whereas live cattle with

12.29 % prior to the break point in the case of options. We notice that

energy commodities show a substantial increase in the predictability since

the global �nancial crisis, indicated by adjusted ∆R2s ranging from 14.78 %

for unleaded regular gas to 28.32 % for coal. Table 4.11 documents similar

results for the volatility predictability in the long-term, which is consistent

with our previous �ndings.

Overall, the results re�ect a signi�cant volatility predictability prior

to and after the breaks points, in contrast to our expectation. It seems

that the introduction of derivatives trading is associated with a general

increase in volatility predictability. Further, the entire results con�rm our

previous �ndings. There is short-term predictability, while the degree of

predictability is similar even for longer horizons. Moreover, when analyzing

the predictability of commodities it is advisable not only to examine the

return predictability but also the volatility predictability.

4.5 Predictability and Business Cycle Stages

In this section, we analyze the return predictability over business

cycle stages. We not only consider the return predictability but also the

volatility predictability. Following Cujean & Hasler (2017), we examine

expansions and recessions, and additionally we di�erentiate between early

and late expansions and recessions, respectively. To determine expansions
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4.5. PREDICTABILITY AND BUSINESS CYCLE STAGES

and recessions, we follow the classi�cation of the NBER for U.S. business

cycle stages. To di�erentiate between early and late stages, we split up

expansions and recessions into two equally large parts.17

4.5.1 Return Predictability

We start by analyzing the return predictability. Table 4.12 summarizes

the (in-sample) results of the long-term predictability for expansions and

recessions, respectively. Further, Tables C.5 to C.8 of the Appendix to this

chapter report the in-sample and out-of-sample regression results for each

business cycle stage, di�erentiated between early and late expansions and

recessions, respectively.18

We observe that interest rate-related variables, especially lty and tbl,

are the most frequent signi�cant variables predicting excess returns in

expansions, con�rming our previous results. Here, lty shows the highest

predictive power in the univariate regressions for unleaded regular gas

(R2 = 15.88 %). Further, equity related predictors, i.e., de, dp, dy, and

ep, display an extensive degree of signi�cant predictions in expansions and

recessions. The �ndings support the fact that, in particular, tms, dfy, and dy

are closely related to business cycle stages (e.g., Fama & French, 1989; Chen,

1991; Cochrane, 1999). Moreover, unrate exhibits a superior performance

in expansions.

Overall, in contrast to the literature, our �ndings provide evidence in

favor of similar return predictability in expansions and recessions. In total,

the results are consistent with our previous �ndings.

17To obtain meaningful results, we impose the following conditions: We report the
out-of-sample results when there are at least 30 out-of-sample observations available.
Further, at least 10 years of in-sample observations must be available.

18We report the out-of-sample results in analogy to our main results, although we
know that this is not a "real" out-of-sample analysis, because the business cycle stages
have been determined ex post.
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY

4.5.2 Volatility Predictability

We now turn our attention to the volatility predictability over business

cycle stages. Analogously, Table 4.13 summarizes the (in-sample) results for

expansions and recessions, respectively. Tables C.9 to C.12 of the Appendix

to this chapter report the more detailed in-sample and out-of-sample

regression results.

The results reveal a weaker degree of predictability across business cycle

stages compared to the return predictability. However, the �ndings clearly

show that ∆indpro, dp, dy, ep, and ltr are the most frequent signi�cant

variables predicting commodity volatilities in recessions. In contrast, tms

exhibits a superior performance in expansions.

Overall, the results are consistent with our previous �ndings. First, they

verify that there is predictability of volatilities across business cycle stages,

despite the high degree of persistence. Second, they provide evidence that

most variables predict not only excess returns but also volatilities.

4.6 Further Analyses

4.6.1 Restricted Predictability

Campbell & Thompson (2008) suggest imposing two economically

motivated sign restrictions to improve the out-of-sample predictability of the

equity premium. Following them, whenever the sign of the slope estimate in

the out-of-sample analysis di�ers from that of the in-sample analysis, we set

the estimate equal to zero.19 Before discussing our �ndings, it is worthwhile
19We do not implement the second restriction, because in commodity markets it is

not obvious why an investor should exclude negative forecasts of the commodity excess
return and commodity volatility, respectively. We analyze individual assets rather than
the entire market, thus, it is obvious that commodity excess returns and volatilities do
not represent the long-run average of the market.
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4.6. FURTHER ANALYSES

to accentuate that the constraint is not implementable in real-time due to a

look-ahead bias. To implement that strategy would require that an investor

has information about future risk premia and volatilities, respectively, thus,

knowing the in-sample slope estimate.

Panel (A) of Table 4.14 summarizes the results for each variable

predicting the next month's and the next year's excess return.20 In the

short-term, we observe a slight increase in the frequency of signi�cant

predictions across the commodities, especially for ∆indpro, dfr, erp, svar,

and tbl. In the case of the long-term predictability, there is a substantial

increase in the frequency, e.g., in the case of ∆indpro from 16.67 % to

40.00 %. Further predictors are ltr, dfr, and svar. Moreover, the improved

performance is also associated with an increase in the predictive power,

shown in Table C.13 of the Appendix to this chapter. However, we

detect that other variables show an inferior performance by imposing the

restriction, indicated by extreme negative R2
ooss.

Panel (B) of Table 4.14 documents the results for each variable

predicting the next month's and the next year's volatility.21 We observe

similar results as before. ∆M1, erp, ∆indpro, svar, ltr, dfr, and tms display

an increase in the frequency of signi�cant predictions in the short-term,

whereas ∆M1, ∆indpro, ltr, infl, and dfr do so in the long-term.

Overall, the results provide evidence in favor for an improvement of the

out-of-sample predictability for several variables. In particular, ∆indpro,

dfr, and svar bene�t from imposing the sign restriction in the case of

return predictability, whereas ∆M1, ∆indpro, and ltr do so in the case of

volatility predictability. The �ndings also document a substantial worsening

for some variables by imposing the restriction. Thus, we conclude it is

necessary to di�erentiate between variables as to whether the imposition

20Table C.13 of the Appendix to this chapter provides more detailed regression results.
21Table C.14 of the Appendix to this chapter provides more detailed regression results.
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EVIDENCE FROM MORE THAN A CENTURY

of the restriction is worthwhile.

Table 4.14: Summary Restricted Predictability

This table reports a summary of the out-of-sample results after imposing an economically

motivated sign restriction. Panel (A) shows the percentage of signi�cant R2
ooss across

the variables predicting the next month's and the next year's excess return. Panel (B)

shows the percentage of signi�cant R2
ooss across the variables predicting the next month's

and the next year's volatility. Following Campbell & Thompson (2008), we impose the

restriction that we set the out-of-sample slope estimate equal to zero whenever it is

di�erent to that of the in-sample estimate. �de" denotes the dividend�payout ratio,

�∆indpro" the growth of industrial production, and �∆M1" the growth of money supply

M1. �dfr" is the default return spread as the di�erence between long-term U.S. corporate

bond returns and long-term U.S. government bond returns. �dfy" is the default yield

spread as the di�erence between U.S. BAA- and AAA-rated corporate bond yields. �dp"

is the dividend�price ratio, �dy" the dividend yield, �ep" the earnings�price ratio, �erp"

the market risk premium, �in�" the in�ation rate, �ltr" the long-term U.S. government

bond returns, �lty" the long-term U.S. government bond yields, �svar" the stock variance,

and �tbl" the 3-month Treasury bill rate. �tms" is the term spread as the di�erence

between the long-term yield on U.S. government bonds and the 3-month Treasury bill

rate. �unrate" is the unemployment rate. Improvements compared to the unconstraint

out-of-sample results (see Table 4.3) are denoted in bold font. All data are sampled at

the monthly frequency.

Panel (A): Return Predictability

1 Month 12 Months
∆indpro 26.67 ∆indpro 40.00
dfr 26.67 tbl 30.00
erp 26.67 infl 26.67
∆M1 10.00 ∆M1 20.00
infl 10.00 erp 16.67
svar 10.00 ltr 13.33
ltr 6.67 dfr 10.00
tbl 3.33 dfy 6.67
tms 3.33 svar 6.67
de 0.00 tms 6.67
dfy 0.00 unrate 6.67
dp 0.00 ep 3.33
dy 0.00 lty 3.33
ep 0.00 de 0.00
lty 0.00 dp 0.00
unrate 0.00 dy 0.00

Panel (B): Volatility Predictability

1 Month 12 Months
infl 33.33 ∆M1 23.33
∆M1 23.33 ∆indpro 20.00
erp 23.33 ltr 13.33
∆indpro 20.00 dfy 10.00
svar 20.00 infl 10.00
dfy 13.33 tms 10.00
ltr 10.00 svar 6.67
dfr 6.67 tbl 6.67
tbl 6.67 unrate 6.67
tms 6.67 de 3.33
ep 3.33 dfr 3.33
lty 3.33 ep 3.33
unrate 3.33 dp 0.00
de 0.00 dy 0.00
dp 0.00 erp 0.00
dy 0.00 lty 0.00
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4.6. FURTHER ANALYSES

4.6.2 Time-Variation in Volatility

To further exploit the information content of our long sample,

we analyze the volatility variation before and after the introduction

of derivatives trading and the beginning of the global �nancial crisis,

respectively.22 In particular, we ask the question: Does the introduction of

derivatives trading systematically a�ect the volatility of commodity returns?

Since the introduction of commodity derivatives trading, these markets

have exhibited a steadily increasing trading volume (Gorton & Rouwen-

horst, 2006; Gorton et al., 2012). The increase in trading volume re�ects

the rise in the hedging demand at the futures market.23 Following Acharya

et al. (2013), speculators face restrictions by investing their capital in the

futures market. On the other hand, due to these capital constraints the

hedging demand of commodity producers cannot be satis�ed. Consequently,

both the capital constraints and the limitations to hedging a�ect the spot

prices. Thus, we expect an increase in the volatility after these break points.

Further, since the global �nancial crisis represents a shock to the economy,

we also expect an increase in the volatility after that break point.

Table 4.15 reports the results for the di�erent events.24 Panel (A)

summarizes the results with respect to the introduction of derivatives

trading, whereas Panel (B) does so with respect to the beginning of

the global �nancial crisis. Following Snedecor & Cochran (1989), we use

an F -test to examine whether there are signi�cant di�erences in the

22Note that we focus here on the level of volatility and not on the predictability of
volatility, as in Section 4.5.2.

23In detail, assume that a speci�c fraction of trading volume re�ects the hedging
demand of a given number of investors. Accordingly, an increase in trading volume is
associated with a rise in the number of investors who look for hedging possibilities.
Thus, the hedging demand increases.

24In analogy to Section 4.4, we use 120 observations, and 97 observations in the case
of the global �nancial crisis due to limited data availability. Further, we impose the
restriction that in the case of futures and options, respectively, at least 10 years of
observations must be available to compute the volatilities.
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4.6. FURTHER ANALYSES

volatilities.25

We start by analyzing the e�ect of derivatives trading on the return

volatility, shown in Panel (A) of Table 4.15. With the introduction of futures

trading, we observe a general increase in the volatility, in particular in the

case of energy commodities. The F -test con�rms that there are signi�cant

di�erences in the volatilities. We detect the strongest increase from 4.97 %

to 13.90 % for natural gas. Other commodities showing notable rises are lean

hog, sugar, and silver. Striking exceptions displaying a sharp drop in the

volatility are butter, unleaded regular gas, and high grade copper. In general,

the results con�rm our expectation of an increasing hedging pressure at the

spot market.

With the introduction of commodity options, we �nd a general increase

in the volatility in the case of energy commodities, also con�rming our

expectation. Speci�cally, natural gas exhibits a rise from 6.21 % to 19.97 %.

Unleaded regular gas represents an exception. As opposed to energy,

a general downward trend for metal and agricultural commodities is

identi�able, in contrast to our expectation. It seems that the introduction

of options is associated with a decrease in the volatility for metals and

agriculturals. An exception are oranges, showing an increase from 16.91 %

to 27.87 %.

Overall, the results provide evidence in favor of a systematic e�ect

of derivatives trading on commodity volatility, indicated by signi�cant

di�erences in volatilities. In particular, an upward trend in energy

commodities is perceivable. Natural gas exhibits the strongest increase,

whereas unleaded regular gas always shows a sharp reduction in the

volatility. Oranges also display a similar pattern.

Analyzing the time periods around the global �nancial crisis, documen-

25We examine the null hypothesis that the volatility prior to and the volatility after
the break point are equal.
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ted in Panel (B) of Table 4.15, there is an ambiguous pattern in volatility.

Wheat exhibits the strongest increase from 8.18 % to 12.59 %, and, similarly,

in the case of soybean meal, coal, platinum, and silver, whereas oranges

show the strongest decrease from 52.23 % to 17.44 %; butter, natural gas,

and unleaded regular gas also show a similar pattern. The results only partly

con�rm our expectation, indicating the presence of further e�ects.

4.6.3 Model Selection Approach

To gain insights about the predictability of excess returns (volatilities)

based on multiple regressions, we perform a model selection approach.26

An investor would use all information available up to the time point t and

would select the best performing model to predict the next month's excess

return (volatility).27 In doing so, we proceed as follows: For all possible

predictor combinations, we compute the MSEs on the basis of the �rst 10

years of out-of-sample observations.28 Selecting the best performing model,

we predict the next month's excess return (volatility). Afterwards, using

all information up to the next time point t + 1, we compute the MSEs

again and predict the next month's excess return (volatility) out-of-sample

using the model with the lowest MSE. For all other months, we repeat this

procedure analogously. To make inferences about the signi�cance of the

R2
ooss, we use the MSFE-adjusted test statistic of Clark & West (2007), a

26We conducted two further alternative approaches to utilize the information of the
given set of variables. Both approaches led to similar results as the model selection
approach. First, we used a kitchen sink approach, in which we included all available
variables. Second, we followed Rapach et al. (2013) and used an adaptive elastic net
estimation procedure that shrinks and select parameters based on two penalty terms
(lasso and ridge regressions).

27We start in January 1948 to ensure that all predictive variables are available.
Further, dy, ep, and tbl have been excluded due to high correlations and multicollinearity.

28We start by running individual regressions, performing multiple regressions, and we
end up with a regression containing all predictors (kitchen sink). Also the historical mean
(�tted AR(1) process) serves as potential model. If all models fail, an investor would rely
on the historical mean (�tted AR(1) process) as best prediction.
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4.6. FURTHER ANALYSES

modi�ed version of the Diebold & Mariano (1995) and West (1996) statistic,

for nested models.29

Tables 4.4 to 4.5 and Tables 4.6 to 4.7 show the adjusted R2
ooss for

the (next month's and next year's) return and the (next month's and next

year's) volatility predictability, respectively.

In Table 4.4, we observe no joint predictive power in the short-term

return predictability, indicated by negative adjusted R2
ooss. For the

long-term return predictability, the results in Table 4.5 indicate that

some commodities are predictable, in particular cocoa (R2
oos = 10.88 %),

live cattle (R2
oos = 0.27 %), heating oil (R2

oos = 0.35 %), and gold

(R2
oos = 15.16 %). Overall, the �ndings suggest a poor out-of-sample return

predictability based on a model selection approach. Only few long-term

commodity excess returns are well predictable.30

We now turn our focus on the analysis of the volatility predictability.

Tables 4.6 and 4.7 reveal no predictability of commodity volatilities based on

a model selection approach. The strong persistence of commodity volatility

prevents any predictability of the employed predictive variables, although

an optimized approach is used.

4.6.4 Mean Forecast Combination Approach

Another approach to improve the out-of-sample predictability is

forecast combinations as suggested, e.g., by Rapach et al. (2010). In doing

so, we �rst run a kitchen sink regression and select all predictive variables

that are signi�cant at at least the 10 % signi�cance level. Afterwards, we

29Since we use multiple regressions equipped with a di�erent number of variables, the
bootstrap algorithm, described in Section 4.3.2, in determining an empirical distribution
is not applicable.

30The results are not entirely surprising given the large �uctuations among the
predictive variables. Despite the �uctuations, the optimized approach shows that few
commodity returns are well predictable, particularly in the long-term, indicating a robust
predictability over time.
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run univariate regressions to obtain the individual out-of-sample forecasts.

Finally, we use the average of all available forecasts to obtain the mean

out-of-sample forecast.31

Tables 4.4 to 4.5 and Tables 4.6 to 4.7 show the R2
ooss for the (next

month's and next year's) return and the (next month's and next year's)

volatility predictability, respectively.

In Table 4.4, we observe that four commodity excess returns are

signi�cantly predictable in the short-term, indicated by R2
ooss between

0.35 % for wool and 1.33 % for gold. In contrast, the results in the

long-term analysis reveal that almost all commodity returns are signi�cantly

predictable, indicated by R2
ooss up to 13.49 % for gold. Overall, the

�ndings con�rm the stability of the mean forecast combination approach

in predicting commodity excess returns, particularly in the long-term. To

get an overview about the out-of-sample performance based on the mean

forecast combination approach, the plots (a), (b), (c), and (d), (e), (f)

in Figure 4.1 show the cumulative di�erences in squared forecast errors

(CDSFE) of co�ee arabica, WTI oil, gold, and cocoa, heating oil and gold,

for both the short- and long-term.32 In all cases, we observe an increasing

out-of-sample performance, indicating a superior performance of the mean

forecast combination approach.

Predicting commodity volatilities in the short-term, shown in Table 4.6,

we observe that only two commodity volatilities are signi�cantly predictable,

indicated by R2
ooss of 0.33 % for unleaded regular gas, and 4.34 % for nickel.

In the long-term analysis (Table 4.7), the results reveal no predictability on

31Rapach et al. (2010) argue that forecast combinations reduce the model instability,
thus, leading to a superior performance compared to individual forecasts. Further, they
show that mean forecast combinations represent robust techniques compared to median
and truncated mean forecast combinations.

32The out-of-sample performance is the di�erence between the cumulative squared
forecast error from the restricted model and the cumulative squared forecast error from
the unrestricted model.
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Figure 4.1: Return Predictability (Mean Forecast Combination)

This �gure plots the out-of-sample performances based on a mean forecast combination

approach. Plots (a)�(c) show the performances of predicting the next month's excess

return. Plots (d)�(f) show the performances of predicting the next year's excess

return. On the ordinate, there are the cumulative di�erences in squared forecast errors

(CDSFE). The out-of-sample performance is the di�erence between the cumulative

squared forecast error from the restricted model and the cumulative squared forecast

error from the unrestricted model. The grey bars indicate the U.S. recessions, published

by the NBER. All data are sampled at the monthly frequency.
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the basis of the mean forecast combination approach. Overall, the strong

persistence of commodity volatility prevents any predictability, although a

robust approach is used.33

4.6.5 Sub-Sample Analysis

To further examine the robustness of our results, we analyze the sample

period from January 1950 to December 2015. Following Engsted & Pedersen

(2010), there might be di�erences in the predictability during the pre- and

post-World War II period, so we are able to avoid incisive events. Table

C.15 of the Appendix to this chapter summarizes the return and volatility

predictability results for di�erent horizons, and Tables C.16 to C.19 of the

Appendix to this chapter provide more detailed information. Overall, the

results con�rm our main �ndings.

4.7 Conclusion

This chapter provides comprehensive evidence on the predictive power

of a broad set of 16 macroeconomic variables for the returns and volatilities

of 30 commodities. Using more than 140 years of data, our long sample

enables us to analyze the time-variation in return volatility and in the

predictability of commodity return and volatility related to speci�c break

points. A variable is considered to have predictive power if it exhibits

signi�cant predictive ability out-of-sample.

33The large negative R2
ooss are consistent with our previous �ndings. Using any

predictor in addition to lagged volatility leads to an increase in the deviation between
the actual commodity volatility and the predicted one (in comparison to the prediction
using lagged volatility only), resulting in a massive underperformance relative to the naive
benchmark. This e�ect is strengthened even in the long-term. Since there is no notable
predictability of commodity volatilities, we omit the corresponding CDSFE plots.
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4.7. CONCLUSION

We observe short- and long-term predictability in both excess returns

and volatilities. Further, there are substantial improvements in the pre-

dictive power of variables both in individual predictions and in predictions

based on multiple regressions, and in the frequency of signi�cant predictions

in the long-term. These e�ects are more pronounced in return rather

than volatility predictability. The break point analysis provides evidence

that return volatility, and the return and volatility predictability are

systematically a�ected by the introduction of derivatives trading and the

beginning of the global �nancial crisis.

Finally, our long sample study enables us to analyze the predictability

over multiple business cycle stages. Here, we do not only examine expansions

and recessions, but also early and late business cycle stages. We �nd

that returns are predictable in both expansions and recessions, whereas

volatilities are better predictable in recessions. Several variables exhibit

an enhanced predictive performance, when di�erentiating between business

cycle stages.
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C Appendix

In this section, we provide additional material for Chapter 4: �Predict-

ability in Commodity Markets: Evidence from more than a Century�.
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C. APPENDIX

Table C.1: Summary Statistics Predictive Variables

This table summarizes (non-annualized) key statistics about the predictive variables.

�de" denotes the dividend�payout ratio, �∆indpro" the growth of industrial production,

and �∆M1" the growth of money supply M1. �dfr" is the default return spread as

the di�erence between long-term U.S. corporate bond returns and long-term U.S.

government bond returns. �dfy" is the default yield spread as the di�erence between

U.S. BAA- and AAA-rated corporate bond yields. �dp" is the dividend�price ratio, �dy"

the dividend yield, �ep" the earnings�price ratio, �erp" the market risk premium, �in�"

the in�ation rate, �ltr" the long-term U.S. government bond returns, �lty" the long-term

U.S. government bond yields, �svar" the stock variance, and �tbl" the 3-month Treasury

bill rate. �tms" is the term spread as the di�erence between the long-term yield on U.S.

government bonds and the 3-month Treasury bill rate. �unrate" is the unemployment

rate. �Mean", �Std Dev", �Skew", and �Kurt" denote the mean, standard deviation,

skewness, and kurtosis, respectively. The next three columns show the �rst-order

autoregressive coe�cient and the p-value of the Jarque-Bera and Augmented Dicky

Fuller test, respectively. �First Obs." and �Nobs" denote the �rst observation of the time

series and the number of observations. All data are sampled at the monthly frequency.

Variable M
e
a
n

S
td

D
e
v

S
k
e
w

K
u
rt

A
R
(1
)

J
B
p
-v
a
lu
e

A
D
F
p
-v
a
lu
e

F
ir
st

O
b
s.

N
o
b
s

de -0.5424 0.3158 0.8124 6.4439 0.9931 <0.01 <0.01 01.1871 1740
∆indpro 0.0026 0.0193 0.2794 13.9795 0.5076 <0.01 <0.01 02.1919 1163
∆M1 0.0040 0.0065 1.7852 17.3614 0.2514 <0.01 <0.01 02.1947 827
dfr 0.0003 0.0135 -0.3897 11.0916 -0.1268 <0.01 <0.01 01.1926 1080
dfy 0.0119 0.0071 2.0854 9.7171 0.9767 <0.01 <0.01 01.1919 1164
dp -3.2088 0.4311 -0.7092 3.3307 0.9941 <0.01 <0.05 01.1871 1740
dy -3.2054 0.4284 -0.7395 3.3522 0.9940 <0.01 <0.05 02.1871 1739
ep -2.6663 0.3745 -0.7048 6.4535 0.9884 <0.01 <0.01 01.1871 1740
erp 0.0040 0.0477 -0.4122 11.7655 0.1117 <0.01 <0.01 01.1871 1740
infl 0.0020 0.0072 0.5630 18.4577 0.3031 <0.01 <0.01 01.1875 1691
ltr 0.0048 0.0243 0.6032 7.8052 0.0379 <0.01 <0.01 01.1926 1080
lty 0.0512 0.0269 1.1556 3.8979 0.9966 <0.01 0.87 01.1919 1164
svar 0.0025 0.0049 6.5792 60.9568 0.6201 <0.01 <0.01 02.1885 1571
tbl 0.0349 0.0300 1.0576 4.4489 0.9932 <0.01 0.25 02.1920 1151
tms 0.0163 0.0131 -0.1532 2.9822 0.9625 0.10 <0.01 02.1920 1151
unrate 0.0582 0.0165 0.5723 3.0451 0.9905 <0.01 0.53 01.1948 816
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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C. APPENDIX

Table C.15: Summary Return and Volatility Predictability from
1950

This table reports a summary of the regression results of monthly excess returns on a

constant and the lagged predictive variable (Panel (A) and (B)), and the regression

results of monthly volatilities on a constant, the lagged volatility, and the lagged

predictive variable (Panel (C) and (D)). In Panel (A) and (B), we report the percentage

of signi�cant in-sample and out-of-sample R2s across the variables of predicting the

next month's and next year's excess return. In Panel (C) and (D), we report the

percentage of signi�cant in-sample F -statistics of the di�erence between the adjusted R2s

of the unrestricted and restricted model, and out-of-sample R2s across the variables of

predicting the next month's and next year's volatility. �de" denotes the dividend�payout

ratio, �∆indpro" the growth of industrial production, and �∆M1" the growth of money

supply M1. �dfr" is the default return spread as the di�erence between long-term U.S.

corporate bond returns and long-term U.S. government bond returns. �dfy" is the default

yield spread as the di�erence between U.S. BAA- and AAA-rated corporate bond yields.

�dp" is the dividend�price ratio, �dy" the dividend yield, �ep" the earnings�price ratio,

�erp" the market risk premium, �in�" the in�ation rate, �ltr" the long-term U.S.

government bond returns, �lty" the long-term U.S. government bond yields, �svar" the

stock variance, and �tbl" the 3-month Treasury bill rate. �tms" is the term spread as

the di�erence between the long-term yield on U.S. government bonds and the 3-month

Treasury bill rate. �unrate" is the unemployment rate. All data are sampled at the

monthly frequency. The sample period is from January 1950 to December 2015.

Panel (A): Return Predictability (1 Month)

In-Sample Out-of-Sample

dfr 50.00 dfr 20.00
svar 36.67 ∆indpro 16.67
∆indpro 33.33 ∆M1 10.00
ltr 30.00 infl 10.00
∆M1 26.67 ltr 10.00
tbl 23.33 erp 6.67
infl 16.67 svar 3.33
tms 16.67 tms 3.33
de 13.33 de 0.00
erp 13.33 dfy 0.00
dp 10.00 dp 0.00
dy 10.00 dy 0.00
ep 6.67 ep 0.00
dfy 3.33 lty 0.00
lty 3.33 tbl 0.00
unrate 0.00 unrate 0.00

Panel (B): Return Predictability (12 Months)

In-Sample Out-of-Sample

lty 90.00 tbl 73.33
ep 86.67 dfy 53.33
tbl 86.67 lty 50.00
dp 76.67 infl 36.67
dy 73.33 tms 36.67
tms 60.00 de 26.67
unrate 53.33 ∆M1 26.67
de 50.00 dy 26.67
infl 50.00 unrate 26.67
∆indpro 40.00 ep 23.33
dfy 33.33 dp 20.00
svar 33.33 erp 16.67
∆M1 26.67 ∆indpro 13.33
dfr 26.67 dfr 6.67
erp 13.33 ltr 3.33
ltr 13.33 svar 0.00

Panel (C): Volatility Predictability (1 Month)

In-Sample Out-of-Sample

dp 66.67 infl 43.33
dy 66.67 dp 40.00
ep 60.00 dy 40.00
infl 60.00 lty 40.00
dfy 56.67 dfy 36.67
unrate 53.33 unrate 26.67
svar 50.00 erp 23.33
lty 46.67 ∆indpro 20.00
tbl 46.67 ep 20.00
de 43.33 tbl 20.00
tms 33.33 de 16.67
erp 30.00 ∆M1 6.67
∆M1 26.67 ltr 6.67
∆indpro 20.00 svar 6.67
dfr 13.33 dfr 3.33
ltr 10.00 tms 3.33

Panel (D): Volatility Predictability (12 Months)

In-Sample Out-of-Sample

de 50.00 tms 23.33
dfy 40.00 dfy 20.00
tms 40.00 ep 16.67
svar 36.67 dp 13.33
tbl 3.33 tbl 13.33
unrate 26.67 unrate 13.33
dp 23.33 de 10.00
dy 23.33 ∆indpro 10.00
∆indpro 20.00 ltr 10.00
dfr 16.67 ∆M1 6.67
∆M1 13.33 dy 6.67
ep 13.33 infl 6.67
erp 13.33 svar 6.67
infl 13.33 dfr 0.00
ltr 13.33 erp 0.00
lty 0.00 lty 0.00
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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CHAPTER 4. PREDICTABILITY IN COMMODITY MARKETS:

EVIDENCE FROM MORE THAN A CENTURY
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Chapter 5

Return Predictability in Metal

Futures Markets: Is it there?∗

5.1 Introduction

Are returns predictable? This question has been analyzed at least since

one century. Initial attempts to predict stock returns were already performed

by Dow (1920). Numerous studies have tackled the question of return

predictability and provided evidence either in favor or against predictability.

Goyal & Welch (2008) argue that the historical mean is a tough benchmark

to beat and that the so far observed predictability is mainly driven by the

period of the oil crises. In contrast, Campbell & Thompson (2008) provide

evidence in favor of return predictability when including two economically

motivated restrictions. Cochrane (2008) shows that return predictability

results from the time-variation of expected returns rather than dividend

growth, and thus contradicts the random walk hypothesis. Overall, return

∗This chapter is based on the Working Paper �Return Predictability in Metal Futures
Markets: Is it there?� authored by Björn Tharann, 2018.
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predictability is challenging and the answer of it is still inconclusive.

We accept this challenge and analyze the predictability of metal

futures returns. From a practical standpoint, to have knowledge about

future price developments of commodities goes along with an improved

investment performance. Investors may better select assets for their asset

allocations. Due to the performance of commodities, investors have detected

commodities as a new investment class (e.g., Bessembinder, 1992; Gorton &

Rouwenhorst, 2006). Erb & Harvey (2006) show that commodity portfolios

have similar average returns than stock and bond portfolios. Further,

commodities exhibit advantageous properties that improve the portfolio

performance. For instance, commodities are used for diversi�cation due to

the low correlation with stocks and bonds, and commodities serve as hedge

against in�ation (e.g., Gorton & Rouwenhorst, 2006, Symeonidis et al.,

2012).

The main goal of this study is to provide evidence on return

predictability of metal commodity futures. In doing so, we make two

contributions. First, we analyze not only the predictability in-sample, but

also out-of-sample. Here, we use �ve distinct time series of metal futures

and 12 variables that are supposed to predict stock returns. Moreover, we

focus on several sample periods and use di�erent techniques to identify

years of high predictability. We also use forecast combinations to improve

the out-of-sample predictability. In addition, we do not only analyze the

return predictability, but also the economic value that arises if an investor

can utilize knowledge about future price movements.

Second, we introduce and analyze the Aruoba�Diebold�Scotti (ADS)

index, developed by Aruoba, Diebold, & Scotti (2009), to examine the

potential e�ects on metal futures returns and on the behavior over business

cycles. The ADS index claims to accurately measure business conditions in

real-time. As a consequence, the index should incorporate information that
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are relevant for metal commodities.

We �nd excessive evidence for predictability for the next year's excess

return across all metal commodities, both in- and out-of-sample. The best

performing variable is the long-term government bond yield, indicated by

an out-of-sample R2 of 37.90 % in the case of gold. The mean forecast

combination approach provides evidence for an improved and especially

stable out-of-sample predictability, in particular for gold and platinum,

indicated by out-of-sample R2s up to 18.57 %. Gold returns seem to be

best predictable out-of-sample. A timing strategy leads to utility gains of

2.18 % p.a., when using aggregated information in predicting gold returns.

The ADS index shows remarkable correlations with metal futures

returns, particularly in recessions. We also �nd that the ADS index strongly

predicts gold returns, indicated by an out-of-sample R2 of 8.21 %.

Our study directly relates to the literature on stock return predictabi-

lity. Initial studies used aggregated valuation ratios as the dividend�price

ratio (e.g., Roze�, 1984; Fama & French, 1988b), short-term interest rates

(e.g., 1987, Campbell; Ang & Bekaert, 2007), and the consumption�wealth

ratio (e.g., Lettau & Ludvigson, 2001). Campbell & Shiller (1988, 1998)

introduced and comprehensively examined the earnings�price ratio, and

provide evidence that this ratio especially predicts long-term stock returns.

Goyal & Welch (2003, 2008) analyze numerous �nancial and macroeconomic

variables, re-examine previous studies and identify the years of the oil crises

as the main drivers for predictability. Campbell & Thompson (2008) show

that there exists predictability when imposing two economically motivated

restrictions. Rapach et al. (2010) and Rapach & Zhou (2013) document that

combination forecasts might lead to out-of-sample improvements.

Our study also relates to the literature on commodities and commodity

return predictability. Fama & French (1988a) analyze the behavior of metal

spot and futures prices over business cycles and provide evidence that the
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prices are a�ected by the level of inventory and the business cycle stage.

Numerous papers examine aggregated valuation ratios known from the

stock return predictability literature, e.g., Bessembinder (1992), Bailey &

Chan (1993), and Bjornson & Carter (1997). De Roon et al. (2000) use

hedging pressure as predictive variable. Gargano & Timmermann (2014)

use commodity spot indices to analyze the predictability of commodities

over a longer time period. Nguyen, Prokopczuk, & Wese Simen (2017) show

that gold returns are predictable by the jump tail premium and variance

risk premium. Jordan, Vivian, & Wohar (2018) analyze metal commodities

in the G7 countries. Prokopczuk, Tharann, & Wese Simen (2018) examine

the return predictability of commodities using spot prices of more than 140

years, and �nd evidence particularly for longer horizons.

The remainder of this chapter is structured as follows. Section 5.2

describes the data, the computation of the variables, and the methodology.

Section 5.3 provides the main empirical results. Section 5.4 shows the results

related to the ADS index. Finally, Section 5.5 concludes.

5.2 Data & Methodology

5.2.1 Data

We obtain our data from several sources. We use monthly settlement

prices of �ve continuously rolled metal futures retrieved from Datastream:

high grade copper (NHGCS00), gold (NGCCS00), palladium (NPACS20),

platinum (NPLCS00), and silver (NSLCS00). The commodities are traded

on exchanges in the U.S. and are denominated in U.S. Dollar (USD). Table

5.1 provides an overview about the metal futures. Our sample period spans

from August 1988 to December 2017. Moreover, to gain insights about the
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behavior of metal commodities over business cycles, we use the ADS index.1

5.2.2 Variables

Metal Futures Excess Returns To base our analysis on the most conservative

procedure, we compute the log-return on a fully collateralized futures

contract (Gorton et al., 2012; Bakshi, Gao, & Rossi, 2017) as:

rt+1 = log

(
Ft+1,T

Ft,T

)
+ rft, (5.1)

where Ft+1,T and Ft,T are the settlement prices on the continuous futures

contract with maturity T at the end of month t + 1 and t, respectively.

The interest rate on a fully collateralized position is denoted by rft. The

corresponding futures excess return, i.e. ert+1, is then de�ned as:

ert+1 = rt+1 − rft. (5.2)

Predictors To analyze the predictability of metal futures, we use 12

variables that appear to have predictive power for stock returns. Following

Goyal & Welch (2008), we take: the monthly dividend�payout ratio (de) as

the di�erence between the log of dividends and the log of earnings2, the

monthly default return spread (dfr) as the di�erence between long-term

corporate bond returns and long-term government bond returns, the

monthly default yield spread (dfy) as the di�erence between BAA- and

AAA-rated corporate bond yields, the monthly dividend yield (dy) as the

di�erence between the log of dividends and the log of lagged prices, the

monthly earnings�price ratio (ep) as the di�erence between the log of

earnings and the log of prices, the monthly in�ation rate (infl) as the return

on the U.S. consumer price index, the monthly long-term rate of returns
1The ADS index can be obtained from the Federal Reserve Bank of Philadelphia.
2The dividends (earnings) are usually de�ned as the 12-months moving sums of

dividends payed on the S&P 500 stock index.
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on U.S. government bonds (ltr), the monthly long-term U.S. government

bond yields (lty), the monthly stock variance (svar) as the sum of squared

daily returns on the S&P 500, and the monthly term spread (tms) as the

di�erence between long-term U.S. government bond yields and the 3-month

U.S. Treasury bill rate.3

Moreover, we follow Gargano & Timmermann (2014) and use the

change in industrial production (∆Indpro) as the log di�erence between

monthly industrial production, and the unemployment rate (unrate).4

5.2.3 In- and Out-of-Sample Return Predictability

In-Sample Analysis To evaluate the in-sample predictive power of a variable,

we follow Rapach &Wohar (2006) and estimate the next year's excess return

as:

ert+12 = α + βXt + εt+12, (5.3)

where ert+12 is the 12-months' ahead excess return from month t to t+ 12.5

α, β, and εt+12 are the intercept and the slope parameters, respectively, and

the error term over the next year. Xt represents the predictor at month t.

In detail, to assess the in-sample predictability, we impose the null

hypothesis of no predictability (H0), i.e.,

ert+12 = α + εt+12, (5.4)

de�ning the restricted model, where β = 0. Thus, under H0 the excess

return cannot be predicted using Xt, and we would expect that the slope
3We use the extended data set of Goyal & Welch (2008) that can be found at

http://www.hec.unil.ch/agoyal/. Further variables known to predict stock returns are
the dividend�price ratio and the 3-month U.S. Treasury bill rate. However, due to high
correlations with dy (99 %) and tms (�63 %), respectively, we do not include these
variables into our set of potential predictors.

4We obtain industrial production (INDPRO) and the unemployment rate (UNRATE)
from the Federal Reserve Bank of St. Louis (FRED).

5At each point in time t, we sum up the monthly excess returns from month t to
t+ 12, thus, we end up with overlapping annual excess returns.
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estimate is not signi�cantly di�erent from zero. In that case, the excess

return follows a random walk process, and the best estimate of the future

excess return is just its historical mean. Under the alternative hypothesis

of predictability (H1), de�ned as the unrestricted model in Equation (5.3),

the excess return can be predicted using Xt. Thus, we would expect that β

is signi�cantly di�erent from zero.

To evaluate the signi�cance of predictability, we use the bootstrap

algorithm, proposed by Rapach & Wohar (2006), in order to obtain reliable

statistical inferences.6 As a consequence, we avoid the well known statistical

issues of a small sample bias (Stambaugh, 1999) and serial correlation in

the error terms (Richardson & Stock, 1989).

Out-of-Sample Analysis Our out-of-sample analysis is based on the

methodology used by, e.g., Goyal & Welch (2003, 2008). To obtain the �rst

out-of-sample forecast, we proceed as follows: First, we estimate Equation

(5.3) using an initial training window of 10 years.7 We then use the obtained

estimated parameters and the most recent observation of the predictor to

calculate the corresponding forecast. Third, we repeat that procedure by

rolling the window by one observation ahead and estimate the next year's

excess return.

To assess the out-of-sample predictability, we follow Campbell &

Thompson (2008) and compute the out-of-sample R2, i.e.,

R2
oos = 1− MSEu

MSEr
, (5.5)

where MSEu and MSEr are the mean squared errors of the unrestricted

and restricted model, respectively. The R2
oos represents a relative measure

6A detailed description of the procedure can be found in Section D.1 in the Appendix
to this chapter.

7Here, we follow Çakmakl� & van Dijk (2016) and use a rolling training window of
10 years to capture the average length of a business cycle. Thus, we also take care about
potential structural breaks in the time series.
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of two competing nested models. Thus, by using that measure we ask the

question: How large is the improvement of the predictive power using the

variable Xt in relation to the predictive power using the historical mean

as naive benchmark? A variable is considered to have predictive power, if

it is associated with a positive and signi�cant R2
oos. Since that measure

represents a point estimate, we have to carefully assess the degree of

signi�cant predictability.8 In doing so, we follow McCracken (2007) and

compute the MSE − F statistic, i.e.,

MSE − F = (N − k + 1) ·
(MSEr −MSEu

MSEu

)
, (5.6)

where N is the number of out-of-sample forecasts. k is the degree of overlap,

thus, in our case 12. In accordance to the previous section, under H0

the restricted model performs at most as well as the unrestricted model

(MSEr ≤MSEu).

To further analyze the predictive (in- and out-of-sample) performance

of the variable Xt over time, we plot and analyze the cumulative di�erences

in squared forecast errors (CDSFE). The in-sample performance is the

di�erence between the cumulative squared demeaned excess return from the

restricted model and the cumulative squared regression residual from the

unrestricted model, whereas the out-of-sample performance is the di�erence

between the cumulative squared forecast error from the restricted model and

the cumulative squared forecast error of the unrestricted model.

Similar to the R2
oos, the CDSFE also go along with a relative

interpretation. Whenever the variable Xt has superior (inferior) predictive

power relative to the historical mean benchmark, we expect an increase

(a decrease) in the CDSFE. Thus, an absolute increase (decrease) in the

CDSFE is not interpretable. Moreover, the CDSFE allow an analysis of the

8For more detailed information, see Section D.2 in the Appendix to this chapter.
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time-varying predictability of variable Xt to time periods of high and low

predictability, respectively (Goyal & Welch, 2008).9

5.3 Main Results

5.3.1 Summary Statistics

Before discussing our main empirical results, it is instructive to look

at some summary statistics and correlations. Table 5.1 provides summary

statistics on the annual metal futures excess returns. We observe that the

average return ranges between 2 % for platinum and 8 % for palladium,

which is consistent with former studies of, e.g., Gorton et al. (2012). We also

notice that gold exhibits the smallest standard deviation of 14 %, whereas

copper has a standard deviation of 28 %.

Table 5.2 shows correlations between the metal futures excess returns.

We observe that gold and silver exhibit a high correlation of 0.75, further,

silver and platinum of 0.61, and gold and platinum of 0.54, which is not

surprising given that these commodities belong to the class of precious

metals. Moreover, copper exhibits a high correlation with platinum of 0.70.

Tables 5.3 and 5.4 report summary statistics on and correlations between

the predictive variables, which are consistent with, e.g., Goyal & Welch

(2008).

9The sign of the �nal value of the out-of-sample CDSFE is equal to the sign of the
estimated R2

oos. In our CDSFE plots, we standardize the in-sample CDSFE to zero at
the date of the �rst out-of-sample forecast, by shifting the curve vertically downwards.
Due to the apparent sensitivity of the forecasting accuracy of the R2

ooss, it is necessary to
additionally assess the degree of signi�cance rather than relying on the absolute amount
of the R2

ooss only.
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Table 5.1: Summary Statistics Metal Futures Excess Returns

This table summarizes (annualized) key statistics for metal futures excess returns.

�Mean", �Std Dev", �Skew", and �Kurt" denote the mean, standard deviation, skewness,

and kurtosis, respectively. The next three columns show the �rst-order autoregressive

coe�cient and the p-value of the Jarque-Bera and Augmented Dicky Fuller test,

respectively. �First Obs." and �Nobs" denote the �rst observation of the time series

and the number of observations. All data are sampled at the monthly frequency.

Commodity M
e
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n

S
td

D
e
v

S
k
e
w

K
u
rt

A
R
(1
)

J
B
p
-v
a
lu
e

A
D
F
p
-v
a
lu
e

F
ir
st

O
b
s.

N
o
b
s

Copper 0.03 0.28 0.21 3.76 0.93 <0.01 <0.05 31.08.1988 342
Gold 0.04 0.14 0.30 2.94 0.90 <0.1 <0.05 31.08.1988 342
Palladium 0.08 0.41 -0.38 2.71 0.93 <0.05 0.26 28.02.1995 264
Platinum 0.02 0.21 -0.20 3.46 0.91 <0.1 <0.01 31.08.1988 342
Silver 0.04 0.24 0.68 3.75 0.89 <0.01 <0.01 31.08.1988 342

Table 5.2: Correlation Matrix Metal Futures Excess Returns

This table reports the correlations among all annual metal futures excess returns. All

data are sampled at the monthly frequency.

Commodity Copper Gold Palladium Platinum Silver

Copper
Gold 0.47
Palladium 0.54 0.10
Platinum 0.70 0.54 0.59
Silver 0.55 0.75 0.43 0.61
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Table 5.3: Summary Statistics Predictive Variables

This table summarizes (non-annualized) key statistics about the predictive variables.

�de" denotes the dividend�payout ratio, �∆Indpro" the growth of industrial production.

�dfr" is the default return spread as the di�erence between long-term U.S. corporate bond

returns and long-term U.S. government bond returns. �dfy" is the default yield spread

as the di�erence between U.S. BAA- and AAA-rated corporate bond yields. �dy" the

dividend yield, �ep" the earnings�price ratio, �in�" the in�ation rate, �ltr" the long-term

U.S. government bond returns, �lty" the long-term U.S. government bond yields, and

�svar" the stock variance. �tms" is the term spread as the di�erence between the long-

term yield on U.S. government bonds and the 3-month Treasury bill rate. �unrate" is the

unemployment rate. �Mean", �Std Dev", �Skew", and �Kurt" denote the mean, standard

deviation, skewness, and kurtosis, respectively. The next three columns show the �rst-

order autoregressive coe�cient and the p-value of the Jarque-Bera and Augmented Dicky

Fuller test, respectively. �First Obs." and �Nobs" denote the �rst observation of the time

series and the number of observations. All data are sampled at the monthly frequency.

Predictor M
e
a
n

S
td

D
e
v

S
k
e
w

K
u
rt

A
R
(1
)

J
B
p
-v
a
lu
e

A
D
F
p
-v
a
lu
e

F
ir
st

O
b
s.

N
o
b
s

de -0.8024 0.4042 2.7791 13.6839 0.9847 <0.01 <0.01 31.08.1988 353
∆ Indpro 0.0015 0.0063 -1.6432 12.3151 0.2256 <0.01 <0.01 31.08.1988 353
dfr 0.0000 0.0157 -0.4845 11.3621 0.0275 <0.01 <0.01 31.08.1988 353
dfy 0.0095 0.0039 3.2061 17.1986 0.9638 <0.01 <0.01 31.08.1988 353
dy -3.8813 0.2924 0.1077 2.4746 0.9857 <0.1 0.66 31.08.1988 353
ep -3.0854 0.3696 -1.9176 9.1496 0.9757 <0.01 <0.1 31.08.1988 353
in� 0.0021 0.0033 -0.9453 8.4420 0.4723 <0.01 <0.01 31.08.1988 353
ltr 0.0070 0.0285 0.0073 5.3642 0.0386 <0.01 <0.01 31.08.1988 353
lty 0.0534 0.0196 0.1278 2.1312 0.9887 <0.01 <0.01 31.08.1988 353
svar 0.0025 0.0045 7.3680 76.5853 0.7072 <0.01 <0.01 31.08.1988 353
tms 0.0234 0.0128 -0.1236 1.9339 0.9763 <0.01 0.48 31.08.1988 353
unrate 0.0596 0.0152 0.9967 3.1889 0.9969 <0.01 0.98 31.08.1988 353
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Table 5.4: Correlation Matrix Predictive Variables

This table reports the correlations among all predictive variables. �de" denotes the

dividend�payout ratio, and �∆Indpro" the growth of industrial production. �dfr" is the

default return spread as the di�erence between long-term U.S. corporate bond returns

and long-term U.S. government bond returns. �dfy" is the default yield spread as the

di�erence between U.S. BAA- and AAA-rated corporate bond yields. �dy" is the dividend

yield, �ep" the earnings�price ratio, �in�" the in�ation rate, �ltr" the long-term U.S.

government bond returns, �lty" the long-term U.S. government bond yields, and �svar"

the stock variance. �tms" is the term spread as the di�erence between the long-term

yield on U.S. government bonds and the 3-month Treasury bill rate. �unrate" is the

unemployment rate. All data are sampled at the monthly frequency.

Predictor de ∆ Indpro dfr dfy dy ep in� ltr lty svar tms unrate

de
∆ Indpro -0.24
dfr 0.15 0.05
dfy 0.61 -0.43 0.11
dy 0.47 -0.11 0.05 0.24
ep -0.72 0.18 -0.17 -0.46 0.27
in� -0.06 0.03 -0.02 -0.20 0.06 0.11
ltr -0.01 -0.04 -0.50 0.01 0.04 0.06 -0.20
lty 0.12 0.12 -0.03 -0.25 0.39 0.17 0.23 0.00
svar 0.30 -0.24 -0.24 0.59 -0.01 -0.29 -0.31 0.15 -0.10
tms 0.39 0.01 0.09 0.27 0.19 -0.28 -0.08 -0.11 -0.15 0.11
unrate 0.30 0.01 0.09 0.37 0.39 -0.03 -0.06 0.01 -0.18 0.08 0.69

5.3.2 Return Predictability

We start by analyzing the performance of variables predicting the next

year's excess return on the basis of univariate regressions. Table 5.5 reports

the in-sample and out-of-sample results.

In-Sample Results We �nd an extensive degree of predictability across

all metal commodities. In particular, de, dfy, and ep exhibit signi�cant

predictive power across all metals, indicated by their signi�cant t-statistics,

among others, of 4.46, 4.85, and �8.13 in the case of platinum. It is also worth

analyzing the predictive power of the individual variables. We observe highly

signi�cant in-sample R2s of 5.55 %, 6.48 %, and 16.33 %, respectively.
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Further variables showing substantial predictive power are, among

others, ∆Indpro in the case of gold (R2 = 1.50 %), dy in the case of

palladium (R2 = 5.63 %), infl in the case of platinum (R2 = 3.05 %), lty in

the case of gold (R2 = 2.86 %), svar in the case of platinum (R2 = 5.37 %),

tms in the case of silver (R2 = 5.60 %), and unrate in the case of silver

(R2 = 3.35 %). We take note that dfr and ltr do not have signi�cant power

in predicting next year's metal futures excess returns.

Out-of-Sample Results Now, we translate our analysis to the out-of-sample

predictability and examine whether the strong in-sample predictability also

holds out-of-sample. Table 5.5 shows a high degree of return predictability

by the variables. This is true for all variables, except dfr and ltr. Among

many others, we �nd strong predictive power for tms in the case of copper

(R2
oos = 5.06 %), dfy in the case of gold (R2

oos = 10.99 %), ep in the case of

platinum (R2
oos = 13.75 %), dy in the case of palladium (R2

oos = 19.58 %),

and lty in the case of gold (R2
oos = 37.90 %). These results are interesting,

given that, e.g., Goyal & Welch (2008) argue that the historical mean is a

tough benchmark to beat in the case of stock return predictability.

Overall, we �nd a substantial degree of predictability across all

metal commodities for almost all variables. We do not only �nd evidence

for in-sample predictability, but also strong evidence for out-of-sample

predictability. The results are consistent with those in Fama & French (1989)

who argue that tms, dfy, and dy are appropriate predictors, because tms

is related to short-term business cycles, whereas dfy and dy to long-term

business cycles.
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5.3.3 Model Selection Approach

Next, we examine the return predictability based on a model selection

approach. In particular, we ask the question: Is it possible to improve

the return predictability when aggregating the information of variables?

The results are presented in Table 5.6. We do not only analyze the full

sample, but also three further sub-samples. First, we analyze the post

�nancialization time period, i.e., the time after December 2000. Here, the

release of the Commodity Futures Modernization Act (CFMA) took place.

As a consequence, the trading of commodity futures has been facilitated.

Second, we analyze expansions and recessions separately. According to

Gorton & Rouwenhorst (2006) and Gorton et al. (2012), commodities

behave di�erently over the business cycle, and commodity futures returns

shall be better predictable during recessions.10

In-Sample Results To select speci�c variables for predicting the next year's

futures excess return, we proceed as follows. First, we run a kitchen sink

regression by including all variables. In doing so, we are able to identify the

variables that have signi�cant predictive power for future excess returns,

at least at the 10 % signi�cance level. Afterwards, employed with the

signi�cant variables, we run a multiple predictive regression and extract the

adjusted in-sample R2, i.e., R̄2. To determine the corresponding signi�cance,

we use an F -test.

Table 5.6 shows a solid predictability across all metal futures over all

time periods. Analyzing the full sample, we �nd R̄2s ranging from 7.46 %

for silver to 19.51 % for platinum. By analyzing the post �nancialization

period, we notice an improvement in the predictability for all metals, except

10Due to limited data availability, we cannot provide out-of-sample results for
recessions.
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for copper. The R̄2s span from 12.49 % for silver to 28.31 % for gold. When

di�erentiating between expansions and recessions, we observe a substantial

improvement in return predictability, except for palladium in recessions.

In particular, we �nd a superior performance for copper and platinum in

recessions, indicated by R̄2s of 79.63 % and 64.62 %, respectively.

Table 5.6: Return Predictability: Model Selection Approach

This table reports the regression results of monthly excess returns [name in row] on

a constant and the lagged predictive variable(s) based on a model selection approach.

We predict the next year's excess return. Statistical inferences are based on an F-test

(in-sample), and on the MSFE-adjusted test statistic with robust Newey & West (1987)

standard errors (12 lags) following Clark & West (2007) (out-of-sample). For the

in-sample analysis, we run a multiple predictive regression containing all signi�cant

variables (at least at the 10 % signi�cance level) determined by a prior kitchen sink

regression. For the out-of-sample analysis, we �rst run a kitchen sink regression to

determine the signi�cant variables (at least at the 10 % signi�cance level). Subsequently,

we use a mean forecast combination approach using all signi�cant variables. R̄2 and

R2
oos are the in-sample adjusted and out-of-sample R2, respectively. ∗, ∗∗, ∗∗∗ indicate

the signi�cance at the 10 %, 5 %, and 1 % signi�cance levels, respectively. All data are

sampled at the monthly frequency.

Commodity Statistic Full Post Expansion Recession
Sample Financialization

Copper R̄2 11.05*** 2.34** 42.30*** 79.63***
R2

oos 3.13 -5.06 12.56

Gold R̄2 9.33*** 28.31*** 49.09*** 44.96***
R2

oos 14.38** 18.57* 18.00**

Palladium R̄2 17.52*** 19.05*** 28.79*** 0.00***
R2

oos 14.26 -13.92 -12.20

Platinum R̄2 19.51*** 26.46*** 34.53*** 64.62***
R2

oos 2.31* 3.30* 3.81

Silver R̄2 7.46*** 12.49*** 40.97*** 40.47***
R2

oos 14.17 -1.06 14.77**

Out-of-Sample Results Analogously to the in-sample analysis, we proceed

out-of-sample similarly. In the �rst step, we run a kitchen sink regression

to determine the variables that are signi�cant at at least the 10 %
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signi�cance level. Afterwards, we use a mean forecast combination approach

to determine the out-of-sample forecast and the corresponding R2
oos.

Following Rapach et al. (2010), forecast combinations might lead to

an improvement of the out-of-sample predictability. On the one hand,

forecast combinations aggregate information of multiple variables, and thus,

providing more stable out-of-sample forecasts by reducing the forecast

volatility. On the other hand, forecast combinations incorporate information

about the state of the real economy. The authors argue that mean forecast

combinations provide evidence for a superior performance, despite its

simplicity.11 In doing so, we compute the combined out-of-sample forecast

as:

êrc,oost+12 =
1

M

M∑
m=1

êrm,oost+12 , (5.7)

where êrc,oost+12 is the combined out-of-sample forecast, and êrm,oost+12 the

individual out-of-sample forecast of the (at the at least 10 % level

signi�cant) predictor m, where m = 1, ...,M . To determine the signi�cance

of the R2
oos, we use the MSFE-adjusted test statistic of Clark & West

(2007).12

In Table 5.6, we �nd a substantial improvement of the out-of-sample

predictability, in particular for gold, indicated by R2
ooss of 14.38 % and

18.57 % analyzing the full sample and the post �nancialization period,

respectively. Moreover, platinum provides evidence for a strong return

predictability, indicated by R2
ooss of 2.31 % and 3.30 %, respectively. In

the case of silver, we observe a notable predictive power in expansions

(R2
oos = 14.77 %).

11Further alternatives are the median and trimmed mean forecast combination
approaches. We obtain similar results, when using these approaches rather than the
mean forecast combination approach.

12Further information about the MSFE-adjusted test statistic can be found in Section
D.2 in the Appendix to this chapter.
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Overall, the model selection approaches provide evidence for an

improved performance predicting the next year's futures excess return.

The �ndings suggest that aggregated information might lead to a superior

performance, especially in the case of gold and platinum.

CDSFE Figure 5.1 shows the in- and out-of-sample CDSFE plots for each

metal commodity based on the model selection approaches. Here, the dashed

(blue) curve represents the in-sample performance, whereas the solid (red)

curve the out-of-sample one. For all metal commodities, we observe both

an increasing in- and out-of-sample performance over time, indicating the

superior performance of the unrestricted model relative to the historical

mean as naive benchmark. We also notice that during recessions a decline

is observable, however, short-lasting only.

Overall, the CDSFE plots provide evidence for return predictability

over the entire time period, on average. In particular in the time periods

between crises, we observe years of high and stable predictability. This

�nding is a result of the aggregation of the information incorporated

in di�erent variables, justifying the application of the mean forecast

combination approach. Accordingly, our �ndings do not con�rm the previous

results of Goyal & Welch (2008) who argue that return predictability is

mainly driven by crises.

5.3.4 Economic Value Analysis

Next, we examine whether return predictability also translates to

economic gains. The results are presented in Table 5.7 for di�erent sample

periods. In doing so, we assume an investor with mean�variance preferences

who decides to allocate a fraction ωt of her wealth to the risky portfolio

and the remainder, i.e. 1−ωt, to the risk-free asset. The investor's objective
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Figure 5.1: Return Predictability (Model Selection Approach)

This �gure plots the in- and out-of-sample performances predicting the next year's

excess return based on a model selection approach. For the in-sample analysis, we run

a multiple predictive regression containing all signi�cant variables (at least at the 10 %

signi�cance level) determined by a prior kitchen sink regression. For the out-of-sample

analysis, we �rst run a kitchen sink regression to determine the signi�cant variables (at

least at the 10 % signi�cance level). Subsequently, we use a mean forecast combination

approach using all signi�cant variables. On the ordinate, there are the cumulative

di�erences in squared forecast errors (CDSFE). The in-sample performance is the

di�erence between the cumulative squared demeaned excess return from the restricted

model and the cumulative squared regression residual from the unrestricted model,

whereas the out-of-sample performance is the di�erence between the cumulative squared

forecast error from the restricted model and the cumulative squared forecast error of the

unrestricted model. The grey bars indicate the U.S. recessions, published by the NBER.

The sample period spans from August 1988 to December 2017. All data are sampled at

the monthly frequency.
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function reads as follows:

max
wt

Et

(
Rp,t+12 −

γ

2
σ2
p,t+12

)
, (5.8)

where Et(·) is the expectation operator, σ2
p,t+12 the conditional variance of

the portfolio from t to t+12, and γ is the coe�cient of relative risk-aversion.

Rp,t+12 is the next-period's (simple) return on the investor's portfolio. To

address the fact that our analysis is based on log rather than simple returns,

we use a second-order Taylor expansion to convert the returns.13 Thus, we

can express the objective function as follows:

max
wt

Et

(
rp,t+12 −

γ − 1

2
σ2
p,t+12

)
, (5.9)

where rp,t+12 is the log-return on the portfolio, and σ2
t+12 is estimated using

a �ve-year rolling window.

Optimizing Equation (5.9), we obtain the optimal weight invested in

the risky asset (Jordan et al., 2014):

ωt =
Et(ert+12 + 1

2
σ2
t+12)

γEt(σ2
t+12)

=
Et(ert+12)

γEt(σ2
t+12)

+
1

2γ
, (5.10)

Equation (5.10) shows that the optimal weight depends on the expected

futures excess return, the coe�cient of relative risk-aversion, and the

expected variance.

For each month in our out-of-sample analysis, we compute the weight

ωt and also the realized return of the portfolio. We impose the restriction

that whenever the forecast of the market excess return in Equation (5.10)

equals zero, we set the portfolio weight equal to 1/(2γ). Further, following

Campbell & Thompson (2008) and Jordan et al. (2017), we impose the

restriction that ωt has to be between 0 and 1.5.14 Finally, we compute the

13The second-order Taylor expansion leads to the following relationship: rt ≈ Rt− 1
2σ

2
t ,

where rt, Rt, and σ
2
t are the log-return, simple return, and variance at time t, respectively.

Accordingly, we use the log-return and variance to express the simple return.
14In doing so, we avoid short-selling and an extensive leverage of the risky asset.
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certainty equivalent return (CER) as:

CER = R̄p −
γ

2
σ2
p, (5.11)

where R̄p is the average return on the portfolio, and σ2
p is the variance of

the portfolio returns. Further, we de�ne the utility gain (∆CER) as the

di�erence between the CER of a strategy assuming that excess returns are

predictable using Xt, and the CER of the benchmark strategy that assumes

that returns are unpredictable.

Table 5.7 provides the results for di�erent coe�cients of relative

risk-aversion. Assuming γ = 3, we �nd positive utility gains for all metals

ranging from 0.65 % p.a. for silver to 2.18 % p.a. for gold. Copper represents

an exception by showing a slightly negative ∆CER for the full sample.

Examining the post �nancialization period, we �nd that all metals, except

palladium, provide evidence for positive utility gains up to 1.55 % p.a. for

gold. Moreover, in expansions, all metal commodities exhibit positive utility

gains up to 4.41 % p.a. for silver.

Table 5.8 reports the utility gains taking transaction costs into account.

Here, we follow Balduzzi & Lynch (1999) and assume transaction costs

of 50 basis points per transaction proportional to the asset's traded size

|ωt+12 − ωt+ |, where ωt+ is the portfolio weight before re-balancing at t +

12. We observe that our main results are almost unchanged when taking

transaction costs into account. E.g., an investor relaying on the aggregated

information when predicting gold excess returns, would earn an utility gain

of now 2.14 % p.a. (rather than 2.18 % p.a.).

Overall, the results provide evidence that return predictability also

translates to economic gains. When relying on the aggregated information,

investors might earn substantial utility gains. We notice that transaction

costs do not systematically a�ect our results.
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Table 5.7: Economic Value

This table reports utility gains based on the mean forecast combination approach,

assuming that the combined forecast predicts excess returns. The historical mean return

serves as naive benchmark. ∆CER is the (annualized) utility gain relative to a naive

strategy that assumes that excess returns are unpredictable. All data are sampled at the

monthly frequency.

Panel A: γ = 3

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.04 0.48 1.99 �
Gold ∆CER 2.18 1.55 3.92 �
Palladium ∆CER 1.42 -0.36 0.09 �
Platinum ∆CER 1.00 0.09 1.75 �
Silver ∆CER 0.65 0.54 4.41 �

Panel B: γ = 6

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.65 0.23 0.90 �
Gold ∆CER 1.93 2.98 1.99 �
Palladium ∆CER 0.62 -0.16 0.03 �
Platinum ∆CER 0.38 0.04 0.81 �
Silver ∆CER -4.97 0.12 2.04 �

Panel C: γ = 9

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.53 0.15 0.58 �
Gold ∆CER 0.78 2.29 1.26 �
Palladium ∆CER 0.39 -0.10 0.02 �
Platinum ∆CER 0.23 0.03 0.52 �
Silver ∆CER -3.78 0.07 1.27 �

Panel D: γ = 12

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.43 0.11 0.43 �
Gold ∆CER 0.04 1.64 0.92 �
Palladium ∆CER 0.29 -0.07 0.01 �
Platinum ∆CER 0.16 0.02 0.38 �
Silver ∆CER -3.01 0.05 0.91 �
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Table 5.8: Economic Value and Transaction Costs

This table reports utility gains based on the mean forecast combination approach,

assuming that the combined forecast predicts excess returns. We assume transaction

costs of 50 basis points per transaction proportional to the asset's traded size. The

historical mean return serves as naive benchmark. ∆CER is the (annualized) utility

gain relative to a naive strategy that assumes that excess returns are unpredictable. All

data are sampled at the monthly frequency.

Panel A: γ = 3

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.08 0.48 2.00 �
Gold ∆CER 2.14 1.50 3.82 �
Palladium ∆CER 1.39 -0.37 0.09 �
Platinum ∆CER 0.97 0.09 1.69 �
Silver ∆CER 0.61 0.50 4.35 �

Panel B: γ = 6

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.67 0.24 0.90 �
Gold ∆CER 1.90 2.94 1.93 �
Palladium ∆CER 0.61 -0.16 0.03 �
Platinum ∆CER 0.37 0.05 0.79 �
Silver ∆CER -5.01 0.09 1.99 �

Panel C: γ = 9

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.54 0.16 0.58 �
Gold ∆CER 0.74 2.27 1.22 �
Palladium ∆CER 0.39 -0.11 0.02 �
Platinum ∆CER 0.22 0.03 0.50 �
Silver ∆CER -3.81 0.05 1.24 �

Panel D: γ = 12

Commodity Statistic Full Post Expansion Recession
Sample Financial.

Copper ∆CER -0.44 0.12 0.43 �
Gold ∆CER 0.02 1.61 0.89 �
Palladium ∆CER 0.28 -0.08 0.01 �
Platinum ∆CER 0.15 0.02 0.37 �
Silver ∆CER -3.03 0.04 0.89 �
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5.4 Predictability by the ADS Index

In this section, we analyze the relationship between metal futures excess

returns and the ADS index. In the �rst step, we introduce the ADS index,

and in the second one we examine the informative value.

5.4.1 ADS Index

The ADS index is developed by Aruoba et al. (2009) and represents a

measure of macroeconomic activity, and thus of business conditions in real-

time. The importance to have aggregated business conditions in real-time

arises from the fact that economic agents make decisions in real-time. This

includes, among many others, policy makers, central banks, and investors.

Using a variety of information, the authors are able to track business

conditions over time. In doing so, they use a dynamic factor model to

deal with potential co-movements of business cycles with related variables.

Moreover, they employ business conditions indicators, measured at low and

high frequencies, to extract relevant information, e.g., about asset prices, the

term premium, the payroll employment, initial jobless claims, and the GDP.

The index is zero on average, thus, a positive (negative) value represents

business conditions above (below) the average conditions.

5.4.2 Informative Value of the ADS Index for Metal

Futures Returns

Figure 5.2 shows the monthly development of the ADS index and of

the metal futures excess returns. We observe that particularly in crises, the

metal excess returns move into the same direction as the ADS index. To
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Figure 5.2: Development of ADS Index and Metal Futures
Excess Returns

This �gure plots the development of the ADS index and the development of the monthly

metal futures excess returns over time. The grey bars indicate the U.S. recessions,

published by the NBER. The sample period spans from August 1988 to December 2017.

All data are sampled at the monthly frequency.
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deepen the analysis, Panel A of Table 5.9 reports the correlations between

the ADS index and the metal excess returns over di�erent sample periods.

Table 5.9: Correlations and Return Predictability of ADS Index

This table reports results related to the ADS index. Panel A shows the correlations

between the ADS index and the annual metal futures excess returns over di�erent time

periods. Panel B shows the regression results of monthly excess returns [name in column]

on a constant and the lagged ADS index. We predict the next year's excess return.

Statistical inferences are based on a bootstrapped distribution following Rapach & Wohar

(2006). R2 and R2
oos are the in-sample and out-of-sample R2, respectively. ∗, ∗∗, ∗∗∗

indicate the signi�cance at the 10 %, 5 %, and 1 % signi�cance levels, respectively. All

data are sampled at the monthly frequency.

Panel A: Correlations

Time Period Copper Gold Palladium Platinum Silver

Full Sample -0.03 -0.28 0.21 0.02 -0.05
Post Financial. -0.01 -0.13 0.06 -0.05 -0.02
Expansion -0.04 -0.41 0.54 -0.04 -0.06
Recession -0.53 -0.45 -0.60 -0.45 -0.57

Panel B: Return Predictability (Full Sample)

Statistic Copper Gold Palladium Platinum Silver

R2 0.89* 7.69*** 2.50** 0.06 0.72
R2

oos -5.26 8.21*** -47.42 -3.68 -0.74
t-stat (-1.74) (-5.31) (2.59) (-0.47) (-1.57)

In the case of copper, platinum, and silver we observe small negative

correlations with the ADS index in the range of �0.01 and �0.06 over

the full sample, the post �nancialization period, and in expansions. Gold

exhibits a strong negative correlation of �0.28 (full sample), �0.13 (post

�nanzialization), and �0.41 in recessions. In contrast, palladium shows a

slight positive correlation over the post �nancialization period (0.06), but

strong positive correlations over the full sample (0.21) and in expansions

(0.54). Interestingly, all metal commodities have in common a strong
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negative correlation with the ADS index in recessions ranging from �0.45

for gold and platinum, to �0.60 for palladium. Thus, the results show that

the ADS index has most explanatory power for metal future excess returns

during recessions.

Panel B of Table 5.9 reports the in-sample and out-of-sample results

predicting the next year's excess return based on the ADS index. In doing

so, we use the same methodology as in our previous section, however, using

the ADS index as predictive variable. In-sample, we observe signi�cant R2s

in the case of copper (R2 = 0.89 %), palladium (R2 = 2.50 %), and gold

(R2 = 7.69 %). For platinum and silver, we �nd positive but insigni�cant

R2s. Thus, the ADS index seems to have in-sample predictive power for at

least three of �ve metal commodities.

Analyzing the return predictability out-of-sample, we �nd that the ADS

index has strong predictive power for gold excess returns, indicated by an

R2
oos of 8.21 %. The results suggest that the ADS index is a reliable predictor,

at least for gold excess returns.

Figure 5.3 plots the in- and out-of-sample performances related to the

ADS index. In particular in the case of gold, we observe a superior predictive

power, indicated by increasing CDSFE curves. Moreover, in the case of

copper, palladium, platinum, and silver we notice a sharp decline during the

global �nancial crisis, indicating an inferior performance of the unrestricted

relative to the restricted model.
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Figure 5.3: Return Predictability (ADS Index)

This �gure plots the in- and out-of-sample performances predicting the next year's

excess return based on the ADS index. On the ordinate, there are the cumulative

di�erences in squared forecast errors (CDSFE). The in-sample performance is the

di�erence between the cumulative squared demeaned excess return from the restricted

model and the cumulative squared regression residual from the unrestricted model,

whereas the out-of-sample performance is the di�erence between the cumulative squared

forecast error from the restricted model and the cumulative squared forecast error of the

unrestricted model. The grey bars indicate the U.S. recessions, published by the NBER.

The sample period spans from August 1988 to December 2017. All data are sampled at

the monthly frequency.
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5.5 Conclusion

This chapter performs a comprehensive study of metal futures excess

return predictability using 12 variables that are supposed to predict stock

returns. We also focus on the identi�cation of years of high and low

predictability. We �nd a substantial degree of predictability both in-

and out-of-sample. Mean forecast combinations provide evidence for an

improved out-of-sample predictability. Gold returns appear to be best

predictable. A timing strategy leads to utility gains of 2.18 % p.a.

Moreover, we analyze the ADS index, which captures business

conditions in real-time, to examine the potential e�ects on metal returns

and on the behavior over business cycles. We �nd that the ADS index

incorporates relevant information for metal returns. It turns out to be a

strong predictor for gold returns.
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D Appendix

In this section, we provide additional material for Chapter 5: �Return

Predictability in Metal Futures Markets: Is it there?�.

D.1 Bootstrap Procedure

To implement the bootstrap algorithm, we follow Rapach & Wohar

(2006). In doing so, we assume a data generating process under the null

hypothesis of no predictability, i.e.:

ert = a0 + εr,t, (D.1)

Xt = b0 + b1Xt−1 + εu,t, (D.2)

where ert and Xt are the excess return and the predictive variable at

month t, respectively. a0, b0 and b1 are the intercept and slope parameters,

respectively. εt =
(
εr,t, εu,t)

′
is a vector of errors that are assumed to be

independently and identically distributed. We assume that the predictive

variable follows an AR(1) process (Goyal & Welch, 2008).

Next, we estimate Equations (D.1) and (D.2) via OLS and obtain the

corresponding residuals, i.e., ε̂t =
(
ε̂r,t, ε̂u,t

)′
. Afterwards, we generate a

series of pseudo errors {ε̂∗t}T+100
t=1 , by drawing randomly with replacement T+

100 times from the OLS residuals. To retain the contemporaneous structure

between the errors, we draw from the OLS residuals in tandem.

To compute our pseudo sample of T + 100 observations for ert and Xt,

i.e., {er∗t , X∗t }T+100
t=1 , we proceed as follows. First, we de�ne â0, b̂0, and b̂A1

as the OLS estimates of the intercept and slope parameters in Equations

(D.1) and (D.2), respectively, where the bias adjustments in Shaman &

Stine (1988) are used. Second, we take the estimates and {ε̂∗t}T+100
t=1 , and

using Equations (D.1) and (D.2) to compute our pseudo sample. Here, we
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set the initial values in Equation (D.2) equal to zero. Third, we drop the

�rst 100 observations of our pseudo sample to obtain the same size as our

original sample.

Next, using our pseudo sample, we compute the (in-sample) t-statistic

of the unrestricted model, and the (out-of-sample) MSE − F statistic. We

repeat the algorithm 1,000 times obtaining an empirical distribution of the

respective statistic. Finally, to compute the p-values, we also calculate the

in- and out-of-sample statistics using the original sample. The corresponding

p-value is de�ned as the proportion of the respective bootstrapped statistic

that is greater than the real statistic.

D.2 MSFE-adjusted Test Statistic

The R2
oos is a point estimate, thus, the forecast accuracy is sensitive,

among others, to the sample size (Zhu & Zhu, 2013). To test whether the

unrestricted and the restricted models are statistically di�erent, we can use

the MSFE-adjusted test statistic, developed by Clark & West (2007). The

statistic is an adjusted version of the Diebold & Mariano (1995) and West

(1996) statistic and examines the null hypothesis that R2
oos ≤ 0. Thus, the

statistic is applicable for nested models. The asymptotic distribution of the

nested model forecasts can be well approximated by the standard normal

distribution. Moreover, in �nite samples the MSFE-adjusted test statistic

also performs quite well (Rapach & Zhou, 2013).

Following Rapach & Zhou (2013), we divide the number of total

observations T into an in-sample estimation period comprising the �rst R

observations and an out-of-sample period comprising the last N = T − R

observations, where s = 1, ..., N . To compute the MSFE-adjusted test
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statistic, we �rst de�ne:

d̃R+s = ε̂2r,R+s − [ε̂2u,R+s − (ērR+s − êru,R+s)
2], (D.3)

where, ε̂2r and ε̂
2
u are the squared out-of-sample errors from the restricted and

unrestricted model, respectively. ēr is the average excess return, and êru the

forecast of the excess return of the unrestricted model based on predictorXt.

Finally, we regress d̃R+s on a unit vector of length N without intercept. The

MSFE-adjusted test statistic is then equal to the corresponding t-statistic,

considered as one-sided test.
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Chapter 6

The Economic Sources of

Return Anomalies: Evidence

from Commodity Futures

Markets∗

6.1 Introduction

Do equity market anomalies also exist in commodity markets? This

question is far less trivial than it sounds at �rst glance. There are substantial

institutional di�erences between equity and commodity markets, which we

make use of to uncover the economic sources of these anomalies.

Harvey et al. (2016) document 316 anomalies in the cross-section of

stock returns. Many of these anomalies are based on ad hoc measures

∗This chapter is based on the Working Paper �The Economic Sources of Return
Anomalies: Evidence from Commodity Futures Markets� authored by Fabian Hollstein,
Marcel Prokopczuk, and Björn Tharann, 2018.
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without stringent theoretical motivation. Among those that are theoretically

motivated, they can be broadly sorted into three main categories. Part of the

anomalies can be explained (i) rationally as re�ecting some underlying form

of systematic risk (e.g., Fama & French, 1993; Berk et al., 1999; Johnson,

2002; Liu & Zhang, 2008; Fama & French, 2015), others are motivated

(ii) by irrational behavior, mostly of individual investors (e.g., De Long

et al., 1990a; Daniel et al., 1998; Hong & Stein, 1999; Daniel et al., 2002;

Diether et al., 2002; Baker & Wurgler, 2006; Hirshleifer et al., 2006; Baker

et al., 2007; Hirshleifer & Jiang, 2010), and with (iii) limits to arbitrage

(e.g., Jarrow, 1980; Mayshar, 1981; Shleifer & Vishny, 1997; Mitchell et al.,

2002; Acharya et al., 2011; Baker et al., 2011; Ljungqvist & Qian, 2016).

Typically, for behavioral price impact to prevail in the market, one needs

both (ii) (behavioral biases of investors) and (iii) (limits to arbitrage).

The main contribution of this chapter is to organize the anomaly zoo, by

examining the underlying causes of the subset of anomalies that constitutes,

in our view, the most relevant issues. To do so, we examine whether the

anomalies found in equity markets are also present in commodity futures

markets. Using the speci�c features of commodity futures markets, we are

able to evaluate how likely the di�erent theoretical explanations, suggested

in the previous literature, can be seen as causes for the respective anomalies.

In general, individual investors are considered to be more heavily

a�ected by behavioral biases than institutional investors (e.g., Long,

Shleifer, Summers, & Waldmann, 1990; Lee, Shleifer, & Thaler, 1991;

Yu & Yuan, 2011; Stambaugh, Yu, & Yuan, 2012). Thus, the larger the

fraction of traders (and actual trades) of retail investors in the market, the

higher the likelihood that market prices will be a�ected by these cognitive

biases. Among many others, De Bondt & Thaler (1985), Long, Shleifer,

Summers, & Waldmann (1991), Barberis, Shleifer, & Vishny (1998), and

Boyer, Mitton, & Vorkink (2009) argue and demonstrate how investors'
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behavioral biases can impact equity prices. In order for those e�ects to be

sustained in the market, behavioral �nance typically has, beside cognitive

biases, a second cornerstone: limits to arbitrage. In the real world, for several

reasons, making use of price deviations from fundamental values is not as

easy as theory might suggest. First, there is fundamental risk, i.e., the risk

that the fundamental value of an asset may change while the �arbitrage�

position is still open. Second, due to noise trader risk (e.g., De Long et al.,

1990a; Shleifer & Summers, 1990) the price may deviate even further from

the fundamental value in the short-term, and, third, there are costs of

implementing an arbitrage trade. These implementation costs consist of

initial short-selling constraints. On the one hand, there are direct costs to

shorting (D'Avolio, 2002) and, on the other, since short positions can be

recalled at any time, such forced liquidation poses a severe challenge for

arbitrageurs, especially in the interaction with noise trader risk (Shleifer &

Vishny, 1997). Furthermore, many institutional investors acting in equity

markets, such as pension funds, face charters that prohibit them from taking

short positions, even when there are only small costs and risks associated

with a potential arbitrage trade.

While the above issues facilitate the behavioral biases that are re�ected

in stock markets, each of these issues can be attenuated or even vanish

entirely in the case of commodity futures markets. First, there are far

more institutional investors relative to individual investors that trade in
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commodity markets.1 Thus, it is far less likely that commodity futures

prices will incorporate any price deviations caused by these cognitive

biases. Furthermore, hedgers and speculators usually face no institutional

restrictions on taking short positions in commodity futures markets. Second,

commodity futures markets are also likely to be much less populated

with noise traders, who are typically assumed to consist of uninformed

(or wrongly-informed) retail traders.2 Finally, the limits to arbitrage are

considerably less severe for commodity futures markets. Commodity prices

are typically strongly mean-reverting (Bessembinder, Coughenour, Seguin,

& Smoller, 1995), which clearly reduces the fundamental risk of an arbitrage

strategy.3 Furthermore, as opposed to equities, commodities are very easy

to short. Short-selling does not require the borrowing of a commodity from

an institutional investor. One simply takes the short position in the futures

contract. Thus, there are only small direct trading costs and essentially

no (external) risk that one has to close the position in an adverse market

1The Commodity Futures Trading Commission (CFTC) reveals information about
traders in commodity markets. Based on the size of their open interest, the CFTC
classi�es traders into reportable and non-reportable traders. The �rst category is
further classi�ed into commercial (hedgers) and non-commercial (speculators) traders,
which account for 70�90 % of the total open interest across commodity markets. The
CFTC has an institutionalized system for classifying the traders that imposes �strict
requirements�. Thus, individual investors, which constitute a part of the non-reportable
traders, represent only a small fraction in commodity futures markets and should have
a negligible e�ect on futures prices. On the other hand, for the equity market, Blume
& Keim (2017) report that the ownership of institutional investors made up to 67 % at
the end of 2010. Moreover, one has to bear in mind that institutional investors in equity
markets consist of a large share of passive index investors who do not participate actively
in the price building mechanism at all. In commodity markets, on the other hand, all
institutional investors have to trade since the futures expire regularly.

2Additionally, Palomino (1996) shows that, especially in markets populated by only
few investors, noise traders can have severe impacts on prices, making arbitrageurs
unwilling to trade in these markets at all. For commodity futures, beside likely fewer
noise traders, there are typically far more active traders than for most single stocks in
equity markets.

3Erb & Harvey (2016) further show that the correlation of commodity index returns
with roll yields is very high in the long run. Bessembinder (2018) argues that this �nding
is consistent with mean-reversion in spot prices: roll yields should have substantial ex-post
explanatory power for futures returns in the long run.

289



CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS

situation. The fact that commodity futures markets are highly e�cient is

also underlined by Roll (1984), who shows that the futures prices for frozen

concentrated orange juice provide better weather forecasts for the main

production region in central Florida than the National Weather Service.

Commodity futures markets thus provide an ideal testing ground to

examine whether return anomalies are caused by behavioral mechanisms or

if it is more likely that rational risk-based explanations are the primary

channel. If we �nd equity anomalies that do not prevail in commodity

futures markets, this indicates that cognitive biases may drive them.4 On

the other hand, if we �nd these anomalies with a similar magnitude in

commodity futures markets, it is likely that the sorting characteristics

employed somehow represent exposure to underlying aggregate risk factors.

To set the stage, we �rst show that the presence of non-institutional

investors, among which we typically suspect noise traders, is essentially

unrelated to sentiment in commodity futures markets. Reassured by this,

we then test and compare all anomalies with those of previous studies in the

equity literature and evaluate di�erent theories for the causes. Using simple

portfolio sorts with a holding period of one month, we �nd distinct patterns

in the anomalies we study. For many anomalies detected in the equity

literature, we do not detect signi�cant return premia in commodity futures

markets. The main anomalies for which this is the case are downside beta,

idiosyncratic volatility, and the MAX measure. Thus, it is very likely that

behavioral theories suggested for explaining these anomalies (Ang, Chen,

& Xing, 2006a; Boehme, Danielsen, Kumar, & Sorescu, 2009; Bali, Cakici,

& Whitelaw, 2011), are the underlying causes. On the other hand, we �nd

4Gromb & Vayanos (2010) argue that institutional frictions are another potential
mechanism, beside behavioral biases, that can generate demand shocks which lead to
mispricing. Following their logic, it is possible that e�ects that we �ag as behaviorally-
based are in fact generated by these frictions. However, it is hard to come up with
compelling examples. We regard it as unlikely that institutional frictions systematically
a�ect the cross-section of stock returns (aligned with certain anomaly characteristics).
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anomaly returns of similar magnitude for jump risk, skewness, momentum,

and volatility-of-volatility. These �ndings indicate that there are systematic

risk-based explanations for these anomalies.

We test the robustness of our results in several dimensions. Using

cross-sectional Fama & MacBeth (1973) regressions, we reach very similar

conclusions. We also obtain largely similar results when building di�erent

numbers of portfolios (2, 3, 4, or 5) and for several subsample periods.

Interestingly, for the post-�nancialization period, it seems that the MAX

measure is much more strongly priced.5 Finally, we examine a longer holding

period of 1 year, which also generates very similar results. One intriguing

exception is momentum, which works far less well for an annual compared

to a monthly holding period.

One might argue in the spirit of, e.g., Akbas, Armstrong, Sorescu, &

Subrahmanyam (2015) and Edelen, Ince, & Kadlec (2016) that part of the

institutional investors are also prone to behavioral biases.6 This does not

run counter to our main argumentation. Even if behavioral biases a�ect

commodity futures prices, due to the lack of short-selling constraints, some

smart arbitrageurs among the institutional investors su�ce to eliminate

these and make markets e�cient.

It is also possible that the holding costs, as opposed to direct trading

costs are a major concern impeding arbitrage. Holding costs consist of

opportunity costs of capital and idiosyncratic risk (Ponti�, 2006). Since

futures only require a limited amount of direct collateral (margins), the

major source of holding costs in commodity futures markets is idiosyncratic

volatility. We cannot entirely rule out that idiosyncratic volatility may a�ect

5The post-�nancialization period starts with the introduction of the Commodity
Futures Modernization Act (CFMA) in December 2000.

6The introduction of many commodity-related exchange traded funds (ETFs)
also provides retail investors with exposure to commodity markets. However, these
instruments provide symmetric exposure to the entire commodity market and do not
constitute cross-sectional di�erences in commodity returns.
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our results. Thus, our tests provide an upper bound of rational anomalies.

It remains possible that anomalies that we �ag as rational are in fact

behaviorally based. However, the fact that idiosyncratic volatility is not

priced in commodity markets re-assures us in our main interpretations.7

Other studies try to answer somewhat similar research questions to ours

by examining whether return anomalies are particularly strong in times of

high sentiment. Stambaugh et al. (2012) examine several equity anomalies

and document that these are stronger, in particular due to the short leg,

following periods of high sentiment. As opposed to theirs, our examination

is model-free in that it does not require measurement of the inherently

hard-to-capture �sentiment�. We also show that the share of institutional

investors in commodity markets is essentially unrelated to sentiment.

Related to the above, Cochrane (2005b) argues that one can simply

check if an anomaly is based on behavioral biases by testing if the asset

returns can be explained by an anomaly-factor. If these assets move

together, the pattern is not exploitable without taking systematic risk. On

the other hand, Kozak, Nagel, & Santosh (2017) argue that part of the

mispricing created by behavioral biases is related to factor-created common

movement in returns and cannot be easily arbitraged away without exposure

to factor risk. Thus, this simple factor-based approach is less suitable to

examine our main research question.

Drechsler & Drechsler (2014) show that investors require a compensa-

tion for shorting stocks, the shorting premium, and that equity anomalies

are stronger the higher the lending fees are. Engelberg, Reed, & Ringgenberg

(2018) also demonstrate that short-selling risk represents a substantial limit

7In the stock market, idiosyncratic risk is priced negatively. Stocks with high
idiosyncratic volatility appear to be overpriced. One potential explanation is that this
overpricing is not arbitraged away due to high holding costs induced by idiosyncratic
volatility. Apart from the question why only overpricing and not also underpricing is
not arbitraged away, this logic does not apply to commodity markets, where we cannot
detect any return premium for exposure to idiosyncratic volatility.
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to arbitrage in stock markets. Stocks facing higher short-selling risk are

associated with lower expected returns, a lower degree of market e�ciency,

and go along with less short-selling activity.8

Our study also relates to the commodity futures literature. Pre-

vious studies document that commodity-speci�c variables can predict

cross-sectional variation in returns. These variables include the average

commodity return (e.g., Yang, 2013), the shape of the term structure, the

hedging pressure (e.g., De Roon et al., 2000; Basu & Mi�re, 2013), or a

combination of these (e.g., Erb & Harvey, 2006; Gorton & Rouwenhorst,

2006; Szymanowska, Roon, Nijman, & Goorbergh, 2014; Bakshi et al., 2017;

Fernandez-Perez, Frijns, Fuertes, & Mi�re, 2018).

Some authors also examine the performance of strategies applied

in equity markets on commodity markets. Momentum-based strategies

generate substantial average returns in futures markets by going long (short)

a portfolio with the highest (lowest) 12-months performance (e.g., Gorton &

Rouwenhorst, 2006; Erb & Harvey, 2006; Asness, Moskowitz, & Pedersen,

2013). Szymanowska et al. (2014) also show that liquidity is positively priced

in the cross-section of commodity futures returns. Acharya et al. (2013) show

that when speculators face capital constraints, there are limits to hedging,

i.e., higher costs for hedgers.

Several studies argue that equity risk factors may not be perfectly

suited for pricing commodities (e.g., Daskalaki, Kostakis, & Skiadopoulos,

2014; Fernandez-Perez et al., 2018). It is likely that there are di�erent

types of fundamental risks driving stock and commodity markets. Yang

(2013) introduces a 2-factor model along with an average return factor

and documents the explanatory power for portfolios sorted according to

8Engelberg et al. (2018) �nd an annual 5-factor alpha of 9.6 % of a long�short
portfolio based on their short-selling risk proxy. They also show that this pattern is
even more pronounced at longer trading horizons.
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the basis. Szymanowska et al. (2014) provide evidence that a factor model

with an average return factor and a term structure factor notably explains

the cross-section of commodity futures returns sorted according to several

characteristics. Bakshi et al. (2017) state that a 3-factor model including a

momentum factor describes the cross-section of commodity futures returns

even more clearly. In addition, Fernandez-Perez et al. (2018) introduce a

4-factor commodity pricing model, augmented by a hedging pressure factor.

As a consequence, we need to be careful to examine the abnormal returns

of anomalies in commodity futures markets, with respect not only to equity

but also to commodity factors models. Typically, our results are very similar

across all factor models. It is thus unlikely that di�erences in systematic risk

materially a�ect our main conclusions.

The remainder of this chapter proceeds as follows. Section 6.2

introduces the data, factor models and variables. Section 6.3 presents our

main empirical results. Section 6.4 shows robustness results. Finally, Section

6.5 concludes.

6.2 Data & Methodology

6.2.1 Data

We retrieve futures and options data for 26 commodities from the

Commodity Research Bureau (CRB). All time series are denoted in U.S.

Dollar (USD). Our sample period spans the time from August 1959 until

December 2015. Table 6.1 provides an overview of the commodities and the

corresponding numbers of observations.

To avoid irregular pricing patterns in a futures contract maturities, we

roll the futures returns following Szymanowska et al. (2014) and Bakshi
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Table 6.1: Summary Statistics Monthly Commodity Excess
Returns

This table summarizes key statistics about monthly commodity excess returns. We

sample all data at the monthly frequency. �Average�, �Std Dev�, �Skewness�, and

�Kurtosis� denote the (annualized) mean, (annualized) standard deviation, skewness,

and kurtosis, respectively. The next two measures represent the 10 % and 90 % quantile,

respectively. �Nobs�, and �First Obs.� are the number of observations and the �rst

observation available, respectively.
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Brent Oil 0.0585 0.2914 1.1902 8.7608 −0.9654 1.1599 677 31.08.1959
Cocoa −0.0185 0.2411 1.1994 9.4976 −0.9239 0.8814 677 31.08.1959
Co�ee 0.1086 0.3275 0.4497 6.2880 −1.2030 1.3326 317 31.08.1989
Corn 0.0350 0.3055 0.6782 4.3679 −1.1818 1.4283 677 31.08.1959
Cotton 0.0772 0.3304 0.3714 5.5903 −1.2602 1.3579 393 29.04.1983
Feeder Cattle 0.0208 0.2363 0.6376 6.2230 −0.8689 0.8964 677 31.08.1959
Gold 0.0598 0.2646 0.4369 4.8893 −0.9420 1.1731 236 29.02.1996
Heating Oil 0.0368 0.1648 −0.4698 5.4982 −0.6045 0.6743 528 31.01.1972
High Grade Copper 0.0108 0.1935 0.4844 6.2515 −0.6962 0.7600 491 28.02.1975
Lean Hogs 0.1048 0.2650 0.1758 5.1679 −0.8796 1.2052 677 31.08.1959
Live Cattle 0.0799 0.3193 0.8946 7.4362 −1.2109 1.2593 445 29.12.1978
Lumber 0.0532 0.3263 1.6490 11.499 −1.1737 1.3338 586 31.03.1967
Milk 0.0532 0.3723 1.1827 6.5348 −1.3093 1.5145 520 29.09.1972
Natural Gas −0.0465 0.2713 0.0999 3.1760 −1.2144 1.1786 554 28.11.1969
Oats 0.0493 0.1623 −0.2492 5.4700 −0.5706 0.7009 612 29.01.1965
Oranges 0.0350 0.2513 0.1326 3.9913 −1.0414 1.0266 597 29.04.1966
Palladium −0.0824 0.4850 0.6014 4.3127 −2.0478 1.8740 308 31.05.1990
Platinum −0.0076 0.2910 2.3066 23.965 −1.0576 1.0048 677 31.08.1959
Rough Rice 0.1094 0.3475 0.3695 5.9824 −1.2187 1.4380 467 28.02.1977
Silver 0.0459 0.2733 0.4572 7.3223 −0.9768 1.0321 573 30.04.1968
Soybeans −0.0442 0.2682 1.0327 7.8229 −1.1480 1.0291 352 30.09.1986
Soybean Meal 0.0545 0.2575 1.4853 13.217 −0.7885 1.0095 677 31.08.1959
Soybean Oil 0.0561 0.4235 1.1669 6.5380 −1.5383 1.6760 659 28.02.1961
Sugar 0.0333 0.3105 0.7161 8.9322 −1.1201 1.2662 630 31.07.1963
Wheat 0.0954 0.2917 2.0091 18.720 −0.9204 1.1888 677 31.08.1959
WTI Oil −0.0127 0.2532 0.7644 6.8882 −0.9937 0.9848 677 31.08.1959

et al. (2017). We consider the nearest to maturity contract as the spot

contract and roll over the contracts during the month that is two months

prior to maturity. It is important to note that we sort the commodities and

hold commodity futures with �xed maturity. That is, we regularly roll the

commodity futures and our strategy earns only commodity futures spot, not
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term premia (Szymanowska et al., 2014).

The CRB does not provide unique strike prices for commodity options.

We therefore run an algorithm to determine the exact strike price.9 We

also check for standard no-arbitrage conditions and discard observations

not ful�lling these.10 We then compute the implied volatility following

Barone-Adesi & Whaley (1987), accounting for the early exercise premium

in American options. Finally, we impose a monotonicity condition so that

call (put) option prices of the same maturity decrease (increase) with the

strike price. Finally, to limit the e�ect of recording errors, we impose the

condition that deletes all options with implied volatility greater than three

times the median implied volatility.

We obtain the monthly time series of the S&P 500 total return index

from the Center for Research in Security Prices (CRSP) database. In

addition, we take the non-standardized S&P 500 index option data with

di�erent maturities from OptionMetrics. We take the factors for the Fama

& French (1996) 3-factor model, the Carhart (1997) 4-factor model, as well

as the Fama & French (2015) 5-factor model from Kenneth French's website.

Finally, we collect data on the holdings of investors classi�ed into di�erent

categories from the website of Commodity Futures Trading Commission

(CFTC). As risk-free rate, we use the 1-month Treasury Bill rate provided

by Kenneth French.

9The CRB �lls the actual strike price with zeros to obtain a 4-digit number. Therefore,
to �nd the exact strike price, we �rst divide the reported strike price by 1000, 100, 10, and
1, and then we minimize the distance between the early exercise payo� and the option
price, i.e., we compute εC,Ki

= |C−max (S−Ki, 0)| and εP,Ki
= |P−max (Ki−S, 0)| in

the case of calls and puts, respectively. C and P denote the call and put price, respectively.
S and Ki are the stock and strike price, respectively. We then take the strike price with
the smallest pricing error. Finally, repeating this procedure for every day, we compute
the mode of the strike price per contract.

10No-arbitrage states for calls and puts thatmax (K−St, 0) ≤ Pt ≤ K andmax (St−
K, 0) ≤ Ct ≤ St, respectively, where K is the option's strike price, and St, Pt, and Ct

are the time-t stock, put, and call prices, respectively.
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6.2.2 Factor Models

To test whether several characteristics are priced in the cross-section

of commodity futures returns, we examine the abnormal performance of

the strategies relative to both equity and commodity factor models. As

equity factor models, we use the Capital Asset Pricing Model (CAPM),

the Fama & French (1996) 3-factor model, comprising a market factor

(MRP ), a size factor (SMB), and a value factor (HML). We also use

the Carhart (1997) 4-factor model, which augments the 3-factor model by

a momentum factor (UMD). Finally, we take the Fama & French (2015)

5-factor model, incorporating the market, the size, the value, as well as a

pro�tability (RMW ) and an investment factor (CMA).

Under the law of one price and free portfolio formation, there exists

a unique stochastic discount factor (SDF) that prices all assets (Cochrane,

2005a). Given that theorem, asset pricing models for stocks should also have

explanatory power for the cross-section of commodity futures. However,

this is true only when equity and commodity markets are integrated.

Bessembinder (1992) studies commodity and currency futures, testing

integration against a general futures pricing function. The author shows

that equity and commodity markets are well but not perfectly integrated.

More recently, Daskalaki et al. (2014) argue that equity and commodity

markets are segmented rather than integrated in that di�erent factors price

equities and commodity futures.

Consequently, following Bakshi et al. (2017), we also use a 3-factor

commodity model, labeled as the BGR model, comprising a long-only

commodity factor (EW ), a term structure factor (TS), and a commodity

momentum factor (MOM). We also follow Fernandez-Perez et al. (2018)

and augment that model by a hedging pressure factor (HP ). The resulting

4-factor model is in the following labeled as the FFFM model. Section E.1
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of the Appendix to this chapter describes the construction of the factors in

more detail and Table 6.2 provides summary statistics of the factors.

6.2.3 Variables

Commodity Futures Excess Returns Following Gorton et al. (2012) and

Bakshi et al. (2017), we compute the simple return on a fully collateralized

futures position as

rt+1 =
Ft+1,T − Ft,T

Ft,T
+ rft , (6.1)

where Ft+1,T and Ft,T are the futures prices on the nearby contract with

expiration at T at the end of month t+ 1 and t, respectively. rft represents

the interest on a fully collateralized futures position. We therefore de�ne

the corresponding excess return on a fully collateralized futures position as

ert+1 = rt+1 − rft , (6.2)

where ert+1 denotes the excess return.11 We are cautious not to mix

information from di�erent futures contracts in the return computation in

that we always compute the returns comparing prices from one contract at

di�erent points in time (Singleton, 2013).

Characteristics We analyze several characteristics that have been intro-

duced and discussed in the literature. We study aggregate volatility (Ang,

Hodrick, Xing, & Zhang, 2006b; Cremers, Halling, & Weinbaum, 2015) and

aggregate jump risk (Cremers et al., 2015). We also examine co-skewness

(Harvey & Siddique, 2000), co-kurtosis (Dittmar, 2002), and downside beta

(Ang et al., 2006a). In addition, we consider historical moment measures

11Since we base our analysis on the most conservative position by using fully
collateralized futures positions, the mean return of our, e.g., 3�1 hedge portfolio is de�ned
as the di�erence between the half of the mean return on portfolio 3 and half of the mean
return on portfolio 1. The remaining half of the investment serves as collateral and earns
the risk-free interest rate.
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Table 6.2: Summary Statistics Factors and Characteristics

This table summarizes key statistics about the factors and characteristics used in

this chapter. We sample all data at the monthly frequency. �Average�, �Std Dev�,

�Skewness�, and �Kurtosis� denote the (annualized) mean, (annualized) standard

deviation, skewness, and kurtosis, respectively. The �nal two statistics represent the

10 % and 90 % quantiles, respectively.
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Factors
EW 0.0442 0.4724 0.1652 6.4959 −0.4918 0.5501
TS 0.0491 0.2740 −0.2475 3.6795 −0.2822 0.3628
MOM 0.0744 0.3295 0.0636 4.4322 −0.3234 0.4777
HP 0.0523 0.3939 0.0400 4.8443 −0.4304 0.5112
MRP 0.0599 0.5333 −0.5227 4.9253 −0.5798 0.6526
SMB 0.0304 0.3653 0.3733 6.2292 −0.4048 0.4384
HML 0.0415 0.3371 0.0456 5.1604 −0.3396 0.4482
UMD 0.0849 0.5079 −1.3695 13.715 −0.4728 0.5954
RMW 0.0293 0.2680 −0.3037 15.645 −0.2316 0.2771
CMA 0.0360 0.2415 0.2907 4.6797 −0.2344 0.3352
Characteristics
AggV olV IX 0.0108 0.1449 0.1980 3.5456 −0.1513 0.1762
AggV ol 0.0058 0.0781 −0.2629 3.9450 −0.0813 0.0919
AggJump −0.0025 0.0335 0.2899 3.6987 −0.0391 0.0350
CoSkew −1.0000 11.833 −0.0861 3.5506 −14.039 11.530
CoKurt −34.290 935.10 −0.0346 3.7577 −1044.5 947.03
DownBeta 0.1087 0.3063 0.0020 3.4029 −0.2203 0.4577
HistV ar 0.0774 0.0586 1.6070 6.0708 0.0286 0.1351
HistSkew −0.0703 1.0402 −0.2005 5.1713 −1.0628 0.8221
HistKurt 8.6770 8.5927 2.1915 7.8006 3.4744 15.639
IdioV olFF3 0.2520 0.0918 0.8388 3.9534 0.1593 0.3529
IdioV olBGR 0.2082 0.0698 0.8640 3.8496 0.1377 0.2887
ILLIQ 0.0003 0.0006 2.1051 6.8580 0.0000 0.0010
Momchar 0.0445 0.2889 0.2770 3.4417 −0.2658 0.3667
3Y Reversal 0.0481 0.1660 0.1474 3.2254 −0.1269 0.2392
5Y Reversal 0.0502 0.1300 0.2007 3.4487 −0.0862 0.1957
RNV ar 0.0768 0.0580 1.2762 4.9523 0.0295 0.1324
RNSkew 0.0360 0.5871 −0.2511 3.1161 −0.6023 0.6245
RNExKurt 2.4557 2.9468 1.5136 5.2971 0.4208 5.3778
MAX 0.0454 0.0192 1.1780 4.8505 0.0271 0.0657
V alue 0.9526 0.3349 −0.2655 9.7875 0.8708 1.0604
V oV 0.1457 0.0577 0.6413 3.0613 0.0908 0.2093
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(Amaya, Christo�ersen, Jacobs, & Vasquez, 2015), idiosyncratic volatility

(Ang et al., 2006b; Ang, Hodrick, Xing, & Zhang, 2009), and illiquidity

(Amihud, 2002). Finally, we examine past performance measures (De Bondt

& Thaler, 1985; Jegadeesh & Titman, 1993), measures characterizing

the risk-neutral distribution (Bakshi et al., 2003), a maximum return

measure (Bali et al., 2011), as well as value (Asness et al., 2013), and

volatility-of-volatility (Baltussen, Van Bekkum, & Van Der Grient, 2018).

Table 6.2 provides an overview of the characteristics, and Section E.2 of the

Appendix to this chapter describes the construction of the characteristics

in further detail.

6.3 Main Empirical Results

6.3.1 The Rationality of Commodity Markets

Yu & Yuan (2011) and Stambaugh et al. (2012), among others, suggest

that investor sentiment is directly related to the degree of market rationality.

The authors argue that high-sentiment periods are associated with higher

participation of noise traders in the market. Yu & Yuan (2011) assert

that these noise traders contaminate the mean�variance trade-o�, while

Stambaugh et al. (2012) show that several market anomalies are stronger

during high-sentiment periods.

To examine whether this channel also holds for commodity markets,

we use the CFTC data on institutional investor holdings as well as the

sentiment index of Baker & Wurgler (2006).12 We regress the change in the

percentage share of institutional investors in commodity markets (hedgers

12We use the sentiment index orthogonalized to macroeconomic variables. The data
are available on Je�rey Wurgler's website.
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and speculators) on the change in sentiment.13

In Table 6.3, we present the regression results. For 23 out of 26

individual commodities, we cannot reject the hypothesis that changes in

the share of institutional investors in commodity markets are unrelated to

changes in sentiment. Only for platinum do we �nd a signi�cantly negative

relation. For Brent oil and rough rice, we even detect a positive relation

between sentiment and the share of institutional investors in the commodity

market. Hence, there is no evidence to indicate that an increase in sentiment

does induce noise traders to enter the market.

This simple analysis underlines the notion that the impact of noise

traders is reduced substantially in commodity markets. Since noise traders

are an important ingredient for creating and sustaining �irrational� prices,

we are con�dent in our notion that commodity markets provide an excellent

environment to study the economic sources of return anomalies.

6.3.2 Summary Statistics

Table 6.1 reports summary statistics on the di�erent monthly commo-

dity futures excess returns. Examining the performance of the commodities,

we observe two-fold patterns. On the one hand, most commodity futures

perform exceptionally well as an investment over the time period under

investigation. Notable annualized mean excess returns are observable in

the case of co�ee (10.86 %), cotton (7.72 %), lean hogs (10.48 %), rough

rice (10.94 %), and wheat (9.54 %). On the other hand, some commodities

show a very poor performance, indicated by negative annualized mean

returns, and so re�ect recent developments in speci�c commodity markets.14

13To account for high autocorrelation and potential non-stationarity in the variables,
we use the changes instead of the levels of the variables. Using the levels, we obtain
qualitatively similar results.

14We may mention, among others, the development in the oil market due to the
introduction of fracking in the U.S., driving down the trading price of WTI oil.
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Examples are cocoa (�1.85 %), natural gas (�4.65 %), palladium (�8.24 %),

platinum (�0.76 %), soybeans (�4.42 %), and WTI oil (�1.27 %).15 Overall,

the patterns of our summary statistics are similar to those of Gorton &

Rouwenhorst (2006) and Bakshi et al. (2017).

Table 6.2 presents summary statistics on the factors and characteristics

under study. We observe thatMOM and UMD exhibit a similar magnitude

in annualized average returns (7.44 % and 8.49 %, respectively), but have

di�erent standard deviations (32.95 % and 50.79 %, respectively). Thus, it

seems that even though the risk premia appear similar on average, in equity

markets the momentum strategy is more volatile than that in commodity

markets.

We also observe that the idiosyncratic volatility under the BGR model

is lower than that under the Fama & French (1996) 3-factor model, indicated

by annualized average returns of 20.82 % and 25.20 %, respectively. The

BGR model thus appears to explain, on average, a larger fraction of the

variation in commodity returns compared to the 3-factor model. However,

since the main purpose of factor models is to explain di�erences in average

returns rather than the variation in returns, this preliminary evidence does

not necessarily imply that the BGR model is better suited for explaining

commodity returns than the 3-factor model.16

Table 6.4 reports the time series averages of cross-sectional correlations

among the characteristics under investigation. We observe that AggJump

and AggV ol exhibit a correlation of �0.76. There thus seems to be a strong

negative relation between the smooth volatility and jump risk sensitivities

of commodities. Further, we notice high correlations between Momchar and

3Y Reversal, as well as 5Y Reversal of 0.57 and 0.78, respectively, which

15Note that because we annualize the monthly returns, some 10 %-quantiles exhibit
values smaller than �1.

16We discuss the suitability of the di�erent factor models for commodity markets
further, in Section 6.3.4.
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is not surprising, because all these measures cover the past performance of

commodities. The relatively high negative correlations between V alue and

3Y Reversal as well as 5Y Reversal of �0.37 and �0.43, respectively, are

likewise not surprising given the de�nition of V alue as a ratio of past to

current futures prices.

The high correlations between RNV ar and HistV ar (0.78),

IdioV olFF3 (0.77), and IdioV olBGR (0.69), respectively, indicate that these

characteristics have largely a similar information content. Likewise, the

correlations between HistV ar and IdioV olFF3 (0.97), and IdioV olBGR

(0.88) indicate that both factor models have di�culty in explaining the

variation in returns for the same commodities. Interestingly, we �nd a high

correlation between MAX and HistV ar of 0.88, MAX and IdioV olFF3 of

0.89, and MAX and IdioV olBGR of 0.84.17

We �nd substantial negative correlations between DownBeta and

AggJump of �0.35 and CoSkew of �0.57, respectively, indicating a

somewhat similar information content in these variables. Finally, we observe

a consistent negative correlation pattern between HistSkew and measures

based on the historical performance (momentum and reversal), with values

between �0.30 and �0.42. Interestingly, even though MAX is sometimes

interpreted as a measure of skewness, its correlation to HistSkew is only

moderate, amounting to 0.39.

6.3.3 Portfolio Sorts

To test whether several characteristics are priced in the cross-section of

commodity returns, at the end of each month, we sort the commodities into

17The high correlations betweenMAX and idiosyncratic volatility are consistent with
those reported by Hou & Loh (2016), who �nd a correlation of 0.90 for equity markets.

304



6.3. MAIN EMPIRICAL RESULTS

T
a
b
le
6
.4
:
C
o
rr
e
la
ti
o
n
M
a
tr
ix
:
C
h
a
ra
ct
e
ri
st
ic
s

T
h
is

ta
bl
e
re
po
rt
s
ti
m
e
se
ri
es

a
ve
ra
ge
s
o
f
cr
o
ss
-s
ec
ti
o
n
a
l
co
rr
el
a
ti
o
n
s
o
f
th
e
so
rt
in
g
ch
a
ra
ct
er
is
ti
cs
.
E
a
ch

m
o
n
th

w
e
�
rs
t
co
m
p
u
te

th
e
pa
ir
w
is
e
co
rr
el
a
ti
o
n
s
be
tw
ee
n
th
e
ch
a
ra
ct
er
is
ti
cs
.
A
ft
er
w
a
rd
s,
w
e
o
bt
a
in

th
e
ti
m
e
se
ri
es

o
f
th
es
e
co
rr
el
a
ti
o
n
s.

AggVol
VIX

AggVol

AggJump

CoSkew

CoKurt

DownBeta

HistVar

HistSkew

HistKurt

IdioVol
FF3

IdioVol
BGR

ILLIQ

Mom
char

3YReversal

5YReversal

RNVar

RNSkew

RNExKurt

MAX

Value

VoV

A
g
g
V
ol

V
I
X

A
g
g
V
ol

-0
.1
3

A
g
g
J
u
m
p

0
.4
0

-0
.7
6

C
oS
k
ew

0
.1
1

-0
.4
1

0
.5
2

C
oK

u
rt

-0
.1
3

0.
0
9

-0
.1
4

-0
.0
4

D
ow
n
B
et
a

-0
.0
5

0.
2
6

-0
.3
5

-0
.5
7

0
.2
7

H
is
tV
a
r

-0
.0
5

-0
.1
0

0
.0
4

-0
.0
1

-0
.0
4

0
.0
6

H
is
tS
k
ew

0
.1
5

-0
.1
0

0
.0
9

0
.1
7

-0
.0
2

-0
.1
0

0
.0
8

H
is
tK
u
rt

0
.0
5

0
.0
0

0
.0
2

0
.1
0

-0
.0
2

-0
.1
1

0
.0
7

0
.1
1

I
d
io
V
ol

F
F
3

-0
.0
6

-0
.0
8

0
.0
2

-0
.0
2

-0
.0
3

0
.0
6

0
.9
7

0
.0
8

0
.0
8

I
d
io
V
ol

B
G
R

-0
.0
3

-0
.1
2

0
.0
8

0
.0
6

-0
.0
2

-0
.0
3

0
.8
8

0
.1
3

0
.1
5

0
.9
2

I
L
L
I
Q

0
.0
7

0
.0
6

0
.0
4

-0
.0
9

0
.0
1

0
.0
5

-0
.0
3

-0
.1
6

-0
.0
6

-0
.0
2

-0
.0
2

M
om

c
h
a
r

-0
.0
3

0.
1
6

-0
.1
3

-0
.1
8

-0
.0
4

0
.0
5

-0
.0
1

-0
.3
0

-0
.1
2

0
.0
0

-0
.0
4

0
.0
9

3Y
R
ev
er
sa
l

-0
.1
5

0.
0
9

-0
.0
9

-0
.2
3

-0
.0
5

0
.1
0

0
.0
5

-0
.4
2

-0
.1
5

0
.0
5

-0
.0
3

0
.1
3

0
.5
7

5Y
R
ev
er
sa
l

-0
.1
1

0.
0
8

-0
.0
7

-0
.2
0

-0
.0
4

0
.1
4

0
.0
8

-0
.3
8

-0
.1
6

0
.0
7

-0
.0
4

0
.1
9

0
.4
8

0
.7
8

R
N
V
a
r

-0
.0
5

-0
.0
4

0
.0
0

-0
.0
9

-0
.0
4

0
.1
6

0
.7
8

-0
.0
1

-0
.0
6

0
.7
7

0
.6
9

0
.0
2

0
.0
3

0
.1
1

0
.1
4

R
N
S
k
ew

0
.1
1

-0
.0
7

0
.1
0

0
.0
6

-0
.0
1

-0
.0
2

0
.1
3

0
.0
9

-0
.1
4

0
.1
9

0
.1
6

0
.1
5

-0
.0
7

-0
.0
7

-0
.0
4

0
.1
5

R
N
E
x
K
u
rt

0
.0
7

0
.0
4

0
.0
2

0
.0
4

-0
.0
1

-0
.0
6

-0
.1
2

-0
.0
5

-0
.0
5

-0
.1
2

-0
.1
7

0
.2
6

0
.0
0

0
.0
0

-0
.0
2

-0
.0
4

-0
.0
2

M
A
X

0
.0
2

-0
.0
9

0
.0
6

0
.0
5

-0
.0
3

0
.0
2

0
.8
8

0
.3
9

0
.2
5

0
.8
9

0
.8
4

-0
.0
7

-0
.1
1

-0
.1
4

-0
.0
9

0
.6
6

0
.1
6

-0
.1
2

V
a
lu
e

0
.0
1

-0
.0
2

-0
.0
2

0
.0
1

0
.0
5

-0
.0
1

0
.0
1

0
.1
0

0
.0
8

0.
0
3

0
.0
7

-0
.0
4

-0
.2
7

-0
.3
7

-0
.4
3

-0
.1
1

0
.0
1

0
.0
4

0
.0
6

V
oV

-0
.0
4

0.
0
0

-0
.0
4

-0
.0
3

-0
.0
2

0
.0
7

0
.1
8

0
.0
0

0
.0
4

0
.1
5

0
.0
9

-0
.0
2

0
.0
2

0
.0
3

0
.0
2

0
.2
0

-0
.0
2

0
.0
1

0
.1
6

-0
.0
8

305



CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS

3 portfolios according to the speci�c characteristic under study.18 Tables

6.5�6.11 summarize the results. Table 6.5 presents the results when sorting

on aggregate volatility and aggregate jump risk sensitivities, Table 6.6 those

for co-skewness, co-kurtosis, and downside beta, and Table 6.7 sorts on

historical moment characteristics. In Table 6.8, we report the results for

illiquidity and idiosyncratic volatility, in Table 6.9 those for momentum

and reversal characteristics, in Table 6.10 those for risk-neutral moments,

and in Table 6.11, we examine the MAX, value, and volatility-of-volatility

measures.

In each table, portfolio P1 (P3) contains the commodities with the

lowest (highest) magnitude of the sorting characteristic. We refer to portfolio

P3�P1 as the hedge portfolio and de�ne it as the excess return of a monthly

rebalanced fully-collateralized portfolio that simultaneously goes short in

portfolio P1 and long in portfolio P3.19,20

Aggregate Volatility Risk Sorting the commodities according to their

sensitivities to aggregate volatility, following Ang et al. (2006b), we �nd

an insigni�cant negative mean return of the hedge portfolio of �1.63 % p.a.

(Table 6.5). The factor alphas are of similar magnitude and none of them is

signi�cantly di�erent from zero. Thus, it seems that, in contrast to equity

returns, commodity futures returns are not a�ected by total stock volatility

risk.

Our �ndings are in accordance with those reported in Ang et al. (2006b)

18We split the commodities into 3 portfolios to deal with a limited number of
commodities available, particularly at the beginning of our sample period. We examine
the robustness of our results to building 2, 4, and 5 portfolios in Section 6.4.1. These are
very similar to those for 3 portfolios reported in this section.

19We impose the restriction that each month at least 6 commodities must be available.
20For robustness, we follow Locke & Venkatesh (1997) and also impose monthly

transaction costs of two times 0.033 %. Although we take a conservative viewpoint and
assume a complete turnover of the commodities, we �nd that the results are largely
una�ected by transaction costs. The results including transaction costs are qualitatively
similar and are available upon request.
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for the equity market regarding the direction of pricing, however, much

smaller in magnitude and insigni�cant. Ang et al. (2006b) obtain a highly

signi�cant �1 % per month. The authors argue that the price of aggregate

volatility has to be negative because an increasing market volatility is

associated with a worsening of investment opportunities. Thus, risk-averse

investors want to hedge against changes in aggregate volatility (Campbell,

1993, 1996). High levels of aggregate volatility tend to go along with market

downturns (French, Schwert, & Stambaugh, 1987; Campbell & Hentschel,

1992). Investors increase their demand for assets with high sensitivities to

aggregate volatility, because such assets represent a natural hedge against

market downturns (Bakshi & Kapadia, 2003). The rising demand leads to

an increase in the assets' prices, which is associated with a reduction in

expected returns.

However, when separating aggregate volatility and jump risk, following

Cremers et al. (2015), we �nd a signi�cant positive mean return of a

long�short portfolio of 3.56 % p.a. The alphas relative to all factor models

are statistically signi�cant. Thus, it seems that smooth aggregate volatility

is priced in the cross-section of commodity returns. Our �ndings are in

contrast to Cremers et al. (2015), who observe a negative contemporaneous

relationship between stock returns and smooth aggregate volatility with a

signi�cant alpha of �2.7 % p.a. of a 5�1 portfolio, relative to the Fama &

French (1996) 3-factor model. They motivate the negative risk premium

also with hedging opportunities against market risk. Assets that exhibit a

positive correlation with market volatility risk provide a natural hedge and,

thus, investors require lower expected returns.

There is one important potential reason why our results for commodity

futures di�er from theirs for equity returns. Commodity futures returns

typically perform well in the early stages of recessions (Gorton &

Rouwenhorst, 2006) when (continuous) aggregate volatility typically spikes
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most strongly. Thus, aggregate volatility risk may be well-hedgeable with

all commodities. Even stronger reactions to innovations to continuous

aggregate volatility may simply indicate higher variability of the commodity

returns.

Aggregate Jump Risk Related to the previous part, we also sort according

to the sensitivities to the jump part of aggregate volatility (Cremers et al.,

2015). Going short (long) a portfolio with low (high) aggregate jump risk

sensitivities generates a signi�cant mean return of �4.63 % p.a. (Table 6.5).

We �nd signi�cant alphas, relative to all factor models. Thus, jump risk

appears to be signi�cantly priced in the cross-section of commodity returns.

Our �ndings are consistent with those in Cremers et al. (2015) for

equity returns, who �nd a signi�cant contemporaneous alpha of �9.4 %

p.a., relative to the 3-factor model. The authors relate the negative pricing

to investors who seek a hedge against crises, thus, they demand stocks

that positively co-vary with aggregate jump risk, leading to lower expected

returns. This intuition is consistent with our �ndings. Commodities that

are more positively correlated with innovations in aggregate jump risk earn

lower average returns. The smaller magnitude of the average returns we �nd

is natural, since contemporaneously the anomalies will always be stronger

than in the predictive setting used in our study as long as factor sensitivities

are time-varying. Note also that the results across aggregate volatility and

jump risk are consistent in total. Aggregate unseparated volatility risk is

unpriced in commodity markets. When separating into continuous and jump

parts, the continuous part is priced positively and the jump part is priced

negatively.

Thus, aggregate jump risk appears to be a severe rationally motivated

risk factor in the economy that is priced both in commodity and equity

markets.
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Co-Skewness Sorting the commodities according to their co-skewness, we

obtain an insigni�cant mean return of the hedge portfolio of 1.70 % p.a.

(Table 6.6). Generally, we �nd insigni�cant alphas relative to the factor

models. Only for the BGR model do we detect a weakly positively signi�cant

alpha. It seems that, overall, co-skewness is not priced in the cross-section

of commodity returns.

Our �ndings are in contrast to those in Harvey & Siddique (2000), who

provide evidence for a signi�cant negative relationship between co-skewness

and stock returns. They also �nd that augmenting the Fama & French

(1996) 3-factor model with co-skewness improves the model's accuracy. The

authors motivate their �ndings (rationally) by investors' preference for a

positively skewed portfolio (see also Kraus & Litzenberger, 1976). Investors

require a higher expected return for holding negatively skewed assets. The

fact that our results for commodity markets do not match these predictions,

along with a weak performance of co-skewness as a control variable in

cross-sectional regression tests on stocks (e.g., Bollerslev, Li, & Todorov,

2016; Hollstein & Prokopczuk, 2017), indicates that co-skewness is largely

unpriced in asset markets.

Co-Kurtosis Next, we sort the commodities according to their co-kurtosis.

The 3�1 long�short portfolio generates an insigni�cant average spread

return of �1.50 % p.a. (Table 6.6). The alphas relative to all factor models

are not statistically signi�cant. Thus, it seems investors do not demand a

risk premium for co-kurtosis in commodity markets.

These �ndings are in contrast to Dittmar (2002), who provides

evidence for a signi�cant relationship between co-kurtosis and stock returns,

indicated by a signi�cant monthly alpha of 1.15 %, relative to the 3-factor

model. However, similar to co-skewness, co-kurtosis is typically not priced

in cross-sectional asset pricing tests when employed as a control variable
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(e.g., Bollerslev et al., 2016; Hollstein & Prokopczuk, 2017). Thus, it seems

that co-kurtosis is also not priced in asset markets in general.

Downside Beta Sorting the commodities according to their downside betas,

we �nd an insigni�cant mean return of the hedge portfolio of �1.37 % p.a.

(Table 6.6). Relative to all the factor models, the alphas of the 3�1 portfolio

are not statistically signi�cant either. Thus, downside beta risk appears to

be not priced in the cross-section of commodity returns.

Our results are in contrast to those in Ang et al. (2006a), who �nd that

downside beta is positively priced in the cross-section of stock returns. Using

contemporaneous portfolio sorts, they obtain a 5�1 return of 11.8 % p.a.

Examining the joint cross-section of di�erent asset classes, Lettau, Maggiori,

& Weber (2014) �nd that downside risk is positively priced with a 6�1 return

of 9.66 % p.a.

Ang et al. (2006a) theoretically justify their �ndings with a behavioral

property of investors: disappointment-aversion. Disappointment-averse in-

vestors have a larger (marginal) dis-utility from losses relative to a certain

benchmark than their positive (marginal) utility from a gain of the same

size. Thus, their utility functions have a kink at the expected value. Given

the substantially decreased likelihood of behavioral biases to showing up in

the cross-section of commodity returns, our results are consistent with the

disappointment-aversion explanation. A substantial segment of investors in

the equity market fears disappointments, which leads to downside risk being

priced in stock markets. In contrast, in commodity markets, it appears that

this behavioral bias does not materialize.

Historical Variance Next, we turn the focus on historical return moments

(Table 6.7). First, we sort the commodities according to their historical

variances. We �nd that the hedge portfolio has an insigni�cant mean return
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of 0.50 % p.a. The alphas relative to all factor models are not statistically

signi�cant.

For the cross-section of stock returns, Amaya et al. (2015) obtain an

insigni�cant (weekly) 10�1 hedge portfolio return of 0.11 %, sorting stocks

according to realized volatility. The results thus indicate that historical

variance is priced neither in stock nor in commodity futures markets.

Historical Skewness Second, we sort the commodities according to their

historical skewness. We observe that low-skewness portfolios outperform

high-skewness portfolios, resulting in a signi�cant negative mean return of

�3.50 % p.a. Only the BGR model is able to explain the skewness e�ect,

however: none of the equity factor models is able to do so.

Fernandez-Perez et al. (2018) also provide evidence for a signi�cant

negative relationship between commodity futures returns and historical

skewness. They use a reduced sample period of 1987�2014 and detect a

signi�cant annualized alpha estimate of �6.58 % relative to the FFFM

model. Although we �nd that the skewness risk premium can be explained

by the BGR model, our results are overall quite similar.

Our �ndings are consistent with those in Amaya et al. (2015), who

detect an average weekly return spread of �0.19 % for the equity market.21

For (idiosyncratic) skewness, Barberis & Huang (2008) demonstrate that,

due to investors having cumulative prospect theory (CPT) preferences, their

probability weighting leads to positively skewed stocks being overpriced and,

thus, earning low future returns. Mitton & Vorkink (2007) argue that the

overpricing does not disappear because there are short-selling restrictions

in equity markets.

21The authors show that historical skewness computed using intraday rather than
daily data might contain di�erent information. Although we use daily data, we obtain
similar results.
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6.3. MAIN EMPIRICAL RESULTS

At �rst glance, these results appear puzzling, since the pricing of

skewness is behaviorally-based in theory. Thus, according to our main

reasoning, we should not be able to �nd a skewness risk premium in

commodity markets. Fernandez-Perez et al. (2018) deliver a possible

solution. They argue that selective hedging under �rational� skewness

preferences might well explain the results for commodity markets (Stulz,

1996; Gilbert, Jones, & Morris, 2006).

Historical Kurtosis Third, sorting the commodities according to their

historical kurtosis, we observe a positive relationship with future returns,

indicated by a signi�cant mean return of the hedge portfolio of 2.56 %

p.a. Neither equity models nor commodity models are able to explain this

positive relationship, indicated by signi�cant alphas relative to all factor

models subject to our investigation. The BGR alpha even signi�cantly

exceeds the mean return of the hedge portfolio, amounting to 4.51 %

p.a. Thus, historical kurtosis seems to be priced in the cross-section of

commodity returns.

Examining the cross-section of stock returns, Amaya et al. (2015) �nd

a signi�cant average weekly return of 0.10 % for a long�short portfolio.22

Overall, the results for stock and commodity markets are consistent and

kurtosis seems to be either a proxy for a �rational� risk, or part of the

consideration for selective hedging strategies in commodity markets.

Idiosyncratic Volatility When sorting the commodities according to their

idiosyncratic volatilities based on the Fama & French (1996) 3-factor model

(BGR model), we �nd an insigni�cant mean spread return of 0.23 % p.a.

(0.85 % p.a.), presented in Table 6.8. The alphas relative to all factor

22However, their �nding is not entirely robust throughout all their test speci�cations.
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models are not statistically signi�cant. It seems that in commodity markets,

investors are not compensated for bearing idiosyncratic risk.23

These results are in contrast to those in Ang et al. (2006b) for the

equity market. The authors �nd a signi�cant negative relationship between

idiosyncratic volatility and stock returns, indicated by a signi�cant monthly

mean spread return (alpha) of �1.04 % (�0.83 %). The authors provide one

possible explanation: assets with high sensitivity to idiosyncratic volatility

are associated with a high sensitivity to aggregate volatility and, thus, tend

to have lower expected returns. Ang et al. (2009) con�rm their previous

�ndings in an international setting and provide evidence that the negative

relationship cannot be explained by market frictions, information �ow, and

option pricing theories.

Many studies deliver potential explanations for the idiosyncratic

volatility puzzle. Merton (1987) extends the classic CAPM framework to

include market frictions and shows that investors do not hold optimally

diversi�ed portfolios and, thus, might require compensation for bearing

idiosyncratic risk. Thus, in this static mean�variance framework, higher

idiosyncratic volatility should be associated with higher returns on average.

Explicitly modeling commodity markets, Hirshleifer (1988) obtains similar

predictions.

On the other hand, Miller (1977) argues that short-sale constraints can

lead to an overvaluation of assets, because asset prices might then only

re�ect the view of the optimistic market participants. The result could be

a negative relationship between expected stock returns and idiosyncratic

23Our �ndings are consistent with those in Mi�re, Fuertes, & Fernandez-Perez (2012),
who �nd an insigni�cant monthly alpha of 0.12 % relative to a modi�ed commodity factor
model.
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risk.24 Shleifer & Vishny (1997) argue that the overpricing cannot be

arbitraged away, because shorting these stocks is particularly risky. Thus,

idiosyncratic volatility limits arbitrage. Boehme et al. (2009) con�rm these

predictions. Lamont (2012) argues that �rms can impede short sellers by

strengthening the short-selling constraints on their own stocks, resulting in a

further increase in overpricing. The increasing idiosyncratic volatility might

be associated with an increase in the short-selling risk which, in turn, might

further strengthen the existing limits to arbitrage. Stambaugh, Yu, & Yuan

(2015) document that both arbitrage risk, incorporated in idiosyncratic

volatility, and arbitrage asymmetry, lead to a more susceptible mispricing

in the case of overpriced stocks.25 Hence, the relation between idiosyncratic

volatility and expected returns has to be negative for overpriced stocks, and

positive for underpriced stocks.

Hou & Loh (2016) provide an overview and a comparable evaluation of

possible explanations in the existing literature. The main explanations for

the idiosyncratic volatility puzzle they detect are lottery-like preferences,

explaining up to 25 %, and market friction proxies, explaining up to 24 %

of the puzzle. They �nd that several other possible explanations are only

able to explain a very small part (5�10 %).

Thus, the literature generally associates the negative pricing of

idiosyncratic volatility with the behavioral biases of investors along with

binding short-sale restrictions. Our �ndings are consistent with this notion.

In commodity markets, where we expect substantially attenuated e�ects of

24Lamont (2012) demonstrates what short-selling constraints are: investors might face
challenges to borrow a stock or to overcome several legal or institutional restrictions
which might be associated with substantial expenses. Moreover, they face the risk that
the shorted asset might be coincidentally closed or that the stock loan has to be paid
back before the contract period. The more binding the constraints are, the more likely
it is that the respective stocks will be overpriced, which is associated with subsequent
lower returns until a correction of the overvaluation takes place.

25The authors de�ne arbitrage asymmetry as the investors' preference to go long rather
than short stocks.
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behavioral biases and have lower limits to arbitrage, we no longer detect an

idiosyncratic volatility puzzle.

Illiquidity Forming a long�short portfolio, sorting according to the Amihud

(2002) illiquidity measure, generates an insigni�cant mean return of �0.74 %

p.a. (Table 6.8). None of the factor model alphas on the hedge portfolio is

statistically signi�cant. Thus, there seems to be no illiquidity premium in

commodity futures markets.

Our results are in contrast to Szymanowska et al. (2014), who �nd

a signi�cant negative relationship between Amivest liquidity (Amihud,

Mendelson, & Lauterbach, 1997) and commodity futures returns, indicated

by a signi�cant mean return of a 4�1 portfolio of �9.40 % p.a. for

their sample period 1986�2010. Thus, the results for whether and how

(il-)liquidity is priced in commodity futures markets seems to strongly

depend on how liquidity is computed, the sample period, and the number

of portfolios selected.26

Our �ndings are also in contrast to those in Amihud (2002) for the

equity market, who observes a signi�cant positive relationship between

illiquidity and stock returns. Using Fama & MacBeth (1973) cross-sectional

regressions, the author �nds a highly signi�cant slope coe�cient with a mean

of 0.162. He builds on the theory of Amihud & Mendelson (1986), stating

that investors likely demand compensation for holding illiquid assets. Our

�ndings indicate that this illiquidity is not positively priced in commodity

markets. A possible explanation for our �ndings is that the commodity

futures markets we examine are all highly liquid, especially in relation to

the markets for most individual stocks. Thus, investors may not require

illiquidity premia or they are too small to be detected.

26Marshall, Nguyen, & Visaltanachoti (2011) conclude that the Amihud (2002)
measure, which we employ, measures liquidity in commodity futures markets best.

319



CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS

Momentum Going short a commodity portfolio with the worst past 1-year

performance and simultaneously going long a commodity portfolio with

the best past 1-year performance yields a highly signi�cant mean return

of 7.44 % p.a. (Table 6.9). We �nd that the alphas relative to all factor

models are statistically signi�cant.27 Thus, our �ndings indicate that 1-year

momentum is priced in the cross-section of commodity returns.

Consistent with our results, analyzing the cross-section of commodity

futures returns, Erb & Harvey (2006) and Gorton et al. (2012) document

a signi�cant mean return of 10.80 % p.a. and 5.97 % p.a., respectively, of

a long�short portfolio, using half of the commodities in the long (short)

portfolio, with a holding period of one month and sorting the commodities

according to the 12-months' past performance. Similarly, Asness et al.

(2013) provide evidence of a substantial mean return of 12.40 % p.a. of

a non-collateralized 3�1 portfolio. Szymanowska et al. (2014) document a

signi�cant mean return of 9.00 % p.a. of a 4�1 portfolio.28

Our �ndings are consistent with those in Jegadeesh & Titman (1993),

who examine the cross-section of stock returns and show that a strategy

based on 12-months' past performance (and 3 months' holding period)

generates a signi�cant monthly average return of 1.31 %. They motivate the

success of that strategy with delayed price reactions based on idiosyncratic

27In the case of the BGR and FFFM model, we skip the momentum factor. Otherwise,
we would obtain the case of perfect multicollinearity.

28Among other studies providing evidence for time series momentum of Moskowitz,
Ooi, & Pedersen (2012) are Erb & Harvey (2006), who �nd a signi�cant average return
of 13.47 % (using the 12-months' past performance and a 1-month holding period) for
the Goldman Sachs Commodity Index (GSCI), and �nd a somewhat lower magnitude
in more recent years. Moskowitz et al. (2012) �nd a signi�cant alpha of 4.66 % p.a.
(momentum average returns are obtained using the 12-months' past performance and a
1-month holding period) relative to an extended 5-factor model.
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�rm information.29

Many behavioral theories have tried to explain the momentum e�ect.

Among others, Barberis et al. (1998) set up a model of how investors form

beliefs that relates to conservatism (Edwards, 1968) and anchoring biases,

and is consistent with the underreaction hypothesis.30 Daniel et al. (1998)

show that biased self-attribution of investment outcomes is associated with

changes in investors' con�dence about their own abilities, generating an

underreaction to public information and a positive return autocorrelation

in the short-term. Hong & Stein (1999) provide evidence for underreaction

in the short-term due to a slow di�usion of new information. Grinblatt &

Han (2005) and Frazzini (2006) relate the disposition e�ect to momentum.

Frazzini (2006) argues that an underreaction to news creates the momentum

e�ect by the disposition to sell winners too early and hold losers too long,

which is also related to mental accounting, regret aversion, self-control, and

tax considerations (Shefrin & Statman, 1985).

On the other hand, rational asset pricing theories have been developed

to explain the momentum e�ect. Berk et al. (1999) form a model to link

expected returns to �rms' investment decisions that explains (short- and

long-term) momentum. Johnson (2002) provides evidence that stochastic

dividend growth rates help to explain the apparent underreaction. Ahn,

Conrad, & Dittmar (2003) show that positive average returns of a

momentum strategy can be explained, at least in part, by the risk investors

applying this strategy take rather than by underreaction. Sagi & Seasholes

29In their study, Jegadeesh & Titman (1993) rule out systematic risk, and a
cross-sectional lead�lag relation between large and small stocks, as suggested by Lo &
MacKinlay (1990b), as main drivers: they show that the momentum e�ect disappears
after a holding period of 12 months. Jegadeesh & Titman (2001) con�rm their previous
results.

30The underreaction hypothesis states that in the period after an announcement of
good news, a �rm's stock generates positive average returns. The underreaction is related
to the short-term of 1 to 12 months: prices react slowly to news, generating a positive
autocorrelation in the short-term.
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(2007) document that revenues, costs, and growth options a�ect a �rm's

positive return autocorrelation structure and drive momentum. Liu & Zhang

(2008) provide evidence that momentum returns are mainly driven by

macroeconomic risk, measured by the growth rate of industrial production.31

Our result that the momentum e�ect is also present in commodity

markets indicates that one of the rational explanations, rather than the

behavioral ones, drives the momentum e�ect across asset markets. This

result is consistent, e.g., with evidence provided by Birru (2015), who shows

that the disposition e�ect does not su�ce to explain momentum for the

equity market.

It is also interesting to note that the stock market momentum factor

in the Carhart (1997) 4-factor model is not able to explain the returns of

the commodity momentum strategy. On the one hand, Cochrane (2005b)

argues that since in equity markets momentum can be explained by a

momentum factor, it is not possible to form an arbitrage portfolio based

on the momentum strategy: by following the strategy, one exposes oneself

to systematic factor risk. On the other hand, given that equity momentum

cannot explain commodity momentum, momentum investors can diversify

their strategies and enhance their portfolio performance by also considering

the commodity market.

3- and 5-Year Reversal A portfolio going short the commodities showing

the worst 36-month (60-month) past performance and long the commodities

with the best 36-month (60-month) past performance generates a positive

mean return of 2.36 % p.a. (2.26 % p.a.), as presented in Table 6.9. This

mean return is weakly signi�cant for the 36-month period. We �nd that the

31Daniel & Moskowitz (2016) show that the momentum strategy infrequently faces
substantial losses. This �nding, in itself, is consistent with a risk-based explanation of
momentum. On the other hand, the authors argue that this explanation is not entirely
su�cient and leave the door open for behavioral alternatives.
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4-factor model can explain both the 3-year and the 5-year reversal e�ect.

Interestingly, the slightly positive excess return on 3- and 5-year reversal

translates into a strongly statistically signi�cant negative BGR alpha.

Our �ndings are inconsistent with those in De Bondt & Thaler (1985)

for the equity market. The authors �nd that the cumulative return di�erence

between the portfolio with the best performing stocks and the portfolio

with the worst performing stocks is �25 % after a holding period of 3 years.

Fama & French (1996) �nd that the �low� portfolio outperforms the �high�

portfolio by 0.6 % per month. De Bondt & Thaler (1985) motivate their

�ndings by an overreaction hypothesis according to which the prices of

stocks su�ering from extreme events over the formation period fall too

strongly and subsequently outperform. There is also overreaction to good

news, but De Bondt & Thaler (1985) �nd that bad news seem to be the

main driver. The authors emphasize that most of the excess returns are

realized in January.32

Analyzing the cross-section of stocks, Fama & French (1996) and

Carhart (1997) provide evidence that both the 3- and 4-factor model can

explain both the 3- and 5-year reversal. Thus, these results suggest that both

e�ects are eventually captured by systematic risk factors and therefore one

could argue that they are not priced in the cross-section of stocks. We obtain

broadly similar results for commodities.

Several behavioral models try to explain long-term reversals. The model

of Barberis et al. (1998) relates to the representativeness heuristic, which

leads to a distortion of probabilities regarding the occurrence of a speci�c

event that is considered to be representative (Tversky & Kahneman, 1974).

32In contrast, Jegadeesh & Titman (1993), among others, criticize the argumentation,
since their portfolios might be a�ected by systematic risk and a size e�ect. Further,
the fact that most returns are realized in January might contradict the overreaction
hypothesis. Jegadeesh & Titman (1993) also argue that practitioners base their stock
selection decisions on the performance of the past 3 to 12 months rather than 3 to 5
years.
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This leads to overreactions.33 Bikhchandani, Hirshleifer, & Welch (1992)

document that the phenomenon that investors follow the mass opinion

rather than their own (herding behavior) is consistent with overreaction.

Daniel et al. (1998) show that investors' overcon�dence about private

information is associated with an overreaction to private information, thus,

generating a negative return autocorrelation in the long-term. In their

theoretical model, Hong & Stein (1999) provide evidence for overreaction in

the long-term, by trading on the positive feedback that goes along with

buying stocks when prices rise and selling when prices fall (De Long,

Shleifer, Summers, & Waldmann, 1990b). Analyzing the cross-section of

stock returns, Baker & Wurgler (2006, 2007) show a negative relationship

between current investor sentiment and subsequent average returns. On the

other hand, Berk et al. (1999) also link expected returns in their rational

asset pricing model to �rms' investment decisions that can also help to

explain momentum also in the long-term.

Thus, overall, consistent with the behavioral theories, the reversal e�ect

is present in equity markets, at least in returns. Since we do not observe the

same pattern in commodity markets, in fact, we rather detect evidence for

very long-term momentum instead of reversal, consistent with the model

predictions of Berk et al. (1999), it is likely that overreaction indeed creates

these returns. On the other hand, the fact that empirical factor models

seem to be able to explain the e�ect in both equity and commodity markets

calls this interpretation and the existence of a reversal e�ect somewhat into

question.

33The overreaction hypothesis is consistent with long-term reversals and states that
after a series of good (bad) news, investors become too optimistic (pessimistic), which
is associated with an increasing (decreasing) stock price. Subsequent news do not
coincide with the investors' expectations, leading to falling (increasing) prices, thus to
lower (higher) average returns in the following periods and thus generating a negative
autocorrelation up to 3 and 5 years, respectively.
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Risk-Neutral Variance Sorting the commodities according to their risk-

neutral variance estimates, we obtain an insigni�cant mean return of

�1.54 % p.a. for the hedge portfolio (Table 6.10). The alphas are insigni�cant

relative to all equity factor models. In contrast, both commodity models

show highly signi�cant alpha estimates. Thus, the two commodity factor

models do an extremely poor job in explaining an anomaly that is not even

present in average returns.

Our results are similar to those of Conrad, Dittmar, & Ghysels (2013),

who also �nd a negative, but insigni�cant, average return for a 3�1 portfolio

on stock returns. Risk-neutral total variance thus seems to be priced neither

in the cross-section of equity nor in that of commodity returns.34

Risk-Neutral Skewness Analogously to the previous paragraph, a portfolio

going long the commodities with the highest and simultaneously going

short the commodities with the lowest risk-neutral skewness generates an

insigni�cant mean return of 0.03 % p.a. (Table 6.10). We �nd insigni�cant

alphas relative to all factor models.

Our results di�er from those of Conrad et al. (2013), who detect a

signi�cant 3�1 portfolio return of �0.8 % per month for equities. However,

the results in the literature are not completely clear-cut. For risk-neutral

skewness, e.g., Xing et al. (2010), Bali et al. (2017b), and Stilger et al.

(2017) document a positive relation. Thus, given the ambiguity in the equity

literature about the pricing of risk-neutral skewness, our results are broadly

in line with those from the equity literature.

34Our results are somewhat inconsistent with those in Bali et al. (2017b). Using Fama
& MacBeth (1973) cross-sectional regressions, the authors provide evidence for a highly
signi�cant positive relationship between risk-neutral volatility and price target-based
expected, as opposed to realized, stock returns.
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Risk-Neutral Excess Kurtosis For risk-neutral excess kurtosis, we obtain an

insigni�cant mean return for the 3�1 portfolio of 0.31 % p.a. (Table 6.10).

We �nd insigni�cant alphas relative to all factor models.

Conrad et al. (2013) �nd a signi�cant 3�1 portfolio return of 0.7 % per

month for the equity market. Bali et al. (2017b) also obtain similar results

using price target-based expected returns. Using Fama & MacBeth (1973)

cross-sectional regressions, the authors �nd a highly signi�cant positive

relationship between excess kurtosis and these returns.

Thus, as opposed to equity markets, the level of risk-neutral kurtosis

does not seem to be compensated for in commodity markets. It is therefore

likely that the pricing of risk-neutral kurtosis in equity markets is created by

individual investors who dislike assets with higher risk-neutral kurtosis and

demand a risk premium. Such a risk premium cannot be found in commodity

markets.

Maximum Daily Returns Going short a portfolio of commodities with

the lowest average across the 5 largest daily returns during the previous

12 months and going long a portfolio of commodities with the highest

5 maximum daily returns over the previous 12 months generates an

insigni�cant mean return of the hedge portfolio of �0.13 % p.a. (Table 6.11).

We �nd insigni�cant alphas relative to all factor models.

Our �ndings are in contrast to those in Bali et al. (2011) for the equity

market. The authors provide evidence for a signi�cant negative relationship,

indicated by a signi�cant negative average monthly 10�1 return spread of

�1.03 % and a signi�cant monthly 4-factor alpha of �1.18 %. Bali, Brown,

Murray, & Tang (2017a) report results of a similar magnitude. The authors

argue with the investor preference for positively skewed assets along with

overweighting of the probability of occurrence of these events according to

CPT (Barberis & Huang, 2008) leads to overpricing of stocks with high
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MAX measures.

Our �nding that MAX is not priced in the cross-section of commodity

returns, as opposed to that of equity returns, indicates that this probability

overweighting bias of investors indeed creates the MAX anomaly in the

equity market.

Value Going long (short) a portfolio with the highest (lowest) magnitude

in value generates an insigni�cant mean return of 0.44 % (Table 6.11). All

equity factor models are able to explain the value e�ect, expressed by

insigni�cant alpha estimates. On the contrary, we �nd signi�cant alphas

relative to both commodity factor models. It seems that equity rather

than commodity factor models are able to explain the value e�ect in the

cross-section of commodity returns.

Our results are inconsistent with those in Asness et al. (2013).

Analyzing the cross-section of U.S. stocks and commodities, they �nd a

signi�cant annualized (non-collateralized) mean return of 3.7 % and 6.3 %

for a 3�1 portfolio, respectively. Thus, the presence of a value e�ect in

commodity markets seems to strongly depend on the time period and

commodity return speci�cation.35 Because of the unclear results and the

rather loose connection of the commodity value characteristic to that on

equity markets, we do not regard it as sensible to draw further conclusions.

Volatility-of-Volatility Forming a long�short portfolio according to the

volatility of option-implied volatility generates a weakly statistically

signi�cant negative mean return of �2.72 % p.a. (Table 6.11). The alphas

relative to all factor models are larger in magnitude compared to the

mean return and statistically signi�cant. It seems that investors demand

a premium for bearing volatility-of-volatility risk.
35Instead of buying and holding one commodity future, Asness et al. (2013) cumulate

daily returns obtained from the most liquid futures contract on that day.
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Our results are consistent with those in Baltussen et al. (2018) for

the equity market. Analyzing the cross-section of stock returns, they �nd

a signi�cant mean excess return of �0.85 % per month for a 5�1 portfolio.

None of the equity factor models is able to explain that e�ect, indicated by

signi�cant alphas of �0.94 %, �0.79 %, and �0.69 % per month, relative to

the CAPM, 3-factor, and 4-factor models. Even though the return premium

has the �wrong� sign, the authors motivate their �ndings by the ambiguity

preferences of investors.

The fact that the volatility-of-volatility premium also exists in

commodity markets points toward a risk-based rather than to a behavioral

explanation for the e�ect.

6.3.4 A Note on Commodity Factor Models

While our primary focus is on studying market anomalies, this chapter

also provides implications for factor models in commodity markets. Bakshi

et al. (2017) forcefully argue that the BGR model succeeds in pricing the

cross-section of commodity returns. They test their model for sorts on term-

structure slopes, momentum, as well as commodity sectors, and �nd that

the model cannot be rejected.

Testing the model on return anomalies, we obtain a substantially

di�erent picture. For numerous anomalies in Tables 6.5�6.11, the model

yields economically and statistically signi�cant alphas. In numerous cases,

the abnormal returns relative to the BGR model, which is designed in

particular for commodity markets, are even larger in magnitude and more

strongly signi�cant than those for the equity models. This is the case, e.g.,

for co-skewness, historical kurtosis, 3-year and 5-year reversal, risk-neutral

variance, and value. On the other hand, only in rare cases does the BGR

model performs substantially better in explaining the anomalies than the
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equity factor models (e.g., for historical skewness). The FFFM model

yields better results, e.g., for co-skewness and 5-year reversal. However, it

also rather under- than outperforms the equity factor models in terms of

explaining the anomaly returns in general.

Studying the factor models at the individual commodity level, in

untabulated results, we �nd that the BGR and FFFM models do better in

explaining the time-variation in commodity futures returns, with average

adjusted R2s of 22 % and 23 %, respectively. The equity factor models

explain on average only about 1�2 % of the return variation. However, the

equity factor models do a substantially better job in explaining average

returns. In our dataset, 4 commodities have a signi�cant alpha (at 10 %)

relative to the CAPM, and 3 commodities relative to the 3-factor, 4-factor,

and 5-factor models. On the other hand, 6 and 8 commodities have

signi�cant alphas relative to the BGR and FFFM models, respectively. This

pattern is induced by the alpha point estimates rather than by di�erences

in the standard errors. While there is only little di�erence in the latter, the

average alphas are highest in magnitude for the commodity pricing models.36

Thus, our �ndings point toward substantial integration of commodity

and equity market risk factors. Previous �ndings reveal that the markets

themselves are not fully integrated (Bessembinder, 1992; Daskalaki et al.,

2014). Our �ndings indicate that di�erences across the markets may, to some

extent, be driven by behavioral biases manifesting themselves particularly

in equity prices.

36For example, the average alpha for the 3-factor model amounts to 2.14 %, while that
for the BGR model is �3.11 %. The average standard errors of the two models are 5.12 %
and 4.31 %, respectively.
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6.3.5 Cross-Sectional Regressions

In this section, we perform Fama & MacBeth (1973) cross-sectional

regressions. Table E.1 of the Appendix to this chapter reports the average

coe�cient estimates. Each month, we regress the commodity futures returns

on a constant and the lagged value of the characteristic.37,38 We compute

robust Newey & West (1987) standard errors using 6 lags. The �ndings are

generally consistent with our previous results. The anomalies that yield a

signi�cant 3�1 portfolio return also produce an average regression slope

coe�cient of the same sign and similar statistical signi�cance. There is

only one substantial di�erence: for HistKurt, we detect an insigni�cant

slope estimate as opposed to a signi�cantly positive 3�1 portfolio return.

Small di�erences are observable for 3-year reversal, where for cross-sectional

regressions, we �nd a slope estimate insigni�cantly di�erent from zero.

Finally, as opposed to portfolio sorts, we detect a weakly signi�cant

regression slope for risk-neutral variance.

Table E.2 of the Appendix to this chapter reports the average

coe�cient estimates using monthly Fama & MacBeth (1973) cross-sectional

regressions, controlling for the average 12-months' roll yield and the average

12-months' past performance; the characteristics which serve as main

ingredients for the BGR model in addition to the average factor. The results

are essentially similar to those without control variables. We only detect

two noteworthy di�erences. First, again consistent with the portfolio sorts,

risk-neutral volatility does not carry a signi�cant price of risk. Second,

volatility-of-volatility does not generate a positive risk premium when

controlling for the roll yield and momentum. Thus, in commodity markets,

37We use uni- rather than multivariate cross-sectional regressions because the
commodity cross-section is rather small, leaving only few degrees of freedom for the
estimation.

38We impose the restriction that at least 10 commodities must be available.
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volatility-of-volatility appears to be associated to these characteristics in

the cross-section. An alternative explanation could be that the relation of

volatility-of-volatility and future returns is non-monotonic, i.e., the medium

portfolio generates a higher return on average compared to P1. Although

the 3�1 spread is strongly signi�cant, this pattern may prevent us from

�nding a clear relation in cross-sectional regressions.

6.4 Robustness

6.4.1 Portfolio Splits and Subsamples

We test the robustness of our results in two dimensions. On the one

hand, we form di�erent numbers of portfolios. We additionally consider the

case of 2, 4, and 5 portfolios. We then examine the returns of the 2�1, 4�1,

and 5�1 hedge portfolio, respectively. Furthermore, to build subsamples,

we use two distinct breakpoints. First, we examine an early time range

from the beginning of our sample period until February 1986. The second

subsample period starts in March 1986, the time Szymanowska et al.

(2014) start their period under study, and ends in November 2000. The

�nal subsample period starts in December 2000 with the passing of the

Commodity Futures Modernization Act (CFMA), which can be regarded as

a post-�nancialization period. The CFMA substantially eases speculation

in commodity markets (Boons, De Roon, & Szymanowska, 2012) and with

and after its introduction, Tang & Xiong (2012) and Cheng & Xiong (2014)

document a substantial increase in commodity trading activity.

Table E.3 of the Appendix to this chapter summarizes the results.

Analyzing the full sample period, we observe that the di�erent portfolio

splits do not a�ect our overall conclusions in general. Whether we sort into
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2, 3, 4, or 5 portfolios usually a�ect the results only marginally, while there

are no clear patterns. Some e�ects get marginally stronger when building

fewer, others when forming more portfolios. An exception is RNV ar, where

we �nd a highly signi�cant mean return of �5.65 % p.a. for the 5�1 hedge

portfolio and signi�cant alphas relative to the factor models. It seems that

in this case a �ner classi�cation of the commodities is associated with a

strengthening of the e�ect. Further, in the case of HistKurt, 3Y Reversal,

and 5Y Reversal splitting commodities into 4 or 5 portfolios typically leads

to insigni�cant mean returns and alpha estimates relative to the factor

models.

Analyzing the subsamples, generally, we also obtain similar results as

for the full sample. For aggregate volatility and aggregate jump risk, we

obtain similar but statistically weaker results, indicating that reduced power

due to a smaller sample size might be an issue. For co-skewness, we obtain

signi�cantly positive average mean returns for the �rst subsample period,

but nothing for the more recent periods. For co-kurtosis and downside beta,

the results are essentially similar across subperiods. For historical variance,

we detect a positive e�ect in returns in the second subsample period and a

rather negative one in the most recent subsample. These ambiguous results

make it hard to interpret the e�ect. The return premium for historical

skewness is stronger from the second subsample period on, while the

premium on historical kurtosis seems to vanish in the post-�nancialization

period.

For idiosyncratic volatility, the results are largely consistent across

subsamples. In the most recent post-�nancialization period, there is some

indication of a negative idiosyncratic volatility premium, but only when

building at least 4 portfolios. Thus, �nancialization appears to change the

properties of commodity markets to some extent. For illiquidity, there seems

to be overall no premium. For momentum, we �nd a strong return premium
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in the �rst two subperiods, but interestingly a clearly weaker premium

during the post-�nancialization period. Reversal appears to be overall

unpriced in the cross-section of commodity futures returns. For risk-neutral

variance, skewness, and excess kurtosis, we obtain overall similar results

across the subperiods.

For MAX, interestingly, we �nd a clear pattern. Before the �nancializa-

tion period, there is no or at most a weak positive return premium. However,

post-�nancialization, there is a strong and signi�cant negative e�ect across

all speci�cations. For example, we detect a mean return of �4.1 % p.a. for

the 3�1 portfolio. For value, we �nd no return premium throughout. Finally,

for volatility-of-volatility, we detect weak results for the second subperiod

and also overall slightly weaker results in the post-�nancialization period

compared to the entire period. This pattern might be created by lower power

of the statistical tests due to a reduced sample size.

Thus, overall our results are largely independent of how many portfolios

we build and consistent across di�erent time periods of our sample. There

are some interesting patterns, though, especially for the post-�nancialization

period, where especially MAX and, to some extent, also idiosyncratic

volatility and risk-neutral variance, seem to be negatively priced. On the

other hand, the momentum e�ect seems to be much attenuated in the

post-�nancialization period.

6.4.2 Annual Horizon

Lastly, we examine the robustness of our results to a longer holding

period. We hold the portfolios for 12 months instead of 1 month. Tables

E.4�E.10 of the Appendix to this chapter report the results. Overall, the

results are consistent with our previous �ndings. However, typically these

are somewhat weaker. Interestingly, for the 12-months' holding period, we
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�nd that the return on the momentum strategy is clearly smaller and the

factor alphas are typically not statistically signi�cant.

6.5 Conclusion

In this study, we examine whether equity return anomalies are also

priced in commodity markets. In our view, commodity markets provide

an ideal testing ground to analyze whether anomalies are risk-based or

induced by behavioral biases: commodity markets are largely populated by

institutional investors and there are only small limits to arbitrage. We �nd

that behavioral explanations are most likely for downside beta, idiosyncratic

volatility, and MAX. On the other hand, it is highly likely that �rational�

explanations prevail for jump risk, momentum, and volatility-of-volatility.
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E Appendix

In this section, we provide additional material for Chapter 6: �The

Economic Sources of Return Anomalies: Evidence from Commodity Futures

Markets�.

E.1 Factors

Commodity Long-only Factor (Bakshi et al., 2017, �EW �) is the excess

return of an equally-weighted monthly rebalanced portfolio that goes long

all available commodity futures.

Commodity Term Structure Factor (Bakshi et al., 2017, �TS�) is

the excess return of a long�short monthly rebalanced fully-collateralized

portfolio sorted by the average past 12-months' roll yield. The roll yield

for each commodity is de�ned as the daily di�erence in the log prices of

the �rst-nearby (referred to as �spot� in Section 6.2.1) and second-nearest

futures contract.

Commodity Momentum Factor (Bakshi et al., 2017, �MOM �) is

the excess return of a long�short monthly rebalanced fully-collateralized

portfolio sorted by the average 12-months' past performance.

Commodity Hedging Pressure Factor (Basu & Mi�re, 2013, �HP �) is

the excess return of a monthly rebalanced fully-collateralized portfolio that

buys (sells) the commodities with the lowest (highest) hedgers' hedging

pressure and highest (lowest) speculators' hedging pressure. In doing so, we

�rst split the average hedging pressure of hedgers over the past 12 months

into two equal parts. We then sort according to the average 12-months'
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past hedging pressure of speculators and buy (sell) the 30 % of the lowest

(highest) hedging pressure of hedgers for which speculators have the highest

(lowest) hedging pressure.

Equity Market Factor (Fama & French, 1996, �MRP �) is the excess

return on the market, using value-weighted returns from all �rms in CRSP.

Equity Size Factor (Fama & French, 1996, �SMB�) is the return di�erence

between a portfolio of small and large stocks (�Small minus Big�).

Equity Value Factor (Fama & French, 1996, �HML�) is the return

di�erence between a portfolio of high and low book-to-market stocks (�High

minus Low�).

Equity Momentum Factor (Carhart, 1997, �UMD�) is the return

di�erence between a portfolio of stocks sorted by the past performance from

month t = −12 to t = −2 (�Up minus Down�).

Equity Pro�tability Factor (Fama & French, 2015, �RMW �) is the

return di�erence between a portfolio of robust and weak pro�tability stocks

(�Robust minus Weak�).

Equity Investment Factor (Fama & French, 2015, �CMA�) is the return

di�erence between a portfolio of conservative and aggressive investment

stocks (�Conservative minus Aggressive�).
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E.2 Characteristics

Aggregate Volatility (VIX) (Ang et al., 2006b, �AggV olV IX�) is the

coe�cient β∆V IX
i,t in the regression ri,d = αi,t + βMi,t (rM,d − rf,d) +

β∆V IX
i,t ∆V IXd + εi,d, where ri,d is the daily excess return on commodity

i over the period d = 1, ..., D, where D is the number of daily return

observations, using daily data during the previous 12 months, and t indicates

rebalancing days (month-ends). rM,d−rf,d is the stock market excess return,

and ∆V IX is the daily innovation (simple �rst di�erence) in the Volatility

Index (V IX), which is provided by the Chicago Board Options Exchange

(CBOE).

Aggregate Volatility (Cremers et al., 2015, �AggV ol�) is the coe�cient

βV OLi,t in the regression ri,d = αi,t+β
M
i,t (rM,d−rf,d)+βV OLi,t V OLd+εi,d, where

V OL is the volatility factor of Cremers et al. (2015), using daily data during

the previous 12 months. All other variables are as previously de�ned.

Aggregate Jump (Cremers et al., 2015, �AggJump�) is the coe�cient

βJUMP
i,t in the regression ri,d = αi,t +βMi,t (rM,d− rf,d) +βJUMP

i,t JUMPd + εi,d,

where JUMP is the jump factor of Cremers et al. (2015), using daily data

during the previous 12 months. All other variables are as previously de�ned.

Co-Skewness (Harvey & Siddique, 2000, �CoSkew�) and Co-Kurtosis

(Dittmar, 2002, �CoKurt�) are the coe�cients βCSi,t and βCKi,t in the

regression ri,d = αi,t + βMi,t (rM,d − rf,d) + βCSi,t (rM,d − rf,d)
2 + βCKi,t (rM,d −

rf,d)
3 + εi,d, including the stock market risk premium, the squared and the

cubed stock market risk premia, using daily data during the previous 12

months. All variables are as previously de�ned.

Downside Beta (Ang et al., 2006a, �DownBeta�) is the coe�cient βDowni,t
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in the regression ri,d = αi,t + βDowni,t (rM,d − rf,d) + εi,d. All variables are

as previously de�ned. The regression is estimated using daily commodity

excess returns only when the market excess return is below the average

daily market excess return during the previous 12 months.

Historical Variance (Amaya et al., 2015; Fernandez-Perez et al., 2018,

�HistV ar�) is the monthly variance, de�ned as V arhisti,t = σ2
i,t =

1
D−1

∑D
d=1(ri,d − µi,t)2, with µi,t = 1

D

∑D
d=1 ri,d, using daily data during the

previous 12 months. All other variables are as previously de�ned.

.... Historical Skewness (Amaya et al., 2015; Fernandez-Perez et al., 2018,

�HistSkew�) is the monthly skewness, de�ned as Skewhisti,t = [ 1
D

∑D
d=1(ri,d−

µi,t)
3]/σ3

i,t, with µi,t = 1
D

∑D
d=1 ri,d, and σi,t =

√
σ2
i,t, using daily data during

the previous 12 months. All other variables are as previously de�ned.

Historical Kurtosis (Amaya et al., 2015; Fernandez-Perez et al., 2018,

�HistKurt�) is the monthly kurtosis, de�ned as Kurthisti,t = [ 1
D

∑D
d=1(ri,d −

µi,t)
4]/σ4

i,t, using daily data during the previous 12 months. All other

variables are as previously de�ned.

Idiosyncratic Volatility (FF3) (Ang et al., 2006b; Ang et al., 2009,

�IdioV olFF3�) is the standard deviation of the residuals εi,d using the Fama

& French (1993) 3-factor model ri,d = αi,t+βMi,t (rM,d−rf,d)+βSMB
i,t SMBd+

βHML
i,t HMLd + εi,d, where SMB and HML are the size and value factors

of Fama & French (1996), using daily data during the previous 12 months.

All other variables are as previously de�ned.

.... Idiosyncratic Volatility (BGR) (Ang et al., 2006b; Ang et al., 2009,

�IdioV olBGR�) is the standard deviation of the residuals εi,d using the

BGR model of Bakshi et al. (2017) ri,d = αi,t + βEWi,t EWd + βTSi,t TSd +
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βMOM
i,t MOMd + εi,d, where EW , TS, and MOM are the long-only, term

structure, and momentum factors of Bakshi et al. (2017), using daily data

during the previous 12 months. All other variables are as previously de�ned.

Illiquidity (Amihud, 2002; Fernandez-Perez et al., 2018, �ILLIQ�) is the

ratio of the daily absolute commodity futures excess return to the daily

dollar trading volume, averaged over the recent 12 months.

Momentum (Jegadeesh & Titman, 1993; Fernandez-Perez et al., 2018,

�Momchar�) is the average commodity futures excess return over the past

12 months.

3-year Reversal (De Bondt & Thaler, 1985, �3Y Reversal�) is the average

commodity futures excess return over the past 36 months.

5-year Reversal (De Bondt & Thaler, 1985, �5Y Reversal�) is the average

commodity futures excess return over the past 60 months.

Risk-Neutral Variance (Bakshi et al., 2003, �RNV ar�), Risk-Neutral

Skewness (Bakshi et al., 2003, �RNSkew�), and Risk-Neutral Excess

Kurtosis (Bakshi et al., 2003, �RNExKurt�) are de�ned as

RNV ari,t =
erτV − µ2

τ
, (E.1)

RNSkewi,t =
erτW − 3µerτV + 2µ3

[erτV − µ2]3/2
, (E.2)

RNExKurti,t =
erτX − 4µerτW + 6erτµ2V − 3µ4

[erτV − µ2]2
− 3, (E.3)
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where V , W , X, and µ are computed as

V =

∫ S

K=0

2(1 + log[ SK ])

K2
P (K)dK

+

∫ ∞
K=S

2(1− log[KS ])

K2
C(K)dK, (E.4)

W =

∫ ∞
K=S

6 log[KS ]− 3(log[KS ])2

K2
C(K)dK

−
∫ S

K=0

6 log[ SK ] + 3(log[ SK ])2

K2
P (K)dK, (E.5)

X =

∫ ∞
K=S

12(log[KS ])2 + 4(log[KS ])3

K2
C(K)dK

+

∫ S

K=0

12(log[ SK ])2 + 4(log[ SK ])3

K2
P (K)dK, (E.6)

µ = erτ − 1− erτ

2
V − erτ

6
W − erτ

24
X. (E.7)

r is the continuously compounded (annualized) interest rate for the period

from t to t + τ , where τ indicates the time to maturity of each option. We

express τ as a fraction of a year.39 Further, K and S denote the strike and

spot prices, respectively, where C(K) and P (K) represent the call and put

prices at strike price K, respectively.40 In the next step, we compute the

corresponding option prices, using the Black & Scholes (1973) option pricing

model. Finally, we use a trapezoidal algorithm to approximate the integrals

V , W , and X and thus we obtain the (annualized) risk-neutral measures

with corresponding maturity. For our analysis, we linearly interpolate
39We follow the literature and use the Ivy curve from OptionMetrics to proxy for the

interest rate.
40We focus on out-of-the-money (OTM) option prices. To obtain a wide range of

option prices, we follow Chang et al. (2012) and compute a grid of 1,000 equidistant
interpolated moneyness levels, i.e., K/S, ranging from 0.3% to 300%. Subsequently,
for each available moneyness level, we interpolate the implied volatility using a spline
interpolation method. For moneyness levels outside of the moneyness range observed in
the market, we simply use a nearest neighborhood algorithm to extrapolate the implied
volatilities (Jiang & Tian, 2005). In practice, this means that if a moneyness level is lower
(higher) than the lowest (highest) moneyness level available in the market, we simply use
the implied volatility corresponding to the lowest (highest) level of moneyness available
in the market.
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the measures to obtain risk-neutral measures with maturity 91 days (3

months).41

MAXMeasure (Bali et al., 2011, �MAX�) is the average of the �ve largest

daily commodity futures excess returns during the past 12 months.

Value (Asness et al., 2013; Fernandez-Perez et al., 2018, �V alue�) is the

ratio of the log of the average daily futures prices from 4.5 to 5.5 years ago

to the current log futures price, using the �rst-nearby commodity futures

contract.

Volatility-of-Volatility (Baltussen et al., 2018, �V oV �) is computed as

V oVi,t =

√
1

252

∑t
d=t−251(σivi,d − σ̄ivi,t)2

σ̄ivi,t
, (E.8)

where σivi,d is the daily implied volatility of commodity i, and σ̄ivi,t denotes

the average implied volatility over the past 12 months. We use
√
RNV ari,d

as measure of σivi,d.

41A horizon of 12 months would be more desirable to exclude any seasonal patterns
in commodity volatilities. However, there is only limited data available on commodity
options above 6 months to maturity.
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CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:
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E.2. CHARACTERISTICS
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CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS
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E.2. CHARACTERISTICS
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CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS

T
a
b
le
E
.3
:
R
o
b
u
st
n
e
ss

S
in
g
le
S
o
rt
s
(c
o
n
ti
n
u
e
d
)

R
N
V
a
r

R
N
S
k
ew

R
N
E
x
K
u
rt

P
o
rt
fo
li
o

P
2
−

P
1

P
3
−

P
1

P
4
−

P
1

P
5
−

P
1

P
2
−

P
1

P
3
−

P
1

P
4
−

P
1

P
5
−

P
1

P
2
−

P
1

P
3
−

P
1

P
4
−

P
1

P
5
−

P
1

F
u
ll
S
a
m
p
le
P
er
io
d

M
ea
n
re
tu
rn

−
0.

01
63

−
0.

01
54

−
0
.0

20
1

−
0.

0
56

5∗
∗

−
0.

0
06

4
0
.0

00
3

0
.0

06
7

−
0.

01
93

−
0.

00
04

0
.0

03
1

0
.0

12
2

0
.0

17
9

(0
.0

11
3)

(0
.0

13
6)

(0
.0

18
7
)

(0
.0

2
2
9)

(0
.0

1
4
3)

(0
.0

15
4)

(0
.0

16
7
)

(0
.0

22
6)

(0
.0

14
2)

(0
.0

17
1)

(0
.0

18
5)

(0
.0

27
6)

5
-f
a
ct
o
r
a
lp
h
a

−
0.

01
45

−
0.

01
29

−
0
.0

21
3

−
0.

0
61

5∗
∗

−
0.

0
16

4
−

0.
00

6
7

−
0.

00
17

−
0.

01
80

−
0.

00
52

−
0
.0

02
3

0
.0

11
8

0
.0

18
8

(0
.0

12
3)

(0
.0

14
2)

(0
.0

19
7
)

(0
.0

2
4
7)

(0
.0

1
5
4)

(0
.0

16
4)

(0
.0

18
1
)

(0
.0

25
2)

(0
.0

14
6)

(0
.0

17
9)

(0
.0

20
1)

(0
.0

29
4)

B
G
R
a
lp
h
a

−
0
.0

31
5∗

∗∗
−

0.
03

62
∗∗

∗
−

0
.0

46
2
∗∗

∗
−

0.
08

41
∗∗

∗
−

0.
0
05

4
0
.0

04
5

0
.0

09
6

−
0.

01
41

0
.0

09
2

0
.0

15
3

0
.0

26
1

0
.0

29
6

(0
.0

11
1)

(0
.0

13
1)

(0
.0

17
6
)

(0
.0

2
0
8)

(0
.0

1
3
8)

(0
.0

15
9)

(0
.0

16
4
)

(0
.0

22
0)

(0
.0

14
2)

(0
.0

16
0)

(0
.0

16
9)

(0
.0

25
5)

S
a
m
p
le
P
er
io
d
:
0
8
.1
9
5
9
�
0
2
.1
9
8
6

M
ea
n
re
tu
rn

5
-f
a
ct
o
r
a
lp
h
a

B
G
R
a
lp
h
a

S
a
m
p
le
P
er
io
d
:
0
3
.1
9
8
6
�
1
1
.2
0
0
0

M
ea
n
re
tu
rn

−
0.

01
46

−
0.

01
33

0
.0

0
99

0
.0

0
3
6

−
0.

0
28

1
−

0.
02

3
9

−
0.

00
46

−
0.

08
84

∗∗
∗

−
0.

03
07

−
0
.0

36
6

−
0.

02
46

−
0
.0

6
27

(0
.0

14
0)

(0
.0

18
0)

(0
.0

23
0)

(0
.0

2
7
4)

(0
.0

1
9
6)

(0
.0

22
4)

(0
.0

24
5
)

(0
.0

31
4)

(0
.0

20
7)

(0
.0

26
3)

(0
.0

26
5)

(0
.0

50
9)

5
-f
a
ct
o
r
a
lp
h
a

−
0.

00
82

−
0.

00
48

0
.0

04
5

0
.0

1
92

−
0.

03
6
7∗

−
0.

02
85

−
0.

0
14

8
−

0.
09

36
∗∗

∗
−

0.
0
37

5
∗

−
0
.0

40
7∗

−
0.

01
45

−
0
.0

4
59

(0
.0

16
5)

(0
.0

19
6)

(0
.0

25
0)

(0
.0

3
0
9)

(0
.0

2
1
1)

(0
.0

21
2)

(0
.0

26
4
)

(0
.0

29
7)

(0
.0

20
7)

(0
.0

24
2)

(0
.0

25
2)

(0
.0

46
5)

B
G
R
a
lp
h
a

−
0.

02
65

∗∗
−

0.
02

09
−

0
.0

07
7

0
.0

0
17

−
0.

0
22

9
−

0.
01

4
2

−
0.

00
06

−
0.

06
03

∗
−

0.
01

65
−

0
.0

09
0

0
.0

12
7

−
0
.0

1
79

(0
.0

13
4)

(0
.0

16
6)

(0
.0

22
6)

(0
.0

3
7
2)

(0
.0

1
8
1)

(0
.0

19
2)

(0
.0

18
6
)

(0
.0

30
3)

(0
.0

20
7)

(0
.0

23
1)

(0
.0

23
8)

(0
.0

38
5)

S
a
m
p
le
P
er
io
d
:
1
2
.2
0
0
0
�
1
2
.2
0
1
5

M
ea
n
re
tu
rn

−
0.

01
76

−
0.

01
71

−
0
.0

42
4

−
0.

0
77

8∗
∗∗

0.
01

0
4

0
.0

19
2

0
.0

15
1

0
.0

05
2

0
.0

23
1

0
.0

34
0

0
.0

39
7

0
.0

46
4

(0
.0

16
8)

(0
.0

19
8)

(0
.0

26
5
)

(0
.0

2
8
1)

(0
.0

1
9
1)

(0
.0

20
0)

(0
.0

22
2
)

(0
.0

26
4)

(0
.0

17
8)

(0
.0

21
0)

(0
.0

24
5)

(0
.0

31
8)

5
-f
a
ct
o
r
a
lp
h
a

−
0.

01
95

−
0.

02
19

−
0
.0

47
3∗

−
0.

0
91

2∗
∗∗

0.
00

3
5

0
.0

16
5

0
.0

09
2

0
.0

04
7

0
.0

19
9

0
.0

27
0

0
.0

35
7

0
.0

39
5

(0
.0

18
2)

(0
.0

21
0)

(0
.0

27
7
)

(0
.0

2
9
7)

(0
.0

2
1
0)

(0
.0

22
0)

(0
.0

24
2
)

(0
.0

29
9)

(0
.0

18
4)

(0
.0

23
1)

(0
.0

27
3)

(0
.0

33
7)

B
G
R
a
lp
h
a

−
0.

03
48

∗∗
−

0.
04

38
∗∗

−
0
.0

71
8
∗∗

∗
−

0.
1
09

3∗
∗∗

0.
01

1
7

0
.0

23
7

0
.0

20
5

0
.0

09
3

0
.0

28
8

0
.0

37
1∗

0
.0

40
8
∗

0.
04

85
(0
.0

16
6)

(0
.0

18
8)

(0
.0

2
37

)
(0
.0

2
2
7)

(0
.0

1
8
0)

(0
.0

20
8)

(0
.0

22
9
)

(0
.0

25
8)

(0
.0

18
5)

(0
.0

21
2)

(0
.0

24
2)

(0
.0

31
7)

352



E.2. CHARACTERISTICS

T
a
b
le
E
.3
:
R
o
b
u
st
n
e
ss

S
in
g
le
S
o
rt
s
(c
o
n
ti
n
u
e
d
)

M
A
X

V
a
lu
e

V
oV

P
o
rt
fo
li
o

P
2
−

P
1

P
3
−

P
1

P
4
−

P
1

P
5
−

P
1

P
2
−

P
1

P
3
−

P
1

P
4
−

P
1

P
5
−

P
1

P
2
−

P
1

P
3
−

P
1

P
4
−

P
1

P
5
−

P
1

F
u
ll
S
a
m
p
le
P
er
io
d

M
ea
n
re
tu
rn

−
0.

00
34

−
0
.0

01
3

0
.0

0
51

0
.0

00
5

0.
00

3
8

0
.0

0
44

0
.0

15
1

−
0.

01
00

−
0
.0

1
97

∗
−

0.
02

72
∗∗

−
0
.0

25
2∗

−
0.

03
05

∗

(0
.0

10
1)

(0
.0

13
0)

(0
.0

1
57

)
(0
.0

17
5
)

(0
.0

1
07

)
(0
.0

14
0)

(0
.0

16
7
)

(0
.0

20
7)

(0
.0

10
9)

(0
.0

12
1)

(0
.0

13
7
)

(0
.0

16
7
)

5
-f
a
ct
o
r
a
lp
h
a

−
0.

00
91

−
0
.0

05
8

0
.0

0
38

−
0
.0

0
53

0.
00

4
0

0
.0

0
35

0
.0

17
3

−
0.

00
85

−
0
.0

2
85

∗∗
−

0.
0
33

3∗
∗

−
0
.0

27
3∗

−
0.

03
89

∗∗

(0
.0

10
8)

(0
.0

13
6)

(0
.0

1
69

)
(0
.0

18
5
)

(0
.0

1
09

)
(0
.0

14
3)

(0
.0

17
5
)

(0
.0

21
9)

(0
.0

11
9)

(0
.0

13
0)

(0
.0

14
9
)

(0
.0

18
1
)

B
G
R
a
lp
h
a

−
0.

01
38

−
0
.0

13
4

−
0.

00
5
3

−
0
.0

1
18

0.
0
34

8∗
∗∗

0.
04

9
6
∗∗

∗
0
.0

6
65

∗∗
∗

0.
0
55

3∗
∗∗

−
0
.0

2
22

∗∗
−

0.
03

14
∗∗

∗
−

0
.0

3
13

∗∗
−

0.
03

62
∗∗

(0
.0

08
9)

(0
.0

11
7)

(0
.0

1
50

)
(0
.0

15
8
)

(0
.0

0
92

)
(0
.0

12
1)

(0
.0

14
5
)

(0
.0

16
7)

(0
.0

10
2)

(0
.0

11
9)

(0
.0

14
1
)

(0
.0

16
8
)

S
a
m
p
le
P
er
io
d
:
0
8
.1
9
5
9
�
0
2
.1
9
8
6

M
ea
n
re
tu
rn

0
.0

02
0

0
.0

07
8

0
.0

17
0

0
.0

0
68

0.
01

4
7

0
.0

1
62

0
.0

38
3

−
0.

03
08

(0
.0

17
9)

(0
.0

23
2)

(0
.0

29
0)

(0
.0

3
46

)
(0
.0

2
06

)
(0
.0

27
1)

(0
.0

32
0
)

(0
.0

53
3)

5
-f
a
ct
o
r
a
lp
h
a

0
.0

09
3

0
.0

16
9

0
.0

37
3

0
.0

3
00

0.
00

7
4

0
.0

0
55

0
.0

41
6

−
0.

04
22

(0
.0

17
4)

(0
.0

23
6)

(0
.0

28
1)

(0
.0

3
72

)
(0
.0

2
04

)
(0
.0

28
5)

(0
.0

35
3
)

(0
.0

51
1)

B
G
R
a
lp
h
a

−
0.

01
65

−
0
.0

13
1

0
.0

0
05

−
0
.0

0
93

0.
0
55

5∗
∗∗

0.
07

5
6
∗∗

∗
0
.1

0
65

∗∗
∗

0.
05

4
3

(0
.0

14
6)

(0
.0

19
4)

(0
.0

26
0)

(0
.0

2
59

)
(0
.0

1
58

)
(0
.0

21
7)

(0
.0

25
4
)

(0
.0

33
0)

S
a
m
p
le
P
er
io
d
:
0
3
.1
9
8
6
�
1
1
.2
0
0
0

M
ea
n
re
tu
rn

0
.0

12
6

0
.0

23
6

0.
04

7
3
∗∗

0.
05

13
∗∗

−
0
.0

02
4

−
0.

01
14

−
0.

01
39

−
0
.0

07
8

−
0
.0

02
0

−
0.

02
00

−
0
.0

23
6

−
0.

03
5
7

(0
.0

16
2)

(0
.0

20
4)

(0
.0

2
29

)
(0
.0

25
3
)

(0
.0

1
49

)
(0
.0

17
9)

(0
.0

24
3
)

(0
.0

26
9)

(0
.0

13
8)

(0
.0

17
7)

(0
.0

19
4
)

(0
.0

26
8
)

5
-f
a
ct
o
r
a
lp
h
a

0
.0

16
2

0
.0

26
7

0
.0

48
6∗

0.
0
53

9∗
0.

00
9
7

0
.0

0
15

0
.0

02
1

0
.0

07
0

−
0
.0

01
2

−
0.

01
78

−
0
.0

20
5

−
0.

03
5
2

(0
.0

18
9)

(0
.0

22
8)

(0
.0

2
82

)
(0
.0

29
6
)

(0
.0

1
54

)
(0
.0

17
0)

(0
.0

23
3
)

(0
.0

26
9)

(0
.0

14
8)

(0
.0

21
2)

(0
.0

22
6
)

(0
.0

36
6
)

B
G
R
a
lp
h
a

0
.0

03
7

0
.0

07
8

0
.0

25
5

0
.0

2
57

0.
01

6
3

0
.0

2
20

0
.0

20
4

0
.0

41
2

−
0
.0

06
5

−
0.

02
82

−
0
.0

37
6∗

−
0.

04
9
5

(0
.0

13
4)

(0
.0

19
5)

(0
.0

2
44

)
(0
.0

27
3
)

(0
.0

1
33

)
(0
.0

17
2)

(0
.0

23
2
)

(0
.0

28
1)

(0
.0

14
2)

(0
.0

18
9)

(0
.0

21
8
)

(0
.0

31
5
)

S
a
m
p
le
P
er
io
d
:
1
2
.2
0
0
0
�
1
2
.2
0
1
5

M
ea
n
re
tu
rn

−
0.

02
83

∗∗
−

0
.0

41
1∗

∗∗
−

0.
05

32
∗∗

∗
−

0
.0

56
3∗

∗
−

0
.0

05
3

0
.0

03
4

0
.0

17
3

0
.0

04
7

−
0
.0

3
31

∗∗
−

0.
03

2
7∗

−
0
.0

2
65

−
0.

02
8
1

(0
.0

13
2)

(0
.0

15
7)

(0
.0

1
99

)
(0
.0

24
3
)

(0
.0

1
56

)
(0
.0

21
9)

(0
.0

27
6
)

(0
.0

26
8)

(0
.0

15
9)

(0
.0

16
7)

(0
.0

19
4
)

(0
.0

20
7
)

5
-f
a
ct
o
r
a
lp
h
a
−

0.
03

12
∗∗

−
0
.0

43
8∗

∗∗
−

0.
0
53

4∗
∗
−

0
.0

5
8
6∗

∗
0.

00
1
7

0
.0

0
77

0
.0

24
1

0
.0

12
5

−
0
.0

45
8
∗∗

∗
−

0.
03

83
∗∗

−
0
.0

26
1

−
0.

0
36

5∗

(0
.0

14
0)

(0
.0

16
6)

(0
.0

2
28

)
(0
.0

25
7
)

(0
.0

1
59

)
(0
.0

22
5)

(0
.0

28
7
)

(0
.0

27
7)

(0
.0

16
9)

(0
.0

16
9)

(0
.0

20
1
)

(0
.0

21
8
)

B
G
R
a
lp
h
a

−
0.

03
10

∗∗
−

0
.0

42
6∗

∗∗
−

0.
0
53

0∗
∗
−

0
.0

6
0
1∗

∗
0.

01
7
2

0.
0
34

5
∗∗

0
.0

56
9∗

∗
0.

04
69

∗∗
−

0
.0

39
3
∗∗

∗
−

0.
03

77
∗∗

−
0
.0

31
2∗

−
0.

03
37

∗

(0
.0

12
7)

(0
.0

15
5)

(0
.0

2
06

)
(0
.0

23
8
)

(0
.0

1
37

)
(0
.0

17
3)

(0
.0

22
9
)

(0
.0

23
2)

(0
.0

13
7)

(0
.0

14
9)

(0
.0

18
3
)

(0
.0

19
7
)

353



CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS
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E.2. CHARACTERISTICS
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CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS
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E.2. CHARACTERISTICS
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CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS
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E.2. CHARACTERISTICS
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CHAPTER 6. THE ECONOMIC SOURCES OF RETURN ANOMALIES:

EVIDENCE FROM COMMODITY FUTURES MARKETS

T
a
b
le
E
.1
0
:
P
o
rt
fo
li
o
S
o
rt
s:
M
A
X
,
V
a
lu
e
,
a
n
d
V
o
V
C
h
a
ra
ct
e
ri
st
ic
s
�
A
n
n
u
a
l
H
o
ri
zo
n

T
h
is
ta
bl
e
re
po
rt
s
th
e
re
su
lt
s
o
f
po
rt
fo
li
o
so
rt
s
a
cc
o
rd
in
g
to

se
ve
ra
l
ch
a
ra
ct
er
is
ti
cs
.
A
t
th
e
en
d
o
f
ea
ch

m
o
n
th
,
w
e
so
rt
th
e
co
m
m
od
it
ie
s

in
to

3
po
rt
fo
li
o
s
a
cc
o
rd
in
g
to

th
e
ch
a
ra
ct
er
is
ti
c
in
d
ic
a
te
d
in

th
e
�
rs
t
ro
w
.
P
o
rt
fo
li
o
P
1
(P
3
)
co
n
ta
in
s
th
e
co
m
m
od
it
ie
s
w
it
h
th
e
lo
w
es
t

(h
ig
h
es
t)

m
a
gn
it
u
d
e
o
f
th
e
ch
a
ra
ct
er
is
ti
c.

P
o
rt
fo
li
o
P
3
�
P
1
is

re
fe
rr
ed

to
a
s
th
e
h
ed
ge

po
rt
fo
li
o
a
n
d
is

d
e�
n
ed

a
s
th
e
a
n
n
u
a
l
ex
ce
ss

re
tu
rn

o
f
a
m
o
n
th
ly

re
ba
la
n
ce
d
fu
ll
y-
co
ll
a
te
ra
li
ze
d
po
rt
fo
li
o
th
a
t
si
m
u
lt
a
n
eo
u
sl
y
go
es

sh
o
rt

(l
o
n
g)

po
rt
fo
li
o
P
1
(P
3
).

�M
ea
n
re
tu
rn
�

d
en
o
te
s
th
e
a
n
n
u
a
li
ze
d
a
ve
ra
ge

ex
ce
ss

re
tu
rn

o
n
th
e
re
sp
ec
ti
ve

po
rt
fo
li
o
.
W
e
re
po
rt

th
e
(a
n
n
u
a
li
ze
d
)
a
lp
h
a
es
ti
m
a
te
s
ba
se
d
o
n
th
e

C
A
P
M
,
th
e
F
a
m
a
&

F
re
n
ch

(1
9
9
3
)
3
-f
a
ct
o
r
m
od
el
,
th
e
C
a
rh
a
rt

(1
9
9
7
)
4
-f
a
ct
o
r
m
od
el
,
th
e
F
a
m
a
&

F
re
n
ch

(2
0
1
5
)
5
-f
a
ct
o
r
m
od
el
,

th
e
B
G
R
m
od
el
su
gg
es
te
d
by

B
a
ks
h
i
et

a
l.
(2
0
1
7
),
a
n
d
th
e
F
F
F
M

m
od
el
su
gg
es
te
d
by

F
er
n
a
n
d
ez
-P
er
ez

et
a
l.
(2
0
1
8
).
In

pa
re
n
th
es
es

w
e
p
re
se
n
t
ro
bu
st

N
ew

ey
&

W
es
t
(1
9
8
7
)
st
a
n
d
a
rd

er
ro
rs

u
si
n
g
1
2
la
gs
.

∗ ,
∗∗
,
a
n
d

∗∗
∗
in
d
ic
a
te

si
gn
i�
ca
n
ce

a
t
th
e
1
0
%
,
5
%
,
a
n
d

1
%

le
ve
l,
re
sp
ec
ti
ve
ly
.

M
A
X

V
a
lu
e

V
oV

P
1

P
2

P
3

P
3
−

P
1

P
1

P
2

P
3

P
3
−

P
1

P
1

P
2

P
3

P
3
−

P
1

M
ea
n
re
tu
rn

0.
06

66
0.

04
51

0.
07

7
3

0.
00

5
4

0
.0

6
54

0.
0
56

0
0
.0

7
77

∗
0.

00
61

0
.0

24
7

0.
01

86
−

0
.0

19
0

−
0.

02
18

∗

(0
.0

46
9)

(0
.0

31
8)

(0
.0

57
3)

(0
.0

2
6
3)

(0
.0

61
5)

(0
.0

4
11

)
(0
.0

4
03

)
(0
.0

17
5)

(0
.0

42
1)

(0
.0

28
5)

(0
.0

31
9)

(0
.0

12
7)

C
A
P
M

a
lp
h
a

0.
06

51
0.

04
63

0.
08

0
2

0.
00

7
6

0
.0

8
03

0.
0
59

0
0.

0
80

9
0.

00
03

0
.0

02
2

−
0.

00
06

−
0
.0

44
6

−
0.

02
34

∗

(0
.0

61
8)

(0
.0

41
0)

(0
.0

95
5)

(0
.0

4
2
5)

(0
.0

93
8)

(0
.0

5
83

)
(0
.0

6
05

)
(0
.0

24
5)

(0
.0

51
5)

(0
.0

31
3)

(0
.0

29
7)

(0
.0

12
9)

3
-f
a
ct
o
r
a
lp
h
a

0.
05

93
0.

03
07

0.
06

8
0

0.
00

4
3

0
.0

6
94

0.
0
48

0
0.

0
73

3
0.

00
20

−
0.

00
36

−
0.

00
55

−
0
.0

52
6

−
0.

02
45

∗

(0
.0

61
3)

(0
.0

42
1)

(0
.0

75
3)

(0
.0

3
4
7)

(0
.0

75
0)

(0
.0

4
91

)
(0
.0

5
55

)
(0
.0

21
9)

(0
.0

60
9)

(0
.0

38
7)

(0
.0

33
3)

(0
.0

12
9)

4
-f
a
ct
o
r
a
lp
h
a

0.
05

17
0.

00
86

0.
01

6
0

−
0.

0
17

8
0
.0

1
90

0.
0
28

1
0.

0
56

2
0.

01
86

−
0.

01
97

−
0.

01
17

−
0
.0

56
4∗

−
0.

01
84

(0
.0

55
6)

(0
.0

35
4)

(0
.0

53
6)

(0
.0

2
8
1)

(0
.0

60
2)

(0
.0

3
53

)
(0
.0

4
50

)
(0
.0

18
1)

(0
.0

60
0)

(0
.0

39
1)

(0
.0

34
1)

(0
.0

16
3)

5
-f
a
ct
o
r
a
lp
h
a

0.
08

74
0.

06
44

0.
07

8
7

−
0.

0
04

3
0
.0

9
32

0.
0
74

4
0.

1
00

3
0.

00
35

−
0.

03
35

−
0.

00
94

−
0
.0

60
2

−
0.

01
33

(0
.0

72
9)

(0
.0

51
8)

(0
.0

67
4)

(0
.0

2
8
0)

(0
.0

71
2)

(0
.0

6
63

)
(0
.0

6
41

)
(0
.0

18
6)

(0
.0

63
1)

(0
.0

44
0)

(0
.0

40
5)

(0
.0

16
2)

B
G
R
a
lp
h
a

−
0.

00
73

−
0.

05
51

∗∗
∗
−

0
.0

41
6

−
0.

0
17

2
−

0.
10

4
0
∗∗

∗
−

0.
0
31

5∗
0.

00
13

0.
0
52

7
∗∗

∗
−

0.
01

23
−

0.
03

60
∗∗

∗
−

0
.0

5
32

∗∗
∗
−

0.
02

04
(0
.0

19
7)

(0
.0

11
5)

(0
.0

25
8)

(0
.0

1
8
9)

(0
.0

24
4)

(0
.0

1
79

)
(0
.0

1
59

)
(0
.0

13
9)

(0
.0

29
8)

(0
.0

12
8)

(0
.0

13
3)

(0
.0

13
4)

F
F
F
M

a
lp
h
a

−
0.

01
00

−
0.

04
61

∗∗
∗
−

0
.0

42
8

−
0.

0
16

4
−

0.
08

2
4
∗∗

∗
−

0.
00

95
−

0
.0

16
1

0.
0
33

2
∗∗

∗
−

0.
00

95
−

0.
03

32
∗∗

−
0.

05
24

∗∗
∗
−

0.
02

14
∗

(0
.0

17
3)

(0
.0

14
7)

(0
.0

26
0)

(0
.0

1
2
4)

(0
.0

22
0)

(0
.0

1
64

)
(0
.0

1
92

)
(0
.0

12
7)

(0
.0

25
0)

(0
.0

13
2)

(0
.0

13
9)

(0
.0

12
4)

360





Chapter 7

Conclusion and Further

Research

7.1 Summary and Conclusion

This thesis studies the predictability of stock and commodity returns.

It also examines the sources of return anomalies in �nancial markets.

Overall, we �nd evidence for a notable degree of return predictability in

both stock and commodity markets. Moreover, by analyzing commodity

futures markets, we are able to show that speci�c capital market anomalies

are behaviorally caused, whereas others have a risk-based explanation.

In Chapter 2, we show that return predictability is a phenomenon

that exists world-wide. Using price ratios, interest-related variables, and

economic indicators, respectively, investors can realize substantial utility

gains. We also demonstrate that investors can use simple techniques as

forecast combinations to exploit information contained in various variables.

We then examine the predictive power of forward looking variables.
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7.1. SUMMARY AND CONCLUSION

In Chapter 3, we provide evidence for return and variance predictability

using option-implied information. Using the correlation risk premium and

the variance risk premium, investors are able to predict the future return

and the variance of the S&P 500, and thus gain sizable economic pro�ts.

Based on the �ndings in Chapters 2 and 3, investors are able to improve

their portfolio choices and to set up pro�table timing strategies. In the

most developed countries, they can use not only historical measures but

also forward looking information for portfolio selection.

We extend the analysis to commodity spot markets to identify economic

linkages between macroeconomic variables and commodity excess returns

and volatilities. Overall, Chapter 4 provides evidence for return and

volatility predictability in commodity spot markets. That means that

producers may predict to some extent future price developments of physical

commodities and use that information for future purchases and sales,

respectively. They also can use the predicted information for hedging

purposes. On the other hand, consumers may also exploit the information

for future purchases.

In Chapter 5, we provide evidence that metal futures returns are

signi�cantly predictable based on historical measures. So, investors can also

set up pro�table trading strategies in commodity markets and obtain sizable

utility gains up to 2.18 % p.a. in the case of gold. In doing so, investors are

well advised when using gold in particular for their tactical asset allocations,

especially since gold might be considered as hedge possibility and as safe

heaven.

Finally, in Chapter 6 we use commodity futures markets to identify

the sources of capital market anomalies. We �nd that downside beta,

idiosyncratic volatility, and MAX are likely behaviorally caused, whereas

jump risk, momentum, and volatility-of-volatility can be explained as

risk-based. Our �ndings can help us to understand what are the driving
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CHAPTER 7. CONCLUSION AND FURTHER RESEARCH

factors of stock prices. Further implications may be to understand the under-

and overreaction of (retail) investors in crises.

7.2 Suggestions for Further Research

Interesting topics for future research may arise in particular by

analyzing the predictability of commodity returns using components of

option-implied measures that re�ect speci�c attitudes of investors. New

insights can also be gained by examining the impact of commodity markets

on equity markets. Finally, making use of recent developments in the

literature, we can use newly developed indicators that claim to re�ect, e.g.,

stages of the economy.

First, a well known fact in the existing literature is that asset return

variance is time-varying and that investors insure themselves against

variance risk by paying an additional premium, i.e., the variance risk

premium (e.g., Bakshi & Kapadia, 2003; Carr & Wu, 2008). The percentage

shares of the di�usion and the jump component of the total variance risk

premium vary over time, and thus, may a�ect the predictability of returns

at di�erent horizons. Moreover, the jump component in particular may

re�ect investors' fear of market crashes (Li & Zinna, 2017). Making use

of recent developments in the literature on option-implied measures, one

could use the level and the slope of the term structure of the total variance

risk premium and of its components to examine the predictive power for

commodity returns. One could also gain insights about business cycle

dependent predictability: in particular, focusing on the jump component,

one could make inferences about the degree of investors' fear over time.

Second, recent studies analyze the connection of commodity markets

with equity markets. Among others, Jacobsen, Marshall, & Visaltanachoti
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7.2. SUGGESTIONS FOR FURTHER RESEARCH

(2018) show that changes in industrial metal prices predict stock returns.

In particular, they provide evidence that a price increase in industrial

metals is considered to be good (bad) news for equity markets in recessions

(expansions).

One could extend the analysis in various dimensions. In the �rst step, it

is not obvious why only industrial metals should systematically a�ect equity

markets. In doing so, one could examine the impact and the predictive

power of agricultural, energy, and non-industrial metal commodities on

stock returns. Here, the central role of WTI oil for the world market has

to be mentioned, to name only one example. Moreover, one could analyze

the impacts using individual commodities rather than a commodity index

and only few metals, respectively. In the second step, one could analyze the

link between both commodity futures and spot prices on equity markets.

Accordingly, one would gain insights about any economic linkages between

stock returns and physical commodities. One could also extend the analysis

using a much longer sample period.

Third, the predictability literature has so far mostly focused on classical

historical variables, among many others, such as the dividend�price ratio,

the term spread, and the default yield spread. The analysis of predictability

is limited due to the fact that each of these variables exhibit only a small

predictive fraction per se. One could make use of recent developments

concerning new indicators that claim to re�ect a comprehensive fraction

of the economy. Among others, the OECD has published composite leading

indicators that claim to detect business cycle turning points six to nine

months in advance. Given this, one would expect predictive power for

stock and commodity returns. In addition, one would expect to gain

new insights about business cycle stage dependent predictability. Further

indicators that could have predictive power for returns, among others,

are the S&P/Case�Shiller Home Price Index, re�ecting the house price
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development in the U.S., and the Economic Policy Uncertainty Index,

capturing the economic uncertainty of policy in a respective country. To

exploit the information incorporated in individual indicators, one could

make use of combination approaches to aggregate the information and

obtain more reliable forecasts.
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